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Abstract

Climate and Earth system models are important tools to assess the benefits and risks of stratospheric aerosol injection (SAI)
relative to those associated with anthropogenic climate change. A “controller” algorithm has been used to specify injection
amounts of sulfur dioxide in SAI experiments performed with the Community Earth System Model (CESM). The experiments
are designed to maintain specific temperature targets, such as limiting global mean temperature to 1.5°2C above the pre-industrial
level. However, the influence of natural climate variability on the injection amount has not been extensively documented. Our
study reveals that more than 70% of the year-to-year variation in the total injection amount (excluding the long-term trend)
in CESM SAI experiments is attributed to the El Nifio-Southern Oscillation (ENSO). A simplified statistical model further
suggests that the intrinsic, lagged response of the controller to the climate can increase the variance of global mean temperature

in the model simulations.
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Key Points:
e The SAI controller applied in the CESM2 ARISE-SAI-1.5 simulation is significantly
impacted by ENSO.

e The lagged response of the current SAI controller could lead to an increase in the
variance of global mean surface temperature.
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Abstract

Climate and Earth system models are important tools to assess the benefits and risks of
stratospheric aerosol injection (SAI) relative to those associated with anthropogenic climate
change. A “controller” algorithm has been used to specify injection amounts of sulfur dioxide in
SAI experiments performed with the Community Earth System Model (CESM). The experiments
are designed to maintain specific temperature targets, such as limiting global mean temperature
to 1.5°C above the pre-industrial level. However, the influence of natural climate variability on
the injection amount has not been extensively documented. Our study reveals that more than
70% of the year-to-year variation in the total injection amount (excluding the long-term trend) in
CESM SAI experiments is attributed to the El Nifio-Southern Oscillation (ENSO). A simplified
statistical model further suggests that the intrinsic, lagged response of the controller to the
climate can increase the variance of global mean temperature in the model simulations.

Plain Language Summary

As global temperatures rise due to increasing greenhouse gas (GHG) emissions, more attention
has been given to exploring the feasibility of stratospheric aerosol injection (SAI) as a means of
counteracting global warming. Several SAI simulations based on numerical climate models
utilize a "controller" algorithm to maintain global temperatures by adjusting aerosol injection
amounts on an annual basis. However, our findings reveal a strong influence of El Nifio-
Southern Oscillation (ENSO) on the "controller" regarding the injection amounts. This
unexpected influence goes beyond the original design intent of the controller. Statistical analyses
further indicate that the current controller, while successfully preventing global warming, can
lead to an increased variance in global mean temperature.

1 Introduction

To mitigate global warming and projected future increases in weather and climate
extremes, greenhouse gas emissions must be dramatically reduced (Meinshausen et al., 2009;
IPCC, 2021). However, current and planned emission reductions will likely not be sufficient to
limit global warming to well under the 2°C goal of the Paris Agreement. This motivates studies
exploring climate intervention (or ‘geoengineering’) as a possible approach to stabilize or reduce
global temperatures and possibly buy more time for emission reductions and the implementation
of climate adaptation measures. Stratospheric aerosol injection (SAI) may be one of the most
effective climate intervention approaches (e.g., Caldeira et al., 2013; NRC, 2015; Xu et al., 2020;
NASEM, 2021). By forming reflective aerosols in the stratosphere through injections of sulfate
particles (e.g., sulfur dioxide), SAI aims to reflect a small percentage of incoming solar radiation,
thus potentially offsetting greenhouse gas warming and minimizing some of the risks associated
with anthropogenic climate change.

Climate model simulations have been used to investigate both the benefits and potential
risks of SAI in the context of climate change (e.g., Kravitz et al., 2015; Mills et al., 2017; Richter
et al., 2022). MacMartin et al. (2014) introduced an SAI ‘controller’ algorithm to determine the
injection amounts and locations of sulfur dioxide needed each year to reach and maintain
prescribed temperature targets, such as the global mean surface temperature (GMST), the
hemispheric temperature gradient, and the pole-to-Equator temperature gradient (referred to as
TO, T1, and T2, respectively in Kravitz et al. 2017). To achieve this, at the end of each simulated
year, the controller calculates and compares the annual-mean values of GMST, T1, and T2 with
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the respective values from the target climate period. A matrix calculation (based on the climate
sensitivity to SAI) is then applied to calculate the amount of sulfate particles needed at different
latitudes for the next year to offset the differences in GMST, T1, and T2 between the current
year and the target climate.

The National Center for Atmospheric Research (NCAR) recently released a new
ensemble of SAI experiments using the Community Earth System Model, version 2 (CESM2;
Danabasoglu et al. 2020), which also employed this controller algorithm (Richter et al. 2022).
The Assessing Responses and Impacts of Solar climate intervention on the Earth system with
Stratospheric Aerosol Injection (ARISE-SAI) results demonstrate the effectiveness of the
controller algorithm in maintaining the GMST at 1.5°C above its pre-industrial value (Fig. S1a).
The ensemble-averaged sulfate injection amount in ARISE-SAI-1.5 shows a nearly-linear
increase with time, which resembles the increase in greenhouse gas (GHG) concentrations under
the moderate Shared Socioeconomic Pathway scenario of SSP2-4.5 scenario (O'Neill et al.,
2016) used in the simulations. However, the total injection amounts differ significantly across
individual ensemble members (Fig. S1b). This suggests that the controller may be responding not
only to the forced warming but also to inter-annual temperature fluctuations driven by model-
generated internal variability (thin blue lines in Fig. S1a). The El Nifio-Southern Oscillation
(ESNO) is one of the most dominant modes of internal variability that influences both global as
well as regional climate (Ropelewski & Halpert, 1987; Wang et al., 2017). Thus, it is possible
that inter-annual variations in injection amounts are related to the controller's response to ENSO,
over and above the injection amounts needed to offset the externally-forced global warming.
Such responses might introduce unexpected fluctuations in both the SO; injection amount and
GMST.

Another issue related to the controller is the ‘lagged response’ intrinsic to the controller
algorithm. The injection amount determined by the controller for the following year is based on
the current year’s climate. If ENSO influences the controller, the injection amount for the
following year will be calculated based on both the forced warming and the ENSO-driven
temperature changes from the current year. However, as the phase of ENSO can change quickly,
even by the following year (Stein et al., 2010). this may lead to a mismatch between the injection
amount and the ENSO-driven temperature variation. Consequently, the injection amounts may
not adequately maintain the temperature targets, or they may even exacerbate temperature
fluctuations in the following year. This mismatch may thus introduce potential side effects to
global and regional climate, particularly during years with quick transitions of ENSO.

Inspired by the two potential issues described above, we focus on two questions in this
study: (1) How much does ENSO impact the injection amounts determined by the controller; and
(2) to what extent does the lagged response of the controller affect the simulated climate?

2 Data and Methods
2.1 Model simulations

Our analyses are based on ensemble simulations using the Community Earth System
Model, version 2, with the Whole Atmosphere Community Climate Model, version 6
(CESM2(WACCMS6); Danabasolgu et al., 2020). For studies of climate intervention using SAI,
representation of the entire stratosphere, including dynamics and chemistry, is needed to capture
the transport of stratospheric aerosols and their interactions with stratospheric constituents such



101
102
103

104
105
106
107
108
109

110
111
112
113
114
115

116

117
118
119
120
121

122
123
124
125
126
127
128

129

130
131
132
133
134
135

136
137
138

manuscript submitted to Geophysical Research Letters

as water ozone and water vapor. Similarly, representing key processes and interactions between
multiple Earth system components is important, including coupling between the atmosphere,
land, ocean, and sea ice, as well as prognostic aerosols and interactive chemistry.

The ARISE-SAI experiments utilize a moderate emission scenario (SSP2-4.5) and
simulate SAI deployment in 2035 with a goal of keeping GMST near 1.5°C above the pre-
industrial level (Richter et al. 2022). A 10-member ensemble of ARISE-SAI is compared to an
identical 10-member ensemble experiment without SAI (SSP2-4.5 hereafter). More technical
details can be found in Richter et al. 2022. We analyze monthly outputs of near-surface air
temperature (SAT) and sea surface temperature (SST).

The controller in ARISE-SAI injects sulfur dioxide (SO:) into four one-grid boxes (15°S,
15°N, 40°S, and 30°N at 180° longitude) at an altitude of 21.6 km. In this study, we focus solely
on the total SO2 injection amount, which is calculated by adding the amounts at all four injection
locations obtained from the controller log document. To investigate the year-to-year changes in
injection amount, we calculate the difference in the total SO; injection amount between the
following year and the current year (ASO> hereafter).

2.2 ENSO in the model simulations

As described earlier, year-to-year variations of the total SO2 injection amount may be
related to model-generated internal variability, particularly that driven by ENSO. ENSO is a
dominant inter-annual mode of climate variability that strongly impacts global temperature (Cai
et al., 2015). Our focus, therefore, is on the potential impact of ENSO on the total injection
amount in ARISE-SAL

We compute and examine the commonly-used Oceanic Nifio Index (ONI; NOAA 2019)
to represent ENSO in CESM2 simulations. Specifically, a standardized ONI is calculated as the
3-month running mean of SST anomalies over the east-central tropical Pacific (5°N-5°S, 170°W—
120°W). The SST anomalies are relative to a 35-year base period from 2035 to 2069. Ensemble-
mean values of SST are subtracted from each simulation realization prior to the calculation in
order to remove the SST changes driven by external forcings. In order to be comparable with the
total sulfate injection amount, which varies annually, the annual mean of ONI is analyzed.

2.3 Simplified statistical model

The controller algorithm determines the SO> injection amount for the coming year based
on the annual mean temperatures of the past year. However, the GMST and the meridional
gradients in temperature for the coming year could differ significantly from the previous year
due to ENSO activity. To investigate how the lagged response of the controller influences the
variance of GMST in the simulations, we designed a simplified statistical model (SSM hereafter)
based on the GMST from the ARISE-SAI and the SSP2-4.5 simulations.

The SSM simplifies the climate system and considers GMST changes only. The GMST
in the SSM is set as follows: T = Tgye + T_ENSO , where Ty and Tgyso represent the GHG
warming and the ENSO-driven GMST changes, respectively. To keep in line with the ARISE-
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SAI and SSP2-4.5 experiments, the linear fit of the ensemble-mean GMST from the SSP2-4.5
experiment is applied to represent T (shown as dashed blue line in Fig. S2a).

In climate models and observations, ENSO-driven GMST changes occur over different
frequencies, and these may affect the climate impacts introduced by the controller’s lagged
response. Therefore, to analyze the impacts of the lagged response on GMST variance given a
certain ENSO frequency, Tgyso in the SSM is simplified to be an idealized monthly time series
with a specified variation frequency: Tgyso = 4 * sin(wt + @), where A (the magnitude of
ENSO-driven GMST) is obtained based on the linear regression between ONI and detrended
GMST in the SSP2-4.5 simulation. The variation frequency and the initial condition of Tgygo are
specified by changing the value of w and ¢, respectively. A sample Tgyso With a 3-year
frequency is shown in Fig. S2a.

In response to SAI, the SSM has linear sensitivity to the sulfate injection amount, which
is calculated based on the linear regression between the total sulfate injection amount in ARISE-
SAI and the difference in GMST between SSP2-4.5 and ARISE-SAI (referred to as the “avoided
global warming”; Fig. S2b). We use the same controller algorithm in the SSM as is used in
ARISE-SAL Since the SSM only considers GMST and has no spatial information, T1 and T2 are
fixed to the target values so that the controller does not respond to these two criteria. It is worth
noting that ENSO activity could also influence the sulfate injection locations by changing T1 and
T2. However, since our focus here is only on the total sulfate injection amount (which is
dominated by the GMST changes), it is reasonable to ignore these two indices in the SSM for
now.

3 Results
3.1 Effects of ENSO on the SO: injection amount

In addition to significant long-term warming induced by increases in GHG
concentrations, ENSO variations can also strongly influence GMST on interannual timescales.
This holds true in the ARISE-SAI simulations. Shown in Fig. 1 is the annual mean time series of
ONI, GMST anomalies above the pre-industrial level, as well as ASO> from all ten ensemble
members of ARISE-SAI The average correlation between ONI and GMST is around 0.71,
which reveals that approximately 50% of the year-to-year variability of GMST in ARISE-SAI
can be attributed to variations of ENSO.

In addition, ASO; also shows significant year-to-year variation above the steadily
increasing injection amount that is required to counter increasing GHG forcing with time (orange
lines in Fig. 1). After the ramp-up period (first five years), when the controller initializes the
deployment with a mild increase in injection amounts to required values, the variability of ASO:
is similar to that of GMST and ONI, and this is especially during strong ENSO events. Overall,
the correlation between ONI and ASO» is around 0.53. Since the controller determines the
injection amounts based on the annual mean GMST from the preceding year, it is clear that
ENSO strongly influences the controller’s decision. In particular, compared to the total injection
amount (Fig. S1b), the year-to-year variation of ASO» accounts for about 5% to 10% of the total
injection amount in any given year, indicating that the controller’s response to ENSO should be
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large enough to detect even during the later period of ARISE-SAI (when the required injection
amount is far greater in order to counter the larger GHG forcing).

Although year-to-year variations of ASO» are highly correlated with ENSO, some large
values of ASO; are unrelated to ENSO-driven GMST changes (e.g., the first few years in
member 10; Fig. 1). Since only about 50% of the GMST variance is linearly associated with
ENSO, it is possible that other sources of internal variability may be affecting the variation of
ASO», a topic that is outside of the scope of this paper but is likely worthy of further exploration.

To further investigate inter-annual fluctuations of ASO,, Fig. 2a shows the composite
map of surface air temperature (SAT) for times when the standardized ASO; time series is above
0.5 minus when it is below -0.5. The resulting composite pattern looks remarkably El Nifo-like
(Cane & Zebiak, 1985). In particular, consistent with the high correlation between ENSO and
ASO; shown in Fig. 1, a strong El Nifio (La Nifia) event corresponds to a positive (negative)
ASOz , indicating the controller is changing its injection rates to offset the warm or cool anomaly
in GMST.

To quantify how much the composite map of ASO; can be explained by ENSO, a linear
regression between ASO> and ONI was constructed as: ASO, = § * ONI + r, where § * ONI is
the ENSO-driven ASO», and the residual (7) represents the non-ENSO driven changes in ASOx.
About 72% (with a global pattern correlation between Fig. 2a and 2¢ of 0.85) of the SAT spatial
pattern driven by ASO> can be explained by the ENSO activity, which again emphasizes that
interannual variability of the total sulfate injection in ARISE-SAI are dominated by ENSO, an
aspect that yet to be documented.

After removing the linear effects of ENSO, the residual pattern of SAT (Fig. 2d) shows
warm anomalies over the middle-to-high latitudes of the Northern Hemisphere as well as over
tropical regions outside of the western tropical Pacific, reminiscent of a weak El Nino pattern.
This suggests that other modes of internal variability (e.g., the North Atlantic Oscillation or the
Pacific Decadal Oscillation) might also be important in affecting year-to-year variations of
ASO:.

3.2 Lagged response of the controller and increased GMST variance

At the end of each simulated year, the ARISE-SAI controller calculates the injection
amounts needed for the next year based on the preceding year’s annual mean temperature indices
(GMST, T1, and T2). However, since ENSO can change phases quickly within a single year, the
temperature indices, especially GMST (T0), might also change quickly in response to this ENSO
variability. In this situation, the previously determined injection amount may not adequately
satisfy the injection needs of the coming year, or, it may even exacerbate temperature
fluctuations.

The schematic diagram in Fig. 3a shows an idealized case of ENSO quickly transitioning
from a warm event in year one to a cold event in year two. By the end of the first year, the
controller would detect an ENSO-driven global warming anomaly and increase the injection
amount in the second year to offset not only the incremental GHG warming but also the warming
driven by El Nifio. However, if a cold event (La Nifia) occurs naturally in year two, the
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controller’s decision would lead to an even greater global cooling than would have otherwise
occurred without the controller. Similarly, in the case of ENSO quickly transitioning from a cold
event (La Nifa) to a warm event (El Nifio), the controller would decrease the injection amount
by too much and not adequately offset the GHG warming. It follows from this basic example that
the year-to-year variability of GMST might ultimately be larger than expected due to the
controller responding to ENSO variability. Fast ENSO transitions are apparent in both the
ARISE-SAI simulations (e.g., 2056-2057 in Member 004, and 2051-2052 in Member 005; Fig.
1) and in observations (e.g., 2010-2011; not shown).

To further examine how the controller’s response to ENSO affects the variance of
GMST, we developed a simplified statistical model based on the ARISE-SAI and SSP2-4.5
simulations, in which the idealized “ENSO” signal has only one specific variation frequency (see
Section 2.3). When the variation frequency of ENSO is twice the controller’s detection
frequency (i.e., two years, shown in Fig. 3b), the controller’s decision follows the mechanism
described in Fig. 3a and leads to a 34% increase in the variance of GMST. However, this is an
extreme case, since ENSO typically varies from two to seven years.

We thus further explore the controller’s decisions for different ENSO frequencies (Fig.
S3). The results show that the controller algorithm always introduces increased variance in
GMST, but the magnitudes of this additional variance depend strongly on the hypothetical ENSO
frequency. Specifically, when ENSO varies at relatively high frequencies (e.g., panels a and ¢ in
Fig. S3), the GMST variance increases by more than 20%. At lower frequencies (such as seven
years in Fig. S3d), the controller can adequately account for most ENSO-induced GMST
changes, and it only introduces a small increase in the variance of GMST. In other words, the
lagged response of the controller is strongly impacted by the frequency of ENSO variability.

Considering the potential issue introduced by the lagged response of the controller, we
further test how the variance of GMST would change if the controller made injection decisions
on timescales other than annual. For instance, if the controller changed injection amounts every
two years (Fig. 4b), the variance of GMST would significantly increase, and GMST would still
slowly increase despite the continuous sulfate injection. More extreme cases occur when the
controller injects even less often, such as every five years (Fig. 4c). In this case, the controller
fails to offset the GHG warming because the injection amount is always behind the increasing
GHG concentrations.

A more intuitive way to prevent introducing spurious variance due to the controller’s
lagged response would be to detect temperature indices more frequently than once-per-year.
Results from the SSM for a controller that changes injection amounts monthly are shown in Fig.
4d. In this case, the variance of GMST is decreased by about 30%, which means the controller
mutes part of the ENSO-driven GMST variation. However, muting ENSO-driven GMST
variability to such an extent might also introduce unexpected climate impacts both globally and
locally.

Comparing the GMST variance between the SSP2-4.5 and ARISE-SAI ensemble
simulations (Fig. 5a), it is clear that the averaged GMST variance in ARISE-SAI is greater than
that in SSP2-4.5 in both early and late periods (2040-2054 and 2055-2069), consistent with the
results from the SSM. Despite largely maintaining the mean values of temperature indices,
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ARISE-SAI introduces significantly greater GMST variance compared to the climate of the
target period (20202034 in SSP2-4.5). The SSP2-4.5 simulations show a decrease in the GMST
variance because of GHG warming; however, variances across individual simulations exhibit a
large spread. Thus, due to the limited ensemble sizes (10 members in both the SSP2-4.5 and
ARISE-SAI cases), the variance comparison here contains large uncertainties. The results in Fig
5, therefore, are intriguing but are inconclusive on their own. Additional ensemble members
would be required to more confidently state that the lagged response of the controller is driving
the differences in GMST variance evident between the SSP2-4.5 and ARISE-SAI simulations.

4 Conclusions and Discussion

The controller algorithm in the ARISE-SAI simulations greatly accomplishes its primary
goal; that is, to offset GHG warming by maintaining GMST and meridional temperature
gradients at the target values. However, we have shown that the controller is also strongly
impacted by ENSO activity, and its lagged response to the temperature targets can introduce a
mismatch between injection amounts and ENSO-driven temperature variation, and thus, lead to
increases in GMST variance. This is especially true for the case when ENSO varies on similar
timescales to the controller’s detection frequency (set at one year in the ARISE-SAI
simulations). Given these two factors, it may therefore be worthwhile to focus efforts on
distinguishing and removing GMST variations driven by ENSO from the algorithm, a topic of
ongoing work.

In addition, the residual map of the composite analysis in Fig. 2d suggests that other
modes of internal climate variability may also disturb the controller, although with smaller
magnitudes than that due to ENSO. Additional analyses involving the hemispheric temperature
gradient and the equator-to-pole gradient (T1 and T2) could be beneficial to further understand
the controller’s behavior in response to such modes.

Lastly, we have focused on the global mean temperature in this study. Additional analysis
is warranted to determine whether the controller’s response to ENSO introduces detectable
regional climate impacts.
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Open Research

The CESM2-WACCM6-SSP2-4.5 (https://doi.org/10.26024/0cs0-ev98) and CESM2-
WACCM6-ARISE-SAI-1.5 (https://doi.org/10.5065/9kcn-9y79) simulations applied in this study
are produced and maintained by the National Center for Atmospheric Research (NCAR), both of
which are publicly available from: https://www.cesm.ucar.edu/community-projects/arise-sai. All
Python codes related to this study are available at https://github.com/C-R-

Diao/ARISE Controller ENSO. At the time of publication, the codes will be converted to a

permanent repository on Zenodo.
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Figure 1. The annual-mean time series of (upper) Oceanic Nifio Index (ONI), (middle) GMST
anomalies above the pre-industrial level, and (lower) ASO; for each realization in ARISE-SAI
simulation. The annual ONI anomalies are calculated based on the average of monthly ONI;
years with ONI anomalies greater than 0.5 °C (less than -0.5°C) are marked with red (blue) bars.
The first five years (1935-1939, shown as dashed lines in ASO> panels) are the ramp-up periods
according to the controller algorithm.
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Figure 3. (a) Schematic of intensified cooling during an ENSO quick transitioning case. (b) The
results of climate intervention in the simplified statistical model (SSM; see Section 2.3) with
idealized “ENSO” at a fixed frequency of 2 years. The red line represents the GMST without
climate intervention (SSM-SSP), whereas the blue line represents the GMST with climate
intervention (SSM-ARISE). The orange line indicates the detrended GMST without climate
intervention (SSM-SSP detrended), which is driven by the idealized ENSO in the SSM. See the
Method section for a detailed description of the SSM.
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Figure 4. Similar to Fig 4b, but shows the climate intervention results based on the SSM with
different controller detection frequencies ranging from 1 month to 5 years. The frequency of the
idealized ENSO is fixed at three years in all four cases.
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Figure 5. The variance of (a) annual global mean surface temperature (GMST) and (b) the
annual Arctic surface temperature (T _Arctic) in SSP2-4.5 (red) and ARISE-SAI (blue)
simulations for the period of (left) 2040—2054 and (right) 2055-2069. Cross marks represent the
results of each individual ensemble member (10 in each simulation), whereas the circle marks
represent the median. The plus marks indicate the variance of concatenated long-term GMST and
T Arctic. The grey shading and dashed line represent the variance spread of GMST for the target
period of 2020-2035 from SSP2-4.5 and the variance of concatenated GMST, correspondingly.
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Figure S1. (a) Simulated global mean surface temperature (GMST) above the Pre-
industrial (PI) level in SSP2-4.5 (red) and ARISE-SAI (blue) simulations. The thicker lines
represent the ensemble-average results, while the thin lines indicate the results from
each ensemble member. The black dash line indicates the GMST target (around 1.5 °C
above Pl level) set in ARISE-SAI runs; (b) The total sulfate injection amount (Tg) in ARISE-

SAl simulations. The thicker lines represent the ensemble-average results, while the thin
lines indicate the results from each ensemble member.
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Figure S2. (a) The simplified GMST in SSM. The solid line represents the GMST in the
SSM; the straight dashed line represents the GHG warming calculated based on the
linear fit of GHG warming in the SSP2-4.5 simulation; the dashed curve represents the
simplified ENSO-driven GMST variation; (b) Climate sensitivity to SAl in
CESM2(WACCMS6) (blue) and the linear fit of the sensitivity (orange) based on the
ensemble-averaged result from ARISE-SAl and SSP2-4.5 simulations. The avoided global
warming is defined as the difference of GMST between SSP2-4.5 and ARISE-SAI. The
linear fit of climate sensitivity is applied in the SSM as its simplified climate sensitivity to
SAl.



(a) freq=1.5yr (b) freq = 2 yr (= controller lag)

0-D ARISE
2.6
26 0-D SSP
0-D SSP detrended 24
24 :
(Y2 B Target
@ 2.2 2.2
()]
320 2.0
Qo
S s % vari 18 % vari
'9 . +25% variance +34% variance
1.6 1.6
1.4 14
0 5 10 15 20 25 30 0 5 10 15 20 25 30
year year
(c) freq = 3 yr (d) freq = 7 yr
2.6 2.6
2.4 24
<
22
= 2.2
()]
S 2.0
3 2.0
Qo
© 18 ) 1.8 )
'9 +20% variance ’ +0.5% variance
1.6 1.6
1.4 14
0 5 10 15 20 25 30 0 5 10 15 20 25 30
year year

Figure S3. The results of climate intervention in the SSM when the idealized "ENSO”
varies at different variation frequencies. The controller’'s detection frequency is set to the
default value (one year). The red line represents the GMST without climate intervention
(SSM-SSP), whereas the blue line represents the GMST with climate intervention (SSM-
ARISE). The orange line indicates the detrended GMST without climate intervention
(SSM-SSP detrended), driven by the idealized ENSO in the SSM.



