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Preface 
 

The landmark climate agreement reached at the 2015 Paris Conference of the Parties has 
signaled an important shift in international mitigation and adaptation efforts. This agreement 
establishes the foundations of a new institutional arrangement for adaptive cooperation based on 
flexible participation and common aspirations for substantially reducing greenhouse gas 
emissions.  

The Paris climate agreement is by any measure a historical step in climate change 
negotiations. However, after the initial excitement for the agreement, the international 
community is beginning to realize that in order to meet its aspirations it will be necessary to 
direct vast amount of resources towards efforts that can successfully triggered international 
decarbonization. In this context, climate financing institutions such as the Green Climate Fund 
have emerged as key enablers of the Paris aspirations.   

The challenges faced by these institutions are exacerbated by the complex technological 
and economic environment prevailing today. The rapid rate of improvement of solar and wind 
energy technologies over the last decade support optimism about the future of renewable energy. 
Yet, the substantial decline in oil prices and the strong technological capabilities of the American 
fracking industry create serious doubts about the feasibility of decarbonization.  

The research reported here explores how Robust Decision Making (RDM) methods can 
be integrated with Integrated Assessment Models (IAMs) to systematically study which forms of 
international technological cooperation are more robust to technological, economic and climate 
uncertainties. This is an initial attempt at developing the decision support tools and analysis 
framework that can support the work of climate financing institutions such as the Green Climate 
Fund. 

An interactive decision support tool accompanies this dissertation. This tool provides an 
example of the modeling and analytical tools developed for this research project. The tool is 
available online at https://public.tableau.com/profile/edmundo.molina#!/  

 

 

 

 

https://public.tableau.com/profile/edmundo.molina#!/
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Abstract 
 

It is widely recognized that international environmental technological change is key to reduce the 
rapidly rising greenhouse gas emissions of emerging nations. In 2010, the United Nations 
Framework Convention on Climate Change (UNFCCC) Conference of the Parties (COP) agreed 
to the creation of the Green Climate Fund (GCF). This new multilateral organization has been 
created with the collective contributions of COP members, and has been tasked with directing 
over USD 100 billion per year towards investments that can enhance the development and 
diffusion of clean energy technologies in both advanced and emerging nations (Helm and 
Pichler, 2015). The landmark agreement arrived at the COP 21 has reaffirmed the key role that 
the GCF plays in enabling climate mitigation as it is now necessary to align large scale climate 
financing efforts with the long-term goals agreed at Paris 2015. 

This study argues that because of the incomplete understanding of the mechanics of 
international technological change, the multiplicity of policy options and ultimately the presence 
of climate and technological change deep uncertainty, climate financing institutions such as the 
GCF, require new analytical methods for designing long-term robust investment plans. 
Motivated by these challenges, this dissertation shows that the application of new analytical 
methods, such as Robust Decision Making (RDM) and Exploratory Modeling (Lempert, Popper 
and Bankes, 2003) to the study of international technological change and climate policy provides 
useful insights that can be used for designing a robust architecture of international technological 
cooperation for climate change mitigation. 

For this study I developed an exploratory dynamic integrated assessment model 
(EDIAM) which is used as the scenario generator in a large computational experiment. The 
scope of the experimental design considers an ample set of climate and technological scenarios. 
These scenarios combine five sources of uncertainty: climate change, elasticity of substitution 
between renewable and fossil energy and three different sources of technological uncertainty (i.e. 
R&D returns, innovation propensity and technological transferability). The performance of eight 
different GCF and non-GCF based policy regimes is evaluated in light of various end-of-century 
climate policy targets. Then I combine traditional scenario discovery data mining methods 
(Bryant and Lempert, 2010) with high dimensional stacking methods (Suzuki, Stern and 
Manzocchi, 2015; Taylor et al., 2006; LeBlanc, Ward and Wittels, 1990) to quantitatively 
characterize the conditions under which it is possible to stabilize greenhouse gas emissions and 
keep temperature rise below 2˚C before the end of the century.  

Finally, I describe a method by which it is possible to combine the results of scenario 
discovery with high-dimensional stacking to construct a dynamic architecture of low cost 
technological cooperation. This dynamic architecture consists of adaptive pathways (Kwakkel, 
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Haasnoot and Walker, 2014; Haasnoot et al., 2013) which begin with carbon taxation across both 
regions as a critical near term action. Then in subsequent phases different forms of cooperation 
are triggered depending on the unfolding climate and technological conditions. 

I show that there is no single policy regime that dominates over the entire uncertainty 
space. Instead I find that it is possible to combine these different architectures into a dynamic 
framework for technological cooperation across regions that can be adapted to unfolding climate 
and technological conditions which can lead to a greater rate of success and to lower costs in 
meeting the end-of-century climate change objectives agreed at the 2015 Paris Conference of the 
Parties.  

Keywords: international technological change, emerging nations, climate change, 
technological uncertainties, Green Climate Fund. 
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CHAPTER I 

International Technological Change and Climate Policy in the 
Presence of Deep Uncertainty  
 

I.1 Introduction  

At Cancun 2010, the United Nations Framework Convention on Climate Change (UNFCCC) 
Conference of the Parties (COP) agreed to the creation of the Green Climate Fund (GCF). This 
new multilateral organization has been created with the collective contributions of COP 
members, and has been tasked with directing over USD 100 billion per year towards investments 
that can enhance the development and diffusion of clean energy technologies1 in both advanced 
and emerging nations2 (Helm and Pichler, 2015).  The stakes could not be higher: if clean energy 
technologies fail to be diffused in emerging nations, then global greenhouse gas emissions will 
continue rising, regardless of the mitigation efforts of advanced nations. In fact, it is estimated 
that if current trends persist in emerging nations by 2030 the historical cumulative greenhouse 
gas (GHG) emissions of this block of countries will exceed the cumulative historical emissions 
of advanced nations (Wheeler and Ummel, 2007).  

The landmark agreement arrived at the COP 21 has reaffirmed the key role that the GCF 
plays in enabling climate mitigation as it is now necessary to align large scale climate financing 
efforts with the long-term goals agreed at Paris 2015. Looking beyond the COP 21, the GCF is 
confronted with enormous challenges and critical decisions regarding how to best structure its 
investments such that these can effectively act as a catalyst of clean technological transitions in 
emerging nations. In the last few years, the GCF has made clear progress in achieving the 
investment goals agreed at Cancun 2010. Yet after the Paris agreement it is clear that the GCF 
needs to focus on two intertwined objectives: 1) demonstrate that it is capable of mobilizing 
effectively and intelligently climate financing and 2) attract bigger and sustained contributions 
from both advanced and emerging nations.  

International environmental technological change has the potential to play a fundamental 
role in stabilizing greenhouse gas emissions and preventing the negative environmental 
consequences of climate change. However, the mechanisms by which international technological 
change occurs as well as the speed at which such transitions can be achieved are still ill 
understood (Popp, 2006a). Moreover, both climate and technological change are phenomena 
                                                            
1 The term clean technologies in this monograph encompasses energy technologies used for primary energy 
production which harness energy resources that do not yield greenhouse gases to the atmosphere. Examples include: 
wind, solar, nuclear and biomass energy technologies.  
2 The term “advanced nations” refers to highly industrialized nations, such as the U.S., Germany, France or the 
U.K. The term “emerging nations” considers rapidly developing countries, such as the BRICS, as well as other less 
vigorously developing nations. 
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with many uncertainties. This exacerbates the difficulties of designing policies that can 
successfully enable international environmental technological change to stabilize greenhouse gas 
emissions. 

In addition to these inherent complexities, the Green Climate Fund has at its disposal a 
wide range of policy options for achieving international environmental technological change. 
This multiplicity of policy options exacerbates the challenges of the GCF and other similar 
multilateral institutions. Therefore, for these institutions it is fundamental to understand the long-
term tradeoffs of the proposed policy mechanisms such that portfolios that are economically 
feasible and that meet the objective of stabilizing greenhouse gas concentrations at sustainable 
levels may be designed and implemented systematically. Understanding how the combination of 
these policy instruments can address the uncertainties and long time frames associated with 
climate change policy and international technological change is a major challenge for policy 
makers and technological change scholars.  

This dissertation argues that because of the incomplete understanding of the mechanics of 
international technological change, the multiplicity of policy options and ultimately the presence 
of climate and technological change deep uncertainty, institutions such as the Green Climate 
Fund, require new analytical methods for designing long-term robust investment plans.  

Motivated by these challenges, this dissertation shows that the application of Robust 
Decision Making (RDM) and Exploratory Modeling (Lempert, Popper and Bankes, 2003) to the 
study of international technological change and climate policy provides useful insights that can 
be used to design a robust architecture of international technological cooperation for climate 
change mitigation. In particular, this monograph investigates the following research questions:  

I. How do the Green Climate Fund’s investments influence the structure of optimal climate 
policy3 across regions?  

II. Under which conditions (i.e. economic, technological and climate) would optimal GCF-
climate policy achieves the objective of stabilizing CO2 emissions before the end of the 
century? 

                                                            
3 This study follows the standard approach of integrated assessment models and studies. Thus optimal climate policy 
is the policy response that best balances the economic cost and environmental benefits of climate policy 
intervention. Moreover, this optimal policy response weights equally the costs and benefits across regions, thus it 
should be viewed as the policy that seeks to maximize the benefits of climate policy in the entire system. In this 
monograph, this optimal policy is a mathematical abstraction that is used to analyze the tradeoffs of climate policy 
and the changes in the structure of climate policy across the uncertainty space. This mathematical abstraction relies 
on basic rationality and perfect information assumptions. Evidently, these assumptions are made to simplify this 
complex system and make it feasible and scientifically useful to focus only on parts of this complexity (i.e. climate 
change uncertainty and technological uncertainty). Thus, the optimal policy response should not be viewed as a 
normative fixed reference for climate policy design; rather, in this study, the optimal policy response should be 
discussed in the context of multilateral decision making process and viewed as an analytical reference for 
illuminating the challenges and opportunities of climate change policy across different climate and technological 
scenarios. 
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III. How do climate and technological uncertainties change the structure of the optimal policy 
response? 

IV. How could the GCF’s investments become more robust to technological and climate 
uncertainty?  

V. What are the long-term economic and environmental tradeoffs of participating in the 
GCF for advanced and emerging nations?  

The rest of this chapter is structured as follows: in section I.2, I argue that the multiplicity 
of available policy options complicates enormously the mandate of the GCF. Thus, for this type 
of multilateral institutions it is fundamental to understand the long-term tradeoffs of the different 
alternatives proposed by the climate policy community such that they can design and implement 
investment portfolios that are economically feasible and that meet the objective of stabilizing 
GHG concentrations at sustainable levels.  Understanding how these policy instruments and 
institutions can address the uncertainties associated with climate change policy and international 
technological change is a major challenge for policy makers and technological change scholars.  

In section I.3, I describe the aspects of climate and technological change that are deeply 
uncertain. This has important policy implications for directing international technological change 
towards clean technologies. First, different technological scenarios describing the performance, 
cost and the extent of usage of clean technologies lead to different levels of GHG emissions that 
could be reached by the end of this century. Second, different scenarios of climate change 
determine different feasible temperature rise scenarios by the end of this century for any 
particular level of GHG emissions. Thus both elements of uncertainty are important to determine 
what constitutes a sustainable level of GHG concentrations and to determine the economic cost 
of achieving such level. Not considering the interplay of climate and technological uncertainty is 
likely to result in biased results when evaluating policy options for directing international 
technological change towards clean technologies.  

Finally, in section I.4, I argue that given the inherent deep uncertainty associated with 
climate and technological change and the multiplicity of policy options it is then necessary to use 
new analytical approaches for policy analysis. In the context of the international environmental 
technological change, RDM (Lempert, Popper and Bankes, 2003) and exploratory modeling 
(Bankes, 1993) provide a suitable methodological framework that can be used to design robust 
policy portfolios which can help the GCF meet the objective of enabling the international 
diffusion of clean energy technologies and contribute to the stabilization of GHG concentrations. 
I conclude this chapter by summarizing key elements of this policy context using the RDM 
“XLRM” framework. 
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I.2 Directed International Technological Change, Climate Policy and the 
Green Climate Fund 

The Green Climate Fund is predicated on the belief that directing international technological 
change towards clean energy technologies can play a significant role in achieving the 
stabilization of GHG emissions through improvements in the performance and cost of clean 
energy technologies. This expands the available cost-effective technological options for energy 
production, ultimately reducing the usage of incumbent fossil energy technologies (Newell, 
2008; Fischer and Sterner, 2012; Grübler, Nakićenović and Victor, 1999; Mercure et al., 2014). 
However, successful international environmental technological change is costly. According to 
Marangoni and Tavoni (2014) and Newell (2008) and between USD 5 and 22 trillion of 
investments are necessary over the next decades for achieving a transition from fossil energy 
technologies to clean energy technologies. For emerging nations, supporting the development 
and diffusion of clean energy technologies seems to be at odds with their economic development 
objectives. Evidently, this increases even more the relevance of the investments made by the 
Green Climate Fund.    

This technological orientation of climate change policy is not new. In fact, the policy 
literature is rich with proposals of how to best direct international technological change towards 
clean energy technologies. Furthermore, proponents of climate technology policy argue that 
while these policies are costly in the short term, these can also yield economic benefits in the 
long term, making this approach more appealing than emission quotas or carbon trading (Newell, 
2008).  

In Table 1.1, I list several of these policy studies, along with the proposed policy 
instruments to achieve international environmental technological change. Based on the insights 
provided by these studies, I describe the need for policy intervention in this context, and the 
general structure of proposed policies for directing technological change towards clean energy 
technologies.  

Table 1.1  
Proposed Policies for International Environmental Technological Change 

Author(s) Policies for Directing International Technological Change 

Rosendahl, 2004  Higher carbon tax in developed nations than in developing nations  
 

Barret, 2006 Two treaty system:  
 Promoting cooperative R&D  
 Encouraging collective adoption of a breakthrough technology emerging 

from this R&D 
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Table 1.1-Continued 
Proposed Policies for International Environmental Technological Change 

Author(s) Policies for Directing International Technological Change 

Dechezlepretre, 
Glachant and 
Meniere, 2008 

 Clean Development Mechanism (CDM) in Kyoto Protocol  
 Allowing industrialized countries to develop projects that reduce 

greenhouse gas (GHG) emissions in developing nations in exchange for 
emission reduction credits 
 

Newell, 2008  Technology-specific mandates and incentives 
 International technology-oriented agreements 
 Cost sharing in R&D  
 Technology transfer 
 Emissions pricing and carbon taxes 

 
Fischer and Newell, 
2008 

 Emissions pricing 
 Emissions performance standard 
 Fossil power tax 
 Renewables share requirements 
 Technology and R&D subsidies 

 
De Coninck et al., 
2008 

 Knowledge sharing and coordination of RD&D 
 Technology-transfer agreements  
 Technology-specific mandates  
 Technology subsidies, mandates and performance standards  
 Loan guarantees for investments 

 
Popp, Newell and 
Jaffe, 2010 

 Policies addressing knowledge market failures include:  
1) Patent protection 
2) R&D tax credits  
3) Funding generic research  

 Policies with environmental focus on the direction of innovation: 
1) R&D subsidies and targeted investments 
2) Technology subsidies  

 
Fischer, 2008  Tax credits 

 Technology forcing regulation 
 Price or market share guarantees for the use of particular technologies 

 
Nordhaus, 2011  International Carbon Tax 

 
Acemoglu et al., 
2012 

 Optimal environmental regulation should always use: 
 Carbon tax to control current emissions 
 Research subsidies or profit taxes to influence the direction of research 

 
Helm and Pichler, 
2015 

 Tradable emission endowments 
 Technology transfer 

 

NOTES: Policy proposals as listed for each study. Proposals include R&D investments, technology transfer 
mechanisms, emissions trading, carbon taxes, technology subsidies and tax credits.  
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The rationale behind the policies proposed by the studies listed in Table 1.1 consists of 
three main elements. First, Grübler, Nakićenović and Victor (1999) note that normal 
technological dynamics are decarbonizing the energy sector: continuous improvements of energy 
technologies make the use of energy resources more efficient. Yet, the rate at which this 
decarbonization is occurring is slower than the rise in the demand for fossil fuels so overall GHG 
emissions continue rising.  As a result, policy intervention is needed to accelerate this process. In 
fact, Fischer and Sterner (2012) argue that in order to be able to stabilize GHG concentrations 
within this century, this technological transition needs to occur at a speed that has never been 
seen before in any other technological revolution in the historic record. Second, there are market 
failures that need to be corrected to incentivize entrepreneurs to focus on the development of 
clean energy technologies, and to incentivize consumer and energy producers to use more 
environmentally friendly technologies. First, policy intervention is required to correct the 
environmental externalities of fossil energy technologies. Nordhaus (2011) argues that by 
correcting this externality consumers and energy producers will be able to make better decisions 
regarding which technologies to use for meeting their energy needs in an sustainable way. In the 
same vein, entrepreneurs will be able to identify the most attractive technological sector for their 
investments. Second, policy is needed to correct the knowledge market failures associated with 
innovation systems. The economic rationale is that without policy intervention, private R&D 
investment on clean energy technologies is less than the social optimum because the lack of 
incentives and/or of knowledge protection scale back innovative activity in this sector (Popp, 
Newell and Jaffe, 2010). Finally, since most of the environmentally focused innovative activity 
in the world occurs in a handful of advanced nations (i.e. U.S., Germany and Japan), policy 
intervention is then needed to facilitate the transfer of clean energy technologies from advanced 
to emerging nations (Dechezleprêtre et al., 2011).  

Table 1.1 lists a rich variety of policy options that have been proposed to direct 
international technological change towards clean energy technologies. However, three general 
policy types can be identified from these studies. First, there are policies that focus on increasing 
innovative activity in clean energy technologies. The objective of these policies is to increase the 
flow of public and private investments into clean energy technologies’ R&D. Policies of this 
kind generally include: R&D subsidies, co-funding of R&D programs,  patent protection treaties 
and technology transfer treaties (Newell, 2008; Popp, Newell and Jaffe, 2010; Acemoglu et al., 
2012) . Second, there are policies that are aimed at creating a market niche for clean energy 
technologies. These generally include: carbon pricing, technology subsidies, emission 
performance standards, renewable share commitments and clean energy subsidies (Fischer, 2008; 
Fischer and Newell, 2008; Nordhaus, 2011). Finally, there are various other policy proposals 
aimed at facilitating the transfer of clean energy technologies from advanced to emerging 
nations: co-funding of clean energy technologies’ R&D, knowledge sharing and coordination, 
emissions’ credits for technology investments in emerging nations and facilitating direct 
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importation of clean energy technologies (De Coninck et al., 2008; Popp, Newell and Jaffe, 
2010). The studies listed in Table 1.1 note that individually these policies are expected to have 
little or no effect. However, when combined into portfolios that simultaneously incentivize R&D 
investments for clean energy technologies, create market niches for these technologies in 
advanced and emerging nations, and facilitate their transfer from advanced nations to emerging 
nations the effect of such portfolios in enabling international environmental technological change 
can be much stronger (Acemoglu et al., 2012; Fischer and Sterner, 2012; Fischer and Newell, 
2008).  

This multiplicity of policy options complicates enormously the mandate of the Green 
Climate Fund and of other similar multilateral organizations. The policy studies described in the 
previous paragraphs indicate that it is necessary to implement policy portfolios that both “push” 
clean technologies more quickly through R&D processes and that “pull” clean technologies more 
strongly into the energy sector through the creation of market niches.  However, policy 
intervention is costly and subject to strict budget restrictions which makes it necessary to 
prioritize across areas in order to create a feasible policy mix. In addition, in this international 
context, it is also imperative to consider how to best distribute costs across regions. Thus, for 
institutions such as the GCF, it is fundamental to understand under which conditions the “push” 
component of the policy portfolio should be prioritized over the “pull” component and how each 
block of countries (i.e. advanced and emerging) should exploit their comparative advantages in 
the long-term to support these policy efforts.  

Understanding how these policy instruments and institutions can address the uncertainties 
and long time frames associated with climate change policy and international technological 
change is a major challenge for policy makers and technological change scholars. As stated by 
Popp, Newell and Jaffe (2010) this is “perhaps the greatest challenge of climate change policy”.  

I.3 Climate and Technological Deep Uncertainty: Challenges and the Need 
for New Analytical Methods 

The objective of international environmental technological change is to enable the stabilization 
of global GHG concentrations at levels that are sustainable for the environment and at an 
economic cost that is feasible for both advanced and emerging nations. However, the uncertainty 
associated with the behavior of the global climate system and with the future development of 
energy technologies increases the difficulties of deciding which policies can be used to meet this 
objective  (Fischer and Sterner, 2012). In this section, I argue that in both climate change and 
technological change policy makers face deep uncertainty.  Further, I argue that not considering 
the interplay of these two sources of deep uncertainty is likely to lead to bias results of the 
benefits and costs of different policies.  
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Deep uncertainty exists when the scientists, the analysts or the parties to a decision 
cannot agree on a) the appropriate causal representation of a system (i.e. structural uncertainty), 
b) the probability distributions used to represent uncertainty about the relevant parameters in the 
system (i.e. parametric deep uncertainty), and/or c)  how to value the desirability of different 
outcomes (Lempert, Popper and Bankes, 2003; Lempert et al., 2006).  

Previous studies have shown that climate change is indeed a deeply uncertain 
phenomenon (IPCC, 2013a; Deser et al., 2012; Maurer, 2007). For instance, climate scientists 
have provided strong evidence that shows that rising GHG emissions are causing a global rise in 
the average surface temperature and that this rise in GHG emissions is caused by human 
societies’ growing consumption of fossil fuels (IPCC, 2013a). Moreover, climate scientists argue 
that keeping global temperature rise within two degrees Celsius above pre-industrial levels is 
likely to help human societies prevent irreversible negative environmental consequences that will 
endanger our survival as a species (IPCC, 2013a; Solomon et al., 2009). However, climate 
scientists do not yet agree on what level of GHG concentrations will actually maintain global 
average temperature below the two degrees Celsius ceiling. In fact, different global climate 
models developed by different groups of climate scientists lead to very different outcomes 
(IPCC, 2013a). For instance, Figure 1.1 describes the relation between CO2 atmospheric 
concentrations and temperature rise for different General Circulation Models (GCMs) developed 
by different modeling groups under the World Climate Research Program and used by the IPCC 
(2013b) in its most recent assessment report.    

Figure 1.1 shows that for a given level of CO2 emissions there is a wide range of possible 
global temperature rise scenarios based on analysis prepared for the latest IPCC assessment 
report. These projections show that for CO2 concentration levels between 400 ppm and 700 ppm; 
temperature rise could be anywhere between 0.8 and 6.0 degrees Celsius. These temperature 
changes would represent very different environmental outcomes. On the lower end, global 
temperature would be within sustainable environmental limits. On the upper end, global 
temperature would likely cause catastrophic environmental damage (Solomon et al., 2009; IPCC, 
2013a). As a result, deep uncertainty associated with climate change makes it difficult and 
controversial to determine at which level of CO2 concentrations climate policy should be 
designed for (Lempert, 2015). 

Deep uncertainty is also associated with technological change; perhaps it is the case that 
technological change deep uncertainty is more profound than climate change deep uncertainty. 
Similarly to the case of climate change, and despite tremendous progress in the field, 
technological change scholars do not agree yet entirely on the determinants of international 
technological change and point to various open questions in the field (Popp, Newell and Jaffe, 
2010; Keller, 2004; Acemoglu et al., 2012; Dechezleprêtre et al., 2011; Di Maria and Smulders, 
2004; Grübler, Nakićenović and Victor, 1999). Open questions remain with respect to the role of 
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emerging nations’ technological absorptive capacity (Popp, Newell and Jaffe, 2010), to the role 
of international trade in facilitating technology diffusion (Keller, 2004; Keller, 2010) and to the 
role of technologies’ properties in technological change (Dechezleprêtre et al., 2011; Fischer and 
Sterner, 2012). Evidently, this uncertainty associated with the science and evidence of 
international technological change generates competing views about how direct international 
technological change towards clean energy technologies.  

Figure 1.1  
Increase in Global Mean Surface Temperature as a Function of Atmospheric CO2 
Concentrations for CMIP5 GMC Ensemble 

 

 

SOURCE: (IPCC, 2013b; Taylor, Stouffer and Meehl, 2012; Working Group on Coupled Modelling, 2015) 
NOTES: The colored legend indicates the multi-model spread over different RCP scenarios for the period 2010-2100 
for different GCM models. Each colored area represents the spread of temperature rise for a fixed level of CO2 
concentration. It shows that any given level of CO2 concentrations is associated with a wide range of plausible 
temperature rise scenarios within a particular GCM model, and across different GCM models. Temperature values 
are given relative to the 1861-1880 base period.  

Other aspects of technological change are well understood. Progress in the field has made 
it possible to conceptualize coherently technological change as an endogenous chain of processes 
that begins with entrepreneurs’ R&D investments and continues with consumers’ adoption 
decisions and firms’ learning-by-doing in the market place. Moreover, this progress has also 
provided useful frameworks for understanding the implications of technological change for the 
environment and for economic growth (Acemoglu et al., 2012; Di Maria and Smulders, 2004; 
Rosendahl, 2004; Aghion and Howitt, 1998). Yet, even these well understood processes of 
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technological change are shrouded with uncertainty. In the context of climate change, 
technological change scientists do not agree on the value of key parameters such as the elasticity 
of substitution between clean energy and fossil energy technologies (Acemoglu et al., 2012; Di 
Maria and Smulders, 2004; Pottier, Hourcade and Espagne, 2014; Papageorgiou, Saam and 
Schulte, 2013). In addition, other important parameters, such as the returns to R&D investments 
and the technology learning coefficients have been estimated differently across studies (Grübler, 
Nakićenović and Victor, 1999; Wilson et al., 2013; Baker and Adu-Bonnah, 2008). It is also 
difficult to choose an appropriate probability distribution to represent these parameters. In some 
cases, the lack of available data makes it unfeasible to determine the bounds and shape of the 
probability distributions. In other cases, the nature of technological change (i.e. incremental 
change or radical change) creates controversies with respect to how best describe the probability 
distribution of key parameters.  

Similarly to climate change uncertainty, the combination of structural and parametric 
uncertainty in technological change studies results in a wide range of projections about the 
diffusion of clean energy technologies. Figure 1.2 compares eight climate stabilization scenarios 
describing the extent of diffusion of key energy technologies(Wilson et al., 2013). The index in 
the vertical axis indicates for each scenario the importance of each technology in the global 
energy system: the higher the value, the higher the extent to which that technology is used for 
energy production. The horizontal axis indicates the number of years that it takes for each 
technology to achieve that extent of use.  

Figure 1.2 shows that projections can vary widely across these stabilization scenarios. For 
instance, the time needed for achieving meaningful usage of wind energy technologies ranges 
from 70 to 100 years(Wilson et al., 2013). This uncertainty about our technological future (i.e. 
performance, costs and extent of use of clean energy technologies) contributes significantly to 
the difficulties of forecasting future GHG concentrations by the end of the century and ultimately 
the cost and the time needed for stabilizing GHG concentrations at sustainable levels (Fischer 
and Sterner, 2012).   

There is one important difference between climate and technological change and their 
association with deep uncertainty. For climate change deep uncertainty, there is the expectation 
that in the future, as climate science continues to improve and more information is collected, 
uncertainty about the range of possible global temperature rise scenarios will be reduced. This 
does not mean that this will happen within a time frame that has any policy relevance. In fact, it 
may take centuries before climate scientists are able to meaningfully reduce the uncertainty 
associated with our understanding of the global climate system. Thus, without question, relevant 
policy decisions will need to be made in the face of deep climate change uncertainty. What about 
technological change deep uncertainty? Will more science and more accurate data help scientists 
provide a narrower set of scenarios about our energy technological future? I believe this will not 
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be the case because in technological systems, the inherent uncertainty of any natural system is 
exacerbated by the unpredictable nature of human behavior and social systems.  

Figure 1.2  
Example of Energy Technologies’ Diffusion Scenarios for the 21st century 
SOURCE: (Wilson et al., 2013) 

 

 
NOTES: The index in the vertical axis indicates for each scenario the importance of each technology in the global 
energy system: the higher the value, the higher the extent by which that technology is used for energy production. 
The horizontal axis indicates the number of years that it takes for each technology to achieve that extent of use. It is 
possible to see that these projections vary widely. For instance, across these stabilization scenarios, the time needed 
for achieving meaningful usage of wind energy technologies ranges from 70 to 100 years. 
 

Human societies create technologies, but the impact of these technologies on pre-existing 
technological systems and on society itself is frequently unpredictable. The technological 
progress experienced during the industrial revolution laid down the foundations for the advent of 
modern energy and mobility technologies, such as the steam turbine and the internal combustion 
engine. These technologies have had a profound impact on society and on the economy, but their 
massive usage has dramatically raised GHG emissions. In response, governments all over the 
globe are discussing how to best respond to mitigate this negative externality caused by 
technological change. The size of the policy response is unpredictable at this point. Moreover, 
even if all the right policies are in placed to support the development and the international 
diffusion of clean technologies, there still remains the fact that it is not feasible to anticipate 
accurately the degree of success of R&D programs in clean technologies or the extent to which 
these technologies will change the scheme of energy production (Baker and Adu-Bonnah, 2008; 
Golombek and Hoel, 2004; Bosetti and Tavoni, 2009). I argue that because of the interdependent 
adaptive nature of society and technology, future technological change is an inherently deeply 
uncertain phenomenon.  
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Considering both climate and technological change deep uncertainty has important policy 
implications for directing international technological change towards clean technologies. On the 
one hand, different technological scenarios describing the performance and the extent of usage of 
clean technologies determine different levels of GHG concentrations levels that could be reached 
by the end of this century. On the other hand, different climate change scenarios determine 
ranges of temperature rise that could materialize by the end of this century. In terms of policy 
evaluation, both elements of uncertainty are important to determine what constitutes a 
sustainable level of GHG concentrations and to determine the economic cost of achieving such 
level. Not considering the interplay of climate and technological uncertainty is likely to result in 
biased results when evaluating policy options for directing international technological change 
towards clean technologies.   

Since climate and technological change are deeply uncertain phenomena, it is necessary 
to study the policy response needed for enabling international environmental technological 
change from a perspective that is different from the traditional predict-then-act planning 
approach. For instance, the interplay and inherent deep uncertainty of climate and technological 
change make it impossible to project future GHG concentrations and environmental 
consequences. It would be unthinkable to choose one or a subset of the many possible 
projections to design the optimal policy response. Lempert, Popper and Bankes (2003) argue that 
new analytical methods enabled by modern computing can profoundly transform our ability to 
reason systematically about the long-term future and help us face the challenges pose by deep 
uncertainty. The authors propose that in contexts associated with deep uncertainty, instead of 
attempting to predict the future it is necessary to consider multiple alternative futures 
simultaneously and to analyze the performance of different policies across this multiplicity of 
futures. This analytical exercise is enabled by the usage of simulation models in an exploratory 
modeling setting (Bankes, 1993) and by the application of data mining techniques that support 
the identification of multi-dimensional conditions under which proposed polices meet their goals 
(Lempert et al., 2006). This framework, commonly known as Robust Decision Making 
(RDM)(Lempert, Popper and Bankes, 2003), has been already successfully implemented in 
policy context for climate mitigation and climate adaptation (Groves, Yates and Tebaldi, 2008; 
Lempert and Groves, 2010; Groves et al., 2013; Groves et al., 2014; Fischbach et al., 2015). 

Technological change scholars have long argued that new methods are needed for 
studying technological change (Grübler, Nakićenović and Victor, 1999). I believe that given the 
inherent deep uncertainty associated with climate and technological change RDM provides a 
suitable methodological framework that can be used for designing robust policy portfolios that 
can help the Green Climate Fund meet the objective of enabling the international diffusion of 
clean energy technologies and contribute to the stabilization of GHG concentrations.    
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I.4 Summary 

In this chapter, I argue that because of the incomplete understanding of international 
technological change, the multiplicity of policy options and ultimately the presence of climate 
and technological change deep uncertainty, multilateral institutions, such as the Green Climate 
Fund, require new analytical methods for designing long-term robust investment plans. 

In this context, Robust Decision Making (Lempert, Popper and Bankes, 2003) and 
exploratory modeling (Bankes, 1993) can be used to enable our ability to reason systematically 
about the long-term future, despite of the challenges pose by deep climate and technological 
uncertainty. Thus these approaches provide a suitable methodological framework to understand 
under which conditions the GCF’s investments and climate policy enable the international 
diffusion of clean energy technologies and the stabilization of GHG concentrations.  

Table 1.2 summarizes the discussion presented in this chapter using the XLRM 
framework (Lempert, Popper and Bankes, 2003). Each cell describes the central themes that have 
been discussed in this chapter. It describes four important metrics (M) to evaluate and compare 
the performance of different policy portfolios, these are: 1) the economic cost of policy 
intervention, 2) the distribution of costs across regions, 3) the temperature rise level resulting 
after implementing these investments and 4) ultimately if the stabilization of GHG emissions is 
achieved before the end of the century.  

It also shows that policy levers (L) can be comprised of three elements: 1) “push” 
technology policies that accelerate the RD&D process of clean energy technologies, 2) “pull” 
technology policies that create market niches to accelerate the commercialization of these 
technologies, and 3) “transfer” policies that accelerate the diffusion of clean technologies 
towards emerging nations.  

Table 1.2 describes climate and technological change as uncertain (X) phenomena. This 
has important policy implications for analyzing the performance of the different policy options 
across the key metrics considered. First, different technological scenarios describing the 
performance and the extent of usage of clean technologies determine different levels of GHG 
concentrations levels that could be reached by the end of this century. Second, different climate 
change scenarios determine ranges of temperature rise that are feasible for any given level of 
GHG concentrations. Both elements of uncertainty are important to determine what constitutes a 
sustainable level of GHG concentrations and to determine the economic cost of achieving such 
level. Not considering the interplay of climate and technological uncertainty is likely to result in 
biased results when evaluating policy options for directing international technological change 
towards clean technologies. 
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Finally, several system relationships (R) are important to investigate the effectiveness of 
these policies in meeting the objectives aforementioned. For instance, it is important in this 
policy context to understand the competition processes between clean energy technologies and 
fossil energy technologies. It is also fundamental to consider the processes that lead to the 
development, commercialization and international diffusion of clean energy technologies. As 
well as the potential response of the climate system to growing GHG emissions and the potential 
adverse effects of growing temperatures on advanced and emerging nations. The following 
chapters provide a detailed discussion and a conceptual framework to link these processes 
systematically.  

Table 1.2  
XLRM Framework Summary of Main Research Themes 

Uncertainties (X) Policy Levers (L) 

Climate Uncertainty: 

 Speed of Temperature Rise 

 Extend of Temperature Rise 

Technological Uncertainty:  

 Penetration of Clean Energy 
Technologies 

 Performance of Clean Energy 
Technologies 

 GHG Emissions  

 

Push Policies 

 R&D investments 
 R&D tax credits and subsidies 

Pull Policies 

 Carbon pricing/taxation 
 Technology subsidies 
 Technology mandates 

Transfer Policies 

 R&D shared programs 
 Patent protection 
 Policy harmonization 

 

System Relationships (R) Metrics (M) 

 Technological Change  

 International Diffusion of Clean 
Technologies 

 Global Climate Change 

 Temperature Rise 

 GHG emissions 

 Cost of Policy Intervention 

 Distribution of costs 

 

NOTES: The main themes associated with scope of this research study are grouped according to four different 
categories: 1) the deep uncertainties taken into account, 2) the policy levers that can be used to direct technological 
change towards clean technologies, 3) the system relationship that links actions to consequences, and 4) the relevant 
metrics necessary to evaluate the performance of different policies.  
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CHAPTER II 

Framing International Technological Change: Theories, 
Implications, Evidence and Relevant Knowledge Gaps 
 

II.1 Introduction 

The scientific literature of international technological change is as diverse in its scope as it is in 
its research methods. Scholars of international technological change have focused on 
understanding how technological change occurs in technologically advanced countries and on 
how the technologies developed in these regions diffuse to other less technologically advanced 
regions. There are mainly two types of studies: 1) modeling studies that put forward new theories 
about how innovation and economic processes lead to technological change within and across 
regions; and 2) statistical empirical studies that describe the determinants of international 
technological change using technology adoption rates and patenting data. The results of these 
two streams of research have shed light into the complex web of forces that shape international 
technological change patterns, but more importantly, it has also shown that there are still 
intriguing research gaps. 

In this chapter, I first focus on describing international technological change through the 
theoretical models of previous authors. Second, I present relevant empirical works that confirm 
or challenge some of these theoretical views. Finally, I discuss key unanswered questions in the 
field that are relevant for this dissertation.  

The discussion presented in section II.2 shows that theoretical studies of international 
technological change describe a two-phase process. First new technologies are developed in 
technologically advanced countries (Di Maria and Smulders, 2004; Fisher-Vanden and Ho, 
2010). Second, new technologies are diffused internationally to less technologically advanced 
countries (Keller, 1996; Keller, 2004; Di Maria and Smulders, 2004). Within a region, 
technological change is a process that results out of the investment decisions of technology 
entrepreneurs and the adoption decisions of consumers. The process occurs endogenously in a 
closed feedback loop because the technological environment, as well as the economic and 
institutional context influence the decision making process of entrepreneurs and consumers. In 
turn, the decisions of entrepreneurs and consumers change the technological and economic 
landscape (Acemoglu et al., 2012; Popp, 2004; Howitt, 2000; Rosendahl, 2004). Across regions, 
technological change is driven by the flow of new technologies through trade, foreign direct 
investments and R&D spillovers (Di Maria and Smulders, 2004; Keller, 2004).  

Some of the key features proposed by theoretical models are in accordance with the 
findings of empirical studies. For instance, existing data shows that worldwide only a handful of 
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advanced countries (e.g. US, Germany, Japan, United Kingdom) account for the majority of the 
world’s creation of new technologies and environmentally focused innovative activity (Keller, 
2004; Lanjouw and Mody, 1996; Coe, Helpman and Hoffmaister, 1997; Helm and Pichler, 2015; 
Rizzi, van Eck and Frey, 2014). These studies also indicate that emerging nations’ local 
capacities, policies and endowments influence the rate at which they can absorb advanced 
foreign technologies (Blackman and Kildegaard, 2010; Coe, Helpman and Hoffmaister, 1997; 
Coe, Helpman and Hoffmaister, 2009; Popp, 2006b; Popp, 2006a; Comin and Hobijn, 2004). 
Also evidence shows that technological convergence across regions is possible, but only under 
very specific circumstances of R&D intensity and local capacities. Comin and Hobijn (2010) 
show that technology convergence across countries is common, but this can take a considerable 
amount of time. In the sample of technologies studied by the authors, they find that it takes on 
average 45 years for one technology to be fully diffused internationally. However, there is ample 
variation across countries and technologies. The empirical evidence also suggests that the time 
required for full international technological diffusion ranges widely across technological sectors 
which may be an indication that not only country specific institutional and economic factors play 
a role in facilitating diffusion but also the technical characteristic inherent to each technological 
sector. In fact, they find that the average speed of convergence is 3.7 percent per year. 
Importantly, their study suggests that the speed of technological convergence across countries 
has accelerated over time, and that newer technologies tend to diffuse faster than older 
technologies 

Despite the remarkable progress in the field there are other aspects of international 
technological change that remain ill-understood. In particular, I emphasize the importance of 
continuing improving our understanding of technological change in emerging nations and the 
relevance of developing theoretical frameworks and empirical tools that incorporate deep 
uncertainty into studies of future international technological change. 

II.2 Theories of International Technological Change 

Table 2.1 summarizes the main theoretical studies of international technological change. I use 
this table to describe the main elements of these theoretical models. First, I list the relevant 
endogenous processes that lead to technological change within a region. Second, I note the 
processes that lead to the international diffusion of new technologies. Third, I specify whether or 
not these theories consider economic and institutional differences across nations. Fourth, I note 
whether or not these theories consider specific technological properties. Finally, I list the main 
implications of these theories with regards to international technological change.  

This review of theoretical studies focuses on studies that have had the highest impact in 
recent years (i.e. measured by the number of citations). This strategy prioritizes older studies 
over more recent theoretical studies. To circumvent this limitation I have also included in this 
review some recent theoretical studies which are still being scrutinized by the research 
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Table 2.1  
Properties of International Technological Change Theories 
Author(s) Change Mechanisms International Diffusion Regional 

Differences 
Technical 
Properties  

Implications

Rosendahl, 2004 -Endogenous R&D  
-LBD (Learning by doing) 

None None None - Learning-by-doing leads to 
better environmental outcomes 
in climate change studies 
 

Golombek and Hoel, 
2004 

-Endogenous R&D 
 

-Trade 
-Local R&D 

-Environmental 
consciousness 

-Shape of the 
environmental 
damage function 
 

-Unilateral policy can avoid 
carbon leakage 

Fisher-Vanden and 
Ho, 2010 

-Endogenous R&D -Local S&T capabilities 
-Local R&D 
 

-S&T Capabilities None -Rapid growth in S&T 
capabilities can lead to higher 
GHG emissions 
 

Barrett, 2006 -Collective R&D -Collective commitments to 
adopt technologies 

-Incentive 
structures 

-Increasing returns 
to adoption 
 

-Increasing returns can facilitate 
global cooperation 

Keller, 2004 -Endogenous R&D -Technology imports 
-Learning by exporting 
-Foreign Direct Investment 
spillovers 
-Foreign R&D spillovers  
-Local R&D  
-Local S&T capabilities  
  

-Absorptive 
capacities of 
foreign 
technologies 

None -Differences in countries local 
absorptive capacities determine 
reliance of local vs foreign 
innovations 

Rivera-Batiz and 
Romer, 1991 
Grossman and 
Helpman, 1991 

-Endogenous R&D -Free international trade -Different local 
technological 
endowments 

None -Given free international trade, 
the technological gap between 
advanced and emerging 
nations tends to close 
 

Popp, 2004 -Endogenous R&D 
-Crowding out of R&D   

-Instant global diffusion None -R&D decay rate 
-R&D elasticity  

-Policy is needed to signal 
entrepreneurs 
-Endogenous technological 
change reduces cost of 
mitigation but has little effect of 
climate change outcomes 
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Table 2.1-Continued 
Properties of International Technological Change Theories 
Author(s) Change Mechanisms International Diffusion Regional 

Differences 
Technical 
Properties  

Implications

Di Maria and 
Smulders, 2004 

-Endogenous R&D in 
advanced nations 
-Competing technological 
sectors 
-Multiple markets 

-Importation of 
technologies  
-Technology imitation 

Capacities for 
endogenous 
R&D  

-Degree of 
substitutability 
among sectors 
-Potential for 
imitation 
-Varying returns to 
R&D 
-Difficulty of R&D 
 

-The more difficult to substitute 
technologies the more likely 
carbon technologies are used in 
emerging nations, leading to 
worse environmental outcomes 

Di Maria and Van 
der Werf, 2008 

-Endogenous R&D 
-Competing technological 
sector 
-Multiple markets 

-Terms-of-trade effect 
-Trade price effect  

-Environmental 
policy context 

-Elasticity of 
substitution  
-Varying returns to 
R&D 
-Difficulty of R&D  

-Unilateral climate policy can 
induce technologies change in 
trade partner.  Technological 
diffusion depends on the 
elasticity of substitution. 
 

Howitt, 2000 -Endogenous R&D  -Trade 
-Technology transfer 

-R&D Intensity None -Countries that engage in R&D 
will converge to similar 
productivity levels 
 

Acemoglu et al., 
2012 

-Endogenous R&D 
-Competing technological 
sectors 
-Market size effect 
-Price effect 
 

-Instant global diffusion None -Different maturity 
levels across 
technology sectors 

-Elasticity of substitution 
determines ease of transition 
towards clean technologies 
 
-The greater gap in 
development across technology 
sector, the more difficult this 
transition 
 

Mercure et al., 2014 -Endogenous R&D -Agent based adoption 
decisions 

21 regions  None -Policy diversification needed 
for successful mitigation 

NOTES: Each theoretical framework is described across four dimensions: 1) the technological change process considered, 2) the international diffusion processes 
considered, 3) the regional differences taken into account and 4) the technological properties considered. In addition, implications for international technological 
change are noted for each theoretical framework. 
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community. Other studies have been recently published in the field, for example Cabo, Martin-
Herran and Martinez-Garcia (2014), Engwerda (2014) and Greiner (2014). However, these other 
studies are not reviewed in detail in this chapter.   

Economic and institutional differences among nations are fundamental to understand 
more comprehensively international technological change. The theoretical models listed in Table 
2.1 find that the science and technology capabilities (i.e. human capital development, R&D 
capacities, and existing technologies) of emerging nations are essential to facilitate the diffusion 
of new technologies developed in advanced nations (Keller, 2004; Fisher-Vanden and Ho, 2010; 
Howitt, 2000). These studies argue that local science and technology endowments help emerging 
nations adopt, adapt and imitate foreign technologies which enhances their local diffusion. In 
addition, these studies find that while technological change in advanced nations pushes indirectly 
technological change in emerging nations. In the former, without a favorable institutional 
environment (i.e. R&D subsidies, technology subsidies and price incentives), it is not possible to 
guarantee complete diffusion of advanced clean technologies in emerging nations (Golombek 
and Hoel, 2004; Di Maria and Van der Werf, 2008; Di Maria and Smulders, 2004; Barrett, 
2006).  

Recent studies consider in more detail the role of technological properties in 
understanding international technological change. In these more recent models, technological 
properties, such as: increasing returns to adoption, R&D investments diminishing returns, 
elasticity of substitution, and difficulty of finding new innovations have been formally included 
in theoretical models. Initial findings suggest that these technological properties can significantly 
drive technological change outcomes. As a result, it seems crucial to consider technological 
properties in technological change studies (Di Maria and Smulders, 2004; Popp, 2004; Barrett, 
2006; Acemoglu et al., 2012).  

The implications of these theoretical models for international technological change and 
climate policy are important. These studies show that by seeing international technological 
change as an endogenous process occurring within nations, the cost of climate change mitigation 
is less than the cost estimated without considering endogenous technological change. This also 
implies that, when considering endogenous technological change, it is possible to find slightly 
more optimistic scenarios of technology diffusion and climate change mitigation (Rosendahl, 
2004; Popp, 2004; Di Maria and Smulders, 2004; Acemoglu et al., 2012). However, these 
conclusions depend primarily on emerging nations’ ability to catch-up technologically with 
advanced nations. These studies also show that this process of catching-up is possible, but it 
depends heavily on the science and technology capabilities of emerging nations, the policies in 
place in these nations and the inherent technological properties of the technologies considered 
(Golombek and Hoel, 2004; Keller, 2004; Di Maria and Van der Werf, 2008). In terms of climate 
change, this implies that even though clean technologies continue to be developed in advanced 
nations, the success of these technologies in emerging nations can still follow many different 
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paths, from successful adoption to continuing dominance of fossil energy technologies. In the 
following paragraphs I discuss in more detail the elements of the theoretical models listed in 
Table 2.1.  

Several of these theoretical works center on understanding the role of endogenous 
technological change in the context of directed international technological change towards clean 
technologies. Acemoglu et al. (2012) suggest that by directing international technological change 
towards clean technologies, it is possible to maintain GHG concentrations at a sustainable level 
for the environment. The policy mix required for directing technological change consists of both 
carbon taxes and research subsidies to influence the direction of research towards clean 
technologies. Their findings suggest that with the optimal policy mix, such costly policies only 
need to be in place temporarily to guarantee a sustained international transition towards clean 
technologies. Their framework considers a world model with endogenous technological change, 
competing technological sectors (i.e. clean and carbon sectors) and multiple markets, including 
markets for innovations, for intermediary inputs and for final consumption. Two mechanisms are 
particularly important in shaping the pattern of technological change: 1) the market size effect 
which incentivizes entrepreneurs to work on the technologies that support the larger intermediary 
input sector, and 2) the price effect which incentivizes entrepreneurs to work on the sector with 
the greater intermediary input prices. The lessons derived from their analysis suggest that there 
are three fundamental factors for ensuring the success of the optimal policy mix of carbon taxes 
and research subsidies: 1) the elasticity of substitution between the two competing sectors, 2) the 
relative levels of development of the technologies of the two sectors and 3) and whether the 
carbon inputs are produced using an exhaustible resource. The more substitutable the 
technologies of competing sectors are, the easier the transition towards clean technologies. Also, 
the greater the gap in productivity between clean and carbon technologies, the longer the 
transition towards clean technologies. Thus, delays in implementing the optimal mix result in 
higher costs. Rosendahl (2004) argues that learning by doing and R&D activities are two of the 
most important sources of induced technological change. He shows that taking into consideration 
the effect of learning-by-doing (LBD) leads to less disastrous environmental scenarios and to 
more cost savings of environmental policy. He argues that the processes that lead to induced 
technological change (i.e. LBD and R&D) are often complementary and thus using models or 
theories that do not consider the interplay of these processes together may lead to biased 
conclusions.  

Other theoretical models have focused on understanding how country differences and 
endogenous technological change processes can result in technological convergence or 
divergence across countries. Howitt (2000) uses a multi-country endogenous growth model to 
analyze to what extent differences in R&D investment levels among countries lead to divergence 
in income and technological productivity. His findings suggest that because of technology 
transfer, countries that invest similar levels of R&D converge to similar productivity levels, 
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while countries that do not, diverge. Golombek and Hoel (2004) consider the case of endogenous 
technological change, cross-country diffusion of clean technologies and differences in 
environmental consciousness among countries. Their theory suggests that under these conditions, 
unilateral climate mitigation actions in the country with the highest valuation of the environment 
will not necessary lead to higher use of fossil technologies in the country with the lowest 
valuation of the environment. This pattern of technological change will depend on the R&D 
investment levels in the less environmentally conscious country, and on the shape of the 
environmental damage function which is shaped by the inherent technological properties of clean 
technologies. Fisher-Vanden and Ho (2010) argue that rapid growth in science and technology 
(S&T) capabilities of developing countries does not lead to reduction of GHG emissions. Their 
study shows that higher S&T intensity (i.e. R&D investments as a share of GDP) leads to using 
more efficient energy technologies in the economy (i.e. technique effect), but at the same time, 
this technological revolution leads to lower goods’ prices, which increases aggregate demand 
(i.e. scale effect) and also increases the use of energy in production (i.e. composition effect). 
These last two effects offset the environmental benefits of the technique effect. 

International technology diffusion and the importance of local endowments for adoption 
of new technologies have also been the focus of the models described in Table 2.1. Keller (2004) 
argues that international technological change is mainly shaped by processes of international 
diffusion of technologies from advanced nations to other advanced or emerging nations. He 
describes the process of international diffusion of technologies as a phenomenon shaped by the 
interplay of several mechanisms, including: international trade (i.e. direct technology imports, 
learning by exporting), foreign direct investment (FDI), technological spillovers, foreign R&D 
spillovers and local R&D and human capital capabilities. He argues that countries have different 
capacities for absorbing advanced foreign technologies (Keller, 1996). This absorptive capacity 
is determined by their local human capital development and R&D investments. Differences in 
countries’ absorptive capacities lead to differences in the degree to which countries rely on local 
and foreign technologies. Under this framework, emerging nations are expected to rely more on 
local innovations than advanced nations. Similar ideas regarding the need of complementary 
capacities for technology adoption are proposed by Dechezlepretre, Glachant and Meniere 
(2008), Evenson and Westphal (1995), Pack (1992), and Dahlman (1992). The same issue is 
found to be important for the diffusion of clean technologies by Worrell et al. (2001).  

Environmental international technological change has also being studied from a trade and 
environmental regulation perspective. Di Maria and Smulders (2004) framework focuses on the 
interconnection between trade, technological change and environmental regulation. In their 
theoretical model, emerging nations are assumed to have no endogenous capacities for R&D so 
they use technologies developed in advanced nations. They consider two competing 
technological sectors (i.e. clean sector and carbon sector). The pattern of technological change 
results from the profit incentives of entrepreneurs in the advanced region. Their analysis suggests 
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that trade between the two regions induces the use of clean technologies in the emerging region; 
however, this is not an absolute result as it is possible that trade also induces the use of carbon 
technologies in the emerging region. They conclude that the degree of substitutability between 
the technologies used in the clean and carbon sectors and the degree of protection of intellectual 
property rights are key determinants of diffusion patterns. The more difficult it is for the 
technologies of one sector to substitute the functions of the technologies in the incumbent sector, 
the more likely it is that the emerging region adopts only carbon technologies, and the less 
protection to intellectual property rights, then the more likely, too, it is that the emerging region 
uses carbon rather than clean technologies.  Di Maria and Van der Werf (2008) analyze the case 
in which international diffusion of clean technologies occurs as a result of the unilateral climate 
policy implementation in one country. In this case, they consider two regions connected by trade 
that are similar in all aspects (i.e. same R&D capacities, same preferences and same factors 
endowments). The only difference is that one region sets an emissions’ cap while the other does 
not. Three key lessons are derived from their theoretical model. First, they find that there is a 
terms-of-trade effect: when the production of carbon-intensive goods is reduced in one region 
due to the implementation of an emissions cap, then the international prices of such goods 
increases, incentivizing the non-constrained region to produce more of the carbon intensive 
goods. Second, a reduction in the use of fossil fuels in one region reduces the prices of fossil 
fuels, incentivizing the unconstrained region to use more fossil fuels in production. Third, while 
these two processes lead to carbon leakage4at the same time this change in prices increases 
entrepreneurs’ incentives to work on the development of clean technologies, which offsets the 
degree of carbon leakage. Rivera-Batiz and Romer (1991) and Grossman and Helpman (1993) 
argue that free international trade facilitates the diffusion of advanced technologies to emerging 
nations by allowing the latter to gain access to advanced technologies invented abroad. As a 
result, this theoretical view argues that the technological gap between advanced and emerging 
nations has a natural tendency to be reduced.  

Finally, relatively more recent models have begun focusing on the role of alternative 
technological properties in shaping the pattern of international technological change. Barrett 
(2006) argues that in a context in which R&D investments are directed towards breakthrough 
technologies that exhibit increasing returns to adoption, then both developed and developing 
countries have sufficient incentives to sustain international diffusion of these technologies and 
thus mitigating growing GHG emissions. Mercure et al. (2014) framework depicts innovation in 
energy markets as being driven by innovation, path-dependent technology decisions and 

                                                            
4 Carbon leakage is the case in which the reductions of emissions in one country lead to increase emissions in 
another, via to three main channels: 1) reduced emissions in one country reduce the marginal costs of abatement in 
other countries, thus incentivizing higher emissions, 2) a reduction in the demand for fossil fuels in one country, 
leads to cheaper international prices of fossil fuels, incentivizing other countries to use more fossil fuels, 3) if one 
country introduces a carbon tax, the local supply of carbon intensive goods reduces, increasing their prices, this in 
turn incentivizes trade partners to increase their production of carbon intensive goods (Golombek and Hoel, 2004).  
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diffusion of these technologies across regions. Their framework, in a similar fashion to 
endogenous growth theory, considers the decisions of technology investors central to 
understanding technology diffusion from one region to another. Their theory pays particular 
attention to how differences across all the 21 regions they considered contribute to shaping 
macro behavior of technology diffusion and temperature rise. Their analysis departs from 
mainstream general equilibrium modelling in that they do not focus on the equilibrium 
conditions on the markets they considered. However, their findings are similar to those of 
Acemoglu et al. (2012) and Di Maria and Van der Werf (2008)  in that they estimate that policies 
such as carbon taxes and R&D investments need to be complementary to achieve the necessary 
technological progress to stabilize GHG emissions at sustainable levels. In fact, similarly to 
Acemoglu et al. (2012) they find that policy diversification leads to a smaller carbon tax needed 
to direct technological change towards clean technologies. Other studies such as Popp (2004) and 
Di Maria and Smulders (2004) consider parameters that describe the R&D potential of different 
technologies. Golombek and Hoel (2004) and Fischer and Sterner (2012) note that the shape of 
the abatement curves is defined by the potential of the technologies considered and how these 
response to R&D investments. Acemoglu et al. (2012) explicitly considers the role of different 
maturity levels of competing technological sectors in shaping technological change patterns and 
increasing the difficulties of transitioning towards cleaner technologies.  

II.3 Empirical Evidence on International Technological Change  

Table 2.2 lists the main empirical studies that focus on international technological change. These 
studies use comprehensive datasets and econometric analyses to understand the determinants of 
technological change patterns across nations. For each study, I list the type of data used for the 
analysis, its main findings and its implications for the theory of international technological 
change. I focus primarily on reviewing the studies that have had the highest impact in the 
scientific literature (i.e. measured by their number of citations) and combine these classic studies 
with insights from some of the more recent studies. This provides a more comprehensive review 
of the empirical studies on international technological change available for policy research.  

I focus on comparing the findings of these studies against the assumptions and 
propositions of the theoretical frameworks listed in Table 2.1. The objective of this exercise is 
understand to which extent the theoretical frameworks described in Table 2.1 are in accordance 
with empirical evidence that results from conducting econometric analysis on available data that 
describe innovation and technology diffusion. Thus, these studies offer a complementary view of 
international technological change that is supported by econometric techniques designed 
purposefully to disentangle the effect of various forces at play and, more importantly, that is 
supported by data that attempt to describe accurately how international technological change 
occurs in specific economic and institutional contexts.  
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I center this discussion on four main themes. First, I discuss evidence associated with the 
assumption that new technologies are primarily developed in advanced nations. Second, I 
describe studies of the role of local institutions and endowments in facilitating the adoption of 
foreign technologies. Third, I review the issue of technological convergence across nations. 
Finally, I focus on assessing whether or not empirical evidence shows that technological patterns 
seen in historical records are technology sector dependent.  

Table 2.2  
Findings and Implications of Empirical Studies of International Technological Change 

Author(s) Findings Implications

Keller, 2004 -Foreign sources of technology account for 90 percent or 
more of domestic productivity growth.  

-Only a handful of rich countries account for most of the 
world’s creation of new technology. 

-Worldwide technical change 
is determined by international 
technology diffusion 

Coe, Helpman and 
Hoffmaister, 1997 

-The seven largest economies of the OECD account to 
92% of all R&D in the world. 

-Most  technology innovation 
is done by advanced nations 

Lanjouw and Mody, 
1996 

-Environmental innovation mainly done in United States, 
Japan, and Germany.   

-Patents registered in developing countries correspond to 
inventors from developed nations. 

-Most clean technology 
innovation is done by 
advanced nations 

Blackman and 
Kildegaard, 2010 

-Firms’ human capital and stock of technical information 
influence adoption of advanced technologies 

 

-Local capacities in emerging 
nations influence adoption 

Coe, Helpman and 
Hoffmaister, 2010 

-Institutional differences determine technology factor 
productivity growth and the impact of R&D spillovers.  

-Institutional differences 
determine  adoption rates 

Popp, 2006 -Clean technologies from advanced countries are not 
transferred directly to other nations, but rather indirectly. 

-Local environmental regulations and local R&D 
capacities influence adoption of clean technologies in 
developing nations.   

-Local R&D intensities and 
policies influence the rate of 
adoption of foreign 
technologies 

Comin and Hobijn, 
2004 

-Country’s per capita income, human capital endowment, 
type of government, degree of openness to trade, and 
adoption of predecessor technologies are positively 
associated with the speed of adoption of foreign 
technologies. 

-Local capacities in emerging 
nations influence adoption 

Rizzi, van Eck and 
Frey, 2014 

-Scientific publication patterns over the last decade 
suggest that innovative activity in BRICS countries 
focuses on adaptive technologies developed in advanced 
countries   

- Scientific and innovative 
activity associated with clean 
technologies shows specific 
geographical patterns 



25 
 

Table 2.3-Continued  
Findings and Implications of Empirical Studies of International Technological Change 

Author(s) Findings Implications

David Popp, 2014 - Most innovation is concentrated in a few rich countries. 

-Innovation in emerging nations focuses on incremental 
improvement over existing technologies  

-Adaptive R&D in emerging 
nations can improve the fit of 
new technologies to local 
market conditions 

Comin, Hobijn and 
Rovito, 2006; Comin 
and Hobijn, 2010 

-On average it takes 45 years for one technology to be 
fully diffused internationally.  

-Ample variation across countries and technologies 

-Technology convergence 
across countries 

NOTES: Empirical findings and implications are described for each study. Local endowments, R&D intensity rates, 
institutional differences are listed as important determinants of international technological change.   

The studies listed in Table 2.2 report that there are substantial R&D intensity and 
technology penetration level differences between advanced and emerging nations. For instance, 
existing data show that only a handful of advanced countries (e.g. US, Germany, Japan, United 
Kingdom) account for the majority of the world’s creation of new technologies measured by 
number of patents granted to inventors (Keller, 2004; Lanjouw and Mody, 1996; Coe, Helpman 
and Hoffmaister, 1997; Rizzi, van Eck and Frey, 2014; Popp, 2014). 

For most countries, foreign sources of technology account for 90 percent or more of 
domestic productivity growth (Keller, 2004). Multi-national corporations spent most of their 
R&D funds in advanced nations (Worrell et al., 2001; Siedschlag et al., 2013). This pattern has 
remained consistent over the past two decades but recent empirical research also shows that 
emerging nations are beginning to capture more R&D funds from multinational companies 
(Siedschlag et al., 2013). R&D investments in advanced nations are found to be important for 
emerging nations due to R&D spillovers. For instance, a one percent increase in the R&D 
intensity of the United States raises total factor productivity on average for its trade partners by 
about 0.03 percent. A similar increase in R&D intensity in Japan, Germany, France and the 
United Kingdom raises total factor productivity in emerging nations by 0.004 to 0.008 percent. 
Comin, Hobijn and Rovito (2006) use a database of the diffusion of 155 technologies across 150 
countries, covering the last 200 years. Their analysis shows that technologically advanced 
nations like the U.S. have historically led the usage of modern technologies like telephones, cars, 
electricity, modern agriculture and aviation. Moreover, the adoption lags between technology 
leaders and followers tends to be measurably large. For instance, the level of phones per capita in 
the U.S. in 1910 was reached by France 45 years later, by South Africa 55 years later, by Brazil 
65 years later, by China more than 80 years later, and by India 90 years later. In the case of 
Tanzania, this country has fewer phones per capita today than the U.S. did in 1910. In summary, 
it appears that these findings provide further backing to the assumption that new technologies are 
primarily developed by advanced nations and that these are later adopted in emerging countries.  
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Several of the theoretical frameworks described in Table 2.1 argue that local capacities, 
policies and endowments influence the rate at which countries can absorb more advanced foreign 
technologies. The empirical studies listed in Table 2.2 show indications that this assertion is 
reasonable. For instance, regarding the role of local capacities and endowments, Blackman and 
Kildegaard (2010), in a survey study on the adoption of environmentally clean leather tanning 
technologies in Mexico, find that human capital and technical sophistication play an important 
role in influencing the adoption of clean technologies. Interestingly, they find that firm size and 
regulatory environments are not strongly correlated with adoption.  Coe, Helpman and 
Hoffmaister (2009) find that institutional factors such as the ease of doing business, the quality 
of tertiary education systems and the degree of patent protection in emerging nations are 
important determinants of the degree to which emerging nations can effectively use R&D 
spillovers from trading with advanced nations with high levels of R&D activity. Coe, Helpman 
and Hoffmaister (1997) show that emerging nations that engage in trade with advanced nations 
with intense R&D activity are able to adopt advanced technologies faster if they too invest in 
R&D. They argue that emerging nations’ R&D investments reduce the costs of acquiring useful 
information for the adoption of advanced technologies. Regarding the role of local policies and 
institutions,Popp (2006a) studies the diffusion of air pollution control technologies across the 
U.S., Japan and Germany. He finds that clean technologies from advanced countries are not 
transferred directly to other nations, but rather indirectly. His results show that other nations 
adopt clean technologies created in advanced nations through the implementation of similar 
environmental regulations but also through local R&D investments that help these countries 
adapt these innovations to their local markets. Coe, Helpman and Hoffmaister (2009) show that 
institutional differences among countries are important determinants of total factor productivity 
and of the degree of R&D spillovers across countries. They find that country characteristics such 
as the ease of doing business, the quality of advanced education and adequate patent protection 
tend to be positively associated with stronger returns to local R&D and higher R&D spillovers. 
Comin and Hobijn (2004) find that country’s per capita income, human capital endowment, type 
of government, degree of openness to trade, and adoption of predecessor technologies are 
positively associated with the speed of adoption of foreign technologies.  

The theoretical models listed in Table 2.1 argue that technological convergence across 
regions is possible, but only under very specific circumstances of R&D intensity and local 
capacities. Recent empirical work has made the monumental effort of collecting historical 
technology diffusion datasets that cover long periods of time, multiple countries and multiple 
technologies. These studies offer evidence that technological convergence occurs across 
countries. The data shows that this a lengthy process, but it also shows that this process is 
accelerating (Comin and Hobijn, 2009; Grübler, Nakićenović and Victor, 1999). Using a 
comprehensive data set of this type, the econometric analysis of Comin, Hobijn and Rovito 
(2006) and Comin and Hobijn (2010) show that technology convergence across countries is 



27 
 

common, but this can take a considerable amount of time. In the sample of technologies studied 
by the authors, they find that it takes on average 45 years for one technology to be fully diffused 
internationally. However, there is ample variation across countries and technologies. For 
example, in the case of steam and motor ships, after 123 years, only 50% of the 150 countries 
considered in their sample had adopted this technology. The authors assert that there is absolute 
convergence in 91 percent of the 155 technologies they considered and that the average speed of 
convergence is 3.7 percent per year. Importantly, they find evidence that the speed of 
technological convergence across countries has accelerated over time, and that newer 
technologies tend to diffuse faster than older technologies. Their conjecture is that this process is 
associated with the convergence of some of the key determinants of technology adoption, such as 
institutions, science and technology capacities, and adoption of previous technologies. However, 
they emphasize that more empirical research is needed to corroborate this.  Grübler, Nakićenović 
and Victor (1999) use a similar dataset that focuses specifically on energy technologies. Their 
analysis also supports the idea that worldwide there are energy technology leaders and followers 
and that countries eventually converge on the usage of energy technologies. Similarly to Comin, 
Hobijn and Rovito (2006) they find that laggard countries seem to adopt energy technologies 
faster than the technology leaders, but the time required for global diffusion of energy 
technologies is quite considerable, ranging from 50 to 100 years.  

Finally, the empirical evidence also suggests that the time required for full international 
technological diffusion ranges widely across technological sectors. This may be an indication 
that not only country-specific institutional and economic factors play a role in facilitating 
diffusion, but also the technological characteristics inherent to each technological sector. In this 
respect Grübler, Nakićenović and Victor (1999) argue that new technologies co-evolve with 
other technologies and infrastructures.  Some technologies integrate better than others with the 
existing technological base in a country. Also they find that the degree of substitutability 
between incumbent and new technologies determines importantly the speed of diffusion. They 
also present evidence that the rate of improvement of technologies diminishes as technologies 
become more mature concepts. Comin and Hobijn (2010) also take into account the variation in 
diffusion rates across technology sectors. They find that 53 percent of the variance in diffusion 
rates in their sample is explained by variation across technologies, 18 percent by cross-country 
variation, and 11 percent by the covariance between the two. The fact that such a large share of 
the variance is explained by technologies themselves may be an indication that the specific 
technological properties of different technology sectors and its relation with existing 
infrastructures and policies play an important role in shaping international technological change 
patterns.   
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II.4 Open Questions Associated with International Technological Change  

It is evident that tremendous progress has been made in the study of international technological 
change and in understanding its implications for the economy and the environment. However, 
this progress in the field has also shown that there are many other aspects of this phenomenon 
that remain ill understood.  

Most of the research on technological change has centered on understanding this process 
in advanced nations; much work seems to remain to understand how technological change occurs 
in developing nations (Popp, Newell and Jaffe, 2010). The theoretical frameworks and empirical 
studies discussed previously argue that countries have an absorptive capacity of foreign 
technologies. Yet, more research is needed to describe more accurately the concept of absorptive 
capacity. For example, empirical studies consider a wide range of local factors as proxies for 
countries’ absorptive capacity (e.g. regulatory environment, quality of education, R&D intensity) 
but it seems that a more coherent concept of absorptive capacity is still needed. In the same vein, 
there is still much work ahead to determine what institutional conditions and policies must be 
place in developing countries to adopt modern environmental technologies (Popp, Newell and 
Jaffe, 2010). The variation of diffusion rates across technological sectors may indicate that there 
is a specific relation between technologies’ characteristics and the required absorptive capacity 
for their adoption. Moreover, it is still necessary to better understand to which extent developing 
countries need to adapt foreign technologies to their local needs and to which extent imports of 
advanced technologies improve their environment and create new economic opportunities (Popp, 
Newell and Jaffe, 2010). 

More comprehensive theoretical frameworks to represent technological change in 
developing countries are also required. Currently, the majority of models assume that developing 
countries import, adapt or imitate more advanced foreign technologies. Historical data appears to 
support this assumption, but it is also feasible to assume that in the long run some countries will 
join the ranks of the advanced technological leaders. Studying under which conditions this can 
happen will certainly complement the existing frameworks of international technological change.  

There is still ample room for discussion in the literature on the mechanisms that can 
explain different technological patterns and on the identification of the channels by which 
technologies diffuse internationally. This is relevant for the context of climate change because it 
creates uncertainty regarding the effectiveness of different policy mechanisms to help diffuse 
clean technologies globally.  For instance,  Comin and Hobijn (2010) show that the familiar S-
shape logistic diffusion pattern found in micro-focused studies of technological change does not 
hold in the context of cross-country technology diffusion. Although, this finding is derived in 
part because they measure diffusion of technologies across countries in their intensive margins 
(i.e. the intensity by which a technology is used) versus using the traditional extensive margin 



29 
 

(i.e. the extent of people using in any level a particular technology), this type of findings suggest 
that there are still mechanism of technologies diffusion that may be added to the existing 
theoretical frameworks.  

Keller (2004) concludes that empirical data on international technological change is 
fragmented and inconclusive. Specifically, he argues that although international trade is believed 
to be an important channel of technology diffusion, the evidence shows that learning by 
exporting is not an important force in diffusion. With respect to foreign direct investment (FDI) 
spillovers, the evidence shows that there is important variation across countries.  Rosendahl 
(2004) argues that it is still not known whether knowledge spillovers have an important role in 
inducing technological change or not. Di Maria and Van der Werf (2008) and Acemoglu et al. 
(2012) argue that with the available data today it is difficult to estimate accurately the elasticity 
of substitution between clean and carbon intensive sectors which leads to uncertainty about the 
difficulty and the cost of successfully directing technological change towards clean technologies. 
They believe that building models that can be calibrated with such data remains one of the most 
formidable challenges for future research in the field. Finally, in terms of policy evaluation, 
Popp, Newell and Jaffe (2010) state that there is still little research that evaluates the 
effectiveness of policies such as R&D subsidies and technology subsidies in the context of 
climate change.  

Finally, the incorporation of technological uncertainty in studies of international 
technological change remains an ongoing challenge for the field, especially for those studies 
concern with future scenarios of technological change (Bosetti and Tavoni, 2009). In 
technological systems, the inherent uncertainty of any natural system is exacerbated by the 
unpredictable nature of human behavior and social systems because both systems are intimately 
intertwined. Societies put in place incentives and institutions that direct innovative activity to 
particular sectors, which in turn creates new technologies that have profound effects on societies 
themselves. For instance, in the context of climate change, given the huge uncertainty associated 
with the impacts of climate change and the difficulties of anticipating the magnitude of the 
policy response, it is extremely difficult to anticipate the stream of R&D investments towards 
clean technologies (Popp, Newell and Jaffe, 2010). Moreover, even if all policies are in placed to 
support the development and the international diffusion of clean energy technologies, there still 
remains the fact that it is not feasible to anticipate accurately the degree of success of R&D 
programs in clean technologies, and the links that may develop across futures technologies 
(Baker and Adu-Bonnah, 2008; Golombek and Hoel, 2004; Bosetti and Tavoni, 2009). 
Developing the appropriate theoretical frameworks and empirical tools to formally incorporate 
these sources of uncertainty in studies of future international technological change is an ongoing 
challenge for the field.  
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II.5 Summary 

The discussion presented in this chapter shows that the theoretical studies of international 
technological change describe this as a two phase process. First new technologies are developed 
in technologically advanced countries (Di Maria and Smulders, 2004; Fisher-Vanden and Ho, 
2010). Second, new technologies are diffused internationally to less technologically advanced 
countries (Keller, 1996; Keller, 2004; Di Maria and Smulders, 2004). Within a region, 
technological change is a process that results out of the investment decisions of technology 
entrepreneurs and the adoption decisions of consumers. The process occurs endogenously in a 
closed feedback loop because the technological environment, as well as the economic and 
institutional context influence the decision making process of entrepreneurs and consumers. In 
turn, the decisions of entrepreneurs and consumers change the technological and economic 
landscape (Acemoglu et al., 2012; Popp, 2004; Howitt, 2000; Rosendahl, 2004). Across regions, 
technological change is driven by the flow of new technologies through trade, foreign direct 
investments and R&D spillovers (Di Maria and Smulders, 2004; Keller, 2004).  

Recent empirical evidence of international technological change shows that some of the 
key features proposed by theoretical models are in accordance with the findings of empirical 
studies. For instance, existing data shows that worldwide only a handful of advanced countries 
(e.g. US, Germany, Japan, United Kingdom) account for the majority of the world’s creation of 
new technologies and environmentally focused innovative activity (Keller, 2004; Lanjouw and 
Mody, 1996; Coe, Helpman and Hoffmaister, 1997). These studies also indicate that emerging 
nations’ local capacities, policies and endowments influence the rate at which they can absorb 
more advanced foreign technologies (Blackman and Kildegaard, 2010; Coe, Helpman and 
Hoffmaister, 1997; Coe, Helpman and Hoffmaister, 2009; Popp, 2006b; Popp, 2006a; Comin and 
Hobijn, 2004). Also evidence is found that shows that technological convergence across regions 
is possible, but only under very specific circumstances of R&D intensity and local capacities. 
Comin and Hobijn (2010) show that technology convergence across countries is common, but 
this can take a considerable amount of time. In the sample of technologies studied by the authors, 
they find that it takes on average 45 years for one technology to be fully diffused internationally. 
However, there is ample variation across countries and technologies. The empirical evidence also 
suggests that the time required for full international technological diffusion ranges widely across 
technological sectors, which may be an indication that not only country specific institutional and 
economic factors play a role in facilitating diffusion, but also the technological characteristic 
inherent to each technological sector. Yet, despite the remarkable progress in the field, there are 
many other aspects of international technological change that remain ill understood. In particular, 
it is important to continue improving our understanding of technological change in emerging 
nations and the relevance of developing theoretical frameworks and empirical tools that 
incorporate deep uncertainty in studies of future international technological change.  
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CHAPTER III 

An Exploratory Dynamic Integrated Assessment Model (EDIAM) 
for Analyzing International Environmental Technological Change 
and Climate Policy 
 

III.1 Model’s Objective 

The objective of this model is to support quantitative exploratory analysis of different 
cooperation schemes associated with the architecture of the GCF. The model focuses primarily 
on the technological evolution of both advanced and emerging nations and on the effects that 
policy intervention has on climate change mitigation and on economic growth. Thus, the model 
is useful as an assessment tool that can be used to study tradeoffs faced by the two regions in 
supporting the type of policies embodied in the GCF. In the context of an RDM study, the model 
works as the scenario generator that supports the analytical task of understanding under which 
conditions different architectures of the GCF meet the objective of inducing international 
environmental technological change and successfully stabilizing greenhouse gas emissions.  

The model’s design philosophy follows four principles, namely that: 1) its size and detail 
result in computational requirements that make it feasible to simulate an ample space of 
technological, economic and climate scenarios, 2) its structure allows for tractability and reflects 
insights from previous theoretical and empirical studies, 3) its functionality allows the study of 
various different policy architectures, and 4) it is calibrated using a full ensemble of Coupled 
Model Intercomparison Project Phase 5 (CMIP5) climate projections, which are also used in the 
IPPC’s assessment studies. 

The model borrows heavily from previous empirical studies, primarily from Acemoglu et 
al. (2012), and in a smaller degree from Dasgupta and Stiglitz (1980) Keller (1996), Aghion and 
Howitt (1998) , Di Maria and Smulders (2004) and  Bosetti et al. (2006). Therefore, the model’s 
objective is not to put forward new theoretical ideas about international technological change; 
rather it uses previous well known and peer-reviewed research studies as its structural 
foundation. The principal innovation lies in its use as an RDM scenario generator.  

The model’s structure and principles follow closely the insights of endogenous growth 
theory (Aghion and Howitt, 1998) and directed technological change (Acemoglu, 2002). It 
differs from traditional modeling studies in this field in the way that policy intervention is 
considered. In this model, policy intervention is modeled as a perturbation that is active during a 
limited period of time subject to a budget constraint and to specific policy regime constraints. I 
attempt also to provide a more detailed description of the technological properties of competing 
technological systems. Although this characterization is still generic and exploratory, because of 
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the technological focus of my study this model attempts to follow the example set by recent 
modeling studies in which technological disaggregation is incorporated more seriously into 
climate assessment studies. A prime example of this type of technological and geographic 
disaggregation is the model WITCH (World Induced Technical Change Model) developed by 
Bosetti et al. (2006).  

In Section III.2 of this chapter I describe in detail the structure of the model. I focus 
primarily on describing the decision-making process of the different agents considered in the two 
regions and on how technological and climate change affect the decisions of economic agents 
and the desirability of policy intervention. In Section III.3, I conduct a series of empirical 
validation exercises to test the behavior of the model against historic trends and against previous 
empirical studies. The results of this validation exercise show that although the model provides a 
more simple dynamic behavior, it successfully captures historical patterns of energy use in 
advanced and emerging nations, and reproduces patterns reported by relevant empirical studies 
in this field.  

III.2 Modeling Framework  

The model provides an abstract and simplified representation of the multi-county context in 
which directed international technological change takes place. Therefore, the objective of this 
model is not to represent specific countries’ contexts or to be used for forecasting exercises. 
Rather, this model has been developed to carry out quantitative exploratory analysis of the long-

term diffusion of sustainable energy technologies (SETs)5 and to analyze the performance of 

different architectures for cooperation between advanced and emerging nations. 

The model focuses primarily in three areas: 1) the innovation ties that exist between 
regions, 2) the regional processes that contribute to shaping the international diffusion paths of 
SETs and 3) the effectiveness of policy coordination across regions in stabilizing global CO2 
emissions. The following sections describe the main elements of the model. 

III.2.1 Climate Change Dynamics 

The model depicts a global economy consisting of two generic regions: a technologically 
advanced region and an emerging region that is less technologically advanced. The production of 
energy in both regions is done using a mix of two different primary energy supplies: fossil 

                                                            
5 In this study Sustainable Energy Technologies (SETs) group all energy technologies used for primary energy 
production which exploit energy resources that do not result in greenhouse gas emissions. Examples of these 
technologies include: photovoltaic solar panels, solar thermal energy systems, wind turbines, marine current 
turbines, tidal power technologies, nuclear energy technologies, geothermal energy technologies, hydropower 
technologies and very low life cycle GHG biomass. This group of technologies does not include carbon removal and 
sequestration technologies from power plant emissions such as carbon capture and storage (CCS). 
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energy “Yfe” and sustainable energy6 “Yse”. The use of fossil energy in both regions contributes 
to the degradation of the environment, according to the following expression:  

                                     (e1) 

where S denotes the quality of the environment, ξ represent the marginal environmental damage 
per unit of fossil energy used in both regions, δ represents the average rate of natural 
environmental regeneration and the upper index denotes the two different regions: the Advanced 
Region (A) and the Emerging Region (E).   

CO2 emissions are a function of the quality of the environment, following:  

| . 	                                                 (e2) 

In equation (e2), the term | . 	  denotes the level of CO2 emissions that will result in 

temperature rise of 6.0°C with respect to pre-industrial levels. The model is not defined beyond 
this limit of temperature rise because such level of temperature rise will result in abrupt and 
irreversible changes to the global climate system, including events such as: the ice sheet collapse, 
permafrost carbon release and methane hydrate release (IPCC, 2013a).  

Temperature rise is modeled using a logarithmic function with the form:  

β ∗
,

                                                         (e3) 

Where ,  denotes the initial level of CO2 concentration in the atmosphere at the beginning of 

the 20th century.  

III.2.2 Economic Agents’ Decisions 

Within each region, the mix used for energy production is the result of the interaction of the 
decisions of different agents in the economy. The following paragraphs describe in detail the 
decision-making process of the different economic agents considered in this model.  

 

                                                            
6 Sustainable primary energy refers to all energy forms which their conversion does not result in direct GHG 
emissions to the atmosphere. These includes: solar energy, wind energy, tidal energy, marine currents energy, 
geothermal energy, hydro energy and nuclear energy (i.e. uranium). Note each of these energy sources is associated 
to other specific environmental impacts besides GHG emissions. Then the concept “Sustainable Energy” used in this 
monograph considers only GHG emissions and no other environmental impacts which are also important. However, 
in this study their consideration is outside of the research scope.  
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Secondary energy producers 

It is assumed that within each region, there are numerous agents that produce secondary energy 
with free entry and exist into this market. Therefore, I assume secondary energy is produced 
competitively.  

Secondary energy producers use two types of primary energy for the production of 
secondary energy “Y”: fossil energy “Yfe” and sustainable energy “Yse”. These agents decide 
how much of these two sources they require in order to meet their production constraints and 
also maximize profits. This decision problem is described by the following maximization 
problem: 

, , 			 	          (e4) 

s.t. 

                                      (e5) 

, , , 	 , , 0   

0 

where ε is the elasticity of substitution between the two sectors and k is an index denoting each 

region, such that k ϵ [A,E]7.  Y t ,	Y t  and Y t  denote the level of production of secondary 

energy, primary sustainable energy and primary fossil energy, in region k, at time t, respectively.  

Similarly, 	p , p  and p  denote the price of secondary energy, sustainable energy and fossil 

energy, in region k, at time t, respectively.  For the remainder of the discussion the time notation 
will be omitted, but it should be understood that all variables are a function of time, unless 
otherwise indicated. 

Note that equation (e5) assumes secondary energy production in both regions can be 
modelled as a CES aggregate of the two primary energy sources: fossil energy and sustainable 
energy. This is a common representation of aggregate production in endogenous technological 
change models; see for example Di Maria and Smulders (2004), Bosetti et al. (2006) and 

                                                            
7 A: Advanced Region, E: Emerging Region 
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Acemoglu et al. (2012) for technological change studies using the same specification in the 
context of climate change.  

Primary energy producers  

There are two types of primary energy suppliers: producers of sustainable energy and producers 
of fossil energy. These agents use labor and an infinite number of sector-specific technologies 
for energy production according to the aggregate production function (Acemoglu, 2002):  

                                            (e6) 

Where  represents the labor used in sector “j” ϵ {renewable energy, fossil energy},  is the 

productivity of technology of type “i” used in sector “j”, and  is number of units of technology 

type “i” in sector “j” used in production, for region “k”. 

In this model, relative labor allocations are a proxy for the relative energy market size of 
each primary energy sector. Therefore,   

                                                        (e7) 

In line with endogenous growth theory and in the same fashion as Aghion and Howitt 

(1998);pp 447), I assume that the stock of labor grows at an exogenous rate , such that:  

                                                           (e8) 

where  denotes labor supply as a function of time,  represents the initial labor supply and 

 is the rate of growth of the labor supply in region “k”. Furthermore, in order to differentiate 

both regions. I assume that initially labor supply in the emerging region is higher that the 
available labor supply in the advanced region, such that:   

                                                                (e9) 

Formally, primary energy suppliers decide the combination of labor and technology units 
needed for production such that these maximize their profits and meet their regional labor and 
production constraints. Therefore, they face the following maximization problem:  

, 		                              (e10) 
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. . 

	 

 

where  represents the price of input “j”, represents the production level of input “j”, “wk” 

denotes wages,	  denotes the price of technology “i” in sector “j”, all in region “k”. In the 

following sections the region notation will be omitted, unless differences among the two regions 
need to be explained in more detail. However, it should be understood that all variables are 
associated with one of the two regions. 

Producers and distributors of technologies  

In line with the framework of endogenous technical change, technologies for both sectors are 
supplied by monopolistically competitive firms. Once technology entrepreneurs successfully 
develop a new technology, they obtain monopoly rights over their invention for a fixed period of 
time. These agents decide the number of technology units they need to manufacture in order to 
maximize profits. Formally:  

, 		                                          (e11) 

where  denotes the unitary cost of production for technology type “i” in sector “j”.  

Technology entrepreneurs 

Technology entrepreneurs work on improving the technologies used for primary energy 
production by making R&D investments. They decide which sector to target by comparing the 
expected profits of investing R&D funds in the development and improvement of energy 
technologies in both sectors. Technology entrepreneurs work on either one of the technology 
sectors, supporting primary energy production, such that:   

1                                                          (e12) 

where  and  denote the share of entrepreneurs working in R&D of technologies in the 

sustainable energy sector and in the fossil energy sector, respectively. Each entrepreneur decides 
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first whether to work on the sustainable energy sector “ ” or in the fossil energy sector “ ”, 

then she targets a single technological innovation in the chosen sector. Thus, no more than one 
entrepreneur (i.e. firm or start-up company) works in the same technological innovation 
(Acemoglu et al., 2012).    

I model this decision making process using a nominal logic model. Under this 
framework, I assume that the utility of working in sector “j” for each entrepreneur “z” is given 
by:   

                                                 (e13) 

where  is a deterministic utility component, depending on attributes  of investing R&D 

resources in sector “j” and  is an independent and identically distributed unobserved stochastic 

component associated with the preferences of each entrepreneur “z”. Furthermore, for simplicity 
I assume that:  

                                               (e14) 

such that  is the expected profitability of investing in sector “j” at any period in time. Under 

these assumptions and given utility-maximization behavior (Achtnicht, Bühler and Hermeling, 

2012; Train Kenneth, 2003), then , the share of entrepreneurs deciding to invest in sector 

“j” at time “t” takes the closed form:   

∑
                                         (e15)  

Then the average expected profitability of working in each sector is given by: 

	                                               (e16) 

where  denotes the innovation propensity of sector “j”. This is the probability of successfully 

developing and commercializing a new technology in sector “j”. 

Consumers 

Finally, in the same fashion as Di Maria and Smulders (2004) and Acemoglu et al. (2012) I 
assume a representative consumer, facing the following maximization problem:  
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  	∑ ,                                      (e17) 

s.t.  

                                                  (e18) 

where  denotes consumers’ discount rate,  represents consumption,  investment in 

technologies and  is the production of secondary energy. This expression states that 
consumption and investment in technologies are the only two possible uses of the final good (i.e. 
secondary energy) 

For operationalizing  the utility function, I use the same constant relative risk aversion 
(CRRA) utility function as in Acemoglu et al. (2012), such that:  

,                                              (e19) 

Equation (e19) assumes that consumer’s utility is a function of both consumption and the 
quality of the environment. The parameter σ is the inverse of the intertemporal elasticity of 
substitution. Using the same functional form as Acemoglu et al. (2012), I also parametrize the 
quality of the environment as:  

               (e20) 

where  results of combining equations (e2) and (e3), representing the increase in average 

surface global temperature since pre-industrial times for a given level of quality of the 

environment (i.e. CO2 emissions), and  is a parameter that controls how quickly the quality of 
the environment decreases as CO2 emissions rise. 

III.2.3 Technological Change Dynamics 

Technological change is of vital importance for both regions because the continuous 
improvement of technologies used for primary energy production leads to higher production of 
secondary energy and to lower energy prices. More importantly, technological changes ripple 
through the economy affecting the decisions of the different economic agents.   
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This section describes the form in which technological change takes place and the 
relevant important technological characteristics that determine its pace across the different 
sectors. I also discuss the major differences in the model between the advanced and the emerging 
region. 

Technological competition 

The model considers two competing technological sectors: sustainable energy technologies 
(SETs) and fossil energy technologies (FETs).  Each technology sector supports one of the two 
primary energy sectors: SETs support the production of sustainable energy and FETs support the 
production of fossil energy.  

These technological sectors compete against each other in two fields: competition exists 
in terms of the share of secondary energy that is being produced using one of the two 
technological sectors; competition also exists in terms of the share of research and development 
resources that each technological sector receives from technology entrepreneurs.  

In the initial state of the system, I assume that FETs are more productive technologies 
(i.e. higher energy output in MWh per unit of installed capacity in MW) than SETs, such that:   

, ≫ ,                                                           (e21) 

As a result, initially, fossil energy technologies are more widely used in the production of 
secondary energy. This incentivizes a greater share of technology entrepreneurs to work on the 
research and development of these technologies. In contrast, due to the initial low productivity of 
sustainable energy technologies, less renewable energy is produced and fewer research and 
development resources are directed towards improving these technologies.  

Technological options 

In line with the theory of  “Directed Technological Change” (Acemoglu, 2002) each primary 
energy sector in the model considers an abstract continuum of technological options that can be 
used to support the production of primary energy. This generality in the model is fundamental for 
this exploratory study because it centers the analysis on the technological evolution of each 
primary energy sector as a whole, rather than in the technological evolution of a specific set of 
technological options. At the same time, it portrays a technological system that conceptually 
considers innovation not only on key technologies such as photovoltaic cells and wind turbines, 
but on all technologies that could potentially increase the productivity of sustainable energy 
technologies. For instance, technological developments in sectors such as: information 
technologies, remote control technologies and materials sciences can also be fundamental for the 
future of sustainable energy technologies (Baker, 2008; Jacobsson and Johnson, 2000). In fact, 
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this portrait of technological change resembles recent theoretical development in the field of 
technological evolution. Arthur (2009) argues that technological evolution is driven not only by 
incremental improvements within the same technological family, but also by the recombination 
with other technological fields. For example, during the first part of the 20th century, the internal 
combustion engine was improved markedly by the introduction of new mechanical designs such 
as Daimler’s two cylinders four-stroke engine. Today, the internal combustion engine continues 
to be re-designed and improved combining innovations from other technological fields (e.g. 
engine modeling and reactivity controlled compression ignition)(Reitz, 2013).   

Using the same assumption as in Acemoglu et al. (2012), the productivity of each 
primary energy sector is described by averaging the productivity of all the technologies used for 
energy production, as described by:  

≡                                                    (e22) 

where,  is the average productivity of sector “j” in region “k”, and  denotes the productivity 

of individual technologies “i” in sector “j” in region “k”.  

Resource driven change and regional differences 

In both regions the decisions of technology entrepreneurs are fundamental to push the 
technological frontier forward. Entrepreneurs invest in the research and development of the two 
technological sectors, increasing the productivity of technologies.  

In the advanced region, entrepreneurs developed new and more productive technologies 
for production of primary energy. This evolution of productivity through the incorporation of 
new technologies in the advanced region is described by the following differential equation:  

	                                           (e23) 

where   is the rate of productivity change in sector “j”,  denotes the share of entrepreneurs 

working in sector “j” and  denotes the current productivity of sector “j” at time “t”. 

Parameters  and  describe the technological characteristics of each primary energy sector.  

The parameter  denotes the average R&D returns to productivity in sector “j”; this is the 

average positive change in productivity in sector “j” resulting by the development of new 

technologies. The parameter  denotes the innovation propensity of sector “j”: this is the 

probability of developing and successfully commercializing new technologies that increase the 
overall productivity of sector “j” technologies.  
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Equation (e23) implies that entrepreneurs in the advanced region use previous technologies to 
develop new technologies, an incremental pattern of change commonly defined in the literature 
as “building on the shoulders of giants” (Acemoglu, 2002; Arthur, 2009).  

In the emerging region, technology entrepreneurs also innovate, but their efforts are targeted 
towards imitating the existing technologies in advanced region. This process is described by the 
following expression:  

                               (e24) 

where  denotes the probability of successfully imitating/adapting (i.e. transferability) the 

technologies of sector “j” developed in the advanced region.  This implies that entrepreneurs in 
the advanced region push the technological frontier forward, while the innovative activity in the 

emerging region is focused on closing the technological gap (i.e. ) through 

imitation and adaptation of foreign technologies.  

I also assume that initially the technologies used in the advanced region are more 
productive than the technologies used in the emerging region, such that: 

, ,                                                           (e25) 

Similarly to the framework of Dasgupta and Stiglitz (1980), the returns to R&D ( ) are a 

function of the existing productivity in each region and they display diminishing returns such 

that 0 and 0 according to the following expression:  

,                                                    (e26) 

This indicates that as the productivity of a given technological sector increases, then the 
returns to R&D in that sector decrease. This implies that for mature technological sectors, the 
returns of R&D in productivity gains are smaller compared to immature technological sectors. 
This captures the notion that in mature technological sectors, innovative activity focuses 
primarily on achieving incremental improvements over the defined technological standards. In 
contrast, in immature technological sectors, as technological standards have not yet been well 
defined, initially innovative activity focuses both in radical and incremental innovations that 
increase more sharply the productivity of technologies.   
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This does not imply that the overall productivity of immature technological sectors grows 
at a faster rate than the productivity of mature technological sectors. As described in equation 
(e23), the sectorial rate of growth in productivity depends also on the share of entrepreneurs 
doing R&D. For mature technologies that capture large shares of R&D investments, even though 
R&D returns might be smaller than the R&D returns from immature technologies, in as much as 
a bigger share of entrepreneurs work on mature technologies’ R&D, then it is possible than the 
productivity of mature technologies grows at a faster rate than the productivity of immature 
technologies. In subsequent chapters, this case is reviewed in more detail for the case of 
sustainable energy technologies (i.e. immature technologies) and fossil energy technologies (i.e. 
mature technologies).   

The parameter ωj ⋲ 0,1 	 in the exponential equation (e26) represents R&D returns 

decay rate of sector “j”, which is also an important characteristic of the technological sectors 

considered in this model. The parameter " " controls how rapidly the R&D returns decrease as 

the overall productivity of a sector increases: the higher the value of this parameter, the quicker 
the decay of the R&D returns. For instance, a low decay rates represents a case in which 
entrepreneurs are assumed to always be able to developed new technologies that improve 
markedly the productivity of the sector, which portrays a vibrant technological sector in which 
there are ample technical problems that need to be solved and in which entrepreneurs are capable 
of solving them. In contrast, a high decay rate describes a sector in which new technologies 
quickly stop providing marked improvements in productivity, which is perhaps the result of a 
lack of major technical problems to be solved or the inability of entrepreneurs to solve these 
problems. 

Initially, I assumed that there are not decay rate differences among the technological 
sectors considered, and that both technological sectors are equally mature.  

=0                                                   (e27) 

Experience-driven change 

Similar to Bosetti et al. (2006), the model also considers the effect of the accumulation of 
experience in the two technological sectors. In this case, as more energy technology units are 
installed in both regions, the average cost of producing these technologies reduces. This is 
modeled using the following power-law function:   

, 	                                          (e28) 
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where  represents the average production costs of technologies in sector “j” at time “t”, ,  

stands for the initial costs of producing technologies in sector “j”.  and  represent the 

accumulated number of technologies used in each sector “j” in the advanced and emerging 

regions. The parameter  controls the rate at which experience leads to cost reductions in 
technologies. Similarly, initially I assume that there are no differences among technological 
sectors, such that:  

0                                                            (e29)  

The expressions described in this section depict an incremental technological change 
process that depends on the economic decisions and actions of entrepreneurs in each region, and 
on the inherent technological characteristics of the two competing technological sectors.  

Considering separately the technological characteristics of each sector is important for 
this exploratory analysis because, from a technological perspective, the two sectors are 
profoundly different. I argue that fossil energy technologies are more mature technologies than 
sustainable energy technologies. For example, gas turbines were first introduced commercially at 
the beginning of the 20th century, since then, substantial progress has been made on this 
technology; not only on defining well established technological paradigms, but also on devising 
the adequate firm structure needed to develop and commercialize this technology. Although 
innovation on this technology sector continues to improve the productivity of these technologies, 
these efforts are well aligned with the already established technological solutions, and therefore 
technological surprises are less expected.  

In contrast, sustainable energy technologies are less mature technological systems in 
which it is difficult to assess whether or not an established technological paradigm has been 
reached yet.  Although there are already a few firms that have experienced great success in 
developing sustainable energy technologies, it is still uncertain whether these firms have found 
the right balance between entrepreneurship and commercial pragmatism. As a result, innovation 
in sustainable energy technologies is more prone to surprises.  

III.2.4 Regional Policy Instruments and International Cooperation 

This section describes the policies that can be implemented in each region to incentivize the 
development of SETs and to increase their use in the production of secondary energy.  

From a technological perspective, these policies fall into two categories. Technological 
push policies increase the rate of innovation in the SETs sector, thus accelerating the 
introduction of better and more productive SETs into the energy market. Technological pull 
policies incentivize secondary energy producers to increase the share of sustainable energy being 
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used in secondary energy production, and also incentivize primary energy producers to use more 
SETs in primary energy production by reducing the costs of these technologies, 

International cooperation (i.e. Green Climate Fund) is modeled through mixing elements 
of these two types of policies in both regions, and by assuming that the international policy 
portfolio is funded by both regions.    

Subsidies for research and development 

R&D subsides are part of the “technological push” policies. These subsidies are used to 
incentivize a greater share of entrepreneurs to work on the sustainable energy technologies 
sector. Formally, these subsidies are modelled as a markup over the profits of entrepreneurs 
working in SETs, such that:  

	 , 1 	 , , ,                                  (e30) 

where "q " ⋲ 0,∞ 	 denotes the subsidy rate. These subsidies increase the expected profits of 

conducting research in the SETs sector. This, as described by equation (e15), results into a higher 

share of entrepreneurs   working in the development of sustainable energy technologies.  

Price subsidies for clean energy technologies 

Sustainable energy technologies subsidies reduce the market price of these technologies which 
increases the demand for SETs in primary energy production. This effectively affects the 
decision making process of primary energy producers by reducing the costs of using sustainable 
energy technologies in production, thus increasing the demand for SETs and also decreasing the 
market price of sustainable energy. Formally, this subsidy is modeled as follows:  

, , 1 ,                                       (e31) 

where tset ⋲ 0,1 	 denotes the price subsidy rate for these technologies.  

Taxation on the use of fossil energy 

Taxation of fossil energy increases the cost of using fossil energy for secondary energy 
production, such that:  

, ∗ 1                                                (e32) 
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where ⋲ 0,∞ . As a result this tax incentivizes secondary energy producers to use more 

sustainable energy for secondary energy production. 

Green Climate Fund 

The Green Climate Fund (GCF) is a multi-lateral financial institution funded by contributions of 
both advanced and emerging nations. The GCF will provide financing in the form of grants and 
concessional lending to implement mitigation and/or adaptation projects in emerging nations 
(van Kerkhoff et al., 2011). The focus areas and architecture of the GCF remain under heated 
discussion in part because of disagreements between advanced and emerging nations regarding 
how to best channel the funds of the GCF into emerging nations(Schalatek, Nakhooda and Bird, 
2012; Cui et al., 2014). Funds from the GCF can be directed towards facilitating the 
implementation of sustainable energy technologies in emerging nations by means of co-funding 
of technological projects, or by means of facilitating the transfer of advanced energy 
technologies to emerging nations. I model this policy as a complement to the local technology 
subsidy in the emerging region, such that in the emerging region, once the GCF is implemented, 
the price of SETs is given by:  

, , 1 , 		                              (e33) 

0	; 	 0	
0;		 0		 

note that under this specification, for the GCF to work it is necessary that a local technology 
subsidy exists in the emerging region as well, capturing the fact that this policy is co-funded by 
both regions.  

Another focus area for the GCF is the co-funding of R&D programs and the development 
of local technical capacities that can facilitate the diffusion, adaptation and implementation of 
SETs in emerging nations. I model this also as a complement to the local R&D subsidy in the 
emerging region: 

	 , 1 	 , , , 	                    (e34) 

0	; 	 0	
0;		 0	 
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Similarly to the case of technology subsidies, under this framework, the share of the 
R&D subsidy funded by the GCF is only implemented when the emerging region participates to 
some degree in the financing of this policy, which mimics the financial architecture of the GCF.  

III.2.5 System’s Dynamics 

As described in the previous sections, there are two dynamic processes considered in this 
modeling framework: technological change dynamics and climate change dynamics. Productivity 
changes of sustainable energy technologies and fossil energy technologies influence the decision 
making process of economic agents. Climate change dynamics influence the need for policy 
intervention affecting the size of the policy response required for mitigation, and, in turn, also 
affecting the incentives and decisions of economic agents.  

In order to model the cascading effects of climate and technological change, and in the 
same fashion as Acemoglu et al. (2012), I assume that at each time period all sectors in the 
economy are in equilibrium. Therefore, the dynamics of the system are described by how 
technological and climate change (equations e1,e23 and e24) affect primary energy prices, 
technology prices, the demand for technologies, the allocation of labor across the two primary 
energy sectors, and the allocation of entrepreneurs across the two technological sectors. In the 
following paragraphs, I describe this inter-temporal equilibrium; note that the equilibrium 
equations used in this model resemble the same equilibrium expressions in the model of  
Acemoglu et al. (2012). Differences in these equilibrium conditions arise due to two 
assumptions: 1) this model assumes in equation (e28) that the accumulation of experience results 
in lower technology costs, and 2) this model assumes that the properties of the two technological 

sectors are different (i.e.  and  ). Thus, these factors are kept in all the required equilibrium 

expressions.  

Production of primary energy  

Partially solving the maximization problem of secondary energy producers described in equation 
(e4) (see Appendix A.1), I obtain:   

∗
                                                 (e35) 

This indicates that as prices of sustainable energy decline, the demand for sustainable 
energy increases. Since both types of primary energy are substitutes (ε>1), then a marginal 
increase in the use of sustainable energy also entails the same marginal decrease in the use of 
fossil energy. If exogenous demand grows (equation e7) then the use of both energy sources 
could increase.  
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Technology prices 

Partially solving the maximization problem of technology producers results in the describing 
technology prices as a function of production cost (see Appendix A.2), such that: 

	                                                      (e36) 

as more experience is accumulated in one technology sector, then the production costs of 
technologies decline and this induces a reduction in the market price of these technologies.  

Demand for technologies 

Using result (e36) and the first order conditions of primary energy producers’ leads to the 
equilibrium demand for technologies (see Appendix A.2):  

                                       (e37) 

this demand function shows that demand in technologies increases with positive changes in 
primary energy prices (for the sector being supported by these technologies), as well as with 
reductions in technology prices through technology subsidies and the accumulation of 
experience. Also, improvements in technologies’ productivity incentivize the usage of sector 
specific technologies for primary energy production.  

Expected profits of research and development 

Combining equations (e36) and (e37) (see Appendix A.3) results in the equilibrium level of 
research in both sectors:  

1 ∗ ∗ ∗ ∗ ∗ ∗    (e38) 

If this ratio is greater than one, then the majority of research and development is directed 
towards sustainable energy technologies (equation e15). In the tradition of Acemoglu (2002) and 
Acemoglu et al. (2012) framework, equation (e38) shows that there are three key forces 
determining which sector captures the greater share of entrepreneurial activity: 1) the “direct 

productivity effect”  incentivizing research in the sector with the more advanced and 
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productive technologies,  2) the “price effect”   incentivizing research in the energy sector 

with the higher energy prices and 3)  the market size effect   pushing R&D towards the 

sector with the highest market size. In addition to these forces, in my modeling framework, two 

more factors are at play: 1) the “experience effect”  pushing innovative activity towards 

the sector that more rapidly reduces technological production costs, and 2) the “innovation 

propensity effect”  incentivizing R&D in the sector that more rapidly yields new technologies 

(i.e. I assume that   ). Note also that the research and technologies subsidies also 

incentivize R&D in sustainable energy technologies.   

Prices of primary energy  

Combining equation (e37) with the FOCs of primary energy producers results in relative prices 
as a function of relative technological productivity (see Appendix A.4): 

                                 (e39) 

since 0 then improvements in SETs productivity lead to a decline in the relative price of 

sustainable energy. Similarly, since 0 and 0 then a decline in the relative 

production cost of SETs leads to lower sustainable energy prices.  

Labor allocations 

Combining equations (e7), (e35), (e37) and (e39) it is possible to expresses relative labor as a 
function of relative productivity and relative technologies cost (see Appendix A.5):  

1              (e40) 

Note that equation (e40) indicates that increases in productivity in SETs create a greater 
market for sustainable energy (i.e. labor augmenting technological change (Acemoglu, 2002)). 
Similarly, a greater tax to fossil energy and a reduction in SETs costs leads to a greater market 
for sustainable energy.  
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Production of primary energy 

Finally, combining equation (e6) and equation (e37) leads to the equilibrium levels of primary 
energy production as a function of labor, technological productivity and technology costs: ( see 
Appendix A.7): 

                                   (e41) 

Market clearing conditions 

As described in equation (e18), consumption and investment in technologies are the only two 
uses of the final good considered in this framework. The dynamics of consumption in region “k” 
are expressed by:   

, ,                (e42) 

III.2.6 Optimal Policy Response  

I define the optimal policy as the policy intervention that maximizes the intertemporal utility of 
the representative consumer in the advanced and the emerging region, subject to the equilibrium 
conditions and to the budget constraint in both regions.     

The optimal policy considers ten different elements for intervention:  

i. Duration of policy intervention:  

ii. Carbon tax in advanced region:  

iii. Carbon tax in emerging region:  

iv. Technology subsidy in advanced region:  

v. Technology subsidy in emerging region:  

vi. R&D subsidy in advanced region:  

vii. R&D subsidy in emerging region:  

viii. GCF technology subsidy in emerging region: :  

ix. GCF R&D subsidy in emerging region: :  

Formally, the optimal policy is the solution to the following maximization problem:  

, , , , , , , 	 , ,        (e43) 
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s.t. 

(e35), (e36), (e38), (e39), (e40), (e41), (e42) 

 

 

 

						                                           (e44) 

          (e45) 

There are important considerations to take into account with respect to the optimal policy 
in the context of this maximization problem. First, the objective function (equation e43) weights 
equally the utility of the representative consumer in both regions. Second, the duration of the 
policy intervention is part of the options that can be considered for designing the optimal policy. 
Third, the optimal policy is subject to budget constraints; equations (e44) and (e45) indicate that 
each region’s contribution to the optimal policy should not be greater than the funds collected 
through the carbon tax. This makes technology policy intervention costly, it also means that 
without taxation on fossil fuels, it is not possible to mobilize the resources necessary to fund 
complementary technology policy in this context, especially with respect to the contributions to 
the GCF. Finally, differently to other more traditional frameworks in which the taxation tends to 
zero once the steady state has been reached, I assume that the values of the policy elements 
remain constant during the duration of the intervention, such that the optimal policy corresponds 
to a “shock” policy that is in place during the period of time necessary to achieve the 
international decarbonization of the energy sector.  

III.3 Model Validation 

This section focuses on discussing the validity of the model described in the previous 
paragraphs. I focus on two aspects of model validation. First, I compare simulation output 
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against historical data of energy use across advanced and emerging nations. Second, I compare 
model’s behavior against empirical findings from previous modeling studies. 

III.3.1 Validation of Model’s Behavior Against Historic Trend 

One of the main motivations of this study is that fact that energy consumption (in particular 
fossil energy consumption) in emerging nations has been growing more rapidly than fossil 
energy consumption in advanced nations. In fact, as of 2006 the consumption of fossil energy in 
Non-OECD countries is greater than the consumption of fossil energy in OECD countries. As a 
result, it is of particular importance for this modeling study to test whether or not the simplified 
and aggregated model described in the previous sections can replicate such a fundamental 
transitional pattern.  

For this historic comparison, I assume that the model’s advanced region represents 
closely OECD nations, and that the model’s emerging region is described by nations outside the 
OECD group. This classification works well for this comparison because the energy 
consumption patterns and technological capabilities of these two groups of nations (i.e. OECD 
and Non-OECD) matches reasonably well with two important modeling assumptions: 1) the 
advanced region is more technologically advanced than the emerging region, and 2) energy 
demand is higher in the emerging region than in the advanced region.  

Figure 3.1 shows fossil energy consumption (i.e. Petroleum, Natural Gas and Coal) from 
1983 to 2012 for the advanced region (i.e. OECD countries) and for the emerging region (i.e. 
Non-OECD countries) using data from the U.S Energy Information Administration (EIA, 2015).  
The top panel shows model’s simulated output using the parameter values described in Table 3.1. 
The blue line indicates fossil energy consumption in the advanced region, and the green line 
denotes fossil energy consumption in the emerging region. The bottom panel describes fossil 
energy consumption in OECD (i.e. light blue line) and Non-OECD countries (i.e. light green 
line). This comparison against the historic record is important for demonstrating the validity of 
the model and also for pointing at some of its limitations. 

 Before discussing the results presented in Figure 3.1, it is worth noting some important 
aspects of the parameters listed in Table 3.1.  First, these parameters should not be seen as 
empirical estimations (econometric estimation of these parameters is outside the scope of this 
simulation study). Moreover, in this exploratory analysis, I consider these parameters to be 
deeply uncertain and thus in subsequent chapters I use multiple parameter combinations to 
construct an ensemble of future scenarios. Second, for this validation exercise, I have chosen 
conservative values for the elasticity of substitution “ε” and the capital intensity “α”. These 
values are line with the conservative values used in the Acemoglu et al. (2012) study. This is a 
prudent approach, especially for the case of the elasticity of substitution, which has generated 
substantial debate in the empirical literature. Third, for this base run, the parameters rA and rE in 
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equation (e8) are set differently for the advanced and emerging regions. This is to match the fact 
that population growth in both regions followed different paths in the period considered in this 
validation analysis. In the OECD region, population grew from 1,007 million in 1983 to 1,245.2 
million in 2012; while in the Non-OECD region, population grew from 3,684 million in 1983 to 
5,752 million in 2012 (OECD Stat, 2015). The exponential rates’ values in Table 3.1 are 
estimated to match these different population growth rates in the two regions. This approach is in 
line with the augmented endogenous growth model of Aghion and Howitt (1998) pp. 407, and it 
effectively introduces an exogenous growth rate in the two regions. As argued by the authors, 
this inclusion takes into account the fact that more populous economies tend to grow faster. 
Fourth, I assume that the technological development of the renewable energy sector has been on 
average faster than the development of the fossil energy sector (i.e. ηse>ηfe and γse> γfe) and that 
it is easier to imitate and adapt energy technologies than developing new ones (i.e. νse>ηre and 
νse>ηfe ). Finally, I do not consider learning-by-doing effects in this validation analysis (i.e. ωse=0 
and ωfe=0).  

Overall, the parametrization of this validation run depicts a multi-regional context in 
which technologies being developed in the advanced region are imitated and adapted in the 
emerging region to meet its growing energy demand. In the emerging region, growth is 
supported by technological catching-up dynamics and by higher demographic growth, while in 
the advanced region, less use of fossil energy is possible because of more rapid developments in 
the renewable energy technologies sector.    

The bottom panel in Figure 3.1 shows that in 1983 fossil energy consumption in non-
OECD countries was lower than fossil energy consumption in OECD countries. By 2012, this 
energy consumption pattern was reversed. Figure 3.1 shows that the simulated output 
successfully captures this key crossover in fossil energy consumption. It also shows that the 
simulated levels of fossil energy consumption in both regions are within reasonable and realistic 
bounds. For instance for the last year of this base case simulation (i.e. 2012), emerging region’s 
consumption of fossil energy amounts to 260.2 Quadrillion BTU; in comparison, the historic 
record shows that Non-OECD countries consumed in 2012, 260.7 Quadrillion BTU of fossil 
energy. Similarly, the model’s estimated fossil energy consumption in the advanced region 
equals 189.2 Quadrillion BTU, while the historic record estimates that OECD countries 
consumed in 2012, 191.7 Quadrillion BTU.  

This small experiment shows that the model is capable of replicating an important 
transition seen in the historic record (i.e. Non-OECD countries fossil energy consumption 
crossover) within realistic bounds of energy consumption for both regions, relying primarily on 
the assumption that growth in energy consumption is propelled by endogenous technological 
change and by exogenous population growth. However, at the same time, this validation exercise 
also points to some of the limitations of the model in terms of accuracy and realism. Figure 3.1 
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shows that the model depicts a simplified dynamic path in comparison with the more complex 
pattern registered the historical record. 

Figure 3.1  
Fossil Energy Consumption Across Regions Simulated Output vs Historic Record 
SOURCE: U.S. Energy Information Administration (EIA, 2015) 

 

 

NOTES: The color legend denotes the two regions considered in the analysis. The top panel shows results of the 
validation simulation run. The blue line indicates advanced region’s consumption of fossil energy, the green line 
emerging region’s consumption of fossil energy. The bottom panel shows the historic record for both OECD 
countries (light blue line), and Non-OECD nations (light green line). The crossover for fossil energy consumption 
is indicated for both cases.  
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Table 3.1  
Validation Run Parameters 

Parameter 
Name 

 
Value 

Parameter 
Name 

Value 

ε 3.5 ωset 0 

α 0.33 ωfet 0 

ηset 0.03 [per year] rA 0.008 

ηfet 0.021[per year] rE 0.015 

γset 0.3  [per year]  YA
set,1983 25.1 [Q BTU] 

γfet 0.25 [per year] YA
fet,1983 144.9 [Q BTU] 

νset 0.032[per year] YS
set,1983 9.0 [Q BTU] 

νfet 0.032[per year] YS
fet,1983 105.3  [Q BTU] 

NOTES: Initial conditions for the simulation run are set to energy consumption levels of 1983 for OECD and Non-
OECD countries. The value of technological parameters assume that technological development of the renewable 
energy sector has been on average faster than the development of the fossil energy sector (i.e. ηset>ηfet and γset> 
γfet) and that it is easier to imitate and adapt energy technologies than developing new ones (i.e. νret>ηret and 
νset>ηfet ). Learning-by-doing effects are not considered in this validation analysis (i.e. ωret=0 and ωfet=0).  

Over the last 30 years the use of renewable energy has grown steadily in both regions. 
Therefore, another relevant comparison for this validation exercise is the historical 
decarbonziation rate of the energy sector in both regions.  Figure 3.2 compares this trend in the 
historic record against the output of the simulation run. The vertical axis denotes the share of 
fossil energy used for secondary energy production. The blue line refers to the advanced region’s 
simulated output, and the green line refers to the emerging region. Similarly, the light blue line 
describes this trend for OECD countries, and the light green line describes this trend for Non-
OECD countries.   

Figure 3.2 shows that in the last 30 years, the share of fossil energy used for secondary 
energy production declined in both OECD and Non-OECD countries. In 1983, the share of fossil 
energy used in OECD countries amounted to 85% and in Non-OECD countries to 92%. In 2012, 
this share of fossil energy used declined to 81% in OECD countries and to 90% in Non-OECD 
countries. It is possible to see that this mild decarbonization in both regions is replicated 
successfully by this validation run. Similarly to the comparison with fossil energy consumption, 
the dynamics produced by the simulation run are noticeably simpler than the historic record. Yet, 
the model’s behavior follows the same pattern than the historical record and the estimated rate of 
decarbonization is within close proximity of the historic record.  

The comparisons made in Figure 3.1 and Figure 3.2 demonstrate that the model produces 
plausible and valid results for this simulation study. Yet, it is important to remind the reader that 
the objective of this simulation study is not to forecast “when” and at “which” level of energy 
consumption, a transition towards renewable energy will be achieved in both regions, nor which 
will be the penetration of renewable energy in both regions in the coming years.  More 
importantly, this model has been developed to understand under which technological, climate 
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and policy conditions such transition is plausible. Therefore, within that realm of interest, this 
validation exercise proves the usefulness and appropriates of the model. 

Figure 3.2 
Dynamics of Decarbonization in Advanced and Emerging Regions 

 

NOTES: The vertical axis denotes the share of fossil energy used for secondary energy production. The blue line 
refers to the advanced region’s simulated output, and the green line refers to the emerging region. The light blue 
line describes this trend for OECD countries, and the light green line describes this trend for Non-OECD countries.   

III.3.2 Validation of Model’s Behavior Against Previous Empirical Findings 

Comin, Hobijn and Rovito (2006) use a database containing data on diffusion of 155 
technologies across 150 countries, covering the last 200 years. Their analysis shows that 
technological convergence across countries is common, and that this speed of convergence is 
accelerating. They estimate the speed of convergence in energy production per capita to be on 
average 1% per year across countries.  

Following a similar approach to the one used by Comin, Hobijn and Rovito (2006), 
Figure 3.3 compares the rate of convergence in energy production per capita between the 
emerging region and the advanced region, as estimated by the validation simulation run. The 
vertical axis denotes the rate at which the energy production per capita gap closes between the 
two regions. Positive values indicate that the gap between the two regions reduces, thus 
converging to using similar technologies for energy production.  
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Figure 3.3  
Energy Production Per Capita Convergence Across Regions for Validation Run 

 
NOTES: The vertical axis denotes the percent change in the difference in energy production per capita between 
the advanced and emerging region. Positive values indicate that the gap in productivity closes compared to the 
previous year. The graph shows that the validation simulation reproduces the accelerating technological 
convergence reported in the empirical literature.    

The trend depicted in Figure 3.3 indicates that the model’s behavior is in line with the 
empirical findings of Comin, Hobijn and Rovito (2006). It shows that the two regions are 
converging to similar levels of technological productivity at an average rate of 0.14% per year. 
In addition, this upward trend indicates that the speed of convergence between the two regions is 
accelerating, which is also in line with the empirical findings of the authors.  

As noted frequently throughout this chapter, the model developed by Acemoglu et al. 
(2012) is a key foundation for the dynamic model described in this chapter. Therefore, an 
important validation exercise is to compare the results of this multi-regional continuous 
expansion against the empirical findings reported by Acemoglu et al. (2012). Demonstrating that 
the model displays a dynamic behavior in line with Acemoglu et al. (2012) previous study is an 
important element of confidence in the results derived from the model described in this chapter.  

I run a similar empirical experiment as the one described by Acemoglu et al. (2012). The 
parameters used for this empirical validation are listed in Table 3.2. In order to make behavioral 
comparisons as close as possible, all parameter values are set to the same values used by 
Acemoglu et al. (2012). Differences arise with respect to climate change equations described in 
section III.2.1 because these parameters were calibrated using data from IPCC’s general 
circulation model: bcc-csm1-1, and because this model is continuous rather than discrete. Also it 
is important to note that the initial conditions of this empirical validation runs are set to the 
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conditions of 2012 and that no exogenous labor growth is considered for this empirical 
validation.  

Table 3.2  
Empirical Validation Parameters 

Parameter 
Name 

 
Value 

Parameter 
Name 

Value 

ε [3.0,10] ξ 0.01 

α 0.33 δ 0.0018 

ηset 0.02 [per year] CO2|6.0◦C 1,298.2 [ppm] 

ηfet 0.02 [per year] CO2,0 289.4 [ppm] 

γset 0.25 [per year] ωset 0 

γfet 0.25 [per year] ωfet 0 

νset 0.02 [per year] rA 0 

νfet 0.02 [per year] rE 0 

ρ [.001,.015] [per year] YA
set,2012 43.5  [Q BTU] 

λ 0.1443 YA
fet,2012 191.7 [Q BTU] 

σ 2.0 YS
set,2012 28.2   [Q BTU] 

β 4.99 YS
fet,2012 260.7 [Q BTU] 

NOTES: The parameter values for the empirical validation runs are listed. Different values for the elasticity of 
substitution ε and the discount rate ρ are taken into account. Initial conditions are set to the year 2012. Differences 
between technological sectors are not considered.  

Figure 3.4 presents the results of this experiment. The two top panels describe the optimal 
response for the parameters listed in Table 3.2. The top panel shows the carbon tax rate in the 
emerging region and the middle panel the carbon tax rate in the advanced region. The bottom 
panel describes temperature rise in degrees Celsius relative to the pre-industrial era. The 
simulation runs in black color correspond to low elasticity of substitution cases (ε=3), and the 
runs in grey color denote high elasticity of substitution cases (ε=10). The simulation runs 
denoted in thicker lines correspond to high discount rate cases (ρ=0.015 per annum), while the 
results denoted by thinner lines correspond to low discount rate cases (ρ=0.001 per annum). For 
the simplicity of this empirical comparison, Figure 3.4 does not report the R&D subsidies and 
technological subsidies that are part of the optimal policy response, but for each of the 
simulations runs, the optimal policy response includes R&D subsidies and technological subsides 
in both regions.  

The results presented in Figure 3.4 provide similar insights as the empirical experiment 
reported in Acemoglu et al. (2012). It is possible to see that for the high elasticity of substitution 
cases (ε=10), policy intervention is more effective at incentivizing a transition away from fossil 
energy and that policy intervention only needs to remain in place for a limited period of time (i.e. 
50 years) before achieving its goal.  Figure 3.4  also shows that this behavior is robust for 
different values of the discount rate (i.e. thin grey line is contained inside the think grey line). 
These two results are consistent with the findings of Acemoglu et al. (2012). In addition, these 
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results show that in low elasticity of substitution cases (ε=3), the optimal policy response is more 
costly and less effective than in the high elasticity of substitution cases (ε=10). In comparison 
with the high elasticity of substitution, in these cases the dark lines show that temperature 
continues rising regardless of policy intervention, that the policy response remains in place 
during a greater period of time and that it requires higher carbon taxes in the advanced region . 
These results are also consistent with the findings of  Acemoglu et al. (2012). 

The results of the two empirical validation exercises described in this section show that 
the model’s behavior is consistent with the previous studies of Comin, Hobijn and Rovito (2006) 
and Acemoglu et al. (2012), which are two important empirical foundations for this dissertation. 

III.4 Summary 

This chapter describes an exploratory dynamic integrated assessment model (EDIAM) for 
analyzing international technological change and climate policy that is used in subsequent 
chapters as the future generator in the context of an RDM study. This model combines elements 
of different modeling and empirical studies. In particular, it attempts to provide a more detailed 
and disaggregated description of international technological change and technological 
competition in the context of climate change mitigation policy.  

Two generic abstract regions are modeled: a technologically advanced region and a more 
populous emerging region, with less technological capabilities. It focuses on the individual 
decision making processes of various economic agents, including: technology entrepreneurs and 
primary energy producers, and how technological change dynamics and climate change 
dynamics affect economic agents’ decisions.  

Technological change is described as a competition process between sustainable energy 
technologies and fossil energy technologies. It is assumed that new energy technologies are 
developed in the advanced region and then these technologies are imitated and adapted in the 
emerging region.  

The results of two validation exercises show that the model’s behavior replicates the 
historical pattern of fossil energy consumption and decarbonization, as well as important 
empirical findings from previous studies. These validation exercises also show that model 
displays highly simplified dynamics in comparison to the historical record. I emphasize that this 
model has been developed to study long term transition paths and the effectiveness of multi-
regional policy intervention in mitigating climate change; therefore, for this this study, the model 
is more important for its capacity to generate plausible scenarios, than for its capacity to match 
perfectly the historical record.  
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Figure 3.4  
Optimal Policy Performance For Various Elasticity of Substitution and Discount Rate 
Combinations 

 
Notes: The two top panels describe the optimal policy response. The top panel shows the carbon tax rate in the 
emerging region and middle panel the carbon tax rate in the advanced region. The bottom panel describes 
temperature rise in degrees Celsius relative to the pre-industrial era. The simulation runs in black color correspond to 
low elasticity of substitution cases (ε=3), and the runs in grey color denote high elasticity of substitution cases (ε=10). 
The simulation runs denoted in thicker lines correspond to high discount rate cases (ρ=0.015 per annum), while the 
results denoted by thinner lines correspond to low discount rate cases (ρ=0.001 per annum).  
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CHAPTER IV  

Optimal Policy Response and Climate Deep Uncertainty: A 
Robust Decision Making Analysis 

IV.1 Introduction 

This chapter presents a full RDM study which focuses on understanding role that climate change 
deep uncertainty has on the structure and effectiveness of optimal environmental regulation 
across advanced and emerging nations.  

In section IV.2 I describe the main elements of this RDM study. The uncertainties (X) 
considered include 12 CMIP5 climate change scenarios, 10 elasticity of substitution and 5 
discount rate scenarios, yielding a total of 600 different futures. Eight policy regimes (L) and two 
climate change policy targets are taken into consideration (M). The EDIAM model (R) is used as 
the scenario generator in this study. The quantitative examples presented in this section show 
that individually each source of uncertainty has the potential of influencing both the structure and 
effectiveness of the optimal policy response.   

The analysis presented in section IV.3 focuses on describing the changes in the structure 
of optimal environmental regulation across the uncertainty space and on highlighting differences 
between the GCF based policy regimes and the non-cooperative policy regimes. In addition, 
scenario discovery methods (Bryant and Lempert, 2010) are used for describing the vulnerability 
conditions of different policy regimes.  The results show that the structure of GCF and non-GCF 
policy regimes varies greatly in terms of the level of effort required across regions and across 
different uncertainty conditions. The scenario discovery analysis yields quantitative descriptions 
of the vulnerable regions of different policy regimes. These results show that end-of-century 
temperature rise target is met in greater number of futures than the CO2 stabilization target.   

Finally, in section IV.4 I use robustness criteria to map the least-regret policy response 
across the uncertainty space to understand under which conditions each policy regime is best 
suited to meet the two climate change objectives of interest. This mapping process demonstrates 
that cooperation through the GCF is the least-regret policy alternative to achieve the CO2 
stabilization and/or the two degrees Celsius temperature rise targets. Yet, it also illustrates that 
the scale and structure of cooperation changes across the uncertainty space.  

IV.2 Scoping of RDM Analysis 

IV.2.1 Uncertainties (X) 

I focus the analysis of this chapter on three uncertainties: the elasticity of substitution between 
fossil energy and sustainable energy, the policy discount rate and climate deep uncertainty.  
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Elasticity of substitution  

Acemoglu et al. (2012) study spurred an important debate with regards to the value of the 
elasticity of substitution between the fossil energy sector and the sustainable energy sector. In 
their study, they argue that the most relevant empirical case is that in which the two sectors are 
gross substitutes (ε>1). This implies that successful sustainable energy technologies will be used 
to substitute the functions of fossil energy technologies in secondary energy production. In 
economic terms, this entails that a decline in the price of sustainable energy (i.e. driven by 
improvements in the productivity of SETs) decreases the demand of fossil energy. In their study, 
they do not estimate empirically this parameter, but rather consider two extreme situations (low 
substitution ε=3, and high substitution ε=10) to highlight the importance of this effect.   

The results of Acemoglu et al. (2012) have spurred interest amongst empirical 
researchers on estimating more accurately the potential level of substitution between the two 
sectors. At present, initial empirical results show that the short and long term values of the 
elasticity of substitution are likely to be closer to the low substitution case considered in 
Acemoglu et al. (2012), but more importantly, these initial results show that the strength of the 
substitution effect in the long-term is highly uncertain. For instance, Papageorgiou, Saam and 
Schulte (2013) use cross-country sectoral energy data and nested CES production functions to 
estimate this parameter. They find evidence that the elasticity of substitution is the short-term is 
more likely to be in the low substitution range (ε=3) of Acemoglu et al. (2012) study, but in the 
long-term is plausible that this parameter falls in the low and high range values used in 
(Acemoglu et al., 2012). Another study by Pottier, Hourcade and Espagne (2014) argues that the 
elasticity of substitution between sustainable energy and fossil energy is also likely to be in the 
low substitution range (ε=3), perhaps even below one (ε<1). They argue that this is the case 
mainly because capital stocks for most of the energy system last for many decades, and this 
delays substitution away from fossil energy. However, the authors consider that in the long-term, 
as innovation broadens the range of technological possibilities, it is plausible that all energy 
sources will be fairly substitutable.  

These results and the debate among researchers on this topic support the notion that the 
elasticity of substitution between sustainable and fossil energy is a deeply uncertain parameters. 
These empirical findings show that current state of science does not provide sufficient and 
adequate evidence to estimate accurately this parameter. They also suggest that in the long-term 
a wide range of values are plausible.   

In this RDM analysis, I consider the elasticity of substitution “ε” as a deeply uncertain 
parameter. I explore the implications of varying levels of substitutability between the two sectors 
by considering ten different scenarios for this parameter. Figure 4.1 lists the different elasticity of 
substitution scenarios considered in this analysis and exemplifies their effect on temperature rise 
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stabilization.  The vertical axis denotes temperature rise with respect to pre-industrial levels for 
different simulated time series. The color legend indicates the level of substitutability between 
the two sectors; the darker colors denote scenarios of high elasticity of substitution and the 
clearer colors scenarios of low elasticity of substitution. The structure of the optimal policy 
response, as well the climate scenario and discount rate parameters used for the simulations are 
highlighted for the highest and lowest elasticity of substitution scenarios.  

Figure 4.1  
Effect of Different Discount Elasticity of Substitution Scenarios on Optimal Policy 
Response’s Structure and Effectiveness 

 
NOTES: The vertical axis denotes temperature rise with respect to pre-industrial levels for different simulated time 
series. The color legend indicates the level of substitutability between the two sectors; the darker colors denote 
scenarios of high elasticity of substitution and the clearer colors scenarios of low elasticity of substitution. The 
structure of the optimal policy response, as well the climate scenario and discount rate parameters used for the 
simulations are highlighted for the highest and lowest elasticity of substitution scenarios.   

Figure 4.1 shows that the ten scenarios considered for the elasticity of substitution can 
result in substantially different outcomes. For instance, it shows that for three high levels of 
substitutability scenarios: ε=10.0, ε=9.2 and  ε=8.4, it is possible to induce a full self-reinforcing 
transition away from fossil energy before the end of the simulation runs (i.e. policy duration<300 
yrs). In contrast, for the low elasticity of substitution scenarios: ε=3.0, ε=3.8, ε=4.6 and ε=5.3, it 
is necessary to sustain policy intervention (i.e. harmonized carbon tax in both regions) during the 
entire simulation at a high level (i.e. 50%) to delay temperature rise. This shows that the cost and 
effectiveness of policy intervention is closely linked to the degree of substitutability between the 
fossil and sustainable energy sectors. The less substitutable these sectors are, the more effort is 
required to induce a successful transition towards sustainable energy and the decarbonization of 
secondary energy production in both regions.  



63 
 

Discount Rate 

Under the dynamic framework described in chapter three, the discount rate is an important factor 
in determining the structure of the optimal policy response. In scenarios in which the discount 
rate is too high, then short-term outcomes are more significant than long-term outcomes. In these 
scenarios, high temperature rise levels far in the future are less significant, and as a result, the 
magnitude of the policy response is less decisive in the short-term (i.e. smaller carbon tax, 
smaller technology and research subsidies). The discount rate is a mathematical formalism that 
helps us express future costs and gains at today’s equivalent value. In the context of climate 
change, this parameter attempts to describe how societies of today value the environmental and 
economic outcomes of the future.   

Controversy over the proper value of the discount rate lies at the heart of many of the 
debates associated with climate change policy. It should not be a surprise that studies that use 
different discounting values reach different conclusions regarding the structure of the optimal 
environmental policy required to stabilize global temperature rise. 

This debate is best exemplified by Nordhaus and Stern’s research on the level of carbon 
taxation needed to keep temperature rise at sustainable levels. In short, Nordhaus, using a 
discount rate of 1.50% per year, finds that an initial small carbon tax that increases over time 
would guarantee that temperature rise will be kept below three degrees Celsius in the long-term, 
while Stern, using a discount rate of 0.10% per year, argues that a higher initial carbon tax is 
needed to achieve temperature rise stabilization sooner and avoid future significant damage from 
climate change. Focusing on this debate,  Acemoglu et al. (2012) shows that when considering 
endogenous technological change, other economic factors are found to be more significant than 
the discount rate in determining the structure of the optimal response. Yet, the disagreement over 
the discount rate in the climate change policy community persists. From an RDM perspective, 
this disagreement among climate experts is evidence of the deep uncertainty associated with the 
discount rate. From this point of view, it is ill advice to favor one vision over the other. Thus is 
more fruitful to consider both perspectives simultaneously in the analysis in order to understand 
under which future conditions these differences associated with the discount rate play a 
significant role in defining the structure and effectiveness of optimal environmental regulation.  

In addition to this disagreement among experts, the discount rate is associated with deep 
uncertainty on its own merit. At its heart, in the climate change context, the discount rate 
represents human attitudes towards future environmental outcomes. It is clear that as climate 
change consequences become more relevant to our daily lives, societies will likely change their 
attitudes towards the value of the environment, perhaps by putting more interest in long-term 
environmental outcomes. However, it is not possible to estimate or anticipate the extent of this 
change in attitudes, nor when it can occur. There is also the fact that different governments and 



64 
 

societies may value differently future environmental outcomes (i.e. use different discount rates). 
All these aspects make it appropriate to consider the discount rate as a deeply uncertain 
parameter in the context of an RDM study.  

In this analysis I explore this uncertainty by considering a diverse set of discount rate 
scenarios. To develop these scenarios, I assume that the maximum value that this parameter can 
take is the one proposed by Stern (i.e. 1.15% per year), and that the minimum value is the one 
proposed by Stern (i.e. 0.10% per year). However, I also consider three more possibilities in 
between to explore in more detail the role of varying levels of discounting on the structure of the 
optimal policy response.  

Figure 4.2 lists the five discount rate scenarios considered in this analysis.  Each line 
represents a simulated temperature rise time series for a specific discount rate scenario. For these 
example simulation, all input parameters, other than the discount rate, are held constant (i.e. 
ε=5.3 and Climate Model=NorESM1-ME). The resulting optimal environmental policy is 
highlighted for the two bounding cases. For each case the different elements of the policy 
response are listed, including: Carbon Tax, R&D Subsidies, Technology Subsidies and Policy 
Duration for both regions.   

Figure 4.2 provides an illustrative example of the discount rate’s role in determining the 
structure of the policy response. By comparing the optimal policy response across the Stern (i.e. 
0.10% per year) and Nordhaus (i.e. 0.10% per year) limits, it is possible to see that in the first 
case policy intervention is more decisive across both regions than policy intervention in the 
second case. For instance, the policy response with the 0.10% per year discount rate uses higher 
levels of carbon taxation and technology subsides in both regions.  As a result, the environmental 
outcomes are also significantly different, for the 0.10% discount rate, temperature rise is kept 
below two degrees Celsius throughout the entire simulation, while for the 1.15% discount rate, 
temperature rise continues for over  a century until it is stabilized at approximately three degrees 
Celsius. In this case the cost of policy intervention is higher for the 0.10% discount rate, but it is 
important to note that in comparison to the 1.15% discount rate policy, this policy requires to be 
implemented during a shorter period of time (i.e. 135 vs 180 years), thus under alternative 
climate conditions, it is also feasible that both policies display similar intervention costs, or that 
in fact, that the 0.10% discount rate policy becomes cheaper. These simulation runs exemplify 
the impact that considering alternative discount rates can have on the structure and efficacy of 
the optimal policy response.  
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Figure 4.2  
Effect of Different Discount Rate Scenarios on Optimal Policy Response’s Structure and 
Effectiveness 

 
NOTES: Each line describes a single simulation run for a specific discount rate scenario. All other input parameters 
are held constant (ε=5.3 and Climate Model=NorESM1-ME). The resulting optimal environmental policy is highlighted 
for two cases: for each, the different elements of the policy response are listed, including: Carbon Tax, R&D 
Subsidies, Technology Subsidies and Policy Duration for both regions.     

Climate Uncertainty  

In chapter one, using the original CMIP5 ensemble of climate projections, I showed that for any 
given level of GHG emissions, there is a wide range of plausible temperature rise scenarios. This 
uncertainty associated with the speed of temperature rise is associated with the limitations of our 
understanding of the global climate system. Each general circulation model used by the IPCC 
and included in the CMIP5 ensemble uses different assumptions and parameter values to 
describe the atmospheric changes resulting of growing anthropogenic GHG emissions, and, as a 
result, the magnitude of the estimated changes varies greatly among different modeling groups.  

Considering this source of uncertainty in climate assessment models is extremely 
important because the speed of temperature rise does not only affect the level of damage that can 
be expected from rising GHG emissions, but also the degree of effort required to stabilize GHG 
emissions at temperature levels that are environmentally sustainable.  

In the modeling framework described in chapter three, there are two channels through 
which climate uncertainty influences the structure of optimal policy response. For a fixed level 
of CO2 emissions, for climate scenarios in which climate sensitivity to GHG is high (i.e. 
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parameter “β”, equation e3), the societal cost of temperature rise is higher than for climate 
scenarios in which climate sensitivity is low. As a result, in order to maximize the objective 
function described in equation (e43), in the former case, the optimal policy response requires 
stronger early intervention than in the latter climate change scenario. Another form in which 
climate uncertainty may affect the structure of the optimal policy response is associated with 
differences in the size of carbon sinks. In equation (e1), the carbon sink is represented by the 
initial level of the quality of the environment and the rate of rate of natural environmental 
regeneration (i.e. parameters S0 and δ in equation e1). Evidently, this is a highly aggregated 
representation of how carbon sinks work, and more comprehensive climate models offer much 
higher details of this aspect of the global climate system; yet, this modeling structure does 
capture the fact that for different climate change models, the period time that CO2  can remain in 
the atmosphere atmospheric is not fixed across models. Therefore, for climate scenarios in which 
carbon sinks are higher, it is possible to reduce atmospheric CO2 concentrations at a faster rate 
than for climate scenarios in which these carbon sinks are smaller.  In this case, climate scenarios 
with small carbon sinks require that policy intervention remains in place for a longer period of 
time in order to avoid adverse environmental outcomes.    

One of the innovations of this study is the use of the CMIP5 climate data ensemble to 
calibrate the parameters ξ, δ, β and S0 in equations (e1) and (e3). This is relevant because it 
allows me to incorporate into the analysis empirically plausible climate change scenarios 
developed by an international community of experts and used widely in assessment and 
adaptation studies among the climate change policy community. In this way, it is possible to 
study the implication of climate uncertainty, represented by the various CMIP5 climate 
scenarios.  

Table 4.1 lists the estimated parameters for the 12 CMIP5 climate models included in this 
study, the parameters of equations (e1) and (e3) are listed for each climate model. I estimate 
these parameters by using an autoregressive model and the CO2 emission levels’ variation across 
representative concentration pathways (RCPs) in the CMIP5 climate models ensemble.   
Appendix C describes in more detail the methodology used for the statistical estimation of these 
parameters. 

Table 4.1 shows that this calibration exercise yields a heterogeneous set of climate 
scenarios that vary in terms of the climate sensitivity of GHG (β) and the size of the carbon sink 
(δ, S0). Interestingly, some of these scenarios such as GFDL-ESM2M and GFDL-ESM2G  
portrait “good news” scenarios in which climate sensitivity is low and the capacity of the carbon 
sink is high. In contrast, scenarios such as MIROC-ESM-CHEM and GFDL-CM3 portrait “bad 
news” scenarios in which climate sensitivity is high and the carbon sink’s capacity is low.  
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Table 4.1  
Estimated Simulation Parameters Using CMIP5 Climate Models  

Climate Scenario β ξ δ S0 

MIROC-ESM-CHEM 6.13 0.010 0.00278 590 

GFDL-CM3 6.11 0.010 0.00259 635 

MIROC-ESM 5.93 0.010 0.00260 633 

bcc-csm1-1 5.00 0.010 0.00182 916 

MPI-ESM-LR 4.67 0.010 0.00161 1042 

MPI-ESM-MR 4.67 0.010 0.00161 1045 

NorESM1-ME 4.34 0.010 0.00136 1236 

MRI-ESM1 4.26 0.010 0.00130 1294 

NorESM1-M 4.13 0.010 0.00119 1415 

MIROC5 4.12 0.010 0.00119 1417 

GFDL-ESM2M 3.29 0.010 0.00071 2403 

GFDL-ESM2G 3.19 0.010 0.00063 2695 
NOTES: The table lists the estimated parameters for the 12 CMIP5 climate models included in this study, the 
parameters of equations (e1) and (e3) are listed for each climate model. These parameters are estimated using CO2 

emission levels’ variation across representative concentration pathways (RCPs) for each of the climate models in an 
autoregressive model. Appendix C describes in more detail the methodology used for this estimation. 

Figure 4.3 compares the behavior of a subset of these models across the CMIP5 dataset 
and the simulated output using the parameters listed in Table 4.1. The right panel shows CMIP5 
temperature rise time series for three models:  MIROC-ESM-CHEM, bcc-csm1-1 and 
NorESM1-M. For each time step, the upper limit of each envelope denotes the maximum 
temperature rise level across all RCPs in CMIP5 (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5), 
while the lower limit denotes the minimum temperature rise level. Thus, each envelope indicates 
the range for plausible temperature rise levels for each time step. Similarly, the left panel shows 
temperature rise levels for a subsample of simulation runs that describe similar emission 
pathways as the RCPs. The remaining comparisons for the climate models not included in Figure 
4.3 are presented in Appendix D. In this appendix, I also present a graphical description of the 
emission pathways considered for these comparisons.  

Figure 4.3 shows that there is a hierarchy among climate models in terms of how rapidly 
temperature rise could occur for a fixed emissions’ pathway, and that this hierarchy is retained in 
the simulated output. For example, climate model MIROC-ESM-CHEM portraits a more drastic 
temperature rise scenario than climate models bcc-csm1-1 and NorESM1-M, in both the CMIP5 
database and in the simulated output. Figure 4.3 also shows that plausible temperature rise levels 
across the CMIP5 data ensemble and the simulated output are within the same ranges. These 
comparisons show that the climate scenario calibration used in this study results in model 
behavior that is in accordance with the outcomes of the CMIP5 climate projections.  This makes 
it possible to study how the different CMIP5 climate models influence the structure of the 
optimal policy response.  
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Figure 4.3  
Comparison between Simulated (Left Panel) versus Original (Right Panel) CMIP5 Models’ 
Temperature Rise Trajectories   

 
NOTES: The right panel shows CMIP5 temperature rise time series for three models:  MIROC-ESM-CHEM, bcc-
csm1-1 and NorESM1-M. For each time step, the upper limit of each envelope denotes the maximum temperature 
rise level across all RCPs in CMIP5 (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5), while the lower limit denotes the 
minimum temperature rise level. Thus, each envelope indicates the range for plausible temperature rise for each time 
step. Similarly, the left panel shows temperature rise ranges for a subsample of simulation runs that describe similar 
emission pathways as the RCPs. 

Figure 4.4 provides an illustrative example of how is that different climate scenarios may 
lead to a different structure of the optimal environmental policy. This figure shows temperature 
rise time series for two simulation experiments. Both simulations used the same parameter values 
for the elasticity of substitution (i.e. 8.4) and the discount rate (i.e. 1.50% per year), but are run 
for different climate scenarios:  MIROC-ESM-CHEM (i.e. orange line) and NorESM1-M (i.e. 
green). For each simulation, the pointing arrows indicate the resulting optimal policy as a 
combination of carbon taxes, research subsidies and technology subsidies across both regions.  
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Figure 4.4  
Effect of Different Climate Scenarios on Optimal Policy Response’s Structure and 
Effectiveness 

 
NOTES: This figure shows temperature rise time series for two simulation experiments. Both simulations used the 
same parameter values for the elasticity of substitution (i.e. 8.4) and the discount rate (i.e. 1.50% per year), but are 
run for different climate scenarios:  MIROC-ESM-CHEM (i.e. orange line) and NorESM1-M (i.e. green). For each 
simulation, the pointing arrows indicate the resulting optimal policy as a combination of carbon taxes, research 
subsidies and technology subsidies across both regions. 

Figure 4.4 illustrates a plausible form in which alternative climate scenarios influence the 
structure of the optimal policy response.  It shows that for a more abrupt climate scenario, such 
as MIROC-ESM-CHEM, it is possible than under certain circumstances, the optimal policy uses 
a higher mix of carbon taxes, research subsidies and technology subsidies than in the case of a 
less abrupt climate scenario like NorESM1-M. It also shows that the environmental outcomes 
between both scenarios are different: in this case, for both simulation runs temperature rise is 
successfully mitigated, but this occurs at a higher level for climate scenario MIROC-ESM-CHEM 
than for scenario NorESM1-M. It also shows that the cost of policy intervention is 
unambiguously higher for climate scenario MIROC-ESM-CHEM because although the rate of 
carbon taxation is smaller in climate scenario NorESM1-M, policy intervention lasts longer in the 
latter case. Evidently, this results can change when combined with other uncertainties, yet if 
offers an illustrative example of the interplay between the optimal policy response and the 
different climate scenarios.  

IV.2.2 Policy Levers (L)  

From the perspective of optimal policy response, I model alternative policy levers as 
combinations of constraints in the optimization problem described in equation (e43). This allows 
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me to study a diverse set of proposed architectures for cooperation under the GCF. For example, 
in its current form, the funding from the GCF is planned to be primarily targeted towards 
financing sustainable energy projects in emerging nations, this would effectively work as a 
technology subsidy in emerging countries because it would reduce the costs of implementation 
of these technologies in these countries. However, under the framework described in chapter 
three, it would also be possible to use the GCF to co-fund the development of endogenous 
innovative capacities in emerging nations (i.e. R&D subsidies). Since it would be possible to use 
the GCF funds in both sectors, it also becomes interesting to study under which circumstances it 
would be more cost-effective to use the GCF funding in both sectors, or in just one of them.   

In addition to considering various forms of coordination through the GCF, for 
completeness, I also consider a diverse set of benchmark cases that are relevant for assessing the 
impact of cooperation in climate change mitigation. First, I consider in the analysis the future 
without action (FWA), this is the policy scenario in which no significant climate policy is 
implemented. Second, I consider two policy cases in which cooperation through the GCF does 
not take place, but still each region independently implements climate policy. In one case, 
climate mitigation is carried out through independent carbon taxes across both regions; in the 
other case, both regions invest independently in comprehensive policies that use combinations of 
carbon taxes, R&D subsidies and technology subsidies. These additional policy cases offer a 
benchmark to analyze under which conditions is effective to expand climate policy beyond 
carbon taxes and also to understand under which conditions non-cooperative comprehensive 
climate policy might be more suitable than the cooperative GCF approach.  

Table 4.2  lists the complete set of policies considered in this study. For each policy, I 
indicate in which sectors (i.e. carbon tax, technology subsidies and R&D subsidies) cooperative 
actions are implemented, and in which sectors individual independent actions are carried out. 
Thus, each policy can be represented as a mix of individual and cooperative actions across 
sectors. In addition, I list the set of restrictions used to represent each policy regime in the 
optimization framework.  

In total Table 4.2 describes eight different policy regimes. The future without action 
(FWA) represents the benchmark policy case in which climate policy is not implemented (i.e. 
laissez-faire economy). In this scenario, economic growth is not slowed down by policy 
intervention, but temperature continues rising at an accelerating pace. The policy regime “P1. I. 
Carbon Tax [Both]” represents a non-cooperative case in which both regions implement 
independently climate policy. This intervention considers only the implementation of carbon 
taxes and no-complementary technology policy. In addition, the optimal taxation rate does not 
need to be the same across regions. Policy case “P2. I. Carbon Tax + I.Tech-R&D[Both]” 
depicts a different non-cooperative policy regime. In this case, the optimal policy response 
includes independent levels of taxation, technology subsidies and R&D subsidies for both 
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regions. Thus, this represents a case in which significant climate actions are taken in both 
regions, but there are no co-funded efforts under the GCF.  

Table 4.2  
Description of Alternative Policy Regimes Considered 

Policy  
Regime 

Independent 
Sectors 

Cooperation 
Sectors 

Formalism In  
Optimization Problem 

P0 
FWA: Future Without 
Action 

 None  None 
 

, , , , , , , 0 
 

P1 
 I. Carbon Tax [Both]  Carbon tax  None 

 
, 0 

, , , , , 0 
 

P2 
I. Carbon Tax + I.Tech-
R&D[Both] 

 Carbon tax 
 Technology 

subsidies 
 R&D subsidies 

 None 

 
, , , , , 0 

, 0 
 

P3  
H. Carbon Tax + Co-
Tech[GCF]+R&D[AR] 

 No R&D 
subsidies in 
emerging region 

 Harmonized 
carbon tax 

 Co-funded 
technology 
subsidies 

 
0 

, 0 
0 

, 0 
 

P4 
H. Carbon Tax + Co-
Tech[GCF] + I. 
R&D[Both] 

 Independent R&D 
subsidies 

 Harmonized 
carbon tax 

 Co-funded 
technology 
subsidies 

 
0 

, , 0 
0 

0 
 

P5 
H. Carbon Tax + Co-
R&D[GCF]+Tech[AR] 

 No technology 
subsidies in 
emerging region 

 Harmonized 
carbon tax 

 Co-funded R&D 
subsidies 

 
0 

, 0 
0 

, 0 
 

P6 
H. Carbon Tax + Co-
R&D[GCF]+I. Tech[Both] 

 Independent 
technology 
subsidies in 
emerging region 

 Harmonized 
carbon tax 

 Co-funded R&D 
subsidies 

 
0 

, , 0 
0 

0 
 

P7 
H. Carbon Tax + Co-
Tech-R&D[GCF] 

 None 

 Harmonized 
carbon tax 

 Co-funded R&D 
subsidies 

 Co-funded 
Technology 
subsidies 

 
0 

, 0 
0 
0 

 

NOTES: For each policy regime it is indicated in which sectors (i.e. carbon tax, technology subsidies and/or R&D 
subsidies) cooperative actions are implemented, and in which sectors individual independent actions are carried out. 
Thus, each policy regime can be represented as a mix of individual and cooperative actions across sectors. The set 
of mathematical restrictions used to represent each policy regime in the optimization framework are noted.  
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Multiple cooperation scenarios under the GCF are described in Table 4.2. For all these 
policy cases, I assume that regions agree initially on the implementation of a harmonized carbon 
tax as proposed by Nordhaus (2011); therefore, the carbon tax rate is the same across both 
regions. I also assume that cooperation under the GCF does not have to follow a unique 
architecture and that it is possible to cooperate in certain sectors, while allowing independent 
action in others. Policy case “P3: H. Carbon Tax + Co-Tech[GCF]+R&D[AR]” considers the 
case of a harmonized carbon tax across regions and cooperation in co-funded technology 
subsidies under GCF. However, in this case, independent R&D subsidies are only implemented 
in the advanced region. Policy “P4: H. Carbon Tax + Co-Tech[GCF] + I. R&D[Both]” expands 
on the latter case by considering that independent R&D subsidies are implemented in both 
regions. 

Policy “P5. H. Carbon Tax + Co-R&D[GCF]+Tech[AR]” includes the implementation 
of a harmonized carbon tax in both regions, co-funded R&D subsidies under the GCF and 
independent technology subsidies in the advanced region. Policy regime “P6. H. Carbon Tax + 
Co-R&D[GCF]+I.Tech[Both]” expands policy case P5 by allowing for the implementation of 
independent technology subsides in both regions. Finally, policy regime“P7: H. Carbon Tax + 
Co-Tech-R&D[GCF]” considers the case in which in addition to a harmonized carbon tax, 
cooperation under the GCF includes co-funded  R&D subsidies and technology subsidies. 

IV.2.3 Relationships (R) 

In the XLRM framework, relationships (R) describe the causal chains by which different factors 
relate to one another. These relationships are described by the mathematical formalisms 
embedded in computer models, which are used as scenario generators in RDM studies. These 
computer models describe how different future outcomes may evolve under different policy 
conditions and under different combinations of uncertain factors.  Scenario generators are used to 
develop a vast set of plausible scenarios, which are then compared and analyzed in light of the 
policy metrics defined in collaboration with decision makers and relevant stakeholders (Lempert, 
Popper and Bankes, 2003).  

I use the modeling framework described in chapter three as the scenario generator in this 
RDM analysis. It is important to emphasize that under this framework, the policy response is 
endogenously determined, as it is the solution to the optimization problem described in equations 
(e43), (e44) and (e45). This implies that for any given combination of parameters, or for any 
given future scenario in the RDM framework, the optimal policy response is the option that best 
balances the economic cost and environmental benefits of climate policy intervention. Moreover, 
this optimal policy response weights equally the costs and benefits across regions, thus it should 
be viewed as the policy that seeks to maximize the benefit of climate policy in the entire system, 
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without favoring a particular region. In the economic literature, this optimal policy is often 
described as the solution to the social planner’s problem.  

From an RDM perspective, this optimal policy response can be viewed as the no-regret 
policy for both regions. This implies that for a specific future, the no-regret policy guarantees 
that there is no other policy vector that provides the same environmental outcome at a lower cost. 
Thus, implementing a policy other than the no-regret option implies that one or both regions 
incur in higher costs, or that worse environmental outcomes are achieved.   

In addition, from a game theoretic perspective, the no-regret policy option also represents 
the Nash-equilibrium policy for both regions. In Appendix B, I show that for both regions the no-
regret policy is the dominant strategy because any other policy that considers higher or lower 
efforts is dominated by the no-regret policy. This is because the objective function weights 
equally both regions and because the no-regret policy guarantees that there is no other policy that 
displays pareto improvements. 

In this study, the optimal policy is merely a mathematical abstraction that is used to 
analyze the tradeoffs of climate policy and the changes in the structure of climate policy across 
the uncertainty space. This mathematical abstraction relies on basic rationality and perfect 
information assumptions. Evidently, these assumptions are made to simplify this complex system 
and make it feasible and scientifically useful to focus only on parts of this complexity (i.e. 
climate change uncertainty and technological uncertainty). Thus, the optimal policy response 
should not be viewed as a normative fixed reference for climate policy design; rather, in this 
modeling framework, the optimal policy response should be discussed in the context of decision 
relevant futures that are under discussion and as useful starting point for illuminating the 
challenges and opportunities of climate change policy across different climate and technological 
scenarios.  

IV.2.4 Metrics (M) 

I use various metrics to evaluate the performance of policies and compare the desirability of 
different scenarios. In order to make this analysis more relevant for policy circles, I focus 
primarily on the outcome that policy intervention has on the economic and environmental 
conditions by the end of the century. This aligns the scope of this work to the discussions among 
the climate change policy community regarding the various end-of-the century temperature rise 
and stabilization targets.   

From an economic perspective, for each future scenario (i.e. combination of 
uncertainties) I estimate the cost of policy intervention by comparing consumption levels across 
the policy intervention case and the future without action case (i.e. laissez-faire economy). Then, 
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the higher the reduction in consumption compared to the FWA, the higher the costs of policy 
intervention.  

From an environmental perspective I consider two metrics: the end-of-the century 
temperature rise level and end-of-century CO2 concentrations. The first metric is useful for 
comparing policies in terms of the temperature levels that are plausible with its implementation. 
The second metric is useful to analyze whether or not a policy stabilizes CO2 emissions such that 
temperature permanently stops rising.  

These measures allow for a more comprehensive comparison of policies’ performance. 
For instance, a particular policy could be effective in mitigating temperature rise below a certain 
end-of-the century target (e.g. two degrees Celsius), but at the same time it could fail to achieve 
CO2 stabilization before the end of the century, which would imply that temperature rise will 
continue growing after the end of the century. In contrast, an alternative policy could be effective 
in both mitigating temperature rise below a specific target and also be effective in stabilizing 
CO2 emissions. Since the costs of policy intervention are estimated and comparable for both 
policies, then it is possible to shed light over the cost-effectiveness tradeoff that exist between 
the two policies and to study how these results changes across different future scenarios.   

IV.2.5 Experimental Design and Case Generation 

I use the elements outlined in the previous section to conduct several simulation experiments. 
The experimental design includes a full factorial sampling design across the uncertain exogenous 
factors, this includes:   

 12 Climate scenarios 

 10 elastic of substitution scenarios 

 5 discount rate scenarios  

I considered all possible combinations of these uncertain exogenous factors for 
developing individual future scenarios, this yields a total of 600 futures.   

The eighth policy regimes described in the previous section are analyzed against this 
common set of futures, yielding a total of 4,800 cases considered. Each simulation case was run 
using the modeling framework described in chapter three for a period of 300 years. For each 
inputs combination and policy regime an optimal policy response is estimated. Figure 4.5 
summarizes the scope of the experimental design of this study using the XLRM framework.  
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Figure 4.5 
XLRM Summary of Climate Uncertainty Analysis 

Uncertainties (X) Policy Levers (L) 

Climate Uncertainty: 

 12 Climate Scenarios 

Economic Uncertainty:  

 10 Elasticity of Substitution Scenarios  
 5 Discount Rate Scenarios 

 

 P0. FWA (Future Without Action) 
 P1. I. Carbon Tax [Both] 
 P2. I. Carbon Tax + I.Tech-

R&D[Both] 
 P3. H. Carbon Tax + Co-

Tech[GCF]+R&D[AR] 
 P4. H. Carbon Tax + Co-Tech[GCF] 

+ I. R&D[Both] 
 P5. H. Carbon Tax + Co-

R&D[GCF]+Tech[AR] 
 P6. H. Carbon Tax + Co-

R&D[GCF]+I. Tech[Both] 
 P7. H. Carbon Tax + Co-Tech-

R&D[GCF] 

System Relationships (R) Metrics (M) 

 Exploratory Dynamic Integrated 
Assessment Model (EDIAM) 

 End-of-century temperature rise 

 Stabilization of GHG emissions 

 Economic costs of policy 
intervention 

NOTES: The main components of the exploratory analysis are grouped according to four different categories: 1) the 
deep uncertainty scenario taken into account (i.e. 12 climate scenarios, 10 Elasticity of Substitution Scenarios and 5 
Discount Rate Scenarios), 2) the policy regimes analyzed (i.e. 8 different policy regimes, 3) the system relationship 
that links actions to consequences (i.e. EDIAM model), and 4) the metrics considered to analyze the performance of 
different policies.  

IV.3 Exploratory Analysis 

IV.3.1 Optimal Policy Performance Across Many Futures 

Results from the simulations runs generated by the experimental design are shown in Figure 4.6. 
Each point represents a single future; it describes the penetration of sustainable primary energy 
as percent of total secondary energy production for the emerging region (x-axis) and for the 
advanced region (y-axis). The size of the points reflects the type of policy response, the smaller 
points denote policy response schemes which include the FWA and the two non-GCF policies 
(i.e. P1 and P2), bigger points indicate GCF based policies (i.e. P3,P4,P5,P6 and P7). The color 
legend indicates end-of-the century temperature rise, the green points describe temperature rise 
conditions closer to the two degrees Celsius, while red points describe temperature rise 
conditions closer to the environmental disaster condition of six degrees Celsius. The figure 
includes four panes; each pane displays results for a different climate scenario.  Only four out of 
twelve climate change scenarios are displayed in this figure.  
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Figure 4.6  
Example of Experiment Results Across Different Climate Scenarios 

 

NOTES: Each point describes an individual future through the penetration of sustainable primary energy as percent 
of total secondary energy production for the emerging region (x-axis) and for the advanced region (y-axis). The size 
of the points reflects the type of policy regime, the smaller points denote policy regimes which include the FWA and 
the two non-GCF policies (i.e. P1 and P2), and bigger points indicate GCF based policies (i.e. P3, P4, P5, P6 and 
P7). The color legend denotes end-of-the century temperature rise, the green points describe temperature rise 
conditions closer to the 2 °C target, while red points describe temperature rise conditions closer to the environmental 
disaster condition of 6 °C. The figure includes four panes; each pane displays results for a different climate scenario. 

These results are useful for highlighting some of the features of the system and of the 
policy response. The figure shows that there is ample variation with respect to the penetration 
levels of sustainable energy that can be achieved through the various policy regimes. It is 
possible to see that the FWA results in limited penetration of sustainable energy across both 
regions, and as a result, end-of-century temperature rise levels are close to the environmental 
limit (i.e. 6 °C). Figure 4.6 also reveals that the best environmental outcomes are concentrated in 
the upper right corner of these panes. These futures represent scenarios in which the policy 
response induces a successful transition towards sustainable energy across both regions. It is 
possible to see that the no-GCF policies (i.e. P1 and P2 ) can achieved similar  high levels of 
penetration of sustainable energy in both regions than GCF based policies (i.e. P3-P7). These 
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results also show that policy performance varies across climate scenarios in terms of the 
penetration of sustainable energy and the resulting temperature rise.   

Comparing these results across multiple different dimensions is also important. One way 
of doing this is by visualizing results via using boxplot summaries of all futures considered. 
Figure 4.7 shows the distribution of results across all futures considered (i.e. 600) for all policy 
regimes. These box plots summarize the distributional pattern alone without making any 
assumption about the likelihood of any of the futures.  The right pane shows the distribution of 
costs and the left pane depicts end-of-century temperature levels.  

Figure 4.7  
Box Plot Summaries Describing End-of-Century Temperature and Intervention Costs for Different 
Policy Regimes 

 

NOTES: Distribution of results across all futures considered (i.e. 600) for all policy regimes. This box plots summarize 
the distributional pattern alone without making any assumption about the likelihood of any of the futures. The right 
pane shows the distribution of costs and the left pane depicts the end-of-century temperature levels. 

The boxplot summaries in the left pane show that the FWA always leads to temperature 
rise levels above the 2°C target and, under many circumstances, to disastrous temperature levels 
before the end of the century. In contrast, the distribution of results across the different policies 
shows that in many future scenarios the optimal policy response is capable of maintaining end-
of-century temperature rise levels below the 2°C target. The spread of results varies noticeably 
across policies; in particular, the independent carbon tax policy (i.e. P1. I. Carbon Tax [Both]) 
shows the greatest spread of outcomes when compared to the other policy options.  
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The right pane in Figure 4.7 shows that policy intervention costs vary more widely across 
policies. The policy costs are estimated as the percent change in net present value of 
consumption with respect to the future without action (FWA). This implies that the higher the 
reduction in consumption, with respect to the future without action, the higher the cost of policy 
intervention. In economic terms, this cost estimation describes the share of consumption that 
consumers in both regions forgo in exchange of better environmental outcomes.  The results 
show that the independent carbon tax policy is the highest cost policy in a large number of 
futures. It also shows that under some circumstance the GCF based policies can be more costly 
intervention than the no-GCF policies. For instance, it is possible to see that for a number of 
futures, the cost of the comprehensive independent policy (i.e. P2.I.Carbon Tax +I.Tech-
R&D[Both]) is lower than the cost of the comprehensive GCF policy (i.e. P7.H.Carbon Tax + 
Co-Tech-R&D[GCF]).  

From a policy perspective, it is important to compare the performance of different 
policies in terms of the end-of-century temperature rise level because in multi-lateral climate 
change negotiations, the architecture of the policy response is designed towards meeting an end-
of-century temperature target. The most commonly used temperature target is 2 °C; however, for 
some climate change experts and decision makers this target is perceived as weighting too high 
the quality of the environment over the health of the economy. Thus, they argue that the climate 
policy response should be designed for an end-of-century temperature rise of 3°C. Although 
these types of environmental objectives are controversial, these have been found to be very 
useful in climate change negotiations because these are perceived as tangible objectives towards 
which the climate change policy community can work towards to.  

In addition to these temperature caps, end-of-century CO2 emissions stabilization is also a 
policy objective that is critical to consider. For example, it is feasible that although temperature 
rise is kept below a target, at the same time, anthropogenic CO2 emissions continue growing. In 
such cases, policy intervention would still be required after the end of the century to continue 
controlling temperature rise until successful decarbonization is achieved.  

In the context of the modeling framework used in this study, the stabilization of CO2 
emissions is also an important signal of the successful decarbonization of both regions. 
Stabilization is achieved once the rate of CO2 emissions from fossil energy use is below the 

capacity of the carbon sync (i.e. , equation e1 ), which can only occur at 

high penetration levels of sustainable energy across both regions, which in turn can only occur 
when SETs are more productive technologies than FETs (equation e38 ). From this perspective, 
the optimal policy is the response option that successfully induces the decarbonization of both 
regions at the lowest possible economic and environmental cost. Then, the optimal policy only 
needs to remain in place during a finite period of time: once the technological and market 
conditions are such that decarbonization is successfully induced, then policy is no longer needed.  
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Figure 4.8 presents boxplots summaries of the duration of policy intervention for all 
futures scenarios across all policies. The results show that under this modeling framework 
stabilization of CO2 emissions is only possible after several decades of implementation (i.e. at 
least 50 years). This figure also highlights that there are noticeable differences among policies in 
terms of the period of time required to achieve stabilization. The use of independent carbon taxes 
requires at least one hundred years for achieving international decarbonization. Policies that 
include complementary R&D and technology subsides show that it is possible to successfully 
induce the decarbonization in a shorter period of time. However, these results also show that for 
a considerable number of futures, policy intervention needs to remain in place for as long as 300 
years.   

Figure 4.8  
Box Plot Summary of Optimal Policy’s Duration Across Different Regimes 

 

NOTES: Boxplot summaries describing the duration of policy intervention for all futures across all policies. The results 
show that under this modeling framework stabilization of CO2 emissions is only possible after several decades of 
implementation (i.e. at least 50 years). It also highlights that there are noticeable differences among policies in terms 
of the period of time required to achieve stabilization.  

For this analysis, I focus primarily on the end-of-century conditions because these are 
more relevant for current climate change policy discussions. Therefore, I consider a future is 
acceptable (not vulnerable) when the temperature target (i.e. 2 °C, 3 °C) and/or the stabilization 
targets are met. This suggests that there are four possible cases of success:  

1. Futures in which the 2 °C end-of-century temperature rise target is met 
2. Futures in which the 3 °C end-of-century temperature rise target is met 
3. Futures in which the 2 °C end-of-century temperature rise target and CO2 stabilization 

are met 
4. Futures in which the 3 °C end-of-century temperature rise target and CO2 stabilization 

are met 
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Table 4.3 summarizes the performance of each policy across the 600 futures considered 
for the four vulnerability cases described.  As expected, the FWA does not meet any of the 
climate change objectives. It also shows that for the independent carbon taxes policy (i.e. P1) in 
the majority of futures it is possible keep temperature rise below the 2 °C and 3 °C targets, but in 
none of the cases, this policy is able to stabilize CO2 emissions. This shows that this policy is 
effective in delaying temperature rise, but is less effective at inducing successful decarbonization 
across regions. In contrast, policies that complement carbon taxes with R&D and technology 
subsidies are able to meet the CO2 stabilization targets in a higher number of futures. It is 
possible to see that the stabilization targets are met in less than one third of the futures 
considered. In this respect, some of the GCF based policies (i.e. P4 and P7) are slightly more 
effective than the non GCF policy (i.e. P2) in meeting the stabilization target.  

Table 4.3   
Performance of Optimal Policy Response Across Different Policy Regimes 

Policy Name 

Number (Percentage) of Futures Meeting the End-of-Century Climate 
Policy Target 

CO2 Stabilization  
Achieved 

CO2 Stabilization Not 
Achieved 

Temperature 
Rise Below  

2 °C 

Temperature 
Rise Below  

3 °C 

Temperature 
Rise Below  

2 °C  

Temperature 
Rise Below  

3 °C  

P0. FWA 
0 (0) 0 (0) 0 (0.0) 0 (0.0) 

P1. I. Carbon Tax [Both] 
0 (0) 0 (0)  375 (62.5) 505 (84.2) 

P2. I. Carbon Tax +  
      I. Tech-R&D[Both] 

153 (25.5) 160 (26.7)  398 (66.3) 528 (88.0) 

P3. H. Carbon Tax + 
      Co-Tech[GCF]+R&D[AR] 

 130 (21.7) 155 (25.8) 344 (57.3) 544 (90.7) 

P4. H. Carbon Tax +  
      Co-Tech[GCF] + I. R&D[Both] 

153 (25.5) 175 (29.2) 391 (65.2) 537 (89.5) 

P5. H. Carbon Tax + 
     Co-R&D[GCF]+Tech[AR] 

130 (21.7) 176 (29.3) 395 (65.8) 535 (89.2) 

P6. H. Carbon Tax + 
      Co-R&D[GCF]+I. Tech[Both] 

145 (24.2)  175 (29.2) 415 (69.2) 533 (88.8) 

P7. H. Carbon Tax +  
      Co-Tech-R&D[GCF] 

165 (27.5) 190 (31.7) 402 (67.0) 532 (88.7) 

NOTES: The table summarizes the performance of each policy across the 600 futures considered for the four 
vulnerability cases described. The number (percentage) of futures meeting the different end-of-century climate policy 
targets are listed under each column. 
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IV.3.2 Structure of Optimal Policy Response Across Futures 

The structure of the optimal environmental policy varies across the uncertainty space in order to 
meet the climate policy targets described. This variation in the structure of the optimal response 
has important implications for policy design because it provides another dimension through 
which it is possible to compare the performance of different alternatives. It also provides a better 
understanding of how different policy regimes would need to be adapted to respond to uncertain 
climate change and economic dynamics.   

I focus on analyzing the variation of the optimal policy response across two contrasting 
policy regimes: the independent comprehensive policy case (i.e. P2. I. Carbon Tax + I. Tech-
R&D[Both]) and the GCF comprehensive policy case (i.e. P7. H. Carbon Tax + Co-Tech-
R&D[GCF] ). This a relevant empirical comparison for this study because in this way it is 
possible compare in a direct way the effect that GCF cooperation can have on the structure of the 
optimal response across all intervention sectors.   

Structural Changes in the Independent Comprehensive Policy: “P2. I. Carbon Tax + I. Tech-
R&D[Both]” 

Under this policy regime both regions implement comprehensive climate policy that includes 
carbon taxes, R&D subsidies and technology subsidies. This is done independently such that 
each region sets its own carbon tax level to fund the R&D and technology subsidies required to 
mitigate temperature rise and induce the successful decarbonization of their energy sectors.  

Figure 4.9 shows how the optimal response changes across two uncertainties: the 
elasticity of substitution (i.e. “ε” in equation (e5)) and climate sensitivity to GHG (i.e. “β” in 
equation (e3)). The left panes describe changes in the structure of the optimal policy in the 
advanced region (AR) and the right panes describe changes in the emerging region (ER). The top 
panes show results for the individual carbon taxes, the middle panes for R&D subsidies and the 
bottom pane for technology subsidies. Uncertainty values are described using three bins; for the 
elasticity of substitution these bins are defined as low: [3:5), medium: [5:8) and high: [8:10); 
similarly, the climate sensitivity bins are defined as low:[3:5) , medium:[5:6) and high: [6,7). The 
legend of each cell represents the mean value of the policy element for the subset of futures 
describe by the intersecting bins. The color legend denotes the effort level of the policy response: 
colors towards red denote higher effort policies; colors toward green denote lower effort policies.      

As expected, Figure 4.9 shows that the structure of the optimal policy is very sensitive to 
the combined effect of the elasticity of substitution and climate sensitivity: the higher the climate 
sensitivity and the lower the elasticity of substitution, then the higher the effort of the optimal 
policy response.  
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Figure 4.9  
Changes In Optimal Response’s Structure Across Different Elasticity of Substitution and Climate 
Sensitivity Scenarios-P2: I. Carbon Tax + I. Tech-R&D [Both]-  

 

NOTES: The left panes describe changes in the structure of the optimal policy in the advanced region (AR) and the 
right panes describe changes in the emerging region (ER) for the independent comprehensive policy regime (P2). 
The top panes show results for the individual carbon taxes, the middle panes for R&D subsidies and the bottom pane 
for technology subsidies. Uncertainty values are described using three bins; for the elasticity of substitution these bins 
are defined as low, medium: [5:8) and high: [8:10); for climate sensitivity these bins are defined as low:[3:5) , 
medium:[5:6) and high: [6,7). The legend of each cell represents the mean value of the policy element for the subset 
of futures describe by the intersecting bins (elasticity of substitution and climate sensitivity). The color legend denotes 
the effort level of the policy response: colors towards red denote higher effort policies; colors toward green denote 
lower effort policies. 
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The discount rate is another important factor that influences the structure of the optimal 
policy response. Figure 4.10 describes changes in the structure of the optimal policy across 
different scenarios of the elasticity of substitution and the discount rate. As expected, it shows 
that the strength of the policy response increases as the discount rate diminishes. However, in 
this case it is possible to see that as the elasticity of substitution increases, the influence of the 
discount rate in the structure of the optimal policy diminishes. For high elasticity of substitution 
scenarios it is possible to see that the structure of the optimal policy is insensitive to changes in 
the discount rate. 

The results presented in Figure 4.9 and Figure 4.10 also highlight the importance of 
regional differences in defining the structure of optimal environmental regulation. These results 
show that in the emerging region carbon taxation is always equal or higher than carbon taxation 
in the advanced region. In contrast, the technology policy elements of optimal environmental 
regulation are higher in the advanced region than in the emerging region. Since technologies are 
developed in the advanced region, then the optimal policy prioritizes accelerating technology 
development over taxation in this region, while in the emerging region, higher taxation creates a 
strong market niche for sustainable energy, which is used more effectively by R&D and 
technology subsides that accelerate the technological catching up process.  

Structural Changes in the GCF Comprehensive Policy: “P7. H. Carbon Tax + Co-Tech-
R&D[GCF]” 

In this section I focus on analyzing structural changes in the optimal policy for the case in which 
the GCF includes the co-funding R&D subsidies and technology subsidies across both regions. 
Under this policy regime, both regions set their carbon taxes at the same level, and investments 
in R&D and technology subsidies in the emerging region are financed by both regions (i.e.  

,  ). This policy describes a highly cooperative policy intervention in which 

both regions share resources through the GCF to coordinate across all sectors. It also describes a 
more rigid policy regime in which individual regional adjustments are not possible.  

In the same fashion as in previous cases, Figure 4.11and Figure 4.12 track structural 
changes in the optimal policy across three uncertainties: Figure 4.11 displays changes across 
different scenarios of the elasticity of substitution and the speed of temperature rise, and Figure 
4.12 displays changes across different elasticity of substitution and discount rate scenarios. Note 
that in both figures, the right panes display the combined level of effort in the emerging region 
through the GCF.  
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Figure 4.10  
Changes In Optimal Response’s Structure Across Different Elasticity of Substitution and Discount 
Rate Scenarios- P2: I. Carbon Tax + I. Tech-R&D [Both]- 

 

NOTES: The left panes describe changes in the structure of the optimal policy in the advanced region (AR) and the 
right panes describe changes in the emerging region (ER) for the independent comprehensive policy regime (P2). 
The top panes show results for the individual carbon taxes, the middle panes for R&D subsidies and the bottom pane 
for technology subsidies. Uncertainty values are described using three bins; for the elasticity of substitution these bins 
are defined as low, medium: [5:8) and high: [8:10); for climate sensitivity these bins are defined as low:[3:5) , 
medium:[5:6) and high: [6,7). The legend of each cell represents the mean value of the policy element for the subset 
of futures describe by the intersecting bins (elasticity of substitution and discount rate). The color legend denotes the 
effort level of the policy response: colors towards red denote higher effort policies; colors toward green denote lower 
effort policies.      
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Figure 4.11  
Changes In Optimal Response’s Structure Across Different Elasticity of Substitution and Climate 
Sensitivity Scenarios- P7. H. Carbon Tax + Co-Tech-R&D [GCF]- 

 

NOTES: The left panes describe changes in the structure of the optimal policy in the advanced region (AR) and the 
right panes describe changes in the emerging region (ER) for the comprehensive GCF based policy regime (P7). The 
top panes show results for the individual carbon taxes, the middle panes for R&D subsidies and the bottom pane for 
technology subsidies. Uncertainty values are described using three bins; for the elasticity of substitution these bins 
are defined as low, medium: [5:8) and high: [8:10); for climate sensitivity these bins are defined as low:[3:5) , 
medium:[5:6) and high: [6,7). The legend of each cell represents the mean value of the policy element for the subset 
of futures describe by the intersecting bins (elasticity of substitution and climate sensitivity). The color legend denotes 
the effort level of the policy response: colors towards red denote higher effort policies; colors toward green denote 
lower effort policies.      
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Figure 4.12  
Changes In Optimal Response’s Structure Across Different Elasticity of Substitution and Climate 
Sensitivity Scenarios - P7. H. Carbon Tax + Co-Tech-R&D [GCF]- 

 

NOTES: The left panes describe changes in the structure of the optimal policy in the advanced region (AR) and the 
right panes describe changes in the emerging region (ER) for the comprehensive GCF based policy regime (P7). The 
top panes show results for the individual carbon taxes, the middle panes for R&D subsidies and the bottom pane for 
technology subsidies. Uncertainty values are described using three bins; for the elasticity of substitution these bins 
are defined as low, medium: [5:8) and high: [8:10); for climate sensitivity these bins are defined as low:[3:5) , 
medium:[5:6) and high: [6,7). The legend of each cell represents the mean value of the policy element for the subset 
of futures describe by the intersecting bins (elasticity of substitution and discount rate). The color legend denotes the 
effort level of the policy response: colors towards red denote higher effort policies; colors toward green denote lower 
effort policies.      
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There results show that for this policy regime, the elasticity of substitution is more 
influential in determining the structure of GCF environmental policy than the other two 
uncertainties considered (i.e. climate sensitivity and discount rate). These patterns show that the 
influence of the speed of temperature rise and the discount rate is more noticeable for the low 
elasticity of substitution scenarios than it is for the medium and high elasticity of substitution 
scenarios.  

Contrasting the results described in Figure 4.11 and Figure 4.12 against the results 
displayed in Figure 4.9 and Figure 4.10 points at important differences in the structure of the 
optimal policy between the two policy regimes. These results show that under the GCF (i.e. P7) 
the level of carbon taxation reduces for both regions compared to the level of taxation in the non-
cooperative policy regime (i.e. P2.). It is also possible to see that under the GCF, the optimal 
level of effort in R&D and technology subsidies in the emerging region is one average higher 
than the optimal level of effort in the non-cooperative policy regime. This indicates that under 
the GCF, it is feasible for the emerging region to make higher investments in R&D and 
technology subsidies and reduce the rate of taxation. Similarly, for the advanced region it shows 
that it is possible to reduce the level of carbon taxation by co-funding R&D and technology 
subsidies in the emerging region. Finally, the results show that in the most adverse scenarios 
under the GCF (i.e. low elasticity of substitution and high climate sensitivity) optimal 
environmental regulation requires higher R&D and technology subsidies in the emerging region 
than in the advanced region.  

IV.3.3 Identifying Decision-Relevant Scenarios  

In this section I use scenario discovery methods (Bryant and Lempert, 2010) to understand in 
more detail the conditions under which the different policy regimes considered in the analysis 
fail to meet the  CO2 stabilization targets and/or the temperature rise targets.   

For each policy regime, I classify simulation outcomes into two groups: 1) future 
scenarios in which the policy target is met and 2) future scenarios in which the policy target is 
not met. Then I use scenario discovery cluster-finding algorithms that parse the simulation 
database to provide a concise description of the uncertainty conditions under which the optimal 
policy response meets the climate change targets.  

This process is done iteratively using various combinations of statistical characterizations 
of the uncertainties with the objective of describing the sets of vulnerable futures in a concise 
and decision-relevant cluster.  

In scenario discovery, three statistical measures are used to describe the suitability of a 
decision relevant cluster. Coverage is the percent of total vulnerable futures that are represented 
by the cluster. Density is the percent of futures within the cluster that are vulnerable. 
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Interpretability is the ease by which the uncertainty conditions that defined the cluster can be 
communicated to policy audiences (e.g. decision makers, relevant stakeholders). Generally, the 
fewer dimensions used by the cluster, the easier its interpretation.  In this monograph I use a 
classification algorithm called PRIM (Patient Rule Induction Method)(Friedman and Fisher, 
1999) to support this scenario discovery exercise.   

End-of-Century CO2 Stabilization at 2 °C 

I focus first on using scenario discovery to understand the futures in which end-of-century CO2 
stabilization at 2 °C is no met. These are futures in which CO2 stabilization is not achieved and 
in which end-of-century temperature rise is above 2 °C. From a policy perspective, these 
vulnerable futures are relevant because these can illuminate the vulnerabilities of the optimal 
policy response in meeting the most ambitious climate change policy target.   

Figure 4.13 shows the results of this clustering analysis. The figure shows a series of 
scatter plots of all futures for different policy regimes. Filled circles show non vulnerable cases, 
where the CO2 stabilization and temperature rise targets are met, and open circles indicate 
futures in which one of these two targets is not met. These futures are plotted across the two 
uncertainty dimensions that are found to be most relevant using PRIM: 1) the elasticity of 
substitution and 2) the climate sensitivity to GHG8. High values of the elasticity of substitution 
describe scenarios in which the technologies across sectors are highly substitutable, which are 
more favorable for climate policy. Low values of the elasticity of substitution denote scenarios in 
which sectors are less substitutable, which makes it harder to move away from fossil energy. For 
the case of climate sensitivity, high values describe climate scenarios in which global 
temperature rises rapidly with growing CO2, thus making it harder to keep temperature levels 
below the 2 °C target. Low values are associated with climate scenarios for which global 
temperature rises less abruptly with growing CO2 emissions.  Finally, the shaded regions 
highlighted in red and orange were selected using scenario discovery to describe these sets of 
vulnerable futures. 

These shaded regions define decision-relevant scenarios that best describe the 
vulnerability conditions of each policy. Table 4.4 provides a detailed description of the boundary 
conditions of each scenario box, as well as the corresponding coverage and density statistics that 
describe to which extend these scenario boxes adequately capture the vulnerable conditions of 
each policy.  

The results presented in Figure 4.13 and Table 4.4 show that the vulnerability region 
varies slightly across the different environmental policy regimes. For the independent 

                                                            
8 Climate sensitivity to GHG is represented by the value of parameter “β” in equation (e3). Thus this parameter 
describes how much temperature rises for a fixed level of CO2 emissions. More adverse climate scenarios are 
associated with higher values of “β”, less adverse climate scenarios are represented by lower values of “β”. 
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comprehensive policy (“P2 I. Carbon Tax+I. Tech-R&D[Both]”), the vulnerability region is 
defined solely by the elasticity of substitution. The optimal policy under this regime fails to meet 
the stabilization target in all scenarios that do not display a high elasticity of substitution.  For the 
other three policy regimes, the vulnerability region is described both by the elasticity of 
substitution and climate sensitivity. Scenario box 1 describes “high climate sensitivity futures”, 
while Scenario box 2 describes “medium-to-low elasticity of substitution scenarios”. Differences 
in the vulnerable region exists among these three policy architectures, namely that the 
comprehensive GCF policy (“P7. H. Carbon Tax +Co-Tech-R&D[GCF]”) shows a greater area 
of success than the other three policy architectures.   

Figure 4.13  
PRIM Boxes Describing Decision Relevant Scenarios 

 

NOTES: Filled circles show non vulnerable cases, where the CO2 stabilization and temperature rise targets are met, 
and open circles indicate futures in which one of these two targets is not met. These futures are plotted across the 
two uncertainty dimensions that are found to be most relevant using PRIM: 1) the elasticity of substitution and 2) the 
climate sensitivity to GHG. 
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Box1
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Table 4.4  
Scenario Discovery Analysis Summary Results For Stabilization Target 

Policy Name 
Scenario 

Box 
Scenario Description Coverage Density 

P2. I. Carbon Tax +  
      I. Tech-R&D[Both] 

Box1  Elasticity of Substitution < 9.0 
99% 

(445/447) 
93% 

(413/447) 

P4. H. Carbon Tax +  
      Co-Tech[GCF] +  
      I. R&D[Both] 

Box1  Climate Sensitivity to GHG >4.5 
53% 

(237/447) 
80% 

(190/237) 

Box2 
 Elasticity of Substitution <8.0 
 Climate Sensitivity to GHG <4.5 

45% 
(202/447) 

95% 
(182/202) 

P6. H. Carbon Tax + 
      Co-R&D[GCF]+ 
      I.Tech[Both] 

Box1 
 Elasticity of Substitution <9.5 
 Climate Sensitivity to GHG >4.0 

86% 
(392/455) 

87% 
(341/392) 

Box2 
 Elasticity of Substitution <7.6 
 Climate Sensitivity to GHG <4.0 

13% 
(60/455) 

100% 
(60/60) 

P7. H. Carbon Tax +  
      Co-Tech-R&D[GCF] 

Box1 
 Elasticity of Substitution <9.5 
 Climate Sensitivity to GHG >5.5 

30% 
(130/435) 

97% 
(126/435) 

Box2 
 Elasticity of Substitution <8.0 
 Climate Sensitivity to GHG >5.5 

70% 
(305/435) 

97% 
(296/305) 

NOTES: The table summarizes the statistical properties (i.e. coverage and density) of the scenario boxes describing 
the vulnerability conditions of each policy regime. The quantitative thresholds defining each scenario box are listed.  

These results also show that out of the three uncertainties considered in this analysis: 1) 
elasticity of substitution, 2) climate change uncertainty and 3) the discount rate, only the first two 
determine whether or not the optimal policy achieves the objective of stabilizing CO2 emissions 
at sustainable levels before the end of the century. Arguably, out of these two factors, the 
elasticity of substitution plays a more fundamental role in determining the vulnerability of the 
policy response, as all scenarios that display medium to low elasticity of substitution are 
vulnerable across all policy regimes, while high speed temperature rise scenarios induce 
vulnerability at high elasticity of substitution scenarios for three out of the four policy regimes 
considered.  

End-of-Century 2 °C Temperature Rise Target 

The end-of-century 2 °C temperature rise target is met in a greater number of futures than the 
stabilization target. This implies that the former is a more achievable target than the later. 
Certainly, meeting the stabilization target would be highly beneficial as this would imply that 
climate change would not be a prevailing public policy problem after the end of the century; 
however, the results show that this target is met only under very favorable economic and 
environmental circumstances.  
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From a policy perspective, the 2 °C temperature rise target is also very relevant because 
although climate regulation would still be necessary after the end of the century, meeting this 
objective would guarantee that temperature rise levels would remain within sustainable limits 
during this century.  

Scenario discovery results for this type of vulnerability are presented in Figure 4.14. Each 
pane displays a histogram describing the temperature rise target results across the 600 futures 
considered for each policy regime. The histograms are colored to signify the futures that are 
described by the different scenario boxes identified (red, orange and light yellow) and those 
futures that are not vulnerable (green). Boundary conditions and the corresponding statistics are 
highlighted for each scenario box.     

These results show that the elasticity of substitution is also highly influential in 
determining vulnerability conditions. For instance, the vulnerability of the independent carbon 
tax regime (“P1: I. Carbon Tax [Both]”) with respect to the 2 °C temperature rise target can be 
described entirely by those scenarios that display medium-to-low elasticity of substitution. For 
the other more comprehensive policy regimes, vulnerability conditions of the optimal policy are 
described by three different scenario cluster: 1) low elasticity of substitution, 2) medium 
elasticity of substitution and high speed of temperature rise, and 3) high discount rate scenarios.  
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Figure 4.14  
Scenario Discovery Analysis Summary Results For Temperature Rise Target 

 

NOTES: Each pane displays a histogram describing the temperature rise target results across the 600 futures considered for each policy regime. The histograms 
are colored to signify the futures that are described by the different scenario boxes identified (red, orange and light yellow) and those futures that are not 
vulnerable (green). Boundary conditions and the corresponding statistics are highlighted for scenario box. 
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IV.4 Robust Mapping of Optimal Policy Response  

The exploratory analysis describes vulnerability conditions individually for each policy regime 
for the two relevant objectives considered. These results also show that for some futures it is 
possible to meet the climate policy objectives using different policy regimes. Thus, it is also 
important to analyze under which uncertainty conditions one policy regime is preferred over the 
other.  

In line with the RDM framework, I employ the robustness criteria developed by Lempert 
et al. (2006) to map the alternative policy regimes across the uncertainty space under 
consideration. For this mapping process, I calculate the performance regret of alternative 
strategies. This regret metric is the difference between the performance of a future strategy, 
given a value a function, and the best performing strategy for that same future. Formally:  

, , ,                                 (e46) 

where “j” refers to one of the policy regimes under consideration (i.e. Table 4.2), “f” refers to a 
particular future (i.e. combination of uncertainties) and “V()” denotes the value function use to 
evaluate the performance of alternatives strategies. In my modeling framework, this value 
function is given by:  

 , , ,                                    (e47) 

where uj,f
A and uj,f

E denote the utility of consumers in the advanced and emerging regions for 
policy regime “j” and future “f”. Note that as defined in equation (e19), consumers’ utility is a 
function of the level of consumption and the quality of environment. This means that under this 
value function, the performance of each policy regime is evaluated in terms of both its 
environmental and economic costs.  

Finally, for each future “f”, I compare performance regret of all policy regimes and 
choose the policy alternative “j” that minimizes regret, formally: 

	 ,                                       (e48) 

Figure 4.15 depicts the results of this mapping process. Each cell in this map describes 
the intersection of different uncertainty conditions. In this map, I transform the continuous 
uncertainty dimensions into categorical levels. For each uncertainty dimension, these levels are 
defined as follows:  
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The label and the color legend in each cell denote the corresponding least regret policy. 
Rows describe the different elasticity of substitution bins. Columns denote combinations of 
climate sensitivity and discount rate scenarios.  

The results presented in Figure 4.15 show that under this mapping framework, GCF 
cooperation represented by policy regimes P3 through P7 is always preferred over non GCF 
cooperation, which is represented by policy regimes P1 and P2. The results also show that only 
under few scenarios the discount rate influences the least regret policy selected. For instance, for 
futures that combine high climate sensitivity and medium substitution, the least regret policy for 
the high discount rate scenarios is “P4: H. Carbon Tax + Co-Tech[GCF] + I. R&D[Both]”, 
while for the low and medium discount rate scenarios, the least regret policy is “P6: H. Carbon 
Tax + Co-R&D[GCF]+I. Tech[Both]”. Then for this combination of elasticity of substitution 
and climate sensitivity conditions, it is possible to see that the discount rate determines the focus 
of GCF cooperation. For discount rate scenarios in which short-term outcomes are more 
important (i.e. high discount rate), then the least regret policy regime selected (i.e. “P4”) uses the 
GCF for co-funding of technology subsidies, while each region independently funds their R&D 
policy programs. In contrast, for discount rate scenarios in which long-term outcomes are more 
important (i.e. low and medium discount rates), then the focus of cooperation changes from co-
funding of technology subsides to co-funding of R&D programs.  

This map also highlights the role of the elasticity of substitution and of climate sensitivity 
in determining the least regret policy. In the first case, it is possible to see that the degree of 
cooperation is inversely proportional to the elasticity of substitution, this is: the lower the 
elasticity of substitution, the higher the level of cooperation. In the second case, the level of 
cooperation is proportional to the level of climate sensitivity: the higher the climate sensitivity, 
the higher the level of cooperation, the exceptions are those cases in which the discount rate also 
influences the least regret policy selected.   
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These mapping of alternatives shows that cooperation through the GCF is the least-regret 
policy alternative to achieve the CO2 stabilization and/or the two degrees Celsius temperature 
rise targets. However, the cost and effectiveness of cooperation changes across the uncertainty 
space, such that full cooperation is the more robust alternative under the “low elasticity of 
substitution and low climate sensitivity” scenarios and under the “medium elasticity of 
substitution and medium climate sensitivity” scenarios. The simplest policy regime “P3: H. 
Carbon Tax + Co-Tech[GCF]+R&D[AR]” is the least-regret alternative only under the most 
favorable scenario: “high elasticity of substitution and low climate sensitivity”, while for the 
remaining scenarios, the policy regime “P4: H. Carbon Tax + Co-Tech[GCF] + I. R&D[Both]” 
is the policy most frequently selected.   

Figure 4.15  
Robust Mapping of Policy Alternatives 

  

NOTES: Each cell in this map describes the intersection of different uncertainty conditions. The label and the color 
legend denote the corresponding least regret policy. Rows describe the different elasticity of substitution bins. 
Columns denote combinations of climate sensitivity and discount rate scenarios. 
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IV.5 Summary  

This chapter describes an RDM study that focuses on understanding the role that climate change 
deep uncertainty has on the structure and effectiveness of optimal environmental regulation 
across advanced and emerging regions.  

The EDIAM model is used as the scenario generator in this RDM study. The scope of the 
computational experiment in the study considers eight different policy regimes and six hundred 
different futures. These scenarios combine three sources of uncertainty: climate change, 
elasticity of substitution and discount rate uncertainty. The performance of the different policy 
regimes is evaluated in terms of the end-of-century conditions. Particularly, the performance of 
each policy regime is evaluated in terms of its capacity to meet two climate change objectives: 1) 
the stabilization of CO2 emissions and 2) the two degrees Celsius temperature rise target. 

The analysis shows that the structure of optimal environmental regulation changes 
markedly across the uncertainty space. The results show that the optimal policy response is most 
affected by climate uncertainty and the elasticity of substitution uncertainty. In particular, the 
strength of the optimal policy response is directly proportional to the level of climate sensitivity 
to GHG, and inversely proportional to the gross elasticity of substitution between the sustainable 
energy and fossil energy sectors. I also show that the discount rate does affect the structure of the 
optimal policy response, but its influence is less significant when compared to the influence of 
climate sensitivity and gross substitution.   

The comparison of GCF based policy regimes and non-GCF policy regimes shows that 
the GCF does affect the structure of environmental regulation. These results show that under the 
GCF the level of carbon taxation reduces for both regions compared to the level of taxation in 
the non-cooperative policy regimes. Also under the GCF, the optimal level of effort in R&D and 
technology subsidies in the emerging region is one average higher than the optimal level of effort 
in the non-cooperative policy regime. This indicates that under the GCF, it is feasible for the 
emerging region to make higher investments in R&D and technology subsidies and reduce the 
rate of taxation. Similarly, for the advanced region it is shown that it is possible to reduce the 
level of carbon taxation by co-funding R&D and technology subsidies in the emerging region.  

Scenario discovery methods (Bryant and Lempert, 2010) are used to describe the 
vulnerability conditions of the different policy regimes.  These results show that the objective 
stabilizing CO2 emissions below two degrees Celsius before the end of the century is rarely met. 
Two decision relevant scenarios describe this type of vulnerability: 1) high climate sensitivity to 
GHG and 2) medium-low elasticity of substitution. In contrast, the two degrees Celsius 
temperature rise target without CO2 stabilization is met in a greater number of cases. For both 
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types of vulnerability the role of discount rate in defining the vulnerability conditions is found to 
be minimal.  

Finally, I implement robustness criteria to map the least-regret policy across the entire 
uncertainty space. This mapping process shows that cooperation through the GCF is the least-
regret policy alternative to achieve the CO2 stabilization and/or the two degrees Celsius 
temperature rise targets. Yet, it is shown that the architecture of cooperation changes across the 
uncertainty space, such that full cooperation is the more robust alternative under the “low 
elasticity of substitution and low climate sensitivity” scenarios and under the “medium elasticity 
of substitution and medium climate sensitivity” scenarios, while for the majority of scenarios, the 
policy regime “P4” which combines GCF-technology subsidies and independent R&D efforts 
across regions is found to be most robust policy regime.  
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CHAPTER V  

Mapping Optimal Climate Policy Across Multiple Climate and 
Technological Scenarios 
 

V.1 Introduction 

This chapter presents an expansion of the RDM study described in chapter four. This expansion 
focuses on analyzing the interplay of climate and technological uncertainty in the context of 
optimal environmental regulation across advanced and emerging nations. In addition, in this 
chapter I used recent expansions of RDM methods and concepts for developing a dynamic 
architecture of cooperation under the GCF.  

In section V.2 I describe how RDM methods can be combined with integrated assessment 
models (IAMs) to analyze jointly climate change and technological uncertainties. I also describe 
the expanded elements of this RDM study. The uncertainties (X) considered include 12 CMIP5 
climate change scenarios and 300 scenarios which combine different elasticity of substitution 
and technological properties, yielding a total of 3,600 different futures. Eight policy regimes (L) 
and two climate change policy targets are taken into consideration (M) in the analysis and the 
EDIAM model (R) is used as the scenario generator in this study. A set of illustrative simulation 
runs show that technological uncertainty on its own merit can have significant impacts on the 
structure and effectiveness of optimal environmental regulation.    

The analysis presented in section V.3 describes how the structure of the optimal policy 
response changes across the uncertainty space and how the GCF based policy regimes influence 
the structure and effectiveness of policy intervention. I find that the structure of optimal 
environmental regulation is strongly influenced by the GCF, such that in the most adverse 
climate and technological futures, the GCF enables a stronger policy response in the emerging 
region which would not be possible otherwise. Yet, I also find that under the most favorable 
scenarios, comprehensive GCF cooperation may lead unnecessarily to high cost policy 
interventions.   

In section V.4 I combine traditional scenario discovery methods (Bryant and Lempert, 
2010) with high-dimensional stacking methods (Suzuki, Stern and Manzocchi, 2015; Taylor et 
al., 2006; LeBlanc, Ward and Wittels, 1990) for describing the vulnerability conditions of 
different policy regimes. This yields quantitative descriptions of the vulnerability conditions of 
different policy regimes. The results show that the objective of stabilizing CO2 emissions before 
the end of the century is met under a limited number of futures that describe favorable climate 
and technological conditions. In contrast the two degrees Celsius target (without CO2 
stabilization) can be met in a greater number of futures.   
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I also find that different policy regimes are more effective under different uncertainty 
conditions and that for various scenarios it is possible to meet the climate change targets through 
more than one policy regime. I use robustness criteria to map the least cost regret policy response 
across the uncertainty space. This mapping process shows that that there is not one single policy 
regime that dominates over the entire uncertainty space. On the contrary, my analysis shows that 
by combining different types of policy architectures (i.e. GCF based and non-GCF based) it is 
possible meet one or the two climate change policy targets in a greater number of futures.  

Finally, in section V.6, I describe a method by which it is possible to combine the results 
of scenario discovery and of the robust mapping analysis to construct a dynamic architecture of 
low cost technological cooperation. This dynamic architecture consists of adaptive pathways that 
describe near-term actions and different effort levels of technological cooperation that are 
triggered with unfolding climate and technological conditions.  

V.2 Addressing the Uncertainty Loop in IAMs Using RDM Methods 

In this chapter I expand the RDM analysis presented thus far by considering the interaction of 
both climate and technological uncertainty. As in the case of other IAMs considering 
technological and climate deep uncertainty is relevant for the modeling framework described in 
chapter three. The interaction of these two sources of uncertainty in IAMs is commonly referred 
as the IAMs’ uncertainty loop (Roberts, 2015).  

Figure 5.1 describes the workings of this uncertainty loop in the context of the EDIAM 
modeling framework. The arrows indicate the links among the different elements in the system. 
The technological and climate change feedbacks are indicated such that these two sources of 
uncertainty affect both the structure and the effectiveness of the optimal policy response.   

Figure 5.1 indicates that different technological scenarios lead to different feasible 
greenhouse emission levels. Similarly, for a fix level of GHG emissions, different climate 
scenarios describe different plausible temperature rise levels. Figure 5.1 also shows that both 
sources uncertainty endogenously determine the structure of the optimal policy response in the 
modeling framework used in this RDM study. For instance, as shown in chapter four, the 
intensity of the optimal policy response is proportional to the climate sensitivity of different 
climate change scenarios: the more sensitive the climate system is to GHG emissions, the more 
intense is the policy response.  
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Figure 5.1  
Climate Uncertainty Loop In The Context Of The Optimal Policy Response 

 

NOTES: Each box represents a different element of the modeling framework used in this study. The arrows link these 
different elements to describe the circular causality links (i.e. loops) that influence the structure and effectiveness of 
the policy response. The question marks indicate that deep uncertainty is associated with these causal links.  
  

Technological change uncertainty also influences the structure of the policy response in a 
similar way. However, in this case, the technological characteristics of both the SETs sector and 
the FETs sector simultaneously determine the intensity of the policy response. For instance, if 
the technological characteristics of the SETs sector are more favorable for innovation than the 
characteristics of the FETs sector, then the intensity of the policy response is lower than in the 
case in which the FETs sector displays more favorable technological characteristics. 

In the context of climate change policy it is fundamental to study how different policy 
proposals are affected by the dynamics of this uncertainty loop. In this chapter, I use RDM 
methods to study the implications of these two uncertainty sources in the context of different 
proposals for international optimal environmental regulation and cooperation. For this, I expand 
the RDM analysis described in chapter four by considering also different technological scenarios 
for the SETs and FETs technological sectors.   

V.2.2 Technological Change Uncertainty (X) 

I describe the technological characteristics of innovation in the SETs and FETs sectors through 
three different properties. R&D returns (i.e. parameter “γ” in equation e23 and e24 ) describe the 
average positive change in technological productivity yield by R&D investments in a particular 
sector. Innovation propensity (i.e. parameter “η” in equation e23 ) describes the probability of 
developing and successfully commercializing new energy technologies in a particular sector. 
Finally, transferability (i.e. parameter “ν” in equation e24) describes emerging regions’ capacity 
to successfully imitate and adapt foreign energy technologies in its energy market.   

I use these technological properties to develop a large set of technological scenarios and 
study the implications of these scenarios in the structure and effectiveness of the optimal policy 
response. The resulting ensemble is diverse and complex as it considers interactions of these 
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characteristics across both technological sectors. For instance, by combining these technological 
properties it is possible to develop scenarios in which the transferability of SETs is higher than 
the transferability of FETs, but that at the same time, R&D returns and innovation propensity are 
higher in the FETs sector.  

In order to illustrate the potential effects that these alternative technological scenarios 
may have in the context of the optimal policy response across regions, in the following 
paragraphs I describe the sensitivity of the system across each one of these technological 
properties.  

Returns to R&D  

I explore the potential implications of varying levels of R&D returns across both technological 
sectors by considering three contrasting scenarios. The first scenario depicts a condition in which 
the R&D returns in SETs are lower than in FETs (i.e. γset/γfet=0.7). The second scenario 
considers a condition in which the R&D returns across both sectors are equal (i.e. γset/γfet=1.0). 
The third scenario describes the case in which R&D returns in are higher in SETs than in FETs.  

Figure 5.2 presents simulation results for these three technological change scenarios. For 
these simulations runs all other parameters are held constant, including the other two 
technological parameters (i.e. ηset= ηfet=0.02 and νset= νfet=0.02).  Thus these results focus on 
exemplifying the effect that alternative R&D returns scenarios can have on the structure of the 
optimal policy response and on the dynamics of technological change across both regions.  The 
left pane describes temperature rise dynamics for the three technological scenarios (shape 
legend); the structure of the optimal policy response is indicated for the three scenarios. The right 
pane presents for each scenario the dynamics of technological change in the emerging region 
(grey lines) and in the advanced region (black lines). In the latter, technological change dynamics 
are represented by comparing the technological productivity of both sectors (i.e. Afet/Aset). The 
dash line indicates the threshold at which both technological sectors are equally productive. 

Figure 5.2 shows that alternative R&D returns scenarios can yield quite different 
outcomes. For instance, the simulation results between the scenarios of low relative R&D returns 
(i.e. γset/γfet=0.7) and the high relative R&D returns (i.e. γset/γfet=1.3) display differences in the 
structure of the optimal policy response and also in the dynamics of temperature rise and 
technological change. In the first case (i.e. γset/γfet=0.7) temperature rise continues rising, while in 
the second case (i.e. γset/γfet=1.3) temperature rise is kept below the 2 °C target. The structure of 
the optimal policy response displays a notable difference in terms of the duration of policy 
intervention, differing by over one hundred years across both scenarios.  
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Figure 5.2  
Effect of Different Relative R&D Returns (γset/γfet) Scenarios on Optimal Policy Response’s 
Structure and Effectiveness 

 
NOTES: The figure describes the effect that different R&D returns scenarios can have on the structure of the optimal 
policy response and on the dynamics of technological change across both regions.  The left pane describes 
temperature rise dynamics for the three technological scenarios (shape legend); the structure of the optimal policy 
response is indicated for the three scenarios. The right pane presents for each scenario the dynamics of 
technological change in the emerging region (grey lines) and in the advanced region (black lines). Technological 
change dynamics are described by comparing the technological productivity of both sectors (i.e. Afet/Aset). The dash 
line indicates the threshold at which both technological sectors are equally productive. 

The dynamics of technological change are substantially different across scenarios. In 
particular it is possible to see that variations in R&D returns have a higher impact in the 
technological dynamics in the emerging region than in the advanced region. For instance, for the 
two technological scenarios in which R&D returns in SETs are equal or higher than R&D returns 
in FETs, it is possible to see that policy intervention accelerates the development of SETs in such 
a way that its productivity catches-up with the productivity of the FETs sector in relatively the 
same period of time in both regions. In contrast, for the scenario in which R&D returns are 
higher in the FETs sector, the time required for matching the productivity of FETs differs 
significantly across both regions: in the advanced region it takes approximately 150 years to do 
this, while in the emerging region it takes over 200 years to reach this threshold.   

Innovation Propensity  

I also explore the implications of considering different innovation propensity scenarios for both 
sectors. For this, I consider three different scenarios: one scenario in which SETs’ innovation 
propensity is lower than FETs’ innovation propensity (i.e. ηset/ηfet=0.7), another scenario in 
which the innovation propensity is the same in both sectors (i.e. ηset/ηfet=1.0) and a final scenario 
in which SETs’ innovation propensity is higher than FETs’ innovation propensity (i.e. 
γset/γfet=1.3).    
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Figure 5.3 presents the simulations results for these three scenarios using the same layout 
as in the experiment described above. Similarly, for these simulations runs all other parameters 
are held constant, including the other two technological parameters (i.e. γset= γfet=0.25 and νset= 
νfet=0.02). These simulations highlight the potential impact that different levels of innovation 
propensity can have in the policy response and the resulting technological transition dynamics.  

Figure 5.3 
Effect of Different Relative Innovation Propensity (ηset/ηfet) Scenarios on Optimal Policy 
Response’s Structure and Effectiveness 

 
NOTES: The figure describes the effect that different innovation propensity scenarios can have on the structure of the 
optimal policy response and on the dynamics of technological change across both regions.  The left pane describes 
temperature rise dynamics for the three technological scenarios (shape legend); the structure of the optimal policy 
response is indicated for the three scenarios. The right pane presents for each scenario the dynamics of 
technological change in the emerging region (grey lines) and in the advanced region (black lines). Technological 
change dynamics is described by comparing the technological productivity of both sectors (i.e. Afet/Aset). The dash 
line indicates the threshold at which both technological sectors are equally productive. 

As expected, the results displayed in Figure 5.3 show that different innovation propensity 
scenarios can also lead to very different outcomes. In fact, the effect of alternative innovation 
propensity scenarios on the structure and on the effectives of the optimal policy response is very 
similar to the effect of different R&D returns scenarios. For instance, the left pane also shows 
that temperature rise trajectories are diverging across scenarios, while the right pane shows that 
technological change dynamics in the emerging region are more influenced by alternative 
innovation propensity scenarios than the technological dynamics in the advanced region.  

Technological transferability 

Finally I explore the potential impact of alternative transferability scenarios. In a similar fashion 
to the previous two cases, I compare simulations results across three different transferability 
scenarios. The first scenario describes a condition in which the transferability of FETs is higher 
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than the transferability of SETs (i.e. νset/νfet=0.7). The second scenario considers the case in 
which transferability is the same across both sectors (i.e. νset/νfet=1.0). Finally, the third scenario 
describes a condition in which the transferability of SETs in higher than the transferability of 
FETs (i.e. νset/νfet=1.3).   

Figure 5.4 displays the simulations results for these three illustrative technological 
scenarios. In the same fashion as in the previous two cases, for these simulation runs the other 
technological parameters are held constant (i.e. γset= γfet=0.25 and ηset= ηfet=0.02). Therefore, 
these results illustrate the potential effect that alternative transferability levels can have on the 
structure and on the effectiveness of optimal environmental regulation.  

Figure 5. 4 
Effect of Different Relative Transferability (νset/νfet) Scenarios on Optimal Policy Response’s 
Structure and Effectiveness 

 
NOTES: The figure describes the effect that different transferability scenarios can have on the structure of the optimal 
policy response and on the dynamics of technological change across both regions.  The left pane describes 
temperature rise dynamics for the three technological scenarios (shape legend); the structure of the optimal policy 
response is indicated for the three scenarios. The right pane presents for each scenario the dynamics of 
technological change in the emerging region (grey lines) and in the advanced region (black lines). Technological 
change dynamics is described by comparing the technological productivity of both sectors (i.e. Aset/Afet). The dash 
line indicates the threshold at which both technological sectors are equally productive. 

The results presented in Figure 5.4 show that the transferability of technologies from the 
advanced region to the emerging region can also lead to contrasting outcomes. For instance it is 
possible to see that for the case in which FETs transferability is higher than SETs transferability, 
temperature rise continues rising throughout the simulation runs; however, it is worth noting that 
in comparison to the R&D returns and the innovation propensity scenarios, temperature rise 
occurs at a slower rate. This less impactful effect occurs because alternative transferability 
scenarios only affect technological change dynamics in the emerging region.  
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The right pane in Figure 5.4 shows that when the transferability of FETs is greater than 
the transferability of SETs, this delays substantially the transition towards SETs in the emerging 
region. Interestingly, in the opposite case, when the transferability of SETs is higher than the 
transferability of FETs, it is possible to see that in the emerging region the productivity of SETs 
crosses over slightly sooner than in the advanced region. This technological transition pattern 
shows that under this type of transferability scenario optimal environmental regulation induces a 
more rapid transition towards SETs in the emerging region than in the advanced region. It is 
important to note that this scenario does not entail that the SETs sector in the emerging region 
becomes more developed that the SETs sector in the advanced region. In fact, this is not possible 
because in this modeling framework the technological frontier is only pushed forward by 
entrepreneurs in the advanced region. Yet, this result shows that even though the SETs and FETs 
sectors in the emerging region are less developed than those in the advanced region, under these 
conditions, the SETs sector in the emerging region catches-up faster with the FETs sector. 

The preceding discussion is useful to illustrate the potential and interesting effects that 
alternative technological change scenarios can have on both the structure of optimal 
environmental regulation across regions and also on the effectiveness of policy intervention. 
However, it is possible to conduct a much richer exploration of technological uncertainty by 
combining different values of these technological properties across both sectors. For this 
purpose, I developed a sample of 300 different combinations of these parameters across the 
limits describe in Table 5.1 using a Latin Hypercube design. The sample size was defined based 
on the computational resources available for this research (i.e. 60 CPUs) and based on the 
resolution level required for conducting the subsequent scenario discovery analysis. For the latter 
requirement, I compared the resolution of various alterative sample designs and only considered 
those that provided a sufficient number of scenarios (i.e. more than 100) across different 
combinations of the uncertainty dimensions. Note that the elasticity of substitution is included in 
this LHC sample design.   

Table 5.1  
Parameters’ Value Ranges Explored Using LHC Sampling 

Parameter 
Name 

 
Min Max Units 

ε 3.0 10.0 [1] 

ηset 0.013  0.027 [per year] 

ηfet 0.013 0.027 [per year] 

γset 0.17   0.33 [per year] 

γfet 0.17  0.33 [per year] 

νset 0.013 0.027 [per year] 

νfet 0.013 0.027 [per year] 

NOTES: The table lists the range of parameters’ values explored using LHC sampling to develop the 300 
technological scenarios considered in this study.   
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V.2.3 Expanded Experimental Design 

I use the elements described in the previous section to expand the experimental design used in 
chapter four.  This allowed me to conduct a large computational experiment that explores the 
interplay of different climate change scenarios, different technological scenarios and also 
different policy architectures. Therefore, I used a mixed experimental design in this study, 
comprising of both factorial and Latin Hypercube Sampling across the uncertain exogenous 
factors. This experimental design includes:  

 12 Climate scenarios (full factorial sampling) 

 300 Technological scenarios (LHC sampling) 

I considered all possible combinations of these uncertain exogenous factors for 
developing individual future scenarios, which results in 3,600 different futures.  

The eighth policy regimes described in chapter four are analyzed against this common set 
of futures, yielding a total of 28,800 cases considered. Each simulation case was run using the 
modeling framework described in chapter three for a period of 300 years. For each inputs 
combination and policy regime an optimal policy response is estimated. The parameters listed in 
Table 5.2 are held constant in the experimental design.  

Table 5.2  
Constant Parameters’ Values in Experimental Design 

Parameter 
Name 

 
Value 

Parameter 
Name 

Value 

α 0.33 ωfet 0 

ρ 0.8% [per year] rA 0 

λ 0.1443 rE 0 

σ 2.0 YA
set,2012 43.5  [Q BTU] 

ξ 0.01 YA
fet,2012 191.7 [Q BTU] 

δ 0.0018 YS
set,2012 28.2   [Q BTU] 

ωset 0 YS
fet,2012 260.7 [Q BTU] 

NOTES: Constant parameters’ values used in the simulation experiment are listed.  

Finally, Table 5.3 summarizes the scope of the experimental design of this study using the 
XLRM framework.  
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Table 5.3  
XLRM Summary of Climate and Technological Uncertainty Analysis 

Uncertainties (X) Policy Levers (L) 

Climate Uncertainty: 

 12 Climate Scenarios 

Technological Uncertainty:  

 300 scenarios, combining:  
o Elasticity of Substitution 
o R&D Returns SETs 
o R&D Returns FETs 
o Innovation Propensity SETs 
o Innovation Propensity FETs 
o Transferability SETs 
o Transferability FETs    

 P0. FWA (Future Without Action) 
 P1. I. Carbon Tax [Both] 
 P2. I. Carbon Tax + I.Tech-

R&D[Both] 
 P3. H. Carbon Tax + Co-

Tech[GCF]+R&D[AR] 
 P4. H. Carbon Tax + Co-Tech[GCF] 

+ I. R&D[Both] 
 P5. H. Carbon Tax + Co-

R&D[GCF]+Tech[AR] 
 P6. H. Carbon Tax + Co-

R&D[GCF]+I. Tech[Both] 
 P7. H. Carbon Tax + Co-Tech-

R&D[GCF] 

System Relationships (R) Metrics (M) 

 Exploratory Dynamic Integrated 
Assessment Model (EDIAM) 

 End-of-century temperature rise 

 Stabilization of GHG emissions 

 Economic costs of policy 
intervention 

NOTES: The main components of the exploratory analysis are grouped according to four different categories: 1) the 
deep uncertainty scenarios taken into account (i.e. 12 climate scenarios and 300 technological scenarios), 2) the 
policy regimes analyzed (i.e. 8 different policy regimes, 3) the system relationship that links actions to consequences 
(i.e. EDIAM model), and 4) the metrics considered to analyze the performance of different policies. 

V.3 Dynamics of the Optimal Response Across Multiple Futures 

V.3.1 Performance of Optimal Environmental Regulation Across Many Climate 
Change and Technological Futures 

Results from the simulations runs generated by this expanded experimental design are shown in 
the scatter plots of Figure 5.5. Each point in these plots shows the end-of-century simulation 
outcome for a single future. The horizontal axis denotes the share of sustainable energy used in 
secondary energy production in the emerging region. The vertical axis shows the share of 
sustainable energy used in secondary energy production in the advanced region.  The size of the 
points reflects the type of policy response, the smaller points denote policies that include the 
FWA and the two non-GCF policies (i.e. P1 and P2), bigger points indicate GCF based policies 
(i.e. P3, P4, P5, P6 and P7). The color indicates end-of-the century temperature rise, the green 
points describe temperature rise conditions closer to the 2 °C target, while red points describe 
temperature rise conditions closer to the environmental disaster condition of 6 °C. Figure 5.5 
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includes four panes; each pane displays results for a different climate scenario. For illustrative 
purposes only the effect of four climates are displayed in this figure.  

Figure 5.5  
Example of Experiment Results Across Different Climate and Technological Scenarios 

 

NOTES: Each point describes an individual future through the penetration of sustainable primary energy as percent 
of total secondary energy production for the emerging region (x-axis) and for the advanced region (y-axis). The size 
of the points reflects the type of policy regime, the smaller points denote policy regimes which include the FWA and 
the two non-GCF policies (i.e. P1 and P2), and bigger points indicate GCF based policies (i.e. P3, P4, P5, P6 and 
P7). The color legend denotes end-of-the century temperature rise, the green points describe temperature rise 
conditions closer to the 2 °C target, while red points describe temperature rise conditions closer to the environmental 
disaster condition of 6 °C. The figure includes four panes; each pane displays results for a different climate scenario. 

Figure 5.5 shows that simulation results for this expanded experimental design are more 
diverse and complex than the results presented in chapter four. For instance, it is possible to see 
that for a minority of futures, the no action policy case (P0. FWA) avoids environmental collapse 
by the end of the century because renewable energy reaches high penetration levels in the 
advanced region, although for the majority of these cases end-of-century temperature rise 
remains above the 2 °C target. These results also show that the combination of technological and 
climate change uncertainty leads to highly heterogeneous results for both non-GCF based policy 
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architectures and GCF based policy designs. For these two policy regimes, simulation results 
show that these comprehensive policies generally achieve higher penetration level of sustainable 
energy; however the degree of success varies widely across different technological and climate 
scenarios. For example, in a number of futures, the penetration of sustainable energy is lower in 
the emerging region than in the advanced region and, as a result, temperature rise levels remain 
above the 2 °C target.  

Figure 5.6 describes the distribution of results across all futures considered (i.e. 3,600) 
for all policy regimes. These box plots summarize the distributional pattern alone without 
making any assumption about the likelihood of any of the futures.  The right pane shows the 
distribution of costs and the lefts pane shows the end-of-century temperature levels. The cost of 
policy intervention is estimated by calculating the end-of-century present value (PV) of 
consumption changes induced by policy intervention. For each future, I estimate the difference in 
present value consumption (i.e. equation e42) between the FWA action case and the policy 
intervention case. Thus, policy intervention costs represent end-of-century economic activity 
changes with respect to the future in which energy production and consumption are not affected 
by optimal environmental regulation (i.e. laissez-faire economic outcome). 

Figure 5.6  
Box Plot Summaries Describing End-of-Century Temperature and Intervention Costs for Different 
Policy Regimes 

 

NOTES: Distribution of results across all futures considered (i.e. 3,600) for all policy regimes. This box plots 
summarize the distributional pattern alone without making any assumption about the likelihood of any of the futures. 
The right pane shows the distribution of costs and the lefts pane shows the end-of-century temperature levels. 
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Figure 5.6 highlights interesting features of the optimal policy response across this 
experimental design. The left pane shows that in some cases the comprehensive environmental 
policy is unable to keep end-of-century temperature rise below environmental disastrous levels. 
This exemplifies clearly the potential complications that can arise in the face of adverse climate 
and technological scenarios (i.e. climate scenarios highly sensitive to GHG emissions and 
technological scenarios favorable for FETs).  The right pane shows that economic outcomes of 
policy intervention are equally diverse. It shows that policy intervention can be quite costly: in 
some futures consumption levels can be reduced by as much as thirty percent. Yet it also shows 
that in some futures, policy intervention is not costly, resulting in positive consumption gains 
(i.e. net positive economic green-growth). Although both scenario types represent rare simulation 
outcomes, they exemplify the potential and contrasting outcomes that the interplay of climate 
and technological uncertainty yield in this simulation experiment.   

As described in chapter four, the duration of policy intervention is another important 
aspect to ponder when comparing the performance of optimal environmental regulation across 
different policy regimes. From this perspective, the optimal policy response is the intervention 
that successfully induces the decarbonization of both regions at the lowest possible economic 
and environmental cost.    

In order to exemplify the differences that arise when considering different technological 
scenarios, I compare the duration of the optimal policy across two contrasting sets of 
technological scenarios. Figure 5.7 presents boxplots summaries of the duration of policy 
intervention for the sets of futures in which the three technological properties (i.e. R&D returns, 
innovation propensity and transferability) of the SETs sector are more favorable for innovation 
than the FETs sector’s properties. The results show that for the majority of futures in this set, 
successful stabilization of CO2 emissions is achieved after several decades of policy intervention 
(i.e. over 100 years), and that in some rare cases, the conditions for stabilization are reached in 
less than 50 years. These results also show that policy architectures which combine carbon taxes 
with complementary R&D and technology subsidies achieve stabilization conditions in a shorter 
period of time than the individual carbon tax policy (i.e. P1: I. Carbon Tax [Both]). These results 
also show under this set of futures, the independent comprehensive policy (i.e. P2: I. Carbon Tax 
+ I.Tech-R&D [Both]) achieves stabilization conditions in a shorter period of time than the 
alternative GCF based policy architectures.  
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Figure 5.7  
Box Plot Summary of Optimal Policy’s Duration Across Different Regimes 
Favorable Technological Scenarios 

 

NOTES: Boxplot summaries describing the duration of policy intervention for all futures across all policy regimes. The 
results show that under the favorable technological scenarios CO2 emissions stabilization is feasible after several 
decades of implementation (i.e. at least 50 years). It also highlights that there are noticeable differences among 
policies in terms of the period of time required to achieve stabilization.  

Figure 5.8 presents similar boxplots summaries for the set of futures in which the three 
technological properties (i.e. R&D returns, innovation propensity and transferability) of the FETs 
sector are more favorable for innovation than the properties of the SETs sector. These summaries 
show that under these adverse technological scenarios differences among policies become less 
noticeable as all policies require a longer period of time to successfully stabilize CO2 emissions. 
These results highlight once more the strong influence that different technological scenarios can 
have on the structure and effectiveness of the optimal policy response.  

The previous sets of result provide a general description of the behavior of different policy 
architectures; however, it is equally important to compare the performance of these different 
policy proposals in the context of meeting different climate change policy targets. Following the 
same approach of chapter four, for this expanded analysis, I focus on the end-of-century 
conditions because these are more relevant for current climate change policy negotiations. 
Therefore, I consider a future is acceptable (not vulnerable) when the temperature target (i.e. 2 
°C, 3 °C) and/or the stabilization targets are met. This suggests that there are four possible cases 
of success:  

1. Futures in which the 2 °C end-of-century temperature rise target is met 
2. Futures in which the 3 °C end-of-century temperature rise target is met 
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3. Futures in which the 2 °C end-of-century temperature rise target and CO2 stabilization 
are met 

4. Futures in which the 3 °C end-of-century temperature rise target and CO2 stabilization 
are met 

Table 5.4 summarizes the performance of each policy regime across the 3,600 futures considered 
under the four relevant policy objectives. It is worth highlighting the significance of some of the 
results displayed in this contingency table. For instance, it shows that the future without action 
(i.e. laissez-faire policy) does not meet the stabilization target or the 2 °C temperature rise targets 
in any of the futures considered. This is relevant because it shows that even for the technological 
futures in which the innovation properties of the SETs sector are superior to the innovation 
properties of the FETs sector, economic agents fail to exploit SETs technological potential 
because of the lack of a policy regime that creates incentives for mobilizing innovative activity 
towards SETs. This highlights the importance of optimal environmental regulation in this 
context.  

Figure 5.8  
Box Plot Summary of Optimal Policy’s Duration Across Different Regimes 
Adverse Technological Scenarios 

 
NOTES: Boxplot summaries describing the duration of policy intervention for all futures across all policy regimes. The 
results show that under the adverse technological scenarios CO2 emissions stabilization requires a longer period of 
time of policy intervention. It also highlights that for this subset of futures there are less evident different among policy 
regimes.   

These results also show that the policies that combine carbon taxes and technology 
policies achieve more frequently the end-of-century climate change policy objectives than the 
policy regime that relies solely on carbon taxes (P1:  I. Carbon Tax [Both]). Interestingly, the 
rate of success among these more comprehensive policies is very similar. This indicates that for 
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some futures optimal environmental regulation achieves the climate policy objectives in more 
than one of the policy regimes considered, but it also indicates that different policy regimes 
achieve these objectives under different sets of futures. In the next step of this analysis, I use 
RDM methods to understand these differences among the different policy regimes.  

Table 5.4  
Performance of Optimal Policy Response Across Different Policy Regimes 

Policy Name 

Number (Percentage) of Futures Meeting the End-of-Century Climate 
Policy Target 

CO2 Stabilization  
Achieved 

CO2 Stabilization Not 
Achieved 

Temperature 
Rise Below  

2 °C 

Temperature 
Rise Below  

3 °C 

Temperature 
Rise Below  

2 °C  

Temperature 
Rise Below  

3 °C  

P0. FWA 
0 (0) 0 (0) 0 (0.0) 6 (0.2) 

P1. I. Carbon Tax [Both] 
299 (8.3) 327 (9.1)  2,127 (59.1) 2,999 (83.3) 

P2. I. Carbon Tax +  
      I. Tech-R&D[Both] 

654 (18.2) 891 (24.8)  2,206 (61.3) 3,249 (90.3) 

P3. H. Carbon Tax + 
      Co-Tech[GCF]+R&D[AR] 

 506 (14.1) 651 (18.1) 1,994 (55.4) 3,072 (85.3) 

P4. H. Carbon Tax +  
      Co-Tech[GCF] + I. R&D[Both] 

706 (19.6) 891 (24.8) 2,180 (60.6) 3,282 (91.2) 

P5. H. Carbon Tax + 
     Co-R&D[GCF]+Tech[AR] 

696 (19.3) 943 (26.2) 2,270 (63.1) 3,239 (90.2) 

P6. H. Carbon Tax + 
      Co-R&D[GCF]+I. Tech[Both] 

650 (18.1)  907 (25.2) 2,267 (63.0) 3,290 (91.4) 

P7. H. Carbon Tax +  
      Co-Tech-R&D[GCF] 

718 (19.9) 925 (25.7) 2,048 (56.9) 3,230 (89.7) 

NOTES: The table summarizes the performance of each policy across the 3,600 futures considered for the four 
vulnerability cases described. The number (percentage) of futures meeting the different end-of-century climate policy 
targets are listed under each column. 

V.3.2 Structure of Optimal Environmental Regulation Across Many Climate 
Change and Technological Futures 

In this section I focus on describing how the structure of the optimal policy response changes 
across different climate and technological scenarios. The optimal policy framework used in this 
analysis (i.e. section III.2.6) assumes that the objective of optimal environmental regulation is to 
induce the decarbonization of the energy sectors in both regions at a rate that balances the 
economic costs and the environmental benefits of policy intervention. Thus the structure of the 
optimal response regulation adapts to the specific conditions pose by different combinations of 
climate and technological scenarios. For climate scenarios that are highly sensitive to GHG 
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emissions, the optimal policy response needs to be stronger in comparison with climate scenarios 
that are less sensitive to greenhouse gas emissions. Similarly, for technological scenarios in 
which the innovation capacities of the FETs sector are greater than those of the SETs sector, the 
optimal policy response also needs to be stronger to successfully induce international 
decarbonization. Since there are multiple policy architectures that can be used to accomplish this 
objective, it is empirically relevant to describe differences in the adaptation of the optimal policy 
between different policy regimes and across different climate and technological scenarios.  

For illustrative purposes, I compare these changes across two policy regimes: the 
independent comprehensive policy case (i.e. P2: I. Carbon Tax + I. Tech-R&D[Both]) and the 
GCF comprehensive policy case (i.e. P7: H. Carbon Tax + Co-Tech-R&D[GCF] ). This exercise 
allows me to compare in which way the GCF influences the structure of optimal environmental 
regulation across the three areas of intervention: 1) carbon taxes, 2) R&D subsidies and 3) 
technology subsidies.  

Carbon Taxes 

I focus first on describing changes in the carbon tax rate for the independent comprehensive 
policy regime (i.e. P2: I. Carbon Tax + I. Tech-R&D[Both]). Under this policy regime, both 
regions implement comprehensive environmental regulation which includes the implementation 
of carbon taxes, R&D subsidies and technology subsidies. However, under this policy regime, 
there is no cooperation between regions, such that the level of taxation is set individually to fund 
their R&D and technology subsidy programs.   

Figure 5.9 describes changes in the carbon tax rate for this policy regime across different 
combinations of technological and climate scenarios. The left panel describes the dynamics of 
change for medium climate sensitivity scenarios (i.e. 4.0<β<5.0, Table 4.1). The right pane 
describes changes in the carbon tax rate for high sensitive climate scenarios (i.e. β>5.0, Table 
4.1). Each pane is divided into three columns and three rows.  The top three columns describe 
changes across three types of elasticity of substitution futures: low substitution futures (i.e. 
ε<5.3), medium substitution futures (i.e. 5.3≤ε<7.6) and high substitution futures (i.e. ε≥7.6). 
Each row describes changes across the three different technological properties. The lines track 
changes in the average carbon tax rate across two sets of futures. The narrower ends mark the 
results for futures in which the innovation capacities of the SETs sectors are less than the 
capacities of the FETs sector, the thicker ends mark results for futures in which the innovation 
capacities of SETs are greater than the innovation capacities of FETs. The top row describes 
changes from low relative R&D returns futures (γset/γfet<1.0) to high relative R&D returns futures 
γset/γfet>1.0), while holding the other technological properties constant (i.e. ηset= ηfet=0.25 and 
νset= νfet=0.02). The middle row describes changes from low relative innovation propensity 
futures (ηset/ηfet<1.0) to high innovation propensity futures (ηset/ηfet>1.0), while holding the other 
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technological properties constant (i.e. γset= γfet=0.25 and νset= νfet=0.02). Finally, the bottom row 
tracks changes from low transferability futures (νset/νfet<1.0) to high transferability futures 
(νset/νfet>1.0), also holding constant the other two technological properties (i.e. γset= γfet=0.25 and 
ηset= ηfet=0.02). Finally, the dark color lines describe changes in the carbon tax rate in the 
advanced region, while the grey lines describe changes in the emerging region.  

Figure 5.9  
Carbon Tax Dynamics Across Technological and Climate Scenarios 
P2: I. Carbon Tax + I. Tech-R&D [Both]  

 
NOTES: The lines track changes in the average carbon tax rate for the independent comprehensive policy regime 
(P2) across two sets of futures. The narrower ends mark the results for futures in which the innovation capacities of 
the SETs sectors are less than the capacities of the FETs sector, the thicker ends mark results for futures in which 
the innovation capacities of SETs are greater than the innovation capacities of FETs. The dark color lines describe 
changes in the carbon tax rate in the advanced region, while the grey lines describe changes in the emerging region. 
The left panel describes the dynamics of change for medium climate sensitivity scenarios. The right pane describes 
changes in the carbon tax rate for high sensitive climate scenarios. Each pane is divided into three columns and three 
rows.  The top three columns describe changes across three types of elasticity of substitution futures. Each row 
describes changes across the three different technological properties. 
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Figure 5.9 describes comprehensively the dynamics of the carbon tax rate across different 
futures. It shows that the carbon tax rate is proportional to the level of climate sensitivity: the 
more sensitive climate scenarios are to CO2 emissions, the higher the carbon tax rate across both 
regions. It also shows that the carbon tax rate is inversely proportional to the elasticity of 
substitution: the more substitutable sustainable energy and fossil energy are, the lower the carbon 
tax rate in the optimal policy response.  

These results also highlight the importance of alternative technological scenarios in 
shaping the structure of the optimal response across both regions. For instance, the results show 
that when innovation is less favorable in the SETs sector, then under this policy regime, for these 
adverse technological scenarios, the carbon tax rate in the emerging region is on average equal or 
higher than the carbon tax rate in the advanced region. In some scenarios, this difference can be 
quite large, for example for the high substitution and low transferability scenarios there are 
approximately 40 percent points difference in the carbon tax rate. The chart also shows for the 
case of R&D returns and innovation propensity, moving from the low to the high technological 
scenarios reduces substantially the carbon tax rate in both regions. In the case of transferability, 
this same pattern occurs across the low substitutability futures; for the medium and high 
substitutability futures, moving from the low to the high transferability scenarios reduces the 
carbon tax rate in the emerging region, but it increases in the advanced region. In these futures, it 
is cost-effective for the advanced region to accelerate the decarbonization of the energy sector 
because SETs are adopted at a faster rate in the emerging region, which contributes to limiting 
further temperature rise.  

Figure 5.10 shows similar results for the GCF comprehensive policy (i.e. P7: H. Carbon 
Tax + Co-Tech-R&D[GCF] ). In this policy regime, the two regions use homogenous carbon 
taxes and co-fund R&D and technology subsidies in the emerging region through the GCF. Thus 
the results presented in Figure 5.10 describe changes in the structure of the optimal policy 
response under a highly cooperative case.  

These results depict similar change patterns as the ones described in the previous case. It 
shows that the carbon tax rate is directly proportional to the level of greenhouse climate 
sensitivity, and inversely proportional to the degree of substitutability of the two technological 
sectors. Similarly, moving from the adverse “low” technological scenarios to the more 
advantageous “high” scenarios reduces the carbon tax rate in both regions. Only for the case of 
high transferability and high substitution this is not the case. 

Comparing change patterns in the carbon tax rate across the two policy regimes is 
illustrative of the potential influence of the GCF on the structure of optimal environmental 
regulation. It shows that for the adverse climate scenarios (i.e. high sensitivity) the carbon tax 
rate under the GCF is on average lower than the tax rate under the non-GCF based policy.   
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Figure 5.10  
Carbon Tax Dynamics Across Technological and Climate Scenarios 
P7: H. Carbon Tax + Co-Tech-R&D [GCF]  

 

NOTES: The lines track changes in the average carbon tax rate for the comprehensive GCF based policy regime 
(P7) across two sets of futures. The narrower ends mark the results for futures in which the innovation capacities of 
the SETs sectors are less than the capacities of the FETs sector, the thicker ends mark results for futures in which 
the innovation capacities of SETs are greater than the innovation capacities of FETs. The dark color lines describe 
changes in the carbon tax rate in the advanced region, while the grey lines describe changes in the emerging region. 
The left panel describes the dynamics of change for medium climate sensitivity scenarios. The right pane describes 
changes in the carbon tax rate for high sensitive climate scenarios. Each pane is divided into three columns and three 
rows.  The top three columns describe changes across three types of elasticity of substitution futures. Each row 
describes changes across the three different technological properties. 

R&D Subsidies 

Figure 5.11 describes how the R&D subsidy rate changes across different climate and 
technological scenarios.  In the same fashion as in the previous charts, the lines track changes in 
the average R&D subsidy rate across two sets of futures. The narrower ends mark the results for 
futures in which the innovation capacities of the SETs sector are less favorable than the 
capacities of the FETs sector, the thicker ends mark results for futures in which the innovation 
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capacities of SETs are greater than the innovation capacities of FETs. The dark lines track 
changes across the advanced region, while the grey lines track changes across the emerging 
region. The results show that the optimal level of R&D subsidies in the advanced region is set at 
200% regardless of the elasticity of substitution, climate or technological conditions. In the 
emerging region, the R&D subsidy rate displays a slighter dynamic behavior. For instance, it is 
more responsive to alternative technological scenarios than to alternative climate and elasticity of 
substitution scenarios. In technological scenarios less favorable to SETs, the R&D subsidy rate 
tends to be higher than in technological scenarios that are more favorable for SETs innovation. 
The exception to this trend is the set of futures that combine high climate sensitivity and low 
substitution conditions (i.e. worst case scenario), in which the R&D subsidy rate in the emerging 
region increases for the more favorable technological scenarios.      

Figure 5.12 presents a similar set of results but for the case of the GCF comprehensive 
policy (i.e. P7: H. Carbon Tax + Co-Tech-R&D[GCF] ). Similarly, each cell describes changes 
in the R&D subsidy rate across different combination of technological, substitution and climate 
conditions. The dark lines describe changes in the R&D subsidy rate in the advanced region, 
while the grey lines describe changes in the R&D subsidy rate in the emerging region. Note, that 
in this GCF case, the R&D subsidy rate in the emerging region represents the co-funded R&D 
subsidy rate (i.e. equation e34). The chart shows once more that the R&D subsidy rate in the 
advanced region remains at the same level (i.e. 200%) regardless of the technological, 
substitution and climate conditions. In the emerging region, similarly as in the previous case, the 
R&D subsidy rate remains fairly stable at 100% for the medium and high substitution scenarios, 
regardless of the technological and climate conditions. However, for the low substitution 
scenarios, it possible to see that the R&D subsidy rate in the emerging region changes more 
drastically across different technological and climate change condition. Compared to the case in 
which the GCF is not in place, this change pattern is quite different. In these futures, the R&D 
subsidy rate in the emerging region is always higher than the R&D subsidy rate in the advanced 
region. In fact, for the low transferability case, the R&D subsidy rate in the emerging region is 
2.5 times higher than the subsidy rate in the advanced region. 

This outcome highlights the role of the GCF in changing the structure of the optimal 
comprehensive environmental regulation. In the independent comprehensive policy regime, this 
level of R&D investment in the emerging is not optimal because it would surpass the emerging 
region’s budget constraint. Yet, when co-funding is possible through the GCF, this higher level 
of investment becomes feasible for the emerging region and it is optimal for both regions. 
However, by comparing both sets results, it is also possible to see that for the more favorable 
technological and climate conditions, the GCF R&D subsidy rate in the emerging region is 
higher compared to the non-GCF comprehensive policy, which may indicate that in these 
scenarios the GCF commitment is more onerous than the independent comprehensive policy.  
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Figure 5.11  
R&D Subsidy Rate Dynamics Across Technological and Climate Scenarios 
P2: I. Carbon Tax + I. Tech-R&D [Both]  

 

NOTES: The lines track changes in the average R&D subsidy rate for the independent comprehensive 
policy regime (P2) across two sets of futures. The narrower ends mark the results for futures in which the 
innovation capacities of the SETs sectors are less than the capacities of the FETs sector, the thicker ends 
mark results for futures in which the innovation capacities of SETs are greater than the innovation 
capacities of FETs. The dark color lines describe changes in the carbon tax rate in the advanced region, 
while the grey lines describe changes in the emerging region. The left panel describes the dynamics of 
change for medium climate sensitivity scenarios. The right pane describes changes in the carbon tax rate 
for high sensitive climate scenarios. Each pane is divided into three columns and three rows.  The top 
three columns describe changes across three types of elasticity of substitution futures. Each row 
describes changes across the three different technological properties. 
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Figure 5.12  
R&D Subsidy Rate Dynamics Across Technological and Climate Scenarios 
P7: H. Carbon Tax + Co-Tech-R&D [GCF]  

 

NOTES: The lines track changes in the average R&D subsidy rate for the comprehensive GCF based policy regime 
(P7) across two sets of futures. The narrower ends mark the results for futures in which the innovation capacities of 
the SETs sectors are less than the capacities of the FETs sector, the thicker ends mark results for futures in which 
the innovation capacities of SETs are greater than the innovation capacities of FETs. The dark color lines describe 
changes in the carbon tax rate in the advanced region, while the grey lines describe changes in the emerging region. 
The left panel describes the dynamics of change for medium climate sensitivity scenarios. The right pane describes 
changes in the carbon tax rate for high sensitive climate scenarios. Each pane is divided into three columns and three 
rows.  The top three columns describe changes across three types of elasticity of substitution futures. Each row 
describes changes across the three different technological properties. 

Technology Subsidies 

Figure 5.13 describes the technology subsidy rate change patterns across the different climate 
and technological scenarios. In the same way as in previous cases, the lines track changes in the 
average R&D subsidy rate across two sets of futures. The narrower ends mark the results for 
more adverse technological futures for SETs, and the thicker ends mark results for more 
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favorable futures for SETs. Dark lines describe changes in the technology subsidy rate in the 
advanced region and the grey lines describe changes in the technology subsidy rate in the 
emerging region.  

These change patterns show that the optimal technology subsidy rate is more sensitive to 
alternative substitution scenarios and to alternative technological scenarios than it is to different 
climate scenarios. In particular, it shows that the technology subsidy rate changes more 
drastically across different scenarios in the emerging region than in the advanced region, and that 
the technology subsidy rate in the advanced region is always higher than the technology subsidy 
rate in the emerging region.    

Figure 5.14 describes the dynamics of the technology subsidy rate across the different 
futures for the comprehensive GCF policy regime (i.e. P7: H. Carbon Tax + Co-Tech-
R&D[GCF]. It shows that under the GCF the technology subsidy rate is less sensitive to medium 
and high substitution scenarios and to different climate scenarios. Specifically, under the medium 
and high substitution scenarios it displays a tendency towards convergence across regions. 
However, similarly to the R&D subsidy rate, for the low substitution scenarios it shows that the 
optimal technology subsidy rate in the emerging region is higher than the technology subsidy 
rate in the advanced region. By comparing these results against the non-GCF comprehensive 
policy regime it is possible to see that also in this case the GCF enables a higher technology 
subsidy rate in the emerging region than in case in which comprehensive climate policy is 
funded individually.   

Comparing the structure of optimal environmental regulation across these two policy 
regimes shows that the GCF clearly influences the structure of the optimal policy response. The 
results presented in this section show that in the most adverse futures, the GCF enables a 
stronger policy response in the emerging region that would not be possible in the comprehensive 
non-GCF policy. However, at the same time it shows that for the less adverse futures, in 
comparison with the non-GCF policy, the comprehensive GCF policy results in stronger policy 
efforts. This may an indication that in the less adverse scenarios, cooperation across all sectors 
may not be required and that policy architectures that use a more flexible form of cooperation 
may be more cost-effective alternatives.  
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Figure 5.13  
Technology Subsidy Rate Dynamics Across Technological and Climate Scenarios 
P2: I. Carbon Tax + I. Tech-R&D [Both]  

 

NOTES: The lines track changes in the average technology subsidy rate for the independent comprehensive policy 
regime (P2) across two sets of futures. The narrower ends mark the results for futures in which the innovation 
capacities of the SETs sectors are less than the capacities of the FETs sector, the thicker ends mark results for 
futures in which the innovation capacities of SETs are greater than the innovation capacities of FETs. The dark color 
lines describe changes in the carbon tax rate in the advanced region, while the grey lines describe changes in the 
emerging region. The left panel describes the dynamics of change for medium climate sensitivity scenarios. The right 
pane describes changes in the carbon tax rate for high sensitive climate scenarios. Each pane is divided into three 
columns and three rows.  The top three columns describe changes across three types of elasticity of substitution 
futures. Each row describes changes across the three different technological properties. 
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Figure 5. 14  
R&D Subsidy Rate Dynamics Across Technological and Climate Scenarios 
P7: H. Carbon Tax + Co-Tech-R&D [GCF]  

 

NOTES: The lines track changes in the average technology subsidy rate for the comprehensive GCF policy regime 
(P7) across two sets of futures. The narrower ends mark the results for futures in which the innovation capacities of 
the SETs sectors are less than the capacities of the FETs sector, the thicker ends mark results for futures in which 
the innovation capacities of SETs are greater than the innovation capacities of FETs. The dark color lines describe 
changes in the carbon tax rate in the advanced region, while the grey lines describe changes in the emerging region. 
The left panel describes the dynamics of change for medium climate sensitivity scenarios. The right pane describes 
changes in the carbon tax rate for high sensitive climate scenarios. Each pane is divided into three columns and three 
rows.  The top three columns describe changes across three types of elasticity of substitution futures. Each row 
describes changes across the three different technological properties. 

V.4 Scenario Discovery Using High-Dimensional Stacking 

In this section I combine scenario discovery (Bryant and Lempert, 2010) with high-dimensional 
stacking methods (Suzuki, Stern and Manzocchi, 2015; Taylor et al., 2006; LeBlanc, Ward and 
Wittels, 1990) to study under which climate and technological conditions the different policy 
regimes considered meet the  CO2 stabilization targets and/or the temperature rise targets. 
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This expansion of the traditional scenario discovery methods is motivated by the high 
number of uncertainty dimensions considered in this experimental design (i.e. 12 climate 
scenarios, 6 technological parameters and 1 economic parameter). Initially, I analyzed the 
experiments’ database using the traditional scenario discovery approach (Bryant and Lempert, 
2010), but the results yielded several high dimensional scenario boxes, which hindered both the 
interpretability and usefulness of the results. As an alternative, I implemented also the expanded 
version of scenario discovery with orthogonal rotations (Dalal et al., 2013). In this latter case, it 
was possible to reduce the resulting number of scenario boxes and to describe these boxes 
through fewer dimensions. However, the resulting boxes and principal components were too 
abstract to be policy relevant in this context.  

As an alternative to these traditional methods I combine high-dimensional stacking with 
the scenario discovery framework. In scenario discovery with dimensional stacking, similar to 
(Suzuki, Stern and Manzocchi, 2015), the process starts by decomposing each uncertainty 
dimension into more basic categorical levels. Then these transformed uncertainty dimensions are 
combined into “scenario cells” that represent the most basic element of the uncertainty space. 
These scenario cells are then combined iteratively with other cells, yielding a final map that 
represents a scenario map of various scenario cells. Following the scenario discovery approach 
and in similar way to Taylor et al. (2006), coverage and density statistics are estimated for each 
scenario cell such that only high density and high coverage cells can be visualized. Finally, for 
each axis in the scenario map, the stacking order is determined using principal component 
analysis. Uncertainty dimensions that can be associated into a principal component are stacked in 
consecutive order. 

The elasticity of substitution and climate sensitivity bins are defined as follows:  
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Since SETs and FETs are competing technological sectors, the technological uncertainty 
bins are defined one relative to the other, such that:   
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In the following sections I use this technique for describing the conditions under which 
different policy regimes meet the two climate policy objectives of interest for this study.  

V.4.1 Analyzing the End-of-Century CO2 Stabilization Target  

I focus first on using scenario discovery with high dimensional stacking to understand the futures 
in which end-of-century CO2 stabilization at 2 °C is no met. These are futures in which CO2 
stabilization is not achieved and in which end-of-century temperature rise is above 2 °C. From a 
policy perspective, these vulnerable futures are relevant because these can illuminate the 
vulnerabilities of the optimal policy response in meeting the most ambitious climate change 
policy target. 

Figure 5.15 describes the performance of the independent comprehensive policy “P2: I. 
Carbon Tax + I. Tech-R&D [Both]” using scenario discovery with high dimensional stacking. In 
this uncertainty map each scenario cell represents the set of futures that fall into the discrete 
combination of the different uncertainty bins. In the horizontal axis, the first order montage in 
the horizontal axis describes three climate sensitivity bins:  low, medium and high; the second 
order montage describes two relative innovation propensity bins: high and low, and the third 
order montage two relative transferability bins. In the vertical axis, the first order montage 
describes three substitution bins: low, medium and high, and the second order montage describes 
two R&D returns bins: high and low.  

In line with traditional scenario discovery methods, within each scenario cell, I classify 
simulation outcomes into two groups: 1) future scenarios in which the policy target is met and 2) 
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future scenarios in which the policy target is not met. Coverage and density statistics are 
calculated and noted for each scenario cell focusing on the futures that meet the CO2 stabilization 
target. The color legend denotes scenario cells’ density. 

Figure 5.15 shows that by combining scenario discovery with high-dimensional stacking 
it is possible to map the performance of this policy regime across the entire uncertainty space 
using a two dimensional map. As expected, the results show that under this policy regime, the 
objective of stabilizing CO2 emissions before the end of the century is only met under very 
favorable climate and technological circumstances.  

Four scenario clusters describe the vulnerability space: 1) low-medium elasticity of 
substitution futures, 2) high climate sensitivity futures, 3) low relative R&D returns combined 
with high substitution and medium climate sensitivity futures and 4) low relative R&D returns 
combined with low innovation propensity.  

Figure 5.15  
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target 
P2: I. Carbon Tax + I. -Tech-R&D [Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density. 

As found in chapter four, these results show that the elasticity of substitution and climate 
sensitivity are key determinants of CO2 stabilization vulnerability. However, these results also 
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show that technologically adverse scenarios in which the SET’s R&D returns are lower than 
FETs’ R&D returns or in which the FETs’ innovation propensity is higher than SETs’ innovation 
propensity also result in vulnerable futures.   

Alternative policy regimes behave differently across the uncertainty space. Figure 5.16 
describes scenario discovery results for the GCF policy regime (P7: H. Carbon Tax + Co-Tech-
R&D [GCF]). As in the case of the independent comprehensive policy, these results show that 
CO2 stabilization before the end of the century is achieved only under favorable climate and 
technological conditions. However, there are additional scenario cells under which the CO2 
stabilization objective is met. For instance, under the high climate sensitivity futures it is possible 
to see that full GCF cooperation leads to CO2 stabilization in the scenario cell that combines the 
most favorable technological futures: high substitution, high R&D returns, high innovation 
propensity and high transferability. Similar scenario boxes are found across the medium 
substitution scenario cells.  

Figure 5.16 
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target  
P7: H. Carbon Tax + Co-Tech-R&D [GCF] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density.  

By comparing the performance of these two policy regimes it can be seen that the GCF 
expands the possibilities of meeting the CO2 stabilization target into more adverse substitution 
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and climate scenarios. This occurs because under this policy regime (i.e. P7) the co-funding of 
R&D and technology subsidies allow for a stronger policy response in the emerging region, 
which it is not possible under the independent comprehensive policy regime (i.e. P2).  

V.4.2 Analyzing the End-of-Century 2 °C Temperature Rise Target 

In this section I describe a similar analysis for understanding under which conditions the two 
degrees Celsius target is met across different policy regimes. For illustrative purposes, I describe 
results for only three different policy regimes, the independent carbon tax policy regime (i.e. 
“P1:I. Carbon Tax [Both]”) the comprehensive independent policy regime (i.e. “P2: I. Carbon 
Tax + I. -Tech-R&D [Both]”) and the comprehensive GCF based policy regime (i.e. “P7: H. 
Carbon Tax + Co-Tech-R&D [GCF]”). 

Figure 5.17 presents the results of using scenario discovery with high-dimensional 
stacking for analyzing the vulnerability conditions of the independent carbon tax policy regime 
(i.e. “P1:I. Carbon Tax [Both ). The results show that two scenario clusters describe the 
vulnerability of this policy regime: 1) low substitution and 2) the combination of medium 
substitution with high climate sensitivity, low relative innovation propensity and low relative 
R&D returns. 

Similarly, Figure 5.18 and Figure 5.19 display scenario discover results for the 
independent comprehensive policy regime (i.e. “P2: I. Carbon Tax + I. -Tech-R&D [Both]”) and 
for the GCF comprehensive policy regime (i.e. “P7: H. Carbon Tax + Co-Tech-R&D [GCF]”) 
respectively.  These results show that the optimal policy response under each policy regime 
works better under different areas of the uncertainty space. For instance, the optimal policy 
response under the independent comprehensive policy regime is more effective in meeting the 
temperature rise target in the high climate sensitivity futures, while the optimal policy response 
under the comprehensive GCF policy regime is more effective in the low elasticity of 
substitution futures.   

Comparing the scenario discovery results across the three policy regimes yields two 
observations: 1) different policy regimes are more effective under different combinations of the 
uncertainty space and 2) for various scenario cells it is possible to meet the temperature rise 
target though different policy regimes. It follows from these observations that the next analytical 
step is to understand under which conditions one policy regime is preferred over the others.    
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Figure 5.17  
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P1: I. Carbon Tax [Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density. 

Figure 5.18 
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P2: I. Carbon Tax + I. -Tech-R&D [Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density. 
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Figure 5.19  
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P7: H. Carbon Tax + Co-Tech-R&D [GCF] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density 

V.4.3 Robust Mapping of Cost-Effective Optimal Environmental Regulation  

In this section I apply the same robust mapping procedure described in section IV.4. For this 
mapping process I use the regret function described in equation (e46) and the value function 
specified in equation (e47) such that for each scenario cell the policy regime selected is the 
architecture than minimizes the level of environmental and economic cost regret. 

Figure 5.20 depicts the results of this mapping process. Similarly as with high-
dimensional stacking, each cell represents the set of futures that fall into combination of the 
uncertainty bins. In the horizontal axis, the first order montage describes three climate sensitivity 
bins:  low, medium and high; the second order montage describes two relative innovation 
propensity bins: high and low, and the third order montage two relative transferability bins. In 
the vertical axis, the first order montage describes three substitution levels: low, medium and 
high, and the second order montage describes two R&D returns bins: high and low. The label 
and the color legend denote the corresponding least regret policy for each scenario cell. The 
greener cells refer to the GCF based policy architectures (i.e. P3-P7), while the clearer cells 
denote the independent policy architectures (i.e. P1 and P2).  



131 
 

Figure 5.20  
Robust Mapping of Least-Regret Optimal Environmental Regulation  

 
NOTES: Each scenario cell represents the set of futures that fall into combinations of the uncertainty bins. In the 
horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the second 
order montage describes two relative innovation propensity bins: high and low, and the third order montage two 
relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. The label and the 
color legend denote the corresponding least regret policy for each scenario cell.   

The map displayed in Figure 5.20 shows that there is not one single policy regime that 
dominates over the entire uncertainty space. Rather, more importantly this map shows that by 
combining different types of policy architectures it is possible meet one or the two climate 
change policy targets in a larger set of futures.  

The policy regimes considered in this analysis describe different forms in which 
technology policy can be implemented alongside carbon taxation, and also different ways by 
which the GCF can support the implementation of complementary technology policy in the 
emerging region. Thus the results depicted in Figure 5.20 also demonstrate that optimal 
environmental regulation for mitigating climate change does not required to be same across the 
entire uncertainty space, but rather that depending on the unfolding climate and technological 
conditions different policy regimes are better suited for meeting the climate change policy 
objectives.  

The results discussed thus far show that the CO2 stabilization target can only be met 
under the most favorable climate and technological conditions, which is expected. Yet, the map 
presented in Figure 5.20 shows that the two degrees Celsius temperature rise target can be met in 
a large number of futures, including various cases that display markedly unfavorable climate or 
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technological conditions. To a certain extent, this is a counterintuitive result because the two 
degrees Celsius target is by its own merit an ambitious objective.  

As described in section V.2.2, in these adverse conditions the optimal policy response is 
strong because it is cost-effective to implement high carbon taxes and high R&D and technology 
subsidies in order to avoid the environmental damage caused by high temperature rise levels. In 
particular, under these circumstances the GCF funding expands the budget constraint in the 
emerging region allowing for a stronger policy intervention across both regions. This shows that 
optimal environmental regulation is not a static concept, but rather a dynamic one, and that the 
architecture of cooperation changes depending on the unfolding technological and climate 
conditions.  

From a policy perspective it is also important to judge the performance of different policy 
regimes in light of well-defined cost thresholds that can illustrate to decision makers and 
interested parties the importance that the technological and climate context  have not only on 
defining the structure and effectiveness of policy intervention, but ultimately on the cost of 
optimal environmental regulation.  

Figure 5.21 shows the results of re-running the preceding analysis adding a 10% cost 
threshold to the vulnerability criteria. Thus the non-vulnerable futures in this case are those in 
which the optimal environmental policy achieves the CO2 stabilization target or the two degrees 
Celsius temperature rise target at an implementation cost below 10%. Since the cost of policy 
intervention is the percent difference in consumption levels between the policy intervention case 
and the future without action case (i.e. laissez-faire economy), these non-vulnerable futures 
represent the best combination of economic and environmental outcomes. In a real policy setting 
this cost threshold would be defined by decision makers in climate negotiations. In fact, in this 
case, it is likely that policy makers would find it useful to explore these results across various 
different policy cost thresholds such that this could support deliberation. Thus, it should be 
understood that for this example I have arbitrarily chosen this 10% threshold to highlight that 
comprehensive climate policy that uses carbon taxes and complementary technology policy can 
lead to both advantageous economic and environmental outcomes.  

The results presented in Figure 5.2 show that some uncertainty dimensions are key for 
meeting this more ambitious target. As expected, this new map shows that the elasticity of 
substitution of the technological sectors and climate sensitivity are key drivers of this 
vulnerability type. However, it also highlights the important role of some of the technological 
uncertainty dimensions. For instance, the map shows that for the majority of scenario cells that 
display low relative transferability it is not possible to meet cost and climate targets, regardless 
of the other uncertainty dimensions. This exemplifies the importance that the pace of 
development SETs in the emerging region has for reducing the costs of optimal environmental 
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regulation. Similarly, SETs’ R&D returns are also shown to be an important driver of 
vulnerability.  

Figure 5.21 
Robust Mapping of Least-Regret Optimal Environmental Regulation 
Policy Cost Threshold=10%  

 
NOTES: Each scenario cell represents the set of futures that fall into combinations of the uncertainty bins. In the 
horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the second 
order montage describes two relative innovation propensity bins: high and low, and the third order montage two 
relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. The label and the 
color legend denote the corresponding least regret policy for each scenario cell.   

It is possible to transform this type of uncertainty maps into futures’ trees that can be later 
used to conduct further statistical analysis such as Classification and Regression Tree (CART) 
Analysis (Lawrence and Wright, 2001) or for developing adaptive strategies. 

Figure 5.22 provides an example of this transformation process for a subset of the 
scenario cells described in Figure 5.21.  Each branch of this futures’ tree describes a combination 
of different uncertainty conditions across the different dimensions considered (i.e. elasticity of 
substitution, climate sensitivity, R&D returns, innovation propensity and transferability). Thus 
for different policy regimes it is possible look for patterns across the tree branches that describe 
the conditions that lead to the use of one policy regime over the other.   
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Figure 5.22  
Example of Futures’ Tree for Low Elasticity of Substitution Futures 

 
NOTES: This futures’ tree describes each scenario cell as one branch in tree; the final part of each branch denotes 
the least cost regret policy for that combination of future conditions.   

V.5 A Dynamic Architecture for Low Cost Decarbonization  

Recent applications of RDM have focused on expanding the suit of methods of exploratory 
modeling and scenario discovery to develop strategies that adapt to new information or to 
changing conditions of the decision context. For instance Bloom (2015) describes an expansion 
of the RDM analysis cycle that is suited for providing planners’ decision support for developing 
adaptive strategies.  This approach uses  a naïve-Bayes' model to assist planners in integrating 
new information in their decision-making process such that they can identify which new 
information can lead to changes in their plans and the tradeoffs of doing so. Kalra et al. (2015) 
use RDM methods and portfolio optimization to develop an adaptive decision tree for designing 
an adaptive investment plan for a water utility company in Peru. In this latter case, the adaptive 
plan evolves as new information about climate conditions, budget availability and water demand 
unfold. Haasnoot et al. (2013) use exploratory modeling to develop adaptation pathways which 
are a sequence of possible actions that are recommended after a tipping point has been reached.  

It is possible to combine these adaptive planning approaches with the results depicted in 
Figure 5.21 and Figure 5.22 to develop a dynamic architecture for decarbonization. For this 
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process I trace commonalities among the futures tree’s branches in order to identify the 
combinations of uncertainties that signal a move from one policy regime to another. These 
moves between policy regimes describe increasing levels of effort or cooperation across the 
different sectors. For instance, for the independent carbon tax policy “P1”, valid moves are: 

P1→P2, P1→P3, P1→P4, P1→P5, P1→P6 and P1→P7. For the policy regime “P3”, valid moves 

are: P3→P5, P3→P7; for policy regime “P4”, valid moves are: P4→P6, P4→P6. Finally for 

policy regimes “P5” and “P6”, the valid moves are: P5→P7 and P6→P7 respectively. 

Figure 5.23 and Figure 5.24 illustrate how this analytical process can be used to develop 
a dynamic architecture for decarbonization. In both figures, lines describe pathways towards one 
of the different policy regimes. Labels describe the future conditions shared by individual 
pathways and nodes indicate the conditions that split common pathways into individual ones.  

Figure 5.23 
Dynamic Architecture for Decarbonization 
Low Elasticity of Substitution Futures 

 
NOTES: Each line describes a pathway towards one of the different policy regimes; labels describe the future 
conditions shared by individual pathways; nodes indicate the conditions that split common pathways into individual 
ones. Column names indicate the level of effort associated with each policy regime.  

 



136 
 

Figure 5.24  
Dynamic Architecture for Decarbonization 
High Elasticity of Substitution Futures 

NOTES: Each line describes a pathway towards one of the different policy regimes; labels describe the future 
conditions shared by individual pathways; nodes indicate the conditions that split common pathways into individual 
ones. Column names indicate the level of effort associated with each policy regime.    

The pathways depicted in Figure 5.23 and 5.24 show that it is possible to represent the 
results of scenario discovery with high-dimensional stacking as a dynamic architecture that 
adapts to changing climate and technological conditions. In this case, both pathways begin with 
carbon taxation as a critical near term action. In the EDIAM modeling framework, carbon 
taxation directs economics agent’s efforts towards the sustainable energy sector and it is also 
necessary to fund the complementary technology policy programs in both regions. Then in 
subsequent phases different pathways are triggered depending on the unfolding climate and 
technological conditions. Note that these pathways show that subsequent phases of technological 
cooperation are sometimes triggered by simple dimensional conditions. For instance, Figure 5.23 
show that for the low elasticity futures, high climate sensitivity leads directly to the consideration 
of high effort options for which the cost of policy intervention is above the 10% cost threshold.   

These pathways illustrate clearly that optimal environmental regulation in the context of 
climate change mitigation is not a static concept, but rather a dynamic one that adapts to 
changing climate and technological conditions. This analysis also shows that different 
cooperation regimes under the GCF are better suited for different combinations of climate and 
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technological conditions, such that it is possible to combine these different architectures into a 
dynamic framework for technological cooperation.  

V.6 Summary  

This chapter describes an RDM study that focuses on understanding the role that climate change 
and technological deep uncertainty have on the structure and effectiveness of optimal 
environmental regulation across advanced and emerging regions.  

The EDIAM model is used as the scenario generator in this RDM study. The scope of the 
computational experiment in this study considers an ample set of climate and technological 
scenarios. These scenarios combine five sources of uncertainty: climate change, elasticity of 
substitution and three different sources of technological uncertainty (i.e. R&D returns, 
innovation propensity and technological transferability). The performance of eight different 
policy regimes is evaluated in terms of end-of-century conditions. In particular, the analysis 
focuses on understanding under which circumstances the stabilization of CO2 emissions and/or 
the two degrees Celsius targets are met. The scope of the analysis considers 3,600 different 
futures across eight policy regimes, yielding a total of 28,800 thousand simulation cases.  

Comparing the structure of optimal environmental regulation across GCF based policy 
regimes and non-GCF policy regimes shows that the GCF clearly influences the structure of the 
optimal policy response. In particular, I find that the structure of optimal environmental 
regulation is strongly influenced by the GCF, such that in the most adverse climate and 
technological futures, the GCF enables a stronger policy response in the emerging region which 
would not be possible otherwise. Yet, I also find that under the most favorable scenarios, 
comprehensive GCF cooperation may lead to higher policy intervention costs. 

I combine traditional scenario discovery methods (Bryant and Lempert, 2010) with high-
dimensional stacking methods (Suzuki, Stern and Manzocchi, 2015; Taylor et al., 2006; 
LeBlanc, Ward and Wittels, 1990) for describing the vulnerability conditions of different policy 
regimes.  The results show that the objective of stabilizing CO2 emissions before the end of the 
century is met under a limited number of futures that describe favorable climate and 
technological conditions. In contrast the two degrees Celsius target (without CO2 stabilization) 
can be met in a greater number of futures.   

 I also find that different policy regimes are more effective under different uncertainty 
conditions and that for various scenarios it is possible to meet the climate change targets through 
more than one policy regime. I use robustness criteria to map the least-cost regret policy 
response across the uncertainty space. This mapping process shows that that there is not one 
single policy regime that dominates over the entirety of the uncertainty space. On the contrary, 
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these results show that by combining different types of policy architectures (i.e. GCF based and 
non-GCF based) it is possible meet one or the two climate change policy targets in a greater 
number of futures.  

Finally, I describe a method by which it is possible to combine the results of scenario 
discovery and of the robust mapping analysis to construct a dynamic architecture of low cost 
technological cooperation. This dynamic architecture consists of adaptive pathways (Haasnoot et 
al., 2013) which begin with carbon taxation across both regions as a critical near term action. 
Then in subsequent phases different forms of cooperation are triggered depending on the 
unfolding climate and technological conditions. 

These pathways demonstrate that under the EDIAM and other IAMs modeling 
frameworks optimal environmental regulation is not a static concept, but rather a dynamic one 
which adapts to changing climate and technological conditions. In this respect, the analysis 
presented in this chapter shows that different cooperation regimes under the GCF are better 
suited for different combinations of climate and technological conditions, such that it is possible 
to combine these different architectures into a dynamic framework for low cost technological 
cooperation that expands the possibilities of success across the uncertainty space.  
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CHAPTER VI  

Conclusions  

VI.1 Contributions to Existing Scientific Literature  

The analysis presented in this dissertation contributes primarily to the scientific literature dealing 
with climate change mitigation and with international environmental technological change.  

From a methodological perspective, the analysis presented in this monograph 
demonstrates that it is possible to combine Robust Decision Making methods and Integrated 
Assessment Models (IAMs) to consider jointly the interplay of climate change and technological 
uncertainty. From this perspective, IAMs can be used as scenario generators in an exploratory 
analysis setting and RDM scenario discovery data mining and visualization techniques can be 
used to study the resulting database.    

As discussed in chapters one and two many aspects associated with climate change policy 
and international environmental technological change discussed in this monograph have been 
studied the past. Thus many of the results presented in this study echo previous findings in the 
scientific literature. As Nordhaus (2011), I find that international carbon taxation can induce a 
global transition towards sustainable energy technologies and avoid environmental collapse. 
Similar to Acemoglu et al. (2012) I find that complementing carbon taxation with technology 
policies can accelerate this transition and reduce the costs of climate change mitigation. Also, 
similarly to Fischer and Sterner (2012) this dissertation shows that climate change uncertainty 
influences the structure of the optimal policy response and as Bosetti and Tavoni (2009) I find 
that uncertainty about technological change also affects the structure and effectiveness of the 
optimal policy response. Finally, as Di Maria and Smulders (2004) I find that differences 
between advanced and emerging nations also influence noticeable the structure of optimal 
environmental regulation.  

Thus the innovative aspect of this dissertation is that it combines the research scope of 
these previous studies into one modeling framework that I apply to study climate change co-
financing through the GCF across an ample set of climate and technological scenarios. In doing 
so, I show that there is not one single policy regime that dominates over the entire uncertainty 
space. Rather, this dissertation shows that that it is possible to combine these different 
architectures into a dynamic framework for technological cooperation across regions that can be 
adapted to unfolding climate and technological conditions. This leads to a greater rate of success 
in meeting the end-of-century climate change objectives.  
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VI.2 Implications for Climate Change Policy and the Green Climate Fund  

VI.2.1 Investing Carbon Taxes Revenues into Complementary Technology 
Policies is a Robust Option 

This dissertation shows that the implementation of an international carbon tax can induce an 
international transition towards sustainable energy technologies. However, I find that across 
many climate change and technological conditions this international carbon tax by itself fails to 
induce this transition at a rate that can successfully stabilize CO2 emissions before the end of the 
century.  

Similarly to Isley et al. (2015) I find that in an international context investing carbon tax 
revenues into complementary technology policies increases noticeable the rate of success in 
meeting the end-of-century climate change policy objectives. In fact, from the perspective of 
optimal environmental regulation, I find that in many climate and technological conditions it is 
optimal for both regions to use carbon tax revenues for financing GCF efforts. 

VI.2.2 There Are Candidate Shaping Actions for Accelerating International 
Decarbonization 

As in Acemoglu (2002) this study shows that the elasticity of substitution between the 
sustainable and fossil energy  sectors is a key factor for determining the success of optimal 
environmental regulation. In addition to the elasticity of substitution, I find that sustainable 
energy technologies’ R&D returns and the rate at which these technologies are absorbed by 
emerging nations are key factors in determining the success and costs of the optimal policy 
response. In particular these technological dimensions are found to be important for achieving 
low cost decarbonization.  

From the perspective of assumption based planning, these uncertainties can be viewed as 
candidate shaping actions (Dewar, 2002). This implies that these key uncertainties can be viewed 
as policy levers and moving the system towards the favorable spectrum of these uncertainties 
dimensions can reduce vulnerabilities of the GCF efforts.   

These technological uncertainties describe the institutional environment supporting 
innovative activity in the sustainable energy and fossil energy sectors, and although the evolution 
of these institutions across advanced and emerging nation is deeply uncertain. The analysis 
presented in this monograph shows that if these institutions evolve such that they enhance the 
innovative activity in the sustainable energy sector across both regions, it is possible to 
accelerate international decarbonization and reduce the cost of policy intervention. 
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VI.2.3 A Flexible Green Climate Fund Architecture Can Lead to Low Cost 
Decarbonization 

This study shows that the architecture of the Green Climate Fund (GCF) can become more 
robust to climate and technological uncertainty if it is designed dynamically such that it can 
adapt to unfolding climate and technological conditions.  

I find that using the GCF for financing jointly sustainable energy projects (i.e. technology 
subsides) and the development of technological capacities (i.e. R&D subsidies) in the emerging  
nations is not always the most cost-effective financing strategy, as in various alternative 
circumstances more targeted financing schemes are more effective for inducing low cost 
decarbonization.  

VI.2.4 Monitoring the Evolution of Sustainable Energy and Fossil Energy 
Technologies Is Important for Climate Change Policy  

Frequently climate change policy discussions focus solely on the evolution and rate of 
improvement of sustainable energy technologies to assess the progress of climate change 
mitigation efforts. However, this study shows that the technological evolution of both sustainable 
energy technologies and fossil energy technologies strongly influences the structure, 
effectiveness and costs of optimal environmental regulation under the GCF. Thus, it appears 
relevant for future research to develop a framework that can help monitoring the progress of 
sustainable energy technologies with respect to fossil energy technologies.  

VI.3 Limitations and Suggestions for Future Research  

This monograph represents an initial effort to combine exploratory modeling, RDM methods and 
IAMs for considering jointly climate and technological uncertainty into climate change policy 
assessment studies. Thus additional research efforts could refine and improve the study presented 
in this monograph in various forms.  

VI.3.1 Geographical Disaggregation  

The EDIAM modeling framework presented in this study remains highly aggregated and 
abstract. Future research can focus on expanding this modeling framework such that it can depict 
more economic regions. This would improve the policy usefulness of this analysis as it would 
make it more relevant to specific regions.  

Further geographical disaggregation can also lead to a more detailed and accurate 
description of GCF financing such that more specific recommendations regarding the structure of 
the GCF can be provided.   
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VI.3.2 Technological Disaggregation 

The technological sectors described in the EDIAM framework are highly abstract. Future 
refinements of this modeling framework should focus on providing a more detailed description 
of the competing technological sectors. This expansion of the modeling framework can also lead 
to more relevant and specific policy recommendations.  

One important limitation of this study is that it does not consider the evolution of carbon 
removal and sequestration technologies such as carbon capture and storage (CSS). The inclusion 
of this type of technologies can substantially change the adaptive pathways describe in this study 
and can potentially illuminate new avenues for climate change policy cooperation.  

VI.3.3 Considering Additional Uncertainties   

There are several structural expansions that can be added to the EDIAM modeling framework 
which can yield new insights in this context. For instance, currently the EDIAM framework does 
not consider the implications of trade among regions. In future expansions of this framework 
including the effects of energy trade among regions can highlight new forms in which climate 
and technological uncertainty affect the structure and effectiveness of optimal environmental 
regulation.  

In its current version, the damage function in the EDIAM framework assumes that the 
impacts of climate change affect equally advanced and emerging nations. However, this is not 
necessarily true as it appears that the impacts of climate change will be greater in emerging and 
developing nations. Thus an illustrative expansion of this analysis would include the 
consideration of alternative climate change damage scenarios.  

VI.3.4 Structural and Analytical Expansions   

In its current form the EDIAM framework only considers the case in which new 
technologies developed in advanced nations are imitated by emerging nations. In this respect, 
two additional cases are relevant for expanding the EDIAM framework: 1) the case in which 
emerging nations also develop new technologies such that these can also be adopted in advanced 
nations and 2) the case in which new technologies are developed jointly by the two regions.  

Currently the EDIAM framework does not account for economic damages resulting from 
increase temperatures. In subsequent expansions it would be important to include this cost 
element in the performance metrics such that it can be considered. The inclusion of this cost 
element will significantly impact the performance of the future without action reference case.  
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Finally in subsequent expansions of the model it would be necessary to test EDIAM’s 
behavior against previous IAMs studies. Given the exploratory nature of the EDIAM framework 
it would enhance the usefulness of the model to be able to replicate the results and behavior of 
other IAMs studies. It would also be useful for this study to provide a more detailed and 
systematic comparison of the reference case runs against the SRES socioeconomic pathways.  
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APPENDIX A  

Derivation of Intertemporal Equilibrium Conditions For the EDIAM 
Model  

This section describes the derivation of the intertemporal equilibrium conditions listed in section 
III.2.5 and which are used for programming the model.  

A.1 Equilibrium Levels of Primary Energy 

The maximization problem of the producers of secondary energy is as follows: 

	 ∗ ∗ 1 ∗  

Setting FOCs with respect to Yfe 

1
1
∗ ∗ 1  

 

∗ 1  

Then 

∗ 1
 

 

A.2 The Equilibrium Prices of Technologies 
 

First we derive the demand for technologies  

Using e3 and the maximization problem faced by the producers of intermediary inputs:  

, 		 1  

. . 
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1		 

Setting the FOCs with respect to the demand for technology:  

1  

1  

Then 

1  

1  

Solving for the optimal level of technology demand:  

1 =0 

  …a1 

In addition, considering the optimization problem faced by the producers of technology:   

	  

Using a1:  

	
1

 

Setting FOCs: 

	

1
1 1

 

1
1

0 
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 …a2 

Substituting a2 into a1, we obtain 

 …a3 

A.3 Equilibrium Research Profits 
 

Monopoly profits of technology developers are given by:  

	  

Using the result in a2, we can write:  

	
1

 

Using a3, then profits are given by: 

	
1

1
 

Accounting for R&D subsidies: 

	 1
1

1
 

Considering the probability of success in innovation:  

	 1
1

1
 

Then average profits per sector are given by: 

1
1

1
 

Using assumption  

≡  
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Then, in the discrete form we obtain: 

1
1

1
 

Therefore the profit ratio across sectors:  

1 ∗ ∗
1

1
∗ ∗ ∗ ∗  

 

A.4 Equilibrium Prices of Primary Energy 
 

Taking into account the first order conditions with respect to labor of the producers of 
intermediate inputs: 

, 		 1  

1   

1   

Substituting the demand function  …a3 

1
1

 

 

Using assumption 1:  ≡  

Then:  

1 1  

Therefore the ratio of prices:  
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 …a4 

 

We use this result to determine prices for each sector. Taking the final good as the numeraire:  

1 

1 

Using a4:  

  

Then 

1
 

A.5 Equilibrium Levels of Labor 
 

Using result (e35):  1 ∗  And the production function (e6), then :  

1 ∗  

Substituting (e37):	

1
 

Then, the price ratio is given by:  

1 ∗
1 	
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Using assumption:  

≡  

Then, relative labor is given by:  

1
1

∗  

 

Considering (e39):  

1
 

Using the inverse of equilibrium prices of intermediate inputs, then:  

1
1

 

 

A.6 Equilibrium Levels of Production 

Equilibrium levels of production, considering initially e6:   

 

Substituting a3: 	

1
 

Then 

1
 

Using assumption  
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≡  

Then:  

  

A.7 Determination of Initial Conditions  
 

Using data on energy production across developed and developing countries it is possible to 
estimate the corresponding initial levels of productivity for both regions.  

From a3, it is known that:  

1
 

From a5, relative labor is given by: 

1 1
∗

 

And from a4, relative prices are given by:  

1
 

The objective is to express a3 in terms of the productivity of the two sectors. For this, it is necessary 
to express individually pc and pd. From aX, it is know that:  

1 

Then, using a4 and assuming that in the initial stage of the system, no policy is being implemented, 
then:  

 

Resulting in: 
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Similarly, for relative labor:   

 

 

 

From e7:  

 

For Lset:  

 

 

 

For Lfet:  

 

 

Then plugging this back into the equation for production, we see that scale factor has a monotonic 
impact on the production functions:  

∗   …a21 

∗  …a22  
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Finally, using:  

 

And substituting Lset and Lfet:   

∗ ∗  

∗
	

 .. 1.3b 

Finally using 1.3b and a1:  

..r1 

Then I can write:  

 

Solving for Afet 

1

1

 

Then the initial condition for Afet is given by:  

,
1

, , 1 ,

,
 

And the initial condition for Aset is given by:  
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,
1

, , 1 ,

,
 

 

where: 1 1  
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APPENDIX B 

Game Theory Analysis of the No-Regret Policy 
 

Figure B.1 describes the strategic context in which the social planners of both regions consider 
simultaneously three strategies:  1) commit to the no-regret policy, 2) free riding on the efforts of 
the other region (i.e. “lower effort” strategy) and 3) increase the efforts to climate change 
mitigation (i.e. “higher effort” strategy).  

Figure B.1 presents this game on its normal form. The payoffs noted in each cell are 
based on the objective function of the optimal policy response described in equation (e43). Each 
cell compares the payoffs of each strategy with respect to the no-regret policy. Note that because 
of the no-regret strategy is the optimal policy response it guarantees that even in the case in 
which both regions decide to implement a higher effort policy the payoffs will be less than the 
optimal. In this case, the higher economic cost of the policy response reduces its payoffs when 
compared to the no-regret policy.   

The analysis shows that there is only one Nash-equilibrium in the game which is that 
both regions implement the no-regret policy. Thus, this shows unambiguously that the no-regret 
policy is the policy that would be preferred by the social planners of both regions and that none 
of the regions has an incentive to free ride or increase efforts of climate change mitigation.  

Figure B.1  
Normal Form of Game Theory Analysis of The No-Regret Policy  

  Emerging Region 

  Lower effort No-regret policy Higher effort 

A
dv

an
ce

d 
R

eg
io

n
 

Lower effort 
≪ ∗  

≪ ∗  

∗  

∗  

∗  

≪ ∗  

No-regret policy 

∗  

∗  

∗  

∗  

> ∗  

∗  

Higher effort 
≪ ∗  

∗  

∗  

∗  

∗  

∗  

NOTES: Each cell compares the payoffs of each strategy with respect to the no-regret policy. Note that because of 
the no-regret strategy is the optimal policy response it guarantees that even in the case in which both regions decide 
to implement a higher effort policy the payoffs will be less than the optimal. In this case, the higher economic cost of 
the policy response reduces its payoffs when compared to the no-regret policy. 
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APPENDIX C 

Calibrating EDIAM’s Climate Change Parameters Using the 
CMIP5 Data Ensemble 
 

This appendix describes the process followed to calibrate the climate change parameters in the 
EDIAM model to existing CMIP5 climate projections.  

  
First, I estimate parameters β, CO2,0 CO2,disaster  in equation (e3) individually for each 

CMIP5 model using OLS in the following regression model:  
 

, β ∗ ,  

where “Tt,m”  denotes temperature observations at each time period “t” for each model 
“m”;“c” is the constant parameter in the linear model and the term co2[ppm]t,m denotes co2 
atmospheric concentrations in parts per million at each time “t” for each model “m”.  

Then using the parameter β  I estimate the parameters CO2,0 and CO2,disaster  using the 
following approach:  

,
β  

, , , ∗ β  

where ΔTdisaster disaster in this model is set to 6 degrees Celsius.  

Table C.1 presents a statistical summary this simple OLS fitting process.  

 
For calibrating equation (e1) I assume that:  

0.5
1

 

 

Such that the parameters of equation (e1) can be estimated using the following OLS model:  

 

1 0.5  
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where:  

, , ,  

Such that combining the historic record of world fossil fuel consumption with CO2 concentration 
data in CMIP5 scenarios it is possible to estimate parameters ξ and δ. The results of this fitting 
process are presented in Table 4.1  

Table C.1  
OLS Fitting of Climate Parameters in EDIAM 

Climate Model β c Adj R2 
c 

[p value] 
β 

[p value] 
CO2,0 CO2,disaster 

MRI-ESM1 4.3 -24.2 1.0 0.0 0.0 288.4 1674.9 

MIROC5 4.1 -23.4 0.9 0.0 0.0 291.5 1798.6 

MPI-ESM-LR 4.7 -26.4 1.0 0.0 0.0 286.0 1423.3 

MPI-ESM-MR 4.7 -26.4 1.0 0.0 0.0 285.9 1426.8 

NorESM1-M 4.1 -23.4 1.0 0.0 0.0 291.6 1796.2 

NorESM1-ME 4.3 -24.5 1.0 0.0 0.0 287.0 1617.7 

MIROC-ESM 5.9 -33.6 1.0 0.0 0.0 286.2 1013.6 
MIROC-ESM-
CHEM 6.1 -34.7 1.0 0.0 0.0 285.7 970.9 

bcc-csm1-1 5.0 -28.3 1.0 0.0 0.0 289.4 1298.2 

GFDL-ESM2G 3.2 -18.1 0.9 0.0 0.0 293.1 3076.8 

GFDL-ESM2M 3.3 -18.6 1.0 0.0 0.0 285.1 2784.2 

GFDL-CM3 6.1 -34.8 0.9 0.0 0.0 298.0 1016.8 
NOTES: The table lists the estimated parameters for the 12 CMIP5 climate models included in this study, the 
parameters of equations (e1) and (e3) are listed for each climate model. These parameters are estimated using CO2 
emission levels’ variation across representative concentration pathways (RCPs) for each of the climate models in an 
autoregressive model.  

 

 
 
 
 
 
 
 
 
 



165 
 

APPENDIX D 

Additional	Comparisons between EDIAM Simulated Output and 
Original CMIP5 Models’ Temperature Rise Trajectories and RCP 
Emissions Scenarios 
 

This appendix provides additional comparisons of EDIAM’s behavior against the CMIP5 climate 
data ensemble and RCP emission scenarios.  

Figures D.1, D2 and D.3 compare the behavior of the CMIP5 dataset and the simulated output 
using the parameters listed in Table 4.1. The right panel shows CMIP5 temperature rise time 
series for all the GCM models considered in this study that were not described in Chapter IV. For 
each time step, the upper limit of each envelope denotes the maximum temperature rise level 
across all RCPs in CMIP5 (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5), while the lower limit 
denotes the minimum temperature rise level. Thus, each envelope indicates the range for 
plausible temperature rise levels for each time step. Similarly, the left panel shows temperature 
rise levels for a subsample of simulation runs that describe similar emission pathways as the 
RCPs.  

Figure D.4 compares the subset of simulated emissions pathways against the four RCPs used in 
the CMIP5 data set. The right panel shows emissions time series for all RCPs considered in this 
study (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5). For each time step, the left panel shows the 
subset of emissions scenarios used for comparing CMIP5 and EDIAM’s output. The upper limit 
of the envelope denotes the maximum level of emissions across all scenarios considered. The 
lower limit denotes the minimum level of emissions across this set of scenarios.  
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Figure D.1  
Comparison between Simulated (Left Panel) versus Original (Right Panel) CMIP5 Models’ 
Temperature Rise Trajectories   

 
NOTES: The right panel shows CMIP5 temperature rise time series for three models: GFDL-CM3, GFDL-ESM2G and 
GFDL-ESM2M. For each time step, the upper limit of each envelope denotes the maximum temperature rise level 
across all RCPs in CMIP5 (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5), while the lower limit denotes the minimum 
temperature rise level. Thus, each envelope indicates the range for plausible temperature rise for each time step. 
Similarly, the left panel shows temperature rise ranges for a subsample of simulation runs that describe similar 
emission pathways as the RCPs. 
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Figure D.2  
Comparison between Simulated (Left Panel) versus Original (Right Panel) CMIP5 Models’ 
Temperature Rise Trajectories   

 
NOTES: The right panel shows CMIP5 temperature rise time series for three models:  MIROC5, MIROC-ESM and 
NMPI-ESM-LR. For each time step, the upper limit of each envelope denotes the maximum temperature rise level 
across all RCPs in CMIP5 (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5), while the lower limit denotes the minimum 
temperature rise level. Thus, each envelope indicates the range for plausible temperature rise for each time step. 
Similarly, the left panel shows temperature rise ranges for a subsample of simulation runs that describe similar 
emission pathways as the RCPs. 
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Figure D.3  
Comparison between Simulated (Left Panel) versus Original (Right Panel) CMIP5 Models’ 
Temperature Rise Trajectories   

 
NOTES: The right panel shows CMIP5 temperature rise time series for three models:  MPI-ESM1, MRI-ESM1 and 
NorESM1-ME. For each time step, the upper limit of each envelope denotes the maximum temperature rise level 
across all RCPs in CMIP5 (i.e. RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5), while the lower limit denotes the minimum 
temperature rise level. Thus, each envelope indicates the range for plausible temperature rise for each time step. 
Similarly, the left panel shows temperature rise ranges for a subsample of simulation runs that describe similar 
emission pathways as the RCPs. Note that for model MRI-ESM1 only RCP 8.5 is available. The comparison 
presented in this figure only considers emissions pathways that resemble RCP 8.5.  
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Figure D.4 
Comparison between Simulated (Left Panel) versus Original (Right Panel) RCP Emissions 
Trajectories  

 

NOTES: The right panel shows emissions time series for all RCPs considered in this study (i.e. RCP 2.6, RCP 4.5, 
RCP 6.0 and RCP 8.5). For each time step, the left panel shows the subset of emissions scenarios used for 
comparing CMIP5 and EDIAM’s output. The upper limit of the envelope denotes the maximum level of emissions 
across all scenarios considered. The lower limit denotes the minimum level of emissions across this set of scenarios. 
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APPENDIX E 

Additional	Scenario Discovery Results 
 

This section presents additional scenario discovery results for the policy regimes that are not 
presented in Chapter V. The first section describes results for end-of-century emissions 
stabilization target. The second section describes results for the 2 °C temperature rise target.  

End-of-Century CO2 Stabilization Target 

Figure E.1 describes the performance of the independent comprehensive policy “P1” using 
scenario discovery with high dimensional stacking. In this uncertainty map each scenario cell 
represents the set of futures that fall into the discrete combination of the different uncertainty 
bins. In the horizontal axis, the first order montage in the horizontal axis describes three climate 
sensitivity bins:  low, medium and high; the second order montage describes two relative 
innovation propensity bins: high and low, and the third order montage two relative transferability 
bins. In the vertical axis, the first order montage describes three substitution bins: low, medium 
and high, and the second order montage describes two R&D returns bins: high and low.  

In line with traditional scenario discovery methods, within each scenario cell, I classify 
simulation outcomes into two groups: 1) future scenarios in which the policy target is met and 2) 
future scenarios in which the policy target is not met. Coverage and density statistics are 
calculated and noted for each scenario cell focusing on the futures that meet the CO2 
stabilization target. The color legend denotes scenario cells’ density. 

Figures E.2-E.5 presents similar results for policy regimes P3, P4, P5 and P6.  
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Figure E.1 
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target 
P1: I. Carbon Tax [Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density. 

Figure E.2 
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target 
P3: H. Carbon Tax + Co-Tech[GCF]+R&D[AR] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density. 
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Figure E.3 
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target 
P4: H. Carbon Tax + Co-Tech[GCF] + I. R&D[Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density. 

Figure E.4 
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target 
P5: H. Carbon Tax + Co-R&D [GCF]+Tech[AR] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density. 
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Figure E.5 
Scenario Discovery with High-Dimensional Stacking for Analyzing the CO2 Stabilization Target 
P6: H. Carbon Tax + Co-R&D[GCF]+I. Tech[Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The blue legend denotes scenarios cells’ density. 

End-of-Century 2 °C Temperature Rise Target 

This section presents similar results as those described in section IV.4.2 for the policy regimes 
that were not discussed in detail in the body of this manuscript. Figures E.6-E.9 presents scenario 
discovery results for policy regimes P3, P4, P5 and P6.  
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Figure E.6  
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P3: H. Carbon Tax + Co-Tech[GCF]+R&D[AR] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density. 

Figure E.7  
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P4: H. Carbon Tax + Co-Tech[GCF] + I. R&D[Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density. 
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Figure E.8  
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P5: H. Carbon Tax + Co-R&D [GCF]+Tech[AR] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density. 

Figure E.9  
Scenario Discovery with High-Dimensional Stacking for Analyzing the 2 °C Temperature Rise 
Target, P6: H. Carbon Tax + Co-R&D[GCF]+I. Tech[Both] 

 
NOTES: Each scenario cell represents the set of futures that fall into the discrete combination of the uncertainty bins. 
In the horizontal axis, the first order montage describes three climate sensitivity bins:  low, medium and high; the 
second order montage describes two relative innovation propensity bins: high and low, and the third order montage 
two relative transferability bins. In the vertical axis, the first order montage describes three substitution levels: low, 
medium and high, and the second order montage describes two R&D returns bins: high and low. Coverage and 
density statistics are noted for each scenario cell. The green legend denotes scenarios cells’ density. 




