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Chapter 1

Introduction

1.1 Climate policy and carbon pricing

Mitigating climate change is one of the greatest challenges of our time. The recent IPCC report

points out that extreme weather events are already increasing around the globe due to human

emissions of greenhouse gas (Masson-Delmotte et al., 2021). Our economies should attain net zero

emissions by the middle of the century to avoid catastrophic damages (Masson-Delmotte et al.,

2018). Following the Paris Agreement in 2015, the European Union and many national governments

have pledged to reach carbon neutrality by 2050. However, current commitments fall short of the

mitigation objective (Roelfsema et al., 2020; Liu and Raftery, 2021). This underpins the urgency of

implementing e�ective policies to decrease greenhouse gas emissions. One of the main climate policy

instruments is carbon pricing. It has been studied intensively in economics using both theoretical

and empirical methods. Here damages due to carbon emissions are conceptualized as a particular

market failure, namely negative externalities. This concept was �rst proposed by Arthur Pigou in

the 1920s, and he suggested as a solution to tax emissions � hence we speak now in environmental

economics of �Pigouvian taxes� as the optimal solution to environmental externalities. Regarding

carbon emissions, the solution involves either a tax or an allowance market � as both integrate

damage costs in the decisions of economic agents. Such an instrument incentivizes companies and

consumers to reduce their carbon footprint with the least associated cost. The optimal design of

carbon prices has been a central debate in environmental economics, with the Dynamic Integrated

Climate-Economy (or DICE) model from Nobel Prize winner Nordhaus (2014) leading the way.

The basic theoretical result is that the e�cient carbon price is equal to the marginal social cost

of carbon (van den Bijgaart et al., 2016; Hänsel et al., 2020). The revenue from the tax can be

used to subsidize research on "low-carbon" technology or, maybe more importantly, to compensate

low-income households and reduce the potential regressive e�ects of the tax (Klenert et al., 2018a).
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Chapter 1: Introduction

1.2 Social interactions and design of carbon pricing

As noted by Hepburn et al. (2020), climate policy does not happen in a societal and political

vacuum. Other aspects, such as distributive e�ects, feelings of injustice or distrust in the political

system, are important to consider in order to design e�ective and socially acceptable climate

mitigation policies. Due to the scope of the challenge, it is unlikely that carbon pricing alone

would be su�cient to steer a fast and deep decarbonisation. Yet current economic models are

badly equipped to study the interactions of multiple instruments in a broad policy-mix (van den

Bergh et al., 2021). One of the shortcomings of conventional models in climate economics is

that they ignore the social environment in which agents interact. I argue in this thesis that

a good understanding of the social context of climate policies is essential for designing e�cient

and acceptable instruments. Social interactions are relevant as they channel secondary e�ects of

a policy. Such e�ects can take di�erent forms: social reinforcement of consumption choices or

information di�usion about low-carbon goods (Chapter 2), changes in preferences leading to what

I call a �social multiplier� (Chapter 3 and 4), or variation in policy support (Chapter 5).

First, social interactions matter for the adoption and di�usion of low-carbon behaviours. Agents

can inform their social peers about the existence and characteristics of a particular low-carbon

good. Information spreads through word-of-mouth which fuels its di�usion in a social network

(Delre et al., 2007). This mechanism is particularly relevant for goods such as solar PV (Palm, 2017;

Baranzini et al., 2018) or electric vehicles (Kverndokk et al., 2020). The adoption of such goods

becomes more likely as the number of social peers using them increases due to social reinforcement

(Centola, 2010). An important question in this literature concerns the search for the conditions

necessary for widespread adoption of goods and behaviours. Certain topological features, such as

high network clustering � the measure re�ecting the probability that a person's connections are

also connected to each other � and short average path length � re�ecting the average number of

connections needed to reach any other agent � also increase the di�usion rate (Nematzadeh et al.,

2014). Other studies indicate that targeting a "central" agent � typically with many social peers�

to introduce a behaviour improves its di�usion (Banerjee et al., 2013). The literature suggests that

celebrity endorsement for sustainable goods or information campaigns have a similar qualitative

e�ect as monetary incentives (Santos et al., 2010). Ignoring such e�ects of social interactions in

policy analysis can lead to non-optimal, notably too high, carbon prices or adoption subsidies for

low-carbon options.

Next, social interactions matter for preference formation as they in e�ect create descriptive

norms, which are a consistency in peer behaviour that signals "correct" social behaviour (Cialdini,

2003). These norms can be thought as rules of conduct sustained by social approval or disapproval,

thus relying on the desire for conformity (Bicchieri, 2016). A review by Farrow et al. (2017)
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Chapter 1: Introduction

presents several frameworks integrating social in�uence in economic theories. For instance, Akerlof

and Kranton (2000) considers identity, the feeling to be part of a social group, as an important

underlying mechanism for economic behaviours; Bénabou and Tirole (2006) draw attention to the

role of intrinsic motivation (i.e. altruism, social reputation) and extrinsic motivation (i.e. monetary

incentives) in a public good game and show that incentives can crowd-out intrinsic motivations;

Nyborg et al. (2006) suggest that agents have pro-social and reputation concerns which incentivize

them to behave in an low-carbon way. In these studies, social interactions are modelled in a game-

theoretic framework, where strategic actions lead to a Nash equilibrium. Another approach put

forward by Postlewaite (1998) distinguishes two types, of preferences: deep and socially-embedded

preference. The deep (or intrinsic) preferences are a ranking over immediate alternatives; for

instance: one prefers to drive a racing car instead of taking a crowded bus to go to work; the

immediate enjoyment is greater when the �rst action is realised. Socially-embedded preferences

(or reduced-form preferences) on the other hand are a ranking over alternatives given the rules

of the social game: they depend on one's immediate social network as well as on broader social

norms; for instance: one might prefer to drive a racing car but the city in which they live in lacks

the necessary infrastructures for them to enjoy it or will lead to disapproval from their social peers.

In other words, socially-embedded preferences are context-related (Dietrich and List, 2016). This

literature supports the idea that social dynamics can explain di�erences in the economic behaviour

and hence in the performance of all kinds of policies (Bowles, 1998). Ignoring such e�ect of social

interactions could lead to non-optimal policies

Third, social interactions matter also for climate policy support. The emergence of large online

social networks such as Facebook or Twitter facilitates the di�usion of political opinions and in�u-

ences voting decisions (Muchnik et al., 2013). Political messages from well-connected individuals

have a substantial e�ect on voting turnout (Bond et al., 2012). Indeed, recent studies show the

in�uence of social interactions on U.S. presidential elections results (Braha and Aguiar, 2017).

Moreover, digital social media ease the organization of protest movements related to environmen-

tal policies. Recent examples include the yellow vest movement in France (Adam-Troian et al.,

2021) and the international mobilization "Fridays for Future" (Boulianne et al., 2020). In these

cases social interactions do not in�uence the e�ect of climate policy per se but the likelihood or

its implementation. Given the urgency of climate change mitigation, I argue that policies should

be designed in such a way as to achieve critical public support.
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Chapter 1: Introduction

1.3 Research questions and approach

In this thesis, I make use of agent-based models (ABMs) to integrate speci�c aspects of social in-

teractions into a climate-economic framework. ABMs are �exible models that allow to depart from

traditional assumptions about representative and socially isolated agents, namely by describing

a population of heterogeneous agents with a wide range of possible behaviours and interactions

(Castro et al., 2020). Many existing ABMs represent explicitly social ties which aids the study

of how social phenomena, such as imitation or status seeking, a�ect a sustainability transition.

For instance, McCoy and Lyons (2014) model the di�usion of electric vehicles and assume that

the individual pay-o� for using such cars increases with the share of adopting peers. Similarly,

Kangur et al. (2017) use an ABM model to describe how individuals rely on their peers to gather

information about characteristics of electric vehicles. ABM studies often use social networks to

model social interactions (Castro et al., 2020). They can be parametrized to match the properties

of empirical social networks (Palmer et al., 2015; Ernst and Briegel, 2017). In particular, the so-

called "small-world" topology, with short average distance between all agents and high clustering,

is characteristic of many real-life networks (Albert and Barabási, 2002). It represents accurately

interactions leading to the adoption of solar PV (Rai and Robinson, 2015) or heating systems

(Sopha et al., 2011). Another topology, so-called "scale-free", with asymmetric degree distribution

where few so-called 'star agents' have a high number of peers and the majority of agents have few

connections (Barabási and Albert, 1999), is often used to model interactions in digital networks

(Babutsidze and Valente, 2018). Using agent-based models, we can simulate the outcomes of cli-

mate policies with consumers interacting in large social networks, allowing us to investigate the

role of social in�uence.

The remainder of the thesis comprises �ve chapters. Chapter 2 is entitled �Social reinforcement

with weighted interactions�. It is methodological in nature and aims at understanding how does

the network structure drives the di�usion of low-carbon behaviours. To do so, it compares the

performance of di�erent network topologies to ensure a fast and widespread adoption of such

behaviours. It additionally introduces a new behavioural dimension of social interactions, which

is the con�rmation bias, i.e. is the tendency to put more weight on opinions that con�rm one's

prior beliefs stemming from bounded rationality of people. The results show that under realistic

assumptions regarding agents' interactions, network degree distribution is the key factor for fast

and widespread low-carbon behaviour adoption.

Chapter 3 is entitled �The Social Multiplier of Environmental Policy: Application to Carbon

Taxation�. It analyses how the e�ectiveness of carbon taxation changes when consumers are sub-

ject to social in�uence. It introduces the notion of socially-embedded preferences formed under
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Chapter 1: Introduction

the in�uence of peers and derives a so-called �social multiplier� of environmental policy. The ap-

proach provides a basis for rigorously analysing a transition to low-carbon lifestyles and identifying

complementary information and network policies to reinforce the e�ectiveness of carbon taxation.

Chapter 4, entitled �Optimal trajectory of carbon taxation under endogenous preferences� is the

logical continuation of the previous chapter. It derives optimal dynamics of a carbon tax when

preferences are endogenous, i.e. when the tax modi�es the formation of preferences of agents. In

particular, the study focuses on the conditions under which the optimal tax is decreasing. This

adds an original angle to a broader literature, which o�ers reasons for a non-monotonic carbon

price over time.

Chapter 5 is entitled �Co-dynamics of climate policy stringency and public support�. It aims

at explaining how to design of an intertemporal climate policy that is e�ective in meeting climate

targets as well as receives support from a majority of voters. To this end, it combines a general

equilibrium model for impact assessment of climate policy with an agent-based model involving a

social network for assessing public opinion dynamics, and studies the political feasibility of several

climate policies. The results show that a tax characterized by an initially low rate which increases

over time, combined with progressive revenue redistribution, generates critical public support.

Chapter 6 concludes, and o�ers avenues for future research.
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Chapter 2

Social reinforcement with weighted

interactions
1

2.1 Introduction

Individual decision-making is sensitive to conspicuous peer behavior. This has been con�rmed,

among others, for energy consumption choices (Allcott, 2011; Abrahamse and Steg, 2013), adoption

of solar panels (Bollinger and Gillingham, 2012) and greenhouse gas mitigation practices (including

usage of public transport and recycling, see Babutsidze and Chai (2018)). Social in�uence is often

the result of descriptive norms, i.e. a regularity in the behavioral pattern of peers that signals

a socially 'correct' behavior (Cialdini, 2003). The adoption of such behaviors is triggered by the

percolation process � only those agents can adopt that are exposed to peers that already adopted

the behavior � and by the social reinforcement process � every further peer increases the likelihood

of adoption.

Many studies have modeled the di�usion of a behavior at the individual level in an explicit

social network searching for a topology ensuring fast and widespread adoption (Delre et al., 2007;

Centola, 2010). The main topological features investigated are the average path length (average

number of edges along the shortest path between any two nodes) and the clustering (the extent

to which peers of any node tend to be also peers with each other) of the network (Nematzadeh

et al., 2014). Shorter average path length allows for a faster spreading of information. High

clustering enhances a local di�usion via the social reinforcement process. The role of clustering

has been demonstrated in an experiment by Centola (2010) where participants faced the decision

to join a health forum. Every time a participant registered to the forum, a message was sent to

1This chapter has been published as Konc, T., and Savin, I. (2019). Social reinforcement with weighted interac-
tions. Physical Review E, 100(2), 022305.
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her social neighborhood inviting the recipients to join as well. This study found that participants

were more likely to join as the number of invitations they received grew, demonstrating the role of

social reinforcement. Furthermore, exploring di�erent network topologies Centola concluded that

behaviors subject to social reinforcement di�use at a higher rate in clustered networks. Several

modeling studies reproduced this �nding. Zheng et al. (2013) build a simple model of information

di�usion where the likelihood of accepting and transmitting the information increases with the

number of signals received. Tur et al. (2018) use a threshold model, in which agents adopt a

behavior depending on peer pressure and individual preferences de�ned as intrinsic cost to adopt

a new behavior.

We introduce two novelties to the model by Tur et al. (2018). First, we consider that the peer

pressure between two agents depends on the similarity in their preferences. Second, we include the

scale free network topology in our analysis. Both novelties are motivated by extensive empirical

evidence documenting relevance of these assumptions. In particular, as demonstrated by Asch

(1955), agents put a higher weight on opinions that conform to their existing beliefs, pointing out

an important con�rmation bias in the way agents treat information. Later the con�rmation bias

was demonstrated in di�erent contexts (Lord et al., 1979; Nickerson, 1998; Cialdini and Goldstein,

2004), with experiments showing that agents are more likely to comply with a norm communicated

by a peer with similar preferences (Silvia, 2005). To model the con�rmation bias, we introduce

weighted edges based on the distance in agents' preferences. In other words, the social in�uence one

agent exerts on another is not binary (signal the behavior or not), but mediated by their similarity

in preference towards adopting that behavior. Our conjecture is that this bias can a�ect the

performance of the studied networks in terms of di�usion rates. Including the scale free network is

motivated by the increasing empirical evidence that online networks exhibit the power law degree

distribution (Mislove et al., 2007; Babutsidze and Valente, 2018), while interactions occur with

ever greater extent online (Bakshy et al., 2012). This particular topology is the result of the

preferential attachment process where few nodes have a very large number of connections, and

majority of nodes have very few peers only (Barabási and Albert, 1999). While simple di�usion in

the scale free network have been studied by Pastor-Satorras and Vespignani (2001); Zeppini et al.

(2018), this paper is the �rst addressing the scale free topology for complex di�usion with social

reinforcement and weighted interactions.

We demonstrate that, �rst, the addition of insights from behavioral science on how agents asym-

metrically treat information undermines the performance of clustered networks. This is because

the long average paths between nodes in the network allow individuals to resist social pressure

from peers with very di�erent preferences precluding further spreading of the behavior. Second,

we show that the scale free network is robust to the weighting of interactions. It best ensures fast
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and widespread di�usion under social reinforcement and con�rmation bias when the majority of

the population has a high resistance against adopting the behavior. These two results are novel

and important for the literature in understanding the complex processes of social di�usion shifting

the focus from network clustering to network degree distribution as the critical factor for behavior

spreading. They also suggest that the di�usion of a behavior is more e�ective on digital social

platforms than on spatial o�ine networks where high degree asymmetry is less likely.

The remainder of this paper is organized as follows. Section 2 describes our model of di�usion

with social reinforcement under con�rmation bias. There we introduce weighted interactions and

the scale free network topology not considered in this context earlier. Section 3 presents simulation

results. Section 4 concludes.

2.2 The Model

2.2.1 Percolation with social reinforcement

We describe a simple model of behavior adoption with social reinforcement and con�rmation bias,

in which the decision to adopt is based on personal preferences, awareness about certain behavior

(percolation model) and peer pressure. Following Tur et al. (2018), we consider agents interacting

in a �xed undirected social network N , where the set of agent i's neighbors is denoted by Ni and

its degree by ni.
2 The agent decides to adopt the behavior if and only if:

Q ≥ mi,t (2.1)

where Q ∈ [0, 1] is the quality of the behavior and mi,t is the minimum quality requirement (or

MQR) of agent i.3 A zero quality means a completely unattractive behavior that no one is willing

to adopt, while a quality of one means a behavior that everybody wants to adopt from the moment

they are informed about it. The minimum quality requirement without con�rmation bias is a

decreasing function of the number of adopting peers:

mi,t = πi × (gi,t)
−γ

(2.2)

with γ ∈ [0, 1] capturing the intensity of social reinforcement in the decision-making, Gi,t ⊆ Ni

being the subset of adopters among agent i's peers at time t, gi,t ≤ ni being the number of

2Upper case letters denote sets, and the corresponding lower case letters the cardinality of the respective sets.
3Quality is an abstract aggregate term. Referring to the examples from the introduction, quality captures the

e�ectiveness of measures mitigating greenhouse gas emissions or technical quality of solar panels. Instead of quality,
one can also operate with prices: Q as a market price and MQR as a reservation price of the agent (Cantono and
Silverberg, 2009). Considering the more expensive electricity from the renewable energy sources as a new behavior,
social reinforcement raises the agent's willingness to pay and adopt the new behavior.
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Figure 2.1: Di�erent distributions of switching costs (πi).

adopters among agent i's peers at time t, and πi ∈ [0, 1] being the intrinsic switching cost of agent

i towards a given behavior. The switching costs are inversely related to intrinsic preferences in

adopting the new behavior. An agent with high switching cost may adopt only if several peers

in�uence her to do so. An agent with low switching costs will adopt as soon as one peer signals

her the behavior. In the following, we will interchangeably refer to preferences and switching costs

that both capture the individual resistance in adopting a certain behavior (MQR). Heterogeneous

switching costs between agents can be explained by di�erences in income, education, environmental

concern, available infrastructure and even amount of free time to adopt the new behavior.4 In line

with Tur et al. (2018), we assume that switching costs between neighbors are independent. This

means that the generating process of the network is unrelated to the particular behavior in question.

The preferences follow a Beta distribution: πi ∼ B(β1, β2). This distribution family is �exible,

allowing us to study several settings (Figure 2.1):

(i) a uniform distribution with β1 = 1, β2 = 1,

(ii) a pseudo-normal distribution with β1 = 4, β2 = 4,

(iii) a right skewed distribution (the majority of agents have strong preference for the behavior)

with β1 = 1, β2 = 4,

(iv) a left skewed distribution (the majority of agents have strong preference against the behavior)

with β1 = 4, β2 = 1.

In the rest of the paper, we will focus on the results for the latter speci�cation of the Beta

distribution (πi drawn for the B(4, 1) with the majority of people having high switching costs.

This setting corresponds best to the case where social reinforcement makes a di�erence with many

agents adopting because of social pressure (Tur et al., 2018).5

4Consider, for example, the choice to adopt waste sorting behavior where the above-mentioned characteristics
can serve as arguments in favor of or against adopting the new norm.

5The results for other distributions can be found in Appendix 2.C.
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While network position (and the resulting number of adopters in the neighborhood) and switch-

ing costs are heterogeneous across agents, other parameters like the intensity of social reinforcement

and behavior quality, act uniformly for all agents.

2.2.2 Weighted interactions and con�rmation bias

The �rst novelty of our approach is to di�erentiate the in�uence of peers on the agent's decision

to adopt depending on the distance in their preferences. In doing so, we follow the literature on

the con�rmation bias showing that opinion dynamics between two agents depends on their opinion

proximity (De�uant et al., 2000; Lorenz, 2010; Das et al., 2014). The bias arises due to often

unconscious selectivity in searching, interpreting and remembering evidence supporting one's own

opinion. In this framework, agents assign more weight to opinions that already conform to their

beliefs, while �neglecting to gather, or discounting, evidence that would tell against it� (Nickerson,

1998, p.175). While Weisbuch et al. (2002) captures this bias by allowing agents to regard only

those peers who are su�ciently close in their opinion, we follow Hegselmann et al. (2002) by

allowing agents being both close and far in their intrinsic preference to a�ect their peers' decision

but with di�erent weights. For instance, observing someone having the same preference adopting

certain behavior is more persuasive than observing someone with a very distant preference. By

doing this, we introduce heterogeneity in terms of peer pressure the agent can experience from

di�erent neighbors. Also, we extend the social interaction process underlying our model. While

in Tur et al. (2018) it was only about sharing information about adoption decision (�showing�),

here we assume agents know and di�erentiate between preferences of their peers (i.e. �telling�

information about the reasons behind their adoption) (Babutsidze and Cowan, 2014).

We proceed by extending MQR with the con�rmation bias as follows:

mi,t = πi ×

(∑
j∈Gi,t e

−ρ|πi−πj |∑
k∈Ni e

−ρ|πi−πk|
× ni

)−γ
(2.3)

with ρ ∈ [0,+∞) being the strength of con�rmation bias, Ni being the set of peers of agent i,

Gi,t ⊆ Ni being its subset that adopted the behavior at time t and ni the degree of agent i. The

strength of the signal �owing from agent j to agent i is e−ρ|πi−πj |. The ratio in Eq. (2.3) represents

the relative weight of the signal from the adopting peers. We multiply this ratio by the agent's

degree ni so that Eq. (2.2) without con�rmation bias proposed by Tur et al. (2018) can be seen

as a special case of our Eq. (2.3) with ρ = 0. Furthermore, MQR of agent i would be the same in

both models if agent i is surrounded by agents with the same preference (Eq. 2.4):

mi,t = πi ×
(
gi,t
ni
× ni

)−γ
= πi × (gi,t)

−γ
if ∀πk = πi (2.4)
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or if all peers of agent i adopted the behavior (Eq. 2.5):

mi,t = πi × (1× gi,t)−γ if gi,t = ni. (2.5)

Thus, introducing the con�rmation bias we e�ectively transform our network from an unweighted

to a weighted one.

Note that MQR with con�rmation bias from Eq. (2.3) being a function f(πi, gi,t, γ) can ex-

ceed the original switching cost πi if the distance in switching costs to the adopters in agent i's

neighborhood is larger than the average distance to all his neighbors:

∑
j∈Gi,t

e−ρ|πi−πj | ≤
∑
k∈Ni e

−ρ|πi−πk|

ni
. (2.6)

That means f(πi, 1, γ) = πi does not always hold anymore (unlike in Tur et al. (2018)), but f can

be larger or smaller than πi depending on the distance in preference to the �rst adopting peer.6

One should, however, not mix it with a possible deterring e�ect in our model since πi is only an

ingredient of MQR. In line with the fundamental principle of a percolation model, f(πi, 0, γ) =∞

(an agent cannot adopt a behavior if she is not aware of it), and f(πi, gi,t, γ) is strictly decreasing

in gi,t for γ > 0.

For very large ρ, the agents only consider the decision of their most similar neighbors. Let us

consider the case when agent l is the most similar (in terms of preference) peer of agent i, i.e.

|πi − πl| < |πi − πk| ∀k 6= l ∈ Ni. Then:

lim ρ→∞e−ρ|πi−πj | = 0 ∀j ∈ Ni (2.7)

and

lim ρ→∞
(
e−ρ|πi−πl| + e−ρ|πi−πk|

)
= e−ρ|πi−πl|. (2.8)

Therefore, for the strength of the con�rmation bias approaching in�nity, we have agents simplifying

the behavior of their whole ego network to the behavior of their closest peer:

mi,t =

 πi × (ni)
−γ if l ∈ Gi,t

0 else.
(2.9)

2.2.3 Network topology

Our second novelty is that we extend the set of networks considered with the scale free net-

work. The reason is that many empirical networks present a very high degree asymmetry. This

6The inequality in Eq. (2.6) can hold even for two or more adopting peers.
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holds particularly true for digital social networks due to the lower time constraint associated with

maintaining online communication allowing agents to have a very large number of connections

(Babutsidze and Valente, 2018). As a result, few star agents can have a high number of peers,

whereas the majority of agents have a few connections only. We generate the network using the

preferential attachment algorithm (Barabási and Albert, 1999). The probability that an agent

has k connections in the network decays as a power law: P (k) ∼ k−α. The algorithm generates

degree distribution with α = 3 following empirical estimations (Albert and Barabási, 2002; Mislove

et al., 2007; De Domenico et al., 2013). To compare our results with Tur et al. (2018), we use

the Watts-Strogatz algorithm (Watts and Strogatz, 1998) that starts with generating a network in

which agents are connected to a few nearest neighbors (regular lattice), and rewires every link with

a probability µ. As the probability goes to 1, the topology resembles the random network. The

so-called small world network topology with still high clustering (similar to regular lattice) but al-

ready low enough average path length (similar to random network) is observed for µ ∈ [0.001, 0.1]

(see Table 2.1). In the following we adopt µ = 0.05.7 The networks created with the small world

algorithm all have a relatively small degree asymmetry and have been studied without con�rmation

bias Tur et al. (2018).

While the regular lattice and random network are mathematically convenient graphs with little

empirical evidence, small world and scale free topologies represent structural properties of networks

resulting from physical and digital interactions in the real world. In particular, small world property

is typical for professional networks (movie actors, scienti�c collaborations (Albert and Barabási,

2002) and frequently used to describe interactions leading to the adoption of home-speci�c goods

� such as solar PV in Rai and Robinson (2015), while scale free networks are more suited to study

information di�usion in online social networks, such as in Eppstein et al. (2011); Babutsidze and

Valente (2018). We also deliberately set the density of the synthetic networks very low (approx.

0.0004), which is in line with empirical estimates by Hu and Wang (2009).

Table 2.1: Network characteristics for 10 000 nodes and 20 000 undirected links

Average Average Degree
clustering path length asymmetry

Regular lattice 50.00 % 1250.00 0.00
Small world 35.62 % 12.50 0.12
Random 0.04 % 6.76 0.50
Scale free 0.15 % 4.27 36.30

Note: Average clustering is measured as an average probability for every node that any two of her neighbors are connected.
Average path length measures the average number of links required to connect two nodes. Degree asymmetry of a network
is measured by the skewness of its degree distribution.

Figure 2.2 is meant to illustrate our model of di�usion with social reinforcement with and without

7Tur et al. (2018) tested alternative speci�cation of the parameter but did not �nd any qualitative di�erence.
We also checked di�erent µ for the small world network in our model with con�rmation bias and came to the same
conclusion.
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Figure 2.2: Example of a di�usion process for Q = 0.6, γ = 1, B(4, 1) in (A) a regular lattice
without con�rmation bias (B) a regular lattice with con�rmation bias, ρ = 1 , (C) a network with
high degree asymmetry with and without con�rmation bias.
Note: Scalars in parenthesis are the switching costs of each agent. Black nodes represent agents having adopted the
behavior while gray nodes are agents that are subject to adopt; red links represent the signal �owing from the adopting
agent to its neighbors.

the con�rmation bias. The top two panels in Figure 2.2 exemplify the di�usion processes with and

without con�rmation bias in a regular lattice with Q = 0.6 and γ = 1. The early adopter E

activates her four neighbors NE = {C,D, F,G}. Without con�rmation bias (Eq. 2.2) agent G

has minimal quality requirement of: mG,1 = 0.60×
(

1
1

)1 ≤ Q and will therefore adopt. Once two

connected agents have adopted in a regular lattice, it is an immediate property of Eq. (2.2) that

for γ = 1 the di�usion will reach 100% for all Q greater than 0.5.

With con�rmation bias and ρ = 2 (Eq. 2.3) the same agent has, in contrast, a minimal qual-

ity requirement of: mG,1 = 0.60 ×
(

e−2×0.23

e−2×0.23+e−2×0.34+e−2×0.14+e−2×0.21 × 4
)−1

' 0.609 ≥ Q and

therefore will not adopt, which prevents the further di�usion process.8 This illustrates how under

con�rmation bias agents become less likely to be in�uenced by peers with very di�erent preferences.

The lower panel in Figure 2.2, in contrast, demonstrates that in a network with high degree

asymmetry the behavior can spread equally well with and without con�rmation bias. This is

because applying Eqs.(2.2) and (2.3) leads in this example to the same di�usion path with two,

three and four more adopters in subsequent periods.

Figure 2.3 shows how the relative in�uence of the neighbors of agent G changes when a con�rma-

tion bias is introduced in the model. As noted in Eqs. (2.7-2.9), when the strength of con�rmation

8For ρ = 1 further di�usion would also be prevented as mG,1 = 0.602, while for ρ = 3 its value would have been
even larger and equal to 0.618.
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Figure 2.3: Relative in�uence of neighbors on agent G, with di�erent strength of con�rmation bias
given the distance in preferences (d)

bias increases, the most similar (in terms of preferences) neighbor, agent H in this example, has

an overarching in�uence on the decision-making of agent G.

To have a more systematic comparison of the four networks for a larger number of adopters,

di�erent scenarios of early adopters as well as alternative distributions of preferences, we proceed

with the numerical experiment in the next section.

2.3 Results

Consistent with Tur et al. (2018), we simulate the di�usion process in undirected networks with

10 000 agents with mean degree of 4. The process starts with 10 random early adopters and

runs until a steady state is reached, i.e. no new adopter is generated in any subsequent period.

As the model can generate di�erent outcomes depending on the initial conditions,9 we report

average results over 50 restarts for each combination of parameters: quality Q, intensity of social

reinforcement γ, distribution of preferences B(β1, β2) and strength of con�rmation bias ρ. In

Appendix 2.B we also report the period in which the di�usion stops to make the potential trade-o�

between the rate of adoption (i.e. the share of adopters in the population) and the duration of

9Three features subject to random number initialization in�uence the outcome: the draw of individual switching
costs, the choice of early adopters and the topology of the network.
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Figure 2.4: Adoption rate without con�rmation bias, ρ = 0, and for π ∼ B(4, 1) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.5: Adoption rate with con�rmation bias, ρ = 2, and for π ∼ B(4, 1) with social reinforce-
ment intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F) γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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the di�usion process explicit. We compare the four networks with the two speci�cations of MQR

presented in Section 2.2: without con�rmation bias described in Eq. (2.2) and with con�rmation

bias from Eq. (2.3) with ρ = 2. This value of ρ corresponds to a moderate con�rmation bias

(see Figure 2.3). In this setting, agents with relatively dissimilar preferences have a lower but

still substantial in�uence on each other. Simulations results for other values of ρ can be found in

Appendix 2.A.

In line with the description of our model, the higher quality Q and the intensity of social

reinforcement γ consistently contribute to the rising rate of di�usion of behavior all else being

equal. While higher Q -capturing higher attractiveness of behavior- simply increases the chance

to adopt under the threshold rule in Eq. (2.1), the higher γ does the same by increasing the role

of social reinforcement on potential adopters.

From Figure 2.4 we see that without any con�rmation bias when the majority of the population

has strong preferences against adopting the behavior, the scale free network performs well, reaching

a di�usion rate higher or equal to other networks for the majority of combinations of quality and

strength of social reinforcement without con�rmation bias. The only exception is the intermediate

level of quality (0.6-0.8) combined with the high intensity of social interaction (γ ≥ 0.6). Note

that in line with our illustration in Figure 2.2, 100% di�usion rate in the regular lattice is assured

for certain combinations of Q and γ. This result is trivial considering the perfectly structured

topology of the regular lattice where any two peers share two more peers in common. According

to Eqs. (2.1-2.2), if 1
2γ ≤ Q then the presence of two connected adopters is a su�cient condition to

reach 100% di�usion. One can compare this with the domino chain reaction, where agents cannot

resist social pressure from a certain point. In particular, having two connected adopters guarantees

a full di�usion for γ=1 under Q ≥ 0.5; for γ=0.8 under Q ≥ 0.575; γ=0.6 under Q ≥ 0.66; γ=0.4

under Q ≥ 0.758; etc.

Once we introduce the con�rmation bias in Figure 2.5, we observe a deterioration of the rate

of di�usion in the regular lattice while performance of all other networks, particularly the scale

free one, remains remarkably robust. This is made clear by Figure 2.6, which shows the change

in adoption rate when con�rmation bias is introduced. This deterioration happens because the

bias raises the propensity of agents to resist social pressure from peers with relatively di�erent

preferences. Hence, the �domino e�ect� described in the regular lattice under no con�rmation

bias arises only for much higher values of Q. For larger ρ, there is no threshold quality such

that 100% di�usion rate in the regular lattice is guaranteed (see Figures 2.8 and 2.9 in Appendix

2.A). Combined with the fact that a few resisting agents are su�cient to isolate a large share of the

network from early adopters (Figure 2.2), we observe the very high �fragility� of the performance of

the highly clustered network towards presence of the con�rmation bias. It is worth mentioning that
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Figure 2.6: Di�erence in percentage points between the adoption rate with con�rmation bias,
ρ = 2, and without con�rmation bias, ρ = 0, for π ∼ B(4, 1) (A) regular, (B) small world, (C)
random, and (D) scale free.
Note: Negative values mean that the adoption rate is lower under con�rmation bias. The results are generated for di�erent
combinations of Quality and intensity of social reinforcement (γ).

already few short path links present in the small world network solve the problem and make the

network robust to the bias. Thanks to those links, agents bypass the resisting nodes and e�ectively

prevent them from stopping further di�usion. Increasing further the number of adopters later can

convert the resisting agent into an adopter anyway.

To check the robustness of this result, we explore alternative values of the con�rmation bias

strength ρ (see Appendix 2.A). We �nd that the performance of the regular lattice deteriorates

even further when the similarity in preferences plays a stronger role in the di�usion process. For

higher value of ρ, we �nd that the adoption rate in the regular lattice is close to 0 for virtually

all combinations of parameters. This con�rms that the di�usion process in clustered networks is

highly contingent on the weight agents assign to similar peers.

Another important consequence of the introduction of the con�rmation bias is the fact that

the scale free network becomes the best performing graph in terms of di�usion for virtually all

combinations of quality and strength of social interaction (Figure 2.5). Thus, unlike previous

studies, we �nd that high clustering is not necessary to reach high di�usion rates when the majority

of agents originally resists the adoption. The most connected agents in the scale free network

act like �in�uence hubs�: they are more likely to have early adopters among neighbors (hence,

adopt the behavior themselves), and subsequently distribute the signal to their numerous peers

quickly increasing the strength of social pressure on other agents. Unlike clustering, this structural

property is not sensitive to the introduction of weighted interactions. Although describing the

important role of �in�uence hubs� is not novel in the case of simple di�usion, the presence of high
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degree asymmetry allows for a broad and fast di�usion under social reinforcement even with a low

clustering and con�rmation bias.

Comparing di�usion across networks in terms of speed (number of periods until di�usion stops)

supports the advantage of the scale free network. Thus, it does not only reach highest di�usion

rates, but does so in the shortest number of periods (see Appendix 2.B). The latter is important

if one is concerned not just with the �nal outcome but also the speed of its realization. A good

example can again be environmental behavior: a quick di�usion would help to reduce CO2 emissions

early enough to prevent global warming of 1.5 °C above pre-industrial levels (Masson-Delmotte

et al., 2018). Other network topologies, whenever they reach relatively high di�usion rates, take

much more time. This is particular true for the regular lattice. Taking its very long average path

length (Table 2.1), however, this is not surprising.10

We also test the model under alternative distributions of preferences like the uniform distribution

or majority of agents having low switching costs (see Appendix 2.C). In those cases the scale free

network does not always rank �rst, but is only slightly inferior to the best performing network.

2.4 Conclusions

The mounting empirical evidence on the role of social interaction in a�ecting individual decision-

making and behavior spreading has drawn attention to the search of network topology that best

promotes the di�usion process, both in terms of adoption rate and the amount of time needed.

Earlier, the literature demonstrated that clustered networks best foster di�usion if a majority of

agents is resistant to adopt. This is because the seemingly redundant ties reinforce the probability

of adoption of the most resisting agents. If, in contrast, agents are open to adopting new behavior,

networks with shortest paths are good enough to reach high di�usion rates within a short amount

of time.

The present paper makes the setting studied by Tur et al. (2018) more realistic by di�erentiating

the in�uence of peers on the agent's decision to adopt depending on the distance in their preferences.

In doing so, we follow the experimental evidence that people put a higher weight on opinions that

conform to their beliefs � the so-called con�rmation bias. Furthermore, accepting the growing role

of online social networks and their highly asymmetric degree distribution exhibiting power law, we

add the scale free topology in our network comparison.

We demonstrate that the introduction of the bias changes the ranking of networks in terms of

the di�usion rates they achieve. In particular, while the regular lattice was performing best when

10Note that the curves of di�usion times for di�erent Q resemble an inverted U shape. This is because for greater
Q agents are more likely to adopt without any social reinforcement. In fact, for Q → 1 any agent adopts once he
has one peer among adopters. Hence, the speed of di�usion for Q→ 1 is increasing. Low di�usion time for Q→ 0,
in turn, is due to the low di�usion rates where behavior spreading stops early in time.
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the majority of agents have a strong preference against adopting the behavior, it becomes last

once agents start di�erentiating their neighbors based on the distance in their preferences and,

consequently, resist the adoption. Such a fragility is due to the absence of short paths between

agents allowing to bypass the resisting nodes. In contrast, other studied networks, and particularly

the scale free one, are robust to the introduction of this assumption to the model. The scale free

network becomes the best performing one under such a setting in terms of di�usion for di�erent

intensities of social reinforcement. Unlike the existing literature, we �nd that high clustering is not

necessary to explain high di�usion rates when the majority of agents is reluctant to adopt. This

is because high degree nodes serve as in�uence hubs collecting and redistributing the signal of a

new behavior raising social pressure in the network. Thus, our results shift the focus from network

clustering to network degree distribution as the key factor for di�usion. As highly asymmetric

networks are pervasive in digital social platforms, our results suggest that a di�usion will be more

e�ective in those platforms than in spatial o�ine networks characterized by higher clustering and

lower degree asymmetry.

Appendix 2.A Results with di�erent con�rmation bias pa-

rameters

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

regular
small world
random
scale free

(A)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(B)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(C)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(D)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(E)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(F)

Figure 2.7: Adoption rate with con�rmation bias, ρ = 1, and for π ∼ B(4, 1) with social reinforce-
ment intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F) γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.8: Adoption rate with con�rmation bias, ρ = 3, and for π ∼ B(4, 1) with social reinforce-
ment intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F) γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.9: Adoption rate with con�rmation bias, ρ = 10, and for π ∼ B(4, 1) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.10: Di�erence in percentage points between the adoption rate with con�rmation bias,
ρ = 10, and without con�rmation bias, ρ = 0, for π ∼ B(4, 1) (A) regular, (B) small world, (C)
random, and (D) scale free.
Note: Negative values mean that the adoption rate is lower under con�rmation bias. The results are generated for di�erent
combinations of Quality and intensity of social reinforcement (γ).
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Appendix 2.B Time of di�usion
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Figure 2.11: Di�usion time without con�rmation bias, ρ = 0, and for π ∼ B(4, 1) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.12: Di�usion time with con�rmation bias, ρ = 2, and for π ∼ B(4, 1) with social rein-
forcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F) γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Appendix 2.C Di�erent switching costs distributions
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Figure 2.13: Adoption rate with con�rmation bias, ρ = 0, and for π ∼ B(1, 1) with social rein-
forcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F) γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.14: Adoption rate with con�rmation bias, ρ = 2, and for π ∼ B(1, 1) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.15: Adoption rate without con�rmation bias, ρ = 0, and for π ∼ B(4, 4) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.16: Adoption rate with con�rmation bias, ρ = 2, and for π ∼ B(4, 4) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Figure 2.17: Adoption rate with con�rmation bias, ρ = 0, and for π ∼ B(1, 4) with social rein-
forcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F) γ = 1.
Note: The dashed lines represent two standard deviations around the average.

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

regular
small world
random
scale free

(A)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(B)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(C)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(D)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(E)

0.0 0.5 1.0
Quality

0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e

ad
op

tio
n

ra
te

(F)

Figure 2.18: Adoption rate with con�rmation bias, ρ = 2, and for π ∼ B(1, 4) with social
reinforcement intensity (A) γ = 0, (B) γ = 0.2, (C) γ = 0.4, (D) γ = 0.6, (E) γ = 0.8, and (F)
γ = 1.
Note: The dashed lines represent two standard deviations around the average.
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Chapter 3

The social multiplier of

environmental policy: Application to

carbon taxation
1

3.1 Introduction

Social psychology has long established the sensitivity of individual decision-making to peer in�u-

ence (Festinger, 1954; Deutsch and Gerard, 1955; Nolan et al., 2008; Schultz et al., 2018). Research

in behavioral economics a�rms that choices cannot be fully explained by stable preferences and

behavioral biases but that the social environment a�ects agents' decisions (Bowles, 1998; Postle-

waite, 1998; Mailath and Postlewaite, 2010; Fehr and Ho�, 2011; Ho� and Stiglitz, 2016; Astier,

2018; Fatas et al., 2018). In addition, neuroeconomic studies support the role of social context in

the formation of preferences (Fehr and Camerer, 2007; Mason et al., 2009; Engelmann and Hein,

2013).

In view of this, we develop a framework for the study of environmental and climate policies which

explicitly recognizes that consumers' preferences are shaped by interactions with social peers. This

can contribute to better design of policies aimed at promoting or discouraging the consumption of

goods or services whose utility depends on social interactions. For example, price instruments can

achieve a desired long-term outcome by shifting a social norm towards the consumption of goods

that are less damaging to the environment (Nyborg et al., 2006, 2016; Dasgupta et al., 2016). In

this study, we focus on carbon taxation as a key policy aimed at reducing global greenhouse gas

1This chapter has been published as Konc, T., Savin, I., and van den Bergh, J. (2021). The social multiplier
of environmental policy: Application to carbon taxation. Journal of Environmental Economics and Management,
105, 102396.
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(GHG) emissions.

Carbon taxation, and more generally carbon pricing, increases the relative prices of goods and

services with a carbon-intensive production cycle, thus encouraging a reduction in their consump-

tion and a shift to low-carbon alternatives (Baranzini et al., 2017b; Cramton et al., 2017; Stiglitz

et al., 2017). Existing economic studies analyze carbon pricing under the assumption that agents

have �xed preferences and do not interact with others (e.g. Bel�ori, 2017; Goulder et al., 2018;

Hart, 2019). The purpose of our study is to examine carbon taxation when preferences are subject

to social in�uence.

That visible behavior a�ects peers has been con�rmed for various types of consumption decisions

with considerable mitigation potential (Wynes and Nicholas, 2017), such as energy consumption

(Allcott, 2011; Ferraro et al., 2011; Allcott and Rogers, 2014), adoption of renewable energy tech-

nologies (Ozaki, 2011; Bollinger and Gillingham, 2012; Inho�en et al., 2019), and choice of trans-

portation mode (Bamberg et al., 2007; Grinblatt et al., 2008; Abou-Zeid et al., 2013; Pike and

Lubell, 2018). For instance, Allcott (2011) show that agents decrease their consumption of energy

when they receive information about the consumption of similar neighbors. Studies by Bollinger

and Gillingham (2012), Baranzini et al. (2017) and Baranzini et al. (2018) �nd that agents are

more likely to adopt solar panels if neighbors have already done so. Such local di�usion is driven

by imitation of conspicuous consumption and communication of positive information about solar

panels among neighbors.

Few studies have addressed carbon taxation with changing or even endogeneous preferences.

Mattauch et al. (2018) analyze non-social endogenous preferences and climate policies. They

consider the case of a carbon tax directly a�ecting the preferences of agents, through crowding-in

or -out of intrinsic preferences by the monetary incentives (Bowles and Hwang, 2008). A study by

van den Bijgaart (2018) �nds that endogenous habit formation causes persistence in consumption

choices. She shows that, as a result, the optimal externality tax should initially be higher than

the standard Pigouvian one and gradually decrease over time. Finally, Ulph and Ulph (2018)

study the role of conformity in consumption decisions under Pigouvian taxation. They �nd that

the existence of a consumption norm weakens the e�ectiveness of the tax unless it succeeds to

change the norm. As an addition to this literature, we model the in�uence of carbon taxation

on preferences explicitly through social network e�ects, which comes down to combining public

economics with social network theory.

Our results show that a carbon tax induces two types of e�ects. A �rst-order or immediate

e�ect is a reduction in carbon-intensive consumption by an agent through the usual price e�ect. A

second-order or subsequent e�ect is a change in preferences due to changes in consumption in the

social network, leading to further changes in the consumption choices of agents through socially-
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embedded preferences. We explore di�erent hypotheses concerning the mechanism of imitation

between agents, i.e. perfect and imperfect imitation. We show that the endogenous formation of

preferences in a social network can lead to the emergence of a 'social multiplier' of carbon taxation

(Glaeser et al., 2003). As a result, due to imitation between agents, the tax elasticity of carbon-

intensive consumption is higher than the instantaneous price elasticity. It is worth noting that in

our model agents evolve towards a stronger taste for low-carbon goods because of an imitation

mechanism and not as a result of increased altruism or concern for climate change.

We derive the Pigouvian and target-achieving taxes under socially-embedded preferences. The

target-achieving approach determines the lowest carbon tax su�cient to meet a given GHG emis-

sions reduction target, which does not necessarily emerge from a welfare maximization exercise.

This approach resembles the Intended Nationally Determined Contributions within the 2015 Paris

Agreement. We demonstrate that through network e�ects a policy objective can be reached with

a lower tax. In other words, considering the social context in which preferences are formed allows

reducing the e�ective carbon tax rate, which in turn can raise public and political support for it.

We further quantify the social multiplier of carbon taxation by simulating the outcomes of a tax

in a large network. Under realistic assumptions, social interactions multiply the e�ect of the tax

by 1.3 which allows to reduce the e�ective tax by 38%. In addition, the social-network simulations

makes possible an analysis of how core social characteristics, such as the strength of social in�uence

in the formation of preferences, the distribution of tastes, the topology of the social network, and

the distribution of income in�uence the e�ectiveness of a carbon tax. A precise description of the

context in which social interactions happen, through network modelling, can deal with relevant

contextual factors that a�ect the social multiplier and are bound to di�er between regions and

countries (Andor et al., 2020).

Our �ndings indicate that a population with high polarization of tastes experiences a lower social

multiplier of taxation. The reason is that agents with a strong taste for either high- or low- carbon

goods are less sensitive to social in�uence, leading to a lower tax e�ect on consumption. Such

polarization is more likely to happen when social in�uence plays a strong role in the formation of

preferences. We further show that increasing the strength of social in�uence does not always raise

the social multiplier. Finally, income distribution and network topology have a small impact on

tax e�ectiveness when social in�uence is weak. However, when social interactions play a strong

role in consumption decisions, asymmetry in degree distribution of the social network and income

inequality can produce polarization by creating clusters of agents with similar tastes that weaken

the e�ectiveness of carbon taxation.

Our results mean that if consumption decisions depend on social interactions, the design of

environmental and climate policies should account for these. Moreover, the contextual social
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factors allow for de�ning additional instruments, such as information and network policies, which

can reinforce the social multiplier and hence the e�ectiveness of the basic regulatory policy.

The remainder of this article is organized as follows. Section 2 describes the model of carbon

taxation and socially-embedded preferences in the context of high- and low-carbon consumption.

Section 3 derives the social multiplier of the carbon tax and the optimality conditions for Pigouvian

and target-achieving taxation approaches. Section 4 presents numerical simulations to analyze the

sensitivity of the social multiplier to the strength of social in�uence, initial taste distribution,

network topology, and income distribution. Section 5 concludes, discusses policy implications and

suggests questions for further research.

3.2 Modelling consumption choices of socially-embedded agents

We consider a population of agents interacting in a �xed social network N . They consume two

types of conspicuous goods, namely a low- and a high-carbon one. Li and Hi denote the quantities

of low- and high-carbon goods, respectively, which agent i consumes. The choice by an agent is

in�uenced by intrinsic taste for high- and low-carbon goods as well as by the choices of peers in

her ego-network, Ni, i.e. the subset of peers agent i is connected to. We conduct our analysis in

partial equilibrium to limit model complexity, allowing us to focus on agents that are primarily

a�ected by social interactions, namely the consumers.

Without loss of generality, we assume that the low-carbon good has a zero carbon intensity and

that a unit of consumption of the high-carbon good generates one unit of GHG emissions. We

introduce negative externalities as a function of aggregate GHG emissions, e
(∑

j∈N Hj

)
, that

agents by de�nition do not consider in their consumption decision. A carbon tax τ is levied to

correct for the externality. The tax revenue is distributed among the agents as a lump-sum transfer.

Agents maximize their utility, subject to a budget constraint:

maxHi,Li Ui(αi, Hi, Li) (3.1)

s.t. Hi(PH + τ) + LiPL ≤ wi + τ

∑
j∈N

Hj

N


with Ui(αi, Hi, Li) ≡

(
αiH

σ−1
σ

i + (1− αi)L
σ−1
σ

i

) σ
σ−1

− e

∑
j∈N

Hj

 .

Here, αi ∈ [0, 1] represents the taste of agent i for high-carbon consumption goods,2 σ the

elasticity of substitution between the two goods, wi the income, and PL and PH the prices of

the goods. We denote with PH(τ) the price after tax (i.e. PH(τ) ≡ PH + τ) and set PL as the

2The marginal utility of good H increases with αi. Thus, a change in taste modi�es the structure of preferences.
In the rest of the paper, we refer to changes in taste as changes in the preference ordering.
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numeraire (i.e. PL = 1). We primarily consider the case of high- and low-carbon goods being

substitutes (σ > 1). This assumption captures the common case of a low-carbon option competing

in consumption with a high-carbon one (e.g., transportation mode choice (Salvucci et al., 2019)).3.

We consider two components of taste: intrinsic πi ∈ [0, 1] and social Si. The intrinsic component

of taste is �xed while the social one is subject to change. The latter is endogenously determined

by the observed consumption within an agent's ego-network Ni, i.e. the subset of peers agent i

is connected to.4 If the consumption of high-carbon goods in one's network decreases (increases)

then the socially-embedded taste also decreases (increases). This is formalized as follows:

αi ≡ α(πi, Si) = (1− γ)πi + γSi (3.2)

Si ≡ S([Hj ]j∈Ni , [Lj ]j∈Ni , PH(τ)) and
∂Si
∂Hj

> 0,
∂Si
∂Lj

< 0 (3.3)

Here γ ∈ [0, 1] denotes the strength of social in�uence in the formation of preferences. Note that if

γ = 0 then the agents exhibit standard �xed preferences. The taste can change as a direct reaction

to the tax, an e�ect known as crowding-in or -out of preferences, something addressed in other

studies but beyond our approach here (Bowles and Polania-Reyes, 2012).

With socially-embedded preferences, the utility of agent i is a function of her consumption,

her intrinsic taste, the relative price of the high-carbon good, and the consumption decisions and

income of her social peers. More speci�cally, the consumption decisions of peers are strategic

complements: an agent experiences a higher marginal utility of consuming a good as its popularity

among her peers increases (Young, 1996).

In this system of social interactions, the equilibrium is de�ned as a vector of high-carbon con-

sumption where no agent can be better o� by deviating. The action space {H}, i.e. the set of

possible consumption choices, is compact and convex, and the utility function is concave and con-

tinuous in the agent's own choice and the choice of her peers. The Marshallian demand of agent

i that solves the optimization problem de�ned in Eq. (3.1) is conditional on the consumption of

agents j ∈ Ni, captured by the endogenous taste αi, is:

HBR
i (αi, PH(τ), wi) = wi

(
αi

PH(τ)

)σ
1

ασi PH(τ)1−σ + (1− αi)σ
. (3.4)

This demand function is equivalent to the best response given the consumption of peers, hence BR

stands for best response. Assuming that the budget constraint is binding, the consumption of the

other good is �xed and we denote the utility of agent i with Ui(Hi, αi, PH(τ), wi). The vector H
?

is the equilibrium vector of high-carbon consumption if each agent is best-responding to the other

3Macro studies indicate that at a larger scale high- and low- carbon goods may be complementary due to the
relative inelasticity of the power generating sector (Ma et al., 2008; Li and Lin, 2016; Kim, 2019; Mair et al., 2020).
In view of this, we also present numerical results for σ < 1 in the Appendix 3.C.

4i is not an element of Ni.
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agents best-response; that is:

H?
i = argmaxHiUi(Hi, αi, PH(τ), wi) ∀i ∈ N

= argmaxHiUi(Hi, {H?
j , wj}j∈Ni , πi, PH(τ), wi) ∀i ∈ N. (3.5)

Note that the taste vector α is not an argument of the equilibrium consumption function, as

consumption and tastes are jointly determined in equilibrium. Agents update their taste

αi({Hj , wj}j∈Ni , PH(τ), πi) based on the consumption decisions they observe in their ego-network.

We denote with α?i the taste of agent i in equilibrium:

α?i ≡ α({H?
j , wj}j∈Ni , PH(τ), πi). (3.6)

Therefore, Eqs. (3.4) and (3.5) are linked in the following way:

H?
i = HBR

i (α?i , PH(τ), wi) ∀i ∈ N. (3.7)

As our system only exhibits local interactions,5 the existence of the equilibrium follows from

the concavity of the utility function via a �xed-point argument (Horst and Scheinkman, 2006;

Ballester et al., 2006). It is widely recognized that social interactions can give rise to multiple

equilibria. Glaeser and Scheinkman (2003) show that uniqueness of equilibrium depends on the

relative in�uence of peers on an individual's decision. Our system has a unique equilibrium if∣∣∣∂2Ui
∂H2

i

∣∣∣ > ∣∣∣ ∂2Ui
∂Hi∂Si

∣∣∣ ∀i, that is, if the marginal utility of consuming high-carbon goods decreases

faster in own consumption than it increases in consumption of peers. This is equivalent to imposing

a positive upper bound γc < 1 on the strength of social in�uence γ. Intuitively, in the case of γ = 1

agents have no intrinsic taste but only imitate others, giving rise to multiple unstable equilibria,

such as all agents consuming only either the high-carbon good or the low-carbon one. In the case

of γ = 0, there is one obvious equilibrium with the taste vector being the intrinsic tastes of the

agents. We show the value of this upper bound in Table 3.4 in Appendix 3.B. In the next section,

we derive the e�ect of carbon taxation for γ < γc.

3.3 Carbon tax under socially-embedded preferences

To explain the role of socially-embedded preferences on a carbon tax, we �rst describe the reaction

of agents' consumption and taste when a tax is introduced. Then, we derive Pigouvian and target-

achieving taxes under socially-embedded preferences.

5A network exhibits local interactions if the utility of an agent depends on the speci�c consumption decision of
peers in her ego-network. Alternatively, in a system with global interactions the utility of an agent depends on the
distribution of consumption in the whole population.
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3.3.1 The multiplier e�ect of carbon taxation

Under socially-embedded preferences, a marginal decrease in the consumption of the high-carbon

good of agent i induces a decrease in high-carbon consumption of her social peers:

∂HBR
j

∂Hi
=
∂HBR

j

∂αj

∂αj
∂Hi

> 0 ∀i, j ∈ N ×Ni. (3.8)

This, in turn, drives further down the high-carbon demand of agent i. Therefore, in equilibrium,

the total price e�ect on agent i's consumption is moderated by the social interactions among all

agents in the network. If the social interactions reinforce the tax e�ect, we say that the tax has a

positive social multiplier (Glaeser et al., 2003).

Proposition 3.1. Under socially-embedded preferences, the tax has a positive multiplier if the

taste for the high-carbon good decreases due to social interactions.

dαi
dτ

< 0 ∀i

⇔ ∂H?
i

∂τ
<
∂HBR

i

∂τ
∀i ∈ N. (3.9)

Proof. See Appendix 3.A.

Distinct assumptions about the in�uence of peers' consumption on preferences lead to di�erent

tax e�ects. We present results for two formulations of socially-embedded preferences. The �rst

one re�ects that agents perfectly imitate their peers' tastes, taking into account the observed

consumption and prices of the goods, and the second that they imperfectly imitate their peers,

relying only on observed consumption.

Perfect taste imitation

Consumption depends on both taste and relative prices. Hence, agents can interpret a change of

consumption of their peers in two ways: (i) as a taste shock, meaning that a change in observed

consumption is due to a variation of taste, and (ii) as a price shock. For example, consider the

choice between an electric vehicle and a combustion-engine car. With a carbon tax, electric vehicles

are relatively cheaper and their share in total vehicles purchased increases due to the price e�ect.

If an agent knows the demand function of its peers, she is able to infer that this variation is totally

imputable to a change of price and not to a change of taste.

SPi (xi, PH) ≡ D−1(xi, PH). (3.10)
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Here D(α, PH) ≡ HBR(α,PH)
LBR(α,PH)

denotes the ratio of high- and low-carbon consumption for a given

taste and xi ≡
∑
j∈Ni

Hj∑
j∈Ni

Hj+Lj
this ratio in agent i's ego-network.

Using the Marshallian demands, one obtains:

SPi (Hj , Lj) =
P

1
σ

H

(∑
j∈Ni Hj

) 1
σ

P
1
σ

H

(∑
j∈Ni Hj

) 1
σ

+ P
1−σ
σ

H

(∑
j∈Ni Lj

) 1
σ

(3.11)

Proposition 3.2. Under perfect taste imitation, a tax has a positive multiplier if agents underes-

timate the tax e�ect on their peer's consumption.

Proof. See Appendix 3.A.

The interpretation of Proposition 3.2 is that as agents observe a stronger decrease in consumption

than expected based on the price e�ect, they attribute this to a change in the taste of their peers.

Therefore, their own taste for high-carbon goods decreases by imitation, triggering a stronger e�ect

of the carbon tax on their own consumption. Corollary 3.1 below shows that the gap between

expected and observed peers' response to a tax depends on the shape of the demand functions.

In particular, it formalizes for a CES utility function that the social multiplier is positive for

complementary goods (σ < 1) and negative for substitute goods (σ > 1). It means that agents

generally underestimate the tax e�ect when goods are complements and overestimate it when they

are substitutes.

Corollary 3.1. Under perfect taste imitation, a tax has a positive multiplier if:

∂HBR(α1, .)/∂α

∂2HBR(α1, .)/∂α∂PH
<

∂HBR(α2, .)/∂α

∂2HBR(α2, .)/∂α∂PH
∀α1 < α2 ∈ (0, 1)2. (3.12)

With our utility function, this condition becomes:

σ < 1 (3.13)

Proof. See Appendix 3.A.

Imperfect taste imitation

Alternatively, one can assume that agents imitate the average consumption of their peers, without

taking into account the prices of the goods. This comes down to imperfect taste imitation. In this

case, the tax does not directly a�ect the taste for goods, i.e. ∂α
∂τ = 0. Using the same example as

above, when an agent observes that the share of electric vehicles increases, she interprets it as a

new descriptive norm (Schultz et al., 2018) and her taste for electric vehicle increases, regardless
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of any changes in vehicle prices6. We believe that imperfect taste imitation is behaviorally more

realistic as it does not assume that agents are capable of undertaking the complex calculations

that involve prices and elasticity of substitution (as illustrated by Eq. 11 above), needed to infer

the tastes of their peers.7 To elaborate this case, we de�ne the social component as follows:

SIi (xi, PH(τ)) =

∑
j∈Ni Hj∑

j∈Ni Hj + Lj
(3.14)

Proposition 3.3. Under imperfect taste imitation, the tax has a positive social multiplier:

∂H?
i

∂τ
<
∂HBR

i

∂τ
∀i ∈ N (3.15)

with

[
∂H?

i

∂τ

]
i∈N

= Ω

[
∂HBR

i

∂τ

]
i∈N

. (3.16)

Here Ω denotes the social multiplier of carbon taxation.

Proof. See Appendix 3.A.

The social multiplier captures the impact in equilibrium of the social interactions in each indi-

vidual reaction to a marginal increase of the carbon tax. Proposition 3.3 formalizes that under

imperfect taste imitation, the overall tax e�ect is always higher than the direct price e�ect. Note

that the social multiplier of the tax Ω in Eq. (3.15) is linked to the network structure through the

Bonacich centrality of its agents (Bonacich, 1987; Ballester et al., 2006).8 This means that a more

centrally positioned agent will be more sensitive to changes in consumption by other agents in the

network, thus increasing the indirect and overall e�ect of the tax.9

Eq. (3.17) provides an approximation of the total tax e�ect on high-carbon consumption by an

agent i when only interactions with peers and peers of peers are taken into account (i.e. k = 2).10

∂H?
i

∂τ
=

∂HBR
i

∂τ︸ ︷︷ ︸
Direct price e�ect

1 +

Ampli�cation of direct e�ect︷ ︸︸ ︷∑
j∈Ni

∂HBR
i

∂H?
j

∂HBR
j

∂H?
i

+

∑
l∈N

∂HBR
l

∂τ

∂HBR
i

∂H?
l

+
∑

l 6=i∈Nj

∂HBR
i

∂H?
j

∂HBR
j

∂H?
l


︸ ︷︷ ︸

Indirect e�ect due to peers' reaction to the tax

. (3.17)

6Under imperfect taste imitation, if all peers have the same intrinsic taste, they will have the same equilibrium
taste, which may di�er from their intrinsic taste. This means that even if all agents have identical intrinsic tastes,
social interactions can still cause a change in these.

7Moreover, one can argue that individual agents do not possess information about the elasticity of substitution
of their peers.

8According to Bonacich, an agent is more central if connected to peers having high centrality. In our case, a tax
has a larger indirect e�ect on an agent if she is connected to agents that also experience larger direct and indirect
e�ects from it.

9Acemoglu et al. (2012) makes a similar argument in the case of productivity shocks propagating through the
intersectoral network of an economy. See also King et al. (2019) for a discussion on carbon tax in presence of
interdependencies between sectors.

10To simplify the notation, we write
∂HBRi
∂H?j

instead of
∂HBRi
∂αi

∂αi
∂H?j

.
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Figure 3.1 further illustrates Eq. (3.17) for the case of three connected agents. Let us focus on

agent a. Firstly, the direct price e�ect modi�es consumption of agent a, her peer - agent b, and

the peer of b - agent c. For k = 1, agents a and b experience an ampli�cation of the direct price

e�ect by imitating consumption of each other. Agent a further changes her consumption because

of her peer's reaction to carbon tax. For k = 2, the picture is complemented by the role of peers'

of peers' (c) reaction to price e�ect changing consumption of agent b and, as a consequence, of

agent a.

a

b c

Direct price effect: ∂Ha

∂τ

∂Hb

∂τ
∂Hc

∂τ

Amplification of direct
price effect: ∂Hb

∂H?
a

∂Ha

∂H?
b

Indirect price effect:
(∂Hb

∂τ + ∂Hc

∂τ
∂Hb

∂H?
c

) ∂Ha

∂H?
b

Figure 3.1: Total e�ect of carbon tax on agent a when �rst and second-order social interactions
are accounted for, i.e. k = 2.

In what follows, we describe how the properties of our model determine the in�uence of social

interactions. The social multiplier of a carbon tax is driven by two mechanisms (see Eq. 3.8):

(i) the endogeneity of tastes to the choices of peers ∂αi
∂Hj

; and (ii) the marginal e�ect of tastes on

consumption choices
∂HBRi
∂αi

. The �rst mechanism captures how the consumption of peers in�uences

the perception of the goods. Its magnitude a�ects the strength of social in�uence γ, as stated in

Proposition 3.4. A higher γ can be interpreted either as a higher visibility of the consumption or

a stronger compliance with social norms.11

Proposition 3.4. The e�ect of choices of peers on tastes is increasing in the strength of social

in�uence γ.

Proof. See Appendix 3.A.

The second mechanism captures how the change in goods' perception a�ects the consumption

decision. In our model, this depends on the tastes of agents. As shown in Figure 3.2, agents with

11In the case of solar panel di�usion, Baranzini et al. (2017) show that households are more likely to adopt the
technology if neighbors' panels are more visible.
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strong taste for either the high- or low-carbon good react less to a change in taste than agents with

neutral tastes.
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Figure 3.2: Partial derivative of the demand function for H with respect to taste for PH(τ) = PL
and σ = 2.

Proposition 3.5. There is a taste αmax such that the marginal e�ect of tastes on consumption

choices is maximized, i.e.
∂2HBRi
∂α2

i
= 0, and αmax = PH(τ)

PH(τ)+1 .

Proof. See Appendix 3.A.

Proposition 3.6. The social multiplier of a tax decreases with the polarization of tastes if E(α) =

αmax.

Proof. See Appendix 3.A.

Proposition 3.5 formalizes that there is a taste αmax that maximizes the social multiplier of a

carbon tax. This taste ensures that agents consume both goods equally at the optimum before the

tax. If an agent consumes mainly one of the two goods before taxation then she will not respond as

strongly to changes in consumption patterns in her ego-network. Intuitively, agents whose welfare

depends primarily on the consumption of carbon-intensive goods are not as sensitive to social

in�uence as agents with comparable consumption of the two goods. As formalized in Proposition

3.6, in a population with higher tastes polarization the social multiplier of carbon taxation is lower.

3.3.2 A Pigouvian tax under socially-embedded preferences

Let vi(PH +τ, wi, e) ≡ U(α?i , H
?
i , L

?
i ) denote the indirect utility of agent i. We suppose that utility

is cardinal, thus enabling the comparison of indirect utilities, necessary for assessing social welfare.
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We de�ne the social welfare W as a function of the vector of indirect utilities. This includes

external costs associated with carbon emissions. The social planning problem is then as follows:

maxτW
(
[vi(PH + τ, wi, e)]i∈N

)
(3.18)

For a representative agent with �xed preferences, the Pigouvian tax is de�ned by the traditional

F.O.C., H∂v/∂w = ∂e/∂H × ∂H/∂τ , leading to a carbon tax equal to the marginal damage cost.

Under socially embedded-preferences, the Pigouvian tax depends on the social multiplier, as stated

in Proposition 3.7.

Proposition 3.7. The optimality condition for the Pigouvian carbon tax is:

∑
i∈N

∂W

∂vi

− ∂vi
∂wi

H?
i −

∂e

∂H

∑
j∈N

∂H?

∂τ
+ ζi

 = 0 (3.19)

with ζi = ∂Ui
∂αi

∂α?i
∂τ proportional to

(
L
?σ−1

σ
i −H?σ−1

σ
i

)
Proof. See Appendix 3.A

Proposition 3.7 shows that under socially-embedded preferences, the Pigouvian tax depends on

three e�ects: an income e�ect − ∂vi
∂wi

H?
i , an externality reduction e�ect taking into account social

interactions − ∂e
∂H

∑
j∈N

∂H?

∂τ , and a taste e�ect ζ. While the �rst two terms are similar to the basic

Pigouvian tax rule, the last one arises from the endogeneity of preferences. As explained above,

in addition to modifying the budget constraint, the tax a�ects the taste for each good through

social interactions, the net e�ect of which will determine the reduction in consumption related

externalities. The taste for high-carbon consumption decreases12 so that agents consuming more

high- than low-carbon goods su�er a welfare loss. ζi can be considered either as a marginal cost

when H?
i > L?i or a marginal bene�t when L?i > H?

i .

To derive more detailed insights about the role of social networks on the optimal tax, we em-

ploy numerical analysis. This is di�cult to implement with a Pigouvian approach as it requires

specifying a credible social welfare function, which in turn depends on, among others, the strong

assumption that utility is cardinal. Hence, we proceed with another, more pragmatic and less

contestable approach.

3.3.3 A target-achieving tax under socially-embedded preferences

An alternative method to set the carbon tax is to determine its lowest value that su�ces to

meet a particular GHG emissions reduction target (Kunreuther et al., 2013; van der Ploeg, 2018).

12Conversely, the taste for low-carbon increases.
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This approach is consistent with the Paris Agreement's objective to limit global warming to 2°C

above pre-industrial levels, translated into the intended nationally determined contributions of all

participating countries.

Let Q denote the GHG emission target and Q0 - the initial emission level. The objective is to

�nd the lowest tax τ? that achieves the target, i.e. which solves:

τ? = min τ (3.20)

s.t.
∑
i∈N

H?
i (PH(τ)) ≤ Q.

As H?
i (τ) is decreasing in τ , solving Eq. (3.20) is equivalent to �nding τ? satisfying the following

equality: ∑
i∈N

H?
i (PH(τ?)) = Q. (3.21)

The social multiplier Ω re�ects the e�ect of the carbon tax on demand that is achieved through

social interactions. A higher (lower) social multiplier means that a lower (higher) carbon tax can

yield the same emissions reduction target. Thus, we compare the e�ective tax between the cases

with and without social interactions. High-carbon consumption before tax is a function of the

vector of tastes α?,0. If the social planner ignores the social in�uence on preferences, she decides

on the level of the tax as if tastes were �xed: αt = α?,0 ∀t. On the other hand, if the social

planner takes into account the dynamics of preferences, the e�ective tax will take into account the

social multiplier.

Without social interactions, the equilibrium consumption vector de�ned in Eq. (3.5) is the

conditional best-response vector in Eq. (3.4) evaluated at αi = α?,0i .

The e�ective tax under �xed preferences τF is de�ned implicitly by:

∑
i∈N

HBR
i (αi, PH(τF ), wi)

∣∣∣∣
αi=α

?,0
i

= Q. (3.22)

To �nd the lowest tax that ensures a su�cient reduction of emissions, we integrate the marginal tax

e�ect. When the integral is equal to the targeted reduction, its upper bound is the target-achieving

tax: ∫ τ?

0

∑
i∈N

∂H?
i

∂τ
dτ =

∫ τF

0

∑
i∈N

∂HBR
i (α?,0i , PH(τ), wi)

∂τ
dτ = Q0 −Q. (3.23)

From Eq. (3.15) we know that the marginal e�ect of the tax on high-carbon consumption is greater

with socially-embedded preferences. Therefore, the target-achieving tax is lower when we take into

account the social interactions. This is illustrated in Figure 3.3. We de�ne the tax reduction due to

the social multiplier,M , as the relative di�erence between the e�ective tax with socially-embedded
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preferences and its counterpart without social interactions:13
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Figure 3.3: Reduction of high-carbon good consumption due the carbon tax under �xed and
socially-embedded preferences.

M ≡ 1− τ?

τF
. (3.24)

The interpretation of M is the following: accounting for the role of social interactions allows to

reduce the e�ective tax by M × 100%.

3.4 Numerical simulations

Now we will perform a numerical analysis to estimate the e�ects of a target-achieving tax with

imperfect taste imitation. This will allow us to derive the social multiplier e�ect, namely by

assessing the ratio between similarly e�ective taxes with and without social interactions.

We estimate a baseline social multiplier for a realistic set of parameters and study the impact

of di�erent factors: (i) the strength of social in�uence, (ii) the distribution of tastes, (iii) the

topology of the social network and (iv) the income distribution. We set PH(0) = PL and the target

Q = Q0/2. We focus on the case where high- and low-carbon goods are substitutes (σ = 2).14. We

proceed with numerical simulations, following a four steps procedure:

13Note that the social multiplier of carbon taxation Ω is a matrix, whereas the tax reduction M is a scalar.
14We estimate the social multiplier for complementary goods and show that the qualitative �ndings are not

a�ected by this assumption (see Appendix C)
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1. Identify the consumption and taste vectors at the equilibrium (as de�ned in Eq. 3.5);

2. Assess the minimum tax that yields a decrease of 50% of the carbon-intensive consumption

with respect to the prior equilibrium (as de�ned by Eq. 3.21);15

3. Determine the minimum tax that yields the same target but �xing the tastes at their equi-

librium value prior to the tax (as de�ned by Eq. 3.22);

4. Calculate the tax reduction M due to the social multiplier (as de�ned in Eq. 3.24).

3.4.1 Parameter values

Table 3.1 summarizes the baseline model parametrization and alternatives tested. To study the

interactions between the strength of social in�uence and the other factors mentioned above, we

estimate numerically the social multiplier for γ ∈ [0, 1) and for di�erent taste distributions, net-

works, and income distributions. In the following we provide more details and motivation for each

parameter.

Table 3.1: Overview of parameters varied in numerical simulations

Baseline Alternatives tested

Strength of social in�u-
ence

γ = 0.3 γ ∈ [0, 1)

Distribution of intrinsic
tastes

π ∼ B(1, 1) B(0.1, 0.1), B(4, 4), B(15, 15)

Network topology Small world Regular, random, scale
free

Gini index 0.4 0.2, 0.3, 0.5

Strength of social in�uence

The strength of social in�uence γ determines how the tastes of agents react to changes in con-

sumption in their social network. To our knowledge, no empirical study directly estimates this

coe�cient. To approximate a realistic value, we employ the results of an experiment undertaken

by Falk et al. (2013). In a public good game setting, they estimate the e�ect of average contribu-

tion of the peers of an agent on her own contribution. They �nd a signi�cant regression coe�cient

equal to 0.605. For our case, this translates to ∂Hi, t/∂Si,t = 0.605. Assuming wi = 1, PH = 1,

αi = 0.5 and σ = 2, we have ∂αi,t/∂Hi,t = 0.5. Therefore, a rough estimate of the strength of

social in�uence on agent's tastes is γ = 0.605× 0.5 u 0.3.

As discussed in Section 3.2, social interactions can give rise to multiple equilibria. We �nd that

the critical value γc depends on the network structure and the intrinsic taste distribution, and

15To identify the extra e�ect due to social interactions, we also compute the decrease in carbon-intensive con-
sumption with the e�ective tax and no social interactions (γ = 0).
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varies between 0.50 and 0.55 (Table 3.4 in Appendix 3.B). With γ < γc, our system converges to a

unique stable consumption equilibrium. With γ ≥ γc, the system has two equilibria. In this case,

it converges to one of them or oscillates between the two.16 Clearly, for the baseline value γ = 0.3,

we have a unique equilibrium irrespective of the social network structure and taste distribution.

Intrinsic taste distribution

We assume in the baseline that intrinsic taste for carbon-intensive goods follow a beta distribution,

πi ∼ B(1, 1). This means that the tastes are uniformly distributed in the interval [0,1]. The

variance of this distribution is σ2 = 0.083.

To study the role of polarized tastes, we estimate the social multiplier for three alternative

distributions, that are mean-preserving spread transformations of the uniform distribution. We

report the variance of such distributions as a measurement of their polarization:17

(i) B(15, 15), σ2 = 0.008,

(ii) B(4, 4), σ2 = 0.028,

(iii) B(0.1, 0.1), σ2 = 0.208.
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Figure 3.4: Distributions of intrinsic tastes.

16In the latter case, we report the average of the two equilibria.
17According to Axiom 3 in Esteban and Ray (1994), symmetric distributions with a higher variance have a higher

polarization.
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Topology of the social network

We generate undirected networks18 of 10,000 agents with 20,000 links,19 which results in a mean

degree of 4.20 As we model the emergence of consumption norms, we are interested in physical

social networks (i.e. a neighborhood, workplace network or friendship network). Many of empirical

social networks of these types exhibit two common characteristics (Amaral et al., 2000; Jin et al.,

2001; Handcock et al., 2017): (i) high clustering, meaning that there is a high probability for two

peers of an agent to be connected, and (ii) low average path length, meaning that any two agents

are connected through a low number of links. We achieve these topological properties of a network

by using the well-known small-world algorithm (Watts and Strogatz, 1998).21

To study the in�uence of topological characteristics of the social network on the e�ective tax,

we simulate networks with di�erent features (Table 3.2): (i) regular networks with high clustering

and high average path length, (ii) random networks with low clustering and low average path

length, and (iii) scale free networks with low clustering and average path length, and asymmetric

degree distribution where few so-called 'star agents' can have a high number of peers, whereas the

majority of agents have few connections (Barabási and Albert, 1999).

Table 3.2: Network characteristics for 10 000 nodes and 20 000 undirected links

Average Average Degree
clustering path length asymmetry

Regular lattice 50.00 % 1250.00 0.00
Small world 35.62 % 12.50 0.12
Random 0.04 % 6.76 0.50
Scale free 0.15 % 4.27 36.30

Note: Degree asymmetry of a network is measured by the skewness of its degree distribution.

Income distribution

Equation (3.2) shows that an agent with a higher income and thus signalling a higher level of

consumption has a larger in�uence on the consumption norm. Thus, the e�ect of peer interaction

depends on income. The assumption of a larger social in�uence of agents with a higher income is in

line with Veblen (1899), who considers di�usion of conspicuous consumption norms to be instigated

by wealthy agents. It is thus relevant to consider the distribution of income as it translates to

weighted social interactions in the network.22 We set the average income at 36,000 monetary units,

18A network is undirected if j ∈ Ni ⇔ i ∈ N(j). In other words, i in�uencing j implies j in�uencing i.
19The trade-o� in deciding on the number of agents is that more agents means that the results are less dependent

on random initial conditions, while the computational time needed increases exponentially. A network of 10 000
agents is usually considered to ensure su�cient robustness with a relatively fast computational time.

20The degree of an agent is its number of peers in the network. A mean degree of 4 implies a very low social
network density in line with empirical estimates by, e.g., Hu and Wang (2009) and a very sparse social interactions
matrix A.

21The small-world algorithm involves generating a network in which agents are connected to a few nearest neighbors
(i.e. a regular lattice), and then rewiring every link with a probability µ. As the probability goes to 1, the topology
resembles a random network. The so-called small world network topology with high clustering (similar to regular
lattice) but low average path length (similar to random network) is obtained for µ ∈ [0.001, 0.1].

22For more discussion of a social norm di�using through weighted social interactions see Konc and Savin (2019).
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the minimum income at 20,000 and the maximum income at 1,000,000. We parametrize a bounded

Pareto law such that we obtain a Gini index approximately equal to 0.4. This is consistent with

empirical values for industrialized countries (Hellebrandt and Mauro, 2016). Income and degree

distributions are slightly correlated23 to take into account the positive relationship between a high

degree and wealth accumulation (Fafchamps and Gubert, 2007). It also re�ects that agents �nd it

attractive to connect with wealthier peers. We estimate the social multiplier of the carbon tax for

alternative income distributions characterized by Gini indexes equal to 0.2, 0.3 and 0.5.

3.4.2 Results

As the simulations imply generating random numbers, we report average results over 50 runs

for each combination of parameters.24 For the baseline parameter values, we �nd that social

interactions multiply the e�ect of a tax by 1.30, leading to an average tax reduction M of 0.38.

This result means the social multiplier magni�es the e�ect of the tax such that it can be lowered

by 38%. We study the impact of the four above-mentioned factors on M .

First, we estimate the impact of the strength of social in�uence γ on the social multiplier.25 We

�nd a non-monotonous e�ect, namely an inverted U-shape (subplot (A) in Figure 3.5). On the one

hand, stronger interactions contribute to increase the social multiplier via the role of consumption

norms on tastes. On the other hand, stronger social in�uence leads to a more polarized distribution

of tastes in equilibrium before the tax is implemented, thus undermining the social multiplier

(Proposition 6).26 Figure 3.6 shows the distribution of tastes in equilibrium before and after the

tax is introduced. It illustrates that a higher strength of social in�uence is associated with a more

polarized distribution. The highest social multiplier in Figure 3.5(A) is reached for γ u 0.7. Below

this value, increasing the strength of social interactions has a positive e�ect on the multiplier �

hence lowering the target-achieving tax� as the �rst mechanism dominates. For higher values of

γ, the resulting polarization of the distribution of tastes weakens the social multiplier.

23The correlation coe�cient is equal to 0.1
24For each simulation run, the allocation of income and tastes, and the position of the agents in the social network

are randomized.
25In the following, we use the terms "social multiplier" and "tax reduction" interchangeably, as they both signal

the socially-mediated e�ect of the tax.
26In other words, without any carbon tax, the initial taste distribution is di�erent than the intrinsic taste dis-

tribution to social interactions. Low- and high-carbon consumption norms tend to cluster in di�erent parts of the
social network, causing a polarization of tastes. This polarization is due to the weighted and asymmetric nature of
interactions.

52



Chapter 3: The social multiplier of environmental policy

0.0 0.2 0.4 0.6 0.8
Strength of social influence (γ)

0.0

0.2

0.4

0.6

0.8
Ta

x
re

du
ct

io
n

(M
)

(A)

0.0 0.2 0.4 0.6 0.8
Strength of social influence (γ)

0.0

0.2

0.4

0.6

0.8

Ta
x

re
du

ct
io

n
(M

)

B(0.1, 0.1)
B(1, 1)
B(4, 4)
B(15, 15)

(B)

0.0 0.2 0.4 0.6 0.8
Strength of social influence (γ)

0.0

0.2

0.4

0.6

0.8

Ta
x

re
du

ct
io

n
(M

)

Regular
Small world
Random
Scale Free

(C)

0.0 0.2 0.4 0.6 0.8
Strength of social influence (γ)

0.0

0.2

0.4

0.6

0.8

Ta
x

re
du

ct
io

n
(M

)
Gini = 0.2
Gini = 0.3
Gini = 0.4
Gini = 0.5

(D)

Figure 3.5: Reduction in e�ective carbon tax due to social multiplier e�ect for varying strength
of social in�uence and (A) Baseline parameters; (B) di�erent intrinsic taste distributions; (C)
di�erent network topologies; (D) di�erent income distributions.
Note: Unless speci�ed di�erently, the parameters are chosen according to the baseline scenario speci�ed
in Table 3.1. The shaded area represents +/- 1 standard deviation around the average.
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Figure 3.6: Taste distributions in equilibrium before and after target-achieving tax for (A) γ = 0.3,
(B) γ = 0.6, (C) γ = 0.9. π ∼ B(1, 1), small-world network and Gini index = 0.4.

Second, we estimate the social multiplier for alternative intrinsic taste distributions. Figure

3.5(B) shows the results. We �nd that higher polarization of initial tastes leads to a lower social

multiplier. For higher strengths of social in�uence the polarization of tastes in equilibrium does

not di�er much across the four intrinsic taste distributions, and hence the social multiplier shows

little di�erences between these cases.

Third, we estimate the social multiplier for di�erent network topologies. We �nd that for γ ≤ 0.45

the exact network topology does not a�ect the social multiplier. For γ > 0.45, however, considerable

di�erences arise between distinct network structures (Figure 3.5C). In particular, we see that a

scale-free network tends to produce the lowest social multiplier. The explanation for this is that

taste polarization �hence the social multiplier� depends on structural properties of the networks.

The emergence of clusters of agents with either high- or low-carbon tastes undermines the social

e�ects of the carbon tax. In the scale-free network, agents with many peers and higher income

serve as in�uence hubs contributing to the strongest polarization of tastes (Figure 3.7D). In the

regular and small-world networks agents are embedded in clusters of strongly interconnected peers

reinforcing each others' tastes, resulting in strong taste polarization (Figure 3.7A-B). Given the

lower clustering value of the small-world network compared to the regular one (Table 3.2), there is a

lower resistance of agents to change to low-carbon consumption resulting in higher social multiplier.

Finally, the random network has little degree asymmetry and the lowest clustering which translates

into the highest social multiplier and tax reduction for γ ∈ [0.6, 0.7]. Its performance quickly

deteriorates though for γ → 1 as even a moderate degree asymmetry becomes su�cient to produce

taste polarization. To summarize, while short paths connecting distinct parts of a clustered social

network increase the social multiplier, degree asymmetry �particularly under high social in�uence�

reduces it. In other words, social network structures where people are exposed to a greater variety

of opinions without strong opinion leaders are most bene�cial in magnifying the e�ectiveness of a

carbon tax.
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Figure 3.7: Taste distributions in equilibrium before and after target-achieving tax (γ = 0.7) for
(A) regular network, (B) small world network, (C) random network, (D) scale free network.

Finally, we compute the social multiplier for income distributions with di�erent Gini indices

(Figure 3.5D). We �nd that income inequality does not in�uence the social multiplier for γ ≤ 0.5.

However, for higher γ, a lower income inequality leads to a higher socially mediated e�ect. This

is because income inequality results in asymmetric interactions, where wealthier agents have a

stronger e�ect on stationary consumption norm. This asymmetry dampens the social multiplier.

Table 3.3 summarizes the results of our numerical experiments.

Table 3.3: Drivers of the social multiplier

Driver E�ect

Strength of social in�uence Non-monotonic
Polarization of intrinsic taste Negative
Degree asymmetry of the social network Negative
Income inequality Negative
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3.5 Conclusions

Given substantial evidence that preferences of agents depend on social context, we extend environ-

mental policy analysis with social interactions among consumers. In particular, empirical evidence

shows that the consumption of many types of goods and services that generate considerable envi-

ronmental externalities in production is subject to social in�uence. This underpins the relevance

of analyzing of what we have called the "social multiplier of environmental policy". We applied

our framework to carbon pricing analysis and developed a model of carbon-intensive consumption

with socially-embedded agents. Their utility is a function of consumption of high- and low-carbon

goods, intrinsic preferences for high-carbon goods, and consumption decisions of peers in their

social network.

In this setting, consumption decisions are a�ected directly by the price e�ect and indirectly by

consumption decisions of peers. We demonstrate that if agents are in�uenced by the observed

consumption of peers without inferring their tastes, i.e. showing imperfect imitation, then inter-

dependent preferences gives rise to a positive social multiplier of carbon taxation, which ampli�es

policy e�ectiveness. We further �nd that if agents try to perfectly imitate the tastes of their peers,

social interactions either amplify or undermine the tax e�ectiveness, depending on the substitutabil-

ity between low- and high-carbon goods. In particular, we show that if goods are substitutes the

tax multiplier is negative if agents correctly anticipate the reaction of their peers to the tax and

positive if they fail to do so.

Focusing on the �rst and arguably more realistic case, we estimated the impact of social interac-

tions on a target-achieving tax through social network simulations. For realistic parameter values

we �nd that social interactions create a social multiplier of 1.30, which reduces the e�ective tax

rate by 38%. Numerical analysis shows that the socially-embedded e�ects of a tax depend on (i)

the strength of social in�uence, (ii) intrinsic preference polarization, (iii) clustered or asymmetric

social networks, and (iv) income inequality. In particular, the topology of the social network and

the income distribution do not a�ect the social multiplier for a moderate strength of social in�u-

ence. However, for a high social in�uence, the social multiplier decreases with income inequality

and degree asymmetry of the social network. We further demonstrate that high polarization of

preferences undermines the social multiplier of carbon pricing.

The fact that the e�ect of price variation on consumption decisions is not instantaneous but

mediated by social interactions can help to explain di�erences between observed impacts of carbon

taxation and fuel price �uctuations. Empirical studies indicate that the tax elasticity of fuel

consumption is up to three times higher than the price elasticity (Li et al., 2014; Rivers and

Schaufele, 2015; Andersson, 2019). This phenomenon is generally explained by salience of taxes or

crowding-in of intrinsic preferences. Our study suggests another explanation, namely that taxes
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may have a stronger e�ect because they cause a long-term price change, in turn allowing consumer

preferences to adjust through social interactions. In other words, the tax e�ect is stronger because

it involves the e�ect of social in�uence on top of the direct price e�ect.

Our study has not only implications for the design of a �rst-best Pigouvian tax. The social

planner may consider additional, complementary instruments that employ or modify the social

network so as to make the environmental policy more e�ective. In line with the four factors

mediating the strength of the social multiplier of taxation in our framework, illustrative instruments

are:

1. Comparative feedbacks to reinforce the social context in the formation of preferences (Allcott,

2011; Astier, 2018). In the context of our model, this would translate into a higher social-

in�uence parameter γ.

2. Information policies to correct misperceptions of climate change, which would alter the pref-

erence structure towards low-carbon consumption goods (Moxnes and Saysel, 2009). Alter-

natively, such policies could expose people to distinct opinions, and highlight the behavioral

feasibility of alternative lifestyles.

3. Targeted subsidies or marketing policies to encourage the most interconnected agents in a

social network (in�uence hubs) to adopt low-carbon options (Neilson and Wichmann, 2014;

Bloch et al., 2016).

4. Revenue recycling schemes associated with the carbon tax to reduce income inequality, such

as lump-sum redistribution or more ambitious re-distributive schemes.

By increasing the social multiplier, such additional policy instruments allow for a further reduction

in the e�ective environmental tax. This in turn will improve the political feasibility of carbon

taxation as an instrument of climate policy.
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Appendix 3.A Proofs

Proposition 3.1

Proof. The optimal consumption of one agent is de�ned implicitly as a function of all other agent's

consumption. Therefore, we cannot simply di�erentiate the demand function in Eq. (3.4) to

derive the demand-response to a tax. Instead, we de�ne a function of consumption and tax F that

evaluates to 0 at the optimum consumption level, and use the implicit function theorem. Let this

function be:

Fi(H,PH(τ), wi) = Hi −HBR
i (α, PH(τ), w) ∀i ∈ N. (3.25)

Here H is the vector of consumption of agents and HBR(.) was de�ned in Eq. (3.4) as the

optimal consumption (best response) given consumption choices in the network. From Eq. (3.7)

in equilibrium we have:

Fi(H
?, PH(τ), wi) = H?

i −HBR
i (α?j , PH(τ), wi) = 0 ∀i ∈ N. (3.26)

To �nd the change in H? after a carbon tax, we apply the implicit function theorem on the

linear mapping F = [F0(H), ..., Fi(H), ..., Fn(H)]:

[
∂H?

i

∂τ

]
i∈N

= −

[
∂Fi
∂H?

j

]−1

i,j∈N2

[
∂Fi
∂τ

]
i∈N

(3.27)

The second term on the RHS of Eq. (3.27) is the augmented price e�ect for all agents, i.e. the

change in demand as if tastes were �xed to their equilibrium value before the tax plus the change

in demand due to a direct e�ect of price:

−
[
∂Fi
∂τ

]
i∈N

=

[
∂HBR

i

∂τ
+
∂HBR

i

∂αi

∂αi
∂τ

]
i∈N

∣∣∣∣
αi=α?i

. (3.28)

The �rst term on the RHS of Eq. (3.27) is the inverse of the Jacobian matrix of F:

[
∂Fi
∂H?

j

]
i,j∈N2

=



1 · · · −∂H
BR
0

∂H?j
· · · −∂H

BR
0

∂H?n
...

. . .

−∂H
BR
i

∂H?0
1 −∂H

BR
i

∂H?n
...

. . .

−∂H
BR
n

∂H?0
· · · −∂H

BR
n

∂H?j
· · · 1



∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
α=α?

. (3.29)

The in�uence of agent j on agent i occurs through change in taste only. Using the chain rule, we
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can write:

∂HBR
i

∂H?
j

=
∂HBR

i

∂αi

∂αi
∂H?

j

∀i, j ∈ N2. (3.30)

The carbon tax indirectly alters preferences through social interactions taking place between agents.

By assumption, an increase in the consumption of the high-carbon good by agent j ∈ Ni increases

the taste for the same good of agent i :

∂αi(.)

∂Hj
> 0 ∀i, j ∈ N ×Ni. (3.31)

with Ti ≡
∑
j∈Ni(1 − PH(τ))Hj + wj denoting the total consumption in agent's i ego-network,

and H̃i ≡
∑
j∈Ni Hj the consumption of high-carbon goods in agent i ego-network. This change

in taste induces a change in consumption for agent i equal to:

∂HBR
i (.)

∂αi
=

σwiPH(τ)σ(1− αi)σ−1ασ−1
i

(PH(τ)ασi + PH(τ)σ(1− αi)σ)2
> 0 (3.32)

The inverse of the matrix de�ned in Eq. (3.27) is given by the Neumann series:

[
∂Fi
∂H?

j

]−1

i,j∈N2

= I +

∞∑
k=1

I − [ ∂Fi
∂H?

j

]
i,j∈N2

k

= I +

∞∑
k=1

Ak ≡ Ω (3.33)

with

A =



0 · · · ∂HBR0

∂α0

∂α0

∂H?i
· · · ∂HBR0

∂α0

∂α0

∂H?n
...

. . .

∂HBRi
∂αi

∂αi
∂H?0

0
∂HBRi
∂αi

∂αi
∂H?n

...
. . .

∂HBRn
∂αn

∂αn
∂H?0

· · · ∂HBRn
∂αn

∂αn
∂H?i

· · · 0



∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
α=α?

. (3.34)

A is an N by N matrix of social interactions whose ij element is the marginal change in the

consumption of the high-carbon good of agent i induced by a change in high-carbon consumption

of her social peer j. Note that this element is strictly positive if i and j are connected in the

network (Eq. 3.31) and 0 otherwise. A raised to the power k > 1 represents the indirect social

interactions between agents connected through k links. For instance, the elements of A2 represent

indirect interactions of agents with one common peer. We call the matrix Ω the social multiplier

of carbon taxation. As all entries of A are positive and at least one is strictly positive, it follows

that all entries of Ω are positive and the diagonal entries are greater than 1.27

Combining Eqs. (3.27), (3.28), and (3.33), we �nd:

27Theorem 8.3.1 in Jackson (2010) states that the power iteration
∑∞
k=1 Ak converges if and only if every set of

nodes that is strongly connected and closed is aperiodic. Note that the power iteration will converge if there is a
single stable equilibrium, i.e. if γ < γc (Horst and Scheinkman, 2006).
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[
∂H?

i

∂τ

]
i∈N

= Ω

[
∂HBR

i

∂τ
+
∂HBR

i

∂αi

∂αi
∂τ

]
i∈N

. (3.35)

Therefore, the total e�ect of the tax is stronger than the direct price e�ect if:

∂H?
i

∂τ
<
∂HBR

i

∂τ
∀i ∈ N

⇔ Ω

[
∂HBR

i

∂τ
+
∂HBR

i

∂αi

∂αi
∂τ

]
i∈N

<

[
∂HBR

i

∂τ

]
i∈N

⇔ Ω

[
∂HBR

i

∂αi

∂αi
∂τ

]
i∈N

< (I − Ω)

[
∂HBR

i

∂τ

]
i∈N

⇔
[
∂HBR

i

∂αi

∂αi
∂τ

]
i∈N

< (Ω−1 − I)

[
∂HBR

i

∂τ

]
i∈N

. (3.36)

From Eq. (3.33), the inverse of Ω is
[
∂Fi
∂H?j

]
i,j∈N2

which is de�ned in Eq. (3.29). Substituting in

Eq. (3.36), we �nd:

∂H?
i

∂τ
<
∂HBR

i

∂τ
∀i ∈ N

⇔
[
∂HBR

i

∂αi

∂αi
∂τ

]
i∈N

<

[ ∂Fi
∂H?

j

]
i,j∈N2

− I

[∂HBR
i

∂τ

]
i∈N

⇔
[
∂αi
∂τ

]
i∈N

< −
[
∂αi
∂Hj

]
i,j∈N2

[
∂HBR

j

∂τ

]
j∈N

⇔ dαi
dτ

< 0 ∀i ∈ N. (3.37)

Proposition 3.2

Proof. The social component of preferences SP is

SPi (xi, PH) ≡ D−1(xi, PH). (3.38)

We examine the impact of price changes on the social component of preference,
dSPi
dPH

:

dSPi (xi, PH)

dPH
=
∂SPi
∂xi

∂xi
∂PH

+
∂SPi
∂PH

(3.39)

60



Chapter 3: The social multiplier of environmental policy

Let ᾱi ≡ SPi (xi, PH) denote the inferred taste for a given observed consumption in agent's i ego-

network. As SR is the inverse function of D, we have:

SPi (D(ᾱi,
∑

wj , PH), PH) = ᾱi ∀PH

⇔ dSPi (D(ᾱ), PH)

dPH
=
∂SPi
∂xi

∂D(ᾱi)

∂PH
+
∂SPi
∂PH

= 0. (3.40)

Eq. (3.40) shows that if the inferred taste ᾱi is the actual taste of all peers of agent i, then she

is able to perfectly attribute all changes in observed consumption to the change in relative prices.

Hence, her inference of peer's tastes and own socially-embedded taste will not change.

Comparison of (3.39) and (3.40) shows that the e�ect of a price change on taste depends on

the gap between the real consumption change of peers ∂xi
∂PH

and the expected consumption change

given the inferred taste of peers ∂D(ᾱi)
∂PH

.

dSPi (xi, PH)

dPH
< 0⇔ dSPi (xi, PH)

dPH
<
dSRi (D(ᾱ), PH)

dPH

⇔
∑

j∈Ni

∂D(αj , PH)

∂PH
<
∂D(SP (

∑
j∈Ni Dj(αj , PH), PH))

∂PH
(3.41)

By Proposition 1, the above implies that the tax e�ect is higher under socially-embedded pref-

erences.

Corollary 3.1

Proof. Underestimating the change of the share of H in the total consumption is equivalent to

underestimating the average change in H. To simplify the notation, we de�ne G(αj) ≡ ∂H(αj ,PH)
∂PH

,

G̃i ≡
∑
j∈Ni

G(αj)
card(Ni)

and H̃i ≡
∑
j∈Ni

H(αj)
card(Ni)

:

dSPi
dPH

< 0⇔
∑

j∈Ni

∂D(αj , PH)

∂PH
<
∂D(SR(

∑
j∈Ni Dj(αj , PH), PH))

∂PH

⇔ G̃i < G(H−1(H̃i))

⇔ G−1(G̃i) < H−1(H̃i), (3.42)

because G and G−1 are increasing functions.

We now show that Eq. (3.42) is true if the utility function has certain properties. To simplify

the proof, we study the case with Ni = {1, 2} but the result can be generalized. Let α1 and α2

denote the tastes of agent i's peers, with 0 ≤ α1 < α2 ≤ 1. We de�ne ᾱ ≡ H−1(H̃i) as the inferred

average taste, therefore H(α2)−H(ᾱ) = H(ᾱ)−H(α1). Following Cauchy's mean value theorem,
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we have:

H(ᾱ)−H(α1)

G(ᾱ)−G(α1)
=
H ′(a)

G′(a)
for some a ∈ (α1, ᾱ)

and
H(α2)−H(ᾱ)

G(α2)−G(ᾱ)
=
H ′(b)

G′(b)
for some b ∈ (ᾱ, α2)

therefore
G(α2)−G(ᾱ)

G(ᾱ)−G(α1)
=
H ′(a)

H ′(b)

G′(b)

G′(a)
(3.43)

If G(α2)−G(ᾱ)
G(ᾱ)−G(α1) is lower than one, then the average of G(a) and G(b) is reached for an argument

lower than ᾱ, which means that G−1(G̃i) < ᾱ. Equation (3.42) can be rewritten as:

dSP

dPH
< 0⇔ H ′(a)

G′(a)
<
H ′(b)

G′(b)
∀α1 < α2

⇔ ∂

∂α

H ′(α)

G′(α)
> 0. (3.44)

Substituting with the partial derivatives from the Marshallian demand function de�ned in Eq.

(3.4),

∂HBR
i

∂αi
=

σwiPH(τ)σ(1− αi)σ−1ασ−1
i

(PH(τ)ασi + PH(τ)σ(1− αi)σ)2
(3.45)

∂2HBR
i

∂αi∂PH
=
σwiPH(τ)σ(1− αi)σ−1ασ−1

i [αi(σ − 2)− σ(1− αi)σPH(τ)σ−1]

[PH(τ)ασi + PH(τ)σ(1− αi)σ]
3 (3.46)

we obtain:

∂HBR
i /∂αi

∂2HBR
i /∂αi∂PH

=
PH(τ)ασi + PH(τ)σ(1− αi)σ

αi(σ − 2)− σ(1− αi)σPH(τ)σ−1
, (3.47)

so that the condition in Eq. (3.44) can be rewritten as:

∂

∂α

[
∂HBR

i /∂αi
∂2HBR

i /∂αi∂PH

]
=

2σ(1− σ)PH(τ)2+σ(1− αi)σ−1ασ−1
i

[αi(σ − 2)PH(τ)− σ(1− αi)σPH(τ)σ]2
> 0 (3.48)

⇔ σ < 1. (3.49)

Proposition 3.3

Proof. From Eq. (3.35), if ∂αi∂τ = 0 ∀i ∈ N then:

[
∂H?

i

∂τ

]
i∈N

= Ω

[
∂HBR

i

∂τ

]
i∈N

(3.50)

All entries of Ω are positive and the diagonal entries are greater than 1, so:
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⇔ ∂H?
i

∂τ
<
∂HBR

i

∂τ
∀i ∈ N (3.51)

Proposition 3.4

Proof. From Eq. (3.2) and (3.3), we derive that ∂αi
∂Hj

= ∂αi
∂Si

∂Si
∂Hj

= γ ∂Si∂Hj
. In other words, the

sensitivity of preferences to the choices of peers increases with the strength of social interactions.

Proposition 3.5

Proof. Using Eq. (3.32) we derive:

∂2HBR
i

∂α2
i

=
(
f ′(αi)g(αi)− f(αi)g

′(αi)
)
g(αi)

−2 (3.52)

The condition for Eq. (3.52) being equal to 0 is:

f ′(αi)g(αi)− f(αi)g
′(αi) = 0

Substituting f(αi) = σwiPH(τ)2σ−1(1− αi)σ−1ασi

f ′(αi) = wiσPH(τ)2σ−1ασi (1− αi)σ−1

(
σ
PH(τ)

αi
+

1− σ
1− αi

)
g(αi) = αi(PH(τ)ασi + pσ(1− αi)σ)2

and g′(αi) = (PH(τ)ασi + pσ(1− αi)σ)
σ
)2+

+ 2αiσPH(τ)
(
ασ−1
i − (1− αi)σ−1PH(τ)σ−1

) (
ασi + PH(τ)σ−1(1− αi)σ

)
we obtain:

f ′(αi)g(αi)− f(αi)g
′(αi) = αi

1− σ
1− αi

+ σPH(τ) +
2αiσPH(τ)(ασ−1

i − (1− αi)σ−1PH(τ)σ−1)

ασi PH(τ) + (1− αi)PH(τ)σ
− PH(τ)

(3.53)

αi = PH(τ)
PH(τ)+1 is a solution to Eq. (3.53).

Proposition 3.6

Proof. From the axioms 2 and 3 in Esteban and Ray (1994), any symmetric shift of tastes from

the central αmax to the lateral tastes (i.e. towards either 0 or 1) increases polarization. From
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Proposition 5, it follows that a lower density of agents with the taste αmax translates into a lower

social multiplier.

Proposition 3.7

Proof. The social planning problem is maxτW
(
[vi(PH + τ, wi, e)]i∈N

)
. Noting that ∂vi∂τ =

∂U(H?i ,L
?
i ,α

?
i )

∂τ ,

the �rst order condition can be written as:

∑
i∈N

∂W

∂vi

− ∂U

∂H?
i

∂H?
i

∂τ
+
∂U

∂L?i

∂L?i
∂τ
− ∂e

∂H

∑
j∈N

∂H?
j

∂τ
+
∂Ui
∂αi

∂α?i
∂τ

 = 0. (3.54)

The tax e�ect on the consumption of good H is:

with
∂H?

i

∂τ
=
∂HBR

i

∂τ

∑
j∈N

Ωi,j
∂HBR

j

∂τ
< 0,

We de�ne ζi as the taste e�ect of the tax:

ζi ≡
∂Ui
∂αi

∂α?i
∂τ

,

with
∂α?i
∂τ

=
∑
j∈Ni

∂αi
∂H?

j

∂H?
j

∂τ
,< 0

and
∂Ui
α?i

=
σ

σ − 1

(
H
?σ−1

σ
i − L?

σ−1
σ

i

)(
α?iH

?σ−1
σ

i + (1− α?i )L
?σ−1

σ
i

) 1
σ−1

.

Since ∂U
∂H?i

∂H?i
∂τ + ∂U

∂L?i

∂L?i
∂τ = −H?

i
∂vi
∂wi

by Roy's identity, the �rst order condition can be rewritten

as:

∑
i∈N

∂W

∂vi

− ∂vi
∂wi

H?
i −

∂e

∂H

∑
j∈N

∂H?
j

∂τ
+ ζi

 = 0 (3.55)

Appendix 3.B Critical value γc

Table 3.4 shows the values γc such that if γ < γc then the system of social interactions has a single

equilibrium. We derived those values numerically, for di�erent network structures and intrinsic

preference distributions.
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Table 3.4: Critical value γc for di�erent network structures and intrinsic preference distributions

B(0.1,0.1) B(1,1) B(4,4) B(15,15)

Regular lattice 0.52 0.52 0.54 0.54
Small world 0.51 0.52 0.52 0.55
Random 0.50 0.50 0.50 0.51
Scale free 0.51 0.52 0.54 0.54

Appendix 3.C Social multiplier for complementary goods, σ =

0.5
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Figure 3.8: Reduction in e�ective carbon tax due to social multiplier e�ect for the baseline scenario
speci�ed in Table 3.1. The shaded area represents +/- 1 standard deviation around the average.
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Chapter 4

The optimal trajectory of carbon

taxation under socially-embedded

preferences

4.1 Introduction

A carbon tax aimed at reducing greenhouse gas (GHG) emissions faces a fundamental intertempo-

ral trade-o�. Lower tax and higher carbon emissions today increase immediate welfare but decrease

welfare of future agents by reducing the availability of carbon-intensive goods and causing envi-

ronmental damages. Conversely, higher taxes today decrease the welfare of current agents to the

bene�t of future generations. The study of the many factors in�uencing this intertemporal trade-

o�, such as discount rate (Arrow et al., 2013; Drupp et al., 2018), induced technological change

(Gillingham et al., 2008; Acemoglu et al., 2012), risk aversion (Ackerman et al., 2013; Cai and

Lontzek, 2018) and the pure rate of time preferences (Fujii and Karp, 2008; Antho� et al., 2009),

has been at the center of the literature on climate economics. Various studies have integrated

these factors in economic models to de�ne the optimal carbon tax trajectory (Golosov et al., 2014;

van den Bijgaart et al., 2016; van der Ploeg and Rezai, 2019; Dietz and Venmans, 2019; Hänsel

et al., 2020). However, the dynamic problem is not solely a matter of allocating consumption of

high-carbon goods at di�erent points in time but also depends on preferences over those bundles

(Krysiak and Krysiak, 2006). As prior research has shown, preferences are shaped by price signals

(Bowles and Polania-Reyes, 2012; Mattauch and Hepburn, 2016). This means a tax can change

preferences, suggesting the process of preference formation should be part of the study of dynamic

taxation. Including endogenous preferences modi�es the object that is being maximized. Instead
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of the sum of discounted welfare with respect to today's preferences, the objective function is the

sum of discounted welfare accounting for future changes in preferences due to the policy. In the fu-

ture, consumption of carbon-intensive goods may have a lower marginal utility, hence a�ecting the

optimal allocation of polluting goods over time. Finding the intertemporal optimal policy is there-

fore not only a matter of correctly pricing the externality, but also of transferring carbon-intensive

consumption to generations that would bene�t more from it.

Taxation can alter preferences through several channels, notably: crowding-in/-out of intrinsic

motivation and interactions with peers. First, taxes can crowd-in or -out intrinsic preferences and

motivation for environmental behavior. Generally, a policy is likely to crowd-out intrinsic moti-

vations if it is perceived as undermining self-determination and encouraging free-riding behavior;

conversely, a policy is likely to have a crowding-in e�ect if it is perceived as supportive and infor-

mative, therefore facilitating the decision-making of agents (Frey, 2012). For instance, subsidizing

public transport may increase the willingness to pay (Drevs et al., 2014), whereas large feebate

scheme for transportation can crowd-out the intrinsic motivation for environmentally-responsible

behavior (Hilton et al., 2014). Second, as noted by Bowles and Hwang (2008) and Bowles and

Polania-Reyes (2012), taxes can change the social environment in which agents form their prefer-

ences. Empirical studies show the in�uence of conspicuous peer behavior on certain consumption

decisions such as energy conservation (Allcott, 2011; Ferraro et al., 2011; Allcott and Rogers,

2014), adoption of renewable energy technologies (Ozaki, 2011; Bollinger and Gillingham, 2012;

Baranzini et al., 2017; Inho�en et al., 2019), and choice of transportation mode (Pike and Lubell,

2018). Including peer e�ects in a model of environmental taxation, Konc et al. (2021) shows that

under endogenous preferences, a tax has two e�ects on the consumption of goods: an instantaneous

e�ect, i.e. a higher price implies lower demand, and a dynamic e�ect, i.e. changes in preferences

due to social interactions leading to further variation in consumption.

Building on this earlier research, we study the optimal dynamics of an environmental tax when

preferences are endogenous, i.e. when the tax a�ects the formation of agents' preferences . We

mainly focus on the second channel of preference formation (i.e. social interactions), although our

most general results also apply to the case of crowding-in/-out of intrinsic motivation. Hence, our

analysis takes into account that a tax achieves its objective not only by changing relative prices but

also through indirect e�ects on preferences and future welfare. Analyzing optimal dynamic policies

with endogenous preferences faces two fundamental theoretical problems: (i) comparing the welfare

of agents with heterogeneous preferences, and (ii) comparing the welfare of future agents whose

preferences are contingent on policy decisions.

In our model, �nding an optimum requires in e�ect comparing the welfare of agents with hetero-

geneous preferences. This type of welfare comparison has been subject to a long-standing discussion
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in economic theory. Fleurbaey (2009) notes that the classical "willingness to pay" approach fails

to describe social welfare when preferences are heterogeneous. Alternative methods have been pro-

posed to evaluate welfare e�ects of public policies under heterogeneous preferences. For instance,

Hodler (2009) studies optimal income redistribution policy using the compensated wage method

proposed by Fleurbaey and Maniquet (2006). Similarly, Decoster and Haan (2015) employ a sub-

set dominance approach to make interpersonal utility judgments. More recently, Decancq and Nys

(2021) proposed a new welfare criterion, also based on set comparisons. However, the problem of

interpersonal welfare comparison is largely empirical and vanishes when one makes the assumption

that utility functions allow a cardinal comparison. In this case, despite the presence of hetero-

geneous preferences, the Pigouvian criterion of optimality still stand (Kaplow, 2008). Therefore,

in order to make welfare comparison with heterogeneous preferences, we assume that the utility

function of agents is cardinal.

When a policy changes the preferences, we compare the welfare of future agents whose pref-

erences are contingent on actions or policies of the current generation of agents. This matter is

discussed in both economics and moral philosophy. The endogeneity of preferences could render

very problematic any kind of comparison between di�erent trajectories, as argued by Par�t (2012).

The reason is that the sheer existence � and thus preferences � of future generations is contingent

on the actions of previous ones. Following Par�t's argument, if the current generation engages in

actions that deteriorate the living environment of their descendants, for instance, by over-emitting

GHG, one can not claim that aggravated climate change harms future generations since they would

not have existed � or would have had di�erent preferences� had the current generation chosen other

policies. Had these taken other actions, di�erent people � with di�erent preferences� would have

been born. This reasoning characterizes the so-called "Non-Identity Problem", that precludes the

possibility for current generations to harm future ones by deprecating the environment as their ex-

istence is a�ected by it. To be able to compare di�erent climate policy trajectories while assuming

that preferences of future agents are contingent to policy choices, we need to use another notion of

intergenerational justice. One alternative is the so-called "threshold conception of harm". The idea

is that one should not evaluate the welfare of yet unborn agents with respect to the counterfactual

of non-existence, but considering the welfare they ought to enjoy and the ful�llment of their basic

needs (Meyer and Pölzler, 2020). One can extend this notion and consider that an agent is worse

o� if she experiences a lower welfare than those who might have been alive had the actions of prior

generations been di�erent (Gardiner, 2011). Using this concept of intergenerational equity allows

to compare welfare trajectories even in the case of endogenous preferences. Concretely, an agent

is worse o� at time t if she would have experienced a higher welfare at that time had prior policies

� and her preferences � been di�erent.
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With these considerations in mind, we design our model to study carbon pricing dynamics and

derive the dynamic Pigouvian tax and target-achieving tax, i.e. the least-cost tax necessary to

stay within a given carbon budget. We �rst solve analytically a simple model in which preferences

are dynamic and depend on social interactions. We derive the optimality conditions and show that

optimal taxes can be non-monotonic over time. Next, we carry out numerical simulations with a

simple Integrated Assessment Model, inspired by the DICE 2013R model, and demonstrate that

including endogenous preferences radically changes the optimal tax dynamics.

Under endogenous preferences, the optimal tax starts higher than the social cost of carbon

but reaches its maximum level earlier and decreases afterwards. This trajectory maximizes the

bene�cial e�ects of changing preferences. Such dynamics are reminiscent of the work by Lemoine

and Rudik (2017) but without assuming an unrealistic climate system (Mattauch et al., 2020).

The study by Daniel et al. (2019) also suggests declining tax rates are optimal because of the

uncertainty of climate damages.

The rest of the paper is structured as follows. Section 2 describes the model. Section 3 derives

the optimality conditions for the Pigouvian tax and computes the e�ect of endogenous preferences

in a DICE-like model. Section 4 shows the optimality conditions for the target-achieving tax

under endogenous preferences and presents numerical simulations to derive the optimal trajectory.

Section 5 discusses the implications for policy design and concludes.

4.2 A model of endogenous preferences

We consider a population of N agents with heterogeneous preferences for two types of goods,

namely a high- and a low- carbon one. Their preferences are socially-embedded in the sense that

the marginal utilities of consumption depend on social interactions. In particular, we consider

that agents are conformists so that they enjoy a higher marginal utility from the consumption of

a good if its consumption share increases among their social peers. The high-carbon good involves

emissions of GHG. In turn, these emissions create climate damages, which are unaccounted for in

the individual decision. A carbon tax τ is levied to internalize the climate damages. Its revenue is

distributed as a lump-sum transfer λ. Formally, agent i's maximization at time t is formalized as

in Konc et al. (2021):

maxHi,t,Li,t Ui,t(αi,t, Hi,t, Li,t) (4.1)

s.t. Hi,t(PH + τt) + Li,tPL ≤ yi + λ.

Here Hi and Li represent the quantities of high- and low-carbon goods consumed by agent i, PH

and PL the �xed prices of these goods, and yi the income of agent i. In addition, we assume that
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the goods are gross substitutes. The utility function U is twice di�erentiable in all its arguments,

with the �rst derivatives with respect to H and L being positive and the second ones negative. The

variable αi,t represents the taste for high-carbon goods of agent i, and depends on past consumption

decisions of her peers, the subset Ni of the population. αi,t is a function of πi representing the

�xed intrinsic taste for high-carbon goods and Si,t, which is the endogenous component of tastes:

αi,t ≡ α(πi, Si,t) = (1− γ)πi + γSi,t (4.2)

Si,t ≡ S(
∑
j∈Ni

Hj,t−1,
∑
j∈Ni

Lj,t−1) and
∂Si,t
∂Hj,t−1

> 0,
∂Si,t
∂Lj,t−1

< 0. (4.3)

Finally, γ ∈ [0, 1] denotes the strength of social in�uence in the formation of preferences.1 The

marginal utility of good H increases with αi, such that a change in taste modi�es the struc-

ture of preferences. Formally, we have ∂Ui
∂Hi
≥ 0, ∂Ui

∂Li
≥ 0, ∂2Ui

∂Hi∂αi
≥ 0, ∂2Ui

∂Li∂αi
≤ 0, ∂2Ui

∂H2
i
≤ 0,

and ∂2Ui
∂L2

i
≤ 0. We write the welfare-maximizing consumption of the goods for a given taste

and tax HM (αi,t, τt) and LM (αi,t, τt). The indirect utility of agent i in period t is then Vi,t ≡

Ui,t(H
M (αi,t, τt), L

M (αi,t, τt), αi,t)

Using a �xed point argument, we can show that this system of social interactions admits a unique

equilibrium, de�ned by:

α?i ≡ α({HM (α?j , τ), LM (α?j , τt)}j∈Ni , πi) ∀i ∈ N. (4.4)

The tax changes the preferences through social interactions, leading to a social multiplier of tax-

ation. Konc et al. (2021) provide more details about the existence of the equilibrium and the

derivation of the multiplier. The intuition is that a change in relative prices not only a�ects agent

i's consumption decision but also the decision of her peers, which in turn in�uences her taste for the

goods. Using the implicit function theorem, we derive from Eq. (4.4) that, around the equilibrium,

the change in preferences due to the tax is:

∂α?i
∂τ

=
∑
j∈Ni

∂αi
∂Hj

∂Hj
∂τ + ∂αi

∂Lj

∂Lj
∂τ

1−
(
∂αi
∂Hj

∂Hj
∂αi

+ ∂αi
∂Lj

∂Lj
∂αi

) ∀i ∈ N. (4.5)

By de�nition
∂α?i
∂τ is negative and

∂2α?i
∂τ2 positive, meaning that a rising tax reduces the taste for

high-carbon goods, while this e�ect diminishes for higher taxes.

1If γ = 0 then the agents exhibit standard �xed preferences.
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4.3 Dynamic externality taxation under endogenous prefer-

ences

In this section, we �rst solve an analytical model to describe the optimality conditions of a dynamic

carbon tax under endogeneous preferences. Then we introduce endogeneous preferences in a simple

integrated assessment model and derive numerical results, allowing for additional insights.

4.3.1 Pigouvian tax

A benevolent social planner wishes to maximize inter-temporal welfare of a population of agents

with changing preferences as described in Section 4.2. In each period, agents maximize their

instantaneous utility. As explained in Section 4.1, we assume that the utility function is cardinal.

Let Vi(αi, τ, yi) denote their indirect utility. The social welfareWt at time t is the sum of individual

indirect utilities minus the climate-related damages caused by the consumption of carbon-intensive

goods, D: 2

Wt(αt, τt, y) =
∑
i∈N

Vi(αi,t, τt, yi)−Dt

(∑
i∈N

Hi,t(αi,t, τt, yi)

)
(4.6)

with Dτ = DHHτ ≤ 0 and Dττ = DHHH
2
τ +DHHττ ≥ 0 (4.7)

The dynamics of preferences, captured by G, depends on the tastes of the agents in the previous

period and the environmental tax, as described by Eq. (4.5). In the initial period, the tastes are

in equilibrium, i.e. αi,0 = α?i but this does not need to be the case in subsequent periods.

αt+1 ≡ G(αt, τt) (4.8)

with Gα ≥ 0, Gαα ≤ 0, Gτ ≤ 0 and Gττ ≥ 0. (4.9)

The social planner chooses the optimal tax over time {τt}∞t=0 to maximize social welfare taking

into account the discount rate β, the environmental externality and the preference dynamics:

max{τt}∞t=0

∞∑
t=0

βtWt(αt, τt) (4.10)

s.t. αt+1 = G(αt, τt) ∀t.

This problem is dynamic and recursive: the social welfare and the optimal policy at time t depend

on the policies implemented in the previous periods. The Hamiltonian of the social planner problem

2To simplify the notation, we use Fx to denote the �rst partial derivative of F with respect to x and Fxy for the
second derivative with respect to x and y.
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reads:

Q = W (α, τ) + λG(α, τ) (4.11)

Proposition 4.1. Under endogenous preferences, the Pigouvian tax is de�ned by:

τ̇ =
Gτ [−Gτ (Vα −Dα) + (Gα − β)(Vτ −Dτ )]

Gτ (Vττ −Dττ )−Gττ (Vτ −Dτ )
(4.12)

Proof. See Appendix 4.A.

Let us examine the dynamic optimality condition described by Eq. (4.12). The expression

Vτ −Dτ represents the direct welfare variation due to the tax. Without endogenous preferences,

the Pigouvian tax would simply be set such that the marginal gains in welfare equals the marginal

losses (i.e. Vτ = Dτ ). However, in our case, it is unclear if this condition is ful�lled in each period

since the welfare further depends on the change in preferences due to the tax (Vα − Dα)Gτ . It

could be dynamically optimal to tolerate temporary welfare losses associated with a higher tax if

these are justi�ed with a change in tastes Gτ that allows, in the subsequent periods, to reduce

externalities with a lower tax and at a lower welfare cost. The optimal trajectory then depends

on preference dynamics. Furthermore, the optimality condition depends on the curvature of the

utility and pollution functions, Vττ −Dττ . As the goods are imperfect substitutes, it is natural to

assume that Vττ ≤ Dττ , meaning that for very high taxes, the marginal welfare cost of raising the

tax surpasses its marginal bene�ts. The presence of endogenous preferences leads to non-trivial

dynamics, even in the absence of discounting or productivity growth. For instance, we show in

Corollary 1 the conditions for which a Pigouvian tax should decrease:

Corollary 4.1. Under endogenous preferences, the Pigouvian tax is decreasing if:

Case 1. Vτ = Dτ :

τ̇ ≤ 0⇔ Vα −Dα ≥ 0.

Case 2. Vτ −Dτ < 0:

τ̇ ≤ 0⇔ (Gα − β)(Vτ −Dτ ) ≥ Gτ (Vα −Dα).

Case 3:

3.1. Vτ −Dτ > 0 and Gτ (Vττ −Dττ ) > Gττ (Vτ −Dτ ):

τ̇ ≤ 0⇔ (Gα − β)(Vτ −Dτ ) ≥ Gτ (Vα −Dα).

3.2. Vτ −Dτ > 0 and Gτ (Vττ −Dττ ) < Gττ (Vτ −Dτ ):
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τ̇ ≤ 0⇔ (Gα − β)(Vτ −Dτ ) ≤ Gτ (Vα −Dα).

Proposition 2 is fundamental to understand the optimal dynamic of the tax. In case 1, where

the direct marginal welfare costs equal the direct marginal bene�ts of reducing pollution, it is

optimal to lower the tax if marginal bene�ts of changing the taste for high-carbon goods surpasses

the marginal costs in terms of increased pollution. Intuitively, lowering the tax implies that the

consumption of the high-carbon good increases, thus leading to a greater taste for this good through

social interactions. The change of tastes comes with an environmental cost as the consumption for

the high-carbon increases, but improves utility since agents now have a stronger taste for a good

that is relatively cheaper. As long as the latter e�ect exceeds the former, the optimal tax should

decrease. The opposite argument holds when Vα −Dα ≤ 0, leading to an increasing tax.

In case 2, the marginal cost of the tax is higher (in absolute value) than the marginal bene�ts, so

the tax is too high compared to the classical rule. Under these conditions, the tax should decrease

only if the expected welfare gains from a lower tax are higher than the losses due to changes in

tastes. When this is not true, the tax should not decrease even if it seems too high because it

supports preferences that are socially optimal.

Case 3 involves more complicated conditions on the shapes of utility and pollution functions.

The basic result is that the optimal tax trajectory depends on the preference dynamics, and does

not have to be monotonous. In other words, the optimal tax could initially increase (decrease) and

later reverse.

4.3.2 An integrated assessment model with preference dynamics

In this section, we go deeper into the results of Section 3.1 by calculating the optimal tax trajectory

with endogenous preferences in an integrated assessment model inspired by the DICE model (Nord-

haus, 2014). The emissions from the consumption of high-carbon goods increase the atmospheric

temperature which in turns damages the economy. Using this climate-economy feedback loop is

the most common method to determine the social cost of carbon (Nordhaus, 2017; Hänsel et al.,

2020). We follow this literature to calibrate the climate module and the damage and abatement

cost functions. Below we present our numerical model and explain the similarities and the main

di�erences with the DICE model (Nordhaus, 2017).

Objective function Like in DICE, the objective function of the model is the intertemporal

discounted social welfare. The productivity, hence the income, of agents grows in the absence

of climate damages at the rate κt. On the other hand, climate damages Ωt reduce the available
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income ζt.

∑
t=0

βt
∑
i∈N

Vi(αi,t, τt, ζi,t) (4.13)

with ζi,t = yi ×
∏j
j=0 κj

1 + Ωt
(4.14)

The main di�erences with DICE are the utility function and the use of heterogeneous agents.

Instead of using an isoelastic utility function with a representative agent, we adopt a utility function

with constant elasticity of substitution to model the choice between several goods for a population

of agents with di�erent tastes (see Section 2).

Emissions and climate damages The high-carbon goods consumption produces GHG emis-

sions E which accumulate, increase the atmospheric temperature and create damages. Here, we

make an important deviation from DICE. In the original model, the main control variable is the

emission reduction rate µ: emissions can be reduced at a certain abatement cost Λ, which is mod-

eled as a percentage of the production output. The optimal carbon price that DICE provides is

the shadow cost of carbon (or social cost of carbon) and is not explicitly modeled. In our case, the

carbon tax is the control variable and determines the level of emissions. For this reason, we adapt

the equations for abatement cost and emission reduction equations as follows:

Et =
∑
i∈N

Hi,t(αi,t, τt, ζt)× σt × (1− µt) (4.15)

with σt being the carbon intensity of the high-carbon good,

µt =
Λt
θ1

1
θ2

(4.16)

Λt =

∑
i∈N Hi,t(αi,t, τt, ζt)× τt∑

i∈N ζt
(4.17)

Equations (19) and (20) come from DICE but Equation (21) is slightly di�erent. Instead of

representing the abatement cost as a share of the total output, here Λ denotes the share of tax

revenues with respect to the total output. This de�nition of Λ is consistent with a situation where

the tax revenues are used to fund climate mitigation projects and the development of a backstop

technology (Nordhaus, 2014).

Accumulated GHG emissions
∑t
j=0Ej leads to variation in atmospheric temperature Ta,t. The

equations describing physical process linking emissions to temperature are taken directly from the

DICE update by Hänsel et al. (2020), as is the climate damage equation:

Ωt = 0.007438× T 2
a,t. (4.18)

The di�erences between DICE and our model complicate a direct comparison of both approaches.
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In particular, in our study part of the emission reduction e�ect of taxation is due to the substitution

between goods. Nevertheless, we calibrate the economical parameters of our model (i.e. prices,

elasticity of substitution, etc.) to reproduce as closely as possible the optimal tax trajectory in

Nordhaus (2017) when the preferences of agents are �xed (see Table 4.1 in Appendix 4.B). Next,

we introduce preference dynamics and calculate the optimal carbon tax trajectory (see Figure 4.1).

Due to the substitution e�ect of the tax, we �nd a consistently lower optimal tax rate than DICE.

This is a minor issue, as our study aims to describe the impact of endogenous preferences on the

optimal trajectory and not the optimal level of taxation.

We can not rely on usual algebraic simulations to solve this model as we represent explicitly

interacting agents in a social network. Instead, we use a Di�erential Evolution (DE) algorithm,

which belongs to the heuristic optimization methods (Winker and Gilli, 2004). More precisely,

DE is a population-based optimization technique for continuous search spaces. First developed

by Storn and Price (1997), DE has found application in economic literature as a tool to �nd

solutions for optimal control problems (Blueschke et al., 2013; Savin and Blueschke, 2016), which

are similar in nature to the optimal tax trajectory problem we are facing here. Starting with

an initial population of random but eligible solutions (here possible carbon tax trajectories), DE

updates this population by linear combination and crossover of four di�erent solution vectors into

one, and selects the �ttest solutions among the original and the updated population. This results

in the population converging to the solution of the global optimization problem. We explain in

more details the DE algorithm in Appendix 4.C.
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Figure 4.1: Optimal policy (A) and associated atmospheric temperatures (B) with and without
endogenous preferences.

In the classical DICE model, mitigation is the most costly during the �rst periods, when the
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low-carbon technology is still very expensive. With time, mitigation becomes cheaper but with

high economic and population growth, the optimal carbon tax increases to counter the raising

production of high-carbon goods. It �nally decreases when low-carbon technology is cheap enough

so that reducing emissions is feasible against a lower cost. Under endogeneous preferences, the

optimal tax starts at a higher rate than with �xed preferences, increases for a few years and then

decreases. A higher initial tax not only reduces the climate externality more strongly, it also creates

a larger change towards greener preferences in the next period, which further contributes to the

reduction of emissions. As a result, the bene�ts of taxation are the highest during the �rst periods.

Then, the tax decreases as the mitigation technology improves and abatement costs decrease.

4.4 Optimal tax under a carbon budget constraint

In this section, we consider a slightly di�erent problem that relates more directly with current

climate policy struggles. The objective is to �nd a trajectory of carbon tax that maximizes welfare

while meeting a particular GHG emission target. It de�nes a recursive optimization problem in

which a current tax de�nes the carbon budget left q and the preferences in the following periods.

The social welfare at time t is given by:

Wt(αt, τt, y) =
∑
i∈N

Vi(αi,t, τt, wi), (4.19)

and the dynamic equations for the preferences and the carbon budget are:

αt+1 = G(αt, τt) (4.20)

qt+1 = qt −
∑
i∈N

Hi,t ≡ Q(α, τ, q) (4.21)

qt ≥ 0 ∀t

q0, α0 given.

Adding a second dynamic constraint with the carbon budget (Equation 4.21) severely complicates

the calculation to �nd the optimality condition. Formalizing the problem using the Hamiltonian-

Jacobi-Bellman equation proves to be more handy and provides a necessary and su�cient condition

for inter-temporal optimality.

We denote the value function (i.e. maximized inter-temporal social welfare associated with the
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initial state) J(α0, q0) :

J(α0, q0) = max{τt}∞t=0

∞∑
t=0

βtWt(αt, τt, qt)

⇔ J(α0, q0) = max{τt}∞t=0
{W (α0, τ0, q0) +

∞∑
t=1

βtWt(αt, τt, qt)}

⇔ J(α0, q0) = maxτ0{W (α0, τ0, q0) + J(α1, q1)}.

This recursive relation leads to the Bellman equation:3

J(α, q) = maxτ{W (α, q, τ) + J(α′, q′)} (4.22)

with α′ = G(α, τ) and q′ = Q(α, τ, q)

Proposition 4.2. Under endogenous preferences, the optimal target-achieving tax is de�ned by:

−Wτ
Q′τ (1− β)

Q′τ (α′τ + β + 1)−Q′′α′α′τ
+ βW ′τ ′

Q′′τ ′(1− β)

Q′′τ ′(α
′′
τ ′ + β + 1)−Q′′′α′′α′′τ ′

β = 0. (4.23)

Proof. See Appendix 4.A.

The interpretation of Proposition 3 is that, in the optimum, the marginal utility of consuming

the high-carbon good should be the same from one period to the next, considering the exhaustion

of the carbon budget and the changes in preferences.

We solve the problem numerically by calculating the optimal policy function. Instead of using

the classical policy function iteration method (Ljungqvist and Sargent, 2012), we again apply a

Di�erential Evolution algorithm that drastically reduces the computational time. The reason for

this choice is that the policy function iteration requires to calculate the value function for each

possible state. As we wish to model the evolution of preferences of a population of heterogeneous

agents, the number of possible states can quickly explode. For instance, the number of states in

a model with 300 agents (rather few when simulating evolution in a realistic social network) that

can have only two possible taste "values" (which implies discretizing the taste variable, thus losing

considerable information) is larger than the number of atoms in the universe!

Figure 4.2 shows the optimal tax trajectory with a carbon budget constraint and �nite horizon.

We set the carbon budget consistently with the 2030 mitigation target of the Spanish government

(Spanish Congress, 2019). Without endogeneous preferences, the tax increases at a rate close to

30%. This is reminiscent of the classical Hotelling rule (i.e. the tax rate increases at the discount

rate). Under endogeneous preferences, the tax is initially lower, thus minimizing welfare losses

3Following the convention, we use ′ to denote that a variable or a function is iterated by one period.
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Figure 4.2: Optimal trajectory of carbon tax with and without endogeneous preferences.

of agents that still have strong preferences for carbon-intensive goods, while starting a transition

towards greener preferences. In the �rst period, the tax increases at a slightly higher rate than

without endogeneous preferences (Figure 4.3). Subsequently, the growth rate of the tax drops,

with the tax being consistently lower than without preference changes. The bene�ts due to the

change of preferences decrease as time approaches the �nite horizon. This causes the tax to go

down in the last period as a higher tax does not have an e�ect on future preferences anymore.

4.5 Conclusion

Taking into account that environmental taxation can change agents' preferences, by modifying

the infrastructures and social context, we introduce endogeneous preferences in model of carbon

taxation. Following empirical evidence showing the role of social in�uence in the consumption of

polluting goods, we model preferences as endogeneous due to social interactions. Consumption

decisions depend on agents' intrinsic preferences as well as consumption decisions of social peers.

This leads to a social multiplier or higher e�ectiveness of carbon taxation.

In a dynamic setting, endogeneous preferences change the object of the welfare maximization.

A higher tax not only reduces emissions through a price e�ect but, through regulating behaviors

and thus changing the social in�uence pattern, also changes the future structure of preferences.

Therefore, the optimal policy at time t depends on the policies implemented in the previous periods

and their e�ect on preferences. Taking these dynamics into account, we derive optimality conditions

for Pigouvian and target-achieving taxes. We demonstrate that both types of taxes can be non-
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Figure 4.3: Di�erence in the growth rate of the tax with and without endogeneous preferences.

monotonic. Generally, the optimal tax decreases if marginal bene�ts of a lower tax on welfare

surpass the marginal costs in terms of increased pollution.

To gain further insight, we �nd numerically the optimal trajectory of carbon taxation in a

DICE-like setting. Under endogeneous preferences, the tax starts at a higher rate than with �xed

preferences, increases for a few years and then decreases. The long term e�ect of preference change

makes it optimal to reach the apex of the trajectory earlier than under �xed preferences. The

optimal trajectory not only re�ects the shadow cost of carbon but also the preference dynamics.

Our result suggests that by ignoring the dynamic e�ect of taxes on preferences, conventional theory

recommends carbon taxes that are initially too low. Putting a higher price on carbon early on

takes better advantage of social dynamics, which allows the tax to decrease after a few periods.

It is interesting to note that the implications of endogeneous preferences are di�erent for target-

achieving and Pigouvian taxes. While the social multiplier of taxation implies a lower target-

achieving tax, preference dynamics lead to an initially higher Pigouvian tax. The latter is justi�ed

by gains in environmental quality for future generations through yielding a lower temperature

increase. In the former case, the total amount of GHG emissions is �xed and therefore a higher

tax can not be used to improve the environmental quality. Such result shows the importance of

the goal framing for the optimal design of climate policies.

Although our model speci�cally explains preference changes through social interactions, our

analytical results are su�ciently broad to cover other channels of preference endogeneity, such

as infrastructure change or educational and awareness raising campaigns. Ultimately, our analy-

sis shows that the optimal trajectory of carbon taxation depends on how this policy a�ects the
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marginal utility of high-carbon goods: implementing a carbon tax higher than the social cost of

carbon is optimal if taxation creates social externalities that reduce the utility associated with

pollution in the future. Further research is needed to estimate the e�ect of climate policies on

preferences and to incorporate such �ndings in larger scale integrated assessment models.

Appendix 4.A Proofs

Proposition 4.1

Proof. The F.O.C. of (4.11) are:

Vτ −Dτ + λGτ = 0 (4.24)

Vα −Dα + λGα = −λ̇+ βλ (4.25)

and the transversality condition.

We log-di�erentiate (4.24) and �nd:

λ̇

λ
= τ̇

(
Gττ
Gτ
− Vττ −Dττ

Vτ −Dτ

)
(4.26)

Substituting (4.24) and (4.26) in (4.25) yields:

τ̇ =

[
(Vα −Dα)Gτ
Vτ −Dτ

+ β −Gα
] [

Gττ
Gτ
− Vττ −Dττ

Vτ −Dτ

]−1

(4.27)

Rearranging (4.27) gives (4.12).

Proposition 4.2

Proof. The F.O.C of Eq. (4.22) are:

Wτ + β(J ′Q′Q
′
τ + J ′α′α

′
τ ) = 0 (4.28)

JQ = βJ ′Q′ (4.29)

Jα = Wα + β(J ′Q′Q
′
α + J ′α′α

′
α) (4.30)

To �nd the explicit optimality condition, we need to eliminate the value function from the equations

above. We �rst express JQ in terms of Jα. Combining (4.28) with (4.29) and (4.29) with (4.30)
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yields:

−Wτ = JQQ
′
τ + βJ ′α′α

′
τ (4.31)

Jα = Wα + JQQ
′
α + βJ ′α′α

′
α (4.32)

which gives:

JQ = −Wτ + βα′τ (W ′α′ + βJ ′′α′′α
′′
α′)

Q′τ +Q′′α′α
′
τ

. (4.33)

We now get rid of Jα. Iterating Eq. (4.32) by one period and combining it with Eqs. (4.33) and

(4.29) yields:

J ′α′ = W ′α′ −
Wτ + βα′τ (W ′α′ + βJ ′′α′′α

′′
α′)

β(Q′τ +Q′′α′α
′
τ )

Q′′α′ + βJ ′′α′′α
′′
α′ (4.34)

combining the equation above with Eq. (4.33) and (4.31) gives:

J ′′α′′ =
Wτ (βQα′ −Q′τ )

β2α′′α′(α
′
τQ
′
τ + βQ′τ − α′τQ′′α′ −Q′τ )

− Wα′

βα′′α′
(4.35)

Combining Eqs. (4.32) and (4.35) yields:

JQ =
Wτ (1− β)

Q′τ (α′τ + β + 1)−Q′′α′α′τ
. (4.36)

Next, we �nd an explicit form for J ′α′ . Iterating Eq. (4.32) by one period and combining it with

Eqs. (4.35) and (4.36) yields:

J ′α′ =
Wτ (Qα′ −Q′τ )

βQ′τ (α′τ + β + 1)− βQ′′α′α′τ
. (4.37)

Finally, substituting Eq. (4.37) and the iteration of Eq. (4.36) into (4.28) gives the explicit

optimality condition:

−Wτ
Q′τ (1− β)

Q′τ (α′τ + β + 1)−Q′′α′α′τ
+ βW ′τ ′

Q′′τ ′(1− β)

Q′′τ ′(α
′′
τ ′ + β + 1)−Q′′′α′′α′′τ ′

= 0 (4.38)
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Appendix 4.B Parameters for numerical simulations

Table 4.1: Parameter values of the simulations

Parameter Value

Number of agents 1000
Number of social links 4000
Topology of the social network Small-world
Annual productivity growth rate κ decreasing from 3.6% to 0.9% (Nordhaus, 2017)
Annual discount rate β 0.04 (Nordhaus, 2017)
Gini coe�cient of income distribution 0.4, consistent with empirical values for industrial-

ized countries (Hellebrandt and Mauro, 2016)
Price of high-carbon good, PH 15
Price of low-carbon good, PL 40
Distribution of intrinsic tastes π B(4, 4) � quasi-normal distribution
Elasticity of substitution 2
Climate equations of integrated assessment
model

from Hänsel et al. (2020)

Carbon budget for the target-achieving tax 3 times the initial emissions

Appendix 4.C Di�erential Evolution algorithm

The Di�erential Evolution (DE) algorithm starts with a randomly initialized set of candidate

solutions P
(1)
t,i (t = 1, ..., T , i = 1, ..., p) of the T × p size (step 2 in Algorithm 1, where T is the

dimension of a single candidate solution and the size of the planning horizon of our model, and p is

the population size. The initial population of random solutions is constructed by random sampling

from a uniform distribution U ∼ [0, 1000]. The key feature of this population is that the solutions

are su�ciently di�erent for DE to later explore this heterogeneity and recombine these solutions

to produce a better result.

After that, in each iteration DE constructs a new solution P
(υ)
.,i for each i by recombining three

di�erent vectors of the current population (steps 6-7 in Algorithm 1). The scale factor F determines

the shrinkage rate in exploring the search space. Then, the elements of the two vectors, P
(υ)
.,i and

P
(0)
.,i , are shu�ed in an updated candidate solution P

(n)
.,i according to the crossover rate CR and

the uniform random variable u ∼ Uni(0, 1) (steps 8-10 in Algorithm 1). In line with Price et al.

(2006) we set F = 0.8, CR = 0.8 and p = 10d (i.e., p = 10 × T ). Finally, the �tness (here the

social welfare) of the new solution is compared with that of the original population (step 11 in

Algorithm 1). If the new solution is better, it replaces the old one. The above process is repeated

until the di�erence between all candidate solution is lower than 0.005 at each point of time or until

the prede�ned maximal number of iterations, 20 000, is reached.
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Algorithm 1 Pseudocode for Di�erential Evolution

Initialize parameters T, p, F and CR

Randomly initialize P
(1)
t,i , t = 1, · · · , T ; i = 1, · · · , p

while the stopping criterion is not met do
P (0) = P (1)

for i = 1 to p do
Generate r1,r2,r3 ∈1, · · · ,p, r1 6= r2 6= r3 6= i

Compute P
(υ)
.,i = P

(0)
.,r1 + F × (P

(0)
.,r2 - P

(0)
.,r3)

for t = 1 to T do
if u < CR then P

(n)
t,i = P

(υ)
t,i else P

(n)
t,i = P

(0)
t,i

end for
if J(P

(n)
.,i ) < J(P

(0)
.,i ) then P

(1)
.,i = P

(n)
.,i else P

(1)
.,i = P

(0)
.,i

end for
end while
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Chapter 5

Co-dynamics of climate policy

stringency and public support

5.1 Introduction

To mitigate climate change, countries need to implement stringent policies. So far, these policies

have proven to be di�cult to implement. An important reason is that public support for climate

policies is weak (Anderson et al., 2017; Klenert et al., 2018a; Levi et al., 2020), and moreover

tends to decrease with stringency (Lachapelle and Paterson, 2013; Carattini et al., 2017; Beiser-

McGrath and Bernauer, 2019). Public opinion a�ects the feasibility of e�ective climate policy

in various ways: through general elections, illustrated by a repeal of carbon pricing in Australia

(Crowley, 2017); through direct referenda, illustrated by rejections of carbon taxes in Washington

State (USA) (Reed et al., 2019); and through social movements, illustrated by the 2018 Yellow

Vest protests in France against a fuel tax with a carbon component (Douenne and Fabre, 2020).

On the other hand, experiences such as with the carbon tax in British Columbia, Canada show

that favourable public opinion and increasing policy ambition can also go hand in hand (Murray

and Rivers, 2015).

To achieve su�ciently strong policies that can count on critical public support, we propose a

new approach to study climate policy. It treats climate policy design as dynamic and endogenous

on policy support. The idea is that a policy can be implemented only if public support for the

current design exceeds a critical threshold. Our approach deviates from the conventional economic

approach to identify optimal policy trajectories in that welfare impact is not the dominant criterion

but only one among several factors that in�uences policy design (Hänsel et al., 2020; Goulder, 2020).

Given the extent of emissions reduction required, it is problematic to focus on a theoretically

ideal carbon tax that has little chance of being implemented under actual political circumstances.

94



Chapter 5: Co-dynamics of climate policy stringency and public support

Once policymakers have committed to a climate mitigation goal, their objective is no longer to

maximize welfare but to implement e�ective policies under acceptability constraints, as failing

to meet the targets may have legal repercussions or harm a country's international reputation.

Witness legal sentences in the Netherlands in 2019 and in France in 2020 indicating that their

respective governments fall short in climate policy relative to national and international agreed

targets. In view of these considerations, we o�er a method to identify a politically more realistic

perspective on climate policy design.

We develop a model of the interconnection between public opinion and climate policy stringency

and study the political feasibility of (1) carbon taxation with several revenue use options and (2)

performance standards. To this end, we combine a simple general equilibrium model derived from

the climate economics literature (Klenert et al., 2018b; Jacobs and van der Ploeg, 2019) with an

agent-based model (GE-ABM) to capture the social interactions that underlie opinion dynamics

regarding policy support. In each period, the (change in) stringency of the policy depends on

the prevailing public opinion, giving rise to interactive dynamics of policy support and policy

design. Here we model public opinion as depending on policy performance in terms of economic,

environmental and equity impacts. This choice is motivated by earlier empirical studies showing

that public acceptability of carbon taxes is mediated by perceptions of e�ectiveness and fairness

(Maestre-Andrés et al., 2019), where the latter is further distinguished into individual fairness,

i.e. change in personal wellbeing, and distributional fairness, comprising distribution of costs and

bene�ts (Dreyer and Walker, 2013; Kim et al., 2013; Clayton, 2018). The model is used to study

which policy trajectories and revenue uses allow achieving a predetermined mitigation target while

ensuring su�cient public support over time. In addition, we investigate the impact of opinion

stability and social in�uence dynamics on the support of distinct policy trajectories. Finally, we

study the role of underlying income inequality in obtaining critical public support for climate

policies.

Our study contributes to the literature on support and design of climate policies. While sev-

eral papers recognize that support for climate policy is dependent on dynamic factors (Drews

and Bergh, 2016; Beiser-McGrath and Bernauer, 2019; Maestre-Andrés et al., 2019; Douenne and

Fabre, 2019; Bergquist et al., 2020; Sommer et al., 2020; Douenne and Fabre, 2020; Carlsson et al.,

2021), this has not translated into studies that systematically investigate co-dynamics of policy

design and support. This is understandable as it requires an integration of policy design, economic

impact assessment and public-support analysis � which tend to be studied in separate disciplines.

An exception is a game-theoretic study that examined how �rms form lobbies that in�uence the

stringency of government's emission reduction policies (Isley et al., 2015). Another study devel-

oped a simple framework to describe feedback from public opinion to environmental problems
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through environmental policy and then back to public opinion (van den Bergh et al., 2019). Here

we provide a richer and arguably more realistic and �exible approach that can identify policy tra-

jectories meeting emissions reduction targets and maximizing public support, by accounting for

its components, namely wellbeing and equity. GE-ABM allows to represent the labour and goods

market in an tractable way while identifying economic impacts on heterogeneous households and

providing detailed information about individual support for the policy (Castro et al., 2020; Niamir

et al., 2020). Using a GE-ABM in this way represents a novel approach that enriches the literature

on policy acceptability, which traditionally relies on survey and experimental methods (Carattini

et al., 2018; Maestre-Andrés et al., 2019; Bechtel et al., 2020).

In addition, several studies have shown that environmental and climate policies have equity

issues, undermining their acceptability. Our model assumes that households require a minimal

consumption level of the high-carbon good, re�ecting the empirical regularity that low-income

households spend a larger share of their income on carbon-intensive subsistence goods (Klenert

and Mattauch, 2016; Oswald et al., 2020). As a result, carbon taxes absent of revenue recycling, as

well as performance standards, have regressive distributional impacts, i.e. they place a relatively

high burden on low-income households (Levinson, 2018; Pizer and Sexton, 2019). However, the use

of carbon-tax revenues can compensate for regressive e�ects (Grainger and Kolstad, 2010; Klenert

and Mattauch, 2016; Goulder et al., 2019; Aubert and Chiroleu-Assouline, 2019), which has been

shown to critically a�ect public opinion (Beiser-McGrath and Bernauer, 2019; Savin et al., 2020).

For this reason, we devote attention to di�erent revenue uses in our analysis, and show that the

impact of regressive distributional e�ects on policy acceptability is closely linked to the features of

the social network in which agents interact.

Our paper further adds insights to the literature studying the interaction between climate policy

and behavioural economics approaches. Following research in behavioural economics showing that

the social environment a�ects agents' decisions (Elster, 1989; Bowles, 1998; Mailath and Postle-

waite, 2010; Ho� and Stiglitz, 2016), many authors have argued that social interactions should

be taken into account when designing policy instruments addressing labour market and saving

decisions (Lindbeck, 1997), public good contribution (Bénabou and Tirole, 2006; Meunier and

Schumacher, 2020), energy conservation (Allcott, 2011), or environmental externalities (Nyborg,

2018; Ulph and Ulph, 2018; Konc et al., 2021). These contributions analyse how the introduction

of social interactions changes what constitutes an optimal policy. We add to this literature by

studying the role of social in�uence for the acceptability and implementation of desirable policy

instruments. Our model re�ects that interactions with peers and behavioural biases play a signi�-

cant role to shape political opinion and voting decisions (Bond et al., 2012; Muchnik et al., 2013;

Levine and Mattozzi, 2020). In particular, Braha and Aguiar (2017) show that social in�uence has
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a growing importance to explain the results of U.S. presidential elections, which could be linked to

the emergence of large digital social networks. We integrate these insights in our study and model

the acceptability of climate policies as dependent on the political opinion of socially-in�uenced

agents.

Our results indicate that carbon taxation is more likely to achieve a stronger public support than

performance standards. Unlike standards, carbon taxation generates revenue that can increase

public support if it is used to reduce inequality. We argue that because agents are resistant to

change their opinion, climate policies should be designed to ensure a high support during the �rst

periods of implementation. We further show that social interactions help generating support for

policies that are bene�cial for well-connected individuals. Finally, we demonstrate that a higher

income inequality has an ambiguous e�ect on support for progressive climate policies. On the

one hand, higher income inequality implies that redistributive policies will have a more positive

distributional e�ect, hence increasing the support for such policies. On the other hand, given that

social in�uence tends to increase with income, higher income inequality means that richer agents

increase their in�uence on the opinion of other agents. Since high-income earners do not bene�t

from progressive climate policies, high income inequality can substantially diminish support for

policies with positive distributional impacts.

The remainder of this article is organized as follows. Section 2 describes the model and its three

modules, namely the policy-setting module, policy-impact module and policy-support module.

Section 3 contains the empirical parametrization. Section 4 presents numerical simulations to

identify e�ective and acceptable climate policies and discusses the role of distributional impacts,

opinion dynamics and income inequality. Section 5 concludes, discusses policy implications and

suggests directions for further research.

5.2 A model of dynamic support for climate policy

The model consists of three modules to determine emissions and economic impacts, public support,

and changes in the policy stringency, as illustrated in Figure 5.1:

1. A policy-design module initiates and adapts the policy design (see Section 5.2.1). It evaluates

the policy in place based on the policy support. If more than half of the agents supports the

policy, consistent with the widely practised democratic majority rule, it is strengthened; if

not, its stringency remains the same.

2. A policy-impact module using a general-equilibrium model calculates emissions reduction

and distribution of wellbeing e�ects among households in accordance with the policy setting

in the policy-design module a�ecting the consumption of low- and high-carbon goods and
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services (see Section 5.2.2). The general-equilibrium nature of the model allows accounting

for labour and goods market dynamics that underlie the ultimate policy e�ects.

3. A policy-support module uses the indicators generated by the policy-impact module to update

opinions of households. To this end, we use an agent-based model (see Section 5.2.3). This

takes into account personal weights assigned by individuals to each impact indicator, which

depend on their political views. Through interactions in a social network, individual agents

then exchange opinions until these converge to a steady-state.

Figure 5.1: A schematic representation of the three modules, which can be seen as a timeline of
events in our model, repeated for a pre-speci�ed number of periods (years). The impacts of a
speci�c policy design are calculated with a general-equilibrium model. These impacts determine
the support for climate policy, assessed with an agent-based model, which in turn a�ects the policy
design for the subsequent period.

The approach is empirically operationalized for the case of Spain. As described in Section 5.3,

this involves use of results from a recent public opinion survey (Maestre-Andrés et al., 2020) to

calibrate how e�ectiveness, personal wellbeing and distributional e�ects in�uence policy support, as

well as how people share their opinion about the policy in a social network. We further calibrate

the policy-impact module using Spanish national statistics, notably to reproduce the observed

productivity growth and income inequality.

5.2.1 Policy-design module

The policy-design module works as follows. The objective of the policy is to keep greenhouse

gas (GHG) emissions within a carbon budget consistent with the 2030 mitigation target of the

Spanish government. In particular, Spain has the objective to decrease carbon dioxide equivalent

emissions by 47% with respect to 2017 levels (Spanish Congress, 2019). Assuming that emissions

decrease at a constant rate, this target de�nes a trajectory of emissions with a mitigation rate of

approximately 5% per year to achieve the required emissions reduction. We model two widely used

policies, namely carbon taxation and performance standards. A carbon tax is a pricing instrument

that directly a�ects the production costs of high-carbon goods. A performance standard is a non-

price instrument that �xes a certain intensity of emissions on the production of goods, which is
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used to regulate the transportation or energy sectors, e.g. the European Emission Standards, the

Corporate Average Fuel Economy and Clean Energy standards in the U.S., or the various white

certi�cates schemes. An important di�erence between the two policies is that a tax generates

revenue that can be used in a variety of ways, among which we consider three types:

1. Return the revenue through progressive transfers that favour poorer households (labelled

hereafter as progressive).

2. Return the revenues proportionally to household income, i.e., through a reduction of income

taxes (labour tax reduction).

3. Fund projects that reduce GHG emissions (green spending).

For details on how revenue uses are implemented in the model, see Section 2.2.

The policy-maker sets an initial stringency τ0 for either a tax or the performance standard.

Adaptation of the stringency level then depends on the policy support. If more than 50% of the

population supports the policy at the end of a period, consistent with a political majority-voting

rule, the stringency is increased. This is implemented in the model by setting a �xed growth rate,

ρ: τt+1 = τt(1+ρ). It results in a trajectory of the policy over time that is consistent with what we

see already in various countries, notably Sweden, Argentina, Canada (British Columbia) and South

Africa (Ramstein et al., 2019). If support for the current policy design is less or equal the support

threshold (50%), then the stringency remains unaltered: τt+1 = τt. This is in line with the case of

France, where the carbon tax was halted essentially because of insu�cient public support (Criqui

et al., 2019). A complementary argument is that gradually strengthening policy would avoid a

�shock therapy� for the economy (Pahle et al., 2018), which would also contribute to stabilize

policy support. Thus, the policy goal di�ers from traditional analysis in public economics, which

seeks to identify welfare-maximizing climate policy trajectories. We consider that governments

do not necessarily pursue optimal policies but policies that are feasible to implement given public

support. Hence, our approach can be seen as adding realism to the description of the policy process.

5.2.2 Policy-impact module

The policy-impact module relies on a general equilibrium model, which features two �rms that

produce either a low- or a high-carbon consumption good. Households then decide about their

labour supply and how to allocate their budget between the two consumption goods. They require

a minimal consumption level of the high-carbon good, re�ecting the empirical regularity that low-

income households spend a larger share of their income on carbon-intensive subsistence goods

(Klenert and Mattauch, 2016; Oswald et al., 2020).
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In line with previous modelling studies (Klenert et al., 2018b), we model two representative

pro�t-maximizing �rms by a Cobb-Douglas production function with labour, L, and energy input,

E. One �rm produces the low-carbon � or clean� good, C, and the other the high-carbon � or

dirty� one, D. Firms buy labour from the agents at the market wage, w. Without loss of generality,

we assume that the clean energy input has a zero carbon intensity. GHG emissions Gt are linear

in the use of the carbon intensive input, Gt ≡ κED,t. The carbon tax, τD, increases costs of the

carbon-intensive energy input, ED. Firms sell their good at the market price, pj . The �rms' pro�t

maximization problem at time t can then be formally described as:

maxLj,t,Ej,t F (Lj,t, Ej,t)pj,t − Ej,t(qj,t + τj,t)− Lj,twt ∀j ∈ [C,D]

with F (Lj,t, Ej,t) ≡ AtLαj,tE
ζ
j,t

Here, qj,t is the price of the energy input and At is the total factor productivity. The �rst-order

conditions of the �rms problem are:

αAtL
α−1
j,t Eζj,t = w ∀j ∈ [C,D] (5.1)

ζAtL
α
j,tE

ζ−1
j,t = qj,t + τj,t ∀j ∈ [C,D] (5.2)

Agents are heterogeneous in terms of productivity, which translates into heterogeneous income

for workers. We introduce a minimal consumption level of the high-carbon good, D̄ (known as

Stone-Geary preferences), to re�ect that low-income households spend a larger share of their income

on carbon-intensive basic goods, such as food and heating. Agent i ∈ N maximizes its welfare in

each period, subject to a budget constraint, formalized as:

maxDi,t,Ci,t,Lit Ui,t(Di,t, Ci,t, Li,t) ≡
(
Di,t − D̄

)σ
Cηi,t(1− Li,t)

1−σ−η

s.t. Di,t(pD,t − τS) + Ci,t(pC,t − τS) ≤ φiwtLi,t(1− τL,t) + bi,t

Here σ and η represent the utility weights of the high- and low-carbon goods, respectively, φi

the productivity of agent i, (1 − Li) the leisure time, τL the labour tax and bi potential direct

transfers (based on carbon-tax revenues) to agent i. The income of agent i is therefore equal to

φiwtLi,t(1 − τL,t) + bi,t. We model performance standards as a tax on carbon-intensive inputs

and a subsidy on output, τS (Goulder et al., 2016). The �rst-order conditions of the households

problem are:

σ(1− Li,t)
(1− σ − η)Di,t

=
pD,t

φiwtLi,t(1− τL,t)
∀i ∈ N (5.3)

σCi,t
ηDi,t

=
pD,t
pC,t

∀i ∈ N (5.4)

Di,tpD,t + Ci,tpC,t = φiwtLi,t(1− τLa,t) + bi,t ∀i ∈ N (5.5)
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Finally, we impose equilibrium conditions on supply and demand for the goods and labour, and

on the government budget:

F (LD,t, ED,t) =
∑
i∈N

Di,t (5.6)

F (LC,t, EC,t) =
∑
i∈N

Ci,t (5.7)

LD,t + LC,t =
∑
i∈N

φiLi,t (5.8)

ED,tτD,t +
∑
i∈N

τS,t (Di,t + Ci,t) + φiwtτL,t − bi,t = 0 (5.9)

We use the fact that Stone-Geary utility functions have a Gorman polar form (Jacobs and van der

Ploeg, 2019) and solve the model de�ned by equations (5.1 - 5.9) for a representative household

with productivity φ̄ =
∑
i∈N φi. The distribution of consumption among households is determined

ex post by the distribution of productivity. We �nd the equilibrium prices and wage as well as

the equilibrium consumption of the two goods, denoted by D?
i,t and C

?
i,t. In addition, we use the

notation Vi,t ≡ Ui,t(D?
i,t, C

?
i,t) to express the indirect utility (or wellbeing) of agent i in period t.

Implementing performance standards and a tax combined with a reduction in labour taxes is

straightforward. We assume the tax combined with the green spending of tax revenues decreases

carbon emissions in line with a rate of 40 Euros per ton (Gillingham and Stock, 2018). Finally,

modelling a progressive redistribution of tax revenues through direct transfers is more ambiguous,

since the redistribution scheme can be made more or less favourable to low-income households (see

Appendix 5.A). For the sake of simplicity and comparability with other model studies, we assume

that progressive redistribution takes the form of lump-sum transfers.

We parametrize the economic model to match the income distribution and carbon intensity of

production in Spain (National Statistical O�ce of Spain, 2020). In line with empirical estimates,

we set the minimal consumption level of the high-carbon good such that an increase in income

of 1% corresponds to an increase in emissions of 0.7% (Büchs and Schnepf, 2013). As a result,

low-income households have a more carbon-intensive consumption basket, even though they emit

less in absolute terms, than high-income households. This implies that low-income households will

experience a higher relative wellbeing loss from the carbon tax.

The module generates three indicators of policy impact: (1) personal wellbeing Wi, de�ned as

the welfare variation due to the policy; (2) distributional e�ects Qi de�ned as the change in the

Gini coe�cient of the welfare distribution M due to the policy; and (3) policy e�ectiveness Ei,

de�ned as the ratio of the remaining annual carbon budget and the number of years until the time

horizon Bt ≡
initial budget−

∑t
k=1Gk

Tfinal−t and the current level of emissions Gt.

Each indicator is normalized between 0 and 1, with 0 indicating the worst outcome and 1 the
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best. Following the �ndings in behavioural economics about the perceptions of gains and losses

(Kahneman and Tversky, 1979), we assume that personal wellbeing and distributional e�ects are

concave in gains and convex in losses, and formulate the indicators using a logistic function (Eqs.

5.10 and 5.11). If an agent's welfare or the welfare distribution are unchanged by the policy, the

indicators equal 0.5 (see Figure 5.2). Finally, e�ectiveness is de�ned as the completion of the

climate target. It is maximal if the emissions at time t (Gt) are smaller or equal than the annual

remaining carbon budget (Bt), and below 1 if they exceed it (Eq. 5.12).

Wi,t =
1

1 + exp(−0.2
Vi,t−Vi,0
Vi,0

)
(5.10)

Qi,t =
1

1 + exp(−0.2
Mi,t−Mi,0

Mi,0
)

(5.11)

Ei,t =


Bt
Gt

if BtGt ∈ [0, 1]

1 if BtGt > 1.
(5.12)
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Figure 5.2: Relation between the policy impact on wellbeing indicator and the relative change of
individual welfare due to the policy.

5.2.3 Policy-support module

The policy-support module uses an agent-based model to represent heterogeneous, dynamic and

interactive opinions about the policy. It uses empirical data from a survey conducted among

the population of Spain in August 2019 through a web-based questionnaire (see Section 5.3).
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The intrinsic opinions of agents in the model depend on the impacts of the policy and political

orientation. This is motivated by ample evidence that political views strongly correlate with

attitudes to climate change and climate policy (McCright et al., 2016; Cruz, 2017). Next, an

agent is in�uenced by opinions of its peers in a social network. We assume that agents are more

in�uenced by opinions of peers that share a similar political stance. We further address opinion

stability, and assume that agents are resistant to change their initial support about the policy, in

line with evidence from psychology (Howe and Krosnick, 2017) and demonstrated by research on

carbon-tax perceptions (Douenne and Fabre, 2019). This feature of opinion dynamics may have

been at work in the case of carbon pricing in Australia, where opinions have remained relatively

stable despite public debate about the policy (Dreyer et al., 2015).

We estimate intrinsic policy opinion based on the three indicators from the policy-impact module:

personal wellbeing, distributional e�ects and e�ectiveness. The relative importance of these factors

depends on political ideology Ii of the agents. The empirical value of political ideology is assessed

by the survey (see Figure 5.3 in Section 5.3) and lies in the interval [1,10], with 1 denoting far-left

and 10 far-right. The intrinsic opinion of climate policy, in the absence of social in�uence, is then

calculated as follows:

POi,t = (β1 + β4Ii)Wi,t + (β2 + β5Ii)Qi,t + (β3 + β6Ii)Ei,t (5.13)

The weights β are obtained by means of an econometric estimation of Eq. (5.13). From the

data, we obtain β4 > 0, β5 < 0 and β6 < 0, which means that agents with a right-wing political

ideology put a higher than average weight on personal wellbeing and lower than average weights

on e�ectiveness and distributive e�ects, while the opposite holds true for left-wing agents. The

estimated coe�cients are reported in Table 5.2 in Section 5.3.

The opinion of an agent is then subject to social in�uence, i.e. it depends on the opinions of its

peers, modelled as a similarity-biased process, also known as con�rmation bias (Nickerson, 1998).

This is a stylized feature of many real-world examples of opinion dynamics. The social interactions

in�uence policy opinion in the following manner (Konc and Savin, 2019):

SOi,t = (1− γ)POi,t + γ

∑
j∈Ni θi,jSOj,t∑

j∈Ni θi,j
(5.14)

θi,j = exp(−|Ii − Ij |)

Here SOi,t is the current opinion of the policy, Ni is the set of peers in the social network of

agent i, and θi,j is the measure of ideological similarity between the agent i and its peers. The

parameter γ ∈ [0, 1] captures the weight of social in�uence in an individual's opinion formation.
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Note that Eq. (5.14) de�nes a steady state, denoting the state after repeated social interactions

when no further change in policy acceptability is observed. We parametrize the social network in

line with the household survey (see Section 5.3 for details). According to it, richer households tend

to have more social peers and thus exert more social in�uence. Note also that this assumption

is reminiscent of works showing that richer agents have more lobbying power to in�uence certain

policy scenarios (Gilens and Page, 2014; Isley et al., 2015; Berthe and Elie, 2015). Based on this,

one might argue that to better represent political feasibility constraints, the here applied majority

rule of political decision-making could be substituted by a power-based decision rule, which gives

more political in�uence to a�uent agents. However, we capture this e�ect implicitly through

a�uent agents' higher in�uence on opinions of others.

Finally, we assume that agents are resistant to changing their initial support about the policy.

The support of agent i for the policy implemented at time t is:

Si,t = δSi,t−1 + (1− δ)SOi,t (5.15)

with δ the weight of the opinion in the previous period. The initial support Si,0 is calibrated on

the survey data. The opinion Si,t takes values in the interval [0,1]. We assume that the policy has

su�cient public support if the median support is above 0.6, in line with the majority-voting rule.1

5.3 Parametrization

Our model uses empirical data from a survey conducted among the population of Spain in August

2019 through a web-based questionnaire (Maestre-Andrés et al., 2020). The sample of citizens was

restricted to individuals over 18 years old. The survey had 2004 completed responses (response

rate 59%) obtained using a quota sampling technique representative of the Spanish population in

terms of age, gender and geographical location. The survey data include respondents' perception

about the e�ectiveness, acceptability of a carbon tax, and how they consider the carbon tax may

a�ect them personally (personal wellbeing) and low-income households in general (distributional

e�ects). Participants could respond on 5-point Likert scales, ranging from �completely ine�ec-

tive/unacceptable� to �completely e�ective/acceptable� in the case of the �rst set of questions and

from �I would be much worse o�/ they would be much worse o�� to �I would be much better o�/

they would be much better o�� in the case of the second set of questions (see Table 5.1). From this

information we derive the weights of personal wellbeing e�ects, distributional e�ects and policy

e�ectiveness in the support of climate policies (see Eq. 5.13). We normalize the weights in Table

5.2 so that POi always lies in the interval [0,1].

1The value of 0.6 corresponds to the response "somewhat acceptable" of the 5-point Likert scale we use to
parametrize the model, see Section 3.
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Table 5.1: Correspondence between survey questions and modelled variables

Variables Survey question Measurement Mean(SD)

Policy Opinion (PO) How acceptable do you
�nd a carbon tax?

Likert scale from 1
(completely unaccept-
able) to 5 (completely
acceptable)

3.00 (1.34)

Personal wellbeing (W ) How do you think a car-
bon tax will a�ect you
personally?

Likert scale from 1
(much worse o�) to 5
(much better o�)

2.24 (0.99)

Distributional e�ects (Q) How do you think a car-
bon tax will a�ect low-
income households?

Likert scale from 1
(much worse o�) to 5
(much better o�)

1.67 (0.88)

Policy e�ectiveness (E) How e�ective do you
think a carbon tax is
for reducing CO2 emis-
sions?

Likert scale from 1 (very
ine�ective) to 5 (very ef-
fective)

3.16 (1.04)

Political ideology (I) Where would you sit-
uate yourself ideologi-
cally?

Scale ranging from 1 to
10, where 1 is `left-wing'
and 10 is `right-wing'

4.47 (2.44)

Table 5.2: Regression Table

Dependent Variable: Policy opinion

Independent Variables OLS

Personal wellbeing e�ects 0.365***
(0.018)

Distributional e�ects 0.205***
(0.014)

E�ectiveness 0.511***
(0.013)

Personal wellbeing × Political ideology 0.008**
(0.003)

Distributional e�ects × Political ideology -0.005*
(0.003)

E�ectiveness × Political ideology -0.011***
(0.003)

N 2004
R2 0.902

***p < 0.01, **p < 0.05, *p < 0.1

We also derive from the survey the characteristics of the opinion social network. To this end, we

use responses to the survey question �With how many of [your peers] do you talk about climate

change or climate policy? You can enter a value between 0 and 100.� The resulting network

has an average degree of 8 and resembles a �scale free� topology, with a highly asymmetric degree

distribution where few so-called 'star agents' have a high number of peers and the majority of other

agents have few connections (Figure 5.3). The survey further shows a weak positive correlation

(0.10) between income and the number of peers. We reproduce this feature in our model, which

implies that wealthier citizens tend to be more central in social networks (Fafchamps and Gubert,
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2007).
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Figure 5.3: Distributions of number of peers and political ideology
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Table 5.3: Parameter values

Parameter Baseline
value

Source

Number of agents 1000
Number of periods 13 Di�erence between the target year 2030

and the starting year 2017
Number of social links 4000 Re-analysis of data from (Maestre-

Andrés et al., 2020)
Wellbeing e�ect weights β1=0.365;

β4=0.008
Re-analysis of data from (Maestre-
Andrés et al., 2020)

Distributional e�ect
weights

β2=0.205;
β5=-0.005

Re-analysis of data from (Maestre-
Andrés et al., 2020)

E�ectiveness weights β3=0.511;
β6=-0.011

Re-analysis of data from (Maestre-
Andrés et al., 2020)

Weight of past opinions δ 0.5 (Dreyer et al., 2015; Howe and Kros-
nick, 2017; Douenne and Fabre, 2019)

Intensity of social in�u-
ence γ

0.25 Re-analysis of data from (Becker et al.,
2017)

Abatement cost of green
spending

40 Euros per
ton

(Gillingham and Stock, 2018)

Annual productivity
growth rate

1% (OECD, 2020)

Gini coe�cient of income
distribution

0.34 (Spanish National Statistics Institute,
2020)

Share of labour in pro-
duction function, α

0.4

Share of energy in pro-
duction function, ζ

0.4

Price of polluting energy,
qD

0.5

Price of clean energy, qC 1
Share of polluting good in
utility function, σ

0.3

Share of clean good in
utility function, η

0.3

Share of leisure in utility
function, σ

0.4

Subsistence consumption
of polluting good, D̄

0.05

5.4 Results: Identifying feasible policy trajectories

Our model can calculate the public support of any policy trajectory, including non-monotonic ones.

Figure 5.4 illustrates possible co-dynamics of stringency and support that our model encompasses.

In this simulation, the tax starts relatively low and raises quickly to 40 EUR per ton. However,

this rapid increase comes at the expense of public support, which starts to fall in 2022. To restore

su�cient support and not risk political frictions, the tax should decrease in 2023 and then raise at

a more moderate pace.
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Figure 5.4: Co-dynamics between stringency, e�ectiveness, wellbeing impacts and public support.
The revenue of the tax is returned through a labour tax reduction.

5.4.1 Comparison of performance standards and carbon taxation

To �nd more general results, we simulate the model with di�erent initial values and annual growth

rates of stringency. For each initial stringency level, we assess the lowest stringency growth rate

such that total emissions stay within the carbon budget until 2030. We examine how the resulting

trajectories compare in terms of public support and its components, namely personal wellbeing,

distributional e�ects and e�ectiveness.

We �nd that both performance standards and carbon tax can potentially count on su�cient

public support, if designed adequately. However, only a subset of policy trajectories gather enough

public support over the whole period. For instance, carbon taxation featuring a very low carbon

tax in the �rst periods that increases sharply over time, might not be feasible. Such a policy

trajectory has the disadvantage of providing a weak early e�ectiveness, that makes it unlikely to

reach the support threshold during the �rst years of implementation.

Table 5.4 reports the outcomes in terms of public support and its three constituent compo-

nents for the carbon tax combined with the di�erent revenue uses, as well as for the performance

standards. The carbon tax with progressive recycling of revenues achieves the highest support, be-

cause of high wellbeing and distributional e�ects. It also receives more support from households in

low-income deciles (Figure 5.5). The redistributive aspect of the progressive policy explains these

e�ects. As low-income households are overcompensated for what they originally paid in carbon

taxes, they are better o� thanks to the policy. On the other hand, high-income households face
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a net loss due to the policy. Because the marginal utility decreases with consumption, the utility

gains of low-income households outweigh the utility losses of high-income households, resulting in

a higher aggregate wellbeing in the population.

The performance standards and the carbon tax associated with a reduction in labour taxes have

negative distributional e�ects. The average wellbeing e�ect across the population is lower than

with progressive recycling. The similarity between these policies is due to both favouring higher

income agents with a lower carbon-intensity of consumption. As noted by Levinson (2018) and

Goulder et al. (2016), standards introduce an implicit tax on ine�ciency and an implicit subsidy

on e�ciency, and thus bene�t agents with a lower carbon-intensity of consumption. Recycling the

tax revenue through a labour tax cut yields a similar outcome, since the tax payment in proportion

of their income is lower for agents with higher incomes. As a result, standards and carbon taxation

with a labour tax cut receive lower public support than with progressive redistribution. Finally, a

carbon tax with revenues used for green spending has a relatively low support. Here the revenue of

the tax is not given to households but is used to further reduce emissions. As a result, this policy

scenario results in the largest wellbeing loss, in turn undermining policy support. Therefore, even

though this policy could reach the mitigation targets with the lowest tax, it enjoys the lowest

public support, i.e. compared to the other policy scenarios considered. These �ndings suggest that

any carbon tax that is not associated with transfers to households is bound to face strong public

resistance. Moreover, this �nding stands somewhat in contrast with survey-based insights showing

that people tend to prefer green spending among all the potential revenue uses (e.g. Kotchen

et al., 2017). This apparent contradiction can be explained by the positive wellbeing e�ect of

some form of green spending, such as through improved public transport or lower air pollution,

which falls outside the scope of our analysis. Another explanation for this is that in our model

agents form their opinion based on actual policy impacts, while the survey re�ects respondents'

perception. Since households generally fail to recognize fully the systemic e�ects of a carbon tax on

the economy as a whole, they tend to regard green spending of the tax revenues as the main way to

support emission reductions (Kallbekken and Aasen, 2010). Moreover, some surveys indicate that

support for standards is likely to be higher than for taxes (Long et al., 2020) even though they are

signi�cantly more costly (Parry et al., 2014), which contrasts with our results. This is unlikely to be

caused by a preference for non-pricing instruments over pricing instruments, since the willingness

to pay may be even higher for a pricing instrument than for standards (Aldy et al., 2012; Kotchen

et al., 2017). Alternatively, a likely explanation is that households misperceive the costs associated

with stringent standards, because they are not as salient as with pricing instruments. Given a lack

of both theory and data, such perception issues are di�cult to capture in the model.
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Table 5.4: Support for di�erent policies ensuring that emissions stay within the carbon budget

Policy Maximum

support

Maximum

wellbeing

e�ects

Maximum

distributional

e�ects

Maximum

e�ectiveness

Carbon tax with:

Progressive recycling 0.76 0.58 0.64 1
Labour tax reduction 0.66 0.49 0.46 1
Green spending 0.62 0.30 0.49 1

Standards 0.65 0.47 0.46 1

Note: �Maximum� before each indicator in the title row refers to the maximum average value over time achieved for the
respective indicator. Note that maximum values for di�erent indicators do not necessarily relate to the same tax trajectory.
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Figure 5.5: Average support per income decile for di�erent uses of carbon-tax revenue. As the
simulations use random numbers, we report average results +/- one standard deviation over 50
runs.

Since the carbon tax with progressive revenue recycling performs best on public support, we

consider it in more detail. Figure 5.6 shows the tax trajectories for the policy designs which score

best on the distinct impact indicators or maximize policy support, while ensuring that emissions

stay within the carbon budget and support for each trajectory in any period exceeds the support

threshold of 50%.

The increase rate that maximizes personal wellbeing is relatively low. This slow growth of the

tax rate is driven by economic growth, as households due to increasing consumption pollute more

and should then be subject to a higher absolute tax in order to stay within the carbon budget.

This tax trajectory, however, does not achieve a support as high as a policy with lower initial tax

and a steeper increase (Figure 5.6). The explanation is that households are resistant to change

their opinion about a policy and do not fully update their opinion about a policy every time new

evidence about its e�ects arrives (see Eq. 5.15). Hence, a policy starting with a lower tax gathers

more support early on and can exploit this support in later periods due to the path dependence of

opinions.
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Figure 5.6: Carbon tax trajectories with progressive revenue recycling, for δ=0.5 and γ=0.5. We
show only tax trajectories that receive su�cient support during the entire period and achieves the
maximum average value over time for either the policy support or at least one of the policy-impact
indicators (distributive e�ects and personal wellbeing). As the simulations use random numbers,
we report average results +/- one standard deviation over 50 runs.
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5.4.2 The role of opinion stability and social in�uence

In our model, the support for the policy does not only depend on its direct impacts on households,

but also on opinion dynamics. We discuss two mechanisms that a�ect the aggregate support for

climate policy, namely opinion stability and social in�uence.

Figure 5.7 shows that when opinions of agents are more stable, tax trajectories that maximize

public support and personal wellbeing di�er. The more resistant the opinions of agents are to

change (i.e. the higher is δ), the steeper is the tax trajectory that maximizes policy support.

The reason is that a lower initial tax gathers more support early on, which translates into higher

support later because of stable opinions. Hence, due to opinion dynamics, welfare-maximizing

policies are not necessarily the ones gathering largest public support.

Social interaction also has an e�ect on the support for the carbon tax. Richer agents tend

to have more in�uence in the social network. Therefore, if a policy is bene�cial to them, they

are able to in�uence their connections to get support for it. Schemes of revenue recycling which

favour low-income agents count on less support the higher is the social in�uence exerted by rich

agents. On the other hand, when the latter bene�t from the revenue use, stronger social in�uence

increases the support for the climate policy (Table 5.5). This e�ect is stronger for rich households

with right-wing political orientation, as they put more weight on their personal wellbeing e�ects

than left-wing households (see Table 5.3).
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Figure 5.7: Carbon tax trajectories maximizing support and wellbeing for two values of δ re�ecting
distinct resistance to opinion change. Results pertain to progressive revenue recycling option.
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Table 5.5: Support for di�erent tax revenue uses in function of the strength of social in�uence, γ

Use of carbon-tax revenue γ = 0 γ = 0.25 γ = 0.75

Carbon tax with:
Progressive recycling 0.82 0.76 0.74
Labour tax reduction 0.65 0.66 0.71
Green spending 0.65 0.65 0.62

Standards 0.65 0.65 0.71

Note: We refer to maximum support as the maximum average support over time achieved with the tax recycling policy.

5.4.3 The role of income inequality

Income inequality in�uences public support for climate policies through two main channels. On the

one hand, higher income inequality implies that the distribution of consumption of the high-carbon

good changes: more agents are close to their subsistence level of consumption and agents with the

highest income are responsible for a higher share of total emissions. As a result, a carbon tax with

progressive recycling has better distributional � and wellbeing � e�ects, because it bene�ts the

bulk of the population (and similarly regressive policies have worse distributional e�ects). Over

time, this increases the support for climate policies with positive distributional e�ects.

On the other hand, higher income inequality means that wealthier agents have a stronger in�u-

ence on the opinions of other agents. This stems from the empirically motivated assumption that

social in�uence increases with income. As stated above, with high income inequality, a carbon tax

with progressive recycling bene�ts a larger number of agents but negatively a�ects high-income

earners. Depending on the strength of social in�uence, they are able to convince other agents that

progressive policies do not merit support, which drives down the support for climate policies with

positive distributional e�ects.

The link between income inequality and support for di�erent climate policies is therefore ambigu-

ous, and strongly depends on the capacity of the wealthiest agents to in�uence the implementation

of policies (Gilens and Page, 2014). Figure 5.8 shows that for high income inequality and strength

of social in�uence, regressive policies gather the largest public support. Ultimately, this demon-

strates that support for a climate policy depends on the ability of agents who (do not) bene�t from

it to in�uence other agents into supporting (rejecting) it.
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Figure 5.8: Policy maximizing public support in function of the Gini index of the income distri-
bution and the strength of social in�uence, γ. For combinations of Gini index and γ below the
blue curve, a carbon tax with progressive recycling gathers most public support. For combinations
above the curve, a carbon tax with a carbon tax with labour tax reduction, i.e. regressive recycling,
gathers most public support. To aid interpretation of the Gini index values, note that South Africa
has a Gini index around 0.60, China around 0.44, the United States around 0.41, Japan around
0.32, and the European Union around 0.30 (World Bank, 2020; Eurostat, 2020).

5.5 Conclusions

Traditionally, models of climate policy focus on e�ciency. We designed a model to identify carbon

taxes and performance standards that are both e�ective and acceptable. This was motivated

by substantial evidence that public support for climate policy is critical to its implementation.

We developed an innovative model consisting of three modules � for policy design, calculation of

impacts, and derivation of public support. We assessed trajectories of performance standards and

carbon taxation (under three distinct revenue uses) that ful�ll the requirements of e�ectiveness

and acceptability, and then identi�ed the one enjoying the highest average support.

We �nd that carbon taxation generates more support than performance standards and that

transfers to households are key to ensuring maximum support for climate policy. Progressive

redistribution is the most supported revenue-recycling policy because of its positive wellbeing

e�ects for the majority of the population. Social in�uence helps gathering support for policies

that are favourable to well-connected individuals. This is detrimental for transfers aimed at low-

income households because these tend to exert less social in�uence. Agents' tendency to resist

opinion change translates into higher support for a tax trajectory with a lower initial tax that
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increases fast in later periods. This suggests that a carbon tax is best designed in a way to

win considerable support early on, which can then be exploited in later periods. Finally, income

inequality has a double-edged e�ect on policy-support. On the one hand, higher income inequality

generally increases support for progressive policies because of their positive distributional e�ects for

a large share of the population. On the other hand, social in�uence of the richest agents increases

with income inequality, meaning that support for policies that are detrimental to them, such as

progressive policies, decreases.

There are several avenues for further research. First, more attention is needed to understand the

relation between policy impacts and public support. This can be done through surveys that link

individual and distributional impacts of climate policies to degree of support. Since our results

are sensitive to parameters in the policy opinion module, conducting similar surveys in countries

other than Spain would contribute to robustness of the results. Second, instead of focusing on

a single policy instrument such as carbon tax or performance standards, one could adapt the

framework to a policy mix involving several instruments such as carbon pricing combined with

information provision instruments. Third, our framework could also be applied to non-climate

policies for which e�ectiveness and policy support are essential, such as taxes on alcohol, tobacco

and food (Reynolds et al., 2019) or transport pricing (Schade and Schlag, 2003). Fourth, while

here we focused on citizen support, one could extend the framework with additional mechanisms

underlying political feasibility, such as lobbying by �rms and NGOs. Finally, one could model the

role of voters biased perceptions of policy impact due to bounded rationality in combination with

incomplete information due to media framing or the structure of social networks.
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Appendix 5.A Modelling progressive revenue use of carbon

taxes

Let us denote with X = x1, x2, ..., xN the incomes after tax and before redistribution of N agents.

We call progressive tax redistribution a function f(X) that meets the following four conditions.

Condition 1, progressivity (poorer agents receive more):

f(xi) ≥ f(xj) ∀xi ≤ xj

⇔ f ′(x) ≤ 0

Condition 2, ranking-neutral (agents keep the same rank in the income distribution):

xi + f(xi) ≤ xj + f(xj) ∀xi ≤ xj

⇔ df(x) + x

dx
≥ 0⇔ f ′(x) ≥ −1

Condition 3, revenue-neutral (all the tax revenue y is transferred to the agents):

∑
xk∈X

f(xk) = y

Condition 4, positivity of transfers:

f(x) ≥ 0

Let us assume that f has the following form:

f(x) = ax+ b (5.16)

From condition 3, we have:

a
∑
xk∈X

xk + bN = y

⇔ b = ax̄+ ȳ (5.17)

with ȳ the tax revenue per capita and x̄ the income per capita. We can rewrite f as follows:

f(x) = a(x− x̄) + ȳ (5.18)
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Using conditions 1, 2 and 4, we now derive the values of a such that f is progressive.

If condition 1 holds, then it is su�cient to show that the highest income xmax receives a weakly

positive transfer to prove true condition 4, i.e. f(xmax) ≥ 0. Using Eq. (5.18), we �nd the

following condition on a:

f(xmax) ≥ 0

⇔ a ≥ − ȳ

xmax − x̄
(5.19)

Furthermore, conditions 1 and 2 are equivalent to:

−1 ≤ a ≤ 0. (5.20)

Combining Eqs. (5.18 - 5.20), the following redistribution scheme is progressive:

f(x) = a(x− x̄) + ȳ (5.21)

with max(−1,− ȳ

xmax − x̄
) ≤ a ≤ 0. (5.22)

When a = 0, f is a lump-sum redistribution. As a increases, the redistribution favors more

lower-income individuals. In our model, we set a = 0.
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Conclusions and further research

6.1 Summary

This thesis has argued that social interactions are important for the design of climate policy, by

showing that social in�uence is the channel for secondary e�ects of pricing instruments. Using

agent-based modelling, I considered the role of social reinforcement for the di�usion of low-carbon

goods (Chapter 2), of changes in preferences, leading to what I call a �social multiplier�, for optimal

carbon taxation (Chapter 3 and 4), and of dynamic opinions of socially-in�uenced agents for climate

policy support (Chapter 5). The results presented in this dissertation suggest that by ignoring the

social environment in which agents make decisions, conventional climate economics models lead to

incomplete conclusions. By contrast, considering social interactions could help to design e�ective

and acceptable instruments and thus create better policy responses to the urgency of climate

change. Below I summarize the main �ndings of each chapter and suggest some avenues for further

research.

In Chapter 2, I studied how network structure and behavioural biases of agents drive the di�usion

of low-carbon goods and behaviours. Using social network simulations, I showed that if agents

exhibit con�rmation bias, which arises due to selectivity in searching evidence supporting one's

own opinion, network topologies with a highly asymmetric degree distribution achieve the highest

di�usion rate. In contrast with the existing literature, the results further prove that high clustering

does not necessarily leads to high di�usion rates when the majority of agents are resistant to

adopting the low-carbon behaviour. As networks with high degree asymmetry are particularly

prevalent in digital platforms, this result is relevant for the study of of online social networks and

so-called "in�uencers" for the di�usion of low-carbon goods and behaviours.

In Chapter 3, I described a model of carbon taxation with social interactions among consumers.

Motivated by ample empirical evidence, I assumed that consumption decisions are a�ected directly
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by the price e�ect and indirectly by changes in preferences due to imitation of peers in a social

network. I showed under which conditions this interdependence of agents' preferences gives rise

to a "social multiplier of environmental policy". Using numerical simulations, I assess how the

policy outcome depends on the strength of social in�uence, preference polarization, social network

topology, and income inequality. Furthermore, for realistic parameters, I found that the social

multiplier of taxation allows to reduce the e�ective carbon tax rate by 38%.

Chapter 4 continued the analysis of the previous one by studying the optimal tax dynamics

with socially-embedded agents and endogenous preferences. In a dynamic setting, a higher tax not

only reduces emissions through a price e�ect but also modi�es the future structure of preferences,

therefore changing the objective of the maximization. This link between tax and preferences

creates path-dependent policies, such that the optimal policy at time t depends its future e�ects on

preferences. I showed that optimal Pigouvian and target-achieving taxes could be non-monotonic

because of preference dynamics. Furthermore, I computed the optimal tax trajectory in a DICE-

like model and showed that the optimal carbon tax should start higher than the social cost of

carbon, to stimulate preference changes, and decrease after a few periods when agents exhibit

su�ciently strong preferences for low-carbon goods.

Chapter 5 studied the interconnection between public opinion and climate policy stringency.

To this end it combined a general equilibrium model, assessing the e�ects of climate policy, with

an ABM calculating the associated policy support. In this chapter, social interactions do not

in�uence consumption decisions or the outcomes of carbon taxation but the likelihood that a

climate policy is implemented. I showed that agents' tendency to resist opinion change translates

into higher support for a tax trajectory with a lower initial tax that increases fast in later periods.

Additionally I found that transfers to households are fundamental to reach maximum support for

climate policy. Finally, I proved that when social in�uence plays a stronger role in shaping agents'

opinion about the policy, transfers aimed at low-income households tend result in lower policy

support.

6.2 Further research

The results derived in this thesis o�er many avenues for future research. First, more e�ort is needed

to quantify the social e�ects of environmental taxation. Empirically, one could estimate the e�ect

of a price incentive when agents are socially interacting and when they are not. For instance, one

could measure the meat consumption of students that eat lunch either alone or in a group, before

and after the introduction of subsidies on vegetarian meals. If individuals eating in groups switch

to the meat-less option at a higher rate, this would indicate that social interactions ampli�ed the
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e�ect of the subsidy.

Second, further attention needs to be paid to understand the drivers of support for climate

policies, including interactions happening on digital social network. Longitudinal data of the

support for carbon taxes could provide valuable information to analyse the change in support

before and after policy implementation, and the possible correlation with the social environment

in which agents interact.

Finally, identifying additional instruments enhancing the e�ectiveness of carbon pricing could

improve the design of climate policy mixes. Based on the results of especially Chapter 3, infor-

mation provision policies and comparative feedbacks are promising instruments to combine with

monetary incentives and deserve further investigation. By magnifying the e�ects of carbon pricing,

such policies could help to lower carbon emissions and improve the political feasibility of climate

policy.

127


	Introduction
	Climate policy and carbon pricing
	Social interactions and design of carbon pricing
	Research questions and approach

	Social reinforcement with weighted interactions
	Introduction
	The Model
	Percolation with social reinforcement
	Weighted interactions and confirmation bias
	Network topology

	Results
	Conclusions
	Appendix Results with different confirmation bias parameters
	Appendix Time of diffusion
	Appendix Different switching costs distributions

	The social multiplier of environmental policy: Application to carbon taxation
	Introduction
	Modelling consumption choices of socially-embedded agents
	Carbon tax under socially-embedded preferences
	The multiplier effect of carbon taxation
	A Pigouvian tax under socially-embedded preferences
	A target-achieving tax under socially-embedded preferences

	Numerical simulations
	Parameter values
	Results

	Conclusions
	Appendix Proofs
	Appendix Critical value c
	Appendix Social multiplier for complementary goods, = 0.5

	The optimal trajectory of carbon taxation under socially-embedded preferences
	Introduction
	A model of endogenous preferences
	Dynamic externality taxation under endogenous preferences
	Pigouvian tax
	An integrated assessment model with preference dynamics

	Optimal tax under a carbon budget constraint
	Conclusion
	Appendix Proofs
	Appendix Parameters for numerical simulations
	Appendix Differential Evolution algorithm

	Co-dynamics of climate policy stringency and public support
	Introduction
	A model of dynamic support for climate policy
	Policy-design module
	Policy-impact module
	Policy-support module

	Parametrization
	Results: Identifying feasible policy trajectories
	Comparison of performance standards and carbon taxation
	The role of opinion stability and social influence
	The role of income inequality

	Conclusions
	Appendix Modelling progressive revenue use of carbon taxes

	Conclusions and further research
	Summary
	Further research


	Títol de la tesi: Carbon pricing meets social interactions:Implications for climate policy design
	Nom autor/a: Théo Konc


