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Abstract
The climate is changing, but the world’s states have not (yet) managed
to reach an effective agreement on reducing emissions of greenhouse gases.
What is needed is a green transition from the ‘logic of consequences’, the
standard model of rational economic actors, to the ‘logic of appropriateness’.
In this thesis, I identify the conditions under which an international transition towards the logic of appropriateness might occur in the field of climate
change. To address this question, I develop an agent-based model that enables the dynamics of a green transition to be simulated computationally.
My findings suggest that the possibility of distinguishing emitters from
non-emitters increases the probability of a green transition, and that explicit
pressure on those that do not punish others’ climate-harming behaviour is
even more important. The simulation results also offer some insights concerning which individuals and states should be encouraged to compare themselves
when assessing the appropriateness of their climate-harming behaviour. Finally, I consider the presence and absence of these mechanisms in the 2015
Paris Agreement, and offer some recommendations on how the most important mechanisms not embedded in the agreement could be implemented.
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Chapter 1
Introduction
1.1

Background

The climate is changing. Over the last 100 years the global mean temperature has increased by 0.6 °C, and by 2100 it is expected to increase by 1.1
to 6.4 °C above the pre-industrial level. Although climate change is both
natural and human-induced, human emissions, primarily through the release
of CO2 , constitute a main force behind the ongoing global warming (NRC
2010; Barrett 2007: 84–85, 2003: 363).
In contrast to the case of ozone-depleting substances, states have not (yet)
managed to reach an effective agreement on reducing emissions of greenhouse gases. The Kyoto Protocol, adopted in 1997, was the initial step
towards fulfilling the Framework Convention, which states that we should
stabilize ‘greenhouse gas concentrations in the atmosphere at a level that
would prevent dangerous anthropogenic interference with the climate system’
(United Nations Framework Convention on Climate Change 1992: article 2).1
Kyoto required emission reductions by only 36 countries, who were responsible for 19 per cent of the global emissions. When the Protocol’s 2008–12
commitment period ended, these countries had reduced their emissions by
5.2 per cent, compared with 1990 levels. Thus, Kyoto only reduced global
emissions by approximately 1 per cent compared with what they would have
been otherwise. The Kyoto Protocol therefore can only be considered a small
step towards stabilization of the world’s carbon emissions (Barrett 2007: 88
and 91, 2003: 382; Hovi, Skodvin and Aakre 2013: 139; Hovi et al. 2015: 3).
Figure 1.1 shows the annual change in CO2 emissions for the world’s 30
largest emitters in the 1990–2011 period. Only four of these 30 countries have
1

The text of the convention is available at http://unfccc.int/resource/docs/
convkp/conveng.pdf.
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Vietnam
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United Arab Emirates
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Indonesia
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Kazakhstan
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Turkey
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Country
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Figure 1.1: Annual percentual changes (five-year centred moving
average) in CO2 emissions for the world’s 30 largest emitters in the
period 1990 to 2011. The calculations are based on data from the
World Bank (2015). The plot provides maximum and minimum values, upper and lower quartiles, and the median for each country.
Country-years with extreme increase or decrease in CO2 emissions
(outliers) are omitted. See Figure B.1 in Appendix B for an update
on how to read box-and-whisker plots.
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reduced their median five-year moving average CO2 emissions in the 1990–
2011 period, and even for these four countries, the reduction is only a few
percentage points. Most countries increased their median five-year moving
average CO2 emissions in this period. A tremendous gap exists between these
numbers and the 40 to 70 per cent decrease required by 2050 to limit global
warming to 2 °C above pre-industrial levels (IPCC 2014).2
There are several reasons why stabilizing the concentration of greenhouse
gases is so difficult. First, climate mitigation resembles a global public good;
hence, no country can be excluded from enjoying the benefits of it, even if the
country does not contribute to providing it. Second, a substantial time lag
exists between the mitigation costs and the benefits that derive from it (Hovi,
Skodvin and Aakre 2013: 140). Third, the benefit-cost ratio of mitigation is
exceedingly unfavourable. According to Nordhaus and Boyer (2000: 130), the
US benefit-cost ratio is estimated to be 0.5 ∶ 1. Finally, the states that benefit
the most from stabilizing the climate – mainly the developing countries – are
also the smallest emitters (Barrett 2007: 90; Boden, Marland and Andres
2013; Mitchell 2015: 22). Therefore, as long as the world’s states are looking
to maximize their utility, stabilizing the concentration of greenhouse gases
seems difficult.
March and Olsen (1998) refer to utility-maximizing behaviour, the standard model of rational economic actors, as the logic of consequences. According
to Mitchell (2015), this interest-based reasoning, combined with the structure of the climate problem, creates a bias towards inaction and makes it
highly unlikely that any adequate action to address climate change will be
undertaken. What is needed, he argues, is a transition towards the logic of
appropriateness, where the actors evaluate the appropriateness of alternative
strategies given the social situation (Mitchell 2015: 6). The best response for
a utility-maximizing rational actor is not necessarily the best response for an
actor following the logic of appropriateness.

1.2

Research Question

The largest contributor to human-induced climate change is carbon dioxide (CO2 ) emissions from combustion of fossil energy (Canadell et al. 2007:
18866). Fossil energy markets are more or less global. A change towards
norm-guided behaviour in one major country might therefore be expected
to affect both supply and demand in the global energy markets. Thus, a
transition toward the logic of appropriateness in the field of climate change
involves changes in international norms.
2

Global greenhouse gas emissions compared with 2010.
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Mitchell (2015) labels the individuals that first embrace the logic of appropriateness as norm entrepreneurs. These individuals make it more difficult
over time to justify and implement policies based on the logic of consequences.
Individuals that are norm-guided in respect to climate change will choose
low-carbon or renewable power, even at a higher price. If the evolution of
global norms related to climate change follows the logic of these norm entrepreneurs, we should expect a change toward more low-carbon and renewable
power production. A global transition from the logic of consequences to
the logic of appropriateness may therefore result in a global transition from
fossil to renewable energy production and consumption – a green transition
– stabilizing the concentration of greenhouse gases in the atmosphere.
Because of the lack of sufficient results related to climate change mitigation, such transition may seem unlikely. However, as history has shown,
international norms may change. Examples of such transitions include the
end of colonialism, the prohibition of the use of chemical weapons and landmines, the international support for stopping the spread of nuclear weapons,
the adoption of a moratorium on commercial whaling, and the end of global
slavery (Mitchell 2015: 26–31; Axelrod 1986: 1096). In the light of Mitchell’s
(2015) arguments, and the empirical evidence of such transitions, I will address the following research question:
Under what conditions (if any) might an international transition towards
the logic of appropriateness occur in the field of climate change?

1.3 Literature Review
The evolution of social norms is not a new field of research. Axelrod (1986)
investigates the emergence and stability of norms, using a repeated n-person
game. Examining different mechanisms that can support norms, i.e. metanorms,
dominance, and social proof, he finds that metanorms – punishment of those
who do not support the norm, including those who do not punish the defectors – are important to promote and sustain norms that are only partially
established. When a norm is considered a metanorm, parties free riding on
the sanction costs will be punished.
This approach to the evolution of social norms is supported by Elinor Ostrom (2000: 141–143), who distinguishes between two types of norm-guided
individuals: conditional cooperators and willing punishers. Conditional cooperators are willing to initiate cooperative action, assuming others will reciprocate. Willing punishers are prepared to suffer a cost to punish free
riders. According to Ostrom (2000: 142), conditional cooperators and willing punishers help establish and maintain public goods.
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Ehrlich and Levin (2005) review the evolution of cultural norms from a
biological point of view. They examine (1) a conformist transmission, defined
as ‘the tendency to imitate the most frequent behavior in the population’,
which may help stabilize a norm, (2) the threshold voter model, in which
‘individuals change their views if the proportion of neighbors with a different
opinion exceeds a specified threshold’, where the existence of such thresholds
helps stabilize the different groups, and (3) the optimal group size for norm
entrepreneurs which strive to change a common norm: small groups may be
easy to influence, but have little overall impact; large groups may have wider
overall impact, but are hard to influence (Ehrlich and Levin 2005: 945–946).
The failure to reach an effective agreement on climate change mitigation
has resulted in alternative scientific approaches to the problem. Victor’s
(2011) club approach is one of them. Based on his work, Hovi et al. (2015)
have shown that under certain conditions, a small group of ‘enthusiastic’
countries forming an exclusive club (group) may attract – through market
mechanisms – more ‘reluctant’ countries. By growing large, the group may
eventually become able to reduce global emissions effectively. The ‘enthusiastic’ countries may be seen as actors following the logic of appropriateness,
and the ‘reluctant’ countries as actors following the logic of consequences –
the standard model of rational economic actors. What Hovi et al. (2015) do
is to model a situation in which the norm-guided countries increase others’
utility of joining the club. In other words, it is only the costs and benefits
that change, not the norm.
Mitchell (2015: 32–33) identifies two crucial aspects of a successful transition to the logic of appropriateness with respect to climate change. First,
norm entrepreneurs must succeed in framing mitigation as a moral imperative, making it both illegitimate and inappropriate not to contribute to
mitigation. This implies that those who do not follow the norm might be
punished. Second, actors that fail to reduce their emissions would need to
feel a pressure to explain why – in value-based, rather than interest-based,
terms. These actors may (1) reject the norm as a moral imperative, (2) put
the blame on incapacity, thereby implicitly accepting the norm, or (3) accept
the norm and change their behaviour.
For the transition to be successful, these three aspects have to be accompanied by (a) visibility, i.e. the possibility of distinguishing emitters from
non-emitters, and (b) a mechanism whereby companies and states reevaluate
their climate-harming behaviours – in other words an element of evolution.
By combining (a) and (b), norm-guided individuals and states will place
pressure on those who carry out climate-harming activities to change their
behaviour. According to Mitchell (2015: 34), it is equally important that
the norm entrepreneurs gain support from some relatively powerful states
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who support the norm because of self-interest. Hence, a successful transition
towards the logic of appropriateness depends to some extent on the logic of
consequences.

1.4 Method
Evolutionary processes, involving bounded rationality and probabilistic mutation of norms, are nearly impossible to study with game theory alone. An
evolutionary approach to the development of social norms therefore requires
a method that makes it possible to model complex and dynamic systems.
Agent-based computer simulations represent such a method (Axelrod 1986:
1098). Agent-based models (ABMs) make it possible to simulate the emergence of macro-level patterns by locating the micro-mechanisms and microparameters that generated them (Cederman 2001: 17). Thus, instead of
describing the system only – using variables representing the state of the
whole system – ABM makes it possible to model the actions of individual
actors (Railsback and Grimm 2011: 10; Axelrod 1986: 1098). In this way,
one can simulate how individuals and states interact, based on theories and
empirical data. Moreover, ABM makes it possible to reveal the dynamics of
the process, as well as equilibria (Axelrod 1986: 1098). Axelrod (1997: 3–4)
refers to ABM as a third way of doing science:
Like deduction, [agent-based modeling] starts with a set of explicit assumptions. But unlike deduction, it does not prove theorems. Instead,
an agent-based model generates simulated data that can be analyzed
inductively. Unlike typical induction, however, the simulated data
come from rigorously specified set of rules rather than direct measurement of the real world.

There are several benefits of using agent-based modelling. A main advantage over other formal methods – like game theory or equation-based models –
is that ABM makes it easy to model heterogeneous actors. Both individuals
and states may be given unique strategies, traits, and preferences. This is
also possible using other formal methods; however, to be analytically solvable, game theory and equation-based models rarely allow actors to vary in
more than a few respects and for a small number of actor sets. For example,
formal economic models often deal with the ‘typical firm’ or the ‘rational economic actor’ (Gilbert 2008: 14–15; Railsback and Grimm 2011: 9–10). On
the other hand, agent-based models may include a nearly unlimited number
of actors that are heterogeneous in several respects.
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Another important benefit of using agent-based models is that actors
are able to interact with each other and their environment. This makes it
possible to model dynamic processes where the actions of one actor 𝐴 may be
influenced by the actions of all or some of the other actors in the simulation
(Gilbert 2008: 15–16). The interactions may be simple (e.g. passing of
resources between actors) or complex (e.g. social learning).
The possibility of interaction among actors relates agent-based modelling
to chaos theory, a field of mathematics that studies the behaviour of dynamic systems. When actor 𝐵 makes a decision, it will consider the previous
actions of actor 𝐴. The next time actor 𝐴 makes a decision, it will evaluate the actions of actor 𝐵, thereby implicitly being influenced by its own
actions earlier in the process. This feedback mechanism may be formally
represented as Equation (1.1), where the decision 𝑋 of actor 𝑖 at time 𝑡 + 1
is the sum of the decision 𝑋 of actor 𝑖 at time 𝑡 and some variable 𝑍. Thus,
minor changes in one variable may cause a chain reaction where new patterns
suddenly emerge. This chaotic behaviour is known as the ‘butterfly effect’
(Hilborn 2004: 425). It is crucial to keep this effect in mind when conducting
sensitivity, uncertainty, and robustness analyses (see Chapter 5).
𝑋𝑖,𝑡+1 = 𝑋𝑖,𝑡 + 𝑍

(1.1)

Another advantage of using ABM is that ABM makes it possible to explore phenomena that it is not possible to explore in real life because of
practical or moral constraints. To conduct a real-life experiment by manipulating international norms related to climate change mitigation would be
both practically impossible and morally problematic.
If a transition to the logic of appropriateness relies on conditions that
are unlikely to occur, the transition itself is unlikely. To answer my research
question, it is therefore necessary to embed empirical data in the simulation.
One important empirical aspect is to what extent norm entrepreneurs exist.
Sunstein (1996: 23) defines norm entrepreneurs as individuals that favour
changes in a norm while facing a collective action problem. Applied to climate
change, norm entrepreneurs may be individuals who – facing the collective
action problem of climate change mitigation – favour a transition towards the
logic of appropriateness. Thus, states are not considered norm entrepreneurs
per se. However, the individuals within a state may be norm entrepreneurs,
forming the state’s policy in favour of the logic of appropriateness.
In a multi-country poll on public attitudes concerning climate change,
individuals from 16 countries3 were asked if ‘dealing with the problem of
3

The survey consists of three high-income economies, four upper-middle-income economies, five lower-middle-income economies, and four low-income economies.
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climate change should be a priority, even if it causes slower economic growth
and some loss of jobs’ (PIPA and World Bank 2010). As shown in Figure 1.2, an average of 35 per cent strongly agreed with the statement, with
the United States being the lowest (14 per cent) and Vietnam being the
highest (63 per cent). An average of 9 per cent strongly disagreed, with
the United States and Indonesia being the highest (16 per cent) and Vietnam as the lowest (2 per cent). Given Sunstein’s (1996) definition of norm
entrepreneurs, one could argue that individuals who strongly agree with the
question in the survey could be called norm entrepreneurs. These individuals
are willing to prioritize climate change mitigation, even if the costs of doing
so exceed the benefits.
Vietnam
United States
Turkey
Senegal
Russia
Mexico
Kenya
Japan
Iran
Indonesia
India
France
Egypt
China
Brazil
Bangladesh
0

25

50

Agree Strongly
Agree Somewhat
Don't know/Refused

75

100

Disagree Somewhat
Disagree Strongly

Figure 1.2: Descriptive statistics from the PIPA and
World Bank (2010) survey. Responders were asked if
‘dealing with the problem of climate change should be
a priority, even if it causes slower economic growth and
some loss of jobs’.
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However, as Bernauer, Gampfer and Landis (2014: 52–53) emphasize,
there are several problems with surveys of this kind. One problem is the
often vague definition of costs. It is not easy for respondents to estimate
the individual costs of ‘slower economic growth and some loss of jobs’. It is
even possible that the respondents do not interpret them as individual costs,
but as costs to society as a whole. Another problem arises if the respondents think of climate change mitigation as a social norm, leading to social
desirability bias. A third problem is the possibility of spurious relationships
between specific climate policy aspects and individual preferences. To deal
with this problem, several recent studies have used survey-embedded experiments (Bernauer, Gampfer and Landis 2014: 53). These studies show that
most people support climate change mitigation, although the majority prefer
measures that minimize the costs to their own country (Tingley and Tomz
2014; Bechtel and Scheve 2013; Carlssona et al. 2013). While confirming the
findings in the PIPA and World Bank (2010) survey, these results do not
prove the existence of norm entrepreneurs, but if people in general support
low-cost measures, it is plausible that some people also support more costly
mitigation measures.
The objective of this thesis is not to forecast the future. Although the
application of agent-based modelling has resulted in some successful predictions,4 no agent-based model has thus far succeeded in making what Hassan
et al. (2013: 1.4) define as the third level of prediction:
Level 1: Prediction of the kind of behaviour of a system, under arbitrary
parameter combinations and initial conditions: ‘Earthquakes occur because X and Y.’
Level 2: Prediction of the kind of behaviour of a system in the near future:
‘Region R is likely to suffer earthquakes in the following years because
X and Y.’
Level 3: Prediction of the state a system will reach in the near future: ‘Region R will suffer an earthquake of power P in expected day D with
confidence C.’
My objective is rather to make predictions at the lowest (first) level, that
is, under which arbitrary parameter combinations and initial conditions an
international transition towards the logic of appropriateness may occur.

4

See Weidmann and Salehyan (2013), Cederman (2003), and Epstein (2002).
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1.5 Main Results
My thesis offers several implications concerning the conditions under which
an international transition towards the logic of appropriateness might occur
in the field of climate change. First, my findings support Mitchell’s (2015:
33) argument that the possibility of distinguishing emitters from non-emitters
increases the probability of a green transition. Second, the results suggest
that explicit pressure on those who do not punish others’ climate-harming
behaviour – that is, the presence of metanorms – is even more important.
Third, individuals following the logic of consequences should be encouraged
to compare their (normative) effectiveness with that of all other individuals, including the norm entrepreneurs. Fourth, those with whom individuals
compare their (normative) effectiveness may influence the probability of a
transition towards the logic of appropriateness. Finally, my model questions
the relative importance of support from a powerful state that supports norm
entrepreneurs out of self-interest.

1.6 Outline
In the next chapter, I outline the theories my simulation model is based
on, and explain how these theories are modelled. Chapter 3 starts with a
simplified explanation of how my model works, followed by a more technical
and stepwise overview of the initialization of the model and the course of
a simulation run. I also conduct parameterization and calibration of the
baseline model, followed by a validation through replications of Axelrod’s
(1986) models.
Chapter 4 presents the results of simulations conducted with random and
empirically grounded data. This presentation is rather technical, and a more
substantive analysis of the results is presented in Chapter 6. Chapter 5 deals
with the sensitivity, uncertainty, and robustness of the simulation results
presented in Chapter 4. Chapter 6 briefly discusses the five most important
policy implications derived from the simulation results, and the implications
of these results for the 2015 Paris Agreement. I end by offering some suggestions for further research on the evolution of social norms.

An Agent-Based Analysis

11

Chapter 2
Theory
This chapter outlines the theories my simulation model is based on. Section 2.1 gives a brief introduction to Axelrod’s (1986) evolutionary approach
to norms. To increase the understanding of Axelrod’s agent-based computer
model, I present and analyse a simplified game-theoretic version of his Norms
Game. In Section 2.2, I introduce my own agent-based model, the Two-level
Norms Game, and describe how the mechanisms deduced from the theory are
modelled. A more simplified explanation of my model is given in Chapter 3.

2.1

Axelrod’s Evolutionary Approach to Norms

To explain the emergence and maintenance of norms, Axelrod (1986) presents
two agent-based models: the ‘Norms Game’ and the ‘Metanorms Game’. The
Norms Game extends a repeated N -person Prisoner’s Dilemma Game, by
introducing a mechanism of punishment. The model consists of 20 individuals
with a random set of traits.5 The set of traits has two dimensions: boldness
and vengefulness. Each individual 𝑖’s boldness (𝐵𝑖 ) determines when the
player will defect, whereas vengefulness (𝑉𝑖 ) determines the probability that
player 𝑖 will punish any defection.

5

Axelrod (1986) uses the term ‘strategies’ for agents’ boldness and vengefulness. However, to comply with established evolutionary terms, I will use the term ‘traits’.
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Figure 2.1: Axelrod’s (1986) Norms Game and Metanorms Game.
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Figure 2.2: A simplified game-theoretical version of Axelrod’s (1986) Norms Game.
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The Metanorms Game extends the Norms Game, introducing what Axelrod (1986: 1101) calls a ‘metanorm’, defined as ‘a norm that one must punish
those who do not punish a defection’. In this game, those individuals who
do not punish a defection may be punished for not punishing the defector –
a metapunishment. The individual who conducts the metapunishment then
incurs the cost of punishing someone for not punishing a defection – the
metaenforcement cost (𝐸 ′ ). The Norms Game and the Metanorms Game
are illustrated in Figure 2.1.
Both the Norms Game and the Metanorms Game are agent-based models. Although both models extend a regular N -person Prisoner’s Dilemma
Game, the models have to be simulated and analysed computationally. To
present a more intuitive description of Axelrod’s model, I start by presenting a simplified game-theoretical version of the Norms Game. The game is
illustrated in Figure 2.2.
There are two players, player 𝑖 and player 𝑗. Player 𝑗’s type is decided
by ‘Nature’ through a probabilistic move. Player 𝑗 is tough (meaning 𝑗 will
punish 𝑖’s defection) with probability 𝑉𝑗 and weak (meaning 𝑗 will not punish
𝑖’s defection) with probability 1−𝑉𝑗 . Player 𝑖 does not know 𝑗’s type when the
game starts, making it a game of incomplete information. Player 𝑖’s decision
of whether to defect (reject the norm) is thus made under uncertainty about
𝑗’s type.
If 𝑖 chooses not to defect, the game ends and both players receive a payoff
of zero. If 𝑖 defects (rejects the norm), Nature makes another probabilistic
move, determining whether player 𝑗 sees 𝑖’s defection (ℙ = 𝑆) or not (ℙ =
1 − 𝑆). If player 𝑗 does not see 𝑖’s defection, 𝑗 receives a payoff of −1 and 𝑖
receives a payoff of 3. If player 𝑗 sees 𝑖’s defection, the course of the game is
determined by player 𝑗’s type. If player 𝑗 is tough, it will punish 𝑖’s defection,
and the game ends. Player 𝑗 then receives a payoff of −3 and player 𝑖 a payoff
of −9. However, if 𝑗 is weak, it will not punish 𝑖’s defection, even if it sees
it. The game then ends, and player 𝑗 receives a payoff of −1, while player 𝑖
receives a payoff of 3.
Whether it is in player 𝑖’s best interest to defect is determined by its
expected utility function.6 Player 𝑖’s expected utility of not defecting is
always zero. Its expected utility of defecting is given by 3 − 12𝑉𝑗 𝑆,7 where
𝑉𝑗 is the probability of player 𝑗 being tough, and 𝑆 is the probability of a
defection being seen by player 𝑗. Thus, it is in player 𝑖’s best interest to
defect (reject the norm) if 3 − 12𝑉𝑗 𝑆 > 0. Hence, whether player 𝑖 will defect
depends on the combination of values on 𝑉𝑗 and 𝑆.
6
7

See Appendix A for the calculation of 𝑖’s expected utility function.
Equation (A.5) in Appendix A.
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Since player 𝑗 is able to react to 𝑖’s move, and 𝑖 does not know 𝑗’s type, the
game is a dynamic game with incomplete information. Therefore, the relevant
equilibrium concept for this game is the Bayesian perfect equilibrium, which
applies to dynamic games of incomplete information.
𝑉𝑗 𝑆 <

1
4

(2.1)

1
(2.2)
4
The game has two Bayesian perfect equilibria. If condition (2.1)8 holds,
𝑖 will defect (reject) the norm. If 𝑗 does not see 𝑖’s defection, the game has
a pooling equilibrium where 𝑗 never makes any decision, meaning that 𝑗 will
not reveal its type. If 𝑗 sees 𝑖’s defection, the game has a semi-separating
equilibrium where 𝑗 does not punish 𝑖’s defection if 𝑗 is weak but punishes 𝑖’s
defection if 𝑗 is tough. If condition (2.2) holds, 𝑖 will not defect. The game
then has a pooling equilibrium where 𝑗 never makes any decision, meaning
that 𝑗 will not reveal its type.
Figure 2.3 provides a graphical presentation of the Bayesian perfect equilibria for all combinations of 𝑉𝑗 and 𝑆. As long as the probability that 𝑗 is
tough (𝑉𝑗 ) is less than 0.25, player 𝑖 will defect no matter what the probability of being seen (𝑆). Similarly, if the probability of being seen (𝑆) is less
than 0.25, player 𝑖 will defect no matter the probability of 𝑗 being tough (𝑉𝑗 ).
To update player 𝑖’s probability distribution (beliefs) of 𝑗’s type, one may
apply Bayes’ rule9 under the assumption of equilibrium behaviour. Let
𝑉𝑗 𝑆 >

𝐴 = 𝑗 is tough
𝐴 ̃ = 𝑗 is weak
𝐵 = 𝑗 punishes 𝑖 (if 𝑗 sees 𝑖’s defection)
𝐶 = 𝑗 does not punish 𝑖 (if 𝑗 sees 𝑖’s defection)
𝐷 = 𝑖 does not defect
Then, if condition (2.1) holds, Bayes’ rule shows that player 𝑖’s posterior
belief becomes either that ℙ(𝐴 ∣ 𝐵) = 1 or ℙ(𝐴 ∣ 𝐶) = 0. Hence, the game
has a separating equilibrium, meaning that 𝑖 will know with certainty whether
𝑗 is tough or weak when the game ends. If the second condition (2.2) holds,
Bayes’ rule shows that player 𝑖’s posterior belief becomes ℙ(𝐴 ∣ 𝐷) = 𝑉𝑗 .
8

See Equation (A.7) in Appendix A for the calculation of the condition of the two
Bayesian perfect equilibria.
ℙ(𝐵∣𝐴)⋅ℙ(𝐴)
9
Bayes’ rule: ℙ(𝐴 ∣ 𝐵) =
̃
̃
ℙ(𝐵∣𝐴)⋅ℙ(𝐴)+ℙ(𝐵∣𝐴)⋅ℙ(𝐴)
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Figure 2.3: Graphical presentation of the
Bayesian perfect equilibria for all combinations of 𝑉𝑗 and 𝑆. 𝑉𝑗 is the probability that
player 𝑗 is tough. 𝑆 is the probability that 𝑗
will see 𝑖’s defection.
Hence, the game has a pooling equilibrium, meaning that the course of play
does not reveal 𝑗’s type. Player 𝑖’s posterior probability distribution of 𝑗’s
type equals its prior beliefs.
To sum up, the game has two possible equilibria:
Deterrence: If the product of the probability of being seen (𝑆) and the
probability that 𝑗 is tough (𝑉𝑗 ) is high, player 𝑖 does not reject the
norm.
Defection: If the product of the probability of being seen (𝑆) and the probability that 𝑗 is tough (𝑉𝑗 ) is low, player 𝑖 rejects the norm.
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The Two-level Norms Game

Mitchell (2015: 34) describes three levels of pressure on governments that
continue their climate harming behaviour: (1) bottom-up pressure from
domestic actors, (2) pressure from transnational advocacy networks, and
(3) pressure from other governments. The model will include two of these
levels – individuals and states – making the model a two-level game.10 The
first level, which models pressure among states, is illustrated in Figure 2.5.
The second level, which models bottom-up pressure from domestic actors, is
illustrated in Figure 2.6.
All state leaders – from democratically elected to self-made dictators –
have a base of power that they depend upon to stay in power. When Kim
Jong-un had his own uncle killed in 2013, one of the motives may have been
to persuade Kim’s own power base to stay loyal (Fisher 2013). In the Twolevel Norms Game, the individuals at level 2 represent the power base of
each state. Whether these individuals are the family of a dictator or all
adult citizens within the state is not reflected in the model. Because each
state’s traits (𝐶𝑖̄ and 𝑉𝑖̄ )11 reflect the average traits of the state’s population,
the first level of the game may be seen as a mechanism of policy formation.
Figure 2.4 shows how the individual and state levels relate to each other.
In brief, my model has two components; individuals and states. The
individuals differ in two aspects (traits): (1) their level of interest-based
reasoning, and (2) their level of vengefulness. Individuals with a high level
of interest-based reasoning are more likely to reject the norm (defect), and
individuals with a high level of vengefulness are more likely to punish those
rejecting the norm. Each individual’s score (determined by its relative effectiveness) is determined by its actions: norm rejection increases an individual’s
score; an individual’s score decreases if its norm rejection is seen and punished; and the individual that sees and punishes another individual’s norm
rejection will have its score decreased.
Since an individual’s traits determine its actions (norm rejection and
punishment) and the individual’s score depends on these actions, the relative
effectiveness of different sets of traits varies. Which set of traits is most
efficient (gives the highest relative score) depends on which mechanisms in
the model are enabled or disabled; for example, whether metanorms are
present or not. Individuals who are more effective (have a higher relative
score) have greater impact on the emergence of both the national and the
international norm.
10

See Putnam (1988) for an introduction to two-level games in international relations.
𝐶𝑖̄ and 𝑉𝑖̄ are traits related to states (level 2), whereas 𝐶𝑖 and 𝑉𝑖 are traits related
to individuals (level 1).
11
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Put simply, to answer my research question, I have to find the conditions
in my model which make low levels of interest-based reasoning the most
effective trait. In other words, I must identify the conditions which maximize
the effectiveness of the logic of appropriateness.

2.2.1 Level 1: Pressure Among States
At level 1, states whose population has a higher-than-average level of vengefulness exert pressure on other states to induce them to change towards more
climate-friendly behaviour. This game and its payoffs are based on Axelrod’s
(1986) Norms Game, illustrated in Figure 2.1, and his ‘Dominance’ mechanism, where differences in political and economic power between groups are
modelled through conditional payoffs (Axelrod 1986: 1103–1104). The most
important differences between Axelrod’s (1986) Norms Game and level 1 of
the Two-level Norms Game are presented in Table 2.1.
As shown in Figure 2.5, each state 𝑖 must reject or accept the norm
facilitated by the norm entrepreneurs. If the state accepts the norm, it
receives a payoff of 0. If the state rejects the norm, it receives a payoff
of 𝑇 = 3. The hurt suffered by others depends on each state’s type: if
state 𝑖 rejects the norm, all weak states incur 𝐻𝑤 = −1, while all powerful
ℕ ∶ 0 ≤ ℕ ≤ 10}. The reason is that powerful states are
states incur 𝐻𝑝 ∈ { 10
assumed to be less affected when other states reject an international norm.
Each state 𝑗 ≠ 𝑖 that sees12 state 𝑖’s defection then decides whether to punish
state 𝑖.13 If state 𝑗 decides to punish state 𝑖, state 𝑗 incurs an enforcement
cost (𝐸) equal to −2.
As Mitchell (2015: 34) emphasizes, a transition towards the logic of appropriateness will not occur unless the norm entrepreneurs gain support from
a relatively powerful state that supports the norm out of self-interest. To
model support from powerful states, the cost of being punished (𝑃 ), imposed on state 𝑖 if it rejects the norm, depends on whether state 𝑗 is a
powerful or a weak state; if state 𝑗 is powerful, 𝑃 = −9; if state 𝑗 is weak,
𝑃 = −3. These conditional payoffs are identical to the payoffs in Axelrod’s
(1986: 1103) ‘Dominance’ mechanism.

12

The probability of being seen (𝑆) is drawn from a uniform distribution between zero
and one.
13
The probability that state 𝑗 will punish a defection is given by its vengefulness, 𝑉𝑗 .
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Figure 2.4: The relation between the two levels of the Twolevel Norms Game, and the mechanisms in my model. In the
second-level game, all individuals 𝑖 influence each other’s level
of interest-based reasoning (𝐶𝑖 ) and vengefulness (𝑉𝑖 ). These
changes are reflected at the national level, where the traits 𝐶𝑖̄
and 𝑉𝑖̄ of each state 𝑖 are determined by the average 𝐶𝑖 and 𝑉𝑖
of the individual state’s population. In the first-level game, all
states 𝑖 compete against each other, deciding whether to change
towards more climate-friendly behaviour or not. The end result
is reflected in the international norm; the international level of
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Figure 2.5: First level of the Two-level Norms Game, which models pressure
among states. The model distinguishes between powerful and weak states
according to their political and economic power.
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Figure 2.6: Second level of the Two-level Norms Game, which models
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2.2.2 Level 2: Bottom-up pressure from domestic actors
The emergence of an international norm often starts at the domestic level,
where norm entrepreneurs try to change the normative perception shared
by the domestic majority. Thus, new norms are not created in a normative
vacuum. Instead, new norms ‘emerge in a highly contested normative space
where they must compete with other norms and perceptions of interest’ (Finnemore and Sikkink 1998: 893 and 897).
My second-level game is a modified version of Axelrod’s (1986) Metanorms
Game, illustrated in Figure 2.1. The main difference from Axelrod’s model
is that the second level of the Two-level Norms Game includes two groups of
individuals: norm entrepreneurs and regulars. The differences are presented
in Table 2.2. To model the competition between these two domestic groups,
a mechanism of group dynamics is implemented.
This dynamic and its payoffs are identical to Axelrod’s (1986: 1103–1104)
‘Dominance’ mechanism. If this mechanism is present, each individual 𝑖
must choose whether to accept or reject the norm of the opposite group.
If individual 𝑖 accepts the norm, all individuals receive a payoff of zero. If
individual 𝑖 rejects the norm, 𝑖 gets 𝑇 = 3 and all in the opposite group get
𝐻 = −1. Each individual 𝑗 in the opposite group that sees14 𝑖’s defection
then decides whether to punish 𝑖 or not.15 If individual 𝑗 decides to punish
the defection, 𝑖 receives a payoff of 𝑃 = −9. Individual 𝑗 then incurs the
enforcement cost (𝐸), which equals −2. If the ‘Dominance’ mechanism is
disabled, there is no such group dynamics at the second level of the game.
The individual-level is in a state of nature, without any cooperation.
Up to this point, with the ‘Dominance’ mechanism enabled, the second
level of the Two-level Norms Game is very similar to the first level. However,
as Axelrod (1986: 1100–1103) has shown, the existence of metanorms may
help establish new norms and protect them once they are established. If
‘Dominance’ is present, and individual 𝑗 chooses not to punish individual 𝑖’s
rejection of the norm, each individual 𝑘 ≠ 𝑗 that is a member of the same
group as 𝑗, and that sees 𝑗’s defection (not punish 𝑖’s rejection of the norm),14
will have to choose whether to metapunish 𝑗 or not. In the absence of ‘Dominance’, all individuals 𝑘 ≠ 𝑗 may metapunish 𝑗’s defection (not punish 𝑖’s
rejection of the norm). The payoff for metapunishment is 𝑃 ′ = −9, and the
payoff for metaenforcement is 𝐸 ′ = −2.
14

The probability of being seen, 𝑆, is drawn from a uniform distribution between zero
and one.
15
The probability that individual 𝑗 will punish a defection is given by individual 𝑗’s
vengefulness, 𝑉𝑗 .
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Table 2.1: The most important differences between Axelrod’s (1986) Norms Game and level 1 of the Two-level
Norms Game, modelling pressure among states.
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Since there is only one state in Axelrod’s model, individual 𝑖’s effectiveness (ℇ𝑖 ) is compared with that of all other individuals.

Individual 𝑖’s effectiveness (ℇ𝑖 ) is compared with that of the network of individuals (either nationally, regionally,
or internationally) defined by the ‘Social Proof’ mechanism (see Figure 2.8).
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Table 2.2: The most important differences between Axelrod’s (1986) Metanorms Game and level 2 of the Two-level
Norms Game, modelling bottom-up pressure from domestic actors.
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The Evolutionary Mechanisms

Norms (or ideas) are constantly changing. Through mass media and the Internet, they are passed between individuals distant from each other in both
space and time (Ehrlich and Levin 2005: 0944). ‘Memes’, the cultural analogue of biological genes, were first introduced by Dawkins (1976) to describe
the evolution of cultural ideas through mechanisms of self-replication, mutation, and selection. To model the competition between different social norms,
Axelrod (1986) introduces such an evolutionary mechanism. In each round
of the simulation, all individuals ‘die’. Each individual leaves a given number
of ‘offspring’ based on the relative effectiveness of its traits. It is the ‘survival
of the fittest’ norm.
When each individual in the simulation has chosen whether to reject
or accept the norm four times,16 individuals whose traits were relatively
successful are selected to have more offspring. In particular, individuals
whose effectiveness (ℇ𝑖 )17 is at least one standard deviation (𝜎) higher than
the average are given two offspring. Individuals whose effectiveness (ℇ𝑖 ) is at
least one standard deviation (𝜎) below the average are not given any offspring.
All others are given one offspring. Thus, relatively unsuccessful traits are not
reproduced.18 The reproduction mechanism is illustrated in Figure 2.7.
For convenience, and to follow Axelrod’s (1986: 1099) recommendations,
the number of offspring is adjusted to maintain a constant population of 20
individuals (within each state). Since Axelrod does not specify how this is
done in his models, I build on the algorithm used by Mahmoud et al. (2010:
3). If the new population is smaller than the original, the number of missing
individuals within each state is selected at random from the new population
and replicated. Thus, if a state’s population is erased completely because of
inefficiency, that state’s new population is a replication of random individuals
from other states. If the new population is larger than the original, the
superfluous individuals are removed from the simulation at random.
According to Finnemore and Sikkink (1998: 903–904), the relationship
between states involves a mechanism Axelrod (1986: 1105) refers to as ‘Social Proof’. This mechanism makes states – or more precisely state leaders
– comply with international norms to demonstrate their adaptation to the
international social environment. States need to ‘belong’ – to be part of a
16

The number of opportunities to defect (four times) for each individual follows Axelrod’s (1986: 1099) model.
17
An individual’s effectiveness (ℇ𝑖 ) is calculated by subtracting individual 𝑖’s score from
the average score.
18
This is the same mechanism Axelrod (1986) has embedded in his model and is inspired
by the genetic algorithm of Holland (1975, 1980).
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Individual i’s
traits (Ci and Vi)

Relative
eﬀectiveness (ℇi)

Oﬀspring

ℇi ≥ σ

–σ < ℇi < σ

ℇi ≤ –σ

Figure 2.7: The reproduction mechanism in the second level of the
Two-level Norms Game. The number of offspring for each individual 𝑖
is determined by its relative effectiveness (ℇ𝑖 ). ℇ𝑖 is the difference
between 𝑖’s score and the average score of the network of individuals that 𝑖’s effectiveness is compared with – defined by the ‘Social
Proof’ mechanism (see Figure 2.8). 𝜎 is the standard deviation of the
network’s score.
group. To achieve this, state leaders are conforming to the actions of other
state leaders.
The ‘Social Proof’ mechanism is built into Axelrod’s models through the
evolutionary mechanism: when the number of offspring for each individual 𝑖
is determined, the effectiveness (ℇ𝑖 ) of each individual’s traits is compared
with that of all other individuals. Hence, individuals (as a ‘specie’) adapt
to the social environment in the model through the selection process; since
relatively unsuccessful individuals get fewer offspring, the spread of their
unsuccessful traits to the next generation of individuals is reduced (Axelrod
1986: 1105). In this way, each new generation of individuals conforms to the
norm of the previous generation.
At the second level of the Two-level Norms Game, there are three distinct types of the ‘Social Proof’ mechanism: (1) national, (2) regional, and
(3) international. The selected type is exogenously defined in the initialization of the model. Thus, the ‘Social Proof’ mechanism never changes during
a simulation run. Which ‘Social Proof’ mechanism is enabled determines
who individual 𝑖’s effectiveness (ℇ𝑖 ) is compared with. If the national ‘Social
Proof’ mechanism is enabled, the number of offspring for each individual 𝑖 is
determined by the effectiveness (ℇ𝑖 ) of 𝑖’s traits compared with individuals
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within 𝑖’s state (see Figure 2.8a). If the regional ‘Social Proof’ mechanism is
enabled, the comparison is made with individuals within 𝑖’s region (see Figure 2.8b). Thus, when a new set of traits is selected, individuals in each state
also take into account the traits of individuals in other states.19 However, if
the international ‘Social Proof’ mechanism is enabled, each individual 𝑖 will
compare its traits against individuals across all states (see Figure 2.8c).
When important differences between people exist, the ‘Social Proof’ mechanism tends to apply to those who are most similar (Axelrod 1986: 1105).
Thus, the ‘Social Proof’ mechanism distinguishes between the two different
groups of individuals: norm entrepreneurs and regulars. This mechanism is
modelled by letting norm entrepreneurs compare their effectiveness (ℇ𝑖 ) with
that of other norm entrepreneurs, while regulars compare themselves with
other regulars, as illustrated in Figure 2.8.
In addition, powerful states can be headstrong. That is, the norm of
powerful states can be expected to exert greater influence on the norm of
less powerful states than the other way around. For example, the United
States and the Soviet Union exerted great influence on the norm related to
the economic system of less powerful states in the post-Second World War
era – that is, the spread of capitalism and communism. To model this,
a mechanism named ‘Headstrongness’ is embedded in the model. When
this mechanism is enabled, individuals in powerful states do not compare
their effectiveness (ℇ𝑖 ) with that of individuals in other states. However,
individuals in regular states do.20
To be able to test new traits, and to enable new traits to emerge, a mechanism of mutation is introduced to the model. The traits 𝐶𝑖 and 𝑉𝑖 of every
individual 𝑖 are made up of three bits each – constituting a three-bit string
for each trait. A bit may have one of two possible values: zero and one. As
shown in Table 2.3, a three-bit string might constitute eight possible values.
Thus, the traits 𝐶𝑖 and 𝑉𝑖 have eight possible levels ∈ { ℕ7 ∶ 0 ≤ ℕ ≤ 7}. For
example, if an individual’s 𝐶𝑖 = {0, 1, 0}, the level of interest-based reasoning
of that individual is 72 . If the first bit of this individual’s 𝐶𝑖 mutates, the bit
is ‘flipped’ and the bit string becomes {1, 1, 0}. Hence, its level of interestbased reasoning increases from 72 to 76 . By allowing a 1 per cent probability
that each bit of an individual’s level of interest-based reasoning (𝐶𝑖 ) and
vengefulness (𝑉𝑖 ) will be altered, the mutation rate becomes approximately
one mutation per generation in the entire population (Axelrod 1986: 1099).
19

Since each state’s traits are determined by the average traits of its population, the
‘Social Proof’ mechanism applies to both levels in the model – individuals and states.
20
This only applies if the ‘Social Proof’ mechanism is international or regional. If it is
national, individuals in all states compare their effectiveness with that of other individuals
in their own state only.
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i

i

(a) National ‘Social Proof’

(b) Regional ‘Social Proof’

i

(c) International ‘Social Proof’

Regions

Regulars
Norm entrepreneurs

States
The network of individuals i’s
eﬀectiveness (ℇi) is compared with

Figure 2.8: The different ‘Social Proof’ mechanisms of the Two-level
Norms Game, which determines who individual 𝑖’s effectiveness (ℇ𝑖 )
is compared with. Common for all three types is that individual 𝑖’s
effectiveness (ℇ𝑖 ) is only compared to individuals in its own group
(norm entrepreneurs or regulars).
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Table 2.3: The three-bit strings
making up all possible levels of
interest-based reasoning (𝐶𝑖 ) and
vengefulness (𝑉𝑖 ).
Bit string

2.3

Value as integer 𝐶𝑖 /𝑉𝑖

{0, 0, 0}

0

{0, 0, 1}

1

{0, 1, 0}

2

{0, 1, 1}

3

{1, 0, 0}

4

{1, 0, 1}

5

{1, 1, 0}

6

{1, 1, 1}

7

0
7
1
7
2
7
3
7
4
7
5
7
6
7
7
7

Chapter Summary

In this chapter, I have outlined the theories my simulation model is based
on. A brief introduction to Axelrod’s (1986) evolutionary approach to norms
has been presented. To increase the understanding of Axelrod’s agent-based
computer model, I have presented and analysed a simplified game-theoretical
version of his Norms Game. This game has two possible equilibria: deterrence
and defection. I have also introduced my own agent-based model, the Twolevel Norms Game, and explained how the mechanisms described by Axelrod
(1986) are modelled.
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Chapter 3
The Computer Model
This chapter explains how my agent-based model, the Two-level Norms Game,
works. Section 3.1 will give a simplified introduction to the model by following two arbitrary players. Section 3.2 presents a stepwise overview of the
initialization of the model and the course of a simulation run. In Section 3.3 I
conduct parameterization and calibration of the baseline model. Section 3.4
validates the model by conducting replications of Axelrod’s (1986) models.

3.1

A Simplified Tour: Lisa and Lee, and their
Home State

To simplify the understanding of how the Two-level Norms Game works, I
will focus on two arbitrary players. Like Axelrod (1986: 1099), I call one of
the players Lee. Lee is one of 20 individuals who live in his Home State, one
of the 16 states in the simulation. In other words, Lee is one of a total of
320 individuals. Lee’s vengefulness (𝑉𝑖 ) is 74 , and his level of interest-based
reasoning (𝐶𝑖 ) is 75 . Since Lee’s 𝐶𝑖 > 0, he is considered a regular – an
individual following the logic of consequences – and thus he is grey. One of
Lee’s fellow countrymen is Lisa. Her vengefulness (𝑉𝑖 ) is 72 , and her level
of interest-based reasoning (𝐶𝑖 ) is 70 . Since Lisa’s 𝐶𝑖 = 0, she is a norm
entrepreneur – an individual following the logic of appropriateness – and
thus she is green.
In the first round, all 320 individuals get four opportunities to reject
the norm. Lee’s probability of rejecting the norm is 𝐶𝑖 = 75 . Thus, he
chooses to reject the norm three out of four times in the first round. For each
rejection, Lee gets the temptation payoff 𝑇 = 3, while all the individuals in
the opposite group of Lee (that is, the group of norm entrepreneurs) get the
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payoff 𝐻 = −1.21 In other words, Lisa receives the payoff 𝐻 = −1 each time
Lee rejects the norm. However, Lisa sees Lee’s rejection of the norm only two
out of the three times. She chooses to punish each of Lee’s rejections with
a probability of 𝑉𝑖 = 72 , that is, her level of vengefulness. Thus, Lisa only
punishes Lee one out of three times. When Lisa punishes Lee’s rejection of
the norm, Lee incurs the cost of being punished 𝑃 = −9, while Lisa incurs
the punisher’s enforcement cost 𝐸 = −2.
When Lisa refrains from punishing Lee’s rejection of the norm, each of
the other norm entrepreneurs that see Lisa’s defection (that is, see her not
punishing Lee’s rejection of the norm) has to choose whether to metapunish
her or not. The probability that an individual 𝑖 chooses to metapunish
Lisa, equals its level of vengefulness (𝑉𝑖 ). If 17 out of a total of 39 norm
entrepreneurs choose to metapunish Lisa,22 she will incur the cost of being
punished for not punishing a rejection of the norm 17 times, and hence
𝑃 ′ = −9 ⋅ 17 = −323. Each of the norm entrepreneurs that punish Lisa
incurs the cost of punishing someone for not punishing a rejection of the norm
𝐸 ′ = −2. Since Lisa is a norm entrepreneur, her probability of rejecting the
norm herself is 𝐶𝑖 = 0.
When the first four rounds end, Lee has a score of −1782, while Lisa
has a score of −1041. Their scores are the result of norm rejections and
punishments conducted by themselves and all the other individuals in the
simulation. Since the ‘Social Proof’ mechanism is international,23 Lee compares his score to all the 281 regulars in the simulation. As the difference
between Lee’s score and the score of all other regulars – Lee’s relative effectiveness (ℇ𝑖 ) – is greater than the standard deviation (𝜎) of the score of
all regulars, Lee gets two offspring. These two offspring inherit Lee’s vengefulness (𝑉𝑖 ) and his level of interest-based reasoning (𝐶𝑖 ).24 Lisa’s relative
effectiveness (ℇ𝑖 ) is within ± one standard deviation (𝜎) of the score of all
norm entrepreneurs. Thus, Lisa only gets one offspring inheriting her traits.
When the number of offspring for each of the 320 individuals has been decided, the first generation of individuals, including Lisa and Lee, are removed
from the simulation.
The traits (𝐶𝑖̄ and 𝑉𝑖̄ ) of each of the 16 states 𝑖 are then updated according
to the average traits of each state’s population. Since Lee got one offspring
more than Lisa, Lee’s traits have a greater influence on the traits of their
21

In this example, Axelrod’s (1986) ‘Dominance’ mechanism is enabled. If the ‘Dominance’ mechanism was disabled, the payoff 𝐻 = −1 would be incurred by all the 319 other
individuals in the simulation.
22
281 regulars + 39 norm entrepreneurs = 320 individuals 𝑖 in the simulation.
23
See Figure 2.8.
24
See Figure 2.7.
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Home State. The probability (𝑉𝑖̄ ) that their Home State will reject the norm
– when all the states play the first-level game – is thus increased thanks to the
high level of interest-based reasoning (𝐶)̄ that Lee’s offspring have inherited.
After the states have finished playing the first-level game, the next generation
of individuals plays the same game as Lee and Lisa played, followed by the
states playing the first-level game. This continues for 100 generations, when
the simulation ends.

3.2

Simulation Steps Overview

This stepwise overview of the model initialization, and the course of a simulation run, is based on the steps described by Axelrod (1986: 1099–1100).
See Tables 2.1 and 2.2 for the most important differences between Axelrod’s
model and the Two-level Norms Game.
1. Sixteen empty states are created
2. The set of traits for the initial population of 20 individuals for each
state is chosen at random from the set of all possible traits.25
• 𝐶𝑖
– The level of interest-based reasoning for individual 𝑖
– 𝐶𝑖 ∈ { 70 , 71 , 72 , 73 , 74 , 75 , 76 , 77 }
– Individuals whose 𝐶𝑖 = 70 (no interest-based reasoning) are
considered as norm entrepreneurs. Individuals whose 𝐶𝑖 ≥ 71
are considered as regulars
• 𝑉𝑖
– Vengefulness of individual 𝑖
– 𝑉𝑖 ∈ { 70 , 71 , 72 , 73 , 74 , 75 , 76 , 77 }
3. Each individual gets four opportunities to reject the norm
• This represents the second level of the Two-level Norms Game,
illustrated in Figure 2.6
4. The set of traits for the initial 16 states is defined as that state’s population average
25

At the start of the simulation, there is always at least one norm entrepreneur within
each state. However, if the norm entrepreneurs within a state do not get any offspring,
the group and its norm will be eliminated from that state.
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• 𝐶𝑖̄
– The average level of interest-based reasoning of the population
in state 𝑖
– 𝐶𝑖̄ ∈ [0, 1]
• 𝑉𝑖̄
– The average vengefulness of the population in state 𝑖
– 𝑉𝑖̄ ∈ [0, 1]
5. Each state gets one opportunity to reject the norm
• The first level of the Two-level Norms Game, illustrated in Figure 2.5
6. The total score of each individual is calculated
7. The number of offspring for each individual is determined by the relative effectiveness (ℇ𝑖 ) of its traits (see the reproduction mechanism
described in Section 2.2.3)
• A mechanism of mutation allows a 1 percentage chance that the
level of interest-based reasoning (𝐶𝑖 ) and vengefulness (𝑉𝑖 ) for
individual 𝑖 will be altered
8. Steps 2 to 6 are repeated for 100 generations
9. By the end of the simulation, the so-called currency Ω is calculated (see
Section 3.3) to determine to what extent the norm has been established
or collapsed, that is, whether the norm is robust with respect to norm
mutations
• Ω = (1 − 𝐶)̄ ⋅ 𝑉 ̄ ∈ [0, 1] , where 𝐶 ̄ and 𝑉 ̄ are the mean traits over
the whole population of individuals in the simulation

3.3 Parameterization and Calibration of the
Baseline Model
Parameterization is the process of selecting values for a model’s parameters. Calibration is a special kind of parameterization in which the modeller
searches for ‘good’ values, that is, values maximizing or minimizing some
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optimization problem (Railsback and Grimm 2011: 255). Many of the parameters in the Two-level Norms Game are identical to the parameters of Axelrod’s (1986) model, namely the probability (𝑆) of a norm rejection being seen
by another state or individual, all the payoffs 𝑇 , 𝐻, 𝑃 , 𝑃 ’, 𝐸, and 𝐸’ (see
Figures 2.5 and 2.6), the number of generations in each simulation, the parameter values of the evolutionary mechanism, and the traits 𝐶𝑖 and 𝑉𝑖 . Thus,
these parameters will not be considered further here.
The Two-level Norms Game includes two discrete parameters which have
to be calibrated: the threshold (𝐺) of interest-based reasoning (𝐶𝑖̄ ) required
in a state’s population for the state to become green, and the hurt (𝐻)
suffered by strong states when other states reject the norm. The model also
includes several categorical parameters, namely the different game types and
mechanisms embedded in it. Calibration of agent-based models often involves
fitting the model to empirical data (Railsback and Grimm 2011: 255–256).
However, as the objective of this thesis is to make predictions at the lowest
(first) level of Hassan et al.’s (2013: 1.4) three levels of prediction – that is,
under which parameter combinations and initial conditions an international
transition towards the logic of appropriateness may occur – I will rather
search for values optimizing the probability of such transition.
To select the best parameter values for the baseline model, I have conducted a best-fit calibration of all parameters in the model.26 Best-fit calibration
is essentially an optimization of the model parameters with respect to a
quantitative currency (Railsback and Grimm 2011: 259). To calibrate the
Two-level Norms Game, I have constructed the following currency:
Ω = (1 − 𝐶)̄ ⋅ 𝑉 ̄ ∈ [0, 1] ,
where 𝐶 ̄ is the population mean level of interest-based reasoning (𝐶 ̄ =
1 ∑𝑁 𝐶 ∶ 𝐶 ̄ ∈ [0, 1]) across all 𝑁 states at the end of the simulation, and
𝑁
𝑖=1 𝑖
𝑁
̄
𝑉 is the population mean level of vengefulness (𝑉 ̄ = 𝑁1 ∑𝑖=1 𝑉𝑖 ∶ 𝑉 ̄ ∈ [0, 1])
across all 𝑁 states at the end of the simulation. All possible values of the
currency are illustrated in Figure 3.1. The higher the value of Ω, the more
established is the logic of appropriateness among the population.
The logic is simple: when there are high levels of vengefulness (𝑉 ̄ ) in the
population, it is very costly to reject the norm. Thus, individuals with high
levels of interest-based reasoning (𝐶)̄ are less effective (ℇ𝑖 is low), and these
individuals’ traits are reproduced to a lesser extent (see Figure 2.7). In other
words, the norm is established, that is, it is self-enforcing and very resistant
to mutations (upper-left area of Figure 3.1). If the level of vengefulness (𝑉 ̄ )
26

See Railsback and Grimm (2011: 259) and Thiele, Kurth and Grimm (2014: 2.5–2.7)
for an explanation of the differences between best-fit and categorical calibration.
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Figure 3.1: The currency Ω used to calibrate the Two-level Norms
Game. High values of Ω indicate that the norm has been established.
Low values of Ω indicate that the norm has collapsed. The dashed
sets correspond to the conditions in Section 3.3.
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is low, it is less costly to reject the norm. Thus, individuals with high levels
of interest-based reasoning (𝐶)̄ are more effective, resulting in more offspring
with high levels of 𝐶 ̄ (bottom-right area of Figure 3.1). If 𝐶 ̄ and 𝑉 ̄ are low
(bottom-left area of Figure 3.1), the norm is not established. The reason is
that with low levels of vengefulness (𝑉 ̄ ), it will pay well to reject the norm.
Small mutations in an individual’s level of interest-based reasoning (𝐶)̄ may
thus cause the norm to collapse and raise the level of 𝐶.̄
The currency Ω is a continuous measurement that corresponds to the
sets of norm states defined by Galan and Izquierdo (2005: 5.12). The sets
are illustrated in Figure 3.1, and are also used to analyse the robustness
of Axelrod’s (1986) models in Section 5.3. The sets of norm states are as
follows:
6
1
and 𝑉 ̄ ≤
⟶ Norm Collapse
7
7
2
5
𝐶̄ ≤
and 𝑉 ̄ ≥
⟶ Norm Establishment
7
7
𝐶̄ ≥

If none of the conditions hold (the area outside the two dashed sets in
Figure 3.1), the norm is still sensitive to single mutations. Hence, changes in
a single individual 𝑖’s traits may cause abrupt changes in the overall traits of
the population. In contrast to the binary norm states defined by Galan and
Izquierdo, the currency Ω makes it possible to evaluate to what extent the
norm is established. Thus, it is both more precise and suitable for optimization.
Since the parameter space – that is, the number of possible parameter
combinations – of the Two-level Norms Game is huge (79,200,000), and the
duration of each simulation is approximately 60 seconds, it is impossible
to inspect the whole solution space (it would take 150 years with a single
core processor). Thus, it is necessary to search the parameter space using
heuristic techniques. Computer scientists have developed a vast repertoire
of such techniques, which are used in mathematical optimization and in the
development of artificial intelligence. In the case of calibrating agent-based
models developed in NetLogo (Wilensky 1999), Thiele, Kurth and Grimm
(2014: 2.16–2.59) review four categories of calibration techniques:
full factorial design: known from Design of Experiments (DoE) methodology (Box, Hunter and Hunter 1978)
classical sampling methods: simple random sampling and Latin hypercube sampling
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optimization methods: gradient and quasi-Newton methods, simulated
annealing, and evolutionary or genetic algorithms
Bayesian methods: rejection and regression sampling, Markov chain Monte
Carlo, and sequential Monte Carlo.
To calibrate the Two-level Norms Game I have used an optimization
method known as ‘Random Mutation Hill Climber’ (RMHC) (Mitchell, Holland and Forrest 1993: 3; Forrest and Mitchell 1993). RMHC was selected
because it is relatively simple to grasp, is computationally low-cost, and offers a relatively high level of information; hence, it is an efficient calibration
technique (see Figure 3.2). RMHC works as follows.
1. A random set of parameter values is selected from the parameter space.
This parameter set is labelled ‘best evaluated’.
2. Each parameter is mutated with a probability equal to 5% in each
evaluation (simulation run). If the mutated parameter set leads to an
equal or higher fitness, that is, a higher value of the currency Ω at
the end of the simulation, the mutated parameter set is labeled ‘best
evaluated’.
3. Step 2 is repeated until the maximum number of evaluations has been
performed. It is also possible to repeat the second step until a local
optimum is found. However, if several local optima exist, RMHC may
only find one of them. Thus, by repeating step 2 for a predefined
number of evaluations (simulation runs), we increase the probability
of finding the global optimum (see Figure 3.3). To calibrate the Twolevel Norms Game, the maximum number of evaluations has been set
to 9,000. This means that 9,000 of the parameter space’s total of
79,200,000 possible parameter combinations will be evaluated during
the process.
To carry out the calibration of the Two-level Norms Game, I have used
BehaviorSearch (Stonedahl and Wilensky 2016), a software developed to calibrate agent-based models created in NetLogo (Wilensky 1999). Table 3.1
shows the 10 best evaluated parameter sets from a total of 9,000 simulation
runs. Because of the high level of stochasticity in the model, each parameter
combination is replicated five times, and the mean Ω is then calculated. To
prevent biased results because of the stochastic nature of the model, the
mean Ω over 10 replicates is estimated each time the parameter search finds
a better fit.
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Figure 3.2: A rough categorization of the different calibration methods. The methods are plotted with regard to their cost – that is, both
computationally and in terms of the time required to understand
and fine-tune the methods – and the information and efficiency they
provide (Thiele, Kurth and Grimm 2014: 2.58). The ‘Random Mutation Hill Climber’ (RMHC) belongs to the category of optimization
methods.
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Figure 3.3: A trivariate model 𝑓 (𝛽1 , 𝛽2 ) illustrating
the possible problems with the ‘Random Mutation Hill
Climber’ (RMHC) calibration technique. If RMHC starts
in a poor location (Ω𝐴 ) of the parameter space – that is,
close to the lowest local optimum (Ω𝐵 ) – and there are
two or more local optima, RMHC may not find the global
optimum (Ω𝐶 = max 𝑓 (𝛽1 , 𝛽2 )) of the model. The optima
may either be the maxima or minima of the solution space,
depending on the optimization problem.
By simply looking at the 10 best evaluated parameter sets in Table 3.1,
one notices that for all parameter sets (1) the second-level game type is the
Metanorms Game, (2) the ‘Dominance’ mechanism is disabled, and (3) the
‘Social Proof’ mechanism is either national or international, but never regional. Beyond that, there seem to be no other significant similarities between
the parameter combinations. A statistical analysis will be carried out in
Chapter 4. The parameter values of the best evaluated parameter set are
selected as the baseline model of the Two-level Norms Game.
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0.4

1.0

No

No

No

No

No

No

No

No

No

No

Mechanism

(6)

Dominance

(6)

0.9656

9

N-person P.D.

N-person P.D.

0.19

1

0

No

Yes

(5)

0.3

𝐻𝑝

Whether individuals in powerful states compare their effectiveness with that of the population of other states.

0.9656

8

Metanorms Game

0.38

0.43

No

No

(4)

(5)

0.9661

7

N-person P.D.

Metanorms Game

Metanorms Game

1

0

Yes

Headstrongness

Whether powerful states have a strong unilateral incentive to support the norm entrepreneurs.

0.9661

6

Norms Game

N-person P.D.

0.38

0.12

Yes

states

(3)

powerful

Support from

(4)

0.9664

5

Metanorms Game

Metanorms Game

1

states

powerful

Number of

(3)

0.9669

4

Norms Game

N-person P.D.

(2)

0.10

𝐺

The currency Ω ∈ [0, 1] (high values indicate norm establishment; smaller values indicate norm collapse).
The threshold of interest-based reasoning (𝐶𝑖̄ ) required in a state’s population for the state to become green.

0.9674

Metanorms Game

(level 2)

(level 1)

Norms Game

Game Type

Game Type

(1)

0.9674

0.9690

(1)

3

(8)

Ω

2

1

Rank

(7)

National

International

National

National

National

National

International

National

International

National

Mechanism

Proof

Social

Table 3.1: The 10 best parameter sets out of 9,000 evaluated with regard to the currency Ω at the end of the
simulation. The parameter search was conducted using BehaviorSpace (Stonedahl and Wilensky 2016) and the
‘Random Mutation Hill Climber’ (RMHC) calibration technique.
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3.4 Model Validation and Replication
The Two-level Norms Game is based on Axelrod’s (1986) three models: the
𝑁 -person Prisoner’s Dilemma, the Norms Game and the Metanorms Game
(see Figure 2.1). Axelrod does not present any simulation results from the
𝑁 -person Prisoner’s Dilemma Game. However, it is well established that
maintenance and establishment of public goods in a situation similar to an
𝑁 -person Prisoner’s Dilemma is difficult.27 As illustrated in Figure 3.4, my
model reproduces this pattern both when the initial parameter values are
identical to those of Axelrod (the light blue set) and when the simulations
are conducted with the Two-level Norms Game (the dark blue set in the
centre of the light blue set). In both cases, the average level of interest-based
reasoning (𝐶)̄ 28 is 0.98, and the average level of vengefulness (𝑉 ̄ ) is 0.50.
Figure 3.5 illustrates the main difference between the simulations conducted
using Axelrod’s parameter values, and the simulations conducted using the
baseline model, that is, the number of states embedded in the simulation.
The results of Axelrod’s (1986) Metanorms Game are also reproduced
by my model. As Axelrod (1986: 1102) finds, the level of vengefulness
increases significantly when metapunishment is introduced, and when the
level of vengefulness increases, the level of interest-based reasoning decreases.
When the initial parameter values are identical to those of Axelrod (the light
green set in Figure 3.4), the average level of interest-based reasoning (𝐶)̄ is
0.03, while the average level of vengefulness (𝑉 ̄ ) is 0.83. When the simulations are conducted using the Two-level Norms Game (the dark green set
close to the light green set in Figure 3.4), the average of 𝐶 ̄ and 𝑉 ̄ are 0.02
and 0.98, respectively.
My model also reproduces the patterns of Axelrod’s (1986: 1100) Norms
Game, when the initial parameter values are identical to those of Axelrod (the
light brown area in Figure 3.4). The results are concentrated in two areas of
the plot: in the bottom left corner, where both 𝐶 ̄ and 𝑉 ̄ are low, and in the
bottom right corner, where 𝐶 ̄ is high and 𝑉 ̄ is low. This binary pattern arises
because of a single mutation which significantly increases one individual’s
̄ When the level of vengefulness (𝑉 ̄ ) in
level of interest-based reasoning (𝐶).
the population is low, the mutated individual may reject the norm without
any punishment. The simulation then becomes stuck at the bottom right
corner of the plot, where the norm has collapsed (Mahmoud et al. 2010:
4–6).
27

See, e.g. Hardin (1968) and Schelling (1978: 216–243).
In Axelrod’s (1986) paper, this trait is labelled ‘boldness’ (𝐵). For the sake of con̄
sistency, I have used the same notation as in the Two-level Norms Game (that is, 𝐶).
28
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1.00

Vengefulness (V )

0.75

0.50

0.25

0.00
0.00

0.25

0.50

0.75

1.00

Level of interest−based reasoning (C )
N −person P.D.

Norms Game

Metanorms Game

Figure 3.4: Replications of Axelrod’s (1986) three models. 𝐶 ̄ is the
average level of interest-based reasoning at the end of the simulation,
and 𝑉 ̄ is the average vengefulness. The light-coloured sets are the results
of simulations conducted using the same parameter values as Axelrod.
These results are based on 10,000 simulation runs for each of the three
models. The three dark-coloured sets are replications conducted using
the baseline model of the Two-level Norms Game with the corresponding
model as the second-level game type (that is, at the individual level).
Because of the computational cost of each run of the Two-level Norms
Game, these results are based on 500 simulation runs for each of the three
models. The main difference between the two result sets (light and dark)
concerns the number of states. Axelrod’s models (the light-coloured sets)
only include one state – the models are one-level games. In contrast, the
baseline model of the Two-level Norms Game (the dark-coloured sets)
includes 16 states (see Figure 3.5).
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(a) Simulation of Axelrod’s (1986)
Metanorms Game (the light green set
in Figure 3.4) including one state only.

(b) Simulation of Axelrod’s (1986)
Metanorms Game using the baseline
model of the Two-level Norms Game
(the dark green set in Figure 3.4) including 16 states.

Figure 3.5: Screenshots from two simulations in NetLogo (Wilensky 1999),
illustrating the main difference between the two groups of result sets (darkand light-coloured) in Figure 3.4, i.e. the number of states embedded in the
simulations.
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When the simulations are conducted using the Two-level Norms Game,
the results are only concentrated in the bottom left corner of Figure 3.4. The
reason why my model does not reproduce the results where the norm has
collapsed (bottom right corner of Figure 3.4) is related to the total number
of individuals embedded in the simulation: although the level of vengefulness (𝑉 ̄ ) in the population is low, the high number of individuals increases
the probability of a defection being punished. Therefore, when one single
mutation in an individual’s traits increases its level of interest-based reason̄ the punishment for norm rejection is always high.
ing (𝐶),
When the initial parameter values are identical to those of Axelrod (the
light brown set in Figure 3.4), the average level of interest-based reasoning (𝐶)̄ is 0.24, while the average level of vengefulness (𝑉 ̄ ) is 0.31. When
the simulations are conducted using the Two-level Norms Game (the dark
brown set close to the light brown set in Figure 3.4), the average of 𝐶 ̄ and
𝑉 ̄ are respectively 0.12 and 0.02.
All six replications – that is, both the replications conducted using initial
parameter values identical to those of Axelrod, and the replications conducted using the Two-level Norms Game – reproduce the patterns of Axelrod’s
(1986) models. These results strengthen the validity of the Two-level Norms
Game.

3.5

Chapter Summary

This chapter has explained how my agent-based model, the Two-level Norms
Game, works. By following two arbitrary players, Lee and Lisa, I gave a
simplified introduction to the model. This introduction was followed by
a stepwise overview of the initialization of the model and the course of a
simulation run. I also conducted parameterization and calibration of the
baseline model, and validated the model by conducting replications of Axelrod’s (1986) models.
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Chapter 4
The Dynamics of a Green
Transition: Simulation Results
This chapter presents and analyses the simulation results from simulations
of my model, the Two-level Norms Game. In Section 4.1, I argue for the
use of general linearized regression models (GLS) to explore my model. In
Section 4.2, the results of simulations using random traits are presented
and analysed. A less technical and more substantive analysis of the results
is presented in Chapter 6. Section 4.3 presents the simulation results of
simulations using empirically grounded data on the level of interest-based
reasoning (𝐶𝑖 ).

4.1

The Choice of the Global Sensitivity
Method

To answer my research question – ‘Under what conditions (if any) might
an international transition towards the logic of appropriateness occur in the
field of climate change?’ – I have conducted a total of 2,211,000 simulation
runs of the Two-level Norms Game; 893,400 runs with random traits, and
1,317,600 runs using empirically grounded data.
To explore the simulation model, a global sensitivity analysis is preferable.
There are several techniques available: regression-based methods; the Sobol’
method; the Extended Fourier amplitude sensitivity test (eFAST); and FANOVA decomposition with Gaussian process (Thiele, Kurth and Grimm 2014:
3.16–3.54). As illustrated in Figure 4.1, the computational cost and efficiency
of the different methods vary. The following analyses will be conducted using a general linearized regression model (GLS) and standardized regression
coefficients (𝛽s). Although other methods are more efficient in terms of the
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Sobol’

Information and Eﬃciency

GP based
FANOVA
eFAST

Low

Regression

Low

High

Cost

Figure 4.1: A rough categorization of different global sensitivity methods.
The methods are plotted with regard to their cost – including computational
cost and the time required to understand and fine-tune the methods – and
their information and efficiency (Thiele, Kurth and Grimm 2014: 3.54).
information they provide, the low costs of regression-based methods make
them favourable.
In models with strong interaction effects or non-monotonic relationships,
2
𝑅 tends to be low and the use of general linearized regression models (GLS)
and standardized regression coefficients may not be the best sensitivity technique (Thiele, Kurth and Grimm 2014: 3.35). However, since most of the
parameters in the Two-level Norms Game are categorical, and thus represented in the regression model as dichotomous dummy variables, only a few
non-linear or non-monotonic relationships are possible.
Saltelli et al. (2008: 273) recommend the use of standardized regression coefficients in global sensitivity analysis only if 𝑅2 ≥ 0.7. As shown in
Table 4.1, 𝑅2 = 0.913 when random traits are simulated, whereas 𝑅2 = 0.921
when simulations are conducted using empirically grounded data. A substantial proportion of the unpredicted variance29 is probably related to the
29

Unpredicted variance = 1 − 𝑅2 = 1 − 0.913 = 0.087 and 1 − 0.921 = 0.079.
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stochastic elements in the simulation model. Thus, general linearized regression modelling (GLS) and standardized regression coefficients seem applicable when one analyses the Two-level Norms Game.
It is important to note that the results of the following regression analysis
do not directly identify causal relationships in the model (or in the real
world). However, it is a good starting-point for understanding the mechanism
in the simulation model and identifying which factors to investigate further
(Railsback and Grimm 2011: 287).

4.2

Simulations with Random Traits

As described in Section 3.2, the levels of interest-based reasoning (𝐶𝑖 ) and
vengefulness (𝑉𝑖 ) are randomly selected for each individual in the initialization of the simulation model. Because the parameter values are kept identical
to those of Axelrod (1986), and the number of states is fixed at 16, the total
number of individuals in each simulation is 16 ⋅ 20 = 320. Since both 𝐶𝑖 and
𝑉𝑖 are randomly selected from the distribution { 70 , 71 , 72 , 73 , 74 , 75 , 76 , 77 }, both the
mean 𝐶 ̄ and the mean 𝑉 ̄ ≈ 0.5 in the start of the simulation.
A total of 893,400 runs of the Two-level Norms Game are simulated using
random traits, and the currency Ω is measured in the end of each simulation
(after 100 generations). Because of to the stochastic nature of the simulation
model, each parameter combination is replicated 100 times for the 𝑁 -person
Prisoner’s Dilemma and Norms Game (level 2). Because of the computational
cost of the Metanorms Game,30 each parameter combination is replicated
10 times when metanorms are simulated. A general linearized regression
model (GLS) is then used to analyse the simulation model’s output. The
results are presented in Figure 4.2 and Table 4.1. Table 4.1 makes it easier
to read the exact estimates and Figure 4.2 makes comparison easier.
In Figure 4.2 the standardized coefficients (𝛽s) are sorted according to
the estimated values. The coefficients are also coloured according to the
estimated effect on the currency Ω: coefficients that increase Ω (indication
of norm establishment) are green; coefficients that decrease Ω (indication
of norm collapse) are red; and insignificant31 coefficients are coloured grey.
Therefore, it is easy to interpret the relative effect of the different mechanisms
and their interactions on the currency Ω.
30

The potential number of interactions among individuals in one simulation run of the
Two-level Norms Game is 13,107,200,000. In contrast, the potential number of interactions
among individuals in one simulation run of the 𝑁-person Prisoner’s Dilemma is 128,000.
In other words, the Metanorms Game is computationally far more expensive.
31
𝑃 -value > 0.1
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Metanorms (level 2)

National ‘Social Proof’ × Metanorms (level 2)
National ‘Social Proof’ × ‘Dominance’ × Metanorms (level 2)
National ‘Social Proof’ × ‘Dominance’
National ‘Social Proof’ × ‘Dominance’ × Norms Game (level 2)
Norms Game (level 2)
Regional ‘Social Proof’ × Metanorms (level 2)
Regional ‘Social Proof’ × ‘Dominance’ × Metanorms (level 2)
Regional ‘Social Proof’ × ‘Dominance’ × Norms Game (level 2)
Regional ‘Social Proof’ × ‘Dominance’
Support from powerful state
Number of powerful states × Support from powerful state
Number of powerful states
Hurt (powerful states)
Norms Game (level 1)
Number of powerful states × Hurt (powerful states)
Threshold for when states become green
Number of powerful states × ‘Headstrongness’
Regional ‘Social Proof’ × Norms Game (level 2)
‘Headstrongness’
Regional ‘Social Proof’
National ‘Social Proof’
National ‘Social Proof’ × Norms Game (level 2)
‘Dominance’ × Norms Game (level 2)
‘Dominance’
‘Dominance’ × Metanorms (level 2)
-1.0

-0.5

0.0

0.5

1.0

Standardized coefficients (β)
Traits (C i ):
Effect:

Decreased Ω

Random

Empirical

Insignificant

Increased Ω

Figure 4.2: Standardized coefficients (𝛽) from two regression analyses of the
mechanisms in the Two-level Norms Game and their interactions. Both sets
of results (random traits and empirical traits from the PIPA and World Bank
(2010) survey) are based on a total of 2,211,000 simulation runs; 893,400 runs
with random traits, and 1,317,600 runs using empirically grounded data. The
dependent variable of both analyses is the currency Ω after 100 generations.
The estimates are the same as in Table 4.1.
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Table 4.1: Standardized coefficients (𝛽) from two regression analyses of the
mechanisms in the Two-level Norms Game and their interactions. Both sets
of results (random traits and empirical traits from the PIPA and World Bank
(2010) survey) are based on a total of 2,211,000 simulation runs; 893,400 runs
with random traits, and 1,317,600 runs using empirically grounded data. The
estimates are also illustrated in Figure 4.2.
Dependent variable:

Traits (𝐶𝑖 )

Currency Ω after 100 generations

Random

Constant

−0.001∗

Norms Game (level 1)

0.00001

Threshold for when states become green

−0.001

Empirical
0.000
−0.0001

∗∗

−0.0001

∗∗∗

−0.005∗∗∗

Number of powerful states

0.006

Support from powerful state

0.007∗∗∗
∗∗∗

‘Headstrongness’

−0.002

Hurt (powerful states)

−0.0001

−0.0001
−0.009∗∗∗
0.0002

National ‘Social Proof’

−0.018

∗∗∗

−0.024∗∗∗

Regional ‘Social Proof’

−0.019∗∗∗

−0.021∗∗∗

‘Dominance’

−0.202∗∗∗

−0.150∗∗∗

Norms Game (level 2)

0.089∗∗∗

0.080∗∗∗

Metanorms (level 2)

0.866∗∗∗

0.889∗∗∗

Number of powerful states × Support from powerful state

0.005∗∗∗

0.0002

∗∗∗

Number of powerful states × ‘Headstrongness’

−0.001

Number of powerful states × Hurt (powerful states)

−0.0003

−0.005∗∗∗
−0.0003

National ‘Social Proof’ × ‘Dominance’

0.164

∗∗∗

0.121∗∗∗

Regional ‘Social Proof’ × ‘Dominance’

0.042∗∗∗

0.031∗∗∗

National ‘Social Proof’ × Norms Game (level 2)

−0.050∗∗∗

−0.045∗∗∗

Regional ‘Social Proof’ × Norms Game (level 2)

−0.005∗∗∗

−0.004∗∗∗

‘Dominance’ × Norms Game (level 2)

−0.118∗∗∗

−0.109∗∗∗

National ‘Social Proof’ × Metanorms (level 2)

0.240∗∗∗

0.219∗∗∗

Regional ‘Social Proof’ × Metanorms (level 2)

0.062∗∗∗

0.063∗∗∗

−0.278∗∗∗

−0.246∗∗∗

National ‘Social Proof’ × ‘Dominance’ × Norms Game (level 2)

0.107

∗∗∗

0.100∗∗∗

Regional ‘Social Proof’ × ‘Dominance’ × Norms Game (level 2)

0.038∗∗∗

0.035∗∗∗

National ‘Social Proof’ × ‘Dominance’ × Metanorms (level 2)

0.214∗∗∗

0.194∗∗∗

Regional ‘Social Proof’ × ‘Dominance’ × Metanorms (level 2)

0.055∗∗∗

0.056∗∗∗

Observations (simulation runs)

893,400

1,317,600

0.913

0.921

‘Dominance’ × Metanorms (level 2)

𝑅

2

‘×’ represent interaction between model parameters.
∗

𝑝 < 0.1;

∗∗

𝑝 < 0.05;

∗∗∗

𝑝 < 0.01
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4.2.1 Mechanisms
Figure 4.2 shows that, to maximize the probability of a transition towards
the logic of appropriateness in the field of climate change (in the simulation
model), the presence of Axelrod’s (1986) metanorms at the individual level
is the most important factor. Compared with 𝑁 -person Prisoner’s Dilemma
at level 2, the estimated effect of metanorms is 𝛽 = 0.866, and the estimate
of the Norms Game is 𝛽 = 0.089. Although the effects of ‘Support from
powerful state’ and ‘Number of powerful states’ are significant, the effects
are rather small (𝛽 = 0.007 and 𝛽 = 0.006 respectively). The estimated
effect of the Norms Game at level 1 (compared with 𝑁 -person Prisoner’s
Dilemma), and the hurt (𝐻) suffered by powerful states, are not significant
(𝑝-value > 0.1).
In contrast, the simulation model suggests that the presence of Axelrod’s
(1986) ‘Dominance’ mechanism decreases the probability of a transition towards the logic of appropriateness in the field of climate change (𝛽 = −0.202).
Also, the ‘Headstrongness’ mechanism, and national or regional ‘Social Proof’
(compared with international) decreases the probability of such transition.
However, these effects are relatively small (𝛽 = −0.002, 𝛽 = 0.018, and
𝛽 = −0.019 respectively), with respect to the other mechanisms in the simulation model.
Not surprisingly, there are lots of interaction effects in my simulation
model. The most prominent interaction effects relate to the presence of
metanorms. As illustrated in Figures 4.3a and 4.3b, metanorms combined
with national ‘Social Proof’ cause a change in the currency Ω of 𝛽 = 0.240.
In contrast, when national ‘Social Proof’ is combined with the Norms Game,
the interaction effect is negative (𝛽 = −0.050). As illustrated in Figure 4.3a,
the combination of metanorms and ‘Dominance’ causes a reduction in the
currency Ω (𝛽 = −0.278). However, as illustrated in Figure 4.3b, the interaction of both ‘Social Proof’ mechanisms and the ‘Dominance’ mechanism
increases the probability of a green transition; if ‘Dominance’ is combined
with national ‘Social Proof’, 𝛽 = 0.164; and if ‘Dominance’ is combined with
regional ‘Social Proof’, 𝛽 = 0.042.
The regression analysis indicates that a transition toward the logic of appropriateness (in the simulation model) is strongly correlated with (1) which
game is played at the individual level, (2) the presence or absence of the
‘Dominance’ mechanism, and (3) ‘Social Proof’ type. To further investigate
these mechanisms, some descriptive statistics are presented in Figure 4.4 and
analysed below.
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Interaction Effect (Standardized β)

0.50

0.25

Mechanisms
National ‘Social Proof’
Regional ‘Social Proof’
‘Dominance’

0.00

-0.25

-0.50
Norms Game

Metanorms Game

Game Type (Level 2)

(a) Interaction effects between two of the secondlevel game types, and three of the other mechanisms
embedded in my model.

Interaction Effect (Standardized β)

0.50

0.25

Mechanisms
‘Dominance’
Metanorms Game
Norms Game

0.00

-0.25

-0.50
National

Regional

‘Social Proof’ Mechanism

(b) Interaction effects between two of the ‘Social
Proof’ mechanisms, and three of the other mechanisms embedded in my model.

Figure 4.3: Interaction effects between different
mechanisms in the Two-level Norms Game.
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The ‘Dominance’ Mechanism
As illustrated in the upper plot of Figure 4.4, the interquartile ranges (the
coloured boxes) are strongly affected by the presence (or absence) of the
‘Dominance’ mechanism. This is especially true when individuals are playing
the Metanorms Game. When the ‘Dominance’ mechanism is disabled (the
blue box), the interquartile range is very small. When this mechanism is
enabled (the orange box), the interquartile range increases to nearly the
whole range of Ω ∈ [0.00, 1.00]. However, the median (the black vertical line
in the centre of the orange box) shows that in 50% of the simulations where
the ‘Dominance’ mechanism is enabled, the currency Ω ≥ 0.73. In other
words, although the probability of norm collapse increases when ‘Dominance’
is introduced, half of the simulations end with a currency Ω greater than 0.73.
When the Norms Game (level 2) is played, the opposite applies. The
interquartile range is ≈ 0 when the ‘Dominance’ mechanism is enabled (the
orange box). When this mechanism is disabled (the blue box), the interquartile range increases to ≈ 0.25. Moreover, the median changes from close to
zero when ‘Dominance’ is enabled, and to ≈ 0.15 when it is disabled. In
other words, when the Norms Game is played at the individual level, the
presence of ‘Dominance’ reduces the probability of a transition towards the
logic of appropriateness (in the simulation model). Both plots, related to
the Norms Game and the Metanorms Game, are consistent with the findings
in the regression analysis above, where the interaction with ‘Dominance’ is
negatively correlated with the currency Ω.
The ‘Social Proof’ Mechanism
As illustrated in the middle plot of Figure 4.4, the ‘Social Proof’ mechanism also influences the interquartile range in all three games. However, in
contrast to the medians in the ‘“Dominance” Mechanism’ plot, the medians
are less affected by the change in ‘Social Proof’. When the individuals are
playing the Metanorms Game, the median is close to one, no matter which
‘Social Proof’ is selected. In other words, for all values of ‘Social Proof’, 50%
of the simulations end with norm establishment. However, the spread is considerably higher within the bottom half of the distributions (the box areas
left of the medians). This indicates that when the ‘Social Proof’ is regional
or international, there is a higher level of uncertainty related to a potential
transition towards the logic of appropriateness (in the simulation model).
The same uncertainty applies to the Norms Game and the 𝑁 -person Prisoner’s Dilemma; the results are far more uncertain when regional or international ‘Social Proof’ are enabled. However, differently from to the Metanorms
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‘Dominance’ Mechanism

N-person
P.D.

Dominance
Mechanism

Norms
Game
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Metanorms
Game
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Game Type (level 2)

‘Social Proof’

N-person
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Social Proof
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Norms
Game
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International

Metanorms
Game
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Support from Powerful State

N-person
P.D.

Support from
Powerful State?

Norms
Game
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Metanorms
Game
0.00

0.25
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0.75

1.00

The currency Ω after 100 generations

Figure 4.4: The three-variable relationships between
the currency Ω, the game type at level 2, each of the
most influential mechanisms according to the regression analysis in Section 4.2 (illustrated in Figure 4.2),
and one of the least influential mechanisms (support
from a powerful state). The plot provides maximum
and minimum values, upper and lower quartiles, and
the median. See Figure B.1 in Appendix B for an
update on how to read box-and-whisker plots.
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Game, the presence of national ‘Social Proof’ decreases the probability of a
transition toward the logic of appropriateness (in the simulation model).

4.2.2 ‘Dominance’ and the Emergence of Norms
One of the main advantages of agent-based modelling is the possibility to
study emergence; how social phenomena emerge from the initial settings and
model interactions over time. The regression analysis (Figure 4.2 and Table 4.1)
and box-and-whisker plots (Figure 4.4) reveal that the most important mechanisms in the Two-level Norms Game are the game type played at the individual level, and the presence of ‘Dominance’. Figure 4.5 makes it possible to
study the interaction between these mechanisms, and the emergence of the
norm over time – that is, how the levels of interest-based reasoning (𝐶)̄ and
vengefulness (𝑉 ̄ ) evolve from one generation to the next.
The bottom of the plot represents the same relationship as in Figures 3.1
and 3.4: the level of interest-based reasoning (𝐶)̄ is plotted along the 𝑥-axis,
and the level of vengefulness (𝑉 ̄ ) is plotted along the 𝑦-axis. In addition, the
plot has a 𝑧-axis (the height), representing the generations from the first at
the bottom of the plot, to the 100th generation at the top. Thus, the points
at the ground of the plot represent the first generation of traits. Each level
up along the 𝑦-axis represents one generation in the game. For all parameter
combinations in the plot, the mean 𝐶 ̄ and mean 𝑉 ̄ at the first generation are
close to 0.5 (the centre bottom of the plot).
Figure 4.5 makes it is possible to plot and analyse the relationship between
̄
𝐶 and 𝑉 ̄ for each generation. To compare the emergence of the norm (𝐶 ̄
and 𝑉 ̄ ) across the different individual game types, and for simulations where
the ‘Dominance’ mechanism is enabled or disabled, six different parameter
combinations are plotted using six distinct colours.
The N -person Prisoner’s Dilemma
In Figure 4.5, the simulations conducted using the 𝑁 -person Prisoner’s Dilemma at the individual level are plotted as brown and yellow dots. Brown
dots represent the results from the simulation32 where ‘Dominance’ is disabled, whereas yellow dots represent the simulation where it is enabled. Both
simulations start in the centre of the ground, where 𝐶 ̄ ≈ 𝑉 ̄ ≈ 0.5.33 When
32

To reduce the impact of stochastic elements, each parameter combination is simulated
100 times. Thus, each dot in Figure 4.5 is the mean of 100 simulation runs. However, for
the sake of simplicity, I refer to the mean of 100 simulation runs as ‘the simulation’.
33
Because of stochasticity, the mean traits of the population (𝐶 ̄ and 𝑉 ̄ ) are approximately 0.5 at the beginning of each simulation run.
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‘Dominance’
enabled

Norms Game
Metanorms Game

Figure 4.5: Simulations of all three game types at the individual level, where the ‘Dominance’ mechanism is either
enabled or disabled. Each dot in the plot shows the mean
level of interest-based reasoning (𝐶)̄ and vengefulness (𝑉 ̄ )
for each generation from 1 to 100. The bottom of the plot
is the first generation, and the top is the 100th generation.
Each point represents the mean of 100 simulations.
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the ‘Dominance’ mechanism is disabled (brown dots), the level of interestbased reasoning (𝐶)̄ increases rapidly for each generation, whereas the level
of vengefulness (𝑉 ̄ ) is more stable, at 0.5 to 0.65. After approximately 15
generations, both 𝐶 ̄ and 𝑉 ̄ stabilize at 𝐶 ̄ ≈ 1 and 𝑉 ̄ ≈ 0.65. In other words,
the norm is not established.
When the ‘Dominance’ mechanism is enabled (yellow dots), the simulation starts with a significant reduction of 𝐶.̄ However, after only seven
generations, the effect is reversed, and 𝐶 ̄ increases until it reaches one. Both
𝐶 ̄ and 𝑉 ̄ then stabilize at 𝐶 ̄ ≈ 1 and 𝑉 ̄ ≈ 0.65, as in the simulation where
‘Dominance’ is disabled. These results indicate that the presence of ‘Dominance’ (in the simulation model) may delay norm collapse in a situation
similar to an 𝑁 -person Prisoner’s Dilemma Game.

The Norms Game
The simulations using the Norms Game at the individual level are coloured
green in Figure 4.5. The simulation where ‘Dominance’ is disabled is represented as dark green dots, whereas the light green dots represent the simulation where ‘Dominance’ is enabled. Both simulations start in the centre of
the ground, where 𝐶 ̄ ≈ 𝑉 ̄ ≈ 0.5. When ‘Dominance’ is disabled (dark green
dots), the level of interest-based reasoning (𝐶)̄ is reduced until it reaches
zero, whereas the level of vengefulness (𝑉 ̄ ) remains stable around 0.5. However, when 𝐶 ̄ reaches zero, 𝑉 ̄ falls below 0.1. After 50 generations, 𝐶 ̄ is
slightly increased, and the simulation ends with 𝐶 ̄ ≈ 0.1 and 𝑉 ̄ ≈ 0. Although the level of interest-based reasoning (𝐶)̄ is low, the norm is not stable
since a single mutation may free ride on the low level of vengefulness (𝑉 ̄ ) (see
Section 5.3).
When the simulation is conducted with ‘Dominance’ enabled, 𝑉 ̄ starts
to fall before 𝐶 ̄ reaches zero. The end result after 100 generations is almost
the same as in the simulation without ‘Dominance’. However, the level of
interest-based reasoning (𝐶)̄ is slightly higher (𝐶 ̄ ≈ 0.15). The emergence of
𝐶 ̄ and 𝑉 ̄ throughout all 100 generations for both simulations of the Norms
Game (with and without ‘Dominance’; dark and light green dots) are fairly
equal, compared with the emergence of 𝐶 ̄ and 𝑉 ̄ in the simulations using
the 𝑁 -person Prisoner’s Dilemma and the simulations using the Metanorms
Game in Figure 4.5. However, the end results (by the 100th generation) of
the simulations conducted using the Norms Game are less similar compared
with the end results of the 𝑁 -person Prisoner’s Dilemma and the Metanorms
Game.
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The Metanorms Game
In Figure 4.5, the Metanorms Game is coloured blue. The dark blue dots
represent the simulation where ‘Dominance’ is disabled, whereas the light
blue dots represent the simulation where ‘Dominance’ is enabled. As with the
𝑁 -person Prisoner’s Dilemma and Norms Game, the Metanorms Game starts
in the centre of the plot’s ground, where 𝐶 ̄ ≈ 𝑉 ̄ ≈ 0.5. When ‘Dominance’
is disabled (dark blue dots), the level of vengefulness (𝑉 ̄ ) rapidly increases
to one, while the level of interest-based reasoning (𝐶)̄ remains stable at 0.5.
After five generations, when 𝑉 ̄ reaches one, 𝐶 ̄ starts to fall until it reaches
zero after approximately 50 generations. 𝐶 ̄ and 𝑉 ̄ then stabilizes around
𝐶 ̄ ≈ 0 and 𝑉 ̄ ≈ 1. In other words, the norm is established. This is the same
result as in Figure 4 in Axelrod (1986: 1102).
In contrast, when ‘Dominance’ is enabled (light blue dots), the simulation
starts with a fast reduction of 𝑉 ̄ , accompanied by a reduction in 𝐶.̄ Having
reached 0.25, 𝑉 ̄ starts to increase, reaching one after approximately 40 generations. 𝐶 ̄ is also gradually reduced until it reaches zero around the same
generation 𝑉 ̄ reaches one. In other words, the end results of the Metanorms
Game conducted with and without ‘Dominance’ are identical. However, the
way the norm emerges differs substantially. To fully investigate and understand this variance over time, a global time series variance-based sensitivity
analysis (as mentioned in Chapter 5 and Section 5.1) should be conducted
(Saltelli et al. 2008; Sobol 2001). However, given the space constraints of
this thesis, I only make some comments on plausible explanations.
When the ‘Dominance’ mechanism is disabled (dark blue dots), everyone
is punishing everyone else’s rejection of the norm – regardless of group (see
Figure 2.6). Metapunishment is also conducted across groups, and the effectiveness of each individual (ℇ𝑖 ) is compared with the effectiveness of all
other individuals in the simulation – regardless of group. In other words,
because of the high level of vengefulness (𝑉 ̄ ) in the population, the probability of punishment and metapunishment is high. Thus, the most effective
strategy is to accept the norm and punish defections (to avoid metapunishment), leading to an overall high level of vengefulness (𝑉 ̄ ) in the population.
When 𝑉 ̄ comes close to one, the level of interest-based reasoning (𝐶)̄ starts
to fall. This is because it is very costly to reject the norm when the level
of vengefulness (𝑉 ̄ ) in the population is high, as Axelrod (1986: 1100–1103)
also finds. As a result, the norm is established (𝐶 ̄ ≈ 0 and 𝑉 ̄ ≈ 1) after
approximately 60 generations.
In the absence of ‘Dominance’ (light blue dots), individuals only punish norm rejections by the opposite group (Norm Entrepreneurs or Regulars). The group dynamics also applies to the metapunishment of others
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that are free riding on punishment: metapunishments are conducted within
each group. In addition, individuals only compare their effectiveness (ℇ𝑖 )
with that of individuals within the same group.
Since punishment and metapunishment are conducted within each group,
the probability of being punished or metapunished is low, compared with the
simulation when the ‘Dominance’ mechanism is disabled (dark blue dots).
Since it is costly to punish and metapunish others, the level of vengefulness (𝑉 ̄ ) drops to ≈ 0.25 within the first five generations. Although the
probability of being punished or metapunished is relatively low (because of
the low level of 𝑉 ̄ ), it is still more effective not to reject the norm. Therefore,
even though 𝑉 ̄ is reduced, the level of interest-based reasoning (𝐶)̄ is slowly
reduced from 0.5 to 0.3 by the fifth generation.
After six generations, the competition between the two groups (Norm
Entrepreneurs and Regulars) intensifies. As the level of interest-based reasoning (𝐶)̄ is slowly reduced, accompanied by a slow increase in the level
of vengefulness (𝑉 ̄ ), the norm entrepreneurs seem to have a comparative
advantage over the regulars – their norm is the ‘fittest’ one.
In the absence of a global time series variance-based sensitivity analysis,
a plausible explanation is as follows: because of the norm entrepreneurs’ low
level of interest-based reasoning (𝐶𝑖 = 70 = 0), they never reject the norm.
Thus, they are never punished by the regulars or metapunished by their own
kind. Although they may suffer 𝐻 = −2 when the regulars reject the norm,
and they still incur the punisher’s enforcement cost 𝐸 = −2, they are still
better off. As a result, it is more effective for the regulars to adopt a lower
level of interest-based reasoning (𝐶𝑖 ). When the level of vengefulness (𝑉 ̄ )
slowly starts to increase, it is plausibly the presence of metanorms that raises
the effectiveness of a higher 𝑉𝑖 . After 60 generations, the norm is established
(𝐶 ̄ ≈ 0 and 𝑉 ̄ ≈ 1), in the same generation as the simulation conducted
without the ‘Dominance’ mechanism.

4.3 Simulations with Empirically Grounded
Data
In contrast to game-theoretical or equation-based models, agent-based models make it possible to simulate interactions among a relatively high number
of heterogeneous agents (e.g. individuals or states). A powerful aspect of
ABM is thus the possibility to give each agent traits based on empirically
grounded data. In the agent-based model of Hovi et al. (2015), each of the
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168 states in the model has three empirically grounded traits: emissions,
GDP, and vulnerability to climate change.
Figure 4.2 and Table 4.1 show the results of simulations of the Twolevel Norms Game conducted with empirically grounded data from the PIPA
and World Bank (2010) survey (see Section 1.4). In this survey, individuals
from 16 countries were asked if ‘dealing with the problem of climate change
should be a priority, even if it causes slower economic growth and some loss
of jobs’. The response alternatives were ‘Agree Strongly’, ‘Agree Somewhat’,
‘Disagree Somewhat’, ‘Disagree Strongly’, and ‘Don’t know/Refused’. The
distribution of responses by state is illustrated in Figure 1.2. To embed these
data in the simulation, I have converted each of the five response alternatives
using the following rules:
0
7
2
‘Agree Somewhat’ ⟶ 𝐶𝑖 =
7
4
‘Disagree Somewhat’ ⟶ 𝐶𝑖 =
7
6
‘Disagree Strongly’ ⟶ 𝐶𝑖 =
7
‘Agree Strongly’ ⟶ 𝐶𝑖 =

0 1 2 3 4 5 6 7
‘Don’t know/Refused’ ⟶ 𝐶𝑖 ∈ { , , , , , , , }
7 7 7 7 7 7 7 7
Within each state, the proportion that answered each of the five alternatives is assigned the corresponding level of interest-based reasoning (𝐶𝑖 )
given by the rules above. For example, if there are 20 individuals within
each state in the simulation, and 14 per cent of the individuals within state 𝑖
have answered ‘Agree Strongly’, 20 ⋅ 0.14 ≈ 3 individuals in state 𝑖 are given
𝐶𝑖 = 70 . Since individuals whose 𝐶𝑖 = 0 are defined as norm entrepreneurs,
this is also the proportion of norm entrepreneurs within state 𝑖. The proportion that answered ‘Don’t know/Refused’ is assigned a randomly drawn
value of 𝐶𝑖 ∈ { 70 , 71 , 72 , 73 , 74 , 75 , 76 , 77 }. For all individuals 𝑖, the level of vengefulness (𝑉𝑖 ) is still randomly drawn from the set { 70 , 71 , 72 , 73 , 74 , 75 , 76 , 77 }. Thus,
only the level of interest-based reasoning (𝐶𝑖 ) is empirically grounded; the
level of vengefulness (𝑉𝑖 ) is not.
The simulation results, presented in Figure 4.2 and Table 4.1, show that
there is little difference between the results from simulations based on random and empirically grounded traits (𝐶𝑖 ), respectively. The most notable
difference is the reduced effect of the ‘Dominance’ mechanism and its interactions, with respect to both norm establishment and collapse. The empirically
grounded simulations also show an increased isolated effect of metanorms at
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the individual level of the game (𝛽 = 0.889 compared with 𝛽 = 0.866).
With randomly drawn values of 𝐶𝑖 , the Number of powerful states has a
small positive effect on norm establishment (𝛽 = 0.006). In contrast, in the
empirically grounded simulation, the Number of powerful states reduces the
probability of a transition towards the logic of appropriateness, although the
effect is very small (𝛽 = −0.005).

4.4 Chapter Summary
In this chapter, I have argued for the use of general linearized regression
models (GLS) to explore my model. Results of simulations using both random and empirically grounded traits have been presented and analysed. The
results indicate that the most important mechanisms related to a green transition in my model are the presence of the Norms Game or Metanorms Game
(rather than the 𝑁 -person Prisoner’s Dilemma), the ‘Social Proof’ type enabled in the simulation, and the absence of the ‘Dominance’ mechanism.
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Chapter 5
Sensitivity, Uncertainty, and
Robustness Analysis
This chapter deals with the sensitivity, uncertainty, and robustness of the
Two-level Norms Game and its results. In particular, I consider whether my
model’s results are robust or sensitive to changes in parameter values. I also
study how uncertain the results are, if the parameter values of the baseline
model are replaced by other (plausible) parameter values. The sensitivity
analysis indicates that my results are not sensitive with respect to any of the
discrete parameters in my model. Further, the uncertainty analysis does not
indicate that my results are uncertain. The results of the robustness analysis
indicate that my model is robust with respect to the number of generations
in a simulation run. The level of robustness is lower with respect to the
number of individuals within each state.

5.1

Sensitivity Analysis

To understand the dynamics of an agent-based model, the modeller should
conduct some kind of sensitivity analysis. In some disciplines (e.g. ecology
and engineering), sensitivity analysis is more or less routine. However, in the
social sciences, there is still a lot of potential because of the lack of priority
and technical barriers (Railsback and Grimm 2011: 292; Lee et al. 2015: 1.4;
Broeke, Voorn and Ligtenberg 2016: 1.1–1.5).
There are two categories of sensitivity analysis: global and local. With
global sensitivity analysis, one may vary all parameters over their full ranges
of possible parameter values. One of the most promising global sensitivity
techniques is variance-based sensitivity analysis, explained in Saltelli et al.
(2008) and Sobol (2001), and more precisely time series of sensitivity indices
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obtained from decomposition of variance (Lee et al. 2015: 3.19; LigmannZielinska and Sun 2010: 1843–1847). However, if the model is complex, and
the parameter space is wide, running the model for each parameter combination may be infeasible (Railsback and Grimm 2011: 293–297; Broeke, Voorn
and Ligtenberg 2016: 3.1). As noted in Section 3.3, the number of possible
parameter combinations of the Two-level Norms Game is 79,200,000. Although it is possible to use heuristic techniques (as described in Section 3.3)
to evaluate a sample of the parameter space, it is still computationally expensive and technically challenging.
In contrast, local sensitivity analysis is computationally inexpensive and
easy to grasp technically. With local sensitivity analysis, only a small range
of parameter values are analysed. By varying one parameter at a time, the
modeller is able to analyse the impact of small changes in each parameter
value on the model’s output. There are two limitations in relation to local
sensitivity analysis. First, the approach assumes that the model output 𝐶 ̄ is
linearly correlated with the parameter changes. Although this may not be
the case, focusing on small changes in the parameter values usually makes
linearity a safe assumption. Second, since the analysis varies one parameter
at a time, it is not possible to capture parameter interactions (Railsback
and Grimm 2011: 295). Nevertheless, in this thesis, I only conduct a local
sensitivity analysis.
Many parameters in the Two-level Norms Game are dichotomies or categorical variables. For example, the ‘Dominance’ mechanism may be either
enabled or disabled. However, local sensitivity analysis is only applicable to
continuous or discrete variables where small changes in the parameter values
may be simulated and analysed. Therefore, the local sensitivity analysis will
only include the discrete variables in the model (see Table 5.1). The analysis
is conducted as follows.34
1. For each parameter, a reference value (𝑃 ) is defined. This value is
identical to the parameter value in the baseline model (see Section 3.3).
2. Next, a range of parameter values for each parameter is defined. Since
the objective of sensitivity analyses is to understand how small changes
in parameter values affect the model’s output, this range is narrow,
±10% change for each parameter. For example, the amount of change (𝑑𝑃 )
in the number of states is 𝑑𝑃 = 0.10𝑃 = 0.10 ⋅ 16 ≈ 2. Thus, the range
of parameter values for the number of states is 14, 16, and 18.35
34

See Railsback and Grimm (2011: 293–295) for further methods of local sensitivity
analysis.
35
𝑃 = 16 is the parameter value of the baseline model. The lowest parameter value
analysed is 𝑃 − 𝑑𝑃 = 16 − 2 = 14, and the highest value is 𝑃 + 𝑑𝑃 = 16 + 2 = 18.
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+
𝑆𝐴
=

𝜕Ω Ω+ − Ω
= 𝑑𝑃
𝜕𝑃
𝑃

(5.1)

−
𝑆𝐴
=

𝜕Ω Ω − Ω+
= 𝑑𝑃
𝜕𝑃
𝑃

(5.2)

𝜕Ω
=
𝜕𝑃

Ω+
Ω
𝑑𝑃
𝑃

(5.3)

𝜕Ω
=
=
𝜕𝑃

Ω−
Ω
𝑑𝑃
𝑃

(5.4)

+
𝑆𝑅
=

−
𝑆𝑅

3. For each parameter, 200 simulation runs are conducted for each parameter value 𝑃 , 𝑃 + 𝑑𝑃 , and 𝑃 − 𝑑𝑃 . The average currency Ω across
all 200 simulation runs for each of these parameter values is then calculated, respectively Ω, Ω+ , and Ω− .
+
+
−
−
4. Finally, the sensitivity values 𝑆𝐴
, 𝑆𝐴
, 𝑆𝑅
, and 𝑆𝑅
are calculated using
+
−
Equations (5.1) to (5.4). 𝑆𝐴 and 𝑆𝐴 are an approximation of the partial
derivative of the absolute change in Ω (𝜕Ω) with respect to the change
+
−
in the parameter value (𝜕𝑃 ). 𝑆𝑅
and 𝑆𝑅
are an approximation of
the partial derivative of the relative change in Ω (𝜕Ω) with respect to
the change in the parameter value (𝜕𝑃 ). To prevent parameter values
with small reference values appearing especially important, the change
in parameter value (𝑑𝑃 ) is scaled by its reference value (𝑃 ). The results
are presented in Table 5.1.

As Table 5.1 shows, small changes in any of the discrete variables in the
model do not have any noticeable effect on the model’s output – that is,
the currency Ω at the end of the simulation. The highest absolute change
+
−
−
(𝑆𝐴
and 𝑆𝐴
) in Ω, caused by the discrete variables in the model, is 𝑆𝐴
=
0.014 of the number of individuals within each state. Since Ω ∈ [0, 1], the
absolute changes are minimal with respect to all the analysed parameters; a
10 percentage change in the parameter values (relative to the baseline model)
causes a maximum of 0.014 absolute change in Ω.
However, as noted by Railsback and Grimm (2011: 295), the purpose of
local sensitivity analysis is to assess the sensitivity of each parameter relative
−
to each other. For example, whether the sensitivity 𝑆𝐴
= 0.014 is high
or low depends on the sensitivity of the other parameters in the analysis.
Although the absolute change in Ω caused by the number of individuals
within each state is small, the change is large relative to the other parameters.
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+
−
and 𝑆𝐴
Compared with all the other sensitivity values 𝑆𝐴
in Table 5.1, the
sensitivity related to the number of individuals within each state is 100 to
1400 per cent higher than the sensitivity for the other parameters. However,
+
−
when we compare the absolute difference ∣𝑆𝐴
− 𝑆𝐴
∣ between the sensitivity
+
−
of each parameter, the difference ∣𝑆𝐴 − 𝑆𝐴 ∣ = 0.006 related to the number of
individuals within each state is the second lowest among all the parameters
in the analysis.
This is related to the findings in Table 5.1; that the changes in Ω are not
+
−
consistent. Both 𝑆𝐴
= 0.008 and 𝑆𝐴
= 0.014 of the number of individuals
within each state are positive numbers. This means that the currency Ω
increases both when the number of individuals increases and when it decreases. The reason may be that the output is not linearly correlated with
the change in population. However, it is more plausible that these results
relate to stochastic elements in the model.
+
−
The sensitivity values 𝑆𝑅
and 𝑆𝑅
in Table 5.1 are approximations of
the partial derivatives of the relative changes in Ω. As noted above, the
+
−
sensitivity values 𝑆𝐴
and 𝑆𝐴
of absolute changes in Ω, with respect to the
population within each state and the number of generations in the simulation,
+
−
are small. However, the relative changes 𝑆𝑅
and 𝑆𝑅
of these two parameters
are higher than the sensitivity values of most of the other parameters. This
is an important finding, because the theoretical parameter range of these two
parameters is almost infinite. In contrast, the parameters 𝐺 and 𝐻𝑝 have
a fixed parameter range of [0, 1], and the number of states in the world are
relatively fixed; 193 since 2011 if it is operationalized as member states of
the United Nations (United Nations 2016).
When the theoretical parameter range is almost infinite, even small sensitivity values may cause the norm to collapse – that is, Ω decreases and
stays low – if the parameter values are sufficiently increased. As Galan
and Izquierdo (2005: 5.13 and 6.2) find, the norm collapses in Axelrod’s
(1986) Norms Game and Metanorms Game when the number of generations
increases beyond the number considered by Axelrod. Since the model’s sens+
−
itivity (𝑆𝑅
and 𝑆𝑅
) to the population within each state and the number of
generations are almost equal, the robustness analysis of Section 5.3 will focus
on these two parameters.

(2)

(1)

Sensitivity based on the absolute changes in Ω. See Equations (5.1) and (5.2).

Sensitivity based on the relative changes in Ω. See Equations (5.3) and (5.4).

10.3

(5)

10.2

9.4

(4)

.010

10.4

1.0

7.7

2.9

10.2

−
𝑆𝑅

The parameter values of the baseline model (see Section 3.3).

−.006

.006

1.0

7.9

2.8

10.2

+
𝑆𝑅

(3)

.004

.014

.001

.009

.007

.008

+
−
∣𝑆𝐴
− 𝑆𝐴
∣

(5)

The hurt suffered by powerful states when other states reject the norm.

100

Number of generations

.008

.001

.007

.003

−.005

−
𝑆𝐴

Relative

(2)

20

Population within each state

.000

−.002

−.004

.003

+
𝑆𝐴

(4)

The threshold of interest-based reasoning (𝐶𝑖̄ ) required in a state’s population for the state to become green.

1

Number of powerful states

(3)

Absolute

(1)

16

0.3

0.10

Value (𝑃 )

Number of states

𝐻𝑝

𝐺

Parameter

Reference

Sensitivity

Table 5.1: Local sensitivity analysis of the discrete parameters in the Two-level Norms Game. The
reference values (𝑃 ) are the parameter values of the baseline model (see Section 3.3).
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The results derived from the local sensitivity analysis in Table 5.1 show
that the currency Ω of the Two-level Norms Game is not sensitive with respect
to any of the discrete parameters in the model. However, the output Ω is most
sensitive with respect to the number of individuals within each state in the
simulation and least sensitive with respect to the number of powerful states.
Because of the inconsistent changes in Ω related to the number of individuals
within each state, future sensitivity analysis of the Two-level Norms Game
should increase the number of replications. Nevertheless, it seems safe to
conclude that the model results are not sensitive to small changes in any of
the discrete parameters in the model.

5.2 Uncertainty Analysis
According to Railsback and Grimm (2011: 297), the objective of uncertainty
analysis is ‘to understand how the uncertainty in parameter values and the
model’s sensitivity to parameters interact to cause uncertainty in model results.’ Because agent-based models often simplify what in reality are complex
dynamics into one number, each parameter is more or less uncertain; it is
not certain that the selected parameter values are the ‘true’ ones.
As the objective of this thesis is to make predictions at the lowest (first)
level of Hassan et al.’s (2013: 1.4) three levels of prediction – that is, under
which arbitrary parameter combinations and initial conditions an international transition towards the logic of appropriateness may occur – the ‘true’
values in this uncertainty analysis are not to be confused with the empirically true values. The parameter values of the baseline model are selected
by means of heuristic optimization techniques (see Section 3.3). However,
to enhance confidence in the model results, and to assess the uncertainty
that would have followed the results if the parameter values were validated
through extensive empirical research, an uncertainty analysis is necessary.
Thus, in the following analysis, the parameter values of the baseline model
are considered the most likely ‘true’ values.
Put simply, an uncertainty analysis compares the simulation results of the
baseline model (see Section 3.3) with the simulation results of experiments
conducted using randomly drawn parameter values from the parameter’s respective uncertainty distribution. This allows us to assess the uncertainty of
the model output by comparing the two sets of simulation results. Figure 5.2
illustrates the distribution of simulation results (Ω) for each of the two sets;
the baseline model and the random parameter values.
As with the sensitivity analysis, uncertainty analysis is only applicable for
continuous or discrete variables which follow some distribution, and not for
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Frequency

Frequency

categorical mechanisms like the ‘Dominance’ mechanism or the ‘Social Proof’
mechanism. Thus, the uncertainty analysis will only include the discrete variables 𝐺 and 𝐻𝑝 , respectively the threshold of interest-based reasoning (𝐶𝑖̄ )
required in a state’s population for the state to become green, and the hurt
suffered by powerful states when other states reject the norm.
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Randomly drawn parameter value of G

Randomly drawn parameter value of H p

(a) Uncertainty distribution of 𝐺.

(b) Uncertainty distribution of 𝐻𝑝 .

Figure 5.1: Uncertainty distributions for 𝐺 and 𝐻𝑝 based on 10,000
randomly drawn parameter values for each distribution. The red
lines are the parameter values of the baseline model, and thus the
theoretical mean of each distribution.
For each of the parameters 𝐺 and 𝐻𝑝 , a distribution of its values that
is believed to describe the uncertainty of the parameter is selected. Because
empirical data on these parameters are non-existent, a plausible distribution
for each parameter is selected. For the parameter 𝐺, a symmetrical distribution with a mean of 0.10 (the value of the baseline model) and a standard
deviation of 0.03 is selected. The minimum and maximum values of the distribution are 0.01 and 0.50.36 Thus, the assumption is that the ‘true’ value
of 𝐺 is 95 per cent likely to fall in the range of 0.10±0.03. An example of the
uncertainty distribution is illustrated in Figure 5.1a. For the parameter 𝐻𝑝 ,
a positively skewed log-normal distribution with a mean of 0.3 (the value
36

If a parameter value randomly drawn from one of the distributions is outside the
range of the maximum and minimum values, that is 𝐺 ∉ [0.01, 1.50] or 𝐻𝑝 ∉ [0, 1], defensive programming (Railsback and Grimm 2011: 199–200) is used to draw a new random
parameter value 𝐺 ∈ [0.01, 1.50] or 𝐻𝑝 ∈ [0, 1]. This kind of defensive programming
may manipulate the distribution, potentially changing the mean and standard deviation.
However, the number of excluded parameter values is approximately 1.5% for the distribution of 𝐺 and 0% for the distribution of 𝐻𝑝 . Thus, the changes in the mean and
standard deviation are unnoticeable.
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of the baseline model) and a standard deviation of 0.1 is selected.37 The
minimum and maximum values of the distribution are zero and one.38 An
example of the uncertainty distribution is illustrated in Figure 5.1b.
Figure 5.2 shows that when uncertainty is added to the model, the results
are very stable. The outputs (Ω) are symmetrically distributed with means
of 0.01 and standard deviations of 0.0004. Thus, there is little uncertainty
in the model’s output with respect to the parameters 𝐺 and 𝐻𝑝 . However,
as Railsback and Grimm (2011: 302) emphasize when analysing the uncertainty of a model’s output, the relative uncertainty among different scenarios
is often more interesting. Figure 5.3 illustrates the uncertainty among different scenarios including the baseline model. The figure shows that there is
little variation in the uncertainty of model output (Ω) among the different
scenarios. This indicates that the uncertainty related to the parameters 𝐺
and 𝐻𝑝 is very stable among different scenarios of the model.
The uncertainty analysis of 𝐺 and 𝐻𝑝 , respectively the threshold of
interest-based reasoning (𝐶𝑖̄ ) required in a state’s population for the state
to become green, and the hurt suffered by powerful states when other states
reject the norm, shows that little uncertainty is related to these parameters.
As mentioned above, this uncertainty analysis is not about the empirically
‘true’ values or uncertainty distributions. The objective is rather to assess
the uncertainty that would have followed the results if the parameter values and uncertainty distributions were validated through extensive empirical
research. However, the analysis indicates little uncertainty related to the
discrete parameters 𝐺 and 𝐻𝑝 .

37

To generate the distribution, each parameter value 𝐻𝑝 is drawn by using Railsback
and Grimm’s (2011: 207) formula 𝑒ℤ , where ℤ is randomly drawn from a normal distribu2

tion with a mean of ln (0.3)−
38
See Footnote 36.

ln [1+( 0.12 )]
0.3
2

2

and a standard deviation equal √ln [1 + ( 0.1
)].
0.32
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(a) Output (Ω) when the parameter
values of the baseline model are used.

(b) Output (Ω) when parameter values are randomly drawn from the distributions illustrated in Figures 5.1a
and 5.1b.

Number of experiments

60

40

20

0
0.015

0.020

0.025

0.030

Mean Ω in 3 replications
Baseline

Random

(c) Figures 5.2a and 5.2b combined into
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Figure 5.2: Uncertainty analysis of 𝐺 and 𝐻𝑝 . Figures 5.2a and 5.2b picture the distributions of model output (Ω) when experiments are conducted
using the parameter values of the baseline model, and when parameter values
are randomly drawn from the uncertainty distributions of 𝐺 and 𝐻𝑝 . Figure 5.2c combines both distributions into one histogram for comparison. To
reduce uncertainty related to other stochastic elements in the model, each
experiment in the distributions – a fixed set of parameter values of 𝐺 and 𝐻𝑝
– is generated by using three replications. Each histogram consists of 1,000
experiments, that is, a total of 3,000 simulation runs for each distribution.
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Figure 5.3: Comparison of uncertainty among different model
scenarios. All scenarios but the upper left are modified versions
of the baseline model, where parameter values are randomly
drawn from the uncertainty distributions of 𝐺 and 𝐻𝑝 . The
uncertainty analysis shows that there is little variation in the
model’s uncertainty among the simulated scenarios. Each histogram consists of 1,000 experiments with three replications
each, that is, a total of 3,000 simulation runs for each distribution.
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Robustness Analysis

In contrast to sensitivity analysis, robustness analysis deals with drastic
changes in parameter values. The objective is to examine if the model results
are stable with respect to drastic changes in the parameter values – that is, if
the results and the conclusions that derive from these findings are robust. As
explained in Section 5.1, the population within each state and the number of
generations in the simulation are of special interest when one is conducting a
robustness analysis of the Two-level Norms Game. Since the theoretical parameter ranges of these two parameters are almost infinite, robustness analyses
with respect to these parameters are required.

5.3.1

The Number of Generations

In the literature, Axelrod’s (1986) models have already been analysed with
respect to the number of generations. Galan and Izquierdo (2005) and Mahmoud et al. (2010) found that if the number of generations in Axelrod’s
games are increased substantially, the norm will collapse. For the Norms
Game, Axelrod (1986: 1100) found that the norm is more likely to collapse
than to be established.39 However, the norm is established in one of five simulations. This is confirmed by the robustness analysis of Axelrod’s Norms
Game, illustrated in Figure 5.4. In the first 100 generations of the simulations, the norm is more likely to collapse than to be established. However,
there is also a significant proportion of the simulations that ends in a state
of norm establishment. However, as illustrated in Figure 5.4, the norm is
never established when the number of generations increases to 2,000. Galan
and Izquierdo (2005) and Mahmoud et al. (2010) even simulated the Norms
Game for one million generations, leading to the same result: the norm always collapses.
Figure 5.5 illustrates the robustness analysis of the number of generations
in the Two-level Norms Game, using the Norms Game as the individual-level
game type.40 Galan and Izquierdo’s (2005) criteria of norm establishment
and collapse (see Section 3.3) mean that the norm is neither established
nor collapsed. These findings are confirmed when looking at the currency Ω.
When the simulation starts, Ω ≈ 0.50. This is as expected, since the traits 𝐶 ̄
and 𝑉 ̄ are randomly selected from the distribution { 70 , 71 , 72 , 73 , 74 , 75 , 76 , 77 }, and
Ω = (1 − 𝐶)̄ ⋅ 𝑉 ̄ . From the 50th generation, Ω ≈ 0. These findings indicate
that the results are robust with respect to the number of generations.
39

See Figure 2 in Axelrod (1986: 1100).
In both robustness analyses of the Two-level Norms Game, the rest of the parameter
values are identical to the baseline model (see Table 3.1).
40
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Figure 5.4: Robustness analysis of Axelrod’s (1986) Norms Game, with
respect to the total number of generations in the simulation.
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Figure 5.5: Robustness analysis of the Two-level Norms Game, with respect
to the total number of generations in the simulation, using the Norms Game
as the individual-level game type.
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A plausible explanation of the differences between Axelrod’s model and
the Two-level Norms Game is that in Axelrod’s model a single mutation has
more influence. For example, if the mean level of vengefulness (𝑉 ̄ ) in the
population is low, and the mean level of interest-based reasoning (𝐶)̄ is high,
a single offspring with mutated 𝐶𝑖 = 70 will quickly receive a higher payoff 𝑇
(because of the high probability of defection) and a lower punishment 𝑃
(as a result of the low probability of being punished because of the low
level of vengefulness in the population).41 However, in the Two-level Norms
Game, the relatively high number of individuals increases the probability of
being punished. Hence, a single offspring with mutated 𝐶𝑖 = 70 will quickly
become ineffective. Thus, these mutated traits are not reproduced from one
generation to the next.
For the Metanorms Game, Galan and Izquierdo (2005) and Mahmoud
et al. (2010) found that the norm is established in the first 1,000 generations,
before the proportion of norm establishment gradually declines beneath 0.5
after 200,000 generations. It is not very surprising that Axelrod concluded
that the presence of metanorms – the norm that one should punish individuals that do not punish other individuals’ defection – helps establish the
norm. As Figure 5.6 shows, the proportion of simulations where the norm
is established is close to one after 100 generations (the number of generations simulated by Axelrod), whereas the proportion of simulations where
the norm has collapsed is close to zero.
Figure 5.7 illustrates the robustness analysis of the number of generations
in the Two-level Norms Game, using the Metanorms Game as the individuallevel game type. Again, the results are different from the robustness analysis
of Axelrod’s model. In both models, Axelrod’s and the Two-level Norms
Game, the norm is always established in the first 1,000 generations. However, as Figure 5.6 shows, in Axelrod’s model the proportion of norm collapse
gradually increases to approximately 0.4 after 200,000 generations. In contrast, in the Two-level Norms Game the proportion of norm establishment
stays close to one. This is also confirmed by the value of the currency Ω in
both plots.
Also, in this analysis, a plausible explanation of the difference in results
between Axelrod’s model and the Two-level Norms Game is the total number
of individuals in the simulation. Because of the high probability of norm
rejection being punished by others (because of the high number of individuals
in my model), a single offspring with mutated 𝐶𝑖 = 70 will quickly become
ineffective.

41

See Figure 2.6 for an explanation of the different payoffs in the model.
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Figure 5.6: Robustness analysis of Axelrod’s (1986) Metanorms Game, with
respect to the total number of generations in the simulation.
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Figure 5.7: Robustness analysis of the Two-level Norms Game, with respect
to the total number of generations in the simulation, using the Metanorms
Game as the individual-level game type.
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Figure 5.8: Robustness analysis
of the Two-level Norms Game,
with respect to the number of
individuals within each state.

Required simulation time (days)

Figure 5.8 illustrates the average currency Ω over 64 simulations for different numbers of individuals within each state. The simulations are conducted
with the Two-level Norms Game’s baseline parameter values (see Table 3.1).
As the figure shows, the currency Ω peaks when there are approximately 25
individuals within each state, and then starts to fall. At about 80 individuals,
the line starts to flatten. Because the required simulation time is exponentially related to the number of individuals, as illustrated in Figure 5.9, I have
only been able to analyse a maximum of 125 individuals within each state.
These findings indicate that the robustness of the simulation results, with
respect to the number of individuals within each state, is uncertain.
150
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0
0

100

200

300

Individuals within each state

Figure 5.9: Predicted simulation time required for different numbers of individuals within
each state.
When there are
300 individuals within each state
(a total of 4,800 individuals),
the predicted simulation time required is 150 days.

To sum up the findings of the robustness analyses, the results of the
Two-level Norms Game are stable with respect to the number of generations.
Compared with Axelrod’s (1986) models, the results of my model are more
robust. A plausible reason is the relatively high total number of individuals
in the Two-level Norms Game, which reduces the impact of single mutations.
When the Two-level Norms Game is analysed with respect to the number
of individuals within each state, the results indicate that the robustness of
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the results is uncertain. Because of the exponential increase in required
simulation time, I have only been able to analyse the robustness by including
a maximum of 125 individuals within each state.

5.4 Chapter Summary
This chapter has dealt with the sensitivity, uncertainty, and robustness of
the Two-level Norms Game and its results. The results of the sensitivity
analysis indicate that my model’s output is not sensitive with respect to
any of the discrete parameters in it. The uncertainty analysis indicates that
the level of uncertainty related to my results is low. Finally, the results of
the robustness analysis indicate that my model is robust with respect to
the number of generations in a simulation run, but possibly less robust with
respect to the number of individuals within each state.
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Chapter 6
Conclusions, Policy
Implications, and
Recommendations for Future
Research
The purpose of this chapter is to present a less technical and more substantive presentation of my findings, and also to pave the way for future research.
In Section 6.1, I briefly discuss some important general policy implications
derived from the simulation results in Chapter 4. Section 6.2 relates some
of these findings to the 2015 Paris Agreement on climate change. This section identifies to what extent the most effective mechanisms derived from
the simulations are embedded in the agreement, and how mechanisms not
embedded in the agreement may be included in future strengthening of the
climate regime. In Section 6.3, I offer some recommendations for future
research concerning the evolution of social norms.

6.1

General Policy Implications of the Simulation Results

The Two-level Norms Game has several implications concerning the conditions under which an international transition towards the logic of appropriateness might occur in the field of climate change. First, my model supports
Mitchell’s (2015: 33) argument that the possibility of distinguishing emitters
from non-emitters increases the probability of such a transition. In my model,
this is simulated through the Norms Game, where the ability to punish norm
rejections increases the probability of the norm – the logic of appropriateness
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– being established. This finding supports Mitchell’s (2015: 33) argument
that norm entrepreneurs ‘would need to put explicit pressures (“naming and
shaming”) on specific emitters by identifying them on white-lists or blacklists (or both)’.
Second, the simulation results suggest that explicit pressure on those who
do not punish others’ climate-harming behaviour – that is, the presence of
metanorms – is even more important. Thus, norm entrepreneurs advocating a transition toward the logic of appropriateness should also be able to
identify individuals and states who free ride on the punishment of others’
climate harming behaviour. As regards the punishment of norm rejection,
such metapunishment will require some kind of white-lists or black-lists (or
both), enabling ‘naming and shaming’ of individuals and states free riding
on others’ punishment.
Third, the evolutionary approach embedded in the Two-level Norms Game
shows how ‘a broader, if diffuse, discursive context in which all actors came
to perceive it as necessary to reevaluate their climate-harming behaviours
and to move from business-as-usual trajectories to emission-reducing trajectories’ (Mitchell 2015: 34) may facilitate a transition towards the logic of
appropriateness. My findings concerning the presence of the ‘Dominance’
mechanism suggest that, to maximize the probability of a green transition,
such re-evaluation should be conducted across groups; individuals following
the logic of consequences should compare their effectiveness with that of all
other individuals, including the norm entrepreneurs. In Axelrod’s (1986:
1103) words, the strategies of the two groups should not be allowed to ‘adapt
separately’.
Thus, a challenge to advocates of a normative transition is how to induce
individuals following the logic of consequences to reevaluate the effectiveness
(in a normative perspective) of their climate-harming behaviour, without ignoring the effectiveness of norm entrepreneurs. Individuals following the logic
of consequences should be induced to compare their relative success with that
of all others, not only individuals following the logic of consequences. This
is what Mitchell (2015: 28) refers to as ‘normative reframing’, where norm
entrepreneurs succeed in reframing mitigation as a moral imperative, making it both illegitimate and inappropriate to continue one’s climate-harming
behaviour.
Fourth, my model suggests that the presence of national or regional (compared with international) ‘Social Proof’ – that is, who individuals compare
their effectiveness with – may reduce the probability of a transition towards
the logic of appropriateness. However, the analysis of interaction effects in
Section 4.2.1 shows that national or regional (as compared with international)
‘Social Proof’ combined with metanorms increases the probability of such a
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transition. Thus, if metanorms are present, norm entrepreneurs facilitating a
green transition should induce individuals following the logic of consequences
to compare their effectiveness (in a normative perspective) with that of individuals within their own state or region,42 not internationally. However, if
only regular norms are present – that is, the Norms Game – norm entrepreneurs should encourage individuals to compare their normative effectiveness
internationally, not only nationally or regionally.
Finally, the simulation results do not support Mitchell’s (2015: 34) argument that a discursive transition requires support from a relatively powerful
state that supports the norm entrepreneurs out of self-interest. In my model,
simulations using random traits show that such unilateral support has only a
small positive yet statistically significant effect on the probability of a green
transition. However, in the simulations using empirically grounded levels
of interest-based reasoning among the individuals within each state, this effect is insignificant. These results are robust with respect to the number of
powerful states and the hurt suffered by these states when other states reject
the norm. Although these findings do not disprove the need for such support,
my model questions its relative importance.

6.2

Implications for the 2015 Paris Agreement

If all the national pledges embedded in the intended nationally determined
contributions (INDCs) submitted before the Paris negotiations in 2015 are
fulfilled, by 2100 the global mean temperature can be expected to increase by
3.5 °C above the pre-industrial level.43 Thus, to limit global warming to 2 °C
above pre-industrial levels – as stated by IPCC (2014) – further strengthening
of the Paris Agreement is required (Young 2016: 2 and 17). To achieve
this, the Paris Agreement has embedded a mechanism of ‘global stocktake’,
where ‘the Parties to this Agreement shall periodically take stock of the
implementation of this Agreement to assess the collective progress towards
achieving the purpose of this Agreement and its long-term goals’ (Article 14).
The parties have agreed to ‘undertake the first global stocktake in 2023 and
every five years thereafter unless otherwise decided by the Conference of
the Parties serving as the meeting of the Parties to the Paris Agreement’
(Article 14).
Although ‘there is nothing mandatory about the pledge and review pro42

A ‘region’ should here be understood more widely than in terms of geography. Regions
could be economic, cultural, political, etc. See Beck, Gleditsch and Beardsley (2006).
43
The text of the Paris Agreement is available at http://treaties.un.org/doc/
Publication/CN/2016/CN.92.2016-Eng.pdf.
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cess’ and ‘efforts to strengthen the commitments of the Paris Agreement
through this process could easily breakdown in mutual recriminations’ (Young
2016: 18), the process represents an opportunity for the norm entrepreneurs
to promote the logic of appropriateness – that is, play the Norms Game.
Every five years, each state is supposed to submit a more ambitious national
pledge. In other words, every five years each state will have an opportunity
to accept the norm.
As stated in Article 4 of the Paris Agreement, the ‘nationally determined contributions communicated by Parties shall be recorded in a public
registry maintained by the secretariat’.44 In other words, as long as the
parties fulfil their commitments, the probability of a rejection of the norm
being seen by the other parties should be 100 per cent. However, this is only
the case if the parties report their true emissions. Estimation errors and
dishonesty may reduce the probability of a rejection of the norm being seen
by the other parties. One example is the revision of China’s 2015 emissions
which revealed that the world’s leading emitter of greenhouse gases had been
burning 17 percent more coal each year than previously disclosed (Buckley
2015). To increase the probability of a rejection of the norm being seen by
the other parties, extensive monitoring could be necessary. However, no such
monitoring mechanism is embedded in the Paris Agreement as of yet.
Another obstacle to the transparency of the pledge and review process, is
the lack of a common currency, base year, and measuring procedure, used by
the parties when submitting their INDCs (Young 2016: 16). This makes it
more difficult to evaluate the national pledges of each state. Thus, the probability of a rejection of the norm being seen by the other parties, may be
reduced. To increase the probability of a green transition, further strengthening of the Paris Agreement should focus on the establishment of a common
currency, base year, and measuring procedure, to increase the visibility of
norm rejections. In this way, the agreement may enable norm entrepreneurs
to place what Mitchell (2015: 33–34) describes as
explicit pressures (‘naming and shaming’) on specific emitters by identifying them on white-lists or black-lists (or both) and engaging them
in an institutional forum in which actors continuing business-as-usual
strategies [feel] social pressure to explain themselves and to do so in
logic of appropriateness rather than logic of consequences terms.

However, whether the punishment (‘naming and shaming’) is sufficiently
severe is questionable. If the critique is put forward by a minor actor, the cost
of submitting a less ambitious national pledge is small. Thus, the punishment
44

The INDCs from the 2015 meeting are available at http://www4.unfccc.int/
submissions/INDC/Submission%20Pages/submissions.aspx.
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is not sufficiently severe to influence the international norm such that a green
transition may emerge. Although the simulation results do not support the
claim that support from powerful states is required, it seems plausible that
pressure on states induced by key countries like China and the United States
may increase the effect of this punishment (Young 2016: 17–18).
There is no mechanism of metapunishment – that is, punishment of those
who do not punish others’ rejection of the norm – embedded in the Paris
Agreement. Although the presence of the Norms Game increases the probability of a green transition, the presence of metanorms could increase the
probability even further. Thus, the question is how a mechanism of metapunishment may be embedded in a future strengthening of the climate regime.
One example of metapunishment in international politics relates to the
use of resolutions. In the 1972–2011 period, the United States vetoed all
42 UN Security Council resolutions critical to Israel (Jewish Virtual Library 2016). However, this support is not cost-free. In 2011, the Obama
administration vetoed a UN Security Council resolution condemning Israeli
settlements, supported by the other 14 member states, including Britain and
France. The US ambassador to the UN, Susan Rice, felt the pressure to
explain the US veto. Rice stated that the veto ‘should not be misunderstood
to mean we support settlement activity’ (Pilkington 2011).
Another example of metapunishment in international politics relates to
the distribution of votes in the UN Human Rights Council (HRC). Since
the establishment of the HRC in 2006, 45 of 127 resolutions have related
to Israel (Human Rights Voices 2016). The United States has often been
the only party voting against the resolutions critical to Israel, as in 2014
when the United States voted against a resolution establishing an inquiry
into Israel’s Gaza offensive. Although the United States officially stated
that the resolution was a ‘biased and political instrument’ that would not
help ‘cessation of hostilities’, Josh Ruebner, a norm entrepreneur (in the
eyes of the Palestinians and their supporters) and policy director for the US
Campaign to End the Israeli Occupation, stated that the US vote ‘shows the
great extent to which the US goes to protect Israel in international forums
from any accountability for its actions, no matter how egregious’ (Lazare
2014).
To embed metapunishment in the climate regime, one solution may be to
promote a resolution including criticism of states submitting a less ambitious
national pledge prior to the global stocktake embedded in the Paris Agreement. In this way, ‘naming and shaming’ of those states voting against the
resolution could entail a cost of being metapunished by other states.
The simulation results relating to the ‘Social Proof’ mechanism indicate that norm entrepreneurs should adapt different strategies depending on
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whether metanorms are present. If individuals are playing the Norms Game
– that is, punishing other individuals’ rejection of the norm – norm entrepreneurs should encourage others to compare their relative (normative)
effectiveness internationally, not nationally or regionally. If individuals are
playing the Metanorms Game – that is, punishing those who do not punish
others’ lack of ambitious national pledges – norm entrepreneurs should encourage others to compare their relative (normative) effectiveness nationally
or regionally, not internationally.
Through the global stocktake mechanism of the Paris Agreement, state
leaders will compare their pledges with the pledges of all other states, making
the ‘Social Proof’ mechanism of the Paris Agreement international. Thus,
the mechanism of global stocktake embedded in the agreement is consistent
with the policy recommendations derived from my findings; in the absence
of metanorms, the ‘Social Proof’ mechanism should be international.
If metanorms are embedded in a future strengthened agreement related
to climate change, the simulation results indicate that norm entrepreneurs
should encourage state leaders to compare their (normative) effectiveness
nationally or regionally, not internationally. This does not mean that the
global stocktake mechanism embedded in the Paris Agreement should be
abandoned. A two-level stocktake is not simulated in my model. However,
my results indicate that a mechanism of national or regional stocktake prior
to the global stocktake may increase the probability of a green transition.
Although this two-level stocktake is not formally embedded in the Paris
Agreement, the European Union did undertake such a regional stocktake
prior to the 2015 Paris negotiations. Hence, a regional ‘Social Proof’ mechanism was embedded in the negotiations of the INDCs between the member
states of the European Union. Although this does not prove a causal relationship between the regional ‘Social Proof’ mechanism and the relative
success of the European Union to submit an ambitious pledge,45 my findings, and this empirical example, indicate that a two-level stocktake – that
is, regional and international ‘Social Proof’ – increases the probability of an
international transition towards the logic of appropriateness in the field of
climate change.
Although my findings are reasonably optimistic, some caveats are in order. To change international norms in the field of climate change – a field of
international politics which Underdal (1992, 2001) labels a ‘malign problem’
– is difficult at best. Climate mitigation resembles a global public good,
where all states and individuals can enjoy the benefits, regardless of whether
45

See the report on the European Union’s INDCs, published by the think-tank Friends
of Europe (Slusarska and Friends of Europe 2015).
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the state or individual has contributed to provide it or not. Thus, it is more
realistic to assume a situation similar to an 𝑁 -person Prisoner’s Dilemma,
rather than the Norms Game or the Metanorms Game. However, that was
arguably also the case in the fields of imperialism and slavery during previous centuries. What seems unrealistic at the present moment in history may
appear a matter of course to coming generations.

6.3

Recommendations for Future Research

The simulation results of my model in Chapter 4 reveal that several of the
model parameters have little or no effect on the probability of a green transition. These mechanisms should either be developed further, based on existing theory, or removed from the model. The model may also be extended
with other mechanisms, such as the mechanisms of norm evolution described
by Ehrlich and Levin (2005) and mentioned in Section 1.3.
As discussed in the robustness analysis of Chapter 5, later work by Galan
and Izquierdo (2005) and Mahmoud et al. (2010) found that Axelrod’s (1986)
parameter values may not be sufficiently robust. Thus, in further development of my model, the Two-level Norms Game, these parameter values should
not be taken as given. Instead, they should be validated through existing
theory and empirically grounded data. Another less plausible finding derived
from the simulation results is the insignificant effect of support from powerful
states. At the least, this mechanism needs further theoretical and empirical
validation.
Although general linearized regression models (GLS) and standardized
regression coefficients may suffice to analyse the output of agent-based models
(see Section 4.1), one of the most promising global sensitivity techniques
is variance-based sensitivity analysis, particularly time series of sensitivity
indices obtained from decomposition of variance.46 Thus, further research
and the development of my model should extend the repertoire of global
sensitivity techniques used to analyse the model and its output.
Lastly, a combination of agent-based modelling and geographic information systems (GIS) will make it possible to simulate evolution of social norms
in both ‘space’ and time. With GIS, the model may be simulated with empirically grounded spatial data.47 In addition, GIS enables the statistical
analysis of simulation output to be controlled for spatial autocorrelation, in
addition to autocorrelation in time.
46

See Saltelli et al. (2008) and Sobol (2001).
‘Spatial’ here refers to more than geography. See again Beck, Gleditsch and Beardsley
(2006).
47
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Appendix A
Equations
The following equations calculate the expected utility of player 𝑖, the condition of the two Bayesian perfect equilibria, and the application of Bayes’
rule, all used in Section 2.1. For all equations, 𝑆 represents the probability of
player 𝑖’s defection being seen by player 𝑗, and 𝑉𝑗 represents the vengefulness
of player 𝑗.

Calculation of player i’s expected utility (EU i )
Player i’s expected utility when player j is tough:
𝐸𝑈 𝑖 (defect) = 𝑆(−9) + (1 − 𝑆) ⋅ 3
= −9𝑆 + 3 − 3𝑆
= 3 − 12𝑆

(A.1)

𝐸𝑈 𝑖 (not defect) = 0

(A.2)

Player i’s expected utility when player j is weak:
𝐸𝑈 𝑖 (defect) = 3

(A.3)

𝐸𝑈 𝑖 (not defect) = 0

(A.4)

Player i’s expected utility function:
𝐸𝑈 𝑖 (defect) = 𝑉𝑗 (3 − 12𝑆) + (1 − 𝑉𝑗 ) ⋅ 3
= 𝑉𝑗 − 12𝑉𝑗 𝑆 + 3 − 3𝑉𝑗

(A.5)

= 3 − 12𝑉𝑗 𝑆
𝐸𝑈 𝑖 (not defect) = 0

(A.6)
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Calculation of the condition of the two Bayesian perfect
equilibria
𝐸𝑈 𝑖 (defect) > 𝐸𝑈 𝑖 (not defect)
3 − 12𝑉𝑗 𝑆 > 0
−12𝑉𝑗 𝑆
−3
<
−12
−12
1
𝑉𝑗 𝑆 <
4

(A.7)

Application of Bayes’ rule
ℙ(𝐴) = 𝑉𝑗
ℙ(𝐴)̃ = 1 − 𝑉

𝑗

ℙ(𝐵 ∣ 𝐴) = 𝑆
ℙ(𝐵 ∣ 𝐴)̃ = 0
ℙ(𝐶 ∣ 𝐴) = 0
ℙ(𝐶 ∣ 𝐴)̃ = 𝑆
ℙ(𝐷 ∣ 𝐴) = 1
ℙ(𝐷 ∣ 𝐴)̃ = 1
𝑆 ⋅ 𝑉𝑗
𝑉𝑗
=
=1
𝑆 ⋅ 𝑉𝑗 + 0 ⋅ (1 − 𝑉𝑗 )
𝑉𝑗

(A.8)

0 ⋅ 𝑉𝑗
0
=
=0
0 ⋅ 𝑉𝑗 + 𝑆 ⋅ (1 − 𝑉𝑗 )
0 + 𝑆(1 − 𝑉𝑗 )

(A.9)

ℙ(𝐴 ∣ 𝐵) =
ℙ(𝐴 ∣ 𝐶) =

ℙ(𝐴 ∣ 𝐷) =

1 ⋅ 𝑉𝑗
𝑉𝑗
𝑉𝑗
=
=
= 𝑉𝑗
1 ⋅ 𝑉𝑗 + 1 ⋅ (1 − 𝑉𝑗 )
𝑉𝑗 − 𝑉 𝑗 + 1
1

(A.10)
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Appendix B
Miscellaneous
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Quartile

Maximum

Figure B.1: How to read box-and-whisker plots. Inspired by Yau (2008).
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Figure B.2: Screenshot of my agent-based computer model, developed in NetLogo (Wilensky 1999). The computer model and a
movie presenting one simulation run are available for download at
http://simensolbakken.com/masters-thesis/.

