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ABSTRACT

CONDITIONS LEADING TO EXTRINSIC AND INTRINSIC ECOSYSTEM CHANGE

ACROSS LARGE ENSEMBLES OF CLIMATE FUTURES

Natural climate variability and forced change influence ecosystems through the direct impacts

of changing environmental conditions (“extrinsic change”), and by altering internal ecosystem

dynamics (“intrinsic change”). While simulating complex ecosystems and species-level change

remains challenging, Earth system models are often capable of capturing patterns of the regional-

scale climate conditions which lead to ecological change. Investigating these climate conditions

allows models to be leveraged in studying ecosystem change without requiring direct simulation

of ecological processes. In this dissertation, we explore conditions driving extrinsic and intrinsic

ecosystem change in large ensembles of climate futures with external forcings from anthropogenic

warming and stratospheric aerosol injection, a hypothetical method of climate intervention.

In the first project, we use the Community Earth System Model 2 Large Ensemble to describe

how climate variability and change affect Arctic growing season warmth. Using a novel statisti-

cal metric, we find that many simulated Arctic ecoregions have already entered a state in which

the warming trend dominates over internal variability. Storylines of cases where this “crossover”

occurs earlier or later connect these events to coupled climate variability. The second study uses

climate speeds–a metric of the rate of movement of thermal niches–to explore possible ecosystem

impacts from design choices in stratospheric aerosol injection scenarios. We find highly distinct

profiles of ecological risk in two simulations with similar global temperature targets but a 10-year

delay in deployment. In the final study, we explore intrinsic change by using an ecological niche

model to project future changes to habitat suitability for the Gyrfalcon (Falco rusticolus), a large

predatory bird which is a top consumer in the tundra. Climate warming leads to a poleward con-

traction in suitability over the 21st century; a climate intervention scenario with global temperature
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reduction rapidly reverses overall trends but yields distinct regional patterns. Storyline methods

reveal a substantial role for internal variability even under very strong external forcings. This dis-

sertation provides new methods to use climate models to probe extrinsic and intrinsic ecosystem

change, and reveals insights into potential ecological impacts from climate intervention methods.
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Chapter 1

Introduction

Impacts from anthropogenic climate change are well-documented in ecosystems around the

globe, ranging from the Arctic to the Antarctic and from alpine environments to coastal commu-

nities [2–7]. Climate change affects ecosystems through the direct impacts of changing environ-

mental conditions (“extrinsic change” [8], e.g., species shifting poleward to follow their thermal

niches [9–11]) and by altering internal ecosystem dynamics (“intrinsic change” [8], e.g., disruption

to specific species that produce nonlinear impacts on the whole ecosystem [12, 13]). Ecological

risks are expected to worsen in all future scenarios–even those with ambitious mitigation targets–

and are projected to lead to the widespread redistribution and extinction of species [14–19].

The worsening of climate risks and slow pace of international efforts to reduce emissions have

led many scientific organizations to call for research into climate intervention methods to reduce

greenhouse gas concentrations or directly cool the planet [20–23]. Stratospheric aerosol injection

(SAI) is a hypothetical intervention method to emit particles into the upper atmosphere and reflect

away a small portion of incoming sunlight, thereby cooling the planet [20]. SAI is analogous

to natural processes that occur after extreme wildfires and volcanic eruptions [24–26]. Recent

scholarship on climate intervention has contributed to knowledge around topics such as societal

impacts, changes to Earth system dynamics, and scenario design (e.g., [27–36]. However, potential

ecological impacts from climate intervention remain a key knowledge gap [21, 37]. In particular,

there have been no studies of intrinsic ecosystem change or species-level impacts under SAI [37]

In addition to the influence of external forcings such as climate change or climate intervention,

ecosystems are affected by fluctuations from natural climate variability arising from sources in-

cluding the El Niño-Southern Oscillation or Arctic Oscillation [38–40]. Most research projecting

future ecological change attempts to remove climate variability to focus on the forced response,

or neglects the influence of natural variability (e.g., [9, 41–44]. Since contributions from climate
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variability may amplify or oppose the forced response [45–47], better characterizing the range of

outcomes possible with this variability is crucial to projecting future ecosystem impacts.

Earth system models can sample many climate states when run with perturbed initial conditions

to generate an ensemble of simulations [46,47]. Large ensembles allow the estimation of the forced

response to external change and sampling of the range of climate variability [47–49]. Individual

ensemble members can be used to explore plausible cases of future events, a method known as a

“storyline” approach [50–52]. Storylines have proven to be a powerful tool in studying phenomena

where contributions from both the forced response and internal variability are important, such as

anticipating extreme events or social surprises [51, 53, 54]. To our knowledge, however, these

storyline methods have not yet been applied to study ecological impacts.

While prognostic simulation of complex ecosystems and species-level processes remains chal-

lenging, present-generation Earth system models can capture regional patterns of many climate

parameters [55–58]. Existing fieldwork and theoretical studies have linked various environmental

parameters to changes in ecosystems (e.g., [9, 10, 59, 60]). These environmental parameters facili-

tate model analysis into potential ecosystem change without requiring simulation of the ecosystem

itself. This approach is analogous to model-based studies of environmental thermodynamic and

kinematic parameters to explore changes to severe weather without requiring the explicit simula-

tion of convection [61].

In this dissertation, we use output from existing large ensemble climate model simulations to

study conditions leading to extrinsic and intrinsic ecosystem change in future scenarios of cli-

mate change and intervention. We apply storyline methods to explore contributions from internal

variability along with the forced response.

Chapter 2, in concert with Appendix A as supplementary material, is currently in review as:

• Hueholt, D.M., E.A. Barnes, J.W. Hurrell, D. Lombardozzi, & A.L. Morrison. Exploring

the Influence of Internal Climate Variability and Forced Change on Arctic Greening. In

review at One Earth, 2025.

Chapter 3, together with Appendix B as supplementary material, is published as:
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• Hueholt, D.M., E.A. Barnes, J.W. Hurrell, & A.L. Morrison (2024). Speed of environ-

mental change frames relative ecological risk in climate change and climate intervention

scenarios. Nature Communications, 15(1), 3332.

Chapter 4, with Appendix C as supplementary material, is currently in preparation for submis-

sion:

• Hueholt, D.M., E.A. Barnes, J.W. Hurrell, & A.L. Morrison. Potential distribution of a

top Arctic predator under multiple climate futures. To be submitted.

Finally, Chapter 5 summarizes this work and looks ahead to future research directions.
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Chapter 2

Exploring the influence of internal climate variability

and forced change on Arctic greening

See footnote for publication information.1

2.1 Introduction

Warming Arctic temperatures drive both increased productivity in temperature-limited ecosys-

tems and changes in species composition as woody plants advance into ice- and snow- domi-

nated landscapes [62, 63]. This “Arctic greening" has been a prominent feature of Arctic envi-

ronmental change since the late 20th century [62–67], especially because temperatures have risen

faster in the Arctic than the rest of the globe [68, 69]. Extensive evidence spanning field stud-

ies [59, 60, 62, 64, 70–78], satellite measurements [3, 63, 65–68, 76, 77, 79–83], airborne remote

sensing [71, 82, 84, 85], dendrochronology [59, 60, 65, 73–75, 78, 80, 86–90], proxy data [91–93],

experimental tracts [88, 94, 95], and Indigenous knowledge [65, 96] has linked Arctic greening to

temperature anomalies, particularly on timescales of a decade or longer. Growing degree days,

the annual sum of daily temperatures above 5 ◦C, provide an important metric of growing season

warmth and serve to tightly connect observed Arctic ecosystem change to ambient environmental

conditions [59, 60, 73, 97].

The climate state at any given location and time consists of the response to external forcings,

such as anthropogenic climate change, combined with fluctuations from internal climate variabil-

ity [46, 47]. Fluctuations from climate variability affect terrestrial ecosystems on interannual to

decadal timescales, and may amplify or oppose long-term forced trends [38–40]. When local

warming trends exceed internal variability, temperature limitations due to cold no longer restrain

1This work is under review for publication as: Hueholt, D.M., E.A. Barnes, J.W. Hurrell, D. Lombardozzi, & A.L.

Morrison. Exploring the Influence of Internal Climate Variability and Forced Change on Arctic Greening. In review

at One Earth, 2025.
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plant recruitment and greening may be sustained as long as the trend persists [70]. Most prior work

projecting future changes from Arctic greening remove the contribution from internal variability

and consider the forced response to climate change alone [41, 42].

Large ensemble climate model simulations sample many plausible climate states, allowing

quantification of past and future forced change and internal variability [46–48]. While directly sim-

ulating land surface change in Earth system models remains challenging [55,56], models can often

effectively represent regional-scale patterns of climate variables [57, 58]. The well-established

connection between growing degree days and Arctic greening [59,60,73,97] enables model analy-

sis of the climate conditions driving the ecosystem response without requiring direct simulation of

land surface change. This approach is analogous to studies analyzing large-scale drivers of other

climate phenomena that cannot yet be explicitly simulated in models, such as severe weather [61].

We use the Community Earth System Model 2 (CESM2) [57] Large Ensemble (LENS2) [48] to

explore the role of internal climate variability and the forced response to climate change in growing

degree days over the Arctic. We identify that most terrestrial Arctic ecoregions [1] have already

crossed over into a state dominated by the warming trend. We take a storyline approach to connect

cases of earlier and later crossover relative to the ensemble mean to specific forms of coupled

climate variability. Conditions unprecedented in the Preindustrial baseline (“no-analog climate

states") in the same model [57] begin to emerge over the Arctic in the mid-21st century. Finally,

we contextualize model findings with historical observations using a new dataset of growing degree

days derived from the Global Historical Climatology Network (GHCN) [98].

2.2 Results

2.2.1 The forced warming trend is already dominant in most Arctic ecore-

gions

Growing season temperature conditions in most Arctic ecoregions [1] have already experienced

“forced crossover" (Figure 2.1, see Methods for details), which we define as conditions when the

ensemble mean is greater than 80% of samples from the Preindustrial simulation (see Methods).
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Figure 2.1: Forced crossover (ensemble mean >80% of Preindustrial samples) in growing degree days from

the Community Earth System Model 2 Large Ensemble (LENS2) for ecoregions [1] poleward of 50 ◦N.

This illustrates how the warming trend already dominates over internal variability for much of

the Arctic. Similar geographic patterns are seen in the raw data when the output is not aggregated

by ecoregion (Figure S1).

The finding that forced crossover has already occurred in almost all ecoregions demonstrates

how anthropogenic climate change has greatly impacted the coupled Arctic climate-ecological

system in these CESM2 simulations. Central and eastern Canada experience uniform crossover

times in the early 21st century (Figure 2.1), likely due to the flat topography in this region which

produces a relatively homogeneous climate state. The highest-latitude tundra around the Arctic

circle has not yet crossed over as these regions remain too cold (i.e., conditions rarely above 5 ◦C)

for a substantial response in growing degree days.
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Due to the role of internal variability in the real-world ecosystem response [38,40], it is difficult

to directly connect the timing of forced crossover to observed historical land surface and ecosystem

changes. Forced crossover in this model does broadly align with observed state changes in ecosys-

tem composition in regions such as Quebec (early 2000s treeline and shrubline advance [62,74,96])

and the Canadian low Arctic (early 2000s shrubline advance and lichen dieback [82]). Regions

where forced crossover has not yet occurred display increased productivity but not yet a change in

ecosystem composition (e.g., Alaskan coastal tundra [76], Svalbard [77]).

2.2.2 Storylines of plausible crossover events in individual ensemble mem-

bers

The climate states within the ensemble provide a distribution of plausible “member crossovers"

(Figure 2.2a, thin gray lines) in addition to the estimate of “forced crossover" (Figure 2.2a, thick

gray line) for any given location. Member crossover may be earlier or later than forced crossover,

reflecting how internal variability may accelerate or delay when the climate state begins to con-

sistently exceed conditions in the preindustrial simulation due to the forced response. Since the

variability in individual members is greater than in the ensemble mean, we set the threshold to

define member crossover higher (ensemble member exceeding 90% of Preindustrial samples, see

Methods for details) than for forced crossover (ensemble mean exceeding 80% of Preindustrial

samples).

Here, we show the distribution of member and forced crossover times for a point in the Brooks

Range of Alaska (Figure 2.2a, thick gray line). At this location, forced crossover is estimated to

occur in 2022. The 10th to 90th percentile of member crossover times ranges from 2011 to 2037.

The early end of the range of member crossover times is consistent with field observations showing

that the treeline is currently undergoing a rapid expansion which was observed to begin in the early

21st century [75].

From the distribution of member crossovers, we choose storylines corresponding to the 10th

and 90th percentile of simulated crossovers (Figure 2.2a, thick pink and blue lines; Figure 2.2b,c)
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Figure 2.2: Timeseries of exceedance of preindustrial control baseline, showing forced crossover (panel

a, ensemble mean >80% of Preindustrial control samples) and storylines of early (10th percentile; pink

line panel a, shown alone in panel b) and late (90th percentile; blue line panel a, shown alone in panel c)

member crossover (ensemble member >90% of Preindustrial control samples) in growing degree days from

the Community Earth System Model 2 Large Ensemble (LENS2) for a point in the Brooks Range (67.38
◦N, 202.50 ◦E). Thick gray line in panel a denotes the ensemble mean, with pink shading showing the 10th

to 90th percentile of member crossover. Horizontal dashed line shows exceedance threshold for crossover;

vertical solid line shows year when this crossover occurs. Thin horizontal dashed lines visually define other

possible exceedance thresholds.

to illustrate how internal variability may amplify or suppress the expression of the forced response

at this location in the Brooks Range. In the fully-coupled model, these early and late crossover

events can be connected to internal climate variability in other parts of the Earth system. We

identify coherent features in the pattern of sea surface temperature (SST) during the decade leading

to crossover in these storylines (Figure 2.3).

An anomalously warm North Pacific and Beaufort Sea occur in the storyline of early crossover

(Figure 2.3a), with cold anomalies for the same regions in the late crossover case (Figure 2.3b).

These patterns appear consistent with those of Pacific Decadal Variability (PDV) [99]. Composites

of the decades leading up to the earliest (Figure 2.3c) and latest (Figure 2.3d) 20 crossover events

show similar features to those in the individual storylines, indicating that a positive or negative

phase of the PDV may amplify or suppress the rate of terrestrial ecosystem change in this location
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[a] Decade leading to early crossover (2002-2011, member 24) [b] Decade leading to late crossover (2028-2037, member 52)

[e] All decades, highest 20% of growing degree days (n=4,800) [f] All decades, lowest 20% of growing degree days (n=4,800)

[c] Decades leading to earliest 20 crossovers [d] Decades leading to latest 20 crossovers

Figure 2.3: Sea surface temperature anomalies in members from the Community Earth System Model

2 Large Ensemble (LENS2) corresponding to a storyline of early (10th percentile, panel a) and late (90th

percentile, panel b) member crossover; the average of earliest 10 crossovers (panel c) and latest 10 crossovers

(panel d); and the average of the highest (panel c) and lowest (panel d) 20% of growing degree days in each

decade 1850-2100 for a point in the Brooks Range of Alaska (gray dot, 67.38 ◦N, 202.50 ◦E).

in Alaska. The positive SST pattern is stronger in the composite of early crossovers (Figure 2.3c)

than the negative SST anomalies in the composite of late crossovers (Figure 2.3d). This suggests

that positive phases of the PDV may contribute more to advancing the time of crossover than

negative phases contribute to delaying it.

Composites of all 10-year average SST maps associated with the highest and lowest 20% of

growing degree days for this same location show similar PDV-like patterns (Figure 2.3e,f). Posi-

tive and negative PDV-like anomaly structures are associated with locally increased (Figure 2.3e)

and suppressed growing degree days (Figure 2.3f), respectively. The SST anomaly patterns are

stable over time (Video B.1, Video B.2), providing further confidence that these represent a robust

association between SST variability and the environmental conditions driving ecosystem change

in the Arctic.
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Not every geophysical quantity displays consistent patterns associated with enhanced or sup-

pressed growing degree days. For example, similar composites based on sea level pressure as-

sociated with the highest and lowest 20% of growing degree days show no clear anomalies (not

shown). This is consistent with the larger contribution from the ocean than the atmosphere to Earth

system variability on decadal timescales [100].

2.2.3 No-analog crossover begins in the mid-21st century

A location experiences “no-analog crossover" in a given member when it exceeds every sample

in the Preindustrial control. On average, no-analog crossover begins to occur in most ecoregions

in the mid-21st century (Figure 2.4). No-analog conditions are not required for ecosystem change

to occur, since Arctic greening is already widespread [62, 63], but may be associated with the

formation of novel communities and species interactions [101–103].

The spatial pattern (Figure 2.4) of no-analog crossover is broadly similar to the pattern of forced

crossover (Figure 2.1). The primary feature is the latitudinal gradient, with earlier emergence

at lower latitudes and later emergence towards the pole. The earliest emergence of no-analog

conditions is projected in the topographically flat regions of central and eastern Canada. Certain

ecoregions in Greenland and western Scandinavia experience an early-century forced crossover

(Figure 2.1), but a late-century no-analog crossover (Figure 2.4). This may be due to the influence

of the North Atlantic warming hole, where a slowdown in the Atlantic Meridional Overturning

Circulation slows the rate of change for the regional climate over the 21st century in CESM2 [104].

2.2.4 Contextualization of model results with observed changes in growing

degree days

Growing degree days derived from weather stations around the circumpolar region in the

Global Historical Climatology Network (GHCN) [98] provide insight into change over the his-

torical period. GHCN stations show variability on interannual and decadal timescales, with a

longer-term forced trend clear at most sites beginning in the late 20th century (a selection of which
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Figure 2.4: Median no-analog crossover (ensemble member >all Preindustrial samples) in growing degree

days from the Community Earth System Model 2 Large Ensemble (LENS2) for ecoregions [1] poleward of

50 ◦N.

is shown in Figure 2.5). Certain very high-latitude sites, such as the Ostrov Vrangelya weather

station (Figure 2.5e), exhibit an emergence of growing degree days from a baseline of near-zero

occurrence in the early 20th century.

Trends in growing degree days across the circumpolar region show the relative influence of

internal variability and forced change on different timescales. On 30-year timescales, trends in

growing degree days are broadly positive beginning in the late 20th century, consistent with the

forced response to anthropogenic global warming (Figure 2.5). On 10-year timescales, which are

crucial for ecosystem responses [3, 60, 72, 78, 89], trends remain much more variable due to the

relatively larger contribution of internal variability. The trends in this historical record illustrate
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Figure 2.5: Timeseries of annual growing degree days (green, left axis) and missing days per year (gray,

right axis) calculated from selected Global Historical Climatology Network weather stations poleward of 50
◦N. All stations shown are missing less than 3% of days and have a period of record >30 years. Note that

the left y-axis range is different for each panel.

the importance of both internal variability and the forced response on the conditions that drive

observed ecosystem change.

The distribution of growing degree day trends in LENS2 captures the vast majority of sta-

tion observations on both 30-year and 10-year timescales (Videos B.3 and B.4, dots without cir-

cles). Formal climate model evaluation against individual station records is challenging due to

factors including representativeness error [105–107], data homogenization issues on multidecadal

timescales [98], and underconstrained contributions from historical internal variability [108]. Still,

this analysis indicates that LENS2 displays grid-box scale distributions of long-term trends and

decadal variability in growing degree days that are consistent with reality; failing this test would

have been strong evidence against model adequacy for this analysis [109, 110].

2.3 Discussion

We use a large ensemble of climate model simulations [48] to explore the influence of the

forced response to climate change and internal variability in growing degree days over the Arctic.
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Most Arctic ecoregions have already experienced forced crossover and entered a regime where

growing season environmental conditions are dominated by the warming trend. Storyline analysis

in an Earth system framework illustrates how coupled internal variability influences the condi-

tions experienced by ecosystems. These storylines reveal that Pacific and Arctic SST variability

affect growing degree days in the Brooks Range of Alaska–a region where rapid expansion of the

treeline is ongoing [75]. No-analog crossover relative to a preindustrial simulation is projected to

occur during the mid- to late-21st century for most locations. Growing degree days in CESM2 are

consistent with long-term trends and decadal variability over the observational record.

On a circumpolar scale, the high-latitude ecosystem response to climate change is driven by

increasing growing degree days [59,60,73,97]. Local-scale and species-level changes are often de-

termined by other climatic drivers, including changes in soil moisture [66], seasonal precipitation

[111], or wildfire activity [79, 112, 113]. Non-climatic factors such as recruitment [70, 86, 89, 91],

interspecies interactions [114–116], and life history [60, 70] also affect the timing and scale of the

ecosystem response; in particular, grazing by reindeer and caribou can halt greening processes in

certain cases [117]. Thus, changing thermal conditions do not always immediately alter ecosystem

composition [60, 70, 90, 115]. Once environmental conditions no longer limit plant growth, how-

ever, both paleoclimatic evidence and observational data indicate ecosystem change may occur

very rapidly (on interannual to decadal timescales) when favorable recruitment conditions subse-

quently occur [59, 75, 89, 91].

Our analysis of a single model large ensemble under one future emissions scenario (Shared

Socioeconomic Pathway 3-7.0 [118]) neglects both structural and scenario uncertainty in favor

of studying climate variability. The configuration of CESM2 used in LENS2 exhibits biases in

Arctic sea ice due to cloud-aerosol-chemistry interactions [57,119], and SSP3-7.0 is not consistent

with current policy pledges by governments [120] and recent emissions estimates [121]. However,

on the near-term time horizons relevant for the phenomena we study, internal variability exerts

a greater influence in the Arctic than either structural uncertainty [122] or scenario uncertainty

[123]. The choice of scenario may play a role in the late-century timing of no-analog crossover
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(Figure 2.4). Higher-emissions scenarios such as SSP3-7.0 remain useful by probing a wider

variety of futures which are possible–even if less likely–due to factors such as negative socio-

political surprises [54] or an unfavorable realization of the pattern effect [124].

Storylines explore plausible individual future cases from within a distribution of possible cli-

mate states, and are increasingly used in analyses where the combination of variability and forced

change are crucial to anticipate impacts [50,52]. Examples of storyline applications include assess-

ing climate risk [51,52], exploring surprising futures [54], and anticipating extreme events [50,53].

As ecosystems respond to the combination of forced change and variability [38,40,125], storylines

have the potential to prove similarly useful in exploring ecological change when an environmental

driver is clearly defined.

2.4 Methods

2.4.1 Growing degree days

Growing degree days describe the annual sum of temperature above a base value (Equation

2.1) [97, 126]. In Equation 2.1, GDD denotes growing degree days, Tdi the daily temperature on

a given day i, n = 365 the annual sum, and b some base threshold. We choose b = 5 ◦C following

the Arctic International Tundra Experiment (ITEX) protocols [97], as well as observational studies

and dendrochronological evidence [60, 73] which support the use of this base value for Arctic

terrestrial ecosystem change.

GDD =
n

∑

i=1

H(Tdi);H(Tdi)















(Tdi − b) Tdi > b

0 Tdi ≤ b

(2.1)

We use the term “growing degree days" to match the ITEX protocols [97]. This same quantity

may also be called the “thermal sum above base temperature" [71]. Percent changes for growing

degree days in Videos B.3 and B.4 are calculated from an ordinary least squares linear regression

following U.S. Environmental Protection Agency guidelines [126].
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2.4.2 Model simulations

We use output from two sets of climate model simulations performed with the Community

Earth System Model version 2 (CESM2) using the Community Atmosphere Model version 6

(CAM6) to explore changes in growing degree days in the Arctic [57]. CESM2(CAM6) is a best-

in-class Earth system model which has been used to submit simulations to the United Nations Inter-

governmental Panel on Climate Change Coupled Model Intercomparison Project (CMIP) [57,58].

We further contextualize the performance of CESM2(CAM6) with growing degree day observa-

tions in the main body of the paper.

The CESM2 Large Ensemble (LENS2) [48] is an initial condition ensemble with 100 different

realizations of the historical period (1850-2014) and 21st century (2015-2100). Between 1850 and

2014, the simulation is forced with boundary conditions derived from observations over the histor-

ical record. Ensemble variability is generated through both microperturbations to the atmospheric

state and macroperturbations to the ocean state to disperse both atmospheric and oceanic internal

variability. 50 members of the ensemble follow CMIP6 forcings over the historical period; another

50 members use a smoothed version of the biomass burning fluxes to dampen spurious variabil-

ity [127]. From 2015-2100, LENS2 follows the low-mitigation, high-forcing Shared Socioeco-

nomic Pathway 3-7.0 (SSP3-7.0) scenario [48, 118]. For clarity, we note that ensemble members

from LENS2 referenced in the text are zero-indexed for consistency with the Python codebase.

The CESM2(CAM6) Preindustrial control is a 2000-year free-running simulation with bound-

ary conditions fixed at 1850 estimates [57]. The Preindustrial simulation does not correspond to

conditions experienced by ecosystems in the real-world preindustrial era, which would include nat-

ural forcings such as volcanic eruptions (e.g., a “Last Millennium" simulation) [128]. For the pur-

poses of this work, a selection of climate states with internal variability but no long-term changes in

external forcing [129] provides the proper baseline to calculate a distribution shift as external forc-

ings become relatively larger. This baseline would not be suited to make claims about the adaptive

capacity of specific ecosystems based on conditions experienced in their evolutionary history.
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2.4.3 Surface station data

We calculate growing degree days for surface observations from the Global Historical Cli-

matology Network (GHCN) [98] to explore historical climate change and contextualize model

performance. GHCN aggregates weather station data from a breadth of sources worldwide into

a single dataset with uniform quality assurance. We select stations poleward of 50 ◦N to include

the latitudes conventionally associated with Arctic greening [63]. For our analysis, we include

stations only where data is recorded on greater than 97% of days and the record is longer than

30 years (Figure 2.5, Video B.3) or 10 years (Video B.4). We apply no further quality control or

homogenization to the data record.

2.4.4 Crossover definitions

We define crossover by comparing samples of 10-year rolling averages from each member and

the ensemble mean of LENS2 relative to the Preindustrial simulation. In the absence of additional

external forcings, the members and mean of LENS2 would exceed samples from the Preindustrial

with 50% frequency, that is, they would be equally likely to be higher or lower than the Prein-

dustrial values. (A special case occurs for points where growing degree days do not occur; in this

case, samples from both simulations will be equal to zero.) Given a perfect estimation of the forced

response by an infinitely large ensemble, any departure from 50% in the ensemble mean would be

indicative of “crossover" into a new regime.

The finite 100-member ensemble of LENS2 introduces uncertainty, necessitating the choice

of a stricter threshold to identify crossover. We define forced crossover at a given location when

the ensemble mean exceeds 80% of Preindustrial samples. We define member crossover for an

ensemble member at a given location when it exceeds 90% of Preindustrial samples. The greater

threshold for member crossover accounts for the larger variability in individual realizations as

opposed to the ensemble mean. We define no-analog crossover for an ensemble member at a given

location when it exceeds all Preindustrial samples.
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The choice of threshold involves subjectivity. We design the metric to address the question

of when the warming trend emerges from decadal variability. Visually, the choice of 80% is well

beyond any variance in the ensemble mean during the 1850-1900 period when human influence

on the climate was relatively small compared to present (Figure 2.2a, thick line); the choice of

90% for member crossover prevents false positives during this same period (Figure 2.2a, thin

lines). No-analog crossover provides an intuitive metric of the time when climate conditions reach

a completely novel state relative to the Preindustrial simulation. Readers can choose their own

threshold on Figure 2.2a by examining the other dashed horizontal lines, or by altering the figure

in the associated code (see Data and Code Availability statement).

Crossover provides a non-parametric effect size statistic that leverages the large number of

simulated climate states in both LENS2 and the long Preindustrial simulation by comparing sam-

ples from each. Its unit of “exceed X% of preindustrial samples" intuitively addresses our goal

of identifying when the warming trend emerges relative to preindustrial variability. The crossover

metric requires no further assumptions about the statistical properties of the data or its trends, such

as linearity, homoscedasticity, or normality.

2.4.5 Data and code availability

• LENS2 [48] is available at the National Science Foundation National Center for Atmospheric

Research Climate Data Gateway doi.org/10.26024/kgmp-c556

• Output from the CESM2 preindustrial control [57] is available at the World Data Center for

Climate doi.org/10.26050/WDCC/AR6.C6CMNRCES2

• The Global Historical Climatology Network [98] record is available at Amazon Web Ser-

vices registry.opendata.aws/noaa-ghcn/ under resource name arn:aws:s3:::noaa-ghcn-pds

• Analysis code and derived growing degree days datasets used in this work will be perma-

nently archived on the Open Science Framework subsequent to peer review.

• Portions of the work make use of the colormaps in the CMasher package [130].
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Chapter 3

Speed of environmental change frames relative

ecological risk in climate change and climate

intervention scenarios

See footnote for publication information.2

3.1 Introduction

The imprint of anthropogenic climate change is clear in ecosystems worldwide, with worsening

impacts expected under all future emissions pathways [11, 14, 15, 17, 40, 131, 132]. High-impact

risks such as these motivate the study of potential climate intervention methods to reduce cli-

mate impacts as efforts to decarbonize continue [20, 21]. Stratospheric aerosol injection (SAI) is a

hypothetical method to limit warming or cool the planet by adding reflective particles to the strato-

sphere [20]. Many different potential SAI deployment scenarios could complement emissions

reductions. For example, SAI could be used to maintain global temperatures at or below some

critical threshold, or to rapidly reduce temperatures [20, 21, 30, 133, 134]. In contrast to carbon

dioxide removal interventions, which operate on slower timescales [135], solar radiation manage-

ment methods such as SAI currently represent the only known method to quickly alter global mean

temperatures with near-future technology [20, 21].

Species habituated to environmental niches must shift their range, adapt, or be extirpated as

ambient conditions shift geographically in a changing climate [10, 19]. The climate velocity of 2

meter temperature expresses the movement of thermal conditions, and can be used to address the

question: How fast, and in what direction, must an organism move over a period to stay in the

2This work is published as: Hueholt, D.M., E.A. Barnes, J.W. Hurrell, & A.L. Morrison (2024). Speed of environ-

mental change frames relative ecological risk in climate change and climate intervention scenarios. Nature Commu-
nications, 15(1), 3332.
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same temperature conditions in which it started? [9, 10]. Species have varying ability to shift their

range in response to climate change; on average, marine organisms can move more quickly than

terrestrial species, and trees have among the slowest responses of all forms of life [11, 91, 136].

Climate impacts to ecology emerge from many sources beyond temperature, including changes

in precipitation [19], biogeochemistry [10, 15], or interactions among species [12, 137]. Species

with very short life histories (e.g., bacteria) can adapt to a changing climate through evolution,

while more complex organisms may be able to employ behavioral adjustments [19, 40, 138, 139].

Populations unable to adapt or shift their range at sufficient rates may be at risk of extirpation–

which often takes place abruptly following subsequent extreme events rather than as a slow, linear

process accompanying the climatic change [40, 140]. The climate velocity provides a general

metric for perturbations to large-scale ecology by the movement of thermal niches, rather than a

tool to describe all types of impacts [9, 10, 137].

Future values of the scalar magnitude of climate velocity (which we refer to as the climate

speed) under scenarios consistent with present policy exceed mean dispersal rates of known ter-

restrial (⪅2 km/yr [9, 11]) and marine species (≈7 km/yr [11]), and are expected to redistribute

and endanger ecosystems globally [10, 17, 132]. The use of SAI has the potential to contribute

an additional dimension of particularly rapid temperature change at the start or end of an inter-

vention. Abrupt warming and cataclysmic climate speeds (“termination shock") are possible if an

SAI intervention were to be terminated from masking a higher radiative equilibrium, or potentially

dangerous cooling may occur at the start of an intervention intended to rapidly reduce global tem-

peratures [136, 141]. While the specific choices involved in generating a termination shock are

clear [136,141,142], the strategic design decisions that could result in dangerous cooling rates are

currently unknown.

We analyze climate speeds in the 20-year period following SAI deployment in simulations per-

formed in the Community Earth System Model Version 2 with Whole Atmosphere Community Cli-

mate Model (CESM2[WACCM6]) under the Assessing Responses and Impacts of Solar climate in-

tervention on the Earth system with stratospheric aerosol injection (ARISE) protocol [57,134,143].
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ARISE simulations were constructed to allow outcomes to be directly connected to specific strate-

gic design choices in each scenario. The ARISE-1.5 scenario portrays the deployment of SAI

in 2035 to maintain the Paris Agreement global temperature target of 1.5◦C above preindustrial

against moderate-mitigation climate change (Shared Socioeconomic Pathway [SSP] 2-4.5) [134].

ARISE-DelayedStart has a similar target of ≈1.37◦C but SAI deployment in 2045, yielding a

rapid temperature reduction due to warming over the intervening decade [144]. A 10-year period

represents a plausible delay that could come about from global governance and decisionmaking

processes [30, 145]. We compare these scenarios against baselines of preindustrial climate vari-

ability over the millennium prior to 1850 (Last Millennium, 850-1849) and no-SAI climate change

consistent with present policy (SSP2-4.5) [121, 143, 146–148].

3.2 Results

3.2.1 Distinct responses linked to strategic choices

Global maps of climate speeds (Figure 3.1) reveal highly distinct outcomes in the pattern of

ecosystem risk in each of the four scenarios, reflecting their individual temperature trends over

time (Figure 3.2).

Substantial climate speeds forced by warming occur nearly globally under no-SAI SSP2-4.5

(Figure 3.1ab). The majority of land area (61%) is exposed to potentially dangerous climate speeds

beyond 2 km/yr (Figure B.1a). Very large climate speeds are projected to cause extreme ecosystem

stress in tropical regions where spatial gradients are weak (Figure 3.1ab) [132, 149]. For example,

ensemble mean climate speeds averaged over the Amazon region (as defined by the IPCC Working

Group 1 Fifth Assessment Report [150]) are 12 km/yr, suggesting that tropical terrestrial species

would need to move poleward or up topography by 240 km in order to remain in their starting

conditions over this 20-year period. Sharp topographic gradients buffer climate speeds and allow

relict populations to shelter in microclimates, but these communities often have low connectiv-

ity [14, 151] and persistent warming may render these niches inaccessible [9, 14, 16, 151]. Poor

connectivity can occur elsewhere due to causes including fragmentation by human land use such
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Figure 3.1: 20-year climate speeds of 2-meter (2m) temperature on land (left column) and ocean (right

column) in the ensemble mean for Shared Socieconomic Pathway 2-4.5 (SSP2-4.5) [a,b], the mean of ten

20-year periods (to match ensemble size in Assessing Responses and Impacts of Solar climate intervention

on the Earth system (ARISE) simulations, see Methods) in the Last Millennium [c,d], and ensemble mean

for ARISE-1.5 [e,f], and ARISE-DelayedStart [g,h]. The sign indicates whether the change in temperature

associated with the climate speed is positive or negative. Masked area shown in gray (ocean for [a,c,e,g],

land for [b,d,f,h]).

as urbanization [152, 153], or natural barriers as in semi-enclosed marine basins like the Mediter-

ranean Sea [154]. This fragmentation impedes the ability of many ecological communities to shift

in response to climate changes and may increase population vulnerability [151, 152, 155].

In the ocean, while depth gradients in temperature allow some species to escape climate change,

non-thermal constraints prevent many from shifting vertically [10, 149, 156]. Climate speeds are

large in the Arctic, where the warming rate is high due to Arctic amplification [157]. Transport

barriers imposed by the edge of continents and the North Pole mark poleward limits on terrestrial

and marine species [17, 158]. Negative climate speeds occur in the North Atlantic warming hole

(Figure 3.1b) where a decreasing temperature trend is driven by the weakening Atlantic Merid-
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Global annual mean 2m temperature

SSP2-4.5 ARISE-1.5 ARISE-DelayedStart

Figure 3.2: Timeseries of global annual mean 2-meter (2m) temperature in the Shared Socioeconomic

Pathway 2-4.5 (SSP2-4.5) and Assessing Responses and Impacts of Solar climate intervention on the Earth

system (ARISE) 1.5 and DelayedStart simulations. Thick lines portray the ensemble mean; shading shows

variability spanning the maximum to minimum ensemble member at each year. Vertical dashed lines denote

the deployment of SAI in 2035 (ARISE-1.5) and 2045 (ARISE-DelayedStart), while the horizontal dotted

line displays an approximate temperature threshold of 1.5◦C above preindustrial. Colors used to distinguish

different simulations.

ional Overturning Circulation in these simulations [104, 159]. Analogous to historical ecosystem

responses to persistent internally-driven temperature anomalies [38,40], it is possible the North At-

lantic may experience competing ecosystem responses between negative climate speeds associated

with the warming hole and positive climate speeds elsewhere in the basin.
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Climate speeds averaged over ten 20-year periods from the Last Millennium (Figure 3.1cd)

are small, reflecting the relatively smaller magnitudes and slower evolution of climate forcings

over this epoch. Volcanoes exert the largest external forcing on surface temperatures over the Last

Millennium, but their influence is highly nonlinear and only persists for a few years [160, 161].

As the climate velocity does not provide meaningful insight on these timescales [10], we omit

periods within 5 years of a large volcanic eruption (defined as 10 teragrams of stratospheric sul-

fate injection [147]). Internally-driven climate variability [46, 129], natural phenomena such as

solar cycles [162], small volcanic eruptions [163], or anthropogenic land use changes [164] can

still cause nonzero regional-scale climate speeds (e.g., in Eastern Europe on Figure 3.1c). Climate

speeds are larger over the ocean (Figure 3.1d) than land (Figure 3.1c), reflecting the smaller spatial

temperature gradients in marine environments [149]. Where temperature gradients are shallow-

est over the tropical oceans, even small perturbations to temperature can drive nonzero climate

speeds [149]. The small magnitude of these climate speeds indicate internal variability and natural

forcings over this period could lead to distributional shifts among species, but would not likely

exceed their dispersal capabilities. A purely unforced simulation with boundary conditions fixed

at 1850 (Figure B.2) produces qualitatively similar results.

The 20-year climate speeds following deployment of ARISE-1.5 in the year 2035 (Figure 3.1ef)

to maintain global mean temperature at 1.5◦C above preindustrial are relatively small compared to

no-SAI SSP2-4.5 (Figure 3.1ab). These climate speeds reflect the nearly flat temperature trends

implied by the use of SAI to maintain temperature (Figure 3.2). Over land, climate speeds in

ARISE-1.5 (Figure 3.1e) are similar in magnitude to those in the Last Millennium simulation

(Figure 3.1c). Climate speeds over the ocean (Figure 3.1f) are largely negative in sign. Since

global temperatures are slightly above the 1.5◦C target when the intervention is deployed in 2035,

ARISE-1.5 forces a small negative trend in temperature (Figure 3.2). On regional scales, internal

climate variability can overwhelm the forced response to the SAI intervention (e.g., Figure 3.1f in

the eastern Pacific) [33, 165]. Negative climate speeds occur in the North Atlantic warming hole

similar to no-SAI SSP2-4.5, as the weakening of the Atlantic Meridional Overturning Circulation
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is partially offset–but not halted–by the SAI intervention in ARISE-1.5 [134, 159, 166]. Much

more ocean area is exposed to climate speeds of 2 km/yr (48%) and 5 km/yr (17%) in ARISE-1.5

than the Last Millennium (23% and 8%, respectively). These values are within the observed mean

dispersal rates of marine species (≈7 km/yr [11, 131]), and little area is exposed to climate speeds

that exceed these values in ARISE-1.5 (Figure B.1b).

The SAI strategy in ARISE-DelayedStart produces large 20-year climate speeds (Figure 3.1gh)

due to the negative temperature trend necessary to quickly reach the temperature target following

deployment in 2045 (Figure 3.2). A greater amount of land and ocean area is exposed to danger-

ous climate speeds in ARISE-DelayedStart (Figure 3.1gh) as opposed to no-SAI SSP2-4.5 (Fig-

ure 3.1ab; Figure B.1). Two-thirds of land area (66%) is exposed to climate speeds beyond 2

km/yr; 13% of total land area (comparable to the size of South America) and more than a third of

the world ocean (35%) are exposed to climate speeds greater than 10 km/yr in ARISE-DelayedStart

(Figure 3.1). Five percent of the ocean is exposed to climate speeds beyond 50 km/yr (Figure 3.1h,

Figure B.1b), which surpasses even the capability for extreme range shifts observed in many in-

vasive species [167]. During the 20-year period following deployment, ARISE-DelayedStart de-

picts a forcing from climate speeds to global and regional ecosystems (Figure 3.1gh) that exceeds

the corresponding time period in no-SAI SSP2-4.5 (Figure 3.1ab), and draws a striking contrast

to the small values under ARISE-1.5 (Figure B.3). This phenomenon of large climate speeds

forced by rapid global temperature reduction could be viewed as a “deployment shock," similar

to the termination shock previously identified if an intervention ceases at a high radiative equilib-

rium [136, 141].

3.2.2 Internal climate variability modulates conditions

Land and ocean median climate speeds in the Last Millennium simulation (Figure 3.3a) illus-

trate the range of values experienced in 20-year periods in the preindustrial climate. The small

magnitude of these climate speeds are within the range of dispersal rates for terrestrial and marine

species [9, 11]. When considering the full distribution of 20-year periods during the Last Millen-
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Figure 3.3: Magnitude of global median climate speed of 2-meter temperature over land and ocean [a] in

Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5), Last Millennium, and Assessing Responses and Impacts

of Solar climate intervention on the Earth system (ARISE) 1.5 and DelayedStart simulations. Maps of

ensemble member with minimum [b], near-ensemble mean [c], and maximum [d] median climate speed

over land in ARISE-DelayedStart. In [a], open circles denote climate speeds within the mean dispersal

speed of terrestrial or ocean species, closed circles signify climate speeds exceeding mean dispersal speeds,

and vertical bars show the ensemble mean. Arrows in [a] denote ensemble members [b], [c], and [d]. Climate

speeds are calculated over 2035-2054 (ARISE-1.5), 2045-2064 (ARISE-DelayedStart and SSP2-4.5), and

ten 20-year periods (Last Millennium). Colors in [a] distinguish different simulations. See Figure B.4-B.7

for individual members in all simulations. Masked ocean area shown in gray [b-d].

nium, climate speeds infrequently exceed mean dispersal rates of terrestrial species (≈ 2 km/yr)

and never exceed those of marine species (≈ 7 km/yr) (Figure B.9a). Median climate speeds over

both the land and ocean from the ARISE-1.5 scenario where SAI is used to maintain global mean

temperature fall within the distribution of Last Millennium variability (Figure 3.3a). The global
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land and ocean median climate speeds in ARISE-1.5 are statistically indistinguishable from the

Last Millennium simulation under a robustness test [165]. Climate speeds under no-SAI SSP2-4.5

robustly exceed both the Last Millennium and ARISE-1.5 over the land and ocean. In ARISE-

DelayedStart, climate speeds surpass all other scenarios: the distribution is entirely separated from

ARISE-1.5 or the Last Millennium, and robustly larger in magnitude than no-SAI SSP2-4.5 over

land.

Contributions from internal variability are large on decadal to interdecadal timescales, such as

the 20-year periods examined here, even in the presence of an external climate forcing such as an

SAI intervention [33, 46, 165]. While analyzing the ensemble mean (Figure 3.1) allows for inves-

tigation of the response to a climate forcing, each individual ensemble member (Figure 3.3bcd)

illustrates a plausible representation of the conditions that could be experienced under a single

realization of internal variability. We describe the evolution of members across the ensemble of

ARISE-DelayedStart to provide an example of the role of internal variability in the presence of a

forced response to an SAI scenario of rapid temperature reduction. Climate speeds are large across

the ensemble of ARISE-DelayedStart, exceeding dispersal rates in marine (≈7 km/yr) and terres-

trial species (⪅2 km/yr) in every ensemble member over land and six members over the ocean

(Figure 3.3a). Still, on regional scales in individual members, internal variability from sources

such as the El Niño-Southern Oscillation or Pacific Decadal Variability can moderate trends or

even flip their sign (Figure 3.3b) [46]. Other members display a spatial pattern more similar to the

ensemble mean (Figure 3.3c). When average global trends from internal variability are in phase

with the forced response, individual realizations can experience negative climate speeds of greater

magnitude everywhere around the globe (Figure 3.3d). In one realization of ARISE-DelayedStart,

this amplification from internal variability produces extreme median climate speeds over the global

ocean exceeding 10 km/yr.

Previous analysis shows that the noise introduced by internal variability may impede detection

of the surface climate response and lead to the perceived failure of an intervention [20, 33, 168].

The planetary-scale cooling in ARISE-DelayedStart is strong enough to entirely separate its dis-
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tribution from no-SAI SSP2-4.5 when the sign of the trend is considered (Figure B.9b); even in

the member with the smallest global median climate speed, few regions see a sign opposite to the

forced response (Figure 3.3b). These results suggest that perceived failure at a regional or planetary

scale would be much less likely under scenarios with rapid temperature reduction.

3.2.3 Relative ecological risk from climate speeds

Climate speeds of 10 km/yr provide a threshold of extreme risk by exceeding the dispersal

rates of both adaptable families (such as mammals) and terrestrial and marine species on aver-

age [9, 11, 136]. We plot the global area exposed to these climate speeds against the annual rate

of global temperature change for a wide range of datasets to efficiently summarize ecological risk

(Figure 3.4; see Table 3.1 in Methods for detailed data descriptions), and subsequently describe

the implications for each product in the context of this figure. The mean of all non-overlapping

20-year Last Millennium time periods is located at the origin, reflecting conditions that ecosys-

tems experienced over the millennium before the Industrial Revolution began. The maximum area

exposed (10% of global area) to the threshold climate speed over Last Millennium variability is

denoted by the horizontal dotted line (Figure 3.4). Greater distance from the origin beyond this

dotted line denotes a relatively higher profile of ecological risk.

The European Reanalysis Version 5 (ERA5) [169] provides an observationally-constrained

global estimate of climate speeds during the recent past (1996-2015) [169,170]. Over this same pe-

riod, a historical simulation (CESM2-Historical [57]) displays a larger area exposed to the thresh-

old climate speed and a higher rate of temperature change than in ERA5. The physical reasons

underlying the overly rapid warming rate in CESM2-Historical during this period are an ongoing

area of research, and likely include errors in prescribed biomass burning emissions [127]. More

generally, discrepancies between ERA5 and historical simulations may partly be due to structural

differences between the single realization of real-world climate variability and the ensemble mean

forced response [108]. Overall, both ERA5 and CESM2-Historical display climate speeds beyond
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Figure 3.4: 20-year rate of temperature change per year vs. percent of area exposed to a climate speed of

2-meter temperature with magnitude greater than 10 km/yr for various scenarios of climate change, climate

intervention, and historical products. Dots denote ensemble mean, and lines display the width of the ensem-

ble variability. The colors of each dot help visually distinguish datasets from each other. Vertical dashed line

shows 20-year change in temperature of 0 ◦C/yr. Horizontal dashed lines represent the maximum 20-year

area exposed to threshold climate speed in the Last Millennium variability (10%). See Table 3.1 in Methods

for detailed descriptions of each dataset in figure, which are listed here from left to right: United King-

dom Earth System Model 1 (UKESM1)-Assessing Responses and Impacts of Solar climate intervention on

the Earth system (ARISE)-1.5, Community Earth System Model 2 (CESM2)-ARISE-1.0, CESM2-ARISE-

DelayedStart, Community Earth System Model 1 (CESM1)-Geoengineering Large ENSemble (GLENS)-

Stratospheric Aerosol Injection (SAI), CESM2-ARISE-1.5, Last Millennium, CESM2-Shared Socioeco-

nomic Pathway 1-2.6 (SSP1-2.6), European Reanalysis 5 (ERA5), CESM2-SSP2-4.5, CESM2-Historical,

UKESM1-SSP2-4.5, and CESM1-Representative Concentration Pathway 8.5 (RCP8.5).

Last Millennium conditions and within the range of mid-century SSP2-4.5, consistent with known

historical and expected future ecosystem stress from warming [11, 16, 40, 131, 132, 156].

No-SAI future scenarios expose substantial global area to large climate speeds from warming

and cluster on the right half of Figure 3.4. Scenarios with higher mitigation (SSP1-2.6), moderate
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mitigation (SSP2-4.5), and no mitigation (RCP8.5) all exceed the Last Millennium baseline, with

increased emissions causing greater ecological risk. The relatively higher risk portrayed in the

SSP2-4.5 simulation in the United Kingdom Earth System Model version 1 (UKESM1-SSP2-4.5)

(see Methods for full description) as opposed to CESM2-SSP2-4.5 primarily stems from the more

rapid warming rates due to the higher climate sensitivity in UKESM1 [171]. The above results

are in keeping with previous findings of widespread ecosystem stress under all future emissions

pathways [11, 14–17, 40, 131, 132, 156], with the most extreme risks from climate change under

scenarios with no mitigation [149, 172].

Scenarios where SAI is used for rapid temperature reduction cluster on the left side of the

figure above the Last Millennium baseline and expose large amounts of global area to high cli-

mate speeds from rapid cooling. The individual scenarios (see Table 3.1 in Methods for details)

each depict a unique potential design choice that could produce a deployment shock. One path-

way would be through a delayed start with deployment after a temperature target has been sur-

passed, either through the choice to deliberately postpone deployment (ARISE-DelayedStart) or

if the temperature threshold is breached early due to high climate sensitivity (UKESM1-ARISE-

1.5 [166]). Alternatively, the intervention could be deployed with the explicit goal of obtaining a

low temperature target below the starting global mean value (CESM2-ARISE-1.0 [30, 134], or the

simulations of [173] [not shown]). Regardless of the underlying strategic logic, the salient point is

that every SAI scenario with rapid temperature reduction exposes more global area to the threshold

climate speed than its corresponding no-SAI climate change reference scenario: CESM2-ARISE-

1.0 and CESM2-ARISE-DelayedStart compared to CESM2-SSP2-4.5, and UKESM1-ARISE-1.5

compared to UKESM1-SSP2-4.5.

SAI scenarios where the intervention is used to maintain global mean temperature (CESM2-

ARISE-1.5, CESM1-GLENS-SAI) remain near the origin, with ensemble means within the bounds

of Last Millennium conditions. These SAI scenarios essentially eliminate the most extreme risks

to ecosystems from climate speeds occurring in the no-SAI climate change scenarios. However,

a 10-year delay in deployment is the predominant difference between ARISE-1.5 and ARISE-
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DelayedStart. This short delay is sufficient to produce a highly distinct profile of extreme ecologi-

cal risk.

3.3 Discussion

This work demonstrates a key difference between scenarios where SAI is used to maintain

global temperature, and those where SAI causes rapid temperature reduction. Scenarios that main-

tain global temperature greatly reduce risks from climate speeds, with global-scale parameters

statistically indistinguishable from Last Millennium conditions. In contrast, rapid temperature re-

duction scenarios increase ecological risk (“deployment shock") relative to their corresponding

no-SAI scenarios. The design of the ARISE scenarios allow these conclusions to be connected to

specific potential decisions: a policy-relevant delay in deployment can turn a scenario that would

otherwise greatly reduce ecological risk from climate speeds by maintaining temperature (ARISE-

1.5) into one with a deployment shock that worsens this risk relative to no-SAI climate change

(ARISE-DelayedStart).

Our results arise in policy-relevant scenarios designed for plausibility [30, 134], as opposed

to termination scenarios created to illustrate risks of SAI [141]. Deployment shock demonstrates

a risk that intrinsically accompanies the ability to rapidly change temperature. This may restrict

the ability to safely return to a temperature target after it has been surpassed. It is theoretically

possible to design a strategy with sufficiently slow ramp-up of SAI to allow ecosystems to respond

to the forcing. However, SAI scenarios where global temperature is reduced are usually framed as

an aggressive response option to relieve some severe impact of climate change [21, 174], prevent

tipping points [175], or to facilitate rapid detection by providing a large signal-to-noise ratio [30,

168]. The strategic choice to slowly implement a low temperature target may be in tension with

these same goals.

Climate speeds are typically used for measuring ecosystem responses and risks in a warming

climate [9, 10, 149], which raises the question of whether they are as meaningful for a cooling

climate. Observed range shifts track temperature trends from internal climate variability regardless
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of their sign, strongly indicating both cooling and warming are ecologically relevant [38,40]. While

relicts that temporarily survive warming through persistence or by sheltering in microclimates [16,

151] would likely benefit from rapid cooling, numerous ecosystems that have transitioned to a new

state under warming may be suddenly jeopardized. Paleoclimatic data indicates periods with rapid

(interannual to multidecadal) large-scale cooling following a long-term warming trend coincide

with planetary-scale changes to ecosystems [8, 176]. These findings support the possibility that

abrupt global cooling embedded in an antecedent warming trend could cause a large disturbance

to ecosystems.

Insight from climate speeds can help inform future scenario design and decision-making. De-

signing scenarios to avoid deployment shock constrains both global temperature target and deploy-

ment year, which helps prevent a combinatorial explosion in scenario design [30]. We note two

scenarios within these constraints that have not yet been simulated: delayed start maintenance with

deployment dates past 2035 and higher temperature targets to avoid rapid temperature reduction,

and slow starts where the intervention is implemented over sufficient time to moderate climate

speeds. Decisions about global environmental policy involve complex tradeoffs of risk from many

processes and phenomena [174]. As research concretely identifies sources of these tradeoffs in

SAI scenarios, the relative prioritization of risks should be transparently documented during the

design of a given scenario to help aid in analysis and effective decision-making.

3.4 Methods

3.4.1 Primary simulations

Our work draws on data from three simulations (SSP2-4.5, ARISE-1.5, and ARISE- Delayed-

Start) using the Community Earth System Model Version 2 with Whole Atmosphere Commu-

nity Climate Model version 6 (CESM2[WACCM6]) [57, 143]. CESM2(WACCM6) is a fully-

interactive Earth system model with a high-fidelity depiction of the climate, including the strato-

spheric processes thought to be most relevant to SAI [57, 58, 143]. For all simulations here,

CESM2(WACCM6) was run with 70 vertical levels (model top ≈140 km) and 1.25◦ longitude
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× 0.9◦ latitude horizontal resolution [134]. This spatial scale (Table 3.1) is considered adequate to

analyze global ecosystem risk in the broader ecology literature [10, 17, 136].

The CESM2(WACCM6ma) Last Millennium dataset is a simulation of the 1000-year interval

850 through 1849, immediately preceding the Industrial Revolution which is defined to begin in

1850 by convention in the climate modeling community [143, 146] Relatively abundant paleocli-

mate data allows for a well-constrained long-record depiction of this period including natural vari-

ability, realistic natural forcings including volcanoes and solar cycles, and anthropogenic land use

changes [147]. We use the Last Millennium to provide an ecologically-relevant baseline of climate

variability and change before anthropogenic climate change through greenhouse gas emissions

and industrialization became large. CESM2(WACCM6ma) is a middle-atmosphere configuration

of CESM2(WACCM6), and includes a simplified chemistry scheme to reduce computational com-

plexity. The climate of CESM2(WACCM6ma) is very similar to CESM2(WACCM6) apart from

the tropospheric chemistry [177].

The SSP2-4.5 simulations depict a no-SAI future with moderate mitigation of climate change

and the slow deployment of negative emissions technologies [148]. Five ensemble members were

created for the Coupled Model Intercomparison Project Phase 6 [129]. An additional five ensemble

members were created to augment the sample size for the ARISE project [134]. All 10 realizations

are available from 2015-2069. SSP2-4.5 is consistent with present-day policy pledges by the global

community, though it still results in warming beyond Paris Agreement targets in CESM2 and other

climate models [121, 178].

We use the ARISE-1.5 and ARISE-DelayedStart datasets to explore two policy-relevant SAI

scenarios [134, 144]. These simulations are often referred to as ARISE-SAI-1.5 and ARISE-SAI-

1.37-DelayedStart. We use the names ARISE-1.5 and ARISE-DelayedStart for brevity, or CESM2-

ARISE-1.5 and CESM2-ARISE-DelayedStart when necessary to distinguish from scenarios run in

other models. SAI in ARISE-1.5 is deployed in 2035 to maintain global mean temperature at

the 2020-2039 average in CESM2(WACCM6) (≈1.5◦C above the IPCC AR6 preindustrial value)

[134, 179]. In ARISE-DelayedStart, SAI is deployed 10 years later in 2045 with a similar global
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mean temperature target of the 2020-2039 average from CESM1(WACCM5) (≈1.37 ◦C above the

IPCC AR6 preindustrial value) to depict the impacts of a policy-relevant delay in deployment [30].

ARISE-DelayedStart requires a larger stratospheric sulfate burden than ARISE-1.5 due both to the

delayed start and the slightly lower temperature target [30, 144].

Other design choices are constant between ARISE-1.5 and ARISE-DelayedStart: sulfur diox-

ide is injected at the same height (≈21 km), SSP2-4.5 greenhouse forcing is used in both, and

each ensemble has ten members. Injections occur continuously from four locations (30◦ and 15◦

N/S, all at 180◦E) with a proportional-integral feedback-control algorithm to maintain the pole-to-

pole and pole-to-equator temperature gradients alongside the global temperature target [134, 180].

Controlling for these goals with off-equatorial injections is intended to reduce side effects by com-

pensating for the planetary-scale spatial patterns of greenhouse warming: the increase in global

mean temperature, hemispheric asymmetry, and polar amplification [181].

ARISE-1.5 and ARISE-DelayedStart are identical to SSP2-4.5 in every way except for the

SAI intervention. Therefore, consistent differences between the simulations are likely due to the

SAI strategies. The effect sizes of the SAI interventions in ARISE-1.5 and ARISE-DelayedStart

relative to SSP2-4.5 are large enough that the global-scale results are clearly due to the SAI inter-

vention (i.e., ensemble mean global temperature trend changing sign worldwide). Where useful,

we additionally use the robustness test as a non-parametric method to identify where the forced

response to the SAI intervention is large [165]. We refer to results as robust when they pass this

test (corresponding to p < 0.1 under a binomial test).

The CESM2(WACCM6) Preindustrial control (Unforced) provides a single 500-year integra-

tion of the Earth system with perpetual 1850 greenhouse gas forcing [143]. This simulation il-

lustrates the range of internal climate variability over an extended period of time without external

forcings [129]. The small climate speeds in the Unforced simulation (Figure B.2) raise confi-

dence that the model is adequate for our analysis: while internal climate variability can produce

pronounced ecosystem impacts in individual regions, planetary-scale risk to ecosystems would be

implausible under unforced variability alone [38,40]. We use Unforced as a reference to perfectly-
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unforced conditions under internal variability alone, although land-use changes during and before

1850 imply it does not perfectly represent true equilibrium conditions [164].

3.4.2 Climate velocity

The climate velocity of a geophysical quantity describes the movement of the isopleths of that

variable in a changing climate [9]. Formally, the climate velocity is defined as the ratio of the

temporal gradient of a variable A (dA
dt

, units time−1) to the spatial gradient of that same variable

(∇⃗A, units space−1) [9]. The resultant variable (C⃗A) has units of space per time–that is, a velocity

(Equation 3.1) [9].
dA
dt

∇⃗A
= C⃗A (3.1)

Climate velocity can be calculated for any variable, but is most frequently applied to temperature

[10]. Temperature exhibits a clear large-scale response to both climate change and SAI, and has

relatively well-understood spatiotemporal behavior in both observations and model output [10].

We use 2m temperature rather than sea surface temperature over the ocean due to data availability

limitations in ARISE-DelayedStart at time of writing. On climatological spatiotemporal scales, 2m

temperature is similar to sea surface temperature and is often used for aquatic ecosystem analysis

[182, 183].

The climate velocity is a vector quantity, with both a magnitude and a direction. The scalar

magnitude alone (climate speed) can be used separately from the vector quantity to quantify the

high-level degree of disturbance to ecosystems [136, 149, 184, 185]. This degree of disturbance is

the quantity of interest for our research questions, and we use the climate speed exclusively in our

analysis. We provide climate velocity vector maps for additional context (Figure B.11), however,

we caution readers that local analysis of these vectors would require a much finer-resolution dataset

to better capture spatial gradients [9, 10, 154, 185].

Following standard methods, we calculate the temporal gradient of temperature using linear

regression and the spatial gradient of temperature using the 3x3 neighborhood slope algorithm

[9, 10, 136, 149]. In the accompanying Python code (fun_calc_var.py), we implement the
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Sobel operator (mathematically equivalent to the 3x3 neighborhood slope algorithm) to obtain

the spatial gradient of temperature. We calculate both our temporal gradient and spatial gradient

directly from each dataset. At each point for each ensemble member, we divide the local 20-year

temporal gradient (10-year for UKESM1 only, see below) by the spatial gradient and take the

vector magnitude to obtain the climate speed. We impose a sign on the climate speed to denote

whether it is associated with a warming or cooling trend. For all figures, we take the ensemble

mean after the calculation of the climate speed. Climate speeds may be overestimated around

complex topography in datasets with coarse spatial resolution [10]. Our results are robust to the

choice of spatial resolution at the scale of all datasets used in this work (demonstrated for ERA5

in Figure B.10).

By convention, climate velocities and climate speeds are assessed over time periods of 10 years

or longer [9, 10, 136]. We calculate the climate speed over time periods chosen to be relevant to

each scenario. For the scenarios with SAI in CESM2, this is the 20-year period immediately

following deployment: 2035-2054 in ARISE-1.5, and 2045-2064 in ARISE-DelayedStart. 20-year

timespans encompass the entire period when global mean temperature is decreasing in ARISE-

DelayedStart. For no-SAI SSP2-4.5, we use the period 2045-2064 to compare to results from

ARISE-DelayedStart. The time period 2035-2054 (corresponding to ARISE-1.5) is very similar

in CESM2 simulations of SSP2-4.5, as the rate of change in global mean temperature does not

alter substantially between 2035 and 2064. The time period spanning the interval when global

mean temperature is decreasing in an SAI scenario is model-dependent, and needs to be adjusted

to correspond to the model that generated a given dataset. In UKESM1, a 10-year period fully

encompasses the cooling after deployment due to its high aerosol sensitivity [166, 186]. Thus, we

calculate climate speeds over 10-year periods for output from UKESM1 as opposed to 20-year

periods for all other products on Figure 3.4. Using 20-year periods for UKESM1 would artificially

reduce the climate speeds during its deployment shock by spreading the cooling out past the time

horizon when global mean temperature has stabilized. In contrast, using the shorter 10-year periods

for CESM2 would overlook the substantial cooling that continues past this horizon (Figure 3.2).
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The 10-member ensemble size of ARISE-1.5, ARISE-DelayedStart, and SSP2-4.5 enlarges

the number of years available for analysis over each 20-year period to an effective size of 200

years [46]. Since the Last Millennium has only one ensemble member but a 1000-year simulation

period, we choose ten 20-year time periods to avoid large volcanic eruptions (10 teragrams of

stratospheric sulfate injection [147]): years 851-870, 871-890, 891-910, 911-930, 945-964, 971-

990, 991-1010, 1011-1030, 1031-1050, 1051-1070. Avoiding such eruptions is necessary due

to their large, but brief, impacts on global climate, which violate the linear trend assumptions

underlying the definition of the climate velocity [10]. We additionally calculate the full distribution

of non-overlapping 20-year climate speeds (again omitting large volcanic eruptions) in the Last

Millennium for use in Figure 3.4. Similarly, we choose ten 20-year time periods (years 5-24, 43-

62, 95-114, 124-143, 164-183, 259-278, 280-299, 336-355, 379-398, 465-484) from the Unforced

simulation to obtain a comparable sample size of 200 years, where relevant.

There is a wealth of ecological literature pertaining to the question of which climate speed

values and periods of time correspond to ecosystem impacts on land and in the ocean. We cite

only the most critical literature in the main body of the paper to remain within citation count

restrictions, and provide references here for a fuller selection of this body of work for terrestrial

ecosystems [9, 11, 149, 187–190], marine ecosystems [11, 131, 149, 187, 189], and interannual to

multidecadal range shifts [38–40, 191–195].

3.4.3 Additional data

We use a broad selection of data in Figure 3.4 to discuss the relative risk between a variety of

future scenarios of climate change and climate intervention and various depictions of the historical

period. Table 3.1 enumerates all datasets used with a brief description of each.

3.5 Data Availability

The 2-meter temperature data from Earth system models and reanalysis used in this study (see

Table 3.1 for compendium) have been deposited in the Open Science Framework database under
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Table 3.1: Table of all datasets used to calculate climate speeds.

Name Brief description Time used Resolution (lon x lat)

Last Millennium
[143, 146, 147]

CESM2(WACCM6ma) simulation of the millennium prior to 1850 Ten 20-year periods, and all non-
overlapping 20-year periods

2.5◦x1.89◦

SSP2-4.5
[134, 148]

CESM2(WACCM6) simulation of future climate change with moderate miti-
gation and slow deployment of negative emissions technologies

2045-2064 (10 ensemble members) 1.25◦x0.9◦

ARISE-1.5 [134] CESM2(WACCM6) simulation with SAI deployed in 2035 to maintain global
mean temperature, pole-to-pole temperature gradient, and pole-to-equator tem-
perature gradient at 2020-2039 mean against SSP2-4.5 forcing

2035-2054 (10 ensemble members) 1.25◦x0.9◦

ARISE-
DelayedStart [144]

CESM2(WACCM6) simulation with SAI deployed in 2045 to return global
mean temperature, pole-to-pole temperature gradient, and pole-to-equator tem-
perature gradient to 2020-2039 CESM1(WACCM5) mean against SSP2-4.5
forcing

2045-2064 (10 ensemble members) 1.25◦x0.9◦

CESM1-GLENS
[196]

CESM1(WACCM5) simulation with SAI deployed in 2020 to maintain global
mean temperature, pole-to-pole temperature gradient, and pole-to-equator tem-
perature gradient at 2010-2030 mean against RCP8.5 forcing

2020-2039 (21 ensemble members) 1.25◦x0.9◦

ARISE-1.0 [144] CESM2(WACCM6) simulation with SAI deployed in 2035 to return global
mean temperature, pole-to-pole temperature gradient, and pole-to-equator tem-
perature gradient to 2000-2019 mean against SSP2-4.5 forcing

2035-2054 (10 ensemble members) 1.25◦x0.9◦

UKESM1-ARISE-
1.5 [166]

UKESM1 simulation with SAI deployed in 2035 to return global mean tem-
perature, pole-to-pole temperature gradient, and pole-to-equator temperature
gradient to 2015-2034 mean against SSP2-4.5 forcing

2035-2044 (5 ensemble members) 1.875◦x1.25◦

RCP8.5 [196, 197] CESM1(WACCM5) simulation of future climate change with no mitigation 2045-2064 (3 ensemble members) 1.25◦x0.9◦

UKESM1-SSP2-
4.5 [148, 166]

UKESM1 simulation of future climate change with moderate mitigation and
slow deployment of negative emissions technologies

2035-2044 (5 ensemble members) 1.875◦x1.25◦

SSP1-2.6 [148] CESM2(WACCM6) simulation of future climate change with high mitigation
and rapid deployment of negative emissions technologies

2045-2064 (1 ensemble member) 1.25◦x0.9◦

CESM2-Historical
[57]

CESM2(WACCM6) simulation of the climate state over the historical period 1996-2015 (3 ensemble members) 1.25◦x0.9◦

ERA5 [169] Observationally-constrained estimate of the historical Earth system 1996-2015 (1 reanalysis) 0.25◦x0.25◦ , remapped to
1.25◦x0.9◦ to match CESM
simulations

Unforced
[129, 143]

CESM2(WACCM6) simulation of preindustrial conditions without external
forcings

10 randomly-selected 20-year periods 1.25◦x0.9◦

accession code 10.17605/OSF.IO/Z37ES: doi.org/10.17605/OSF.IO/Z37ES [198]. This archive

includes all data used in our figures and analysis, along with a datasheet that provides additional

documentation of relevant biases and technical characteristics [199].

Additionally, the complete raw datasets can be obtained at the following repositories and ci-

tations. ARISE-1.5 is available at the National Center for Atmospheric Research (NCAR) Cli-

mate Data Gateway under accession code 10.5065/9kcn-9y79 [200]. CESM2-SSP2-4.5 is avail-

able at the NCAR Climate Data Gateway under accession code 10.26024/0cs0-ev98 [201]. The

CESM2 Last Millennium is available at the NCAR Climate Data Gateway under accession code

10.26024/5dgt-qf16 [146]. CESM1-GLENS-SAI and CESM1-RCP8.5 are available together at

the NCAR Climate Data Gateway under accession code 10.5065/D6JH3JXX [196]. ARISE-

DelayedStart and ARISE-1.0 are located on the NCAR Globally Accessible Data Environment

file space while post-processing is conducted. The public permanent archive will be provided at

the ARISE community page: cesm.ucar.edu/community-projects/arise-sai. ARISE-DelayedStart

and ARISE-1.0 data used in our study is included at the Open Science Framework repository

[198]. UKESM1-ARISE-1.5 is available at the Centre for Environmental Data Analysis under ac-
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cession code 26b89d8d76bd40bfbaf9fedfa383e9cf [202]. UKESM1-SSP2-4.5 is available at the

World Data Center for Climate under accession code 10.26050/WDCC/AR6.C6SPMOU0 [203].

CESM2-SSP1-2.6 is available at the World Data Center for Climate under accession code 10.22033

/ESGF/CMIP6.10100 [204]. CESM2-Historical is available at the World Data Center for Climate

under accession code 10.22033/ESGF/CMIP6.10071 [205]. The CESM2 Unforced (preindus-

trial control) is available at the World Data Center for Climate under accession code 10.22033

/ESGF/CMIP6.10094 [206]. ERA5 is available at the Copernicus Climate Data Store under acces-

sion code 10.22033/ESGF/CMIP6.10094 [207].

3.6 Code Availability

Code used to process data and make all figures has been deposited at the Open Science Frame-

work under accession code 10.17605/OSF.IO/Z37ES [198]. This code is licensed under the Open

Software License 3.0.
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Chapter 4

Potential distribution of a top Arctic predator under

multiple climate futures

See footnote for publication information.3

4.1 Introduction

The impact of climate change on ecosystems is well-established around the globe [11, 19,

76, 131, 187]. Climate impacts to ecosystems can arise extrinsically, through the direct effects

of changing environmental conditions, or intrinsically, by altering species interactions within the

ecosystem [8]. Intrinsic changes frequently arise through impacts to specific species, known as “bi-

otic multipliers,” that have disproportionate influence on other organisms [12]. Top consumers are

often biotic multipliers as changes to their distribution or abundance disrupts vertical interactions

within the trophic web and lead to nonlinear impacts on the ecosystem as a whole [12, 13, 208].

Worsening climate impacts and the ongoing failure of global efforts to reduce emissions to

international targets [120,121,178] have motivated research into hypothetical climate intervention

methods to intervene in the Earth system to reduce climate risks [20, 21]. Stratospheric aerosol

injection (SAI) is one hypothetical proposal to emit reflective particles into the upper atmosphere

to reduce temperatures relative to a greenhouse forcing [20]. SAI has a low theoretical cost of

deployment and is the only known method by which global temperatures could be reduced within

a few years using near-future technology [21].

Potential extrinsic and intrinsic ecological impacts of SAI remain poorly understood. While

averting future warming would benefit ecosystems [209], SAI adds the potential for rapid changes

in temperature if the intervention were to be stopped while masking a higher radiative equilibrium

3This work is in preparation for publication as: Hueholt, D.M., E.A. Barnes, J.W. Hurrell, & A.L. Morrison. Potential

distribution of a top Arctic predator under multiple climate futures. To be submitted.
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(“termination shock”) or deployed to rapidly reduce global temperatures (“deployment shock”)

[136, 210]. There have been no studies to date on potential intrinsic changes or species-level

impacts under SAI; these were highlighted as key knowledge gaps by a recent community review

[37].

Species-level projections are often made using ecological niche models (ENMs), which es-

timate the potential distribution of a species based on its niche as learned from statistical rela-

tionships between historical observations of species occurrence and paired environmental data

[211–214]. A trained ENM can then predict the potential distribution based on environmental

data alone, which allows projection into past or future climates under the assumption that histor-

ical relationships between distribution and environment remain stable [213, 215, 216]. Maxent is

one widely-used ENM method which estimates the relative suitability for a species given species

detection information and a background field of environmental data [212, 215, 217]. In general,

ENMs such as Maxent are a robust method to project species occurrence into out-of-sample envi-

ronments [215, 218, 219].

Studies projecting future ecosystem change usually focus on the response to external forcings

such as climate warming or SAI (e.g., [9, 41–44]. The climate state at any given time is pro-

duced by the combination of the response to external forcings and the influence of natural internal

climate variability, for example, the El Niño-Southern Oscillation or Pacific Decadal Variabil-

ity [46, 47, 108, 220]. Internal variability is known to influence the distribution and abundance of

many species–especially in the Arctic, where organisms are often temperature-limited [38,39,187].

Hence, to anticipate ecological impacts, it is critical to characterize contributions from internal

variability in addition to the forced response. In climate science, storyline approaches examine

individual ensemble members to describe the combination of the forced response and internal vari-

ability together in creating a plausible future [50–53]. These methods have not yet been applied to

study ecosystem impacts.

We create a Maxent ENM [211] trained on citizen science observations from the eBird database

[221] and historical climate reanalysis [169] to explore impacts of climate change and SAI in the
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presence of natural variability on the potential distribution of a top Arctic predator, the Gyrfal-

con (Falco rusticolus) [222]. The Gyrfalcon is a large, predatory bird which has a top-down

predator-prey relationship with other tundra species (most notably two grouse species, the Wil-

low Ptarmigan [Lagopus lagopus] and Rock Ptarmigan [Lagopus muta]) [222–224]. This implies

the Gyrfalcon is a biotic multiplier and thus may be of outsize importance to the greater Arctic

ecosystem. We project the potential distribution of the Gyrfalcon under three ensemble simu-

lations in the Community Earth System Model 2 with Whole Atmosphere Community Climate

Model 6 (CESM2[WACCM6]) [57, 143] to explore various climate change futures with and with-

out SAI. The Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5) provides a moderate-mitigation cli-

mate change future without SAI, consistent with present policy [120, 121, 148]. Simulations from

the Assessing Responses and Impacts of Solar climate intervention on the Earth system (ARISE)

project where SAI is deployed in 2035 to maintain temperature at 1.5 ◦C above preindustrial near

the Paris Agreement target (ARISE-1.5) or to rapidly reduce temperature to 1.0 ◦C above prein-

dustrial (ARISE-1.0) depict two potential futures with climate intervention [134, 144].

4.2 Data

4.2.1 Reanalysis

We use 2m temperature from the European Reanalysis Version 5 (ERA5) as an observationally-

constrained estimate of the climate state [169, 170]. ERA5 horizontal resolution is 0.25◦ x 0.25◦;

this is coarse relative to the scale of individual bird observations, but adequate to represent regional

environmental conditions relevant to ecosystems [10]. The ERA5 record extends from 1940 to

present (2025 at time of writing). We choose the period 2013-2022 to pair with citizen science

observations from eBird as training data for the Maxent model. 10-year periods are recommended

for ENM training and eBird record density is greatest in more recent years [225,226]. We calculate

seasonal averages from May, June, and July to cover the peak breeding season of the Gyrfalcon,

when relationships between species distribution and climate are likely to be strongest [222, 227].
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4.2.2 Climate model output

We use 2m temperature from large ensemble simulations with the Community Earth System

Model 2 (CESM2) with Whole Atmosphere Community Climate Model 6 (WACCM6). CESM2

(WACCM6) is a high-top model (70 vertical layers, model top ≈140km) that explicitly simulates

the stratosphere and includes representations of the chemical and microphysical processes thought

to be relevant to SAI [58,143]. CESM2(WACCM6) is an extensively validated model which shows

reasonable agreement to mean-state stratospheric observations and those following volcanic erup-

tions including Pinatubo and Hunga Tonga-Hunga Ha’apai; it has been used to submit simulations

to the United Nations Intergovernmental Panel on Climate Change Coupled Model Intercompar-

ison Project [31, 57, 143, 228]. The horizontal resolution of the model is 1.25◦ longitude x 0.94◦

latitude in all simulations used in this work.

The Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5) scenario follows a moderate-mitigation

trajectory with no use of SAI [148]. SSP2-4.5 is consistent with present policy commitments

by governments and is projected to result in warming beyond international targets by the mid-

21st century [120, 121, 178]. The SSP2-4.5 simulations used here contain ten ensemble members

between 2015-2069; five ensemble members continue to 2100 [134]. A set of three Historical

simulations with the same model depict the 1850-2014 period. [57].

Two simulations from the Assessing Responses and Impacts of Solar climate intervention on

the Earth system (ARISE) project depict different scenarios where SAI is used to oppose green-

house warming. In ARISE-1.5, SAI is deployed in 2035 to maintain temperatures at the 2020-2039

average (≈1.5◦C above the model preindustrial value) against SSP2-4.5 forcings [134]. This illus-

trates a scenario where SAI is used to maintain the temperature target of the Paris Agreement. In

ARISE-1.0, SAI is deployed in 2035 to rapidly reduce global mean temperature to the 2000-2019

average (≈1.0◦C above the model preindustrial value) [144]. In both simulations, sulfur dioxide

is injected above the tropopause (≈21km) at 15◦ and 30◦ in both hemispheres with a proportional-

integral feedback-control algorithm used to maintain multiple climate targets: global temperature,

the pole-to-pole temperature gradient, and the pole-to-equator temperature gradient [134,144,181].
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These controller targets reduce unintended side effects on planetary circulations [36,134,181,196].

In both scenarios, SAI is assumed to be a global effort (“collective actor” scenario) deployed with-

out interruption [134]. Arctic mean (poleward of 50◦N, land-only) temperatures steadily increase

for SSP2-4.5, are maintained near the 2035 value for ARISE-1.5, and are rapidly reduced to the

lower target for ARISE-1.0 (Figure 4.1). Both ARISE-1.5 and ARISE-1.0 have 10 ensemble mem-

bers which run from 2035-2069.

Arctic May-July mean 2m temperature (land-only)

SSP2-4.5 
[10]: 2015-2069 

[5]: 2070-2100

ARISE-1.5 
[10]: 2035-2069

ARISE-1.0 
[10]: 2035-2069

˚C

Figure 4.1: Seasonal May-July mean land-only 2m temperature for the Arctic region (poleward of 50◦N)

in the SSP2-4.5 (10 members 2015-2069, 5 members 2070-2100), ARISE-1.5 (10 members 2035-2069),

and ARISE-1.0 (10 members 2035-2069) simulations. Thick lines denote ensemble mean and shading

encompasses maximum to minimum value across the ensemble. Ensemble size over time period is given in

label below the simulation name.

43



4.2.3 Bias adjustment of climate model output

We use quantile mapping to bias-adjust all simulations from the ensemble mean of the CESM2

(WACCM6) Historical simulations to the 1940-1970 period in ERA5 [229, 230]. This period is

less reliable than data later in ERA5 as it predates the satellite record; we choose this period as a

baseline in order to compare the two datasets before climate change becomes large. We bias-adjust

to the ensemble mean of CESM2(WACCM6) to identify the biases originating from structural

differences between this model and ERA5. As a plausibility check relative to the ERA5 baseline

(Figure C.1a), the bias-adjusted 2m temperature fields result in much more realistic ENM output on

years outside the training data (Figure C.1b) than the raw fields produce on their own (Figure C.1c).

The future simulations with and without SAI use the same bias adjustment calculated from the

historical period. This methodology assumes the structural bias of the model remains the same

under future warmer climate states and those under SAI, and does not aim to adjust for biases in

warming trends or climate sensitivity.

4.2.4 Gyrfalcon detection data

We take observations of Gyrfalcons from May, June, and July (MJJ) between 2013-2022 from

the eBird database for our training data [221]. eBird is a semi-structured citizen science database

consisting of user-submitted “checklists,” which describe observations of bird species, quantity,

and survey effort metadata including location information [231, 232]. eBird is quality-controlled

by a combination of automated statistical filters and volunteer reviewers to ensure reliability for

scientific applications [226]. While the Gyrfalcon breeding season extends from April to August,

we use the MJJ months to avoid records of migratory individuals in April and August which may

distort population-climate relationships during ENM training [222, 227, 233, 234].

To ensure representative matching between eBird observations and environmental data from

ERA5, we remove checklists where the distance traveled is greater than 20km, or where the speed

is greater than 100 km/hr. We do not filter based on the checklist duration. These restrictions are

looser than standard recommendations for niche modeling with eBird data [231, 232], as these are
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intended for use with higher-resolution satellite datasets. The coarser grid sizes of our environmen-

tal datasets permit matching with coarser-resolution checklists. To account for sampling biases in

space and time, we subsample to a space-time grid of 25 km in space and 92 days in time using the

Auk package [235] to reflect the nominal resolution of ERA5 reanalysis per MJJ season [232].

We include checklists under the Stationary, Traveling, and Historical protocols. Many Gyrfal-

con observations are entered under the Historical protocol as they originate from historical data

that did not record metadata required by the eBird database. We do not apply a filter based on

the number of observers. While large numbers of observers (⪆ 10) impede detectability for many

species [232], our analysis of the dataset indicate that many Gyrfalcon records come from large

ecotourism expeditions which specifically visit breeding locations.

We exclusively use detection data for the Gyrfalcons and do not infer nondetections using the

full eBird dataset. Thus, our modeling framework takes a presence-background (or detection-

background) approach rather than a presence-absence (or detection-nondetection) approach [217].

Using eBird as a presence-background dataset loses affordances of the full detection-nondetection

dataset–most notably, it precludes modeling of the encounter rate [215, 217, 231]. However, it

allows the inclusion of records which would otherwise be filtered out due to incomplete metadata.

This is an asset for studying species such as the Gyrfalcon which occupy remote locations with

sparse records.

4.3 Model

4.3.1 Maxent modeling

The Maxent model (version 3.4.4 [236]) is a machine learning method to predict the po-

tential distribution of a species based on paired georeferenced observations and environmental

data [211, 212]. Maxent is a presence-background method: given paired detection-environmental

observations as well as a background field of environmental data over the region of interest, Max-

ent learns the distribution that fits the detection data while minimizing departures from uniform

distribution over the area [211, 217]. Maxent has been extensively used, validated, and docu-
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mented within ecology. We briefly summarize the model construction below (derived from [212]

and [217]), and refer readers to previous work in statistical ecology for more comprehensive dis-

cussion [211, 212, 217, 237].

Maxent uses an exponential model to estimate the ratio of the probability distribution function

(pdf) of environmental data over sites with detections to the background field of all environmental

data (Equation 4.1).

eα+β·h(z) =
f1(z)

f(z)
(4.1)

In Equation 4.1, α is a normalizing constant, β refers to the weights optimized by maximizing

the penalized log likelihood objective function, and h(z) the feature vector of environmental data.

f1(z) refers to the pdf of environmental variables across locations where the species is detected,

and f(z) the pdf of environmental variables at all locations in the domain of interest. By Bayes’

rule (Equation 4.2),
f1(z)
f(z)

is proportional to the encounter rate Pr(detection|z).

Pr(detection|z) =
f1(z)

f(z)
Pr(detection) (4.2)

Obtaining Pr(detection) to calculate the encounter rate requires further assumptions about the

sampling strategy which are not straightforward with the combination of citizen science records

and coarse environmental data we use here [215, 217]. Without this term, the raw output from

Maxent represents a qualitative metric of “relative suitability." Relative suitability sums to 1 over

the domain, with higher and lower values denoting regions of greater and lesser suitability for

the species [217, 236]. Since this provides sufficient information for our purpose of qualitatively

illustrating future changes in potential distribution, we use the raw output from Maxent directly

without attempting to derive the encounter rate.

The presence data for the model consists of checklists with Gyrfalcon detections from the

eBird database between 2013-2022 (processed as described in Section 4.2.4) matched with MJJ-

average 2m temperatures from ERA5 at the closest grid cell. The background dataset consists

of all ERA5 MJJ-average 2m temperature data above 50 ◦N from the time period matching the
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eBird observations. This provides a regular sample of the background climate state. A 10-year

period of training data is standard for ecological niche modeling [225]. Once trained, we project

the model to various periods in the bias-adjusted climate model simulations. This assumes that

the population-climate relationships identified in the reanalysis apply to the bias-adjusted model

output. Training on the CESM2 Historical simulations directly is not possible, as contributions

from climate variability in the free-running simulations will be out of phase with those from the

real-world realization implicit in the eBird observations. If the environmental data and the species

observations are not drawn from the same climate state, the ENM may learn spurious statistical

relationships during training [225].

Qualitatively, the model successfully represents Gyrfalcon detections in an out-of-sample test-

ing year from the ERA5 dataset (2024, Figure 4.2a). Detections overlap with the regions of high

2024 ERA5
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Figure 4.2: Relative suitability from Maxent model for 2024 in ERA5 (a), and projected to the ensemble

mean of 2024 in SSP2-4.5 (b). Dots in [a] represent locations of eBird checklists with Gyrfalcon detections

in 2024 (n=127). Ocean area is masked.

suitability, with no detections in regions where suitability is low. Since the simulated realizations

of climate variability do not match the real world, output from the Maxent model projected to

2024 in SSP2-4.5 (Figure 4.2b) cannot be compared directly to ERA5 (Figure 4.2a) to evaluate
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local model performance. On a broad scale, both figures align with maps created by expert judg-

ment reflecting current and historical average distribution of the species [222]. The Area Under the

Curve (AUC) score for the model on its training data is 0.868, consistent with standard guidelines

for adequate performance of an ENM [211].

The default hyperparameters of Maxent are intended to apply to most species without tuning

[211]. Given the above performance, we have no compelling reason to change these default values:

a regularization multiplier of 1, a maximum of 500 iterations, a convergence threshold of 0.00001,

and no adjustment to sample radius. In the Open Science Framework archive accompanying this

work, we provide a completed Overview, Data, Model, Assessment and Prediction (ODMAP)

protocol [216] for further transparency around our modeling approach.

4.4 Results

4.4.1 Substantial shifts in habitat suitability over the historical record

Over the 84-year ERA5 record, habitat suitability for the Gyrfalcon generally contracts pole-

ward around the circumpolar region (Figure 4.3a). In regions with complex topography, such as

the Rocky Mountains in Canada, suitability shifts up the elevation gradient toward cooler temper-

atures. Suitable area contracts in low-latitude mountainous regions (e.g., the Stanovoy Range);

here, warming temperatures render the elevated topography less suitable and the nearby lowland

regions remain unsuitable. This region is south of the present-day breeding range of the Gyrfal-

con, though within their range during the Last Glacial Maximum [227]. Overall, these results are

consistent with a climate velocity framework where species follow their thermal niches poleward

and upslope, with contraction at transport barriers [9, 18].

Some regions, such as the Brooks Coast of Alaska, show trends counter to expectations of

poleward range shifts from the forced response to warming (Figure 4.3a). This is likely due to

the influence of climate variability, which will be large across the difference of any two single

years. The ensemble mean of CESM2 estimates the forced response over the historical period

(Figure 4.3b), and shows a uniform shift in range poleward and upslope to within the limitations
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Figure 4.3: Difference in relative suitability from Maxent model between 2024 and 1940 in ERA5 (a), and

between the 2015-2024 (SSP2-4.5) and 1850-1899 (Historical) periods in the ensemble mean. Ocean area

is masked.

of the coarse model topography. Isolating the forced response in the single realization of climate

variability in ERA5 for a direct comparison is challenging. A difference of 30-year periods is

conventionally taken to provide an estimate of the forced response (Figure C.2), but may be ques-

tionable in the Arctic given high regional climate variability [122]. The 30-year difference does

show a more uniform poleward and upslope shift (Figure C.2), similar to the forced response in

CESM2 (Figure 4.3b).

4.4.2 Distinct forced responses to climate change and intervention

The difference of mid-century 5-year time periods in the ensemble mean in SSP2-4.5 shows

a continued uniform poleward contraction in the habitat suitability (Figure 4.4a). Low-latitude

sites in Alaska and Canada (Figure 4.2a, [222]) without connectivity to suitable area at higher

latitudes may be vulnerable to local extinctions in the mid-century, similar to the retreat from the

Stanovoy Range after the Last Glacial Maximum [227]. Studying suitability in 5-year time periods

is consistent with the known interannual variability of Gyrfalcon populations [222–224].
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Figure 4.4: Ensemble mean of relative suitability from Maxent model for the difference of 2045-2049 and

2030-2034 in SSP2-4.5 (a), ARISE-1.0 (b), and ARISE-1.5 (c). Ocean area is masked.

To isolate the effect of the SAI intervention in the ARISE simulations, we take the difference of

the ensemble mean of 5-year time periods immediately before SAI deployment (2030-2034) and

beginning 15 years after deployment (2045-2049). This comparison captures the greatest change

during the deployment shock in the first 20 years of ARISE-1.0 [210], and depicts how suitability

would change before and after the SAI deployment (i.e., a “snapshot around deployment” [165]).

The 10-member ensemble effectively increases the sample size of these 5-year periods to 50 years

which likely provides an effective estimate of the forced response in temperature [238]. Together

with the very large signal-to-noise ratio in the ARISE-1.0 scenario, it is thus unlikely that trends in

these difference maps (Figure 4.4b) are due to internal variability alone.

In some regions, ARISE-1.0 shows the opposite trend (Figure 4.4b) as compared to SSP2-

4.5 (Figure 4.4a) in response to the rapid temperature reduction (Figure 4.1). Eurasia and much

of Canada exhibit a strong equatorward shift under ARISE-1.0 (Figure 4.4b), in contrast to the

poleward contraction under SSP2-4.5 (Figure 4.4a). Other regions show distinct responses between

the two simulations. Alaska shows a contraction in suitable area poleward and upslope under SSP2-

4.5 (Figure 4.4a), but no clear trend in ARISE-1.0 (Figure 4.4b); Iceland exhibits no strong trend
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under SSP2-4.5 (Figure 4.4a), but loses suitability in ARISE-1.0 (Figure 4.4b). These distinct

trends in habitat suitability illustrate the importance of studying potential SAI impacts across a

range of variables and modeling frameworks, rather than assuming that these will follow global

mean target values in opposing no-SAI climate change trends.

In ARISE-1.5, changes are smaller in magnitude (Figure 4.4c) than ARISE-1.0 (Figure 4.4b)

or SSP2-4.5 (Figure 4.4a). On a circumpolar scale, there is no clear directionality to the response

in ARISE-1.5; different regions exhibit both poleward and equatorward shifts. This shows forced

trends are much smaller in a scenario where global temperature is maintained than when SAI is

used for rapid temperature reduction.

4.4.3 Suitability storylines

We take a storyline approach by exploring two individual realizations under the SSP2-4.5 and

ARISE-1.0 scenarios. These storylines illustrate plausible cases of how the habitat suitability of

this species may evolve under different forced responses and realizations of natural variability.

In member 4 of SSP2-4.5, the overall poleward shift associated with the warming trend (Fig-

ure 4.5a,b,c) is both opposed and amplified by contributions from internal variability at different

times (Figure 4.5d,e,f). The poleward shift in the coastline of central Asia is amplified by internal

variability in the 2045-2049 period, but subsequently suppressed in 2060-2064. In Arctic Canada,

equatorward trends from internal variability suppress the poleward shift from the forced response

in the 2060-2064 period (Figure 4.5f), with smaller effects in the other periods (Figure 4.5d,e).

Member 7 of ARISE-1.0 shows how internal variability can act to amplify the forced response.

Poleward shifts driven by internal variability increase the equatorward shift forced by the deploy-

ment shock (Figure 4.6d,e,f). This contributes to large movement equatorward in habitat suitabil-

ity; in central Asia, the primary band of highest suitability values do not overlap between 2030-

2034 (Figure 4.6d) and 2045-2049 (Figure 4.6e). This is a remarkable shift in suitability for such

a short time period.
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Figure 4.5: Storyline of relative suitability from Maxent model for member 4 of the SSP2-4.5 ensemble (a,

b, c) and the difference between each time slice and the ensemble mean in the same period (d, e, f). Ocean

area is masked out.

These storylines demonstrate substantial contributions from internal variability to regional pat-

terns of species-level suitability in a given climate state, even under very large external forcings

such as the ARISE-1.0 scenario (Figure 4.6). While the ensemble mean is important for under-

standing the forced response (Figure 4.4), storylines illustrate the realized climate conditions that

may affect an ecosystem (Figure 4.5, Figure 4.6).

4.5 Discussion

Our results show large, short-term forced change in habitat suitability associated with a single

species during the deployment shock associated with the use of SAI for rapid temperature reduction

(Figure 4.4b), which equals or exceeds the forced response under climate change with present pol-

icy and no SAI (Figure 4.4a). When SAI is used to maintain temperature, in contrast, forced trends

in suitability are much weaker (Figure 4.4c). The contrast in the forced response between SAI sce-
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Figure 4.6: Storyline of relative suitability from Maxent model for member 7 of the ARISE-1.0 ensemble

(a, b, c) and the difference between each time slice and the ensemble mean in the same period (d, e, f).

Ocean area is masked out.

narios where the intervention is used to rapidly reduce temperature and those where temperature is

maintained are consistent with high-level findings based on thermal conditions alone [210].

Effective ecological niche modeling relies on identifying robust relationships between the

species of interest and environmental conditions. Following standard methods, we use a 10-year

period (2013-2022) of paired species observations and environmental data for training [225]. Ide-

ally, the training data for an ENM is drawn from a stationary climate state to ensure that the

relationships between species detections and environmental data are in pseudo-equilibrium. Arctic

environmental change in the early 21st century was already large; in particular, this is the period

where the Arctic climate state became dominated by the warming trend over internal variability

(e.g., Chapter 2, or [239]). Therefore, 2013-2022 is not an ideal baseline for training; still, good

performance on out-of-sample observations (Figure 4.2a) suggests the model is qualitatively re-

liable despite these challenges. Future work could compare models trained over different time
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periods throughout the 20th century to identify tradeoffs between sparser training data and a more

stationary climate.

Many avenues exist to enrich our niche modeling approach. Formally modeling the encounter

rate by using eBird data in a detection-nondetection framework would facilitate quantitative anal-

ysis that may be more directly interpretable for conservation. Including more variables in the

ENM, such as seasonal temperature extremes, growing degree days, and precipitation metrics,

would provide further environmental covariates relevant for the historical distribution and future

climate scenarios [222]. We stress that our results are not meant as a predictive model, but to

provide a starting point to consider the impacts and relative risks of climate change and SAI on an

ecologically-significant top consumer species.

The Maxent approach we use illustrates changes in potential distribution, but cannot answer

the question of whether this would necessarily induce range shifts in the Gyrfalcon. Gyrfalcons

are known to be sensitive to interannual climate variability both directly and through impacts to

prey species [222–224]. Previous ENM approaches have successfully represented Gyrfalcon dis-

tribution shifts on paleoclimate timescales [227]. If the Gyrfalcon distribution does change, it is

possible that nonlinear impacts would occur to the rest of the tundra ecosystem through disruption

to vertical trophic interactions. In the context of SAI deployment, it is unclear what the impacts

would be if distribution of the top predator contracts poleward on short timescales followed by

a subsequent rapid shift back into its former range. While the Gyrfalcon may simply recolonize

the region, it is also possible that state changes in the ecosystem are not fully reversible [8]. Fu-

ture work could explicitly model species interactions within the tundra, such as the predator-prey

system between the Gyrfalcon and ptarmigan species.
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Chapter 5

Summary and Future Research

5.1 Summary

We demonstrate the use of large ensembles to study climate conditions that are known to lead

to extrinsic and intrinsic ecosystem change. In Chapter 2, we applied this approach with grow-

ing degree days to disentangle contributions of forced change and internal variability from Arctic

greening under climate change. In Chapter 3, we examined climate speeds to understand the ef-

fect of very large extrinsic changes imposed by rapid temperature reduction under SAI. Finally, in

Chapter 4, we carried out a species-level analysis of changes in the Gyrfalcon, a biotic multiplier

which leads to intrinsic change in the Arctic tundra.

5.2 Future research

It is well-established that many large-scale climate conditions lead to ecological impacts in

ecosystems beyond those studied in this dissertation. Examples of candidate climate conditions

for further study include: hyperthermic thresholds linked to mass mortality events [240], anoxic

thresholds of marine species survival [10], and growing degree days connected to alpine green-

ing [241]. The framework that we demonstrate here to study these climate conditions through

storylines and statistics in large ensembles could be immediately applied to such cases. Targeted

ecosystem dynamical modeling and process-based modeling would complement these studies by

exploring how climate-driven changes in individual ecosystems evolve in finer detail.

The “crossover" metric from Chapter 2 shows promise as a statistical method to more broadly

explore changes to the climate state. Due to its lack of necessary prior assumptions, crossover may

be particularly well suited to studying polar climate variables which often exhibit nonlinearity,

heteroscedasticity, and non-normal distributions. In systems such as Arctic sea ice where time of

emergence has been characterized with other methods (e.g., [239]), future work could intercom-
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pare the results of these methods with those of the crossover statistic. Identifying the sources of

differences between these methods may provide new insight into how forced change emerges from

climate variability, and characterize when to use different methods of determining emergence with

a given quantity of interest.

Storylines provide a rich tool to study and anticipate future ecosystem change and could be

applied to many more ecosystems and modeled datasets. Larger ensembles provide more climate

states to help anticipate extreme or otherwise surprising contributions from climate variability.

Machine learning-based emulators with rapid generation times of very large ensembles raise the

possibility of sampling a much wider distribution of climate statistics [49], although these mod-

els presently are limited in their output variables and not coupled on climate timescales [242].

Storylines have proven effective at communicating uncertainty in climate hazards to non-scientist

stakeholders [52], and may be similarly beneficial in ecological settings where collaborations with

planning practitioners and land managers are important.

There are many avenues to further incorporate climate information into ecological projec-

tions and forecasting. Storyline and composite analysis may help identify sources of coupled

climate variability that can be applied for predicting ecological change on subseasonal to decadal

timescales. Few studies have examined how uncertainty in the climate data used as inputs to niche

models influences the projections of potential distribution. In particular, it has not been quantified

how the relative contributions of the four major forms of climate uncertainty–internal variability,

choice of scenario or forcing, structural uncertainty, and pattern uncertainty [123, 124]–impact

output from niche modeling. The impact of providing climate information to niche models on dif-

ferent timescales (annual to multidecadal) is not well constrained. These different timescales will

reflect different contributions from internal variability and the forced response, and will have dis-

tinct species-level impacts. For example, many animals are highly sensitive to variability between

individual years [38,40], while certain trees respond only on multidecadal time horizons [112]. In-

terdisciplinary collaboration between ecologists and climate scientists could ensure the best match

between the environmental data and species of interest for a given analysis. Discussions with land
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managers and wildlife scientists would be key to producing information from climate-informed

ecological analysis that supports conservation goals for vulnerable ecosystems and species.
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Appendix A

Supplementary Information for Chapter 2

A.1 Supplementary Figure for Chapter 2
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Figure A.1: Forced crossover (ensemble mean >80% of Preindustrial samples) and median no-analog

crossover (ensemble member >100% of Preindustrial samples) in growing degree days from the Community

Earth System Model 2 Large Ensemble (LENS2) for all points poleward of 50 ◦N.

A.2 Supplementary Videos for Chapter 2

Supplementary Videos B.1-B.4 are archived at the Open Science Framework: osf.io/2ncfv/.

The captions for each video are below.

B.1 Video B.1. Left panel: Sea surface temperature anomalies in members from the Community

Earth System Model 2 Large Ensemble (LENS2) corresponding to the average of the highest

20% of growing degree days in each decade 1850-2100 for the Brooks Range of Alaska

(gray dot). Right panel: corresponding timeseries of growing degree days in LENS2 for
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same location; gray thin lines show all members, with pink thin lines denoting members

with SSTs averaged in left panel.

B.2 Video B.2 Left panel: Sea surface temperature anomalies in members from the Community

Earth System Model 2 Large Ensemble (LENS2) corresponding to the average of the lowest

20% of growing degree days in each decade 1850-2100 for the Brooks Range of Alaska

(gray dot). Right panel: corresponding timeseries of growing degree days in LENS2 for

same location; gray thin lines show all members, with pink thin lines denoting members

with SSTs averaged in left panel.

B.3 Video B.3 Trends in growing degree days in Global Historical Climatology Network

(GHCN) stations 1873-2022 with daily data coverage greater than 97% over 30-year periods.

Dots represent individual stations; dots outlined in a circle show where trends fall outside

the distribution calculated at the closest grid point in the Community Earth System Model 2

Large Ensemble (LENS2).

B.4 Video B.4 Trends in growing degree days in Global Historical Climatology Network

(GHCN) stations 1873-2022 with daily data coverage greater than 97% over 10-year periods.

Dots represent individual stations; dots outlined in a circle show where trends fall outside

the distribution calculated at the closest grid point in the Community Earth System Model 2

Large Ensemble (LENS2).
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Appendix B

Supplementary Figures for Chapter 3
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Figure B.1: Percent of global land [a] and ocean [b] area exposed to 20-year ensemble mean climate speeds

beyond selected threshold values in Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5), Last Millennium, and

Assessing Responses and Impacts of Solar climate intervention on the Earth system (ARISE) 1.5 and De-

layedStart simulations. Climate speeds are calculated over the ensemble mean of 2035-2054 (ARISE-1.5),

2045-2064 (ARISE-DelayedStart and SSP2-4.5), and the mean of ten 20-year periods (Last Millennium).

Colors visually distinguish different datasets.
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(Ten 20-year periods) Unforced

+50

+30+10+5+2-2-5-10

-50

-30

Climate speed of 2m temperature (km/yr)

Land Ocean
[a] [b]

120˚W 0˚ 120˚E

60˚N

60˚S

0˚

120˚W 0˚ 120˚E

60˚N

60˚S

0˚

Figure B.2: Climate speeds in the mean of ten 20-year periods (to match ensemble size of other simulations,

see Methods) in the Unforced simulation. The sign indicates whether the change in temperature associated

with the climate speed is positive or negative. See Figure B.8 for maps for each interval. Masked area shown

in gray (ocean for [a], land for [b]).
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Figure B.3: Climate speeds during the 20-year period immediately following deployment of stratospheric

aerosol injection (SAI) on land [a] and ocean [b] in the ensemble mean of Assessing Responses and Impacts

of Solar climate intervention on the Earth system (ARISE) DelayedStart minus the ARISE-1.5 simulation.

The sign indicates whether the change in temperature associated with the climate speed is positive or nega-

tive. Masked area shown in gray (ocean for [a], land for [b]).
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Figure B.4: 20-year climate speeds (2045-2064) for land (top half) and ocean (bottom half) in each of the

ten ensemble members of Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5). Masked area shown in gray

(ocean for top half, land for bottom half).
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Figure B.5: 20-year climate speeds for land (top half) and ocean (bottom half) in each of the ten intervals

treated as different ensemble members in the Last Millennium simulation for Figures 3.1, 3.3, and B.1

Masked area shown in gray (ocean for top half, land for bottom half).
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ARISE-1.5
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Figure B.6: 20-year climate speeds (2035-2054) for land (top half) and ocean (bottom half) in each of the

ten ensemble members of the Assessing Responses and Impacts of Solar climate intervention on the Earth

system-1.5 (ARISE-1.5) simulation. Masked area shown in gray (ocean for top half, land for bottom half).
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Figure B.7: 20-year climate speeds (2045-2064) for land (top half) and ocean (bottom half) in each of

the ten ensemble members of Assessing Responses and Impacts of Solar climate intervention on the Earth

system-DelayedStart (ARISE-DelayedStart) simulation. Masked area shown in gray (ocean for top half,

land for bottom half).
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Figure B.8: 20-year climate speeds for land (top half) and ocean (bottom half) in each of the ten intervals

treated as different ensemble members in the Unforced simulation for Figure B.2. Masked area shown in

gray (ocean for top half, land for bottom half).
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Figure B.9: Global median climate speeds of 2m temperature over land and ocean in Shared Socioeconomic

Pathway 2-4.5 (SSP2-4.5), Last Millennium, and Assessing Responses and Impacts of Solar climate inter-

vention on the Earth system (ARISE) 1.5 and DelayedStart simulations. Open circles denote climate speeds

with magnitudes within the mean dispersal speed of terrestrial or ocean species, closed circles signify cli-

mate speeds with magnitude exceeding mean dispersal speeds, and vertical bars show the ensemble mean.

In [a], climate speeds are calculated over 2035-2054 (ARISE-1.5), 2045-2064 (ARISE-DelayedStart and

SSP2-4.5), and every non-overlapping 20-year period avoiding large volcanic eruptions (Last Millennium).

In [b], climate speeds are calculated over 2035-2054 (ARISE-1.5), 2045-2064 (ARISE-DelayedStart and

SSP2-4.5), and ten 20-year periods avoiding large volcanic eruptions (Last Millennium) and illustrate both

the sign and magnitude of the responses. Colors visually distinguish different datasets.
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Figure B.10: 20-year rate of temperature change per year vs. percent of area exposed to a climate speed

with magnitude greater than 10 km/yr, demonstrating the influence of grid resolution on the calculated

climate speed in European Reanalysis 5 (ERA5). Horizontal black bar provides reference line of constant

area exposed to provide greater clarity of the subtle difference between the three figures. Community Earth

System Model 2-Shared Socioeconomic Pathway 1-2.6 (CESM2-SSP1-2.6) and CESM2-SSP2-4.5 shown

for visual context. See Table 1 and Methods for detailed descriptions of each dataset. Colors visually

distinguish different datasets.
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Figure B.11: 20-year climate velocities in the ensemble mean for Shared Socioeconomic Pathway 2-4.5

(SSP2-4.5) [a], Assessing Responses and Impacts of Solar climate intervention on the Earth system 1.5

(ARISE-1.5) [b], and ARISE-DelayedStart [c] simulations. The sign indicates whether the change in tem-

perature associated with the climate velocity is positive or negative. Data regridded to 2.5◦x2.5◦ for visual

clarity.
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Appendix C

Supplementary Figures for Chapter 4
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Figure C.1: Relative suitability from Maxent model for the year 2024 in ERA5 (a), projected to the ensem-

ble mean of 2024 in SSP2-4.5 with bias adjustment to the 1940-1970 period in ERA5 (b), and projected to

the ensemble mean of 2024 in SSP2-4.5 with no bias adjustment. Dots in [a] represent locations of eBird

checklists with Gyrfalcon detections in 2024 (n=127).
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Relative suitability SSP2-4.5 (1995–2024) – (1940–1969)
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Figure C.2: Difference in relative suitability from Maxent model between 1995-2024 average and 1940-

1969 average in ERA5.
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