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Abstract We present a simple model to account for the potential effectiveness of solar radiation management (SRM) in compensating for anthropogenic climate change.
This method provides a parsimonious way to account for regional inequality in the
assessment of SRM effectiveness and allows policy and decision makers to examine
the linear climate response to different SRM configurations. To illustrate how the
model works, we use data from an ensemble of modeling experiments conducted
with a general circulation model (GCM). We find that an SRM scheme optimized to
restore population-weighted temperature changes to their baseline compensates for
99% of these changes while an SRM scheme optimized for population-weighted precipitation changes compensates for 97% of these changes. Hence, while inequalities
in the effectiveness of SRM are important, they may not be as severe as it is often
assumed.
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1 Introduction
Given slow progress in mitigating climate change, and the possibility of abrupt
changes in the climate system, the scientific community is increasingly considering
ways to directly intervene in the global climate to reduce the risks of growing
carbon dioxide (CO2 ) concentrations (Shepherd et al. 2009; Blackstock et al. 2009).
Solar radiation management (SRM) has the potential to offset some of the climate
impacts of rising CO2 concentrations in the atmosphere by reflecting a larger than
normal fraction of incoming solar radiation back to space. Because different physical
mechanisms drive climate responses to SRM and greenhouse gases, SRM can only
partially compensate for the greenhouse gas-driven climate change, and the level
of compensation varies across different regions of the planet (Robock et al. 2008;
Rasch et al. 2008; Caldeira and Wood 2008; Ricke et al. 2010). As with the effects
of standard anthropogenic forcings, this differential compensation creates relative
winners and losers from SRM intervention. In this paper we introduce a simple
framework that allows us to systematically compare regionally diverse impacts of
different SRM configurations across different climate indicators and different social
objectives. We use this framework to illustrate the complications attached to the
optimization of SRM and to gain some insights on the degree of inequality that
may arise due to the implementation of SRM. Although some scientific research has
examined the distributional effects of SRM (Robock et al. 2008; Rasch et al. 2008;
Caldeira and Wood 2008; Ricke et al. 2010), there is no simple framework that allows
policy- and decision-makers to understand the different trade-offs society faces when
evaluating regional disparity. This framework is valuable as it is suitable for those
who want to consider inequality from SRM in Integrated Assessment Models or
more simplified treatments of the economics of climate change.
The core of our framework, the Residual Climate Response (RCR) model,
measures how effective SRM is in compensating for CO2 equivalent (CO2 e)-driven
climate change at a regional level. The model can be applied to evaluate any climate
indicator in which regional responses are approximately linear in the forcing range
of interest (see Appendix A for a test of linearity in our data). In general, the
regional inequalities can be represented by treating the climate changes induced
by CO2 e and SRM as independent vectors in a space of relevant climate variables.
The changes in a given climate indicator relative to a baseline and after SRM
compensation, can be captured by a vector of residuals. The larger the magnitude of
this vector, the lower the effectiveness of SRM. Using data from a general circulation
model (GCM) experiment, we calibrate the effectiveness of SRM according to
different criteria. In our illustration we consider two climate indicators, variabilitynormalized regional temperature and variability-normalized regional precipitation.
To account for differences in interregional preferences in a way that is impactsrelevant, we weight changes in temperature and precipitation using welfare indicator
data to represent three different social objectives: egalitarian, where each region
is weighted by population (number of people), utilitarian, where each region is
weighted by its economic output (US$ billion), and ecocentric, where each region
is weighted in terms of Area (km2 ). Given existing differences in the distribution of
the socioeconomic variables across regions, we expect the globally optimal level of
SRM to vary depending on which social objective is chosen.
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Applying this framework to our data set, we find that SRM can compensate for
most of the anthropogenic perturbations to the climate variable (temperature or
precipitation) it is designed to restore to a baseline. For example, an SRM scheme
optimized to restore population-weighted temperature changes to their baseline is
99% effective (i.e. an SRM scheme that restores population-weighted temperature
changes to the baseline climate with a 1% error). Similarly, an SRM scheme optimized for population-weighted precipitation changes is 97% effective. These results
suggest that inequalities are not an insurmountable obstacle in designing an SRM
policy. A more systematic examination of climate impacts would need to look at the
combine effects of temperature and precipitation change along with other variables
and temporal variability. Compensation is harder when one tries to optimize for both
temperature and precipitation at once. For example, the SRM scheme that minimizes
population-weighted precipitation changes compensates for only 70% of populationweighted temperature changes. Similarly, levels of SRM optimized to compensate
for regional temperature perturbations compensate less effectively for precipitation
perturbations.
The remainder of this paper is organized as follows: Section 2 introduces our
measure of SRM effectiveness and presents a two dimensional example of the
RCR Model; Section 3 shows the results for a multiple region implementation of
the model; Section 4 presents an application in which two climate variables are
combined; and Section 5 concludes with a discussion of some implications of our
analysis.

2 Residual climate response model
While often represented schematically as a change in global mean temperature,
greenhouse gas forcings will produce a spatially non-uniform change in a host of
important climatic indicators such as temperature, precipitation and cloud cover.
Similarly, if SRM is used to compensate for rising mean global temperatures, it will
also create non-uniform changes in the climate system. In particular, high-latitude
regions tend to cool more than other regions in the globe (Ban-Weiss and Caldeira
2010). It will also, on average, dry out the hydrological cycle relative to a low CO2 e
world with the same mean global temperature, thereby creating asymmetric changes
in precipitation patterns across different regions of the planet (Bala et al. 2010;
Caldeira and Wood 2008; Ricke et al. 2010).
In general, we represent regional changes in the climate variable Y with elevated
CO2 e as a vector, YCO2 e of dimensions 1 × n. Each position in this vector represents
the changes in any given region of the globe j = 1, ..., n. The SRM-compensated
change in the variable Y can be represented by a vector YSRM with the same
dimensions as the vector YCO2 e . These two vectors, however, are not aligned. In
particular, we define the angle between the two n-dimensional vectors as ϕ. For any
ϕ > 0 there is a vector of residuals that captures the regional changes that are not
compensated for using SRM. The minimum residual vector is given by YRES which is
by design perpendicular to YSRM and has magnitude proportional to sin(ϕ) · YCO2 e 
(see Fig. 1). We can observe that the norm of YRES increases with ϕ. If the angle
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Fig. 1 Residual climate response model. The horizontal axis shows changes in temperature for
Region A. The vertical axis shows temperature change in Region B. The blue vector represents the
change in temperature for the two regions at the time of doubling CO2 e. The green vector represents
the level of SRM that minimizes the sum of square temperature change in the two regions. The
red vector shows the optimal level of SRM that minimizes the deviation from the baseline for the
two regions simultaneously. The angle ϕ measures the effectiveness with which SRM compensates
for CO2 e-driven temperature change. Under the common assumption that impacts are quadratic
in temperature deviations, there is an equivalence between the length of the residual vector and the
total damages after the implementation of SRM. This same logic applies for different climate variable
(e.g. precipitation) and more than two regions

ϕ is large, the compensation from SRM be poor. In particular, when ϕ = 0◦ , the
compensation from using SRM is perfect, while an angle ϕ = 180◦ implies that
SRM cannot compensate for any of the CO2 e-driven climate change. The norm of
YRES increases with YCO2 e . Hence, in a world where CO2 e continues accumulating, the residual climate impact from uncompensated climate change will also
increase.
We use the vector of residuals to obtain a more intuitive measure of compensation.
In particular, we assume regional damages are an increasing function of changes
in a given climate variable (Nordhaus 2008; NAS 2010). For simplicity, we assume
damages are quadratic and we estimate the percentage of climate change-related
regional damages that can be compensated for using SRM. That is, damages D from
a change in the climate indicator Y, can be approximated as follows:
DCO2 e ∝ YCO2 e 2

and

DRES ∝ YRES 2

Using this assumption, we can say that the percentage of damages from regional
changes in the variable Y compensated for with SRM is given by the following
equation; where the right hand side follows from the definition of YRES :

1−

YRES 2
YCO2 e 2


× 100% = (1 − sin2 (ϕ)) × 100%
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2.1 Two-dimensional example
In Fig. 1 we provide a two-dimensional example of the RCR model. Assume the
climate variable of interest is temperature and consider changes in two regions,
Region A and Region B with populations a and b , respectively. For each region we
calculate the population weighted temperature changes due to an increase in CO2 e,
A
B
and TCO
. Now assume that SRM is designed and implemented
denoted by TCO
2
2
to minimize deviations from some reference point, e.g. preindustrial levels or 1990s
levels. The reference point is represented as the origin in Fig. 1. The temperatures
A
B
and TRES
.
in regions A and B after implementation of SRM are given by TRES
Because ϕ > 0, the optimal level of SRM leaves Region A with a positive change
in temperature and Region B with a negative change in temperature. Notice that
this is globally optimal; that is, the level that minimizes squared deviations in both
regions, is not the optimal level for each region. If Region B chooses the level of SRM
that minimizes its own damages, temperature changes in Region B would be zero
A
. The opposite
and temperature damages in Region A would be higher than at TRES
is also true if Region A chooses the level of SRM to minimize its own damages.
B
. This shows
In this case, the temperature in Region B would be higher than TRES
the implementation of an optimal level of SRM is very difficult because different
regions want different levels of SRM. Calculating the globally optimal level of SRM,
however, while although theoretical, serves as a benchmark towards which we can
compare other policies.
This two dimensional example highlights the importance of two assumptions in the
model. First, the RCR model only captures the first order effects that implementation
of SRM has on a given climate variable. The explanatory power of the model then
would depend on how linear the response of the climate system actually is. Second,
the quantitative results will depend on the reference point (i.e. the baseline climate
state) and will change if the reference points are different for different regions or
countries. The choice of the reference point then becomes an important issue.
2.2 Linearity of the climate response
The RCR model is designed to analyze the response of the climate system to different
levels of SRM. As its name indicates, the model captures the first order effects of the
response to small changes in the level of radiative forcing. The climate system, of
course, is governed by highly non-linear equations of motion and the response to
changes in the initial conditions is highly non-linear and, in some respects, chaotic.
But, climate is simplistically time-averaged weather, and the statistics that describe
climate may respond linearly to changing boundary conditions. Thus the climate
response to SRM forcing can be roughly linear.
Because the model is meant to capture first order effects, its applicability depends
on the magnitude of the error made by using the linear approximation for a particular
climate variable. We show in Appendix A that for our data the response of the
system in terms of regional temperature and precipitation is approximately linear1

1 Three

regions, Central America, South Asia and Southeast Asia are exceptions and have a
significant quadratic component in the precipitation versus radiative forcing relationship, for the
range of our data.
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in that a quadratic fit is not significantly better than a linear fit (See Appendix A).
While precipitation is noisier making it harder to determine the coefficient of the
linear response, we see no evidence that the precipitation response is less linear over
the relevant range in radiative forcing. This result is not new, in an recent paper,
Ban-Weiss and Caldeira test the linear response of the system for different SRM
patterns and corroborate our finding that the response is highly linear (Ban-Weiss
and Caldeira 2010).
The linearity of climate response should not be surprising given that the change
in radiative forcing is only about 1% of the total radiative forcing of climate. If
one changed radiative forcing by 100 Wm−2 one would expect a strongly nonlinear response, but in order for a specific climate variable to have a strongly
non-linear response to a few Wm−2 of radiative forcing the climate would need
to be in or around a local minimum, maximum or saddle point. There is little
evidence that climate models exhibit such behavior. Of course, the earth’s climate
system has many bio-geo-physical feedbacks that are poorly captured in climate
models that may create such non-linear responses, but the issue here is the adequacy of using a linearized approximation to capture climate model response to
perturbation.
Finally, the applicability of the RCR model requires us to observe the errors of the
linearity assumption relative to other types of error that are present in the current
analysis of climate responses and their impacts. We expect the errors associated to
the accuracy of any climate model, the biases representing real world outcomes, the
idealized treatment of SRM and the error caused by the regional aggregation of
impacts to be much higher than the error associated to the linearity assumption. It is
in this limited sense that we may say the model response is linear.

3 Multi-region application
The same analysis of the two dimensional example can be expanded to n-regions,
and can be implemented for any variable of interest. In this section we calculate the
optimal level of SRM when independently considering temperature or precipitation.
We illustrate the use of the RCR model using data from a large-ensemble experiment
that employed the general circulation model HadCM3L, implemented through
climateprediction.net (Ricke et al. 2010).

3.1 Description of the data
Climate data The data we use here represents simulated 10-year mean changes from
a 1990s baseline in 2030, around the point of doubling of CO2 e under the SRES
A1B emissions scenario (Nakicenovic and Sturat 2000), for worlds with and without
SRM. By choosing the 1990s as the reference period we are implicitly assuming all
regions want to use SRM to return to the climate of the 1990s, which is not necessarily
true. For the purpose of this example, 1990s baseline is the best choice given the
experiment used to obtain the data, in which SRM activities were designed to
return globally averaged surface air temperatures to 1990s values under SRES A1B
starting in 2005 and implemented in the model as spatially uniform modifications to
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stratospheric optical depth.2 To systematically analyze the regional implications of
the results we examine mean temperature and precipitation anomalies in 22 regions
chosen to represent climatically and physiographically similar land areas; these
regions are large enough to produce climate predictions that are more statistically
robust than those obtained from grid-cell level output (Giorgi and Francisco 2000).
Figure 2 shows the distribution of climate data across the different regions.
To effectively compare changes in precipitation and temperature using the RCR
model, all regional temperature and precipitation data are normalized to account
for differing baseline interannual variability and are presented in units of standard
deviations from a 1990s baseline.3 The left panel shows the 10-year mean variabilitynormalized regional changes in the temperature in 2030, with and without SRM
intervention. The right panel shows the same but for precipitation.
The data show temperature anomalies circa 2030 of between two and three and a
half standard deviations, depending on the region. Once SRM is implemented, the
changes in temperature range from approximately −0.6 to 0.4 standard deviations.
For example, Eastern Canada remains warmer than baseline temperatures with SRM
while Eastern, Western and Southern Africa are cooler relative to the baseline.
Overall, the variation in regional precipitation changes by 2030 is substantially larger
than in temperature response, ranging from negative one to two standard deviations.
Precipitation with SRM ranges from about −0.6 to 0.1 standard deviations. Unlike
temperature (where all regions warm with elevated CO2 e and cool with SRM),
regional precipitation changes do not behave in a uniform fashion. From Fig. 2, we
can see that on average regional temperature and precipitation changes are smaller
with SRM than without, and the variation between regions is also smaller, yet the
differences in effects of SRM are significant. Comparing the two panels in Fig. 2,
regions that experience the largest changes in temperature are not necessarily subject
to the largest changes in precipitation. Thus, SRM will not compensate all regions
equally and if SRM is implemented, its optimal level will depend on the weight
the decision maker(s) places on each region. To address this issue, we use welfare
indicator data to create different weighting schemes.
Economic data Our analysis is predicated on the notion of choosing a level of SRM
that is optimal from a global perspective and based on some quantitative metric of
SRM effectiveness. To analyze differences in interregional preferences in a way that
is impact-relevant, we weight changes in temperature and precipitation using data to
represent three different social objectives: egalitarian, where each region is weighted
by population (People), utilitarian, where each region is weighted by its economic
output (US$ billion), and ecocentric, where each region is weighted in terms of Area

2 One could envision different implementations that may be more effective that uniform modification

to the stratospheric optical depth, e.g. varying sulfur loading by latitude and season. The RCR model
is still valid under these different patterns. It will, however, only optimize on the strength of the
implementation and not the pattern itself. We want to thank an anonymous referee for bringing up
this possibility.
3 The

data and results throughout the paper are normalized by the inter-annual variability in the
unperturbed climate, for both temperature and precipitation. The conversion to physical units can
be obtained using raw climate data reported in Appendix B by simply taking the normalized data,
multiplying by the standard deviation of the region, and adding the mean of the region.
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Fig. 2 Climate indicators. The two panels show normalized temperature changes (left) and normalized precipitation changes (right) in the different areas at the point of 2 × CO2 e under SRES A1B.
The blue bars represent the scenario without SRM and the red bars represent the scenario with SRM.
Box plots are drawn at the bottom of the figure for each case; the bars across the boxes represent the
max-min interval of the data and the shaded area represents the concentration of points above the
25th percentile and below the 75th percentile

(km2 ).4 In order to map the economic variables representing the different social
objectives into the Giorgi regions used in the climate model, we use the G-Econ data
set which contains gross output and population at a 1-degree longitude by 1-degree
latitude resolution at a global scale (Nordhaus 2006).
Figure 3 shows the land area, economic output, and population associated with
each of the 22 regions. The blue bars show that all regions are more or less equal
in terms of area, with the exception of Amazonia and Northern Asia that are much
larger than the average. The green bars show that most of the economic output is
concentrated in Europe, North America and Eastern Asia; while the red bars show
that Southern and Eastern Asia are much more populous than any other region.
Figure 4 examines some particular patterns in the data that help illustrate the
potential utility of the RCR model. The top left panel shows that, on average over
all regions, and independent of their weights, SRM almost perfectly compensates for
the temperature changes from rising CO2 e, but decreases precipitation relative to the

4 For

example, a population weighting-factor for a given region is equal to the population of that
region divided by the mean regional population.
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Fig. 3 Economic indicators. The three panels show the G-Econ data for land area (blue), economic
output (green), and population (red) reapportioned into the 22 climate data regions. Area is
measured in km2 and population in million people (represented using the bottom axis). Economic
output is measure in US$ billion for the year 2000 (measured in the top axis)

baseline. The top right panel shows data for two particular regions: Northern Europe
and Southern Asia. These two regions have approximately the same area, so if the
level of SRM is determined using an ecocentric criterion, both regional anomalies
should have the same weight. If the decision were utilitarian (in terms of economic
output), however, changes in the climate of Northern Europe would be weighted
more relative to Southern Asia. And if the decision were egalitarian, changes in the
climate of Southern Asia would be weighted more relative to Northern Europe. The
climate data for these regions show that with the amount of SRM applied, Northern
Europe is drier and hotter relative to its baseline climate, while Southern Asia is
cooler and approximately at its baseline in terms of precipitation. It is clear from
the relative changes of both of these regional climates with and without SRM that
precipitation and temperature cannot be stabilized simultaneously within the region
or between regions. Thus, if we assume that each region prefers to be in its baseline
state, the desired level of SRM for each region is different.
The bottom two panels show the same weighted changes in temperature (on
the left) and precipitation (on the right), plotted such that the horizontal axis
represents weighted changes in Northern Europe and the vertical axis represents
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Fig. 4 Variation across regions, climate indicators and social objectives. The top left panel shows the
global weighted average of temperature and precipitation. The top right panel shows the weighted
average of temperature and precipitation for two regions: Northern Europe (in red) and Southern
Asia (in black). The two bottom panels show changes in temperature and precipitation as a two
dimensional plot in the space of changes in Northern Europe and Southern Asia. In all panels
the diamonds show the average global changes in temperature or precipitation weighted by area,
the triangles weighted by output, and the squares weighted by population. Also, the filled markers
represent the case without SRM and the hollow markers represent the case with SRM

weighted changes in Southern Asia. The plots demonstrate the important influence
of the selected socioeconomic weighting on the determination of an optimal level of
SRM. For example, if SRM is designed to restore temperature to the baseline, then
Southern Asia would desire a lower level than Northern Europe because it cools to its
baseline temperature more quickly with increasing SRM. So, if changes are weighted
by population—in which Southern Asia is dominant—less SRM will be optimal than
if changes are weighted by economic output in which Northern Europe is dominant.

Table 1 Angles (ϕ) calculated
using different weighting
measures (degrees)

Population
Output
Area

T

P

3◦
4◦
7◦

11◦
23◦
17◦
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Table 2 Percentage of
CO2 -driven damages that can
be compensated for with SRM
for given climate indicator and
economic weighting

Best case

Temperature/utilitarian

Precipitation/egalitarian

Egalitarian
Utilitarian
Ecocentric
Egalitarian
Utilitarian
Ecocentric
Egalitarian
Utilitarian
Ecocentric

T

P

99
99
99
99
99
98
70
69
72

97
85
91
−51
47
87
97
79
72

3.2 Analysis
Table 1 shows the population-, output- and area-weighted angle calculations for
temperature changes (T) and precipitation changes (P). The smaller temperature
angle values show that SRM compensates better for regional temperature changes
than for regional precipitation changes.
Each angle calculated is explicitly linked with its given social objective. For
example, if we use the angle between the area-weighted vectors to estimate damages,
we are implicitly assuming that every acre of land has the same value and that
minimizing the net area-weighted deviation from the baseline climate is the best
way to achieve an ecocentric social objective using SRM. The angle between outputweighted vectors represents a utilitarian social objective, and the angle between
population-weighted vectors represents an egalitarian social objective. Table 2 shows
the percentage of damages caused by temperature and precipitation changes that
SRM can compensate for under the three different social objectives. The Best
Case scenario employs the level of SRM that minimizes damages independently
for each climate variable and social objective. This measure implies that at best
SRM can compensate for 99% of output-weighted temperature damages and 97%
of population-weighted precipitation damages. The Temperature/Utilitarian case
shows how other variable-objectives change with the amount of SRM designed to
minimize temperature damages following a utilitarian approach. For example, our
results imply precipitation induced population-weighted damages will increase by
51% if we optimize for output-weighted temperature damages. Likewise, the Precipitation/Egalitarian case shows that minimizing population-weighted precipitation
changes simultaneously compensates for as much as 69% of utilitarian temperature
damages.
Table 2 showcases the simplicity of the RCR model. We can compare different
SRM levels and analyze their impacts, both for temperature and for precipitation, in
terms of three different social objectives. Policy- and decision-makers can compare
different proposals relative to the best case scenario for a given social objective. In
the next section we demonstrate how the RCR model can be used to compare suboptimal policies.

4 Multiple regions and two climate variables
In the previous section we showed how the RCR model can be used to calculate
the globally optimal policy for different climate indicators using different social
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Table 3 Percentage of
CO2 -driven damages that can
be compensated for with SRM
implemented in a
Pareto-improving fashion

Egalitarian
Utilitarian
Ecocentric

T

P

93
92
94

56
80
90

AFR
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E

ASI

AUS EUR

objectives. The optimal policy, however, does not consider issues of distribution of
damages across the different regions. In particular, it is possible that one region will
become worse-off if SRM is implemented even though, on average, damages are
being reduced. Although it serves as a good benchmark, the plausibility of an optimal
policy being implemented in international negotiations is very low.
An alternative to the optimality criterion is to design a policy that is Pareto
improving. That is, choosing the level of SRM that minimizes damages for all
regions without making any region worse off. The RCR model provides a simple
approach to designing such a policy that combines two climate variables. Changes
in temperature and precipitation both influence soil moisture and other impactrelevant characteristics of a regional environment. If we give equal weight within
a given region to changes in temperature and precipitation (i.e., assume that the
damages associated with a change to the regional climate are proportional to
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Southern Australia
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Tibetan Plateau
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Southeast Asia
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Eastern Asia
Central Asia
Western N America
Southern S America
Eastern N America
E Canada etc.
Central NAmerica
Central America
Amazonia
Alaska, N W Canada
Western Africa
Southern Africa
Sahara
Eastern Africa

No SRM
Optimal SRM
P. O. SRM

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5
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Fig. 5 Pareto improving policy. For this data, the region determining the Pareto Optimal level of
SRM is Western Africa. The three sets of bars show the deviation from the baseline for different
situations: No SRM (blue), Optimal SRM (red), and Pareto improving SRM (green). The results are
shown in unit of standard deviations for the combined measure, T P, for each of the 22 climate data
regions
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√
T P = T 2 + P2 ),5 each region will want to implement SRM until they have
reached their minimum possible value for T P at which point any additional amount
of SRM will start to make the region worse off again. Thus, under the Pareto
improving policy, the optimal amount of SRM is that amount associated with the
lowest regional optimum amount of SRM.
We use the same data as in Section 3 to show how a Pareto optimal policy can be
implemented. For our data, the first region to reach its optimum as we incrementally
increase SRM is Western Africa. Under our intraregional optimality criterion, and
using the same data we use in the previous section, the optimal amount of SRM for
Western Africa is 78% of the amount presented in our data set. An increase in the
level of SRM beyond this point makes Western Africa worse-off. Table 3 shows the
net global compensation for population-, output-, and area-weighted temperature
and precipitation damages for this Pareto optimal amount of SRM. In our example
even under the constraint that no region is ever made worse off, SRM compensates
for 56% or more of the CO2 e induced damages, as defined in the previous section.
The regional results comparing the No SRM, the intraregional optimal SRM and the
Pareto optimal SRM compensations are shown in Fig. 5.

5 Conclusions
The RCR model presented here can be used to systematically analyze different
SRM strategies in a simple framework that accounts for regional inequalities. We
found that while inequalities in the effectiveness of SRM are important, they may
not be as severe an impediment population as it is often assumed: an SRM scheme
optimized to restore weighted regional temperature was 99% effective, but increased
population-weighted precipitation changes by 51%. An SRM scheme optimized for
population-weighted regional precipitation changes, however, compensates for 97%
while compensating for 70% of population-weighted temperature changes.
The above analysis highlights some of the potential complexities of designing
an optimal SRM scheme. Due to the physical impossibility of using SRM to simultaneously compensate for the greenhouse-driven changes in temperature and
precipitation, regional asymmetries in climatic response to these forcings, and the
heterogeneous distribution of socioeconomic variables across different regions of
the planet SRM will always be an imperfect tool for reducing damages from CO2 edriven climate change. Nevertheless, our results show that, contrary to what has been
suggested previously in the SRM discourse,6 a globally optimal level of SRM can
compensate for a large proportion of damages at a regional level.

5 This

measure has obvious limitations. e.g. impacts from hotter and wetter changes are expected to
be less drastic that impacts from hotter and drier changes [CITATION]. We are using this just as
an example of how to combine different variables using the RCR model and the results should be
interpreted as outcomes of an illustrative exercise. A detailed analysis of these impacts need to by
high priority as scientific research on SRM progresses (Keith et al. 2010; Blackstock and Long 2010).

6 For

example, Alan Robock and coauthors wrote: “Different model simulations have shown that
injection of 5 Tg of SO2 into the tropical lower stratosphere every year—the equivalent of one 1991
Mount Pinatubo eruption every 4 years—could lower global average surface air temperature, but
African and Asian summer precipitation would also be reduced, potentially affecting the water and
food supplies of more than 2 billion people.” Robock et al. (2010).
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Our results, of course, rely heavily on the GCM data we use in our analysis and
should be observed in the context of the significant uncertainties associated with
these models. The limitations of GCMs, especially in reproducing and predicting
regional precipitation, are well documented (Randall et al. 2007). However, the type
of difficulties in designing an optimal SRM policy that are illustrated by this analysis
will certainly persist even as our knowledge of the effects of SRM is refined. This fact
suggests that a simple model like the one we present here will remain relevant.

Appendix A: Linearity test
The design of the modeling experiment we obtained our data from, which tested
the effects of many levels of SRM forcing (see Ricke et al. 2010), allows us to
test our linearity assumption explicitly. Figure 6 presents the behavior of the data
and tests for linearity of temperature and precipitation changes as a function of
compensated radiative forcing. In all panels, the horizontal axis shows the level of
SRM minus the mean natural volcanic aerosol forcing measured in Wm−2 . The dots
represent 54 different levels of SRM and the colors show the effects for each of the 22
regions defined in the paper. The left-hand panel shows the results for temperature
changes in 2030 measured as number of standard deviations away from the regional
baseline with SRM implemented. This panel also shows high level of co-linearity
across regions. The right-hand panel shows the results for compensated precipitation
changes. We can see a clear correlation between precipitation and SRM forcing in
each region, albeit noisier and less consistently linear than the temperature data.
Regions are less collinear in terms of precipitation.
Table 4 below shows the regression results. For both temperature and precipitation we first show a linear model fit. The first column shows the slope of the linear
fit with the slope error in parenthesis, and the second column shows the fraction
of variability explained by the linear model. The units of the slopes are (Wm−2 )−1 .
The linear fits explain more than 95% of the variability of the temperature data with
coefficient error below 1%. In terms of precipitation, as it can also be seen in the
figure above, the data is much noisier and the linear fit has a lower explanatory
power. Regions for which the variance explained is low are those with a smaller
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Fig. 6 Test of linearity of the compensated changes in precipitation and temperature
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Table 4 Test of linearity on Radiative Forcing (RF)
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Table 4 (continued)
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Table 5 Raw climate data
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slope coefficient. However, the coefficient error for each region is below 1%, and,
although we do not report it on the table, all P-values are asymptotically equal to
zero. The results of the quadratic fit show that the fraction of explained variability
does not improve substantially compared to the linear model.

Appendix B: Raw climate data
In this section we show data for the climate indicators in physical units (unnormalized). The No-SRM radiative forcing is 0.25 W/m2 (mean natural volcanic activity)
and the mean SRM radiative forcing for the time period between 2025 and 2034 is
2.74 W/m2 .

Appendix C: Sensitivity analysis
This paper uses data from a GCM experiment that tested regional climate responses
to many different levels of SRM. We have used this data in Appendix A to test
our linearity assumptions. In this appendix we do a sensitivity analysis of the
results presented in the main text with respect to the baseline SRM scenario we
use to calculate residual angles. First we calculate the angles and damages for
different amounts of SRM, relative to the point of doubling CO2 , associated with
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Fig. 7 Test of sensitivity of the compensated changes in precipitation and temperature to the
baseline SRM scenario
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Fig. 8 Test of sensitivity of the
regional angles for changes in
the temperature-precipitation
measure to the baseline SRM
scenario
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changes in precipitation and temperature (as represented in the plots as different
amounts of radiative forcing). These results are shown in the “bowtie plots” in
Fig. 7. The top-left side panel shows a best-fit line and 95% confidence intervals
for that line for residual angle values for the three weighted temperature angles
versus radiative forcing associated with the SRM scenario simulated, while the
top-right hand side panel shows the same for weighted precipitation angles. If
the regional changes in precipitation or temperature were perfectly collinear, the
bowties would be horizontal. While they are clearly not, from these plots we can
see that the 95% of angle values for temperature are concentrated inside 5% of the
SRM base case of 2.73 Wm−2 , while precipitation angles are concentrated inside
10% of the base case value. The bottom row shows the same results in terms of
percentage of SRM-compensated damages. The bottom left-hand side shows that
damages from temperature are concentrated to levels above 97% within the range
of potential optimal values, while the percentage of precipitation-related damages
compensated for by SRM varies more (65% and above). As an interesting result,
the bottom row shows that compensation is increasing when weighted by population, but it is decreasing in terms of economic output, both for precipitation and
temperature.
Next, we check the sensitivity of the regional angles calculated for the Pareto
improving policy. This regional angle is calculated between the changes in precipitation and temperature for different levels of SRM intervention. Again, if the regional
changes in precipitation and temperature were perfectly linear, the bowties would be
horizontal. We can see however, the bowties incline with increased SRM for many
of the regions, implying the linearity assumption is more accurate for some regions
than others. The results are shown in Fig. 8.
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