
1.  Introduction
Social and economic impacts of climate change have become increasingly studied and quantified over the 
last years (Auffhammer,  2018; Carleton & Hsiang,  2016) and are on the rise (Coronese et  al.,  2019; Field 
et al., 2012). Econometric assessments rely on panel data and regression models to explain observed relation-
ships between socio-economic and climatic variables over time and across different geographical regions (Burke 
et al., 2015; Dell et al., 2012). This methodology reveals the strong interconnections between climate trends or 
shocks and socio-economic indicators at the sector and aggregated level (Diffenbaugh & Burke, 2019; Hsiang 
et al., 2011, 2013, 2017; Kotz et al., 2021; Lobell & Field, 2007; Lobell et al., 2011; Schlenker & Roberts, 2009).

Substantial losses result from projecting the estimated economic response to climatic variables into the future for 
the global economy (Burke et al., 2018; Kahn et al., 2019; Moore & Diaz, 2015), with estimates of average global 
reduction of gross domestic product (GDP) per capita in 2,100 in the order of 30% with respect to a baseline high 
emissions scenario (Burke et al., 2015), one order of magnitude larger than with expert-elicited damage functions 
used in the Dynamic Integrated Climate Economy (DICE) model and other cost-benefit integrated assessment 
models (IAMs) (Howard & Sterner, 2017; Nordhaus, 2017). Even though the debate over the monetary value 
of future climate damages is still active, both econometric and traditional expert-based formulations have been 

Abstract  Intensifying climate change impacts can divert the economic resources away from emission 
reduction toward adaptation to reduce rising damages, jeopardizing temperature stabilization within safe 
levels. Indeed, the traditional static welfare-maximizing climate policy design leads to a conflict between 
mitigation and adaptation, invalidating the recently established consistency of cost-benefit analysis with the 
Paris Agreement's targets. Here, we show that this tension can be resolved by integrating multi-objective 
optimization and feedback control in the Dynamic Integrated Climate Economy model to design self-adaptive 
climate policies trading off welfare maximization with the Paris Agreement compliance. These policies allow 
adjusting against uncertainty as information on the socio-climatic system accumulates, thus representing the 
policy-making process more realistically. We show that, the costs being the same as in traditional methods, 
warming above 2°C and the probability of overshooting can be drastically reduced, emphasizing the need for 
integrating adaptation and mitigation strategies and the value of embracing a self-adaptive, multi-objective 
perspective.

Plain Language Summary  Traditionally, computer models are used to study the timing and 
magnitude of greenhouse gases emissions reduction, adopting an economic perspective. Yet, some well-known 
major issues affect such analyses. First, the decisions need to be taken in an uncertain context, that is, without 
exact knowledge about the future evolution of climate and economy. Second, these decisions should be 
contemplating multiple climate policy targets and objectives simultaneously. Third, decisions can be refined 
and adjusted as we gain more information about the economy, the climate, and their interactions. Finally, 
climate adaptation strategies, that is, actions and policies that can reduce a part of future climate impacts, are 
often overlooked as they are treated implicitly. While the models have been improved over time, these problems 
have never been examined all at once. In this work, we explicitly consider climate adaptation and jointly solve 
the above issues to show that mitigation and adaptation strategies can be adjusted flexibly to reduce conflicts 
between different climate policy objectives. Yet, to achieve good performance across the indicators examined, 
fast climate action is required.

CARLINO ET AL.

© 2022 The Authors. Earth's Future 
published by Wiley Periodicals LLC on 
behalf of American Geophysical Union.
This is an open access article under 
the terms of the Creative Commons 
Attribution-NonCommercial-NoDerivs 
License, which permits use and 
distribution in any medium, provided the 
original work is properly cited, the use is 
non-commercial and no modifications or 
adaptations are made.

Self-Adaptive Multi-Objective Climate Policies Align 
Mitigation and Adaptation Strategies
Angelo Carlino1  , Massimo Tavoni2,3  , and Andrea Castelletti1,3 

1Department of Electronics, Information and Bioengineering, Politecnico di Milano, Milano, Italy, 2Department of 
Management, Economics and Industrial Engineering, Politecnico di Milano, Milano, Italy, 3RFF-CMCC European Institute 
on Economics and the Environment (EIEE), Centro Euro-Mediterraneo sui Cambiamenti Climatici, Milano, Italy

Key Points:
•	 �Dealing explicitly with conflicting 

objectives, multi-objective climate 
policies align mitigation, and 
adaptation strategies

•	 �Self-adaptive multi-objective policies 
provide the best objectives' trade-offs 
by flexibly balancing mitigation and 
adaptation strategies

•	 �Any climate action delay sharpens the 
conflicts between the objectives and 
reduces the benefits associated with 
self-adaptive policies

Supporting Information:
Supporting Information may be found in 
the online version of this article.

Correspondence to:
A. Castelletti,
andrea.castelletti@polimi.it

Citation:
Carlino, A., Tavoni, M., & Castelletti, 
A. (2022). Self-adaptive multi-objective 
climate policies align mitigation and 
adaptation strategies. Earth's Future, 
10, e2022EF002767. https://doi.
org/10.1029/2022EF002767

Received 9 MAR 2022
Accepted 16 SEP 2022

10.1029/2022EF002767
RESEARCH ARTICLE

1 of 20

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://orcid.org/0000-0002-8403-9070
https://orcid.org/0000-0001-5069-4707
https://orcid.org/0000-0002-7923-1498
https://doi.org/10.1029/2022EF002767
https://doi.org/10.1029/2022EF002767
https://doi.org/10.1029/2022EF002767
https://doi.org/10.1029/2022EF002767
https://doi.org/10.1029/2022EF002767
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2022EF002767&domain=pdf&date_stamp=2022-10-19


Earth’s Future

CARLINO ET AL.

10.1029/2022EF002767

2 of 20

recently used to assess the economic optimality of limiting global temperature increase below 2°C (Glanemann 
et al., 2020; Hänsel et al., 2020), in line with the Paris Agreement (UNFCCC, 2015). Yet, as climate impacts 
intensify, economic resources shift from mitigation to adaptation is a severe risk (Adger, 2006; Field et al., 2014; 
Smit & Wandel, 2006).

Given the potential societal and economic benefits of the effective implementation of adaptation strategies and 
the inevitable need to cope with future climatic conditions (Hoegh-Guldberg et al., 2019; Parry et al., 1998; 
Sherwood, 2020), the quest for the optimal mix of mitigation and adaptation has been a long-standing issue 
in climate policy design (Klein et al., 2005; Moser, 2012). To explore synergies and conflicts between miti-
gation and adaptation, cost-benefit IAMs, which initially describe adaptation implicitly (Füssel, 2010), have 
introduced various compact form representations of its fundamental working principles (Agrawala, Bosello, 
Carraro, De Bruin et al., 2011; Agrawala, Bosello, Carraro, De Cian, & Lanzi, 2011; Bahn et al., 2019; De 
Bruin et  al.,  2009). When a climate policy is designed contemplating this additional lever, the transition 
to carbon neutrality is delayed, confirming results obtained for the energy and power sector (Handayani 
et al., 2020; Kopytko & Perkins, 2011). Even though IAMs including adaptation modeling have been crit-
icized for their simplicity (Patt et al., 2010), they remain a valuable tool to explore the interplay between 
mitigation and adaptation in climate policy, analyze key relationships and identify critical areas requiring 
further research (Bretschger & Pittel, 2020; Fankhauser, 2017; Weyant, 2017). For this reason, IAMs should 
improve their representation of adaptation rather than treating it implicitly to avoid the burden associated 
with it.

Here, we show that the introduction of adaptation in DICE delays mitigation and jeopardizes the chance of 
meeting the Paris Agreement invalidating recent results on its economic optimality (Glanemann et al., 2020; 
Hänsel et al., 2020). Yet, three fundamental assumptions on which DICE is based dispute the above point and 
motivate a modeling shift to address them quantitatively. These are the deterministic nature of DICE (Cai 
et al., 2016; Felgenhauer & De Bruin, 2009), the corresponding static (once for all) design of climate poli-
cies (Ekholm, 2018; Felgenhauer & De Bruin, 2009; Garner & Keller, 2018; Marangoni et al., 2021; Mathias 
et al., 2017), and its single-objective characterization (Garner et al., 2016; Marangoni et al., 2021). Indeed, the 
traditional static intertemporal optimization adopted to design emissions reduction and adaptation investments 
decisions once and for all fails in realistically reproducing the evolution of climate policy in response to changes 
in the socio-economic and climatic system. Moreover, its application over many uncertain future scenarios 
can result in contradictory policy recommendations (Crost & Traeger,  2013). We introduce the concept of 
self-adaptive climate policies (SACPs) to describe how climate policy decisions can change depending on 
the evolving socio-climatic state of the system. Specifically, SACPs close the loop between the information 
available to a decision-maker in a given time (e.g., temperature, carbon dioxide concentration, global econ-
omy, and adaptation capital stock) and his/her subsequent action (e.g., annual emissions and investment in 
adaptation measures) in response to this new system state. Adaptation also seems to be the climate policy 
constituent that might benefit the most from the improved decision-making realism that this technique yields 
(Herman et al., 2020). Formally, an SACP is an optimal feedback control policy. While previous applications 
of optimal control theory in climate policy range from stochastic and approximate dynamic programming (Cai 
et al., 2015, 2016; Jensen & Traeger, 2014; Lemoine & Rudik, 2017; Lontzek et al., 2015; Webster et al., 2012) 
to model predictive control (Kellett et al., 2019; Weller et al., 2015), the methodology adopted here is designed 
to reduce the computational burden associated with the curse of dimensionality, modeling, and multiple objec-
tives (Giuliani et al., 2018).

The single-objective welfare-maximizing problem formulation is another major limitation of DICE. Indeed, it 
does not allow to explain the complex and multi-faceted nature of climate policy and recent carbon neutral-
ity plan declarations. Not trespassing the 2°C warming threshold must be acknowledged as a critical objec-
tive since the occurrence of that event would significantly increase the risk of catastrophic climate damages 
(Lenton et al., 2008; Steffen et al., 2018), an undesirable outcome from a socio-political perspective (Okereke & 
Coventry, 2016; Schleussner, Lissner, et al., 2016; Schleussner, Rogelj, et al., 2016). Keeping temperature within 
safe levels, as recommended by the Paris Agreement, is therefore, a fundamental political objective that will shape 
climate strategies over the next years and that should be directly considered to model the policy design process 
(Sterner et al., 2019). While multi-objective optimization has been adopted to reveal the conflicts between many 
objectives in climate policy (i.e., welfare, temperature, and the different costs components) (Garner et al., 2016), 
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it has not been coupled yet with self-adaptive decision-making to evaluate the consequential reduction in conflicts 
between the alignment of mitigation and adaptation strategies.

In this paper, we update a simulation version of DICE (Garner et  al.,  2016; Lamontagne et  al.,  2019) with 
the most recent improvements to the model (Hänsel et al., 2020). We re-introduce explicit adaptation choices 
as short-term actions and long-term investments in adaptation stock (Agrawala, Bosello, Carraro, De Bruin 
et al., 2011) to assess the importance of the abovementioned points. First, we directly include uncertainty—
stochastic, parametric, and structural—over both the physical and the socio-economic model components, also 
covering key uncertain factors such as adaptation efficiency and climate damages specification. Second, as 
deep uncertainty in the modeled evolution of the coupled socio-economic and climatic systems (Ackerman 
& Stanton, 2012; Ackerman et  al.,  2010; Anthoff & Tol,  2014; Butler et  al.,  2014; Gillingham et  al.,  2018; 
Lamontagne et al., 2019; Nordhaus, 2018; Pindyck, 2013, 2017) calls for an adaptive decision-making approach 
in climate policy and integrated assessment modeling (Allen & Frame, 2007; Haasnoot et al., 2013; Pizer, 1999), 
we rely on SACPs to implement a rational agent whose decisions change in front of new evidence. Third, 
we design the SACPs embracing a multi-objective perspective (Giuliani et  al.,  2018) to transparently reveal 
the conflicts between welfare maximization and compliance with the Paris Agreement, exploring the set of 
Pareto-optimal alternatives.

Here, we analyze the integration of these previously individually analyzed different components into a single 
unified and coherent modeling framework, including the effect of adaptation investment as an explicit deci-
sion variable. We demonstrate that self-adaptive multi-objective climate policies reduce the conflict between the 
objectives and balance mitigation and adaptation strategies flexibly based on the realization of uncertainties and 
the socio-climatic system's evolution.

Even though the discrepancy between economic and institutional agreements comes back when introducing 
explicit uncertainty and adaptation in DICE, SACPs reduce the conflict. The improvement is due to the ability 
to flexibly manage mitigation and adaptation options depending on the current realization of each scenario to 
reduce total climate policy costs, that is, mitigation and adaptation costs and climate damages. As both net 
damage and adaptation costs are decreased significantly via SACPs, more economic resources are available in 
the short term to increase abatement efforts and keep warming within safe limits without compromising the level 
of welfare. As a consequence, the probability of overshooting 2°C and warming above this threshold is reduced, 
especially for less favorable scenarios. As many targets are discussed in climate policy design, we show that 
approaches explicitly considering the inherent uncertainty and the potential to adjust decisions and balance the 
different objectives dynamically can reduce conflicts between these and motivate increased ambition in decar-
bonization efforts.

2.  Methods
We base our analysis on a simulation version of DICE rewritten to accommodate the purpose of the study. 
Indeed, we expand the model to account for recent climate-economics advancements such as alternative 
climate damages (Burke et al., 2015) and abatement costs (Grubb et al., 2021) specifications, explicit adap-
tation modeling (Agrawala, Bosello, Carraro, De Bruin et al., 2011), stochastic, parametric, and structural 
uncertainty. Moreover, we substitute the climate component of DICE with the Finite Amplitude Impulse 
Response (FAIR) climate emulator (Millar et al., 2017; Smith et al., 2018). We use this extended model to 
test and compare two decision-making models: the traditional static intertemporal optimization method and 
a dynamic self-adaptive approach (Giuliani et al., 2018). We calibrate the climate policies over 100 scenarios 
(or only a reference scenario if a deterministic approach is adopted). After calibration, multi-objective solu-
tions that result in a very poor performance in the welfare metric have been discarded from the analysis. We 
do so by adopting the Certainty Balanced Growth Equivalent (CBGE) (Anthoff & Tol, 2009) metric to better 
interpret welfare. If the CBGE loss is above 5%—with respect to the single-objective welfare-maximizing 
static climate policy considering uncertainty and explicit adaptation—solutions are removed. The remaining 
solutions are validated over 1,000 scenarios which are used to broaden the sampled set of future states of the 
world and to ensure that there is no over-fitting to the calibration scenarios. These scenarios are obtained 
by sampling the full set of socio-economic and physical uncertainties discussed in detail in Supporting 
Information S1.

 23284277, 2022, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022E

F002767 by PO
L

IT
E

C
N

IC
O

 D
I M

IL
A

N
O

, W
iley O

nline L
ibrary on [24/07/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Earth’s Future

CARLINO ET AL.

10.1029/2022EF002767

4 of 20

2.1.  The DICE Model

The DICE model (Nordhaus, 2017) is a cost-benefit IAM used to study the economically optimal control of 
greenhouse gases (GHGs) emission over time, that is, to find the balance of costs and benefits of reducing emis-
sions and maximizing social welfare, computed as the sum of discounted utility per time period. It comprises 
two modules describing the evolution of the global aggregated economy and the climate system. The model has 
a time step of 5 years and is simulated for 500 years starting from 2015. We consider recent updates to the model 
(Glanemann et al., 2020; Hänsel et al., 2020) as climate damages specifications, climate module update, forcing 
of other GHGs. We expand the model introducing explicit adaptation modeling (Agrawala, Bosello, Carraro, 
De Bruin et al., 2011), speeding up the computational time of the climate emulator, and simulating stochastic, 
parametric, and structural uncertainty in both the climate and socio-economic components. In particular, we 
use the FAIR climate emulator in the CO2-only mode with other GHGs forcings obtained from the Represent-
ative Concentration Pathways (RCPs) scenarios (Van Vuuren et al., 2011). We reduce computational time for 
its simulation by using a nonlinear model to estimate the absorption efficiency of land and ocean carbon sinks 
as a function of temperature and carbon accumulated in these. With respect to climate damages, we consider 
both level-type (Howard & Sterner, 2017) and growth-type (Burke et al., 2015) formulations, building a surro-
gate model reproducing more detailed regional models. Regarding adaptation, we rely on the mechanism first 
described in (De Bruin et al., 2009) and improved in (Agrawala, Bosello, Carraro, De Bruin et al., 2011). In this, 
adaptation is an additional lever capable of temporarily reducing climate damages in the very short term (flow 
adaptation) and more in the long-term through investment (stock adaptation). A summary reporting the details 
on adaptation modeling as well as the uncertainties considered and their derivation is reported in Supporting 
Information S1.

2.2.  Traditional Welfare-Maximizing Problem Formulations

The objective function to be maximized in the original DICE model is the economic welfare, which is a function 
of utility and population

𝐽𝐽
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

= 𝑈𝑈� (1)

where U is the economic utility as described in Supporting Information S1. Adopting a notation common in the 
environmental systems planning and control literature (Loucks et al., 1981; Maass et al., 1962; Soncini-Sessa 
et al., 2007) and considering the DICE model as a dynamic system with a state vector xt, a vector of exogenous 
states or deterministic disturbances wt, a vector of stochastic disturbances ɛt, a vector of control (or decision 
variables) ut, and a vector of uncertain parameters ξ, we can describe its evolution in time using the set of state 
transition equations representing model uncertainty indexed by k

��+1 = ��(��, ��,��, ��+1; �)� (2a)

𝜺𝜺𝑡𝑡+1 ∼ 𝝓𝝓𝜺𝜺
𝑡𝑡
(⋅)� (2b)

𝝃𝝃 ∼ 𝝓𝝓𝝃𝝃
(⋅)� (2c)

𝑘𝑘 ∼ 𝜙𝜙
𝑘𝑘(⋅)� (2d)

{𝐰𝐰𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (2e)

𝐱𝐱0 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (2f)

𝑡𝑡 = 0,… ,𝐻𝐻 − 1� (2g)

where the state vector xt contains the capital stock, the atmosphere's temperature, the concentration of carbon in 
the atmosphere, the capital adaptation stock available, and the current time step. The control vector ut contains 
the decision variables, that is, the emissions control rate, the savings rate, and the investments in flow (or tempo-
rary) adaptation and adaptation capital stock. The exogenous trajectories wt supplied to the model are the other 
economic processes whose dynamic is not controllable. The horizon length H is 100, consisting of a 5-year time 
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step, covering from 2015 to 2515. These general system dynamics equations are used to examine different mode-
ling assumptions: first, we use them to study the introduction of uncertainty and adaptation. To this specific aim, 
we formulate only static optimization problems. In particular, we first reproduce the recent climate economics 
results (Hänsel et al., 2020) by solving a deterministic problem where adaptation is not explicitly modeled as 
follows:

max
{𝜇𝜇𝑡𝑡,𝑠𝑠𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1

𝐽𝐽
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

� (3a)

��+1 = �∼�����(��, ��,��)� (3b)

{𝐰𝐰𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (3c)

𝐱𝐱0 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (3d)

𝑡𝑡 = 0,… ,𝐻𝐻 − 1� (3e)

where 𝐴𝐴 {𝜇𝜇𝑡𝑡, 𝑠𝑠𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1 represent the decision variables over the time horizon (emission control rate and savings 
rate). After that, we solve a problem considering uncertainty explicitly but no adaptation yet

max
{𝜇𝜇𝑡𝑡,𝑠𝑠𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1

𝐸𝐸

{𝜺𝜺𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1
,𝝃𝝃,𝑘𝑘

𝐽𝐽
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

� (4a)

��+1 = ��,∼����� (��, ��,��, ��+1; �)� (4b)

𝜺𝜺𝑡𝑡+1 ∼ 𝝓𝝓𝜺𝜺
𝑡𝑡
(⋅)� (4c)

𝝃𝝃 ∼ 𝝓𝝓𝝃𝝃
(⋅)� (4d)

𝑘𝑘 ∼ 𝜙𝜙
𝑘𝑘(⋅)� (4e)

{𝐰𝐰𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (4f)

𝐱𝐱0 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (4g)

𝑡𝑡 = 0,… ,𝐻𝐻 − 1� (4h)

Then, we introduce explicit adaptation modeling—that is, we add the decision variables IAt and FADt represent-
ing investment in adaptation stock and temporary adaptation expenditures, respectively, as explained in Support-
ing Information S1—by first solving a deterministic problem

max
{𝜇𝜇𝑡𝑡,𝑠𝑠𝑡𝑡,𝐼𝐼𝐼𝐼𝑡𝑡,𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1

𝐽𝐽
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

� (5a)

𝐱𝐱𝑡𝑡+1 = 𝐟𝐟 (𝐱𝐱𝑡𝑡,𝐮𝐮𝑡𝑡,𝐰𝐰𝑡𝑡)� (5b)

{𝐰𝐰𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (5c)

𝐱𝐱0 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (5d)

𝑡𝑡 = 0,… ,𝐻𝐻 − 1� (5e)

and the corresponding fully uncertain problem, also used to validate all the found climate policies, simulate their 
dynamics, and prepare the figures reported in the results

max
{𝜇𝜇𝑡𝑡,𝑠𝑠𝑡𝑡,𝐼𝐼𝐼𝐼𝑡𝑡,𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1

𝐸𝐸

{𝜺𝜺𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1
,𝝃𝝃,𝑘𝑘

𝐽𝐽
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

� (6a)

𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠2� (6b)

The solution to this last problem is also the one representing a single-objective climate policy when compared to 
many-objective alternatives.
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2.3.  Multi-Objective Problem Formulations

For the multi-objective problem formulation, we have five additional objectives characterizing performance over 
temperature and economic indicators. In particular, we add a second objective as follows:

𝐽𝐽
2𝐶𝐶 =

⎧
⎪
⎨
⎪
⎩

1 ∃ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 > 2, 𝑡𝑡 = 0,… ,𝐻𝐻

0 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

� (7)

which averaged over a number N of simulations gives the probability that a specific climate policy will overshoot 
the Paris Agreement's threshold. We add a third objective to account for the magnitude of the overshoot above 2°C:

𝐽𝐽
2𝐶𝐶𝐶𝐶 =

𝐻𝐻−1∑

𝑡𝑡=0

⎧
⎪
⎨
⎪
⎩

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 − 2 ∃ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 > 2

0 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

� (8)

which represents the integral of warming above 2°C over the simulation horizon, as in Marangoni et al. (2021).

With respect to economic sector, we include three cost objectives computed at their net present value (NPV) using 
the real interest rate. These three objectives separate implicit trade-offs hidden behind the welfare definition, as 
in Garner et al. (2016). Therefore, we aim to minimize NPV abatement costs:

𝐽𝐽
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =

𝐻𝐻−1∑

𝑡𝑡=0

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡

(1 + 𝑟𝑟𝑟𝑟𝑡𝑡)
� (9)

NPV climate impacts:

𝐽𝐽
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 =

𝐻𝐻−1∑

𝑡𝑡=0

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡

(1 + 𝑟𝑟𝑟𝑟𝑡𝑡)
� (10)

and NPV adaptation costs:

𝐽𝐽
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =

𝐻𝐻−1∑

𝑡𝑡=0

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡

(1 + 𝑟𝑟𝑟𝑟𝑡𝑡)
� (11)

where abatecost, damages, adaptcost, and ri represent the abatement costs, the residual climate damages, the 
adaptation costs, and the real interest rate as discussed in Supporting Information S1. We collect the six objectives 
we optimize in the following vector:

𝐉𝐉
6𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

=

[
𝐽𝐽

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝐽𝐽

2𝐶𝐶
𝐽𝐽

2𝐶𝐶𝐶𝐶
𝐽𝐽

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
𝐽𝐽

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝐽𝐽

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

]
� (12)

The climate policies that are the solution of this multi-objective problem are derived from two different formula-
tions: in the first, we maintain the static optimization procedure, that is we fix the decision variables but optimiz-
ing with respect to two objectives:

min
{𝜇𝜇𝑡𝑡,𝑠𝑠𝑡𝑡,𝐼𝐼𝐼𝐼𝑡𝑡,𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1

𝐸𝐸

{𝜺𝜺𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1
,𝝃𝝃,𝑘𝑘

[
𝐉𝐉
6𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

]
� (13a)

𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠2� (13b)

To implement self-adaptive decision making, we then formulate a multi-objective optimal control problem as 
follows:

min
𝑝𝑝

𝐸𝐸

{𝜺𝜺𝑡𝑡}𝑡𝑡=0,…,𝐻𝐻−1
,𝝃𝝃,𝑘𝑘

[
𝐉𝐉
6𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

]
� (14a)

𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠2� (14b)
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𝐮𝐮𝑡𝑡 = [𝜇𝜇𝑡𝑡, 𝑠𝑠𝑡𝑡, 𝐼𝐼𝐼𝐼𝑡𝑡, 𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡]� (14c)

�� = �(��, �)� (14d)

where a control policy p is a policy taking as input the state of the system and returning as output the decision 
variables. For the sake of compactness, we use a reduced state vector as input to the control policy. This considers 
the atmospheric temperature, the CO2 concentration in the atmosphere, the capital stock, the adaptation stock, 
and the time step. Furthermore, as we employ a direct policy search approach, we also embed exogenous relevant 
information, that is, the observed economic damages of climate change, as an input to the policy. This additional 
variable, together with the state of the system, provides valuable information on how effective adaptation is and 
how the spending on adaptation and mitigation should be updated in response to the observed evolution of the 
socio-climatic system. The approach used here extends the one adopted in Marangoni et al. (2021) as it adopts a 
full state feedback control scheme.

2.4.  Optimization Algorithms

To solve the optimization problems formulated above, we use a simulation-based optimization methodology 
relying on the Borg multi-objective evolutionary algorithm (Hadka & Reed, 2013) that has been demonstrated 
to produce a similar or better performance with respect to other state-of-the-art evolutionary algorithms (Hadka 
& Reed,  2012). Borg relies on adaptive genetic operators to iteratively generate new solutions and converge 
to the Pareto-optimal ones. It is also able to detect stagnation in the search process as well as to randomize 
restarts to avoid local optima. Borg is used directly to optimize the decision variables when solving a static 
intertemporal optimization problem. On the other hand, to solve the optimal control problem, we adopt the Evolu-
tionary Multi-Objective Direct Policy Search (EMODPS) algorithm (Giuliani, Castelletti, et al., 2016; Giuliani 
et  al.,  2018), which approximates stochastic dynamic programming (Bellman,  1958; Bertsekas et  al.,  1995). 
First, we assume that the shape of the policy is described by an artificial neural network—with radial basis 
activation functions—for their universal approximating capabilities (Cybenko, 1989; Funahashi, 1989; Hornik 
et al., 1989). Second, we search for the Pareto-optimal parametrizations of the assumed policy using Borg. The 
EMODPS algorithm has already been applied successfully in different environmental systems case studies where 
multi-objective self-adaptive decision-making helps explore trade-offs and being reactive regarding uncertainty 
(Bertoni et  al.,  2019; Garner & Keller,  2018; Giuliani, Anghileri, et  al.,  2016; Giudici et  al.,  2019; Giuliani 
et al., 2018; Quinn et al., 2017). In our specific case, the policy takes into input a reduced state composed of the 
following six variables: the climate damages observed in the previous time step as a percentage of the global 
GDP, the total carbon concentration in the atmosphere, the atmospheric temperature, the current time step, the 
adaptation stock capital, and the capital stock divided by total factor productivity and population, that is, the capi-
tal stock in effective labor units (Jensen & Traeger, 2014; Traeger, 2014). This last reformulation of the capital 
stock is fundamental to having a more meaningful indicator of the system's state. Indeed, as the capital stock 
increases over all the simulation time, its value would not carry meaningful information for the control policy. 
By condensing in this variable information about the general evolution of the economy and by including the 
effect induced by variability in population and total factor productivity, the policy can take advantage of a more 
representative indicator of the economy. Furthermore, a piece of exogenous information, the fraction of climate 
damages after adaptation, is used as additional input to the control policy.

2.5.  Social Cost of Carbon

The social cost of carbon (Pizer et al., 2014; Ricke et al., 2018) is the economic value of an additional metric ton 
of CO2 emissions and is one of the most widely studied and used option to implement emission reductions in 
accordance with a specific climate policy. Cost-benefit IAMs such as DICE, the Policy Analysis of the Green-
house Effect (Hope, 2006), and the Climate Framework for Uncertainty, Negotiation, and Distribution (FUND) 
(Waldhoff et al., 2014) models are used to estimate this metric (Cai & Lontzek, 2019; Nordhaus, 2017) which is 
still a subject of heated debate as its value remains largely uncertain (Daniel et al., 2019; Pindyck, 2017, 2019; 
Wang et al., 2019). It is computed as the loss of consumption resulting from a pulse in emission at a given time 
(Anthoff et al., 2009; Ricke et al., 2018) and it is reported in USD t𝐴𝐴 CO

−1

2
 .
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In particular, we obtain it as the difference between two consumption pathways. The first pathway is the consump-
tion obtained by simulating the selected climate policy. The second pathway is obtained by simulating the same 
policy and adding a unit emission in the year for which we want to compute it. The two consumption trajecto-
ries are discounted using the real interest rate. The difference in discounted consumption is then divided by the 
number of emissions used in the pulse, meaning that we account for the year time steps, which results in a  total 
addition of 5.0  GtCO2, to obtain the social cost of carbon value. This can be described using the following 
equation:

𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) =

∑𝐻𝐻

𝜏𝜏=𝑡𝑡

𝐶𝐶𝜏𝜏 −𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

(1+ 𝑟𝑟𝑟𝑟𝜏𝜏−𝑡𝑡)
∑5

𝜏𝜏=1
𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

� (15a)

where Cτ and Cpulse,τ are the consumption obtained by simulating a specific policy in the model with no modifi-
cations and adding a pulse in emission at time t, respectively. rit is the real interest rate at time t and Epulse,t is the 
emission pulse, summed over the length of the time step to account for the total emissions added to the simu-
lation. It is important to note that the decisions are left free to adjust after the pulse in emissions for SACPs. In 
contrast, this is not possible for static ones as it would require solving an additional multi-objective optimization 
problem for each time step and each scenario examined.

3.  Results
3.1.  Climate Adaptation Leads to a Resurgence of Conflict Between Climate Policy Objectives

Explicit uncertainty and adaptation are two fundamental aspects overlooked in recent cost-benefit analysis 
proving the economic optimality of the Paris Agreement (Glanemann et  al., 2020; Hänsel et  al., 2020). We 
measure the effect of these two factors by reporting global mean surface temperature and CO2 emissions under 
different modeling assumptions. We consider the problem of climate policy design under deterministic condi-
tions with and without explicit adaptation. Then, we explore how policy changes when we explicitly consider 
uncertainty by accounting again for implicit and explicit adaptation. We then reevaluate the solutions over a 
range of scenarios (see Section 2 and Supporting Information S1) to examine their behavior which is reported 
in Figure 1. A deterministic decision-making model without explicit adaptation (Figure 1a)—equivalent to the 
latest cost-benefit analysis results (Hänsel et al., 2020) and starting point of this analysis—results in median 
temperature overshooting the 2°C around 2050 when reevaluated under uncertainty. If explicit adaptation is 
considered under the deterministic approach (Figure 1b), the median temperature can reach 3°C. Designing 
climate policy accounting for uncertainty with implicit adaptation (Figure  1c) reduces the conflict as over-
shoot is strongly reduced and the median temperature peaks around 1.8°C. Yet, even under uncertainty, explicit 
adaptation causes the conflict between maximizing economic welfare and complying with the Paris Agreement 
(Figure 1d).

The rationale behind these temperature outcomes lies in the actions that the decision-maker can consider to 
design the climate policy. Indeed, if adaptation is not explicitly available, high climate impacts can only be 
reduced via additional mitigation, as visible in Figures 1e–1g. On the other hand, with explicit adaptation, mitiga-
tion can be postponed as adaptation reduces future impacts (Figures 1e–1g). Even under strong uncertainty, much 
higher investments in adaptation are preferred over early mitigation resulting in high emissions, high temperature, 
and overshoot of the 2°C threshold (Figures 1f–1h).

3.2.  Self-Adaptive Multi-Objective Climate Policies Reduce the Conflicts

We take advantage of multi-objective optimization to consider simultaneously different climate policy objectives: 
maximization of welfare, minimization of the probability of overshooting 2°C, minimization of warming above 
2°C, and minimization of the NPV of climate damages, mitigation costs, and adaptation costs.

First, we consider the potential of these methods using multi-objective static climate policies (see Section 2), in 
line with previous research in this direction (Garner et al., 2016; Marangoni et al., 2021). The solution to this opti-
mization problem is a set of Pareto-optimal solutions for which improving one objective leads to a degradation 
of at least one of the other objectives. The full representation of solutions across the six dimensions is reported 
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in Figure 2a. Here, we focus on the conflict between warming above 2°C and welfare maximization recast as the 
change in CBGE (Anthoff & Tol, 2009). CBGE measures the reduced stream of consumption needed to imple-
ment the proposed climate policy, using the solution maximizing welfare under uncertainty and explicit adap-
tation as a reference. In Figure 3a, solutions are selected based on their Pareto-optimality with respect to these 

Figure 1.  Implications for Paris Agreement compliance using the traditional static welfare maximization decision-making model. We report global mean surface 
temperature (GMST) trajectories under four decision-making models: (a) deterministic with implicit adaptation; (b) deterministic with explicit adaptation; (c) uncertain 
with implicit adaptation; (d) uncertain with explicit adaptation. Similarly, we report CO2 industrial emission trajectories for the same conditions in panels e–h. 
Temperature and emissions trajectories are reported using the median and 66% probability intervals. Explicit adaptation modeling delays mitigation while uncertainty 
makes lower temperatures economically favorable. Yet, including these two additional components leads to a resurgence of the conflict between economic optimality 
and climate stabilization below the 2°C threshold.
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two objectives: multi-objective static climate policies can explore the space of trade-offs but balancing these 
objectives requires strong choices as the value of the economic objective decreases remarkably when trying  to 
reduce warming above 2°C.

Second, we show that by adopting a self-adaptive multi-objective decision-making model (see Section 2) it is 
possible to reduce the conflict as the obtained Pareto front moves toward a smaller or even positive difference in 
CBGE and lower warming above 2°C, that is, the direction of preference for both objectives (see Figure 3a). In 
this case, the solution is a set of Pareto-optimal control policies that map the observed state of the socio-climatic 

Figure 2.  Parallel coordinates plot reporting the full range of solutions obtained for (a) static intertemporal and (b) self-adaptive multi-objective climate policies. 
Vertical axes show the six objectives considered in the optimization. For each of those, the optimal value is found at the bottom. Therefore, a line crossing all the axes at 
their bottom end would represent a utopic climate policy where conflicts between objectives do not exists. Self-adaptive climate policies reach the lowest value in each 
vertical axis and display lower intersection between lines, meaning that the conflict between the objectives is smaller than with static intertemporal policies.
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system (i.e., the global economic capital stock, the magnitude of observed climate damages, the atmospheric 
temperature, the CO2 concentration, and the adaptation capital stock) into the next action to be taken (i.e., fraction 
of emissions to be controlled, savings rate of the global economy, investment in short-term and long-term adap-
tation measures). This allows decision-makers to adjust the strategy and respond to uncertainty based on state 
information—that is, the dynamic variables that influence the system's evolution to the next step—where knowl-
edge about the system accumulates as this evolves during each simulation. This methodology yields an improved 
representation of the actual decision-making process as decisions will inevitably adapt to the emergence of new 
information about the state of the socio-climatic system. The same range of warming above 2°C considered by the 
static single-objective climate policy can be reached with welfare similar to that of a welfare-maximizing solution, 
strongly reducing the conflict between these two objectives. In particular, with the same level of welfare, SACPs 
reduce warming above 2°C by 30%–50%. Analogously, for the lower warming achievable with static climate poli-
cies, self-adaptive reduces the consumption loss by 0.4%–0.6%, making it almost comparable with the reference 
value. It is also interesting to note that the welfare-maximizing solution % °reduces the average warming above 
2°C by 30%. If we examine the six objectives all at once, SACPs dominate static policies: almost all of them are 
selected when merging all solutions to compute a final reference set using Pareto sorting (Figure 3b). Similarly, 
the ability to more consistently explore the full range of Pareto-optimal solutions is computed using the hypervol-
ume metric (While et al., 2011; Zitzler et al., 2000): SACPs outperform static intertemporal climate policies, i.e., 
the ensemble of SACPs is closer to an ideal solution achieving maximum performance across all the objectives.

3.3.  Flexible Balancing of Mitigation and Adaptation Strategies

SACPs reduce the conflict between the objectives as climate decisions are adjusted to each scenario simulated. 
The different components of the total cost are reorganized to achieve satisfactory performance across all objec-
tives. In other words, starting from a similar value of any cost metric, SACPs combine economic and temperature 
objectives more efficiently than static policies, as reported in Figure 2. Using these panels static and self-adaptive 
policies can be compared to examine their respective ability to manage trade-offs between the different objec-
tives. Indeed, self-adaptive policies reach a lower point in all axes considered, reporting better solutions for each 
single-objective perspective represented by each axis. Furthermore, intersections from one axis to another are 

Figure 3.  Self-adaptive climate policies cover more consistently the space of the objectives than static policies and reduce the conflict between economic and other 
climate policy objectives: (a) space of the objectives considering welfare maximization (reported as difference in Certainty Balanced Growth Equivalent (CBGE)) and 
minimization of warming above 2°C; (b) percentage of solutions selected after merging and Pareto sorting all the solutions available; and (c) hypervolume metrics 
computed for the two types of policies.
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always lower in the case of self-adaptive policies, pointing toward less pronounced conflicts between all of the 
objectives considered.

To understand the reason behind this progress, we explore the variability of mitigation and adaptation actions for 
a selected self-adaptive compromise climate policy that reduces the maximum distance for the maximum value 
of each objective while guaranteeing welfare comparable to that of the welfare-maximizing static climate policy. 
In particular, the compromise self-adaptive climate policy is found first discarding solutions resulting in more 
than 0.5% CBGE loss with respect to the reference static climate policy, and then ranking the remaining solutions 
based on their performance in welfare, the probability of remaining below 2°C, warming above 2°C, and the NPV 
of climate damages. The solution with the highest lowest ranking across these four metrics is used.

The trajectories of the selected climate policy are reported in Figure 4 and compared with the single-objective 
welfare-maximizing climate policy designed under uncertainty and explicit adaptation modeling. The selected 
self-adaptive policy reduces emissions very fast, going to zero between 2045 and shortly after 2050, keeping the 
median temperature well below 2°C and including 1.5°C in the 66% probability interval. This is compared with 
the trajectories of the single-objective static policy considering uncertainty and explicit adaptation. The differ-
ence in welfare is negligible between the two solutions, with a delta in CBGE of 0.06%.

The variability of mitigation and adaptation decisions is examined with respect to three of the many uncertainties 
affecting the model: Transient Climate Response (TCR), climate damages specification, and adaptation effi-
ciency. In Figures 5a–5c, we report the variability of CO2 emissions based on different levels of these uncertain-
ties. As expected, if the TCR is higher than the likely range, emission reduction effort is increased in trying to 
cope with this unfavorable scenario, reaching zero CO2 emissions in 2045 on average. On the other hand, when 
low TCR is observed, emissions decline over a longer horizon, reaching zero CO2 emissions after 2050. When 
growth-type climate damages are observed, stronger emission reduction takes place, but the median year of zero 
CO2 emissions is only slightly anticipated. Finally, also adaptation efficiency plays a role in emission reduction: 
when low or even zero adaptation efficiency is observed, emissions are reduced faster. Yet, zero CO2 emissions 
year is not affected.

In Figures 5d–5f instead, we report the variability of adaptation expenses based on the same uncertainties. As 
previously noticed, adaptation is increased earlier in the presence of higher TCR values, while it changes are grow-
ing grew more slowly when TCR is lower and less needed. As for the damages, adaptation efficiency is higher to 
cope with increased impacts when growth-type damages are simulated. Finally, higher adaptation expenses are 
observed when adaptation efficiency is low, and vice versa, lower adaptation expenditures are observed with high 
adaptation efficiency. For zero adaptation efficiency, the model initially invests significant resources into adap-
tation, yet, after realizing that this measure is not working as expected, the adaptation effort is reduced to zero. 
This is due to the partial observability of adaptation efficiency, which is masked by climate damage specifications 

Figure 4.  (a) Global mean surface temperature (GMST) and (b) CO2 emissions trajectories for the single-objective welfare-maximizing static climate policy (red) 
and the selected compromise self-adaptive policy (green). The selected self-adaptive policy, with a small reduction in certainty balanced growth equivalent (−0.06%), 
implements faster emission reduction and keeps the median temperature well below 2°C, also including 1.5°C in the uncertainty range. The solid line represents the 
mean, while the uncertainty range reports the 66% probability interval.

 23284277, 2022, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022E

F002767 by PO
L

IT
E

C
N

IC
O

 D
I M

IL
A

N
O

, W
iley O

nline L
ibrary on [24/07/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Earth’s Future

CARLINO ET AL.

10.1029/2022EF002767

13 of 20

and other uncertainties making it hard to understand the efficiency level of adaptation measures. Therefore, it is 
necessary to explore the different strategies to find the most appropriate balance of adaptation and mitigation for 
each simulated scenario. Adaptation is generally reduced in the long term as impacts and temperatures decrease 
as a result of negative emissions.

The significant variability of adaptation strategies is emphasized by the much more compact uncertainty about 
the emissions reduction pathway. Nonetheless, this is expected as it is well understood that emissions need to 
decline fast to halt temperature increase, independently of the scenario. On the other hand, since large uncertainty 
about climate impacts and adaptation potential remains, adequate implementation of climate adaptation is key 
to ensuring the satisfaction of multiple objectives. The strategies developed to cope with such uncertainty with a 
coherent approach to reinvigorate the importance of focusing on adaptation science (Sobel, 2021).

The ability to adjust mitigation and adaptation decisions of the selected self-adaptive policy can be further appre-
ciated by comparing the variability discussed above and reported in Figure 5 with the variability of the static 
climate policy, which is driven only by the inherent model uncertainty, reported in Figure 6.

3.4.  Implications for the Social Cost of Carbon and Multi-Objective Cost of Climate Inaction

The shift to self-adaptive decision-making implies that the socio-economic model component is left free to adjust 
decisions after the pulse in emission. Consequently, the median social cost of carbon for the Pareto-optimal solu-
tions previously examined in Figure 3a and its associated uncertainty is lower for SACPs as reported in Figure 7. 
While the value of the median social cost of carbon can change depending on the selected compromise policy, for 
any given level of welfare or expected warming above 2°C, the social cost of carbon of the self-adaptive policies 
remain lower, between 150 USD t𝐴𝐴 CO

−1

2
 and 200 USD t𝐴𝐴 CO

−1

2
 in 2020 and from 160 USD t𝐴𝐴 CO

−1

2
 to 230 USD t𝐴𝐴 CO

−1

2
 

Figure 5.  Variability of mitigation and adaptation decisions in the selected self-adaptive climate policy. Variability of emissions reported for (a) levels of transient 
climate response (TCR), (b) climate damages specification, and (c) adaptation efficiency. Variability of adaptation expenditure reported for (d) levels of TCR, (e) 
climate damages specification, and (f) adaptation efficiency. The solid line represents the mean while the uncertainty range reports the 66% probability interval.
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in 2030. On the other hand, static policies produce a cost of 160 USD t𝐴𝐴 CO
−1

2
 to 230 USD t𝐴𝐴 CO

−1

2
 in 2020 and 190 

USD t𝐴𝐴 CO
−1

2
 to 255 USD t𝐴𝐴 CO

−1

2
 in 2030.

While economic loss due to additional emissions can be estimated using the social cost of carbon, the ability to 
harmonize the different economic and temperature targets can be severely reduced by inaction. To examine this 
aspect we run the same policies examined in Figure 3 constraining emissions to remain at 2020 levels for 5 and 10 
more years. In Figure 8a, we report the performance of the policies selected by performing a Pareto sorting over 
the two objectives to examine how rapidly the ability to limit warming above 2°C is degraded as current emis-
sions are prolonged. While all the policies degrade, the self-adaptive ones are still better than the static ones. Yet, 
the conflict increases under all the decision-making perspectives, and solutions considering low warming become 
dominated. Additionally, we analyze how inaction affects the six objectives reporting the hypervolume of the 
original policies—proposing early climate action—and of the same policies affected by 5 and 10-year inaction 
in Figures 8b–8d. As current emissions are prolonged, the ability to harmonize many objectives is lost rapidly. 
The loss is larger in the first 5 years than over a longer time horizon, highlighting the significance of mitigation 
in the short term. Additionally, inaction over 10 years would squander all the improvements associated with the 
self-adaptive policies reducing their hypervolume to the static policies' current value.

4.  Conclusions
Recently, climate economics has reconciled welfare-maximizing cost-benefit analysis set by the Paris Agreement 
in 2015 (Glanemann et al., 2020; Hänsel et al., 2020). Yet, removing some major assumptions on which these 
models are based undermines such results. Indeed, climate adaptation, only implicitly included in those recent 

Figure 6.  Variability of mitigation and adaptation decision in the static climate policy maximizing welfare under uncertainty and explicit adaptation modeling. 
Variability of emissions under (a) different levels of transient climate response (TCR), (b) different climate damages specifications, and (c) different adaptation 
efficiency values. Variability of adaptation expenditure under (d) different levels of TCR, (e) different climate damage specifications, and (f) different adaptation 
efficiency values. The solid line represents the mean while the uncertainty range reports the 66% probability interval.
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assessments (Füssel, 2010), together with explicit consideration of uncertainty and of the corresponding interact-
ing and self-adaptive behavior of the decision-maker, have been overlooked and require to be examined jointly.

We confirm previous research results (Agrawala, Bosello, Carraro, De Bruin et al., 2011; Bahn et al., 2019; De 
Bruin et al., 2009) showing that introducing adaptation in the cost-benefit IAM DICE produces a climate policy 
leaning toward adaptation resulting in conflict between the economic and the temperature objective. Similarly, 
it is well known in the scientific literature that accounting for uncertainty results in more stringent mitigation, 
especially when adaptation is not explicitly modeled (Cai et  al., 2016; Cai & Lontzek, 2019; Ekholm, 2018; 
Felgenhauer & De Bruin, 2009; Jensen & Traeger, 2014). Yet, the potential of adaptation dominates the two when 
these two components are analyzed jointly which leads to a resurgence of conflicts between environmental and 
economic objectives.

By adopting a self-adaptive and multi-objective decision-making model, we show that this conflict can be 
mitigated. Indeed, a multi-objective design delivers good performance on many climate policy targets without 
significant losses in the traditionally only metric assessed, utilitarian welfare. The improvement derives from 
the self-adaptive multi-objective climate policies' ability to adjust mitigation and adaptation decisions over time 
to react to the unfolding of the coupled socio-climatic model. Since they manage better adaptation costs in the 
long term, more economic resources are available to increase mitigation effort in the short-term. As a result, they 
keep temperatures within safer levels, which is also the most robust strategy to reduce climate damages in the 
long-term.

Finally, we examine the implications of different decision-making models for the social cost of carbon and for the 
ability to manage trade-offs between climate objectives after an initial delay in climate action. The multi-objective 
adaptive climate policies provide a general reduction of the social cost of carbon, resulting from their ability to 
tailor the climate strategy to each future state of the world. Nevertheless, early mitigation is crucial to ensure 
effective management of the trade-offs between multiple climate objectives since any delay would only intensify 
the conflicts between temperature and economic objectives.

In conclusion, cost-benefit IAMs such as DICE need to include explicit adaptation strategies and directly confront 
the uncertain factors affecting the coupled socio-climatic system considered. The traditional static approach 
cannot fully represent the capacity to adapt and adjust climate policy as new information emerges and does not 

Figure 7.  Median Social Cost of Carbon (SCC) values for the static and self-adaptive climate policies (SACPs) (a) in 2020 and (b) in 2030. SACPs provide lower 
values and variability across the Pareto front, considering only welfare and warming above 2°C. This result is a consequence of the adjustment of decisions after the 
pulse in emissions.
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reflect the different interests involved in the decision-making process: the economic point of view has to be 
harmonized with environmental, social and political targets. To overcome this weaknesses, we present an instru-
ment to improve climate decision-making by leveraging information collected during the simulation to balance 
trade-offs between many climate objectives. Expanding the number of dimensions we use to evaluate the perfor-
mance of climate policies is key to reduce conflict between these objectives and to foster a clear and open debate 
over the political nature of the alternatives considered.

Figure 8.  The cost of inaction with respect to welfare and warming above 2°C. As 2020 emissions are prolonged for 5 or 10 years more, the conflicts between the 
objectives are stronger and solutions enabling low warming are lost as they become dominated. Rapid climate action warrants more space for harmonization of climate 
policy objectives.
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Data Availability Statement
The simulation model, the characterization of uncertainties, the calibration of the surrogate econometric damages 
model, and the simulation version of the FAIR climate model are available together with the optimization outputs 
and script for figures at the following repository: https://doi.org/10.5281/zenodo.6820076 (Carlino, 2022).

References
Ackerman, F., & Stanton, E. A. (2012). Climate risks and carbon prices: Revising the social cost of carbon. Economics, 6(1), 20120010. https://

doi.org/10.5018/economics-ejournal.ja.2012-10
Ackerman, F., Stanton, E. A., & Bueno, R. (2010). Fat tails, exponents, extreme uncertainty: Simulating catastrophe in dice. Ecological Econom-

ics, 69(8), 1657–1665. https://doi.org/10.1016/j.ecolecon.2010.03.013
Adger, W. N. (2006). Vulnerability. Global Environmental Change, 16(3), 268–281. https://doi.org/10.1016/j.gloenvcha.2006.02.006
Agrawala, S., Bosello, F., Carraro, C., De Bruin, K., De Cian, E., Dellink, R., & Lanzi, E. (2011). Plan or react? Analysis of adaptation costs 

and benefits using integrated assessment models. Climate Change Economics, 2(03), 175–208. https://doi.org/10.1142/s2010007811000267
Agrawala, S., Bosello, F., Carraro, C., De Cian, E., & Lanzi, E. (2011). Adapting to climate change: Costs, benefits, and modelling approaches. 

International Review of Environmental and Resource Economics, 5(3), 245–284. https://doi.org/10.1561/101.00000043
Allen, M. R., & Frame, D. J. (2007). Call off the quest. Science, 318(5850), 582–583. https://doi.org/10.1126/science.1149988
Anthoff, D., Hepburn, C., & Tol, R. S. (2009). Equity weighting and the marginal damage costs of climate change. Ecological Economics, 68(3), 

836–849. https://doi.org/10.1016/j.ecolecon.2008.06.017
Anthoff, D., & Tol, R. S. (2009). The impact of climate change on the balanced growth equivalent: An application of fund. Environmental and 

Resource Economics, 43(3), 351–367. https://doi.org/10.1007/s10640-009-9269-5
Anthoff, D., & Tol, R. S. (2014). Climate policy under fat-tailed risk: An application of fund. Annals of Operations Research, 220(1), 223–237. 

https://doi.org/10.1007/s10479-013-1343-2
Auffhammer, M. (2018). Quantifying economic damages from climate change. The Journal of Economic Perspectives, 32(4), 33–52. https://doi.

org/10.1257/jep.32.4.33
Bahn, O., de Bruin, K., & Fertel, C. (2019). Will adaptation delay the transition to clean energy systems? An analysis with ad-merge. Energy 

Journal, 40(4). https://doi.org/10.5547/01956574.40.4.obah
Bellman, R. (1958). Dynamic programming and stochastic control processes. Information and Control, 1(3), 228–239. https://doi.org/10.1016/

s0019-9958(58)80003-0
Bertoni, F., Castelletti, A., Giuliani, M., & Reed, P. (2019). Discovering dependencies, trade-offs, and robustness in joint dam design and opera-

tion: An ex-post assessment of the Kariba dam. Earth's Future, 7(12), 1367–1390. https://doi.org/10.1029/2019ef001235
Bertsekas, D. P., Bertsekas, D. P., Bertsekas, D. P., & Bertsekas, D. P. (1995). Dynamic programming and optimal control. Athena Scientific 

Belmont.
Bretschger, L., & Pittel, K. (2020). Twenty key challenges in environmental and resource economics. Environmental and Resource Economics, 

77(4), 725–750. https://doi.org/10.1007/s10640-020-00516-y
Burke, M., Davis, W. M., & Diffenbaugh, N. S. (2018). Large potential reduction in economic damages under UN mitigation targets. Nature, 

557(7706), 549–553. https://doi.org/10.1038/s41586-018-0071-9
Burke, M., Hsiang, S. M., & Miguel, E. (2015). Global non-linear effect of temperature on economic production. Nature, 527(7577), 235–239. 

https://doi.org/10.1038/nature15725
Butler, M. P., Reed, P.  M., Fisher-Vanden, K., Keller, K., & Wagener, T. (2014). Identifying parametric controls and dependencies in inte-

grated assessment models using global sensitivity analysis. Environmental Modelling & Software, 59, 10–29. https://doi.org/10.1016/j.
envsoft.2014.05.001

Cai, Y., Judd, K. L., Lenton, T. M., Lontzek, T. S., & Narita, D. (2015). Environmental tipping points significantly affect the cost-benefit assess-
ment of climate policies. Proceedings of the National Academy of Sciences, 112(15), 4606–4611. https://doi.org/10.1073/pnas.1503890112

Cai, Y., Lenton, T. M., & Lontzek, T. S. (2016). Risk of multiple interacting tipping points should encourage rapid CO2 emission reduction. 
Nature Climate Change, 6(5), 520–525. https://doi.org/10.1038/nclimate2964

Cai, Y., & Lontzek, T. S. (2019). The social cost of carbon with economic and climate risks. Journal of Political Economy, 127(6), 2684–2734. 
https://doi.org/10.1086/701890

Carleton, T. A., & Hsiang, S. M. (2016). Social and economic impacts of climate. Science, 353(6304). https://doi.org/10.1126/science.aad9837
Carlino, A. (2022). Data in support of “Self-adaptive multi-objective climate policies align mitigation and adaptation strategies”.
Coronese, M., Lamperti, F., Keller, K., Chiaromonte, F., & Roventini, A. (2019). Evidence for sharp increase in the economic damages of 

extreme natural disasters. Proceedings of the National Academy of Sciences of the United States of America, 116(43), 21450–21455. https://
doi.org/10.1073/pnas.1907826116

Crost, B., & Traeger, C. P. (2013). Optimal climate policy: Uncertainty versus Monte Carlo. Economics Letters, 120(3), 552–558. https://doi.
org/10.1016/j.econlet.2013.05.019

Cybenko, G. (1989). Approximation by superpositions of a sigmoidal function. Mathematics of Control, Signals and Systems, 5(4), 455. https://
doi.org/10.1007/bf02134016

Daniel, K. D., Litterman, R. B., & Wagner, G. (2019). Declining CO2 price paths. Proceedings of the National Academy of Sciences of the United 
States of America, 116(42), 20886–20891. https://doi.org/10.1073/pnas.1817444116

De Bruin, K. C., Dellink, R. B., & Tol, R. S. (2009). Ad-dice: An implementation of adaptation in the dice model. Climatic Change, 95(1–2), 
63–81. https://doi.org/10.1007/s10584-008-9535-5

Dell, M., Jones, B. F., & Olken, B. A. (2012). Temperature shocks and economic growth: Evidence from the last half century. American Economic 
Journal: Macroeconomics, 4(3), 66–95. https://doi.org/10.1257/mac.4.3.66

Diffenbaugh, N. S., & Burke, M. (2019). Global warming has increased global economic inequality. Proceedings of the National Academy of 
Sciences of the United States of America, 116(20), 9808–9813. https://doi.org/10.1073/pnas.1816020116

Ekholm, T. (2018). Climatic cost-benefit analysis under uncertainty and learning on climate sensitivity and damages. Ecological Economics, 154, 
99–106. https://doi.org/10.1016/j.ecolecon.2018.07.024

Fankhauser, S. (2017). Adaptation to climate change. Annual Review of Resource Economics, 9(1), 209–230. https://doi.org/10.1146/annurev- 
resource-100516-033554

Acknowledgments
The research leading to these results 
received funding from the European 
Union's Horizon 2020 research and 
innovation program under Grant 821124 
(NAVIGATE).

 23284277, 2022, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022E

F002767 by PO
L

IT
E

C
N

IC
O

 D
I M

IL
A

N
O

, W
iley O

nline L
ibrary on [24/07/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.5281/zenodo.6820076
https://doi.org/10.5018/economics-ejournal.ja.2012-10
https://doi.org/10.5018/economics-ejournal.ja.2012-10
https://doi.org/10.1016/j.ecolecon.2010.03.013
https://doi.org/10.1016/j.gloenvcha.2006.02.006
https://doi.org/10.1142/s2010007811000267
https://doi.org/10.1561/101.00000043
https://doi.org/10.1126/science.1149988
https://doi.org/10.1016/j.ecolecon.2008.06.017
https://doi.org/10.1007/s10640-009-9269-5
https://doi.org/10.1007/s10479-013-1343-2
https://doi.org/10.1257/jep.32.4.33
https://doi.org/10.1257/jep.32.4.33
https://doi.org/10.5547/01956574.40.4.obah
https://doi.org/10.1016/s0019-9958(58)80003-0
https://doi.org/10.1016/s0019-9958(58)80003-0
https://doi.org/10.1029/2019ef001235
https://doi.org/10.1007/s10640-020-00516-y
https://doi.org/10.1038/s41586-018-0071-9
https://doi.org/10.1038/nature15725
https://doi.org/10.1016/j.envsoft.2014.05.001
https://doi.org/10.1016/j.envsoft.2014.05.001
https://doi.org/10.1073/pnas.1503890112
https://doi.org/10.1038/nclimate2964
https://doi.org/10.1086/701890
https://doi.org/10.1126/science.aad9837
https://doi.org/10.1073/pnas.1907826116
https://doi.org/10.1073/pnas.1907826116
https://doi.org/10.1016/j.econlet.2013.05.019
https://doi.org/10.1016/j.econlet.2013.05.019
https://doi.org/10.1007/bf02134016
https://doi.org/10.1007/bf02134016
https://doi.org/10.1073/pnas.1817444116
https://doi.org/10.1007/s10584-008-9535-5
https://doi.org/10.1257/mac.4.3.66
https://doi.org/10.1073/pnas.1816020116
https://doi.org/10.1016/j.ecolecon.2018.07.024
https://doi.org/10.1146/annurev-resource-100516-033554
https://doi.org/10.1146/annurev-resource-100516-033554


Earth’s Future

CARLINO ET AL.

10.1029/2022EF002767

18 of 20

Felgenhauer, T., & De Bruin, K. C. (2009). The optimal paths of climate change mitigation and adaptation under certainty and uncertainty. Inter-
national Journal of Global Warming, 1(1–3), 66–88. https://doi.org/10.1504/ijgw.2009.027082

Field, C. B., Barros, V., Stocker, T. F., Dahe, Q., Jon Dokken, D., Ebi, K. L., et al. (2012). In Managing the risks of extreme events and disasters 
to advance climate change adaptation: Special report of the Intergovernmental Panel on Climate Change (Vol. 9781107025066, pp. 1–582). 
Cambridge University Press.

Field, C. B., Barros, V. R., Dokken, D. J., Mach, K. J., Mastrandrea, M. D., Bilir, T. E., et al. (2014). In Climate change 2014 impacts, adaptation 
and vulnerability: Part a: Global and sectoral aspects: Working Group ? Contribution to the Fifth Assessment Report of the Intergovernmental 
Panel on Climate Change (pp. 1-1131). Cambridge University Press.

Funahashi, K.-I. (1989). On the approximate realization of continuous mappings by neural networks. Neural Networks, 2(3), 183–192. https://
doi.org/10.1016/0893-6080(89)90003-8

Füssel, H.-M. (2010). Modeling impacts and adaptation in global IAMs. Wiley Interdisciplinary Reviews: Climate Change, 1(2), 288–303. https://
doi.org/10.1002/wcc.40

Garner, G. G., & Keller, K. (2018). Using direct policy search to identify robust strategies in adapting to uncertain sea-level rise and storm surge. 
Environmental Modelling & Software, 107, 96–104. https://doi.org/10.1016/j.envsoft.2018.05.006

Garner, G. G., Reed, P., & Keller, K. (2016). Climate risk management requires explicit representation of societal trade-offs. Climatic Change, 
134(4), 713–723. https://doi.org/10.1007/s10584-016-1607-3

Gillingham, K., Nordhaus, W. D., Anthoff, D., Blanford, G., Bosetti, V., Christensen, P., et al. (2018). Modeling uncertainty in integrated assess-
ment of climate change: A multimodel comparison. Journal of the Association of Environmental and Resource Economists, 5(4), 791–826. 
https://doi.org/10.1086/698910

Giudici, F., Castelletti, A., Garofalo, E., Giuliani, M., & Maier, H. R. (2019). Dynamic, multi-objective optimal design and operation of 
water-energy systems for small, off-grid islands. Applied Energy, 250, 605–616. https://doi.org/10.1016/j.apenergy.2019.05.084

Giuliani, M., Anghileri, D., Castelletti, A., Vu, P. N., & Soncini-Sessa, R. (2016). Large storage operations under climate change: Expanding 
uncertainties and evolving tradeoffs. Environmental Research Letters, 11(3), 035009. https://doi.org/10.1088/1748-9326/11/3/035009

Giuliani, M., Castelletti, A., Pianosi, F., Mason, E., & Reed, P. M. (2016). Curses, tradeoffs, and scalable management: Advancing evolutionary 
multiobjective direct policy search to improve water reservoir operations. Journal of Water Resources Planning and Management, 142(2), 
04015050. https://doi.org/10.1061/(asce)wr.1943-5452.0000570

Giuliani, M., Quinn, J. D., Herman, J. D., Castelletti, A., & Reed, P. M. (2018). Scalable multiobjective control for large-scale water resources 
systems under uncertainty. IEEE Transactions on Control Systems Technology, 26(4), 1492–1499. https://doi.org/10.1109/tcst.2017.2705162

Glanemann, N., Willner, S. N., & Levermann, A. (2020). Paris climate agreement passes the cost-benefit test. Nature Communications, 11(1), 
1–11. https://doi.org/10.1038/s41467-019-13961-1

Grubb, M., Wieners, C., & Yang, P. (2021). Modeling myths: On dice and dynamic realism in integrated assessment models of climate change 
mitigation. Wiley Interdisciplinary Reviews: Climate Change, 12(3), e698. https://doi.org/10.1002/wcc.698

Haasnoot, M., Kwakkel, J. H., Walker, W. E., & ter Maat, J. (2013). Dynamic adaptive policy pathways: A method for crafting robust decisions 
for a deeply uncertain world. Global Environmental Change, 23(2), 485–498. https://doi.org/10.1016/j.gloenvcha.2012.12.006

Hadka, D., & Reed, P. (2012). Diagnostic assessment of search controls and failure modes in many-objective evolutionary optimization. Evolu-
tionary Computation, 20(3), 423–452. https://doi.org/10.1162/evco_a_00053

Hadka, D., & Reed, P. (2013). Borg: An auto-adaptive many-objective evolutionary computing framework. Evolutionary Computation, 21(2), 
231–259. https://doi.org/10.1162/evco_a_00075

Handayani, K., Filatova, T., Krozer, Y., & Anugrah, P. (2020). Seeking for a climate change mitigation and adaptation nexus: Analysis of a 
long-term power system expansion. Applied Energy, 262, 114485. https://doi.org/10.1016/j.apenergy.2019.114485

Hänsel, M. C., Drupp, M. A., Johansson, D. J., Nesje, F., Azar, C., Freeman, M. C., et al. (2020). Climate economics support for the UN climate 
targets. Nature Climate Change, 10(8), 781–789. https://doi.org/10.1038/s41558-020-0833-x

Herman, J. D., Quinn, J. D., Steinschneider, S., Giuliani, M., & Fletcher, S. (2020). Climate adaptation as a control problem: Review and perspec-
tives on dynamic water resources planning under uncertainty. Water Resources Research, 56(2), e24389. https://doi.org/10.1029/2019wr025502

Hoegh-Guldberg, O., Jacob, D., Taylor, M., Bolaños, T. G., Bindi, M., Brown, S., et al. (2019). The human imperative of stabilizing global climate 
change at 1.5°C. Science, 365(6459). https://doi.org/10.1126/science.aaw6974

Hope, C. (2006). The marginal impact of CO2 from page 2002: An integrated assessment model incorporating the IPCC’s five reasons for 
concern. Integrated Assessment, 6(1), 19–56.

Hornik, K., Stinchcombe, M., & White, H. (1989). Multilayer feedforward networks are universal approximators. Neural Networks, 2(5), 359–366. 
https://doi.org/10.1016/0893-6080(89)90020-8

Howard, P. H., & Sterner, T. (2017). Few and not so far between: A meta-analysis of climate damage estimates. Environmental and Resource 
Economics, 68(1), 197–225. https://doi.org/10.1007/s10640-017-0166-z

Hsiang, S. M., Burke, M., & Miguel, E. (2013). Quantifying the influence of climate on human conflict. Science, 341(6151). https://doi.
org/10.1126/science.1235367

Hsiang, S. M., Kopp, R., Jina, A., Rising, J., Delgado, M., Mohan, S., et al. (2017). Estimating economic damage from climate change in the 
United States. Science, 356(6345), 1362–1369. https://doi.org/10.1126/science.aal4369

Hsiang, S. M., Meng, K. C., & Cane, M. A. (2011). Civil conflicts are associated with the global climate. Nature, 476(7361), 438–441. https://
doi.org/10.1038/nature10311

Jensen, S., & Traeger, C. P. (2014). Optimal climate change mitigation under long-term growth uncertainty: Stochastic integrated assessment and 
analytic findings. European Economic Review, 69, 104–125. https://doi.org/10.1016/j.euroecorev.2014.01.008

Kahn, M. E., Mohaddes, K., Ng, R. N., Pesaran, M. H., Raissi, M., & Yang, J.-C. (2019). Long-term macroeconomic effects of climate change: A 
cross-country analysis (Tech. Rep.). National Bureau of Economic Research.

Kellett, C. M., Weller, S. R., Faulwasser, T., Grüne, L., & Semmler, W. (2019). Feedback, dynamics, and optimal control in climate economics. 
Annual Reviews in Control, 47, 7–20. https://doi.org/10.1016/j.arcontrol.2019.04.003

Klein, R. J., Schipper, E. L. F., & Dessai, S. (2005). Integrating mitigation and adaptation into climate and development policy: Three research 
questions. Environmental Science & Policy, 8(6), 579–588. https://doi.org/10.1016/j.envsci.2005.06.010

Kopytko, N., & Perkins, J. (2011). Climate change, nuclear power, and the adaptation–mitigation dilemma. Energy Policy, 39(1), 318–333. 
https://doi.org/10.1016/j.enpol.2010.09.046

Kotz, M., Wenz, L., Stechemesser, A., Kalkuhl, M., & Levermann, A. (2021). Day-to-day temperature variability reduces economic growth. 
Nature Climate Change, 11(4), 1–7. https://doi.org/10.1038/s41558-020-00985-5

Lamontagne, J., Reed, P., Marangoni, G., Keller, K., & Garner, G. G. (2019). Robust abatement pathways to tolerable climate futures require 
immediate global action. Nature Climate Change, 9(4), 290–294. https://doi.org/10.1038/s41558-019-0426-8

 23284277, 2022, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022E

F002767 by PO
L

IT
E

C
N

IC
O

 D
I M

IL
A

N
O

, W
iley O

nline L
ibrary on [24/07/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1504/ijgw.2009.027082
https://doi.org/10.1016/0893-6080(89)90003-8
https://doi.org/10.1016/0893-6080(89)90003-8
https://doi.org/10.1002/wcc.40
https://doi.org/10.1002/wcc.40
https://doi.org/10.1016/j.envsoft.2018.05.006
https://doi.org/10.1007/s10584-016-1607-3
https://doi.org/10.1086/698910
https://doi.org/10.1016/j.apenergy.2019.05.084
https://doi.org/10.1088/1748-9326/11/3/035009
https://doi.org/10.1061/(asce)wr.1943-5452.0000570
https://doi.org/10.1109/tcst.2017.2705162
https://doi.org/10.1038/s41467-019-13961-1
https://doi.org/10.1002/wcc.698
https://doi.org/10.1016/j.gloenvcha.2012.12.006
https://doi.org/10.1162/evco_a_00053
https://doi.org/10.1162/evco_a_00075
https://doi.org/10.1016/j.apenergy.2019.114485
https://doi.org/10.1038/s41558-020-0833-x
https://doi.org/10.1029/2019wr025502
https://doi.org/10.1126/science.aaw6974
https://doi.org/10.1016/0893-6080(89)90020-8
https://doi.org/10.1007/s10640-017-0166-z
https://doi.org/10.1126/science.1235367
https://doi.org/10.1126/science.1235367
https://doi.org/10.1126/science.aal4369
https://doi.org/10.1038/nature10311
https://doi.org/10.1038/nature10311
https://doi.org/10.1016/j.euroecorev.2014.01.008
https://doi.org/10.1016/j.arcontrol.2019.04.003
https://doi.org/10.1016/j.envsci.2005.06.010
https://doi.org/10.1016/j.enpol.2010.09.046
https://doi.org/10.1038/s41558-020-00985-5
https://doi.org/10.1038/s41558-019-0426-8


Earth’s Future

CARLINO ET AL.

10.1029/2022EF002767

19 of 20

Lemoine, D., & Rudik, I. (2017). Managing climate change under uncertainty: Recursive integrated assessment at an inflection point. Annual 
Review of Resource Economics, 9(1), 117–142. https://doi.org/10.1146/annurev-resource-100516-053516

Lenton, T. M., Held, H., Kriegler, E., Hall, J. W., Lucht, W., Rahmstorf, S., & Schellnhuber, H. J. (2008). Tipping elements in the Earth’s 
climate system. Proceedings of the National Academy of Sciences of the United States of America, 105(6), 1786–1793. https://doi.org/10.1073/
pnas.0705414105

Lobell, D. B., & Field, C. B. (2007). Global scale climate–crop yield relationships and the impacts of recent warming. Environmental Research 
Letters, 2(1), 014002. https://doi.org/10.1088/1748-9326/2/1/014002

Lobell, D. B., Schlenker, W., & Costa-Roberts, J. (2011). Climate trends and global crop production since 1980. Science, 333(6042), 616–620. 
https://doi.org/10.1126/science.1204531

Lontzek, T. S., Cai, Y., Judd, K. L., & Lenton, T. M. (2015). Stochastic integrated assessment of climate tipping points indicates the need for strict 
climate policy. Nature Climate Change, 5(5), 441–444. https://doi.org/10.1038/nclimate2570

Loucks, D. P., Stedinger, J. R., & Haith, D. A. (1981). Water resource systems planning and analysis. Prentice-Hall.
Maass, A., Hufschmidt, M. M., Dorfman, R., Thomas, H. A., Jr., Marglin, S. A., & Fair, G. M. (1962). Design of water-resource systems: New 

techniques for relating economic objectives, engineering analysis, and governmental planning. Harvard University Press.
Marangoni, G., Lamontagne, J. R., Quinn, J. D., Reed, P. M., & Keller, K. (2021). Adaptive mitigation strategies hedge against extreme climate 

futures. Climatic Change, 166(3), 1–17. https://doi.org/10.1007/s10584-021-03132-x
Mathias, J.-D., Anderies, J. M., & Janssen, M. A. (2017). On our rapidly shrinking capacity to comply with the planetary boundaries on climate 

change. Scientific Reports, 7(1), 1–9. https://doi.org/10.1038/srep42061
Millar, R. J., Nicholls, Z. R., Friedlingstein, P., & Allen, M. R. (2017). A modified impulse-response representation of the global near-surface air 

temperature and atmospheric concentration response to carbon dioxide emissions. Atmospheric Chemistry and Physics, 17(11), 7213–7228. 
https://doi.org/10.5194/acp-17-7213-2017

Moore, F. C., & Diaz, D. B. (2015). Temperature impacts on economic growth warrant stringent mitigation policy. Nature Climate Change, 5(2), 
127–131. https://doi.org/10.1038/nclimate2481

Moser, S. C. (2012). Adaptation, mitigation, and their disharmonious discontents: An essay. Climatic Change, 111(2), 165–175. https://doi.
org/10.1007/s10584-012-0398-4

Nordhaus, W. D. (2017). Revisiting the social cost of carbon. Proceedings of the National Academy of Sciences of the United States of America, 
114(7), 1518–1523. https://doi.org/10.1073/pnas.1609244114

Nordhaus, W. D. (2018). Projections and uncertainties about climate change in an era of minimal climate policies. American Economic Journal: 
Economic Policy, 10(3), 333–360. https://doi.org/10.1257/pol.20170046

Okereke, C., & Coventry, P. (2016). Climate justice and the international regime: Before, during, and after Paris. Wiley Interdisciplinary Reviews: 
Climate Change, 7(6), 834–851. https://doi.org/10.1002/wcc.419

Parry, M., Arnell, N., Hulme, M., Nicholls, R., & Livermore, M. (1998). Adapting to the inevitable. Nature, 395(6704), 741. https://doi.
org/10.1038/27316

Patt, A. G., van Vuuren, D. P., Berkhout, F., Aaheim, A., Hof, A. F., Isaac, M., & Mechler, R. (2010). Adaptation in integrated assessment mode-
ling: Where do we stand? Climatic Change, 99(3–4), 383–402. https://doi.org/10.1007/s10584-009-9687-y

Pindyck, R. S. (2013). Climate change policy: What do the models tell us? Journal of Economic Literature, 51(3), 860–872. https://doi.
org/10.1257/jel.51.3.860

Pindyck, R. S. (2017). The use and misuse of models for climate policy. Review of Environmental Economics and Policy, 11(1), 100–114. https://
doi.org/10.1093/reep/rew012

Pindyck, R. S. (2019). The social cost of carbon revisited. Journal of Environmental Economics and Management, 94, 140–160. https://doi.
org/10.1016/j.jeem.2019.02.003

Pizer, W. A. (1999). The optimal choice of climate change policy in the presence of uncertainty. Resource and Energy Economics, 21(3–4), 
255–287. https://doi.org/10.1016/s0928-7655(99)00005-6

Pizer, W. A., Adler, M., Aldy, J., Anthoff, D., Cropper, M., Gillingham, K., et al. (2014). Using and improving the social cost of carbon. Science, 
346(6214), 1189–1190. https://doi.org/10.1126/science.1259774

Quinn, J. D., Reed, P. M., & Keller, K. (2017). Direct policy search for robust multi-objective management of deeply uncertain socio-ecological 
tipping points. Environmental Modelling & Software, 92, 125–141. https://doi.org/10.1016/j.envsoft.2017.02.017

Ricke, K., Drouet, L., Caldeira, K., & Tavoni, M. (2018). Country-level social cost of carbon. Nature Climate Change, 8(10), 895–900. https://
doi.org/10.1038/s41558-018-0282-y

Schlenker, W., & Roberts, M. J. (2009). Nonlinear temperature effects indicate severe damages to us crop yields under climate change. Proceed-
ings of the National Academy of Sciences of the United States of America, 106(37), 15594–15598. https://doi.org/10.1073/pnas.0906865106

Schleussner, C.-F., Lissner, T. K., Fischer, E. M., Wohland, J., Perrette, M., Golly, A., et al. (2016). Differential climate impacts for policy-relevant 
limits to global warming: The case of 1.5°C and 2°C. Earth System Dynamics, 7(2), 327–351. https://doi.org/10.5194/esd-7-327-2016

Schleussner, C.-F., Rogelj, J., Schaeffer, M., Lissner, T., Licker, R., Fischer, E. M., et al. (2016). Science and policy characteristics of the Paris 
agreement temperature goal. Nature Climate Change, 6(9), 827–835. https://doi.org/10.1038/nclimate3096

Sherwood, S. C. (2020). Adapting to the challenges of warming. Science, 370(6518), 782–783. https://doi.org/10.1126/science.abe4479
Smit, B., & Wandel, J. (2006). Adaptation, adaptive capacity and vulnerability. Global Environmental Change, 16(3), 282–292. https://doi.

org/10.1016/j.gloenvcha.2006.03.008
Smith, C. J., Forster, P. M., Allen, M., Leach, N., Millar, R. J., Passerello, G. A., & Regayre, L. A. (2018). Fair v1. 3: A simple emissions-based 

impulse response and carbon cycle model. Geoscientific Model Development, 11(6), 2273–2297. https://doi.org/10.5194/gmd-11-2273-2018
Sobel, A. H. (2021). Useable climate science is adaptation science. Climatic Change, 166(1), 1–11. https://doi.org/10.1007/s10584-021-03108-x
Soncini-Sessa, R., Weber, E., & Castelletti, A. (2007). Integrated and participatory water resources management-theory. Elsevier.
Steffen, W., Rockström, J., Richardson, K., Lenton, T. M., Folke, C., Liverman, D., et al. (2018). Trajectories of the Earth system in the Anthro-

pocene. Proceedings of the National Academy of Sciences of the United States of America, 115(33), 8252–8259. https://doi.org/10.1073/
pnas.1810141115

Sterner, T., Barbier, E. B., Bateman, I., van den Bijgaart, I., Crépin, A.-S., Edenhofer, O., et al. (2019). Policy design for the Anthropocene. Nature 
Sustainability, 2(1), 14–21. https://doi.org/10.1038/s41893-018-0194-x

Traeger, C. P. (2014). A 4-stated dice: Quantitatively addressing uncertainty effects in climate change. Environmental and Resource Economics, 
59(1), 1–37. https://doi.org/10.1007/s10640-014-9776-x

UNFCCC. (2015). Adoption of the Paris agreement. Retrieved from http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf
Van Vuuren, D. P., Edmonds, J., Kainuma, M., Riahi, K., Thomson, A., Hibbard, K., et al. (2011). The representative concentration pathways: An 

overview. Climatic Change, 109(1), 5–31. https://doi.org/10.1007/s10584-011-0148-z

 23284277, 2022, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022E

F002767 by PO
L

IT
E

C
N

IC
O

 D
I M

IL
A

N
O

, W
iley O

nline L
ibrary on [24/07/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1146/annurev-resource-100516-053516
https://doi.org/10.1073/pnas.0705414105
https://doi.org/10.1073/pnas.0705414105
https://doi.org/10.1088/1748-9326/2/1/014002
https://doi.org/10.1126/science.1204531
https://doi.org/10.1038/nclimate2570
https://doi.org/10.1007/s10584-021-03132-x
https://doi.org/10.1038/srep42061
https://doi.org/10.5194/acp-17-7213-2017
https://doi.org/10.1038/nclimate2481
https://doi.org/10.1007/s10584-012-0398-4
https://doi.org/10.1007/s10584-012-0398-4
https://doi.org/10.1073/pnas.1609244114
https://doi.org/10.1257/pol.20170046
https://doi.org/10.1002/wcc.419
https://doi.org/10.1038/27316
https://doi.org/10.1038/27316
https://doi.org/10.1007/s10584-009-9687-y
https://doi.org/10.1257/jel.51.3.860
https://doi.org/10.1257/jel.51.3.860
https://doi.org/10.1093/reep/rew012
https://doi.org/10.1093/reep/rew012
https://doi.org/10.1016/j.jeem.2019.02.003
https://doi.org/10.1016/j.jeem.2019.02.003
https://doi.org/10.1016/s0928-7655(99)00005-6
https://doi.org/10.1126/science.1259774
https://doi.org/10.1016/j.envsoft.2017.02.017
https://doi.org/10.1038/s41558-018-0282-y
https://doi.org/10.1038/s41558-018-0282-y
https://doi.org/10.1073/pnas.0906865106
https://doi.org/10.5194/esd-7-327-2016
https://doi.org/10.1038/nclimate3096
https://doi.org/10.1126/science.abe4479
https://doi.org/10.1016/j.gloenvcha.2006.03.008
https://doi.org/10.1016/j.gloenvcha.2006.03.008
https://doi.org/10.5194/gmd-11-2273-2018
https://doi.org/10.1007/s10584-021-03108-x
https://doi.org/10.1073/pnas.1810141115
https://doi.org/10.1073/pnas.1810141115
https://doi.org/10.1038/s41893-018-0194-x
https://doi.org/10.1007/s10640-014-9776-x
http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf
https://doi.org/10.1007/s10584-011-0148-z


Earth’s Future

CARLINO ET AL.

10.1029/2022EF002767

20 of 20

Waldhoff, S., Anthoff, D., Rose, S., & Tol, R. S. (2014). The marginal damage costs of different greenhouse gases: An application of fund. 
Economics, 8(1), 1–33. https://doi.org/10.5018/economics-ejournal.ja.2014-31

Wang, P., Deng, X., Zhou, H., & Yu, S. (2019). Estimates of the social cost of carbon: A review based on meta-analysis. Journal of Cleaner 
Production, 209, 1494–1507. https://doi.org/10.1016/j.jclepro.2018.11.058

Webster, M., Santen, N., & Parpas, P. (2012). An approximate dynamic programming framework for modeling global climate policy under 
decision-dependent uncertainty. Computational Management Science, 9(3), 339–362. https://doi.org/10.1007/s10287-012-0147-1

Weller, S. R., Hafeez, S., & Kellett, C. M. (2015). A receding horizon control approach to estimating the social cost of carbon in the presence of 
emissions and temperature uncertainty. In 2015 54th IEEE Conference on Decision and Control (CDC) (pp. 5384–5390).

Weyant, J. (2017). Some contributions of integrated assessment models of global climate change. Review of Environmental Economics and 
Policy, 11(1), 115–137. https://doi.org/10.1093/reep/rew018

While, L., Bradstreet, L., & Barone, L. (2011). A fast way of calculating exact hypervolumes. IEEE Transactions on Evolutionary Computation, 
16(1), 86–95. https://doi.org/10.1109/tevc.2010.2077298

Zitzler, E., Deb, K., & Thiele, L. (2000). Comparison of multiobjective evolutionary algorithms: Empirical results. Evolutionary Computation, 
8(2), 173–195. https://doi.org/10.1162/106365600568202

 23284277, 2022, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022E

F002767 by PO
L

IT
E

C
N

IC
O

 D
I M

IL
A

N
O

, W
iley O

nline L
ibrary on [24/07/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.5018/economics-ejournal.ja.2014-31
https://doi.org/10.1016/j.jclepro.2018.11.058
https://doi.org/10.1007/s10287-012-0147-1
https://doi.org/10.1093/reep/rew018
https://doi.org/10.1109/tevc.2010.2077298
https://doi.org/10.1162/106365600568202

	
          Self-Adaptive Multi-Objective Climate Policies Align Mitigation and Adaptation Strategies
	Abstract
	Plain Language Summary
	1. Introduction
	2. Methods
	2.1. The DICE Model
	2.2. Traditional Welfare-Maximizing Problem Formulations
	2.3. 
          Multi-Objective Problem Formulations
	2.4. Optimization Algorithms
	2.5. Social Cost of Carbon

	3. Results
	3.1. Climate Adaptation Leads to a Resurgence of Conflict Between Climate Policy Objectives
	3.2. 
          Self-Adaptive Multi-Objective Climate Policies Reduce the Conflicts
	3.3. Flexible Balancing of Mitigation and Adaptation Strategies
	3.4. Implications for the Social Cost of Carbon and Multi-Objective Cost of Climate Inaction

	4. Conclusions
	Data Availability Statement
	References


