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Abstract 

Pro-environmental behavior does not seem to diffuse sufficiently in society. Is there a way to enhance 

the degree of people’s pro-environmental behavior? This study aims to develop a dynamic model of 

mutual learning in social networks to simulate the diffusion of pro-environmental behavior and to 

search promising policies for promoting it. In terms of policy interventions, this study considers two 

ways of promoting individual environmentally friendly behavior: enhancing pro-environmental 

behavior of 1%, 5%, and 10% of people in social networks, and changing the learning patterns of 1%, 

5%, and 10% of people. The people targeted for intervention are determined by random selection, 

selection in descending order of degree centrality, and selection in descending order of eigenvector 

centrality. One of the interesting findings is that changing individual learning patterns is much more 

effective for enhancing the degree of pro-environmental behavior in social networks than trying to 

directly enhance its degree. In addition, selection of target people based on the degree centrality or 

eigenvector centrality is more influential in encouraging environmentally friendly behavior than 

random selection, particularly in the policy of changing learning patterns. There is no clear difference 

between selections based on degree centrality and eigenvector centrality. Multiplier effects are also 

measured: the ratio of the net increase in the number of people who enhance their degree of pro-

environmental behavior at the end of a certain number of time steps beyond business as usual (BAU) 

to the number of people intervened. Multiplier effects are always positive when learning patterns are 

changed, which means that the results of interventions are always better than BAU. If it is 

prohibitively costly to select target people based on centralities in a practical manner, random 

selection can be applied when the option to change learning patterns is chosen. 

 

Keywords 

Social network; Mutual learning; Multiplier effect; Degree centrality; Eigenvector centrality; 

Barabási-Albert model  



- 2 - 
 

1. Introduction 

Why does pro-environmental behavior not diffuse autonomously to a sufficient extent? Many people 

have wondered whether the movement of Ms. Greta Thunberg, ‘Fridays for Future’ can globally lead 

to substantial improvement of people’s pro-environmental behavior in social networks. Do we have 

a way of enhancing the degree of people’s pro-environmental behavior through their autonomous 

learning in social networks? 

 

We may have little incentive to improve our behavior in an environmentally sustainable manner, 

although we are often told that it is important to make our behavior more environmentally friendly. 

For example, the IPCC (Intergovernmental Panel on Climate Change) reports that we need to hold 

the rise in global average temperature to well below 2℃ above pre-industrial levels, to make efforts 

to limit the temperature increase to 1.5℃, and to achieve net-zero greenhouse gas emissions in the 

second half of this century for mitigation (IPCC 2022a). We currently fail to enhance our 

environmentally friendliness enough. Total net anthropogenic greenhouse gas emissions continued to 

increase during 2010–2019, and average annual greenhouse gas emissions during 2010–2019 were 

higher than in any previous decade (IPCC 2022b). Even though we are warned of the risk of a 

hothouse earth pathway (Steffen et al. 2018), change in our behavior is likely to be slow, and we feel 

unmotivated to make our behavior more environmentally friendly psychologically and economically 

(Gifford 2011; Krishnan and Patnam 2014; Brick et al. 2021; Carducci et al. 2021). In fact, our pro-

environmental behavior has currently not been enough to deal with global environmental issues 

(Steffen et al. 2015). 

 

We may be affected by other people connecting with us in social networks because we mutually learn 

what other people do (Gifford 2011; Krishnan and Patnam 2014). People may learn others’ choices 

based on DeGroot learning and Bayesian learning (DeGroot 1974; Acemoglu and Ozdaglar 2011; 

Golub and Sadler 2017; Molavi et al. 2018; Chandrasekhar 2020). People are also affected by 

collective community actions (Bamberg et al. 2015; Zhang et al. 2020). Peer pressure complements 

changing environmental values and stimulates pro-environmental behavior (Lazaric et al. 2020). 

However, Greta’s symbolic pro-environmental behavior has not influenced our behavior extensively 

until now. 

 

Our interest in this paper is how we can enhance the degree of pro-environmental behavior through 

autonomous mutual learning in social networks. The resulting improved behavior would be sustained 

by the positive feedback effect of individual mutual learning in networks. Up to now, two major 

environmental policy measures have been considered and implemented for making our behavior more 
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pro-environmental: command-and-control, and market-based approaches such as taxes, subsidies, 

and marketable permits (Baumol and Oates 1988; Blackman et al. 2018). The impacts of these policy 

measures diffuse widely, even beyond the boundaries of the target areas if we can develop a policy 

intervention to disseminate pro-environmental behavior effectively and efficiently through reciprocal 

learning in social networks. 

 

Change in individual behavior plays a crucial part of the collective transformation needed to 

accomplish the Sustainable Development Goals (SDGs) (Erisman et al. 2015; Chams and García-

Blandón 2019; Chabay 2020; Yamane and Kaneko 2021). This is mainly because the total of small 

burdens on the environment cannot be ignored, although individually they are considered 

insignificant locally (Wilson et al. 2013, Yamashita et al. 2021). Moreover, these negative burdens 

accumulate in some cases, such as carbon dioxide, and some chemical pollutants and their negative 

impact is amplified at an increasing rate (Rockström et al. 2009; Steffen et al. 2015; Dakos et al. 

2019; Lenton et al. 2019). In addition, polycentric diverse adaptive systems tend to become more 

robust and resilient to accommodate any disturbances (Ostrom 2010). For this reason, not only 

municipalities, national governments, and firms, but also every individual needs to take responsibility 

for global environmental issues like climate change (Dietz et al. 2003). For example, collective pro-

environmental behavior by individuals can propel governments and private profit-seeking 

corporations to behave in an environmentally friendly manner to meet their needs. Personal pro-

environmental behavior underpins collective social transformation into an environmentally 

sustainable regime. Corporate green actions and green technology diffusion are positively affected 

by consumers’ pro-environmental attitudes and behavior (Zeng et al. 2020). 

 

Social transformations and tipping processes are required to improve pro-environmental behavior 

(climate action). Humanity needs to identify human agency, social-institutional network structures, 

different spatial and temporal scales, and increased complexity as key distinctive features underlying 

social tipping processes (Winkelmann et al. 2022). To this end, some studies in the field of 

environmental science have attempted to explore the diffusion of environmentally friendly behavior 

in social networks (Tran 2012; Barnes et al. 2016; Geiger et al. 2019; Zeng et al. 2020; Wang et al. 

2021). For example, actions that directly affect marine ecosystems diffuse in social networks, but 

biases toward within-group ties may hinder the diffusion of sustainable behavior (Barnes et al. 2016). 

Diffusion of green technology and consumers’ pro-environmental attitudes interact with each other, 

and interestingly anti-environmental consumers appear through the interaction, which brings about a 

polarization of attitudes toward the environment (Zeng et al. 2020). An agent-based model tests 

various network-based targeting strategies on generated interfirm networks with different settings to 



- 4 - 
 

understand how to boost adoption and diffusion of eco-innovations (Ramkumar et al. 2022). The 

results indicate that targeting firms with high influence can more quickly diffuse incremental eco-

innovations, whereas targeting neighbors of adopters is a better strategy for more radical eco-

innovations with greater barriers to adoption (Ramkumar et al. 2022). In innovation distribution 

channels, social influence in the consumers’ social networks and advertisements through mass media 

should be used to accelerate diffusion (Kowalska-Pyzalska 2018). Promotion of pro-environmental 

behavior by personal communications works better than by mass media, based on questionnaire 

surveys conducted in Japan, Germany, and China (Ando et al. 2020). Nonetheless, little is still known 

about obstacles to the wide diffusion of pro-environmental behavior in our social networks and 

effective policy interventions to overcome bottlenecks. 

 

The purposes of this study are to develop a dynamic model of mutual learning in social networks to 

simulate the diffusion processes of pro-environmental behavior; to discuss why environmentally 

friendly behavior does not sufficiently diffuse; and to find effective policies in social networks for 

promoting diffusion of pro-environmental behavior, focusing on degree centrality and eigenvector 

centrality. A dynamic model of social networks is developed based on the Barabási-Albert model 

using Python, and the processes of mutual learning are simulated over time as a business-as-usual 

case and some cases of policy interventions. Changes in the degree of pro-environmental behavior 

due to these interventions are statistically tested to assess their effects with reference to business as 

usual. Multiplier effects are also calculated as the rate of the net increase in the number of people 

who enhance their degree of pro-environmental behavior at the end of a certain number of time steps 

from business as usual to the number of people intervened. 

 

2. Methods 

2.1 Development of social networks 

Description of mutual learning in social networks 

This study assumes that individuals interact with other individuals in social networks and modify 

their own behavior based on their neighbors’ behavior, using their own behavior adjustment rules. 

People’s behavior is more or less influenced by others’ behavior, and a symbolic behavior can diffuse 

by mutual learning in social networks. For example, a farmer's introduction of new agricultural 

technologies, a household’s food waste, and an individual opinion on global environmental issues 

can also be affected by a neighbor’s behavior in a social network (Beaman et al., 2021; Piras et al., 

2022; Teodoro et al., 2021; Williams et al., 2015). Individual pro-environmental behavior would be 

influenced by other people’s behavior through social networks (Geerts et al., 2020; Geiger et al., 

https://paperpile.com/c/SHchWk/mU7W+RNAG+0de0+Fbsy
https://paperpile.com/c/SHchWk/mU7W+RNAG+0de0+Fbsy
https://paperpile.com/c/SHchWk/F6AN+VcCQ+PcbG+affx+W0Wx
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2019; Lazaric et al., 2020; Wang et al., 2021; Zheng et al., 2020). In general, people may be more 

likely to behave as their neighbors do.  

 

People connected with each other in social networks may behave in a similar manner due to 

convergence of behavior by mutual learning. In contrast, some people may attempt to behave in a 

different way from other people around them. When we are confronted with a sharply different 

opinion formed by others, we sometimes avoid accepting it (Williams et al., 2015). For instance, 

people who are skeptical of the climate change issue may negatively respond to activists on the issue. 

As a result, they may become more focused on their own opinions. In this case, heterogeneous 

behavior will be observed in social networks. People repeatedly determine their behavior as 

consequences of their reaction to a neighbor’s behavior. 

 

Structure of social networks: Barabási-Albert model 

The structure of social networks is in itself an important modeling issue. Some social network 

structures have been specified in the network science literature. A random network is the simplest 

model and is widely used in social network studies due to its simplicity, but it does not competently 

describe social networks in the real world (Barabási, 2016). On the contrary, a scale-free network is 

considered a good description of actual social networks. The scale-free network has a structure in 

which most nodes are connected to only a few nodes, whereas only a small number of nodes have a 

large number of links. This structure coincides with the fact that most individuals have a few 

connections, but only a few people are connected to a large number of other people. For instance, the 

scale-free network has been broadly observed to represent phenomena in the real world such as 

telephone calls received, number of hits on websites, and number of citations to papers (Albert and 

Barabási 2002; Newman 2005). 

 

Therefore, this study uses the Barabási-Albert model that develops a hypothetical scale-free network 

to observe the diffusion processes of pro-environmental behavior and to investigate what 

interventions are effective in enhancing the degree of people’s pro-environmental behavior. The 

Barabási-Albert model is characterized by growth of the number of nodes and by preferential 

attachment of new nodes. New nodes enter the network (growth), and a new node tends to become 

attached to nodes that have more links (preferential attachment) (Barabási 2016). Therefore, as a node 

acquires more links, it has a greater chance of connecting to a new node (Albert and Barabási 2002). 

This preferential attachment well describes the growth processes of real social networks (Barabási 

2016). 

 

https://paperpile.com/c/SHchWk/F6AN+VcCQ+PcbG+affx+W0Wx
https://paperpile.com/c/SHchWk/mU7W
https://paperpile.com/c/SHchWk/CnUd
https://paperpile.com/c/SHchWk/KFt4+vK80
https://paperpile.com/c/SHchWk/KFt4+vK80
https://paperpile.com/c/SHchWk/KFt4
https://paperpile.com/c/SHchWk/KFt4
https://paperpile.com/c/SHchWk/KFt4
https://paperpile.com/c/SHchWk/KFt4
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2.2 Simulation Settings and Assumptions 

Treatment of the degree of pro-environmental behavior 

In this study, a dimensionless indicator, ranging from zero to one, is defined to represent the degree 

of individual pro-environmental behavior. The greater the value of the indicator, the more 

environmentally friendly is the person. Some academic studies treat the degree of pro-environmental 

behavior in a specific context. For example, the degree of environmental friendliness can be assessed 

by the extent of reduction in energy consumption (Chen et al. 2012; Peschiera and Taylor 2012). 

However, in this study, the degree of environmental friendliness is treated conceptually for the 

purpose of obtaining a generalized result through simulation using a social network model. In the 

simulation, normative analysis can be carried out by excluding uncontrollable real noise factors that 

influence people’s pro-environmental behavior (e.g., a potential effect of weather conditions on 

people’s energy consumption). 

 

Fundamental settings 

 

 
Figure 1. Example of a social network model 
Note. Each dot represents an individual, and each line indicates a connection between individuals. The color of each dot 

shows the degree of an individual’s environmental friendliness. A darker green dot color indicates a higher degree of pro-

environmental behavior. 

 

We generate a social network based on the Barabási-Albert model, including 1,000 individuals 

(nodes), as shown in Figure 1. The one thousand individuals are basically homogeneous, which 

indicates that there is no opinion leader and that all individuals affect other people through 

connections in the same manner. For simplicity, each individual is distinguished and characterized 

https://paperpile.com/c/SHchWk/dB4K+Bjuw
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by the following three factors: (1) the degree of pro-environmental behavior; (2) the number of links 

that he/she has in social networks; and (3) the learning patterns that he/she follows.  

 

It is assumed here that individuals in the simulation determine their degree of environmental 

friendliness in every period depending on (1) the cost of improving their degree of pro-environmental 

behavior and (2) their learning from other connected persons’ behavior. In general, pro-environmental 

activities are more costly than environmentally unfriendly ones, which makes people reluctant to take 

pro-environmental actions (Tobler et al. 2012). Therefore, a cost function of enhancing the degree of 

pro-environmental behavior can be formulated as follows: 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖,𝑡𝑡 = 2𝑒𝑒𝑒𝑒𝑒𝑒𝑓𝑓𝑖𝑖,𝑡𝑡 − 1 (1) 

 

where 𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖,𝑡𝑡 is individual 𝑖𝑖’s cost of being more environmentally friendly at time step 𝑡𝑡, and 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 

is the degree of environmental friendliness of individual 𝑖𝑖 at time step 𝑡𝑡. As an individual becomes 

more pro-environmental, its cost rises at an increasing rate. 

 

Three learning patterns 

 

Table 1. Short descriptions of three learning patterns 

Learning pattern Description 
DeGroot An individual replaces his/her behavior with the average behavior of other 

individuals connected to him/her. 

Best practice A person aims to achieve the highest degree of pro-environmental behavior 
among their connected individuals. 

Shirking An individual avoids enhancing the degree of pro-environmental behavior as 
much as possible. 

 

Three learning patterns are assumed for individuals in mutual learning in the network: DeGroot 

learning, ‘best practice’, and ‘shirking’ (free riding) (Table 1). First, DeGroot learning is a simple 

Markovian decision rule that an individual replaces his/her behavior with the average behavior of 

other individuals connected to him/her (Mobius and Rosenblat 2014; Mueller-Frank and Neri 2021). 

It is simple and widely used in the field of social network theory because it represents realistic 

behavior (Acemoglu and Ozdaglar 2011; Mobius and Rosenblat 2014). Presumably, this learning 

pattern is often observed in reality because it is a simple heuristic approach under bounded rationality. 

DeGroot learning is generally formulated as follows (Golub and Sadler, 2017): 

 

https://paperpile.com/c/SHchWk/YPEH
https://paperpile.com/c/SHchWk/hNUt+I8kl
https://paperpile.com/c/SHchWk/tKWV+hNUt
https://paperpile.com/c/SHchWk/QfIi
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𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 =
∑ 𝑊𝑊𝑖𝑖𝑖𝑖𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1𝑖𝑖

∑ 𝑊𝑊𝑖𝑖𝑖𝑖𝑖𝑖
� , (2) 

 

where 𝑊𝑊𝑖𝑖𝑖𝑖 is an element of an adjacency matrix 𝐖𝐖 that represents the connection of each individual 

by binary entries. The value of 𝑊𝑊𝑖𝑖𝑖𝑖 takes on a value of one if individuals 𝑖𝑖 and 𝑗𝑗 are connected in a 

social network, and zero if not.  

 

Another assumption is added to DeGroot learning to include certain realistic behavior: we often 

ignore an opinion that is far different from our own ideas, which tends to cause polarization in terms 

of people’s behavior (DellaPosta 2020; Druckman et al. 2021; Prasetya and Murata 2020). If the 

difference in the degree of pro-environmental behavior between an individual and his/her connected 

individual is larger than a certain threshold value, the individual will not learn from him/her. The 

threshold value is provisionally set to 0.25 for the purpose of simulation. In this respect, 𝑊𝑊𝑖𝑖𝑖𝑖 in period 

𝑡𝑡 can be formulated as follows: 

 

𝑊𝑊𝑖𝑖𝑖𝑖
𝑡𝑡 = �

1  𝑖𝑖𝑓𝑓 �𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1 − 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1� ≤ 0.25

0  𝑐𝑐𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑐𝑐𝑒𝑒
      𝑖𝑖𝑓𝑓 𝑊𝑊𝑖𝑖𝑖𝑖

𝑡𝑡=0 = 1. (3) 

 

In addition, it is assumed that a change in the degree of an individual’s pro-environmental behavior 

is limited in size because it is costly to enhance the degree. There is also behavioral inertia, which 

means that people do not drastically change their behavior in a short period of time (Gao et al. 2020). 

Therefore, it has been assumed that the limit of change in the costs of modifying behavior is 5% of 

the maximum cost (i.e., Equation (1)). The complete version of DeGroot learning is formulated as 

follows: 

 

𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 = 

⎩
⎪
⎨

⎪
⎧ min
𝑖𝑖=1,2,…,𝑁𝑁

�
∑ 𝑊𝑊𝑖𝑖𝑖𝑖

𝑡𝑡 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1𝑖𝑖
∑ 𝑊𝑊𝑖𝑖𝑖𝑖

𝑡𝑡
𝑖𝑖

� , 𝑙𝑙𝑐𝑐𝑙𝑙2(𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖,𝑡𝑡 + 1 + 0.05)� 𝑖𝑖𝑓𝑓 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 ≥ 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1

max
𝑖𝑖=1,2,…,𝑁𝑁

�
∑ 𝑊𝑊𝑖𝑖𝑖𝑖

𝑡𝑡 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1𝑖𝑖
∑ 𝑊𝑊𝑖𝑖𝑖𝑖

𝑡𝑡
𝑖𝑖

� , 𝑙𝑙𝑐𝑐𝑙𝑙2(𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖,𝑡𝑡 + 1 − 0.05)�  𝑖𝑖𝑓𝑓 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 < 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1
. (4) 

 

Second, the learning of ‘best practice’ is a conscientious learning pattern. Someone with ‘best practice’ 

wants to improve his/her pro-environmental behavior as much as possible. A person with ‘best 

practice’ takes the following four conditions into consideration when updating his/her degree of 

environmental friendliness. First, a person with ‘best practice’ aims to achieve the highest degree of 

https://paperpile.com/c/SHchWk/YMhp+lR69+pYr0
https://paperpile.com/c/SHchWk/KHA1
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pro-environmental behavior among their connected individuals. Second, if a person with ‘best 

practice’ has already attained the highest degree among their connected persons, he/she keeps it. Third, 

like people with DeGroot learning, even a person with ‘best practice’ does not consider behavior that 

is dramatically distinct from his/her own behavior. Fourth, a change in the degree of an individual’s 

pro-environmental behavior is also limited in the same way. The learning of ‘best practice’ is 

formulated as follows: 

 

𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 = min
𝑖𝑖=1,2…,𝑁𝑁

� max
𝑖𝑖=1,2…,𝑁𝑁

𝑊𝑊𝑖𝑖𝑖𝑖𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1, 𝑙𝑙𝑐𝑐𝑙𝑙2(𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖,𝑡𝑡 + 1 + 0.05)  �. (5) 

 

Third, the learning of ‘shirking’ is free-riding behavior. An individual avoids enhancing their own 

degree of pro-environmental behavior as much as possible. A person with a ‘shirking’ mentality 

updates his/her pro-environmental behavior in the following two ways: (1) a person with a ‘shirking’ 

attitude aims to adopt the lowest degree of pro-environmental behavior among their connected 

individuals, and (2) a change in the degree of individual pro-environmental behavior is also limited 

in the same manner. The learning of ‘shirking’ is therefore formulated as follows: 

 

𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡 = 

⎩
⎨

⎧ max
𝑖𝑖=1,2…,𝑁𝑁

� min
𝑖𝑖=1,2…,𝑁𝑁

𝑊𝑊𝑖𝑖𝑖𝑖
0𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1|𝑊𝑊𝑖𝑖𝑖𝑖

0 ≠ 0 , 𝑙𝑙𝑐𝑐𝑙𝑙2(𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖,𝑡𝑡 + 1 − 0.05)�

                                                                     𝑖𝑖𝑓𝑓 𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1 > 𝑊𝑊𝑖𝑖𝑖𝑖
0𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1|𝑊𝑊𝑖𝑖𝑖𝑖

0 ≠ 0
𝑒𝑒𝑛𝑛𝑛𝑛𝑓𝑓𝑖𝑖,𝑡𝑡−1                                            𝑖𝑖𝑓𝑓 𝑐𝑐𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑐𝑐𝑒𝑒

. (6) 

 

Reaction to the damage due to cumulative environmental burden 

It is assumed that all individuals react to the adverse effects of cumulative environmental burden. 

This assumption reflects the fact that people tend to enhance their environmental friendliness in 

response to damage from severe environmental disasters such as hurricanes, tsunamis, and droughts 

(Carlton et al. 2016; Demski et al. 2017). This adjustment process is included in the simulation model. 

Environmental burden is a function of people’s degrees of pro-environmental behavior in each time 

step and accumulates over time. If the accumulated environmental burden exceeds a threshold value, 

all individuals improve their environmental friendliness by a certain amount. The size of 

improvement and the threshold value are provisionally set to 0.05 and 10, respectively, in the model 

for the purpose of simulation. 

  

https://paperpile.com/c/SHchWk/i9Kl+Xhrt
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2.3 Simulation Design: policy intervention scenarios 

Initial conditions 

As an initial condition, it is assumed that the degree of pro-environmental behavior is distributed 

among individuals according to a beta distribution ranging from zero to one (Figure 2). This choice 

is made because this distribution of individuals’ environmental friendliness plausibly represents the 

fact that real-world people’s environmental consciousness is not sufficiently high (Steffen et al. 2015). 

Hence, individuals with lower degrees of pro-environmental behavior are more numerous, and only 

a few people have higher degrees of behavior (see Figure 2). In addition, it is assumed that the number 

of connections that each individual has in the network would be represented by a Pareto distribution 

(Barabási 2016; Newman 2005), as described earlier. 

 

An individual in the network has one of the three learning patterns among DeGroot, ‘best practice’, 

and ‘shirking’. The learning patterns with which individuals are endowed do not change over time in 

the simulation without interventions. As an initial condition, 800 persons out of 1,000 are randomly 

endowed with DeGroot learning, 100 are randomly endowed with ‘best practice’ learning, and the 

remaining 100 are randomly endowed with learning of the ‘shirking’ attitude. Table 2 lists the 

parameters and variables in the model. Thirty time steps are used for the simulations. 

 

 
Figure 2. Initial distributions of the degree of pro-environmental behavior 
Note. Distributions of the degree of pro-environmental behavior at t = 0 are shown as a sample (10 iterations in Simulation 

1-1).  

 

 

https://paperpile.com/c/SHchWk/3uuJ
https://paperpile.com/c/SHchWk/vK80+CnUd
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Table 2. Parameters and variables in the simulation models 

Parameter Symbol Possible 
values 

Parameter value in 
the simulation 

Number of individuals in the network N [2, ∞] 1,000 

Number of individuals with DeGroot learning 
 

[0, N] 800 for Simulation 
1-1, 1-2, 2, and 3; 
1000 for Simulation 
4 

Number of individuals with ‘best practice’ learning 
 

[0, N] 100 for Simulation 
1-1, 1-2, 2, and 3; 0 
for Simulation 4 

Number of individuals with ‘shirking’ learning 
 

[0, N] 100 for Simulation 
1-1, 1-2, 2, and 3; 0 
for Simulation 4 

Degree of an individual's environmental friendliness envf [0, 1] [0, 1] 

Maximum number of time steps 
 

[2, ∞] 29 

Parameters of the beta distribution a and b a > 1, b > 1 a = 1, b = 3 

Parameter of the power distribution 𝛼𝛼 𝛼𝛼 > 0 𝛼𝛼 = 3 

Opinion distance value: If the difference in envf 
between an individual and another connected 
individual is larger than this value in absolute terms, 
an individual with DeGroot or ‘best practice’ learning 
will not learn from them 

D [0, 1] 0.25 

Cost constraint value: Maximum possible change in 
the cost of modifying behavior for every time step 

C (0, 1] 0.05 

Accumulated environmental burden threshold value: 
When the environmental burden accumulated in 
distinct periods exceeds this threshold value, 
environmental damage will occur, and individuals in 
the network will improve their envf  

B [0, ∞] 10 

Adjustment value: The size of improvement in envf 
when environmental damage occurs 

I [0, 1] 0.05 

 
Experimental approaches of the simulation 

The simulation analysis is intended to test the effects of two kinds of interventions for raising the 

degree of pro-environmental behavior in the social network: (1) directly enhancing the degree of pro-

environmental behavior in the target individuals and (2) changing the learning patterns of the target 

individuals into ‘best practice’ learning. 

 

The target individuals are chosen in three ways: selection based on ‘degree centrality’, selection based 

on ‘eigenvector centrality’, and random selection. Centralities are indices that measure the importance 

of a node in networks. Degree centrality is the number of links that a node has. In the present study, 
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if an individual is connected with a larger number of other individuals, his/her degree centrality is 

large. In this case, the target individuals are selected in descending order of degree centrality. 

Eigenvector centrality measures the extent to which a node is attached to nodes that have high degree 

centrality. If a person connects to more persons that have a large number of links, his/her eigenvector 

centrality becomes higher. In this case, the target individuals are selected in descending order of 

eigenvector centrality. Random selection literally means that the target individuals are randomly 

chosen.  

 

For this purpose, this study carries out five simulations (Simulations 1-1, 1-2, 2, 3, and 4). Simulations 

1-1 and 1-2 test the intervention of directly enhancing the degree of individual environmentally 

friendly behavior by 0.1 and 0.3, respectively, including three different ways of selecting the target 

persons. Simulation 2 tests the intervention of changing individual learning patterns based on 

selecting target people with high ‘degree centrality’. Simulation 3 tests the interventions of changing 

individual learning patterns based on selecting target people with high ‘eigenvector centrality’. 

Simulation 4 compares the selection based on degree centrality with that based on eigenvector 

centrality. 

 

Several scenarios are included in each simulation for comparison. The business as usual (BAU) 

scenario is always included in each simulation. The BAU scenario predicts the consequences of the 

current state at the final time step without any interventions or any changes in exogenous variables 

and parameters. The BAU served as a baseline for comparing and testing the other intervention 

scenarios. In each scenario, ten simulation iterations are conducted. In an iteration, the same initial 

conditions for all the variables are used for all scenarios in each simulation (Simulations 1-1, 1-2, 2, 

3, and 4). This approach makes it possible to compare and test different scenarios in the same manner 

as general experiments in natural sciences. 

 

Simulations 1-1 and 1-2 have ten scenarios (Tables 3 and 4). Scenarios D1-EP (Degree centrality, 1% 

target, intervention of Enhancing the degree of Pro-environmental behavior), D5-EP, and D10-EP 

enhanced the degree of pro-environmental behavior in relation to the 1%, 5%, and 10% target 

respectively, using the selection based on degree centrality. Scenarios E1-EP (Eigenvector centrality, 

1% target, intervention of Enhancing the degree of Pro-environmental behavior), E5-EP, and E10-

EP improve the degree of pro-environmental behavior in relation to the 1%, 5%, and 10% target 

respectively, using the selection based on eigenvector centrality. Scenarios R1-EP (Random selection, 

1% target, intervention of Enhancing the degree of Pro-environmental behavior), R5-EP, and R10-
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EP enhance the degree of pro-environmental behavior in relation to the 1%, 5%, and 10% target, 

respectively, using random selection.  

 

Table 3. Setups of Simulations 1-1 

Scenario Target Intervention 
Description 

BAU - No intervention 
D1-EP 1% of individuals in descending order of degree centrality 

Directly enhancing the 
degree of pro-
environmental behavior 
by 0.1 

D5-EP 5% of individuals in descending order of degree centrality 
D10-EP 10% of individuals in descending order of degree centrality 

E1-EP 1% of individuals in descending order of eigenvector centrality 

E5-EP 5% of individuals in descending order of eigenvector centrality 

E10-EP 10% of individuals in descending order of eigenvector centrality 

R1-EP 1% of individuals by random selection 

R5-EP 5% of individuals by random selection 
R10-EP 10% of individuals by random selection 

 
Table 4. Setups of Simulations 1-2 

Scenario Target Intervention 
Description 

BAU - No intervention 
D1-EP 1% of individuals in descending order of degree centrality 

Directly enhancing the 
degree of pro-
environmental behavior 
by 0.3 

D5-EP 5% of individuals in descending order of degree centrality 

D10-EP 10% of individuals in descending order of degree centrality 

E1-EP 1% of individuals in descending order of eigenvector centrality 
E5-EP 5% of individuals in descending order of eigenvector centrality 

E10-EP 10% of individuals in descending order of eigenvector centrality 

R1-EP 1% of individuals by random selection 

R5-EP 5% of individuals by random selection 

R10-EP 10% of individuals by random selection 
 

Simulation 2 has ten scenarios (Table 5). Scenarios D1-EP, D5-EP, and D10-EP are the same as 

described above. These scenarios are necessary for comparing the following intervention scenarios. 

Scenarios D1-CL (Degree centrality, 1% target, intervention of Changing Learning patterns), D5-CL, 

and D10-CL convert individual learning patterns into ‘best practice’ learning in relation to the 1%, 

5%, and 10% targets, respectively, using selection based on degree centrality. Scenarios R1-CL 

(Random section, 1% target, intervention of Changing Learning patterns), R5-CL, and R10-CL 

change individual learning patterns in relation to the 1%, 5%, and 10% targets, respectively, using 

random selection.  
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Simulation 3 has ten scenarios (Table 6). Scenarios E1-EP, E5-EP, and E10-EP are the same as 

described above. Scenarios E1-CL (Eigenvector centrality, 1% target, intervention of Changing 

Learning patterns), E5-CL, and E10-CL convert individual learning patterns into ‘best practice’ 

learning in relation to the 1%, 5%, and 10% targets respectively, using the selection based on 

eigenvector centrality.  

 

An initial setting of learning pattern allocation is slightly modified in Simulations 2 and 3 to test the 

intervention of converting learning patterns into ‘best practice’. Learning patterns are essentially 

randomly allocated to individuals, but the target persons in the intervention are not endowed with 

‘best practice’ learning initially. 

 

Table 5. Setups of Simulation 2 

Scenario Target Intervention 
Description 

BAU - No intervention 
D1-EP 1% of individuals in descending order of degree centrality Directly enhancing the 

degree of pro-
environmental behavior 
by 0.3 

D5-EP 5% of individuals in descending order of degree centrality 
D10-EP 10% of individuals in descending order of degree centrality 
D1-CL 1% of individuals in descending order of degree centrality 

Changing learning 
patterns to ‘best 
practice’ 

D5-CL 5% of individuals in descending order of degree centrality 
D10-CL 10% of individuals in descending order of degree centrality 

R1-CL 1% of individuals by random selection 

R5-CL 5% of individuals by random selection 

R10-CL 10% of individuals by random selection 
 

Table 6. Setups of Simulation 3 

Scenario Target Intervention 
Description 

BAU - No intervention 
E1-EP 1% of individuals in descending order of eigenvector centrality Directly enhancing the 

degree of pro-
environmental behavior 
by 0.3 

E5-EP 5% of individuals in descending order of eigenvector centrality 
E10-EP 10% of individuals in descending order of eigenvector centrality 
E1-CL 1% of individuals in descending order of eigenvector centrality 

Changing learning 
patterns to ‘best 
practice’ 

E5-CL 5% of individuals in descending order of eigenvector centrality 

E10-CL 10% of individuals in descending order of eigenvector centrality 
R1-CL 1% of individuals by random selection 

R5-CL 5% of individuals by random selection 

R10-CL 10% of individuals by random selection 
 



- 15 - 
 

Simulation 4 consists of six scenarios to compare the selection based on degree centrality with that 

based on eigenvector centrality (Table 7). Scenarios D1-CL, D5-CL, D10-CL, E1-CL, E5-CL, and 

E10-CL are the same as described above. The initial allocation of learning patterns is simplified in 

Simulation 4. Initially, all individuals are endowed with DeGroot learning.  

 

Table 7. Setups of Simulation 4 

Scenario Targeting Strategy Intervention 
Description 

D1-CL 1% of individuals in descending order of degree centrality 

Changing learning 
patterns to ‘best 
practice’ 

D5-CL 5% of individuals in descending order of degree centrality 

D10-CL 10% of individuals in descending order of degree centrality 

E1-CL 1% of individuals in descending order of eigenvector centrality 
E5-CL 5% of individuals in descending order of eigenvector centrality 

E10-CL 10% of individuals in descending order of eigenvector centrality 
 

Program codes for simulations 

We develop program codes for implementing the simulations, using Python version 3.7. 

 

2.4 Data Analysis 

The effects of the interventions on the degree of pro-environmental behavior in the social network 

are evaluated by the following two analyses.  

 

Statistical significance test 

Statistical significance tests (paired t-test) are conducted to consider changes in the same individual. 

This test evaluates whether an intervention is more effective than another scenario using statistical 

significance in each iteration. Therefore, comparing the effect of an intervention scenario with that 

of another scenario does not necessarily yield a decisive conclusion. Depending on the number of 

iterations, which scenario is more effective may vary in some cases. The conclusion is also sometimes 

sensitive to the initial simulation conditions, which is why simulation is useful for considering the 

robustness of the evaluation. In this study, all the results of tests in iterations will be shown. 

 

Multiplier effect 

A multiplier effect for each scenario is calculated. The multiplier effect is defined as the ratio of the 

net increase in the number of people who enhance their degree of pro-environmental behavior at the 

end point of a certain number of time steps in comparison with business as usual (BAU) to the number 

of people intervened (see Equation 7). The numerator of the fraction is the difference-in-differences 

between the number of persons improving their level of pro-environmental behavior and the number 
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of persons making it worse, comparing the intervention scenario with the BAU. In general, the 

difference-in-differences becomes large as the scale of intervention expands. Therefore, it is 

necessary to divide the numerator by the number of persons experiencing an intervention 

(denominator) so that the efficiency of intervention can be measured. 

 

The multiplier effect is also important for democratic decision-making with regard to environmental 

policies because it measures the percentage of people who enhance their degree of pro-environmental 

behavior. As more people tend to increase their levels of environmental friendliness, more pro-

environmental policies can be chosen and implemented. The concept can be expressed 

mathematically as follows: 

 

𝑀𝑀𝑀𝑀𝑙𝑙𝑡𝑡𝑖𝑖𝑀𝑀𝑙𝑙𝑖𝑖𝑒𝑒𝑒𝑒 𝐸𝐸𝑓𝑓𝑓𝑓𝑒𝑒𝑐𝑐𝑡𝑡 =
�(𝑁𝑁𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠

𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖 − 𝑁𝑁𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠
𝑑𝑑𝑒𝑒𝑖𝑖𝑠𝑠𝑠𝑠𝑑𝑑𝑖𝑖𝑒𝑒𝑖𝑖) − (𝑁𝑁𝐵𝐵𝐵𝐵𝐵𝐵

𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖 − 𝑁𝑁𝐵𝐵𝐵𝐵𝐵𝐵
𝑑𝑑𝑒𝑒𝑖𝑖𝑠𝑠𝑠𝑠𝑑𝑑𝑖𝑖𝑒𝑒𝑖𝑖)�

𝑁𝑁𝑀𝑀𝑁𝑁𝑁𝑁𝑒𝑒𝑒𝑒 𝑐𝑐𝑓𝑓 𝑀𝑀𝑒𝑒𝑒𝑒𝑐𝑐𝑐𝑐𝑛𝑛𝑐𝑐 𝑒𝑒𝑒𝑒𝑀𝑀𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑛𝑛𝑐𝑐𝑖𝑖𝑛𝑛𝑙𝑙 𝑖𝑖𝑛𝑛𝑡𝑡𝑒𝑒𝑒𝑒𝑛𝑛𝑒𝑒𝑛𝑛𝑡𝑡𝑖𝑖𝑐𝑐𝑛𝑛
, (7) 

 

where 𝑁𝑁𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠
𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖 is the number of persons improving their behavior in the intervention scenario, 

𝑁𝑁𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠
𝑑𝑑𝑒𝑒𝑖𝑖𝑠𝑠𝑠𝑠𝑑𝑑𝑖𝑖𝑒𝑒𝑖𝑖  is the number of persons degrading their behavior in the intervention scenario, 

𝑁𝑁𝐵𝐵𝐵𝐵𝐵𝐵
𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖 is the number of persons improving their behavior in the BAU case, and 𝑁𝑁𝐵𝐵𝐵𝐵𝐵𝐵

𝑑𝑑𝑒𝑒𝑖𝑖𝑠𝑠𝑠𝑠𝑑𝑑𝑖𝑖𝑒𝑒𝑖𝑖 is 

the number of persons degrading their behavior in the BAU case.  

 

3. Simulation Results 

3.1. Descriptive Data of Simulation Results 

Tables 8–12 show the results of Simulations 1-1, 1-2, 2, 3, and 4. They show the average values of 

the degree of pro-environmental behavior (denoted by ‘envf’) of 1,000 individuals at t = 0 (initial 

period) and t = 29 (end period) for each simulation scenario. For example, in Table 8, 0.272 is the 

average at the initial period of all simulation scenarios, and 0.254 is the average at the end period of 

the business as usual (BAU) scenario in Iteration 1. The averages of ten iterations are also shown in 

the last row. By comparing the average of the BAU with the averages of the other scenarios, the 

effects of the scenarios can be grasped. Statistical significance tests are used to check which cases 

have an actual difference from the base case.  
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Table 8. Results of Simulation 1-1 

  Average at t = 29 

Iteration Average  
at t = 0 BAU D1-EP D5-EP D10-EP E1-EP E5-EP E10-EP R1-EP R5-EP R10-EP 

1 0.272 0.254 0.254 0.258 0.263 0.253 0.258 0.263 0.256 0.261 0.266 
2 0.295 0.299 0.288 0.300 0.309 0.289 0.295 0.299 0.297 0.304 0.302 
3 0.281 0.271 0.273 0.272 0.275 0.270 0.269 0.278 0.272 0.267 0.266 
4 0.288 0.259 0.255 0.260 0.261 0.251 0.250 0.256 0.261 0.263 0.276 
5 0.275 0.332 0.332 0.333 0.336 0.332 0.333 0.329 0.332 0.333 0.330 
6 0.300 0.298 0.292 0.302 0.311 0.288 0.299 0.308 0.302 0.301 0.302 
7 0.271 0.255 0.258 0.259 0.266 0.260 0.262 0.273 0.256 0.264 0.267 
8 0.295 0.286 0.292 0.298 0.303 0.290 0.302 0.300 0.287 0.289 0.300 
9 0.272 0.261 0.270 0.271 0.272 0.269 0.274 0.276 0.263 0.265 0.268 
10 0.267 0.254 0.253 0.266 0.269 0.252 0.267 0.270 0.256 0.254 0.259 

Average of 
10 iterations 0.282 0.277 0.277 0.282 0.287 0.275 0.281 0.285 0.278 0.280 0.284 

Note: The average value of the degree of the pro-environmental behavior of 1,000 individuals is shown in each iteration 

for the various scenarios. 

 

Table 9. Results of Simulation 1-2 

  Average at t = 29 

Iteration Average  
at t = 0 BAU D1-EP D5-EP D10-EP E1-EP E5-EP E10-EP R1-EP R5-EP R10-EP 

1 0.302 0.303 0.296 0.306 0.322 0.295 0.310 0.323 0.305 0.308 0.314 
2 0.273 0.254 0.269 0.291 0.298 0.266 0.289 0.299 0.259 0.277 0.287 
3 0.306 0.299 0.306 0.319 0.329 0.307 0.316 0.329 0.303 0.312 0.322 
4 0.284 0.305 0.305 0.313 0.317 0.307 0.311 0.327 0.305 0.315 0.309 
5 0.279 0.274 0.274 0.275 0.295 0.271 0.283 0.288 0.278 0.284 0.292 
6 0.281 0.221 0.222 0.217 0.238 0.221 0.229 0.233 0.222 0.230 0.225 
7 0.292 0.286 0.287 0.299 0.329 0.288 0.309 0.316 0.289 0.300 0.306 
8 0.257 0.270 0.286 0.285 0.309 0.289 0.292 0.298 0.272 0.287 0.307 
9 0.295 0.278 0.284 0.296 0.300 0.284 0.298 0.311 0.277 0.272 0.279 
10 0.298 0.319 0.327 0.339 0.348 0.328 0.334 0.340 0.326 0.333 0.353 

Average of 
10 iterations 0.287 0.281 0.286 0.294 0.308 0.286 0.297 0.306 0.284 0.292 0.299 

Note: The average value of the degree of pro-environmental behavior of 1,000 individuals is shown in each iteration for 

the various scenarios.  
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Table 10. Results of Simulation 2 

  Average at t = 29 

Iteration Average  
at t = 0 BAU D1-EP D5-EP D10-EP E1-EP E5-EP E10-EP R1-EP R5-EP R10-EP 

1 0.291 0.284 0.287 0.303 0.320 0.373 0.558 0.712 0.296 0.322 0.402 
2 0.261 0.265 0.269 0.289 0.304 0.384 0.699 0.801 0.270 0.293 0.346 
3 0.294 0.310 0.312 0.322 0.333 0.444 0.648 0.741 0.317 0.361 0.404 
4 0.293 0.299 0.283 0.308 0.328 0.398 0.548 0.719 0.310 0.337 0.380 
5 0.286 0.263 0.271 0.289 0.310 0.365 0.508 0.743 0.269 0.309 0.360 
6 0.292 0.284 0.294 0.302 0.310 0.399 0.598 0.745 0.291 0.324 0.382 
7 0.302 0.291 0.297 0.311 0.325 0.413 0.582 0.778 0.299 0.330 0.399 
8 0.295 0.290 0.298 0.316 0.342 0.417 0.571 0.702 0.304 0.362 0.418 
9 0.297 0.300 0.301 0.308 0.322 0.411 0.613 0.733 0.312 0.349 0.390 
10 0.279 0.279 0.280 0.292 0.316 0.404 0.566 0.722 0.291 0.343 0.386 

Average of 
10 iterations 0.289 0.287 0.289 0.304 0.321 0.401 0.589 0.739 0.296 0.333 0.387 

Note: The average value of the degree of pro-environmental behavior of 1,000 individuals is shown in each iteration for 

the various scenarios. 

 

Table 11. Results of Simulation 3 

  Average at t = 29 

Iteration Average  
at t = 0 BAU D1-EP D5-EP D10-EP E1-EP E5-EP E10-EP R1-EP R5-EP R10-EP 

1 0.288 0.288 0.292 0.296 0.306 0.419 0.525 0.581 0.299 0.329 0.369 
2 0.276 0.286 0.286 0.302 0.303 0.400 0.620 0.718 0.295 0.331 0.401 
3 0.288 0.288 0.292 0.303 0.302 0.375 0.518 0.689 0.294 0.319 0.371 
4 0.290 0.281 0.275 0.285 0.299 0.392 0.561 0.673 0.286 0.321 0.367 
5 0.284 0.263 0.266 0.283 0.297 0.390 0.594 0.674 0.268 0.301 0.365 
6 0.303 0.281 0.284 0.298 0.318 0.425 0.628 0.774 0.292 0.331 0.387 
7 0.309 0.304 0.302 0.314 0.337 0.395 0.567 0.751 0.312 0.343 0.398 
8 0.284 0.285 0.299 0.300 0.310 0.433 0.521 0.623 0.297 0.334 0.386 
9 0.290 0.268 0.273 0.279 0.295 0.368 0.531 0.614 0.274 0.303 0.340 
10 0.301 0.294 0.294 0.300 0.313 0.421 0.497 0.587 0.307 0.352 0.390 

Average of 
10 iterations 0.291 0.284 0.286 0.296 0.308 0.402 0.556 0.669 0.292 0.326 0.377 

Note: The average value of the degree of pro-environmental behavior of 1,000 individuals is shown in each iteration of 

the various scenarios. 

 

  



- 19 - 
 

Table 12. Results of Simulation 4 

  Average at t = 29 

Iteration Average  
at t = 0 D1-CL D5-CL D10-CL E1-CL E5-CL E10-CL 

1 0.291 0.397 0.548 0.652 0.396 0.548 0.652 
2 0.298 0.401 0.550 0.696 0.403 0.549 0.699 
3 0.280 0.385 0.540 0.670 0.386 0.541 0.673 
4 0.288 0.397 0.590 0.743 0.396 0.592 0.743 
5 0.283 0.392 0.566 0.716 0.395 0.564 0.714 
6 0.271 0.377 0.498 0.578 0.377 0.497 0.581 
7 0.284 0.393 0.528 0.660 0.394 0.529 0.661 
8 0.283 0.393 0.568 0.704 0.393 0.567 0.706 
9 0.305 0.413 0.602 0.760 0.412 0.602 0.760 
10 0.284 0.400 0.604 0.772 0.402 0.606 0.769 

Average of 
10 iterations 0.287 0.395 0.559 0.695 0.395 0.559 0.696 

Note: The average value of the degree of pro-environmental behavior of 1,000 individuals is shown in each iteration of 

the various scenarios. 

 

3.2. Direct intervention in the degree of individual pro-environmental behavior 

Simulation 1-1: Enhancing the degree of target individuals’ pro-environmental behavior by 0.1 

Figure 3 shows the results of Simulation 1-1 with statistical tests, in which the levels of target 

individuals’ pro-environmental behavior are enhanced by 0.1. The impact on the degrees of individual 

environmental friendliness in the D1 (1% intervention by the target selection based on degree 

centrality) and E1 (1% intervention by the target selection based on eigenvector centrality) scenarios 

is similar to that of business as usual (BAU). In fact, the results of D1 and E1 are sometimes worse 

than those of BAU, which is the basis for assessment of interventions. It is noteworthy that the degrees 

of individual pro-environmental behavior deteriorate in three iterations out of ten in the D1 and E1 

scenarios compared with BAU. The effects of scenario R1 (1% intervention by random selection) are 

also equivalent to those of business as usual. On the other hand, the other scenarios with higher 

percentages of intervention targets, except for the E5 and E10 scenarios, sufficiently improve the 

degree of individual pro-environmental behavior in comparison with BAU. In this simulation, it turns 

out that, on the whole, the percentage of intervention target individuals is more important than the 

method used to select the intervention targets. Whichever method is chosen, there is no change in the 

resulting levels of individual pro-environmental behavior as long as the percentage of intervention 

target individuals remains the same. The size of the enhancement, 0.1, as the initial intervention may 

have been so small that the difference in effect among different intervention scenarios cannot be 

observed. 
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Figure 3. Which scenario is more effective? (Simulation 1-1) 
Note: The red bar shows the number of iterations in which the impact of the scenario on the left is larger than that of the 

scenario on the right with 5% statistical significance. The blue bar shows the number of iterations in which the impact of 

the scenario on the right is larger than that of the scenario on the left with 5% statistical significance. The gray bar shows 

the number of iterations in which there is no statistically significant difference.  
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Simulation 1-2: Enhancing the degree of target individuals’ pro-environmental behavior by 0.3 

 

 
Figure 4. Which scenario is more effective? (Simulation 1-2) 
Note: The red bar shows the number of iterations in which the impact of the scenario on the left is larger than that of the 

scenario on the right with 5% statistical significance. The blue bar shows the number of iterations in which the impact of 

the scenario on the right is larger than that of the scenario on the left with 5% statistical significance. The gray bar shows 

the number of iterations in which there is no statistically significant difference.  

 

Figure 4 indicates the results of Simulation 1-2 with statistical tests, in which the levels of target 

individuals’ pro-environmental behavior are enhanced by 0.3. Three of the findings are similar to 

those in Simulation 1-1. First, the business-as-usual scenario is worse than any other intervention 

scenario regarding improvement of individual pro-environmental behavior although there is no 

difference in some cases. Second, there is almost no difference in the effect on the level of individual 

pro-environmental behavior between intervention scenarios based on degree centrality and on 
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eigenvector centrality. Third, there is no change in the degree of individual pro-environmental 

behavior between interventions by random selection of targets and interventions based on centralities 

in the case that the percentage of intervention targets is only 1%. However, interventions by random 

selection are less effective for improving pro-environmental behavior than those based on centralities 

when the percentage of targets is set at 5% or 10%. 

 

3.3. Conversion of individual learning patterns 

Simulation 2: Changing individual learning patterns from DeGroot to ‘best practice’ by target 

selection based on degree centrality 

The results of Simulation 2 are provided in Figure 5 with statistical tests, in which the effects of 

changing individual learning patterns from DeGroot to ‘best practice’ by target selection based on 

degree centrality are assessed in comparison with business as usual (BAU) and other intervention 

scenarios. The critical finding is that alteration in individual learning patterns is effective for 

improving the level of personal environmentally friendly behavior. Let us explain this in detail. First, 

when selecting intervention targets based on degree centrality, the positive effects of altering targets’ 

learning patterns on the resulting degree of individual pro-environmental behavior are larger than 

those of enhancing the same targets’ degree of pro-environmental behavior by 0.3, for intervention 

target percentages of 1%, 5%, and 10%. Surprisingly, changing the learning patterns of 1% of 

individuals has more impact than improving 10% of individuals’ pro-environmental behavior. Second, 

interventions that select targets based on degree centrality are more powerful than those that work by 

random selection. Interventions with a lower percentage of targets (1% and 5% respectively) that 

select based on degree centrality are still more effective than interventions with a higher percentage 

of targets (5% and 10%) that use random selection. Third, even converting learning patterns by 

random selection of targets is relatively effective compared to augmenting the levels of individual 

pro-environmental behavior by target selection based on degree centrality.  
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Figure 5. Which scenario is more effective? (Simulation 2) 
Note: The red bar shows the number of iterations in which the impact of the scenario on the left is larger than that of the 

scenario on the right with 5% statistical significance. The blue bar shows the number of iterations in which the impact of 

the scenario on the right is larger than that of the scenario on the left with 5% statistical significance. The gray bar shows 

the number of iterations in which there is no statistically significant difference.  

 

Simulation 3: Changing individual learning patterns from DeGroot to ‘best practice’ by target 

selection based on eigenvector centrality 

Figure 6 indicates the results of Simulation 3 with statistical tests, which evaluates changing 

individual learning patterns from DeGroot to ‘best practice’ by target selection based on eigenvector 

centrality in comparison with altering learning patterns by random selection and enhancing the degree 

of individual pro-environmental behavior by selection based on eigenvector centrality. It turns out 

that changing individual learning patterns by target selection based on eigenvector centrality is more 

effective than the other two approaches.  
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Figure 6. Which scenario is more effective? (Simulation 3) 
Note: The red bar shows the number of iterations in which the impact of the scenario on the left is larger than that of the 

scenario on the right with 5% statistical significance. The blue bar shows the number of iterations in which the impact of 

the scenario on the right is larger than that of the scenario on the left with 5% statistical significance. The gray bar shows 

the number of iterations in which there is no statistically significant difference.  

 

Simulation 4: Comparing interventions between target selection based on degree centrality and 

eigenvector centrality 

Figure 7 shows the results of Simulation 4 with statistical tests, which compares the impacts of 

interventions on the consequent levels of personal environmentally friendly behavior between target 

selections based on degree centrality and eigenvector centrality. At the same percentages of 

intervention targets (1%, 5%, and 10%), there is no change between them. For example, at 1% of 

targets, there is no difference in seven iterations out of ten, the intervention based on degree centrality 

is better once, and the intervention based on eigenvector centrality is better twice. At 5% of targets, 
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there is no difference in nine iterations out of ten, and the intervention based on degree centrality is 

better once. At 10% of targets, there is no difference in five iterations out of ten, the intervention 

based on degree centrality is better twice, and the intervention based on eigenvector centrality is better 

three times. 

 

 
Figure 7. Which scenario is more effective? (Simulation 4) 
Note: The red bar shows the number of iterations in which the impact of the scenario on the left is larger than that of the 

scenario on the right with 5% statistical significance. The blue bar shows the number of iterations in which the impact of 

the scenario on the right is larger than that of the scenario on the left with 5% statistical significance. The gray bar shows 

the number of iterations in which there is no statistically significant difference.  

 

3.4. Multiplier effect 

Multiplier effects are calculated for each simulation scenario. According to Tables 13 and 14, except 

for the D1 and E1 scenarios in Simulation 1-2, the multiplier effects of enhancing the levels of pro-

environmental behavior are negative in Simulations 1-1 and 1-2. This means that no intervention 

scenarios work because they are worse than the BAU. 

 

The interesting finding in Tables 13 and 14 is that the multiplier effect diminishes as the percentage 

of intervention targets increases from 1% to 5% and then to 10%. For example, the average multiplier 

effect of the intervention scenario by target selection based on degree centrality goes down. This 
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result implies that the marginal impact of an increase in the number of persons experiencing 

intervention on the multiplier effect decreases. In other words, the intervention becomes less efficient 

as the size of the intervention is enlarged. 

 

Table 13. Multiplier effect of Simulation 1-1 

Scenario 
Average 

Difference 
of 10 iterations 

Average  
Difference in Difference  

of 10 iterations 

Average  
Multiplier Effect  
of 10 iterations 

t-value 

BAU 117.10 - - - 
D1-EP 115.40 -1.70 -0.17 -0.21 
D5-EP 113.30 -3.80 -0.08 -0.42 

D10-EP 101.60 -15.50 -0.16 -1.49 
E1-EP 112.00 -5.10 -0.51 -0.58 
E5-EP 107.10 -10.00 -0.20 -0.88 
E10-EP 93.70 -23.40 -0.23 -2.15 
R1-EP 111.40 -5.70 -0.57 -1.75 
R5-EP 103.50 -13.60 -0.27 -2.94 

R10-EP 90.20 -26.90 -0.27 -3.07 
Note. The t-value shows the results of testing the null hypothesis that the average multiplier effect is zero. 

 

Table 14. Multiplier effect of Simulation 1-2 

Scenario 
Average 

Difference 
of 10 iterations 

Average  
Difference in Difference  

of 10 iterations 

Average  
Multiplier Effect  
of 10 iterations 

t-value 

BAU 109.50 - - - 
D1-EP 113.10 3.60 0.36 0.54 
D5-EP 106.30 -3.20 -0.06 -0.40 

D10-EP 98.10 -11.40 -0.11 -1.96 
E1-EP 111.70 2.20 0.22 0.24 
E5-EP 107.10 -2.40 -0.05 -0.41 
E10-EP 91.60 -17.90 -0.18 -2.92 
R1-EP 104.40 -5.10 -0.51 -1.05 
R5-EP 85.20 -24.30 -0.49 3.30 
R10-EP 55.90 -53.60 -0.54 -6.46 

Note. The t-value shows the results of testing the null hypothesis that the average multiplier effect is zero. 

 

Table 15 compares the multiplier effects between the interventions of converting personal learning 

patterns by target selection based on degree centrality and by random selection in Simulation 2. The 

multiplier effects are positive, which means that the interventions are more effective than BAU. More 

importantly, the multiplier effects in the D1, D5, and D10 scenarios are larger than those in the R1, 
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R5, and R10 scenarios respectively with statistical significance. Changing learning patterns by target 

selection based on degree centrality is therefore more powerful than doing so by random selection. 

 

Table 15. Multiplier effect of Simulation 2 

Scenario 
Average 

Difference 
of 10 iterations 

Average  
Difference in Difference  

of 10 iterations 

Average  
Multiplier Effect  
of 10 iterations 

t-value 

BAU 152.50 - - - 
D1-CL 384.90 232.40 23.24 23.11 
D5-CL 584.30 431.80 8.64 40.72 
D10-CL 684.10 531.60 5.32 46.62 
R1-CL 180.40 27.90 2.79 5.39 
R5-CL 270.50 118.00 2.36 15.10 
R10-CL 376.80 224.30 2.24 17.06 

Note. The t-value shows the result of testing the null hypothesis that the average multiplier effect is zero. 

 

Table 16 compares multiplier effects between the interventions of converting personal learning 

patterns by target selection based on eigenvector centrality and random selection in Simulation 3. The 

multiplier effects are also positive, which means that the interventions are more effective than BAU. 

The significant result is that the multiplier effects in the E1, E5, and E10 scenarios are greater than 

those in the R1, R5, and R10 scenarios respectively with statistical significance. In other words, 

altering learning patterns by target selection based on eigenvector centrality is more effective than 

doing so by random selection. 

 

Finally, Tables 15 and 16 indicate that the multiplier effect decreases as the percentage of intervention 

targets rises from 1% to 5% and 10% in Simulations 2 and 3. The marginal impact of the increase in 

the number of targets experiencing intervention on the multiplier effect also diminishes in the 

interventions aiming to change learning patterns. 
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Table 16. Multiplier effect of Simulation 3 

Scenario 
Average 

Difference 
of 10 iterations 

Average  
Difference in Difference  

of 10 iterations 

Average  
Multiplier Effect  
of 10 iterations 

t value 

BAU 126.60 - - - 
E1-CL 355.40 228.80 22.88 14.66 
E5-CL 525.50 398.90 7.98 19.40 
E10-CL 621.20 494.60 4.95 23.77 
R1-CL 153.20 26.60 2.66 7.54 
R5-CL 241.80 115.20 2.30 13.58 
R10-CL 352.60 226.00 2.26 22.79 

Note. The t-value shows the result of testing the null hypothesis that the average multiplier effect is zero. 

 

4. Discussion 

4.1. What intervention is necessary? 

Based on the simulation results in this study, pro-environmental behavior cannot sufficiently diffuse 

under business as usual (BAU). BAU consequently cannot enhance the degree of individual pro-

environmental behavior in social networks. At least, interventions are required to enhance the degree 

of pro-environmental behavior and its diffusion. The next question, of course, is what intervention is 

necessary? 

 

According to the results, direct interventions that aim to increase the degree of pro-environmental 

behavior of target individuals are ineffective, but interventions that change the learning patterns of 

target individuals are effective. As long as the same target individuals are engaged in the same social 

networks under identical conditions, the resulting average degree of pro-environmental behavior is 

higher in the case of changing learning patterns than in the case of indirect interventions. 

 

Even considering the multiplier effects, almost all the direct interventions are ineffective. On the other 

hand, all the interventions that alter learning patterns are effective. The multiplier effect measures 

change in the percentage of people who enhance their degree of pro-environmental behavior. Note 

that direct interventions decrease the share compared with BAU. This implies that it is more difficult 

to choose environmentally friendly policies in the democratic context if direct interventions are 

carried out. This means that, at this point, direct interventions should be avoided. 
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4.2. Centralities vs. Random 

Who should be targeted in interventions? Centralities in social networks are worth considering in 

light of the simulation results. Exceptionally, in the case that the percentage of target individuals is 

1% in the direct intervention, selection of targets based on centralities is not as significant as random 

selection of targets. In general, the difference between centralities and randomness is not entirely 

clear in some cases involving direct interventions. 

 

However, selection based on centralities obviously works better than random selection in 

interventions aiming to change learning patterns. As mentioned in Section 4.1, interventions that aim 

to change learning patterns should be chosen. When interventions aiming to change leaning patterns 

are implemented, it is effective to choose target individuals based on centralities. These results hold 

true for multiplier effects. 

 

These simulations distinguish between two types of centralities: degree centrality and eigenvector 

centrality. Which should be used when selecting target individuals for intervention? This study finds 

no clear differences between them according to the simulation results. Depending on initial conditions 

and simulation settings, either can appear to be weakly better, but a decisive conclusion cannot be 

provided. As for the average multiplier effects, there is no gap here as well; either one can be chosen. 

Therefore, it may be necessary to consider the costs of implementation in practice. If it is practically 

more costly to measure eigenvector centrality in individual persons, degree centrality can be chosen. 

If selection based on centralities is prohibitively expensive, random selection will still work out in 

interventions aimed at changing learning patterns. 

 

4.3. Bottlenecks in diffusion of pro-environmental behavior 

Regression to the mean in human learning processes is a critical obstacle to the diffusion of pro-

environmental behavior. In spite of any kind of social network structure, if mutual learning among 

individuals brings about regression to the mean by DeGroot leaning, the average degree of pro-

environmental behavior cannot increase. It is important to understand that current human socio-

economic activities have been degrading environmental conditions. Therefore, each person definitely 

needs to enhance his/her level of environmental friendliness without regard to other people’s average 

behavior around him/her. Unless we learn the best practices around us, we cannot alleviate 

environmental burdens. Particularly when we are connected with ‘shirking’ free riders in the networks, 

the social average degree of pro-environmental behavior cannot increase. 
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Moreover, the learning pattern of persons with high centralities is also crucial. Those with high 

centralities are linked with relatively many other persons, meaning that their behavioral standards are 

easier to convey to more people. Therefore, the low level of environmental friendliness of certain 

persons with high centralities is another culprit. 

 

Figure 8. Time paths of change in individual environmental friendliness  

 
Note: The result of the intervention aimed at changing learning patterns of 5% of target persons selected on the basis of 

degree centrality is shown as a sample (Iteration 5 in Simulation 2). The graph on the left shows the time paths of changes 

in the degree of individual pro-environmental behavior, and the histogram on the right shows the distribution about the 

degree of pro-environmental behavior at the end period. 

 

Becoming insensitive to other people’s behavior is also a crucial barrier to the diffusion of pro-

environmental behavior when the current standard of pro-environmental behavior is far lower than 

other people’s degree of pro-environmental behavior. Under this situation, a high degree of pro-

environmental behavior cannot be transmitted at all. Based on simulation results, polarization seems 

to happen in this case (DellaPosta 2020; Druckman et al. 2021; Prasetya and Murata 2020), as shown 

in Figure 8. The degree of pro-environmental behavior of persons who are insensitive to higher levels 

of pro-environmental behavior converges to a cluster with a lower standard, and another cluster with 

a higher standard is formed. It is necessary to address such polarization and how to avoid it. This is a 

remaining issue to be resolved in future research. 

 

4.4. How to design and implement practical interventions  

Up to now, this study has found that interventions aimed at changing learning patterns by targeting 

individual persons based on centralities in social networks are effective according to the simulation 
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results. The question remains of how such interventions can be designed and implemented. The 

following three sub-questions must be answered: (1) What social networks should be targeted? (2) 

How can the centralities of individual persons be measured? And (3) How can target persons’ learning 

patterns be changed? 

 

The availability of information about social networks depends on the level. When working locally, it 

may be possible to depict social networks, but at the national level, it may be too difficult. On a local 

level, the researcher should aim to depict social networks as a field study, although the possibility 

depends on the number of people in the local community. If possible, centralities can be directly 

calculated. On a national scale, persons with high centralities must be characterized based on other 

characteristics they have. Some methods of searching for opinion leaders are available in the literature 

(Valente and Pumpuang 2007) and may be applicable. For example, leaders (or celebrities) of 

organizations tend to have high centralities. If this seems to be true, leaders in organizations such as 

firms, non-profit organizations, non-governmental organizations, governments, political parties, and 

institutions may be chosen. In this case, the centralities cannot be calculated, but rather guessed using 

information about personal features. 

 

Some approaches are available to change target persons’ learning patterns into ‘best practice’. Two 

major environmental policy measures in theory can be conventionally applied to target persons: 

command-and-control, and market-based approaches such as taxes, subsidies, and marketable permits 

(Baumol and Oates 1988; Blackman et al. 2018). However, it is difficult to do this in a democratic 

environment because these types of policies violate individual rights and liberties or exacerbate social 

inequity (Kallbekken and Sælen 2011; Carattini et al. 2018; Maestre-Andrés et al. 2019). 

 

Reputation may work well to alter target people’s behavior because having a good reputation is 

rewarding (Griskevicius et al. 2010; Alpízar and Gsottbauer 2015). If the target persons are leaders 

and may be celebrities, obtaining a good reputation for environmentally friendly actions will pay. A 

good reputation can be promoted through mass media and social networking services (SNS). On the 

contrary, a bad reputation penalizes them in society. However, the structure of people’s interests is 

complex, and the power of reputation is not always strong. 

 

Finally, target persons can be involved in an environmental program by persuasion. An individual’s 

level of involvement in pro-environmental behavior is increased if he or she commits to a relevant 

public position closely related to the behavior. This effect may operate even if the person does not 

believe in the desired behavior. After the point of public commitment, the person often begins to 
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change his or her own beliefs and attitudes to coincide with the behavior through the foot-in-the-door 

effect (Scot et al. 2015). However, if the person does not accept the offer of the public position, this 

strategy does not work. 

 

4.5. Limitations and future studies 

At least five limitations of this research must be mentioned. First, the degree of pro-environmental 

behavior is a dimensionless indicator here, and hence the relationship between the indicator value and 

its real impact on the environment is not clear. It is unknown to what extent the indicator value should 

be increased in response to practical environmental considerations. For example, no one knows 

whether the values obtained in the simulations are good enough. Several simulation scenarios can be 

compared, but it is not obvious which scenario is sufficiently effective. One of the future directions 

of this research is to apply the proposed simulation model to a real problem. 

 

Second, all individual persons are homogeneous in the proposed simulation model, although the 

number of links that they have varies. However, an opinion leader like Ms. Greta Thunberg is a person 

in the real world, and opinion leaders affect many other people directly beyond the structure of social 

networks. Their function is sometimes similar to that of mass media. Determining how to include the 

influences of opinion leaders in a simulation model is a topic for future study. 

 

Third, learning patterns, once initially set, are fixed over time in the present simulation, although 

individual persons mutually learn a higher degree of pro-environmental behavior. It would be 

desirable to consider the possibility that people may voluntarily change learning patterns through 

interaction in social networks. For example, if most persons with whom an individual is connected 

are carrying out ‘best practice’, he/she may change his/her learning pattern to ‘best practice’. 

Changing learning patterns has been found to be crucial in the present study, and therefore this 

mechanism is worth considering as a future study.  

 

Fourth, interactions among individuals in the simulation also interact with firm pro-environmental 

behavior. On the practical side, it is becoming easier for individual persons to enhance their own 

degree of pro-environmental behavior as the degree of firm pro-environmental behavior continues to 

increase. If the degree of individual pro-environmental behavior is high enough, firms cannot avoid 

augmenting their own environmental friendliness. In this respect, the simulation model should be 

extended or connected to another model. This project is, however, beyond the scope of this paper.  
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Fifth, the initial settings in the simulation can be obtained from real data, focusing on a case study 

such as reduction of carbon dioxide emissions, conservation of biodiversity, reduction of household 

waste, and reduction of chemical pollution through daily consumption. For example, if data for carbon 

dioxide emissions (carbon footprint) could be obtained based on individuals or households, the 

simulations could be made more realistic. It is also possible to interpret the results in reality. In 

addition, information about practical learning patterns can also be obtained by questionnaire survey. 

These projects are also beyond the scope of this article. 

 

5. Conclusions 

This study has obtained some significant findings. First, pro-environmental behavior cannot 

sufficiently diffuse in a business as usual (BAU) scenario. Therefore, interventions are required to 

enhance the degree of pro-environmental behavior and its diffusion. Second, direct interventions 

aiming to increase the degree of pro-environmental behavior of target persons are ineffective, but 

interventions aimed at changing the learning patterns of target individuals are effective. Third, degree 

centrality or eigenvector centrality in social networks is important for determining target individuals. 

Selection based on centralities is obviously more effective than random selection in interventions to 

change learning patterns. Fourth, three major bottlenecks to diffusion of pro-environmental behavior 

have been detected. Regression to the mean in human learning processes is an obstacle to diffusion 

of pro-environmental behavior. The low level of environmental friendliness of certain persons with 

high centralities is another culprit. Insensitivity to other people’s behavior is also a barrier in cases 

where the current degree of pro-environmental behavior of an individual is much lower than that of 

other people. Fifth, it remains to be determined how practical interventions can, or should, be 

designed and implemented, considering the results of simulation analysis. This is still an open 

question, although three approaches were discussed here. 

 

Acknowledgments 

The authors would like to appreciate research funds provided by the Institute for Economic and 

Business Research, Shiga University. The authors also would like to give many thanks to some 

commentators in a research workshop held in the Institute for Economic and Business Research in 

Shiga University. 

 

Reference 

Acemoglu, D., and Ozdaglar, A. (2011). Opinion Dynamics and Learning in Social Networks. 

Dynamic Games and Applications, 1(1), 3–49. 



- 34 - 
 

Albert, R., and Barabási, A. L. (2002). Statistical mechanics of complex networks. Reviews of 

Modern Physics. https://journals.aps.org/rmp/abstract/10.1103/RevModPhys.74.47 

Alpízar, F., and Gsottbauer, E. (2015). Reputation and household recycling practices: field 

experiments in Costa Rica. Ecological Economics, 120, 366-375. 

Ando, K., Ohnuma, S., Hübner, G., and Hui, L. D. (2020). Comparing the effect of personal 

communication and mass media on energy saving behaviors cross-cultural study in Japan, China 

and Germany. Journal of Environmental Information Science, 2020(2), 19-30. 

Bamberg, S., Rees, J., and Seebauer, S. (2015). Collective climate action: Determinants of 

participation intention in community-based pro-environmental initiatives. Journal of 

Environmental Psychology, 43, 155-165. 

Barabási, A. L. (2016). Network Science. Cambridge University Press. 

Barnes, M. L., Lynham, J., Kalberg, K., and Leung, P. (2016). Social networks and environmental 

outcomes. Proceedings of the National Academy of Sciences, 113(23), 6466-6471. 

Baumol, W. J. and Oates, W. E. (1988). The Theory of Environmental Policy. Cambridge University 

Press. 

Beaman, L., BenYishay, A., Magruder, J., and Mobarak, A. M. (2021). Can Network Theory-Based 

Targeting Increase Technology Adoption? The American Economic Review, 111(6), 1918–

1943. https://doi.org/10.1257/aer.2020029 

Blackman, A., Li, Z., and Liu, A. A. (2018). Efficacy of command-and-control and market-based 

environmental regulation in developing countries. Annual Review of Resource Economics, 10, 

381-404. 

Brick, C., Bosshard, A., and Whitmarsh, L. (2021). Motivation and climate change: A review. Current 

Opinion in Psychology, 42, 82-88. 

Carattini, S., Carvalho, M., and Fankhauser, S. (2018). Overcoming public resistance to carbon taxes. 

Wiley Interdisciplinary Reviews. Climate Change, 9(5), e531. https://doi.org/10.1002/wcc.531 

Carducci, A., Fiore, M., Azara, A., Bonaccorsi, G., Bortoletto, M., Caggiano, G., ... and Ferrante, M. 

(2021). Pro-environmental behaviors: Determinants and obstacles among Italian university 

students. International Journal of Environmental Research and Public Health, 18(6), 3306. 

Carlton, J. S., Mase, A. S., Knutson, C. L., Lemos, M. C., Haigh, T., Todey, D. P., and Prokopy, L. 

S. (2016). The effects of extreme drought on climate change beliefs, risk perceptions, and 

adaptation attitudes. Climatic Change, 135(2), 211–226. https://doi.org/10.1007/s10584-015-

1561-5 

Chabay, I. (2020). Vision, identity, and collective behavior change on pathways to sustainable futures. 

Evolutionary and institutional economics review, 17(1), 151-165. 



- 35 - 
 

Chams, N., and García-Blandón, J. (2019). On the importance of sustainable human resource 

management for the adoption of sustainable development goals. Resources, Conservation and 

Recycling, 141, 109-122. 

Chandrasekhar, A. G., Larreguy, H., and Xandri, J. P. (2020). Testing models of social learning on 

networks: Evidence from two experiments. Econometrica, 88(1), 1-32. 

Chen, J., Taylor, J. E., and Wei, H.-H. (2012). Modeling building occupant network energy 

consumption decision-making: The interplay between network structure and conservation. 

Energy and Buildings, 47, 515–524. https://doi.org/10.1016/j.enbuild.2011.12.026 

Dakos, V., Matthews, B., Hendry, A. P., Levine, J., Loeuille, N., Norberg, J., ... and De Meester, L. 

(2019). Ecosystem tipping points in an evolving world. Nature ecology and evolution, 3(3), 355-

362. 

DeGroot, M. H. (1974). Reaching a consensus. Journal of the American Statistical Association, 

69(345), 118-121. 

DellaPosta, D. (2020). Pluralistic Collapse: The “Oil Spill” Model of Mass Opinion Polarization. 

American Sociological Review, 85(3), 507–536. https://doi.org/10.1177/0003122420922989 

Demski, C., Capstick, S., Pidgeon, N., Sposato, R. G., and Spence, A. (2017). Experience of extreme 

weather affects climate change mitigation and adaptation responses. Climatic Change, 140(2), 

149–164. https://doi.org/10.1007/s10584-016-1837-4 

Dietz, T.; Ostrom, E.; Stern, P.C. (2003). The struggle to govern the commons. Science, 302, 1907–

1912, doi:10.1126/science.1091015. 

Druckman, J. N., Klar, S., Krupnikov, Y., Levendusky, M., and Ryan, J. B. (2021). Affective 

polarization, local contexts and public opinion in America. Nature Human Behaviour, 5(1), 28–

38. https://doi.org/10.1038/s41562-020-01012-5 

Erisman, J. W., Brasseur, G., Ciais, P., van Eekeren, N., and Theis, T. L. (2015). Global change: Put 

people at the centre of global risk management. Nature, 519(7542), 151-153. 

Gao, K., Yang, Y., Sun, L., and Qu, X. (2020). Revealing psychological inertia in mode shift behavior 

and its quantitative influences on commuting trips. Transportation Research. Part F, Traffic 

Psychology and Behaviour, 71, 272–287. https://doi.org/10.1016/j.trf.2020.04.006 

Geerts, R., Vandermoere, F., and Oosterlynck, S. (2020). The Functionality of Dissimilarity: Pro-

Environmental Behavior through Heterogenous Networks. Social Sciences, 9(12), 221. 

https://doi.org/10.3390/socsci9120221 

Geiger, N., Swim, J. K., and Glenna, L. (2019). Spread the green word: A social community 

perspective into environmentally sustainable behavior. Environment and Behavior, 51(5), 561-

589. 



- 36 - 
 

Gifford, R. (2011). The dragons of inaction: psychological barriers that limit climate change 

mitigation and adaptation. American psychologist, 66(4), 290. 

Golub, B., and Sadler, E. (2017). Learning in social networks. Available at SSRN 2919146. 

Griskevicius, V., Tybur, J. M., and Van den Bergh, B. (2010). Going green to be seen: status, 

reputation, and conspicuous conservation. Journal of personality and social psychology, 98(3), 

392. 

IPCC (2022a) Climate Change 2022 - Impacts, Adaptation and Vulnerability (Summary for 

Policymakers). 

https://www.ipcc.ch/report/ar6/wg2/downloads/report/IPCC_AR6_WGII_FinalDraft_FullRep

ort_small.pdf 

IPCC (2022b) Climate Change 2022 - Mitigation of Climate Change. 

https://report.ipcc.ch/ar6wg3/pdf/IPCC_AR6_WGIII_FinalDraft_FullReport.pdf 

Kallbekken, S., and Sælen, H. (2011). Public acceptance for environmental taxes: Self-interest, 

environmental and distributional concerns. Energy Policy, 39(5), 2966–2973. 

https://doi.org/10.1016/j.enpol.2011.03.006 

Kowalska-Pyzalska, A. (2018). What makes consumers adopt to innovative energy services in the 

energy market? A review of incentives and barriers. Renewable and Sustainable Energy Reviews, 

82, 3570-3581. 

Krishnan, P., and Patnam, M. (2014). Neighbors and extension agents in Ethiopia: Who matters more 

for technology adoption? American Journal of Agricultural Economics, 96(1), 308-327. 

Lazaric, N., Le Guel, F., Belin, J., Oltra, V., Lavaud, S., and Douai, A. (2020). Determinants of 

sustainable consumption in France: the importance of social influence and environmental values. 

Journal of Evolutionary Economics, 30(5), 1337–1366. https://doi.org/10.1007/s00191-019-

00654-7 

Lenton, T. M., Rockström, J., Gaffney, O., Rahmstorf, S., Richardson, K., Steffen, W., and 

Schellnhuber, H. J. (2019). Climate tipping points—too risky to bet against. Nature, 575, 592-

595. 

Maestre-Andrés, S., Drews, S., and van den Bergh, J. (2019). Perceived fairness and public 

acceptability of carbon pricing: a review of the literature. Climate Policy, 19(9), 1186–1204. 

https://doi.org/10.1080/14693062.2019.1639490 

Mobius, M., and Rosenblat, T. (2014). Social Learning in Economics. Annual Review of Economics, 

6(1), 827–847. 

Molavi, P., Tahbaz‐Salehi, A., and Jadbabaie, A. (2018). A theory of non‐Bayesian social learning. 

Econometrica, 86(2), 445-490. 



- 37 - 
 

Mueller-Frank, M., and Neri, C. (2021). A general analysis of boundedly rational learning in social 

networks. Theoretical Economics, 16(1), 317–357. 

Newman, M. E. J. (2005). Power laws, Pareto distributions and Zipf’s law. Contemporary Physics, 

46(5), 323–351. https://doi.org/10.1080/00107510500052444 

Peschiera, G., and Taylor, J. E. (2012). The impact of peer network position on electricity 

consumption in building occupant networks utilizing energy feedback systems. Energy and 

Buildings, 49, 584–590. https://doi.org/10.1016/j.enbuild.2012.03.011 

Piras, S., Righi, S., Setti, M., Koseoglu, N., Grainger, M. J., Stewart, G. B., and Vittuari, M. (2022). 

From social interactions to private environmental behaviours: The case of consumer food waste. 

Resources, Conservation and Recycling, 176, 105952. 

https://doi.org/10.1016/j.resconrec.2021.105952 

Prasetya, H. A., and Murata, T. (2020). A model of opinion and propagation structure polarization in 

social media. Computational Social Networks, 7(1), 2. https://doi.org/10.1186/s40649-019-

0076-z 

Ramkumar, S., Mueller, M., Pyka, A., and Squazzoni, F. (2022). Diffusion of eco-innovation through 

inter-firm network targeting: An agent-based model. Journal of Cleaner Production, 335, 130298. 

Rockström, J., Steffen, W., Noone, K., Persson, Å., Chapin III, F. S., Lambin, E., ... and Foley, J. 

(2009). Planetary boundaries: exploring the safe operating space for humanity. Ecology and 

society, 14(2). 

Steffen, W., Richardson, K., Rockström, J., Cornell, S. E., Fetzer, I., Bennett, E. M., ... and Sörlin, S. 

(2015). Planetary boundaries: Guiding human development on a changing planet. Science, 

347(6223), 1259855. 

Steffen, W., Rockström, J., Richardson, K., Lenton, T. M., Folke, C., Liverman, D., ... and 

Schellnhuber, H. J. (2018). Trajectories of the Earth System in the Anthropocene. Proceedings 

of the National Academy of Sciences, 115(33), 8252-8259. 

Teodoro, J. D., Prell, C., and Sun, L. (2021). Quantifying stakeholder learning in climate change 

adaptation across multiple relational and participatory networks. Journal of Environmental 

Management, 278. https://doi.org/10.1016/j.jenvman.2020.111508 

Tobler, C., Visschers, V. H. M., and Siegrist, M. (2012). Addressing climate change: Determinants 

of consumers’ willingness to act and to support policy measures. Journal of Environmental 

Psychology, 32(3), 197–207. https://doi.org/10.1016/j.jenvp.2012.02.001 

Tran, M. (2012). Agent-behaviour and network influence on energy innovation diffusion. 

Communications in Nonlinear Science and Numerical Simulation, 17(9), 3682-3695. 

Valente, T. W. and Pumpuang, P. (2007). Identifying opinion leaders to promote behavior change. 

Health education and behavior, 34(6), 881-896. 



- 38 - 
 

Wang, Y. F., Lee, S. K., and Ye, Q. (2021). Opinion leaders in eco-innovation diffusion: Analysis of 

information networks for waste separation in Shanghai. Resources, Conservation and Recycling, 

174, 105822. 

Williams, H. T. P., McMurray, J. R., Kurz, T., and Hugo Lambert, F. (2015). Network analysis reveals 

open forums and echo chambers in social media discussions of climate change. Global 

Environmental Change: Human and Policy Dimensions, 32, 126–138. 

https://doi.org/10.1016/j.gloenvcha.2015.03.006 

Wilson, J., Tyedmers, P., and Spinney, J. E. (2013). An exploration of the relationship between 

socioeconomic and well‐being variables and household greenhouse gas emissions. Journal of 

Industrial Ecology, 17(6), 880-891. 

Winkelmann, R., Donges, J. F., Smith, E. K., Milkoreit, M., Eder, C., Heitzig, J., ... and Lenton, T. 

M. (2022). Social tipping processes towards climate action: A conceptual framework. Ecological 

Economics, 192, 107242. 

Yamane, T., and Kaneko, S. (2021). Impact of raising awareness of Sustainable Development Goals: 

A survey experiment eliciting stakeholder preferences for corporate behavior. Journal of Cleaner 

Production, 285, 125291. 

Yamashita, H., Kyoi, S., and Mori, K. (2021). Does Information about Personal Emissions of Carbon 

Dioxide Improve Individual Environmental Friendliness? A Survey Experiment. Sustainability, 

13(4), 2284. 

Zeng, Y., Dong, P., Shi, Y., Wang, L., and Li, Y. (2020). Analyzing the co-evolution of green 

technology diffusion and consumers’ pro-environmental attitudes: An agent-based model. 

Journal of Cleaner Production, 256, 120384. 

Zhang, Y., Xiao, X., Cao, R., Zheng, C., Guo, Y., Gong, W., and Wei, Z. (2020). How important is 

community participation to eco-environmental conservation in protected areas? From the 

perspective of predicting locals' pro-environmental behaviours. Science of the Total 

Environment, 739, 139889. 

Zheng, J., Ma, G., Wei, J., Wei, W., He, Y., Jiao, Y., and Han, X. (2020). Evolutionary process of 

household waste separation behavior based on social networks. Resources, Conservation and 

Recycling, 161, 105009. https://doi.org/10.1016/j.resconrec.2020.105009 

 


	DP表紙【E-17】
	【完成原稿】京井-森_ディスカッションペーパー

