
Vol.:(0123456789)

Environmental and Resource Economics (2020) 75:79–103
https://doi.org/10.1007/s10640-019-00389-w

1 3

Determining the Social Cost of Carbon: Under Damage 
and Climate Sensitivity Uncertainty

Samuel Jovan Okullo1,2

Accepted: 19 November 2019 / Published online: 28 November 2019 
© Springer Nature B.V. 2019

Abstract
This article quantifies the impact on optimal climate policy, of both damage elasticity and 
equilibrium climate sensitivity uncertainty, under separable preferences for risk and inter-
generational inequality. The primary findings are as follows. (1) Such preferences can 
depress the social cost of carbon (SCC) when calibration aims at matching actual economic 
outcomes, countering the prevailing view that the SCC is greater with separable than with 
conventional entangled preferences. (2) Damage elasticity uncertainty has larger effects 
on climate policy than equilibrium climate sensitivity uncertainty, even under high impact 
tail risk of the latter. (3) Risk aversion decisively strengthens optimal climate policy under 
joint damage and climate sensitivity uncertainty, than with a single source of uncertainty 
alone. Indeed, failing to account for the interaction between damage and climate sensitivity 
uncertainty underestimates the cost of climate change by more than US dollars 1 trillion.

Keywords Social cost of carbon (SCC) · Epstein–Zin–Weil preferences · DICE · Climate 
change · Risk aversion

1 Introduction

The social cost of carbon (SCC) is a monetary measure of long-term damages from emit-
ting the marginal ton of CO2 . Although it is usually regarded to be a comprehensive meas-
ure of the cost of anthropogenic carbon pollution to society, its estimate is highly variable 
depending on, among others, assumptions about societal preferences, the climate system, 
economic technologies, and the feed-backs between them (see e.g., Greenstone et  al. 
2013; Lemoine and Rudik 2017a; Newbold et  al. 2013). More recently, advances in the 
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climate-economics literature such as1: explicitly modelling optimal mitigation policy under 
uncertainty, accounting for possible tipping points in the climate system, and incorporat-
ing sophisticated preference specifications that better encode behavioural decision rules are 
leading to a consensus that plausible levels for the SCC are higher than what has been tra-
ditionally recommended.2 Despite these advances, it is still unclear how interacting sources 
of uncertainty matter for optimal climate policy.

This article evaluates the impacts of both damage elasticity and equilibrium climate sen-
sitivity uncertainty on optimal climate policy, in the presence of separable preferences for 
risk and inequality. More specifically, the effect of these uncertainties on the SCC is eval-
uated using the Epstein–Zin–Weil (EZW) (or non-expected) utility framework, and con-
trasted to outcomes under expected (or power) utility.3 The core insights of the analysis are 
threefold: (1) relative to the conventional expected utility framework were preferences for 
risk and inequality are entangled, EZW preferences can actually depress the SCC when a 
descriptive—rather than prescriptive—calibration is adopted,4 (2) the SCC is more respon-
sive to damage uncertainty than to equilibrium climate sensitivity uncertainty, even under 
tail risk of the latter, and (3) the SCC is decisively more responsive to risk aversion when 
there is interaction between damage and equilibrium climate sensitivity uncertainty, than 
when only a single source of uncertainty is appraised.

To date, several other studies have sought to explain the impact of uncertainty on opti-
mal climate change policy. Some that evaluate uncertainty impacts using both non-expected 
and expected utility and are most relatable to this article include the following. Crost and 
Traeger (2014) evaluate the abatement response under damage uncertainty (cf. Ha-Duong 
and Treich 2004). They report that mitigation effort is stronger in the non-expected (than 
in the expected) utility framework and that the response of abatement to damage uncer-
tainty is minimal to moderate, depending on whether uncertainty manifests linearly or non-
linearly in the damage function. Jensen and Traeger (2014) evaluate related issues as Crost 
and Traeger (2013, 2014), but under total factor productivity uncertainty. They document 
that mitigation effort is decisively strengthened under non-expected utility—relative to the 
expected utility case—and that abatement effort is moderately responsive to risk aversion. 
Ackerman et  al. (2013) and also Belaia et  al. (2017) focus on climate sensitivity uncer-
tainty; they observe a higher abatement effort with non-expected (than with expected) util-
ity and report that this effort negligibly responds to risk aversion.5 Others such as Cai et al. 
(2016), while not reporting explicitly on the implications of non-expected versus expected 

1 See for instance Ackerman et al. (2013), Belaia et al. (2017), Cai et al. (2016), Crost and Traeger (2014), 
Lemoine and Traeger (2016), Jensen and Traeger (2014) and Traeger (2014).
2 The baseline DICE 2013R model for instance predicts a SCC that would start about 2005 US $21 in 
2020, and rise monotonically to about 2005 US $143 in 2100. In the latest version of DICE, DICE 2016R, 
the SCC starts at about $31 and rises at ∼ 3% for much of this century. The increase in SCC is primarily 
explained by an updated carbon cycle with a higher climate sensitivity that better tracks the deaccumulation 
of  CO2 over a 4000-year timescale.
3 These preferences were initially studied by Kreps and Porteus (1978) and further elaborated upon by 
Epstein and Zin (1989) and Weil (1989, 1990).
4 Contrary to a prescriptive calibration where model parameters may be chosen on normative grounds, a 
descriptive calibration emphasizes choosing model parameters such that the model solution is fully consist-
ent with actual economic outcomes.
5 In contrast to Ackerman et  al. (2013) and Belaia et  al. (2017) consider the potential impacts of cata-
strophic climate change, modelled through a collapse in the Atlantic Thermohaline Circulation, and also 
evaluate the consequences of inertia in abatement technology.
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utility for climate policy, convey similar findings that climate policy is more stringent with 
non-expected (than with expected) utility.

This article differs from the above closely related literature in two main respects. Firstly, 
two contemporaneous sources of uncertainty are evaluated: one in the economic system 
and the other in the climate system. Secondly, optimal policy is investigated when both the 
non-expected and expected utility model are calibrated to match and reproduce observed 
savings behaviour or as Nordhaus (2007) calls it: to match actual economic outcomes.6 
Results indicate that the SCC is smaller under non-expected utility, countering the predom-
inant perception that separable preferences for risk and inequality raise the SCC. To explain 
the seemingly contradictory result, I show that the SCC obtained in the non-expected util-
ity framework, without realigning the model to a data consistent savings baseline, is higher 
because of an increased concern for future consumption welfare that is unrelated to climate 
policy. Realigning the model neutralizes this effect, thereby ensuring that precautionary 
saving in the non-expected utility model is explained principally by hedging against an 
uncertain future and not a structural adjustment of the preference function.

I focus on uncertainty regarding (1) economic damages from temperature change and 
(2) the equilibrium temperature sensitivity to accumulating  CO2, as these are possibly the 
most challenging to resolve and yet are of significant importance for climate policy design 
(cf. Ackerman et al. 2010; Burke et al. 2016; Bretschger and Pattakou 2018; Hwang et al. 
2017; Revesz et al. 2014; Rudik 2019; Schmidt et al. 2013). Damage uncertainty is par-
ticularly difficult to resolve because of data paucity especially from developing countries 
and disagreements on how to value and assess damages across both time and space. Dell 
et al. (2012) and Burke et al. (2015) are some recent studies that present new perspectives 
on damage estimates. Dell et al. argue that atmospheric carbon accumulation has growth 
rate impacts that could be more severe than the level effects that the literature has tradition-
ally considered. Burke et al. additionally demonstrate that when temperature impacts from 
developing countries are taken into account, then global damages can be up to an order of 
magnitude larger per additional warming degree than the literature indicates. Furthermore, 
current estimates for warming above 1 ◦C are at best guesstimates since global warming 
above this level is yet to be experienced. In the modelling, I accommodate for the plan-
ner’s ignorance about temperature induced damages by treating the damage elasticity as 
uncertain.

Equilibrium climate sensitivity is equally hard to resolve because of inherently stochas-
tic feedback factors. As Knutti et al. (2017) and Knutti and Hegerl (2008) report, little pro-
gress has been made in narrowing the distribution of equilibrium climate sensitivity even 
after fifty years of substantial advances in the understanding of climate science. A higher 
(lower) measure for climate sensitivity means that future temperature is very responsive 
(insensitive) to a doubling of atmospheric  CO2. In the modelling, I account for the possibil-
ity of low probability high impact equilibrium climate sensitivity using a right-tailed prob-
ability mass.7 Since Weitzman’s dismal theorem predicts the possibility of a runaway SCC 
in the presence of such right tailed climate sensitivities (cf. Millner 2013; Hwang et  al. 
2013, 2016), my modelling framework where: (1) preferences are such that the propensity 
for consumption smoothing is separate from the degree of risk aversion and (2) there is a 

6 To achieve this, I use the pure rate of time preference as the degree of freedom when targeting the 
observed savings rate.
7 That is, when solving for the optimal policy, I account for the right-tail realizations of equilibrium climate 
sensitivity.



82 S. J. Okullo 

1 3

possibility for catastrophic damages (or rather, highly undesirable states of nature prevail-
ing), partly permits elucidating complex issues as the dismal theorem.

Results indicate that climate policy is optimally more responsive to damage elasticity 
uncertainty than to climate sensitivity uncertainty. The reason for this is that with damage 
elasticity uncertainty, increasingly undesirable future states of the world are weighted more 
heavily because of the convexity of the damage function. And yet, under equilibrium cli-
mate sensitivity uncertainty, the undesirable states have only a mild impact because of (1) 
the substantial inertia present in the climate system and (2) countervailing climate sensitiv-
ity shocks that temper the long-run temperature response. This means that the planner opts 
for a more aggressive stance towards climate change under damage elasticity uncertainty 
than under equilibrium climate sensitivity uncertainty.

More importantly, in the presence of both damage and climate sensitivity uncertainty, 
the SCC strongly rises in the degree of risk aversion. This turns out not to be the case 
with only one source of uncertainty. Indeed, Crost and Traeger (2014) find, as I do, that 
abatement moderately responds to risk aversion under damage elasticity uncertainty. They 
attribute this to strong growth within the DICE modelling framework that makes future 
damages only marginally to moderately more costly to the planner, such that risk counts 
little as a cost, making it optimal to delay abatement. Ackerman et al. (2013) and Belaia 
et  al. (2017) who focus on climate sensitivity uncertainty alone also find, once again 
as I do, that abatement is negligibly responsive to the level of risk aversion. Ackerman 
et al. (2013) conjecture this to be the result of optimistic abatement assumptions and the 
absence of catastrophic risk in the DICE framework.8Belaia et  al. (2017) introduce both 
these dimensions;9 they still find a negligible response even in the presence of abatement 
technology inertia. My analysis illustrates that interacting damage and climate sensitivity 
causes the planner to act decisively against climate change even for reasonable levels of 
risk aversion.10

The argument that multiple interacting sources of uncertainty can imply a more ambi-
tious climate policy response has also been made by Ackerman et al. (2010). They, how-
ever, rely on a Monte Carlo analysis rather than a decision making under uncertainty 
framework. Only through a decision making under uncertainty framework—a framework 
that explicitly treats uncertainty during planning—can the impact of risk and risk aver-
sion be properly understood.11 Indeed, a Monte Carlo analysis is based on a learn-then-act 
view of the world, which in essence means that the planner learns about the state of the 
world that prevails and subsequently acts in a deterministic fashion. Along such a plan-
ning path, uncertainty and risk aversion are both completely ignored. In a decision making 
under uncertainty framework, i.e., act-then-learn view, the planner only sequentially learns 

8 Dietz and Stern (2015) and Hwang et al. (2013) also consider climate sensitivity uncertainty for various 
specifications of the damage function under traditional expected utility preferences. Their results suggest 
that abatement and the social cost of carbon can be more responsive to climate sensitivity uncertainty for 
very steep damage functions.
9 They model abatement inertia by putting a constraint on the growth rate of investment and catastrophic 
climate risk through a collapse in the Atlantic Thermohaline Circulation.
10 Key here is that current abatement can indeed mitigate future consequences. If the planner were to end 
up in a highly undesirable state of the world, and abatement has little effect on mitigating future outcomes, 
it is possible that little to no abatement becomes the dominant strategy. These views find support in the 
results of Hwang et al. (2016).
11 While the literature often uses Monte Carlo methods to approximate the impacts of decision making 
under uncertainty, Crost and Traeger (2013) argue and present evidence for why this can be misleading.
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about the state of the world that prevails. In this case, current consumption and abatement 
decisions must hedge uncertain future outcomes while still contributing to the felicity of 
current generations. In contrast to Ackerman et  al. (2010), I observe that even with less 
variation in the uncertain parameters, there is a decisively stronger climate policy response.

The stochastic programming technique I adopt to recover optimal policies under uncer-
tainty resembles that of Ackerman et  al. (2013) and Belaia et  al. (2017). The technique 
is accessible even to the non-technical programmer and yet is perfectly consistent with 
dynamic programming (Shapiro et  al. 2009). In addition, it has the benefit of not being 
as susceptible to the curse of dimensionality (see e.g., Tahvonen et al. 2018). This means 
I can obtain optimal solutions using the unabridged implementation of Nordhaus’ DICE 
model on a generic laptop (cf., Traeger 2014).

The rest of this article is organised as follows. Section  2 discusses how damage and 
equilibrium climate sensitivity uncertainty are specified and introduced into the DICE 
model. Section 3 discusses the specification of preferences in the stochastic DICE model. 
Section 4 presents the numerical results and 5 concludes.

2  Economy and Climate Specification

The stochastic DICE model designed for this analysis retains the economy and climate 
equations of the DICE2013R (henceforth DICE) model (cf. Nordhaus 2008, 2014, 2017; 
Nordhaus and Sztorc 2013), but for modifications to accommodate both damage elasticity 
and equilibrium climate sensitivity uncertainty. A brief description of the economy-climate 
specification (cf. Nordhaus 2008, 2014, 2017; Nordhaus and Sztorc 2013) follows; and 
after that, a discussion on the representation of uncertainty.

Six endogenous state equations summarize the economy-climate system: one track-
ing the capital stock, three tracking the accumulation of  CO2 in the atmosphere, the upper 
ocean, and the lower ocean, and two tracking atmospheric and lower ocean temperature. 
Production activity generates emissions which enter the atmosphere and subsequently 
dissipate into the upper ocean and lower ocean. In the long-run, the three boxes describ-
ing the carbon sinks eventually enter a state of equilibrium. Rising  CO2 concentration in 
the atmosphere leads to the green house effect, and in turn, productivity losses typically 
referred to as economic damages. These damages represent the fraction of output that 
is lost as a result of the greenhouse effect. Population, and trajectories for technological 
improvement in production processes, emission intensity, and abatement cost are state vari-
ables that propagate exogenously. In every period, final output that remains unconsumed is 
saved for use as capital in future production.

2.1  Damages

DICE specifies the following damage function:

where Tt denotes upper atmospheric temperature in ◦C above the pre-industrial baseline. 
The coefficient b1 > 0 measures damages at 1 ◦C warming, whereas the elasticity b2 > 0 
defines the speed with which damages increase for each additional degree of warming. 

(1)D
(
Tt
)
= b1T

b2
t
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1 − D(∙) , which is decreasing in Ta,t defines the fraction of output loss due to temperature-
induced damages.

Ideally, the parameters of the damage function (1) should be calibrated by regressing 
damage realizations on temperature realizations. Data paucity has, however, led to the prac-
tice that the elasticity b2 is first fixed and b1 is subsequently chosen to generate the best fit 
between whatever damage and temperature data there is, and the assumed polynomial fit.12 
In DICE, b2 , is set to 2 and a calibration to the available data yields a b1 of 0.00267 (Nor-
dhaus and Sztorc 2013). The DICE damage function thus predicts an output loss of 0.28% 
(2.52%) (10.08%) for 1 ◦C ( 3 ◦C ) ( 6 ◦C ) warming. Recent findings by Dell et al. (2012) and 
Burke et al. (2015) suggest that these coefficients are underestimated. Burke et al. (2015) 
for instance report temperature damages up to 2.5–100 times larger than DICE’s estimates 
at 3 ◦C warming. Besides, focusing on a single estimate sidesteps the substantial ignorance 
that exists regarding damages.

Ackerman et al. (2010) draw the damage elasticity from a triangular distribution with a 
lower bound of 1, upper bound of 5, and a mode of 2. Rudik (2019) and Crost and Trae-
ger (2014) arrive at distributions that can be approximated using a triangular distribution 
with a lower bound of 1, upper bound of 3, and a mode of 2. I partition such a triangular 
distribution in two. I then use the magnitude of the damage elasticity at the midpoint of 
each interval as the elasticity for that state and the area under that half of the triangle as 
the probability of the state. This gives a high damage state with b2 = 2.5 and low damage 
state with b2 = 1.5 , each assigned a 50% probability. These values yield a 4.36% (24.69% ) 
output loss for ( 3 ◦C ) ( 6 ◦C ) warming in the high damages state, and 1.45% (4.12% ) output 
loss for ( 3 ◦C ) ( 6 ◦C ) warming in the low damage state. These ranges compare well with 
those provided in Tol (2013) and the meta-review in Howard and Sterner (2017).

2.2  Climate Sensitivity

The stock of  CO2 relative to the pre-industrial baseline is the main driver of upper atmos-
pheric temperature forcing. Increasing radiative forcing warms the atmosphere which in 
turn warms the ocean layer. The atmospheric temperature equation is given by:

where Ft+1 = � log2
(
Mt+1∕Mpre

)
+ Fother,t+1 . To,t denotes ocean temperature, Mt is the stock 

of atmospheric carbon, Mpre the pre-industrial atmospheric  CO2 stock, Ft is total radiative 
forcing, with Fother,t+1 being non-CO2 radiative forcing. z1 and z2 are parameters capturing 
diffusive inertia in the temperature system. � and � are, respectively, parameters for forcing 
of equilibrium  CO2 doubling and the equilibrium temperature response for  CO2 doubling 
over the pre-industrial baseline. The latter is also commonly referred to as the global equi-
librium climate sensitivity parameter.

Although a lot has been learned about � over the years, much uncertainty still exists. 
� has a broad distribution with small but finite probabilities of very large increases. Roe 
and Baker (2007) state that the shape of � ’s distribution is an inevitable and general 

(2)Tt+1 = Tt + z1

((
Ft+1 −

�

�
Tt

)
+ z2

(
Tt − To,t

))

12 An exception in this regard is Rudik (2019), who uses data gathered by Howard and Sterner (2017) to 
estimate the parameters of the damage function. He recovers an estimate for b

1
 that is twice in size that of 

DICE and an elasticity for b
2
= 1.8 , which is very close to the value used in DICE.
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consequence of the nature of the climate system. Uncertainties in � are primarily explained 
by uncertainties in understanding physical processes associated with snow melt, cloud 
cover, humidity, solar forcing, and variability in strengths of major feedback factors (Knutti 
et al. 2017). In the absence of feedback processes, � is believed to take a value of ≈ 1.2 ◦C . 
However, with uncertainties and variability in the strength of the major feedback factors 
taken in to account, its likely range is believed to be 1.5–4.5 ◦C , with a small vanishing 
probability of greater than 15 ◦C (Annan and Hargreaves 2011; Knutti and Hegerl 2008; 
Knutti et al. 2017).13

I adopt Belaia et al.’s, and before them Ackerman’s, construction of a discrete probabil-
ity distribution for � . In particular, the probability density function for climate sensitivity 
presented in Roe and Baker (2007), calibrated on parameters by Murphy et al. (2004), is 
converted into a probability mass function with five intervals. This partitioning yields the 
following values and accompanying probabilities for climate sensitivity: state 1, 2.43 (with 
probability 0.5); state 2, 3.67 (with probability 0.4); state 3, 6.05 (with probability 0.05); 
state 4, 8.28 (with probability 0.03); and state 5, 16.15 (with probability 0.02). This implies 
an expected value of 3.56, that I use if climate sensitivity is known with certainty rather 
than DICE’s value of 2.9.14

2.3  Damage and Climate Sensitivity Interaction

To evaluate the effect of interactions between damage and climate sensitivity uncertainty 
on optimal climate policy, I construct a joint probability distribution from the above-
defined probable states of nature for damages and climate sensitivity. Two probable states 
for damages and five probable states for climate sensitivity yields up to ten unique combi-
nations. The first is low damages together with state 1 for climate sensitivity; the second, 
high damages with state 1 for climate sensitivity, and so forth. I proceed in this manner 
until the tenth probable state, which is, high damages and state 5 for climate sensitivity. 
Probabilities for each of the ten states are straightforwardly obtained as the dot product of 
probabilities of the corresponding parent states. With these ten states of the world in hand, 
it is possible to explore how the planner reacts when damages and climate sensitivity are 
jointly uncertain.

3  Preference Specification

The standard preference specification tightly links the dislike for deterministic intertem-
poral consumption fluctuations and the degree of risk aversion. It may, however, be desir-
able to separate these two components in order to evaluate the impact of varying one 
independently of the other. The generalized recursive utility representation of Kreps and 
Porteus (1978), Epstein and Zin (1989) and Weil (1990) very conveniently achieve this. 
Also commonly referred to as non-expected utility preferences, due to the non-separable 

13 Annan and Hargreaves (2011) show that under reasonable assumptions, much greater confidence in a 
moderate value for climate sensitivity is easily justified, with an upper 95% probability limit for it easily 
shown to lie close to 4 ◦

C , and certainly well below 6 ◦
C.

14 Over the years, DICE’s estimate for equilibrium climate sensitivity has in fact been adjusted upwards 
with the latest 2016 version having a value of 3.1 (Nordhaus 2017).
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representation of time and state of nature, Kreps-Porteus (or Epstein–Zin–Weil) prefer-
ences accommodate the expected utility framework as a special case.

Mathematically, the planner’s generalized recursive welfare is:

where � = 1∕(1 + �) is the discount factor and � is the pure rate of time preference (also 
known as the utility discount rate) . � defines the relative time value of welfare, such that 
a higher value expresses greater preference for earlier (rather than delayed) consumption. 
� , the reciprocal of the inter-temporal elasticity of consumption substitution, measures the 
planner’s dislike for deterministic intergenerational consumption variability. A larger � 
implies a greater dislike of inequality, meaning that increased weight is placed on periods 
of low consumption. � on the other hand is the coefficient of relative risk aversion. It meas-
ures the dislike of risk with larger values corresponding to greater risk aversion.

The variable Wt denotes discounted welfare at time t, ct gives per capita consumption 
also at t, and Lt is population size at t. The objective equation (3) is maximized by choosing 
consumption (and abatement in case of climate policy) to maximize Wt . The expectation 
operator implies that current consumption is chosen under uncertainty regarding the state 
of the world that prevails after the current period elapses. Decisions taken at t can, there-
fore, be also seen as hedging options with respect to an uncertain future.

3.1  Stochastic Discount Factor

The Euler equation that describes the intertemporal consumption trade-off, derived for (3) 
is (see Online Appendix):

where mt,t+1 = 1∕(1 + rt,t+1) is the stochastic discount factor with rt,t+1 being the return on 
capital, also sometimes referred to as the risk-free discount rate or the social discount rate.

The special case � = � is consistent with the expected utility framework, and in the 
absence of uncertainty, with Nordhaus’ specification of the DICE model. Nordhaus 
(2014, pp. 279–278) notes that he follows a descriptive approach—also sometimes referred 
to as a market-based approach—in ensuring that the DICE model matches observed eco-
nomic outcomes. In particular, given �(= �) as estimated from empirical literature and rt,t+1 
as observed from capital markets, he chooses � such that DICE’s (base year) simulated 
savings rate matches actual data. This can be contrasted with the prescriptive approach of 
Stern (2007), where the goal is not to match actual data from capital markets per se, but 
rather to select � in order to be consistent with the present generation’s ethical concern for 
future generations’ welfare. The latter approach typically prescribes a pure rate of time 
preference that is much lower than that of the former15 and leads to savings rates that are 
higher than what is observed in the data.

(3)Wt =
1

1 − �
Ltc

1−�
t +

�

1 − �
ut

(
�t

(
(1 − �)Wt+1

) 1−�

1−�

) 1−�

1−�

(4)mt,t+1 = �Lt+1L
−1
t
c
�

t c
−�

t+1

(
W

1−�

1−�

t+1

(
�tW

1−�

1−�

t+1

)−1
) �−�

1−�

15 Stern (2007) uses a pure rate of time preference of 0.1% for his analysis. This compares with 1.5% that 
DICE generates under a descriptive calibration.
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When � ≠ � , matching observed data using the descriptive approach becomes a little 
demanding primarily because Vt+1 is not directly observed. Still, one can readily obtain 
qualitative insights on the impact of separating � from � . To see this, first note that under 
expected utility, �(= �) ∈ [1, 4] (Dasgupta 2007; Thimme 2017). In contrast, EZW prefer-
ences suggest that � ∈ [0.5, 1) and � ∈ [2, 10] (Thimme 2017). Since Nordhaus calibrates 
the DICE model to match observed base year savings, adjusting �(= �) will alter the mod-
el’s simulated savings behaviour, yielding savings rates that deviate from observed eco-
nomic outcomes. Consider moving �(= �) to 0.8 from DICE’s value of 1.45. This increases 
the planner’s propensity to save as a slanting consumption profile becomes preferable to 
a more evened-out one. Next, holding � = 0.8 and moving � upwards makes the plan-
ner more risk averse, which further reinforces the precautionary saving motive. What is 
interesting to note is that the planner is becoming more prudent, merely from parametric 
changes unrelated to climate change concerns. After climate change is added, the seem-
ingly innocuous parametric adjustments can misleadingly suggest that EZW preferences 
prescribe a more aggressive policy response to climate change.

The impacts from separating � and � can also be clarified using a log-linearized approxi-
mation of (4).16 That is,

where gL is the population growth rate, gC is the consumption growth rate, and �C is the 
volatility of consumption growth. A higher risk-free rate (net of the utility discount rate) is 
associated with an incentive to save more in the current period, and hence a bigger jump 
in consumption between periods. All else constant, a higher level for risk aversion leads 
to greater savings when 𝜗 > 𝛾 . Moreover, a larger inter-temporal elasticity of substitution 
(lower � ) generally increases savings, all else constant. It follows that savings—and in a 
way concern for future consumption welfare—increase as one moves to � = 0.8 and � = 10 
from �(= �) = 1.45 . Once again, this reorganization towards preference for future con-
sumption welfare is taking place absent any climate change concerns.

Therefore, in order to coherently compare climate policy stringency between the 
expected utility specification and the non-expected utility specification, one needs to 
restrict the analysis to the same calibration technique. That is, climate policy compari-
sons must be made with both preference frameworks embedded either strictly within the 
descriptive calibration framework or alternatively within the prescriptive calibration frame-
work. Consensus in the literature is for use of the descriptive approach. Indeed, Arrow 
et al. (2013, p. 349), point out that the descriptive approach prevents inconsistencies from 
discounting benefits and costs occurring in the same year at different rates. Moreover, 
Arrow (1999), Dasgupta (2007) and Nordhaus (2007) argue that the descriptive approach 
avoids situations where generations are predicted to save at unrealistically high levels that 
are inconsistent with actual economic outcomes.17

(5)rt,t+1 = � − (1 + �)gL + �gC − �2
�2
C

2
− (� − �)(1 + �)

�2
C

2

16 The expression makes use of the assumption that consumption shocks are idiosyncratic. See the Online 
Appendix for derivation.
17 There is of course some tension when calibrating the social planner framework to actual economic out-
comes. Indeed, the global economy is decentralized with several distortions, imperfections, externalities, 
and inefficiencies in markets. Such frictions drive a wedge between the social discount rate (i.e., derived 
from what is socially optimal) and the investment discount rate (i.e., actual returns on risk-free capital 
assets), meaning that the two are generally not equalized. Should one then still calibrate the social planner 
model as though it were fully consistent with observed economic outcomes? Arrow (1999), Arrow et al. 
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These observations naturally lead to the first of this paper’s contributions. While the 
related literature typically reports that non-expected utility implies more stringent climate 
policy than expected utility, the preceding paragraphs suggest that the level of the SCC, 
through its dependence on the social discount rate, is inadvertently larger because of a cali-
bration technicality. That is, the SCC in the non-expected utility specification is greater in 
part because of parametric changes that are unrelated to the optimal response to climate 
change impacts. Thus, in order to restore the non-expected utility stochastic DICE model to 
the same market-based calibration baseline as the expected utility stochastic DICE model, 
impatience will typically have to be induced by adjusting �.18

The next section presents the quantitative impact on the SCC of moving from expected 
to non-expected utility with and without renormalization of savings behaviour. It will 
become apparent that without renormalization of savings, the SCC can be multiple fac-
tors larger than that in the baseline expected utility specification. With renormalization, 
the situation reverses and the SCC turns out to be consistently lower than in the baseline 
expected utility specification. These results indicate that non-expected utility, at least with 
regard to EZW preferences, does not necessarily give rise to a higher SCC than expected 
utility, unless when coupled with prescriptive considerations.

4  Numerical Results

As earlier mentioned, I employ stochastic programming to find the optimal policy under 
uncertainty (cf. Shapiro et  al. 2009). This method is particularly convenient considering 
that there is only one agent in the model and the probability structure is predefined. To con-
tain the proliferation of scenarios, while in essence preserving the DICE structure,19 only 
a single shock, as in Ackerman et al. (2013) and Belaia et al. (2017)—also see Keller et al. 
(2004)—is introduced. The point at which the shock occurs corresponds to the point in 
time when the planner learns the state of nature that prevails. In other words, it corresponds 
to that point in time when the planner observes the random shock for which only a distribu-
tion was known up until then. All decision-making before the learning point is taken under 
uncertainty while that after is deterministic, adjusted to respond to the observed state of 
the world. Three learning points: 2040, 2080, and 2100 are evaluated. An inspection of the 
results shows that pre-shock (alternatively, pre-uncertainty resolution) outcomes are quali-
tatively and more or less quantitatively consistent across learning points. The body of this 
article thus focuses on the 2080 learning point with the SCC figures for the 2040 and 2100 
learnings points relegated to “Appendix 1”.

The consequence of moving from expected to non-expected utility, with and with-
out renormalization of the savings rate, is discussed in the next subsection. The subsec-
tion after reports on the response of optimal climate policy to damage versus equilibrium 

Footnote 17 (continued)
(2013), Dasgupta (2007), Drupp et al. (2018) and Nordhaus (2007) discuss this matter, and decide in favour 
of the descriptive approach.
18 Since � is unobserved, and its value is typically assumed in empirical work, it provides the natural 
degree of freedom for calibrating the model when the savings rate is fixed.
19 DICE presumes the availability of negative emission technologies sometime in the future, a feature that 
is terminated in this paper’s version of the model.
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climate sensitivity uncertainty. The final subsection discusses the influence of risk aversion 
on optimal policy.

4.1  Expected Versus Non‑expected Utility

Figure 1 presents the time path for emissions, temperature, and the expected SCC.20 Speci-
fication ‘ � = � = 1.45 ’ is labelled the baseline specification and ‘ � = 0.8 � = 9 ’ the bench-
mark specification. The left panels disregard renormalization of the base year savings rate 
for the non-baseline specifications whereas, renormalization is pursued for all non-baseline 
specifications showed in the right panels. ‘ � = � = 0.8 ’ and ‘ � = 0.8 � = 0.2 ’ are the sup-
plementary specifications that help clarify and explain the principal specifications. The 
former helps illustrate the impact of a less egalitarian attitude toward consumption vari-
ability relative to the baseline. Additionally, it clarifies the consequence of being tempo-
rally neutral to risk, as opposed to exhibiting temporal risk aversion per the benchmark 
specification. Specification ‘ � = 0.8 � = 0.2 ,’ by contrast, highlights the consequences of 
being temporally risk-loving, as opposed to being temporally risk averse per the benchmark 
or neutral per the first supplementary specification.21

Moving �(= �) to 0.8 from 1.45, while keeping all other parameters including the pure 
rate of time preference unchanged (left panels of Fig. 1), increases the model’s base year 
savings rate from 26.9 to 32.6%.22 This is consistent with a lower � making the planner 
less averse to (deterministic) intergenerational consumption variability and, therefore, more 
willing to shift consumption from the present and to the relatively wealthier future. This 
inegalitarian consumption attitude also increases immediate emission abatement in order 
bolster the future consumption stream. Observe that under the baseline specification, emis-
sions peak in 2045 but peak almost two decades earlier when � = 0.8 . Holding � = 0.8 and 
raising � = 9 makes the planner more risk averse. This additional adjustment turns out to 
have a negligible impact on the 32.6% savings rate, but helps increase the SCC, leading to 
additional cuts in emissions. The lower � , nevertheless, still has the much more substantial 
impact on emission policy than the larger �.23 In and of itself, the lower � would not be a 
problem were it not for the distorted savings response that deviates from the baseline cali-
bration—or observed outcomes—by nearly 7% points.24

21 For 𝛾 < 𝜗 , the planner is willing to sacrifice welfare for the early resolution of uncertainty even if this 
resolution is not pay-off relevant. With � = � , the planner is indifferent about when risk is resolved (i.e., 
temporally risk neutral), but prefers the late resolution of risk (i.e., temporally risk-loving) when 𝛾 > 𝜗 . For 
further details see e.g., Epstein and Zin (1989, 1991), Kreps and Porteus (1978), Traeger (2009) and Weil 
(1990, 1989).
22 The savings rate in the deterministic version of the original DICE model by Nordhaus and Sztorc (2013), 
is also 26.9%.
23 Lowering � to 0.8 explains nearly 150% of the initial increase in the SCC and increasing � to 10 from 0.8 
explains the remaining nearly 40%.
24 With � = 0.8 and recalibration of the base year savings rate disregarded, the model predicts a base year 
social consumption discount rate of 2.6%.

20 A key requirement in stochastic programming is nonanticipativity (Shapiro et al. 2009). This in essence 
restricts choices to depend on the current state and not on the future’s yet unrealized outcomes. This 
requirement ensures that scenarios sharing a common history, generate similar outcomes. In stochastic 
DICE, this implies a single optimal outcome for consumption, abatement, emissions, and hence a unique 
path for all state variables prior to the realization of the shock. The reported expected SCC is obtained as 
the probabilistic sum over the scenario SCCs.
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In the right panels, � , is adjusted such that (base year) savings behaviour is consist-
ent across all four preference specifications. Since the savings rate is higher when �(= �) 
is moved to 0.8 from 1.45, it is natural to induce impatience so as to lower savings to 
a level consistent with the baseline specification or equivalently to that observed in the 
data. As noted earlier, the pure rate of time preference is the natural degree of freedom for 
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Fig. 1  Emissions, temperature, and the SCC for alternate degrees of intergenerational inequality aversion 
and risk aversion. Notes: Left panels: simulation with unadjusted pure rate of preference. Right panels: sim-
ulations with pure rate of time preference adjusted such that (base year) savings behaviour is consistent 
across specifications
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making this adjustment since its value is typically assumed. A 1.58% increase, yielding a 
3.08% pure rate of social time preference turns out to be sufficient for renormalizing sav-
ings behaviour in the non-baseline specifications. Since the figures in the right panels illus-
trate that the climate policy response is less ambitious in the non-baseline specifications, 
it is immediate that the impact of inducing impatience in order to have consistent savings 
behaviour across specifications, outweighs that of being less egalitarian by decreasing � . 
Contrasting the findings on the right to those on the left, it is evident that even for reason-
able preference parameters, EZW preferences do not necessarily recommend an aggressive 
climate response, as the literature has tended to suggest, unless of course when coupled 
with prescriptive considerations.

It is nonetheless reassuring to see that climate policy responds to the magnitude of 
risk aversion. This is especially important in the context of findings by Crost and Traeger 
(2014), Ackerman et al. (2013) and Belaia et al. (2017) that show little to no response of 
policy to the level of risk aversion. Clarifying which uncertainties elicit a strong climate 
policy response in the degree of risk aversion is important for shaping future scientific 
research efforts and the climate policy discourse.

4.2  Damage vis‑à‑vis climate sensitivity uncertainty

This subsection evaluates the optimal response of climate policy to damage elasticity 
uncertainty vis-à-vis equilibrium climate sensitivity uncertainty. The principle insight is 
that even in the presence of tail risk for equilibrium climate sensitivity, the SCC is still 
more responsive to damage elasticity uncertainty. The small consequences of equilibrium 
climate sensitivity uncertainty stem from the substantial inertia in the climate system 
which attenuates the severity of these shocks; and countervailing climate sensitivity shocks 
that over the long run temper the temperature response.25

Figure  2 presents the SCC under damage elasticity uncertainty (left panel) and equi-
librium climate sensitivity uncertainty (right panel). In the former, the SCC rises from 
between 22 and 29 US$/tCO2 in 2015 to between 116 and 158 US$/tCO2 in 2075, a five-
fold increase. This compares with a four-fold increase from between 20 and 25 to between 
83 and 120 US$/tCO2 under climate sensitivity uncertainty. The lowest value for the SCC 
in 2075 under damage uncertainty, is more or less of the same magnitude as the high-
est value for the SCC under climate sensitivity uncertainty. Moreover, the highest value 
for the SCC under damage uncertainty is almost one third greater than the highest value 
for the SCC under climate sensitivity uncertainty. These findings convey that even in the 
presence of tail probabilities for equilibrium climate sensitivity, optimal climate policy is 
more responsive to damage elasticity uncertainty than to equilibrium climate sensitivity 
uncertainty.

Figure 3a, b further illustrate this point. The panels depict the difference between the 
expected SCC and the deterministic SCC, for otherwise identical specifications. Panel (a) 
illustrates that the SCC is moderately driven up due to damage uncertainty whereas panel 
(b) shows that it somewhat decreases due to climate sensitivity uncertainty.

Focusing on uncertainty regarding coefficient ( b1 ) and elasticity ( b2 ) of the dam-
age Eq.  (2), Crost and Traeger (2014) observe that the SCC is higher with the elasticity 

25 For brevity, the ensuing discussion focuses on the descriptive calibration, but impacts on the SCC for the 
prescriptive calibration are illustrated in Fig. 5.
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uncertain than with the coefficient uncertain. Their explanation for this observation is that 
the world looks on average worse under damage elasticity uncertainty than under damage 
coefficient uncertainty, which induces the planner to abate more under the former than the 
latter. Evaluating climate sensitivity uncertainty, Keller et  al. (2004) observe that abate-
ment is less with the SCC uncertain. They use a weighted Monte Carlo risk analysis rather 
than an explicit decision making under uncertainty framework. They provide two explana-
tions for their findings. Firstly, that risk aversion is not the dominant factor and hence the 
planner is willing to accept more risk even in an uncertain world. Secondly, that mitiga-
tion does not reduce the variance in pay-offs, inducing the planer to weaken rather than 
strengthen abatement under uncertainty. Lemoine and Rudik (2017b) as well report of 
small consequences on climate policy of climate sensitivity uncertainty, rationalizing this 
by the climate system’s inertia.

An analytical expression for the SCC can provide precise insights for why climate pol-
icy responds more to damage elasticity uncertainty than to equilibrium climate sensitivity 
uncertainty. In “Appendix 2’, a reduced version of the DICE model is set up (cf., Jensen 
and Traeger 2016). This model captures using three state variables—capital (K), atmos-
pheric  CO2 (M), and atmospheric temperature (T)—the essential mechanisms present in 
the original DICE model. The model yields the following reduced-form expression for the 
expected SCC when �(= �):

where F� denotes the production function.26 The damage elasticity shock enters through 
�F�∕�T� and the climate sensitivity shock through �T�∕�T�.

This expression suggests that the quantitatively small consequences of equilibrium cli-
mate sensitivity uncertainty on the SCC are in part the result of: (1) significant inertia in 
the climate system and (2) countervailing equilibrium climate sensitivity shocks that tem-
per the longrun temperature response. Both these impacts enter through �T�∕�T� . The greater 
the inertia in the climate system, the smaller �T�∕�T� is, resulting in climate sensitivity uncer-
tainty having a small impact on the expected SCC. In addition, for 𝜄 ≫ 𝜏 , large and small 
equilibrium climate sensitivity shocks offset one another, leading to small consequences 
of historical temperature increases on the longrun temperature increase. The quantitative 
effect of using a more impactful counterfactual value for climate inertia than DICE’s origi-
nal value is illustrated in Fig. 6.27 The resulting SCC is greater under uncertainty for both 
the baseline and benchmark specifications, and the decrease is much smaller for the two 
supplementary specifications.

Non-linearities also matter for the impacts of uncertainty on climate policy. Because 
an increase in damage elasticity links to greater expected damages at an increasing rate, 
and an increase in climate sensitivity uncertainty to greater expected temperature increase 
but at a decreasing rate, uncertainty about the former suggests a more aggressive policy 
to curb climate change (Jensen’s inequality). Note that contrary to this article, Lemoine 
and Rudik (2017b), Jensen and Traeger (2016) and Hwang et  al. (2017) model climate 

(6)SCCt = −
1

u�
(
Ct

)�t

[
∞∑

�=t+1
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�=�

��−tu�
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�T�

�M�
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]

26 Because SCC
t
= �F

t∕�E
t
 , greater emissions correspond to a smaller gain from marginal emissions and 

thus a smaller expected SCC.
27 In particular, while DICE sets the parameter that calibrates atmosphere inertia to 51 years, in this coun-
terfactual simulation the parameter is set to 21 years.
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Fig. 2  SCC under damage elasticity uncertainty (left panel) and climate sensitivity uncertainty (right panel) 
for alternate degrees of intergenerational inequality aversion and risk aversion

2020 2030 2040 2050 2060 2070
0

10

20

30

40

C
ha

ng
e 

in
 S

C
C

 re
l. 

to
 c

er
ta

in
ity

 (U
S

$/
tC

O
2)

= =1.45
= =0.8
=0.8 =9
=0.8 =0.2

(a)
2020 2030 2040 2050 2060 2070

-7

-5

-3

-1

C
ha

ng
e 

in
 S

C
C

 re
l. 

to
 c

er
ta

in
ity

 (U
S

$/
tC

O
2)

= =1.45
= =0.8
=0.8 =9
=0.8 =0.2

(b)

2020 2030 2040 2050 2060 2070
0

10

20

30

40

50

60

C
ha

ng
e 

in
 S

C
C

 re
l. 

to
 c

er
ta

in
ity

 (U
S

$/
tC

O
2)

= =1.45
= =0.8
=0.8 =9
=0.8 =0.2

(c)

Fig. 3  Response of the SCC to damage elasticity uncertainty (a) and climate sensitivity uncertainty (b), and 
the interactive effects of damage and climate sensitivity uncertainty (c), for alternate degrees of inequality 
aversion and risk aversion. Notes: Each specification shows the difference between the expected SCC and 
the deterministic SCC. The deterministic SCC is obtained using the mean of the ‘uncertain’ damage elastic-
ity and the mean of the ‘uncertain’ climate sensitivity. Renormalization of the savings rate is pursued for all 
specifications
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sensitivity uncertainty by assuming that the climate system’s feedback factor is uncertain. 
This implies a linear (rather than concave) relationship between atmospheric temperature 
and the source of uncertainty; and in the non-linear DICE model, suggests an even less 
aggressive policy under uncertainty than that reported above.28 This means that the princi-
ple explanation for why they observe an increase (rather than a decrease) in the SCC under 
uncertainty, is likely down to their use of the mode of climate sensitivity, 3.0, rather than 
the expected value for recovering the optimal deterministic policy.29,30

Overall, these findings imply that the planner perceives the marginal ton of  CO2 emit-
ted under damage uncertainty, as potentially more detrimental to welfare than that emitted 
under climate sensitivity uncertainty. And while an analytical expression for the SCC is 
unavailable under general disentangled preferences for risk and inequality, i.e., for general 
values when � ≠ � . The numerical results suggest that this extension primarily scales the 
impact of uncertainty for the intensity of preference for temporal risk resolution.

4.3  Uncertainty Interaction and SCC Response to Risk Aversion

Joint damage and climate sensitivity uncertainty elicit a strong response of climate policy 
to the degree of risk aversion than either uncertainty alone. How much welfare society is 
willing to sacrifice in order to contain climate change can be multiple factors greater with 
interacting sources of uncertainty and disentangled preferences for risk and inequality, than 
with a single source of uncertainty. In this section, I discuss the response of optimal cli-
mate policy to varying the degree of risk aversion.

Ackerman et al. (2013) observe that the planner’s policy under climate sensitivity uncer-
tainty marginally responds to risk aversion. They suggest that abatement is too cheap in the 
DICE model, which induces the planner to delay mitigation. They also argue that dam-
ages are not costly enough as to induce early action. Belaia et al. explore both dimensions 
by introducing a deterministic tipping point threshold with regard to thermohaline circula-
tion, and in some scenarios consider the impact of technological inertia.31 While they find 
some additional response of policy to risk aversion when inertia is present, the response is 
still inconsequential. They conclude that technology inertia could be modelled more elabo-
rately and perhaps then a stronger influence of risk aversion will emerge.

Under damage elasticity uncertainty, on the other hand, Crost and Traeger (2014) 
observe some response of policy to increasing risk aversion. To explain why the planner 
does not do more, they argue that because future generations are much wealthier than pre-
sent generations, the latter find it optimal to do little to abate emissions on account of dam-
ages from climate change not being catastrophic.

28 The present model cannot be directly compared to the versions used by Lemoine and Rudik (2017b), 
Jensen and Traeger (2016), and Hwang et al. (2017). Nonetheless, when uncertainty is introduced linearly 
by assuming the ratio ( 1∕� ), rather than non-linearly by taking only the component � , as uncertain, the SCC 
is always lower under uncertainty with the former. In particular, it lower by between US$ 2-3 through out 
the years.
29 In their setting of fat tails, the mean is technically undefined and thus their use of the mode.
30 Indeed, I observe a greater SCC under uncertainty, when a ‘modal’ value of 3.0 (rather than the mean of 
3.56) is used to recover the deterministic policy. For the baseline and benchmark scenarios, the SCC under 
uncertainty is greater, relative to the deterministic SCC, by US$ 4.657 and 3.889 in 2020, rising to US$ 
18.226 and 15.322 in 2075. In specification ‘ � = � = 0.8 ’ ( ‘ � = 0.8 � = 0.2 ) the SCC is greater by US$ 
3.354 (3.322) in 2020, rising to 10.343 (10.051) in 2075.
31 They model inertia by constraining attainable cumulative abatement per unit change in time.
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Interacting sources of uncertainty can induce a planner to respond decisively to cli-
mate change as the level of risk aversion increases. Figure 3c illustrates the joint effects of 
damage elasticity and equilibrium climate sensitivity uncertainty. In contrast to the con-
sequences from a single source of uncertainty (panels (a) and (b)), the planner’s policy is 
more responsive to the level of risk aversion with joint uncertainties. More specifically, the 
2075 range for the SCC is US$ 38.157 with both the damage elasticity and equilibrium cli-
mate sensitivity uncertain. In contrast, it is US$ 15.674 with damage elasticity uncertainty 
alone, and US$ 5.271 with only equilibrium climate sensitivity uncertainty. Moreover, the 
SCC in the benchmark scenario is US$ 58.271 above its corresponding deterministic level 
with joint uncertainties. Yet, it is US$ 40.92 above (US$ 0.902 below) with only dam-
age elasticity (climate sensitivity) uncertainty. These findings demonstrate that interact-
ing uncertainties can justify substantially strengthening climate policy even at reasonable 
degrees of risk aversion.32

Climate policy is strengthened in the presence of interacting sources of uncertainty and 
increasing risk aversion because a dispersion in future welfare outcomes becomes more 
costly the more risk averse the planner is.33 Table 1 presents welfare costs of uncertainty at 
different levels of risk aversion. The quantities correspond to how much first period con-
sumption would have to be returned to the planner, in order to make them indifferent to 
uncertainty. With only climate sensitivity uncertainty, the planner gives up some consump-
tion in order to return to the welfare enjoyed under certainty. With only damage elastic-
ity uncertainty, the planner is compensated US$ 0.5–1.3 trillion. This compares with US$ 
0.3–2.5 trillion in the presence of both damage and climate sensitivity uncertainty. Finally, 
observe that in the most plausible specification, the planner must be compensated the most: 
nearly US$ 2.4 trillion to return to the welfare received under certainty.

Table 1  Welfare impacts of uncertainty, in trillion US$

Welfare impacts calculated as the compensating variation required to return the planner to deterministic 
welfare

Climate sensitivity Damage elasticity Climate and 
damage elas-
ticity

‘� = 1.45 � = 1.45’ − 0.419 0.487 0.323
‘� = 0.75 � = 0.75’ − 0.652 1.040 0.760
‘� = 0.75 � = 9.0’ − 0.076 1.259 2.439
‘� = 0.75 � = 0.2’ − 0.688 1.025 0.662

32 Figure 5 shows that this pattern continues to hold even when the recalibration of the discount rate is dis-
regarded for the non-baseline specifications.
33 In fact, with an exogenous Gaussian process for consumption growth and fixed climate policy, it can be 
shown that the conditional variance of future welfare outcomes reduces present-day welfare for 𝜗 > 𝛾 = 1.
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5  Conclusions

While Stern (2007) relies on the  prescriptive approach of model calibration to advocate 
for an ambitious response to anthropogenic climate change, the descriptive approach that 
has been advocated for by Arrow (1999), Dasgupta (2007) and Nordhaus (2007), and is 
more popular among economists, typically prescribes a much more watered-down policy 
response to climate change. Of late, preferences that disentangle risk and inequality aver-
sion have been adopted in the climate change literature, not only because they yield a bet-
ter fit to financial data, but also because they have the potential to reconcile the prescrip-
tive and descriptive approaches of model calibration. In this paper, it has been argued and 
shown that the large SCC results associated with conventional EZW models stem from a 
depressed social consumption discount rate and not anything special about disentangling 
preferences for risk and inequality.

The paper has also contributed to an understanding of the drivers of climate policy under 
uncertainty. In particular, it was shown that by ignoring interacting sources of uncertainty, 
analysts may be severely underestimating the cost of climate change. Under joint damage elas-
ticity and equilibrium climate sensitivity uncertainty, this cost was estimated at US$ 2.4 tril-
lion, but was more or less negligible for climate sensitivity alone. Moreover, it was shown that 
some uncertainties are “more equal than others.” Uncertainty about the damage elasticity was 
found to have a larger impact on climate policy than uncertainty about equilibrium climate 
sensitivity, even in the presence of risk for the latter. Finally, while it has often been found that 
climate policy barely responds to the level risk aversion, suggesting that the expected utility 
framework may be sufficient for uncertainty analysis, here it was found that risk aversion fea-
tures prominently in the presence of both damage elasticity and equilibrium climate sensitiv-
ity. This means that relative to expected utility framework, EZW preferences actually present 
both conceptual and practical benefits for understanding the consequences of uncertainty for 
climate policy design.

The analysis comes with caveats  that can be addressed. Future extensions could for 
instance investigate the consequence of uncertainties using a finer mass function for the uncer-
tain parameters and also evaluate the impacts of additional sources of uncertainty. The joint 
impacts of damage elasticity and climate sensitivity uncertainty could also be evaluated in 
a longrun risk EZW model. Longrun risks have the potential to bridge the quantitative gap 
between prescriptive and descriptive model calibrations since they give more weight to the 
degree of risk aversion in setting the risk-free discount rate.
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Appendix 1: Extra Graphs

See Figs. 4, 5 and 6.

Appendix 2: Simplified DICE Model

DICE’s atmospheric temperature Eq. (2), can be reorganized as:

where ΔT = z1
�∕� − z1z2 . It is immediate that for 𝜄 > t , T� increases in climate sensitivity, � , 

at a decreasing rate. DICE sets z2 = 0.008624 , which for simplifying the derivation of the 
SCC can be set zero, yielding:
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Fig. 4  SCC (in US$), for alternate degrees of intergenerational inequality aversion and risk aversion. Notes: 
Left panels: simulation with unadjusted pure rate of preference. Right panels: simulations with pure rate 
of time preference adjusted such that (base year) savings behaviour is consistent across specifications. Top 
panels: 2040 uncertainty resolution. Bottom panels: 2100 uncertainty resolution
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The parameter z1 defines the inertia in the climate system. DICE2013 sets this value to 
0.098, corresponding to a duration of 51 years. In the counterfactual experiment testing the 
impact of climate inertia, this parameter is set to 0.25.

Furthermore, it is convenient to disregard the upper and deep ocean carbon sinks and only 
focus on the atmospheric stock (Jensen and Traeger 2016). The simplified stochastic DICE 
model becomes :

s.t.

Let Vt ≡ V
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Fig. 5  Response of the SCC to damage elasticity uncertainty (a) and climate sensitivity uncertainty (b), and 
the interactive effects of damage and climate sensitivity uncertainty (c), for alternate degrees of intergen-
erational inequality aversion and risk aversion. Notes: Each specification shows the difference between the 
expected SCC and the deterministic SCC derived from the mean of the ‘uncertain’ damage elasticity and 
the ‘uncertain’ climate sensitivity. The renormalization of the savings rate is disregarded in the non-baseline 
specifications
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Taking FOC with respect to Ct yields:

and with respect to Et:

which is an expression for the SCC.
Finding the quantities �Vt+1∕�Mt+1 and �Vt+1∕�Tt+1 requires differentiating the value function.
First consider �Vt+1∕�Tt+1:
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Fig. 6  Response of the SCC to climate sensitivity uncertainty in a counterfactual with higher climate iner-
tia. In DICE, the climate inertia parameter is set to fifty years. In this counterfactual, the climate inertia 
parameter is set to 20 years. Notes: Each specification shows the difference between the expected SCC and 
the deterministic SCC. The deterministic SCC is obtained using the mean of the ‘uncertain’ climate sensi-
tivity. Renormalization of the savings rate is pursued for all specifications
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For �Vt+1∕�Mt+1

Recall that
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Letting �Mt+1

�Et

= 1 gives the expression in the text.
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