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Abstract

This study investigates and demonstrates the potential of utilizing a multi-agent simulation model to model the influence of social aspects, particularly social interaction, social learning and social influence, on the diffusion process of travellers’ compliance with a demand management measure. Two examples of model applications in situational contexts of car-sharing programme and employer-based demand measure are presented. A behavioural survey and a laboratory-based travel choice experiment are used to provide empirical evidence as well as parameters for both examples. The models provide some informed insights that can be useful in understanding and predicting travellers’ change of behaviour during the implementation of a demand management measure. 
Keywords: multi-agent simulation, social interaction, social learning, social influence, demand management measure. 

1. Introduction

Travellers’ car-dependence is one of the most prominent problems in transport. Demand management measures are utilized to address this problem by incorporating structural interventions as well as psychological interventions. Structural interventions, which are often called ‘hard’ measures, include policy interventions that alter the objective features of the decision situation by changing the incentive patterns associated with cooperation and non-cooperation. Examples of ‘hard’ measures may include changing payoff structure (e.g. congestion charging), reward-punishment (e.g. incentives for public transport users, restriction on car parking), and situational change (e.g. residential or workplace relocation). Psychological interventions, which are often called ‘soft’ measures or ‘smarter choices’ (Cairns et al., 2004), can be defined as policy interventions that are aimed at influencing attitudes and beliefs that may guide people’s cooperative and non-cooperative behaviours and also aimed at breaking people’s travel habits. ‘Soft’ measures (often referred as ’carrot’), which are more persuasive than ‘hard’ measures considering that travellers’ participation are voluntary, can be implied by increasing individuals’ awareness of the environmental impacts of excessive car use (e.g. travel awareness campaign) and providing advice and information to encourage the use of alternative modes than car (e.g. travel plan, individualized marketing) and alternative ways of using the car (e.g. car-sharing).

’Hard’ measures (often referred as ‘stick’), which concentrate on changing personal material incentives (e.g. time, cost, and comfort) associated with travel mode options, seem to be more effective than ‘soft’ measures, since all travellers are obliged to participate in the measures regardless whether they want to or not. Congestion charging has been proved to be successful in London. However, it is still a controversial issue in other cities in the UK. In this situation, ‘soft’ measures, which do not incur additional economic costs on travellers, may offer a more appropriate option.

Where ‘soft’ measures are voluntary by nature and have no direct economic consequences (e.g. penalty from the authority) if travellers do not comply with the measures, ‘soft’ measures may be attractive for travellers. However, these characteristics have also drawbacks as it is difficult to ensure sustained changes in travel behaviour in the long run. Despite some success stories that have been revealed from pilot projects on ‘soft’ measures (Jones and Sloman, 2003; Cairns et al., 2004; Stopher, 2005), there is still much to be done to achieve successful results in the long term and over wide areas. Addressing this would answer doubts that there is not much progress that can be expected by requesting people to voluntarily reduce their car use (Kitamura et al., 1999) and by increasing the awareness of travel mode choice (Garvill et al., 2003).

On tackling this problem, we argue that the effectivenesses of ‘soft’ measures would be sustained for a long period of time if more consideration and emphasis is given to the understanding of the influence of social aspects in the diffusion process of travellers’ participation in a ‘soft’ measure. Given the fact that behavioural change does not take place in a social vacuum, broader society and its social values have important roles to play. Social aspects, including social interaction, social learning/imitation, and social influence, may influence travellers’ decision making and behaviour. Better understanding of these aspects will provide us with some informed insights about the potential for utilizing them to diffuse travellers’ compliance and to maintain its sustainability. 
The use of a multi-agent simulation model may help us in achieving this objective as the behaviour of a large number of travellers who are interacting with each other can be represented by the behaviour of agents in the model. This would give us opportunity to gain informed insights on the possible influence of the social aspects on travellers’ behaviour. The application of this approach in travel behaviour modelling has not been given much consideration until recently, despite its promising potentias to help understand travellers’ change of behaviour in response to a demand management measure by deriving informed insights from a simulation experiment (e.g. Kitamura et al., 1999; Sunitiyoso and Matsumoto, 2005; Sunitiyoso et al., 2006). 

Prior to developing a simulation model, a behavioural survey and laboratory experiment are conducted to provide empirical evidence regarding the decision making mechanisms as well as parameters required for the model. The use of these research tools will be explained briefly in other sections of this paper. 
The structure of this paper consists of seven sections. Following an introduction in this section, a brief discussion regarding social interaction, social learning, and social influence is presented in Section 2. It is continued by Section 3 which provides discussions about the use of agent-based simulation approach in modelling traveller behaviour. Two examples of a multi-agent simulation application for modelling traveller behaviour are presented in Sections 4 and 5, using a two-step methodology involving a behavioural survey and a laboratory experiment as the first step respectively. Main emphasis is given on the second step, the simulation experiment. The paper is closed with general conclusions in Section 6, followed by a short discussion regarding further research and potential applications of the study in Section 7.
2. Incorporating social interaction, social learning and social influence in modelling travellers’ behaviour
According to Simon (1956) in his Satisficing Theory, it is stated that even if it appears that a decision is made by an individual independently of others, it often involves influence from family, friends, peers on reference group. And also that different people in a group may have different weight (of influence) and this may change as the decision process evolves. This argument highlights the potential role of social aspects have in the dynamics of travellers’ behaviour. While there are many social aspects that may exist in real life, in this study we focus on three social aspects: social interaction, social learning and social influence. These aspects are considered to have a central role in the dynamics of travellers’ decision making and behaviour involving the process of learning and influencing each other. These three aspects will be explained in the remaining part of this section. Since it is almost impossible to completely isolate specific aspects from other aspects, evidence or indication of the existence of other social aspects (e.g. social norm, altruism, group identity) might possibly be found during the study even though there is no particular intention to observe them. 
2.1 Social interaction

Social interaction is necessary for the occurrences of social learning and influence between travellers, which will be explained in Section 2.2 and 2.3 respectively. There are three levels of social interaction that are being considered in this study. The first level of social interaction may due to an interdependent situation where travellers are in a similar transport system with other travellers and their decisions affect the whole system, not only themselves but also other travellers (e.g. traffic congestion caused by excessive number of car-users on the road). This interdependent situation can be explained by a collective action (e.g. social dilemma) where there exists impossibility of exclusion, which means that no member of group engaged in collective action can be excluded from enjoying the benefits (or costs) of the group’s efforts (Huberman and Glance, 1993). The other two levels of social interaction may, but not necessarily, happen between travellers at the same time as the first level of social interaction. The second level of social interaction may happen through observation by a traveller on other travellers’ choices without involving processes of communication. And the third level of social interaction is through communication between travellers regarding their travel choices. Both the second and third levels of social interaction may due to the fact that individuals are not indifferent to the outcomes received by others (Messick, 1985). Travellers sometimes take into account and are concerned about choices by other travellers (Van Lange et al., 2000).
Based on the media of communication, there are two categories of social interaction: direct and indirect social interactions. Direct interaction occurs between people who conduct peer-to-peer communication whether it is face-to-face or through communication media (e.g. telephone, email, and short messaging service). While indirect interaction is interaction mediated by mass media (e.g. newspaper, radio, TV) as often used in social norm media campaigns (e.g. DeJong, 2002). In this study, we will specifically focus on the direct social interaction.
The scale of interaction depends on the size of group (or society), which is a part of the population. In a group, actions of a group member receive higher influence than those of the wider population, since inside a group there exists a feeling of belonging and responsibility as a group member. In population, those feelings may not strongly exist. Within a group, each individual has more responsible feelings about participating in a cooperative action according to the group-interest, without ever thinking to ‘free-ride’ by being an opportunist since it will be easily seen by other group members. In relation to ‘soft’ measures, such as the travel awareness campaigns, a more local and personalized campaign aimed at groups of people, such as schools, companies or communities, may be more useful than a broad and national campaign aimed at the whole population. 

2.2 Social learning/imitation
Change of behaviour is a dynamic process that occurs over time, which may involve a learning process. The concept of individual learning suggests that individuals learn from their past experience and utilise an adaptive decision making process to cope with uncertainty. There is a possible situation where learning may not occur because of habitual behaviour of travellers, where the decisions are made automatically according to situational cues and less deliberative. Learning is more likely to happen when there is a change of situational context (or goal/objective), when deliberation is prompted by information or when the situation is uncertain due to its nature or due to interdependence between people.

There is another form of learning, social learning, where individuals learn from others’ experiences or observed behaviours. In social learning, decision makers may have the opportunity to observe the behaviours or preferences of others prior to making a choice, therefore they can reduce decision costs associated with comparing alternatives. Also, the choice resulting from social learning may be of high quality since it would be learnt from other individuals with better performance in decision making. And also by becoming more informed, the level of uncertainty faced by decision makers is reduced
Individuals can use several mechanisms in order to learn from others as suggested by Henrich (2004); which include conformist transmission (imitating high frequency behaviours), payoff-biased transmission (imitating other individuals who are more successful), self-similarity transmission (imitating other individuals with similarity in some traits) or normative transmission (following the common behaviour in the group according to social norm). 
In travel behaviour modelling, the individual learning concept has often been studied (for review, see Arentze and Timmermans, 2005), while social learning has not been investigated intensively. It is quite surprising since some evidence from other disciplines (e.g. economics and behavioural sciences) have shown that this kind of learning process is influential and important (e.g. Pingle, 1995; Pingle and Day, 1996; Offerman and Sonnemans, 1998). 

2.3 Social influence

There is a slight difference that can be drawn between social learning and social influence. In social learning, the change of judgments, opinions and attitudes of an individual is a result of active search for information by the individual, where as in social influence, the change is a result of being exposed to those of other individuals (Van Avermaet, 1996).

Social influence is more than the majority's efforts to produce conformity on the part of a minority; it is also a minority’s effort to convert the majority to its own way of thinking (Sampson, 1991). In our research, minority influence becomes the point of interest. Minority influence is investigated by introducing a situation where a few influential agents (independently or in group) have more power to influence others with whom they communicate. The strength of their influence is derived from the reputation built from their consistency of choice to comply with the measure (Van Avermaet, 1996; Sampson, 1991). An influential individual is not necessarily a traditional leader (e.g. manager, councillor, mayor) or a famous person (e.g. a film star, a singer, or a TV presenter, who is attractive and people aspire to), but she can be a ‘trusted person’ with a respected reputation in the social group. Individuals may be more willing to hear from someone who is trusted and respected as a consistent person. For example: a suggestion to car share by a consistent car sharer, who has been car sharing regularly in a considerable period of time, would have more influence than that of other individuals’ who have not done so.

3. Agent-based simulation approach for modelling travellers’ behaviour

Travel behaviour is a result of a complex and dynamic process involving a sequence of adaptation overtime. The timing and frequency of many events may lead to different patterns of travel behaviour. Non-linear interactions between travellers in various interaction domains (neighbourhood, school, workplace, etc) using various types of social network (lattice structured, random network, etc) may have important roles to play. Travellers are also heterogeneous with diverse characteristics. Some travellers interact with other travellers and take other travellers’ behaviour into consideration before making a travel choice decision. Other travellers may always stick with their habit of choosing the same travel choice at all times. They are not easily influenced to change their choice to another choice. The aggregate interactions of the interacting travellers would later contribute to the dynamic of aggregate behaviour of travellers in the transport system. The large number of variables involved and the variety of their interactions contribute to the complexity of travel behaviour. To deal with this complexity, a multi agent simulation approach offers potential tool to analyse and understand possible effects of social interaction between large number of travellers in a transport system and how the social learning and influence may have important role during the process of interaction.
An agent-based model can be defined as a computational model, which represents individual agents and their collective behaviour (Parunak et al., 1998 and Shalizi, 2003). An agent-based model represents individuals, their behaviours, and their interactions, rather than the aggregates and their dynamics. The application of this approach in travel behaviour modelling is growing from time to time. It offers many benefits in the study of behaviour particularly in transport context (e.g. Nakayama and Kitamura, 2000; Nakayama et al., 2001; Arentze and Timmermans, 2006; Avineri, 2006) as well as in general human behaviour context (e.g. Henrich and Boyd (1998) and Kameda and Nakanishi (2002, 2003)). 

An agent-based model can be validated not only at the system level but also at the individual level, since the behaviours encoded for each agent can be compared with local observations on the actual behaviour of the domain individuals. In a multi-agent model, decision making rules and parameters used by individuals can be based on decision making processes revealed from empirical studies (e.g. behavioural survey, laboratory experiment) as well as behavioural theories. A multi-agent simulation model is able to elucidate the dynamics of decision making processes, showing what course of ‘evolution’ a certain behaviour could have looked like over time. 

In studying the effects of a treatment/intervention on individuals, a simulation experiment offers extension to a laboratory experiment since it is able to handle the interactions of a large number of individuals with each other and with a transport system. It also makes possible for conducting a large number of repetitions (time periods), which enable the researcher to observe whether individuals’ choices converge to an equilibrium point or not, how they converge and the dynamics before convergence, and how many repetitions are required. It may also give predictive benefit to forecast travellers’ behaviour in different kind of situations and to know how robust the results of the laboratory experiments are in other parametric conditions. However, there are also potential difficulties in implementing an agent-based model, for example difficulty of understanding and measuring individual behaviour and representing this in a simulation model. And in practical, conducting the validation process in individual level would not be easy as it requires empirical data of similar individuals from time to time.
In the next two sections (Sections 4 and 5), we present examples of the way a multi-agent simulation model can be used to predict the influence of social interaction, learning and influence on traveller’s behaviour.
4. Example 1: Role of minority influence in diffusion process of travellers’ participation in a car-sharing programme
This example is based on our recently presented work (Sunitiyoso et at., 2006) studying the diffusion process of compliance with a demand management measure. Jones and Sloman (2003) argued that the existence of the ‘snowball effect’, a phenomenon where long-term effects may be greater than short-term ones, would increase the effectiveness of ‘soft’ measures over time. They stated that there is some evidence that the change may be very slow at first, but then accelerate as people see their colleagues and neighbours changing their travel behaviour. Ampt (2003) also argued that strategies that require households to diffuse information both between households and ultimately across communities are likely to be effective. Stopher (2005) added the importance of diffusion effects in the implementation of voluntary programs by stating the need to measure the effects in schools, workplaces, and other locations. Shaheen (2004) in her study on the dynamics of behavioural adaptation to a car-sharing program suggested the need to study the effects of social impacts (e.g. of friends and family) on the diffusion process of a transport innovation, since individuals do not make decisions in isolation but they frequently are moved to make these decisions in part as a result of social influence.
As endorsed by Ampt et al. (2003), there is evidence from outside transport that spreading information by ‘word-of-mouth’ is the most effective way for diffusion and reinforcement (Stern et al., 1987). When a person tells someone about what she is doing, she is both reinforcing her own behaviour in the process and giving a level of commitment. 
Involving key people (not necessarily traditional leaders, but ‘trusted others’ in the community) in the implementation of a ‘soft’ measure may provide more advantages since people are more willing to hear from someone who is trusted, respected or perceived to have similar values (Ampt, 2003). This is related with the idea of minority influence where a few influential agents are able to influence the opposing majority to the minority’s way of behaving. 
The research methodology consists of two stages of study, using a behavioural survey and a simulation experiment. In the first stage, a behavioural survey is conducted to obtain information regarding mechanisms of social interaction and social learning in addition to those derived from literatures, as well as parameters required for the simulation model. In the second stage of this study, the simulation experiment utilizes an agent-based simulation model to simulate and analyse behaviours of individuals. We focus our discussions in this section only on the second stage of study (simulation experiment). However, a short overview of the behavioural survey and its findings are also given in this paper.
4.1 Behavioural survey
A university-based behavioural survey with students as respondents (N=178) has been conducted to obtain information regarding mechanisms of social interaction and social learning, as well as parameters required for the simulation model (Sunitiyoso et al., 2006). The respondents are students of the Faculty of the Built Environment, University of the West of England, Bristol. Car-sharing, as a ‘soft’ demand management measure, was used as a case study in the survey and the simulation model. The survey suggests that some individuals may be influenced by other people, who are relatively close to them, regarding travel-related decision. These close persons of an individual may have an opinion/expectation which may have some level of importance to the individual. 

The behavioural survey has provided some of the model’s parameters and initial values for the variables. For example, initial values of individual preference on car-sharing is derived from the question of ‘how inclined are you to join a car-sharing programme?’ Based on the answers (definitely not join, probably not join, possibly not join, neutral, possibly join, probably join, and definitely join), a 7-level of preference is obtained (0, 1/6, 1/3, 1/2, 2/3, 5/6, and 1). A parameter like the weight of influence of an agent’s behaviour on other agents is derived from respondents’ answers about ‘the importance of a close person’ opinion/expectation on their travel choice to get to the university.’ A 5-level weight is obtained (0, 1/4, 1/2, 3/4, and 1). Details about parameters and initial value of variables can be found in Sunitiyoso et al. (2006).

4.2 Simulation experiment
The model consists of three main sections: social interaction, social learning and social influence, and decision making. The algorithm of the model is then developed, as illustrated in Figure 1. 
[Insert Figure 1 here]
The algorithm starts with initialization process of generating a population of agents (S) (virtually in a grid space) and giving them attributes (parameters and initial variables) according to the attributes of N respondents in the survey, so that approximately each respondent has Ns/N ‘clones’ (Ns = ((S((; N ( Ns).  The agents are then assigned into ‘social’ club domains (neighbourhood, course of study, and non-study activity club). It is assumed that within each club each member can meet (not necessarily followed by communication) any other members in lattice-structured network for the neighbourhood domain and in a complex mixing network (random manner) for other type of ‘social’ clubs. 
In the simulation model, social interaction is represented by two processes: meeting and communicating. These processes may occur in any social club domain depending on the day of the week whenever agents (who represent individuals) are involved with activities in the domain. Meeting is defined as a process where two agents meet each other without engaging in an intensive communication involving an exchange of information. Communication may follow the meeting if there is a ‘mutual agreement’ between them, which depends on whether they are both closely connected or not (represented by the value of perceived degree of relationship) and on whether a threshold for communicating has been exceeded or not. Arentze and Timmermans (2006) described different criteria to achieve mutual agreement. They argued that the agreement can be achieved if both agents consider that the expected utility of the interaction (communication) compensates for the loss in discretionary time and the effort involved. The criteria used in this study were simpler and arguably more realistic since individuals may not be too ‘rational’ regarding social interaction (meeting and communicating) for the sake of utility gained from the interaction, instead a simple reason, such as the feeling that they are closely related, may start communication.
There are two types of agent: an influential agent (which is a member of the minority) and a common agent. An influential agent is given higher reputation than a common agent. In the behavioural survey, the minority is defined as the individuals who are ‘regularly car-share and have been doing so for 6 months’ and have initial preference value from 5/6 to 1. It is found that 6.18% of respondents may become influential agents considering their reputation in car-sharing. The process of social learning and social influence may occur during a process of communication between two interacting agents. If both of communicating agents have the same choice then they are reinforcing each other. If they have different choices, then there are two possibilities. First, if one of communicating agents has a higher reputation than the other then the exchange of information will only be one way, from the agent with higher reputation to the other with lower reputation. This is a process of influencing other. Second, if they both have the same reputation, then only the agent who initiates the social interaction learns from its partner’s choice by updating its preference, since the initiator is considered as the one who is looking for information. This process is called a process of learning from other.
The model of social learning and influence is based on Gordon et al. (2004)’s model. The model consists of two terms: an idiosyncratic term and a social influence term (first and second term of the function in Equation 1, respectively). Idiosyncratic term is assigned randomly to individuals in the population and the social influence term is assigned as a weighed sum of the choices of other individuals. We extend Gordon et al.’s model by adding an individual experience term (third term of the function), so that the model can be formulated as:
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Cit: decision/choice of individual i at time t (binary choice, Cit
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4.3 Results and discussions

In the simulation model, there are 4096 agents which are generated from 178 respondents in the survey, so that approximately each respondent has 23 ‘clones’ (Ns/N = 4096/178 ≈ 23) in the population of agents. The parameters and initial values of variables, including individuals’ initial preferences/propensities to car share, were derived from the results of behavioural survey. Each simulation run is a period of T =1460 days (4 years). The domains of interaction are neighbourhood, courses of study, and non-study activity clubs. Based on the existence and location of influential minority, there are 8 scenarios developed for the simulation runs (please see Table 1 for details of the scenarios and their results). Each scenario is repeated for 10 runs. 
[Insert Table 1here]
Figure 2 presents the results of Scenarios 1 - 3. The results presented in the figure is for the first 365 days (1 year) of simulation run, since the system is then static until the end of the run (1460 days = 4 years). Each point in the graph is an average of 10 simulation runs. In Scenario 1, where social interaction between agents does not exist, the number of car sharers goes up gradually up to 2008 agents (level of compliance LC = 49.0%) for the last 90 days of the simulation run. Level of compliance is the proportion of agents who participate in the car-sharing programme within the population of agents. Whenever social interaction (in all domains of interactions) exists between agents (Scenario 2), the number of car-sharers increases with a slower trend than in Scenario 1. However, the level of compliance in this scenario is higher than in Scenario 1 with 2290 car sharers (LC = 55.9%). The situation becomes better for car sharing when a number of influential minority agents (6.2% of total) exist in the population as seen in Scenario 3. These influential minority agents are able to increase the level of compliance up to in average of 2514 car sharers (LC = 61.4%).
The average preference of agents (Figure 3) in Scenarios 1 - 3 reaches almost similar points to their levels of compliance (Figure 2), since they are highly correlated based on the fact that the decision of each agent is made based on its preference. In Scenario 1, where social interaction does not exist, the average preference is stable day to day with an average of 0.49 in the last 90 days of simulation runs. This result is close to the initial average preference based on survey results, which is 0.47. Scenarios 2 and 3 have similar patterns of changes. In early interactions, average preferences in these scenarios decrease since majority of agents, who have a low preference to car-share, decide not to car share causing the decrease of average preference. After the effects of the initial condition reach minimum and as agents are involved in interactions with each other, the average preferences in Scenarios 2 and 3 increase higher than that of Scenario 1. When influential minority agents are in charge, a higher level of compliance can be achieved in Scenario 3 (with minority) than that of Scenario 2 (without minority).

[Insert Figure 2 here]
[Insert Figure 3 here]
Similar to Scenario 3, Scenarios 4 - 6 represent a situation where influential minority agents exist in the population of agents (Figure 4). The effects of interaction domains are studied by comparing the system’s behaviour whenever interactions happen in different sets of domains. Level of compliance has the highest level in Scenario 3 where all domains of interaction (neighbourhood, course of study and non-study activity club) are in use. It is followed by Scenario 5 where the domain is course of study. In this scenario, the level of compliance has almost similar path to Scenario 3 in the first 100 days, but then the rate of increase in Scenario 3 is faster than in Scenario 5. Scenario 5 ends up with 2395 car sharers (LC = 58.5%). Neighbourhood domain (Scenario 4) and non-study activity club domain (Scenario 6) have similar paths in the first 100 days of simulation and almost similar levels of compliance, 55.9% and 55.8% respectively.
We also investigate the effect of location of influential minority agents to the results of simulation by running simulation runs with a scenario where minority agents are located within a course of study (Scenario 7) and another scenario where they are located in several non-study activity clubs (Scenario 8). However, there is no significant effect of the minority agents’ location that can be reported based on the results in these scenarios.
[Insert Figure 4 here]
The results of the simulation experiments show that a small number of influential individuals (around 6% of the population), who are located randomly in the population, with consistency of choice on complying with the measure are able to diffuse their choice to others. Also, a group that consists of influential agents is able to diffuse their compliance to other individuals of different groups. A ‘social club’ domain with a high opportunity of repeated interactions between its members, like course of study, has been reported to have an important role on the spread of compliance. Neighbourhood is a domain which has often been used in existing simulation models, however it may have smaller role than course of study since the interactions between neighbours, particularly in a urbanized city, are incidental and not as frequent as, for example, interactions within students in a course of study. These findings show that repeated interactions between individuals would generate higher propensity for communicating which later give more opportunity for social learning and social influence to induce compliance in the population.

In general, the study provides useful information for investigating the role of minority influence in the diffusion process of compliance with a ‘soft’ policy measure. Some informed insights regarding the spread of compliance with a ‘soft’ measure from an individual to other individuals through various kinds of interaction domain were obtained. Social interaction has been shown to have a major role in spreading compliance with the measure. It can also be inferred from the simulation results that involving ‘key people’, which were represented as influential minority agents in the model, in diffusing compliance with the measure into population would increase the level of participation.
5. Example 2: Influence of social interaction and social learning on travellers’ compliance to a hypothetical employer-based demand management measure
The next example of multi-agent simulation’s application is based on Sunitiyoso et al., 2007. The research investigates the influence of social interaction and social learning on travellers’ behaviour in response to a hypothetical employer-based demand management measure. The research methodology consists of two stages of study, employing a laboratory experiment and a simulation experiment. First stage, the laboratory experiment is required to demonstrate the learning process of travellers on making repeated travel decisions since observation of ‘natural’ behaviour in a real environment may be more complicated and time/cost demanding, and sometimes infeasible to be observed. It also allows investigation of the dynamics of individual behaviour as well as group behaviour. Experimental settings, such as interaction between participants and flow of information, can be controlled according to the objective of the experiment. In the second stage of this study, the simulation experiment utilizes an agent-based simulation model to simulate and analyse behaviours of individuals in larger environments, larger group sizes, longer time periods, and various experiment settings. Again we focus only on the simulation experiment. However, an overview about the laboratory experiment and its findings are also presented.
Three individual learning and three social learning models are used for analyzing the results of the laboratory and simulation experiments. These models will be explained briefly in this section. For details about their mathematical properties, please refer to Sunitiyoso et al. (2007).

The first individual learning model is based on a simple heuristic rule developed by Harley (1981) which is based on the evolutionary principle that the more a choice is chosen, the higher its probability to be chosen in the next decision time. The second model is a simple Bayesian model based on Herrnstein (1970)’s law of effect. The model, which is called the average return model, suggests that the probability of a choice to be chosen depends on the average outcomes of making the choice. The third individual learning model that is used in this study is another type of Bayesian learning model, the weighted average return model (March, 1996). In this model, the probability of each choice to be chosen is a function of the weighted past outcomes. 

Three social learning models used in McElreath et al. (2005) are adopted. Each model is basically a combination of individual learning and social learning mechanisms. The strength of reliance on the social learning against individual learning mechanism depends on the value of parameter (0≤≤1). When =0, the individual relies only upon individual learning, whereas =1 means the individual relies only upon social learning. The first model is called the linear imitation model. The imitation is linear with respect to each choice’s frequency in the population of potential targets. For example, if two alternative choices exist with frequency 0.6 and 0.4, then the individual has a 60% chance of imitating the first choice and a 40% chance of imitating the second one. The second model is called the confirmation model. It is based on the idea that each individual is not simply imitating the choice of the target individual(s) but also practicing confirmation, which means that the individual is keeping her previous behaviour when the target individual(s) also previously chose the same choice. Otherwise, the individual relies only upon own judgement. The last model is the conformity model which is based on the concept of majority/plurality influence. The model is applicable if the number of target individuals to be observed is at least three individuals. It is based on the idea that the choice of an individual may be influenced by the majority/plurality choice of target individuals.

5.1 Laboratory experiment
The experiment, which utilizes a computer interface developed on Z-tree (Fischbacher, 1999), simulates a repeated decision making environment. In the experiment, participants face a situation of whether or not to contribute to an employer-based demand management measure to reduce employees’ car-use. This context is chosen since it is able to represent a social dilemma situation where social factors may have some roles in individuals’ decision making. The employer-based measure asks each employee (each participant in the experiment) to contribute by using bus, as an alternative to car, for a number of days (0-25 days) in every month. Each month each employee is given a budget to pay for transport expenses, which may include both car and bus expenses. Based on the participants’ choices, a reward (bonus) is given by the simulated employer to all employees, where the amount of the reward depends on the total contribution (collective bus-use) of the employees. In this experiment, the reward is half of the total expenses of the collective bus use. The reward is then distributed equally to each of the participants regardless of the amount of their individual contribution. The payoff function of each participant can be formulated in Equation 2.
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where Ei(t) is the earning obtained by individual i at time period t (representing one month), Budget is a fixed amount of money to spend on transport expenses in each month (£75 per month), CBus and CCar are out-of-pocket costs of using bus (£3 per day) and of using car (£2 per day) respectively, Ci(t) is individual i’s choice which is the number of days per month of using bus (0≤Ci(t)≤25), and N is the number of employees in the company (the number of participants in a group). 

The results of the laboratory experiment presented in this paper are based on a run with a group of participants (N=9) who participate in three sessions of the experiment sequentially (Sessions 1, 2, and 3). It is important to note that a limitation of the experiment is regarding the sample size. A small sample is certainly useful for an exploration purpose (which is the intention of the research in this section), however, strong conclusions are difficult to draw. A sufficient number of samples is required to ensure the significance and reliability of experimental results.

Figure 5 shows the dynamics of total contribution (collective bus-use of the group of participants) in each round of decision making for all three sessions. Table 2 presents descriptive statistics (mean and standard deviation) of experimental results in all three sessions.

[Insert Figure 5 here]
[Insert Table 2 here]

Analysis on group behaviour is conducted by observing changes of total contribution in the group. Individual learning is likely to exist within individuals, as shown in the first session of the experiment. There is also an indication that giving participants access to social information about others’ behaviours may influence their behaviours in giving contributions. It is found that the average total bus use in the third session is significantly higher than that of the second session. This gives an informed insight that social information about all other participants’ choice (in the third session) might have encouraged participants to contribute more than that of situation when the social information is restricted to only information about another participant’s choices (in the second session). 
To investigate which kind of learning mechanism is used by participants, the individual behaviour of each participant is investigated. It is revealed that some forms of individual learning may exist in Session 1. However, it is not clear which form of individual learning exists since all three individual learning models give almost similar results. Based on this, the first hypothesis about the existence of individual learning processes cannot be fully confirmed. While in Session 2, the combined individual and social learning models involving the confirmation model performs better than the combined model of involving the linear imitation model. This gives an informed insight that participants might have adopted the confirmation model by keeping their previous choice if the observed individual(s) also previously chose the same choice. This social learning model also gives a good performance in fitting the combined learning models with the results of Session 3. The confirmation model along with the conformity model, especially when they are combined with the weighted return model, provide relatively better performance than other combined models. These results provide indications that the hypotheses regarding the existence of individual and social learning processes may be true.
From the above analysis of group and individual behaviours, the laboratory experiment has provided some indications about the influence of social interaction and learning on travellers’ decision making. The type of social information provided is shown to have influence on the behaviour of individuals. And the learning models provide an estimation of the social learning mechanisms between individuals. However, as the significance of the data could not be assured, we would not draw strong conclusions based on these results. Instead, we consider the results as useful insights for further development. Also the experiment has only involved a small number of individuals while in real life situation people may interact with each other in a large size of population. The possible effects of social interaction and learning in wider population will be investigated using an agent-based simulation approach in the next section.
5.2 Simulation experiment
In a multi-agent simulation model, we simulate the situation presented in the laboratory experiment into a larger system with more individuals, more repetitions (rounds) of decision making, and various experimental settings. The simulation model consists of two layers (Figure 6): an individual layer where each traveller, who is modelled as an agent, updates her decision rules based on information collected from individual experience and social information about other agents’ behaviour, and then makes a decision; and an interaction layer where agents interact with each other and transmission of social information occurs between them. These two layers are connected by feedback mechanisms which exist between them.

In the individual layer, an agent undertakes cognitive processes of individual and social learning utilizing the results of information gained from the system about the outcome of the agent’s previous choice as well as information about other agents’ choices and outcomes gained from social interaction in the interaction layer. The individual learning rule is nested inside the social learning rule, with its strength depending on the value of parameter . The value of =0 means a maximum reliance upon individual experience, whereas =1 means a maximum reliance upon social information. We tested all three social learning models explained in the previous section: linear imitation (LR), confirmation (Cfn) and conformity (Cfy). As we put more emphasis on social learning rather than individual learning, only one individual learning model will be used in the simulation model, which is the weighted return (WR) model with =0.5, since this model has performed relatively better than other individual learning models in the combined models with social learning models. Among many possible ways of making a decision, we use a simple decision making mechanism which is based on the probability of a choice to be chosen by an individual. The higher the probability is, the more likely the choice will be chosen. Initial propensities of choosing a choice are distributed randomly in the population of agents. This assumption is used considering that choices are equally distributed between participants at the first round (as well as at the second and third rounds) of the laboratory experiment. The average bus use is 12.56 days, which means an equal proportion of choices in favour of bus use and car use, and there is a large variance of bus use (54.27) which means a large variety of choices have been chosen by participants. 
[Insert Figure 6 here]
The interaction layer consists of two models: the payoff model and the social interaction model. The payoff model collects choices of all agents, calculates payoff of each agent using Equation 2, and then provides information about the payoff of each agent. The social interaction model is based on the model presented in the previous example (Section 4), where two processes of interaction exist: meeting and communicating. There will be only one domain of interaction in the model: the workplace. However, there will be two social networks which may exist in the workplace: a lattice-structured network, where each individual interacts with its closely-located neighbours in the workplace (e.g. colleagues in the same or neighbouring office rooms), and a complex mixing network, where each individual interacts with any other individuals in random manner. The probability of interaction using any of these social networks depends on parameter s. When s = 1, it means that interactions only happen in a lattice-structured network. s = 0 means that interactions happen in a complex mixing network.

5.3 Results and discussions

Figures 7-9 show the dynamics of individuals’ average contribution (bus-use) simulated using three combined models: WR+LI, WR+Cfn, and WR+Cfy. The results presented in the figures are the average of 10 simulation runs. Each run consists of 1825 simulation days, containing 73 rounds of decision making (one decision making in every month; a month = 25 days). The value of  for WR model is set to 0.5. The parameter s is set to 0.5, which means that the interaction will be 50% in lattice-structured network and 50% in random manner. The strength of reliance on social learning is varied, =0, 0.25, 0.5, 0.75, and 1. =0 means that individuals only learn individually using the weighted return (WR) model, while =1 means a total reliance on social learning (LI, Cfn, or Cfy).

[Insert Figure 7 here]
[Insert Figure 8 here]
[Insert Figure 9 here]

Comparing the results of the three combined models shown in Figure 7-9, the WR+Cfy model has the potential in producing a high level of contribution if the reliance on social learning is strong (=0.75) and very strong (=1). While the WR+Cfn model produces a diminishing contribution in the system when the reliance on social learning is very strong (=1). In the WR+LI model, only a very strong reliance on social learning (=1) can maintain the average contribution to the same level as its initial value. Otherwise, the average contribution diminishes from round to round.

These results reveal two interesting findings. First, strong reliance on social learning may induce positive changes (increasing level of contribution) when a particular model of social learning mechanism, the conformity model, is adopted by individuals. This finding is in line with findings in other studies (e.g. Smith and Bell, 1994; Henrich and Boyd, 1998; Sunitiyoso and Matsumoto, 2005). Second, in contradiction to the first findings, a strong reliance may also produce negative changes (decreasing level of contribution) when individuals adopt another social learning mechanism, the confirmation model. This result, however, is in contrary to McElreath et al. (2005)’ study. The study reported that the confirmation model outperforms the conformity model when the reliance on social learning is strong, although in other cases (when the reliance is less strong) the conformity model always performs better than the confirmation model.

These two findings may provide some explanation to the empirical data obtained from the laboratory experiment. The analysis of Session 2 shows that the level of contribution is lower than in Session 1 (see Table 2) and the learning model that best fits the empirical data is a combined learning model involving the confirmation model (e.g. the weighted return & confirmation model). The simulation experiment produces a result which is in line with that result, where the level of contribution is diminishing when agents use the same model (Figure 8). 
Another interesting finding is obtained from Session 3. The level of contribution in Session 3 is higher than in Session 2 as well as Session 1 (see Table 2). The results of the analysis shows that a combined learning model involving the conformity model (e.g. the weighted return & conformity model) becomes one of the best models which fit the empirical data. This is also in a similar vein with the result of the simulation experiment when agents use the conformity model in the simulation runs (Figure 9). The social information scheme used in Session 3, which provides information about the choices of all participants, has made conformity mechanism to exist between participants. Even though the confirmation mechanism could also exist in Session 3, however the effect of conformity mechanism is stronger.
6. General conclusions
The two examples presented in Sections 4 and 5 demonstrate the way a multi-agent simulation model can be used to model the influence of social aspects, particularly social interaction, social learning and social influence, on the diffusion process of travellers’ compliance with a demand management measure. There are also some informed insights obtained from two simulation models in the examples, which can be useful in understanding and predicting travellers’ change of behaviour. 
In the first example, it can be inferred from the simulation results that involving ‘key people’, which were represented as influential minority agents in the model, in diffusing compliance with the measure into population would increase the level of participation. Thus it gives an informed insight on the role of ‘key people’ involvement, which is one of potential tools for changing behaviour suggested by Ampt (2003). Even though further confirmation is still required, the findings give support to the need for measuring the effects of diffusion process during the implementation of a demand measure as suggested by Stopher (2005) since the process could be a crucial part for a successful implementation. 
The second example provides two important findings, which are supported by evidence obtained from the laboratory experiment. First, strong reliance on conformity model of social learning may have a positive effect shown by increasing level of contribution. This is in line with the work of Sunitiyoso and Matsumoto (2005) regarding the role of conformist transmission in eliciting travellers’ cooperation/participation. When travellers are not completely rational, they may have motivation to imitate the majority behaviour. This kind of social learning mechanism would give cooperation a chance to spread in the population. Second, strong reliance on confirmation model produces a negative effect shown by decreasing level of contribution. This indication could be true in real travellers’ behaviour as social learning by confirmation may discourage people’s cooperative behaviour whenever the observed individuals always choose ‘uncooperative’ choices.
In general, these two examples have shown that diffusion process of compliance with a demand management measure may depend on the way a traveller interacts with each other (social interaction), the way they learn socially (social learning), and the existence of influential people (minority influence). In first example, social interaction and minority influence are shown to have a positive effect in influencing travellers’ behaviour. While in the second example, the strong reliance on certain types of social learning may affect the direction of behavioural change, which can be positive in encouraging cooperative behaviour or negative in discouraging it. Further studies are required to confirm these behavioural insights, which some of them will be discussed in the next section of this paper. And also testing scenarios of different input data and parameter setting is needed in order to know further about the other possible effects of these social aspects of travellers’ behaviour. 
From methodological standpoint, implications of the study on the practice of travel behaviour modelling, especially for predicting the changes in travellers’ behaviour during the implementation of a policy measure, are expected to grow further in the future. Behavioural changes in a wider societal scope are expected to differ from those of a smaller group of individuals, since interdependence between individuals becomes complicated whenever the number of interacting individuals increases. Dealing with this situation, the ability of a multi-agent model to handle a complex form of interactions becomes a major advantage. With agent-based simulation, it is possible not only to model the dynamics of the system but also to represent behavioural change of every single individual; therefore. Where the model is developed based on behavioural mechanisms of real travellers, it may become a powerful approach in understanding and predicting travellers’ change of behaviour.
7. Future research and potential applications

To make the prediction of a model more reliable, more credible parameters for the model are high priority. There is a need for conducting intensive behavioural survey and laboratory experiments in order to evaluate these parameters and ensure the internal validity of the model. The development of a method to measure diffusion effects in the implementation of a ‘soft’ measure in real life would be helpful in providing empirical data that can be used useful for external validation purpose on how the obtained experimental results relate to corresponding real world situation. As stated by Mahmassani and Jou (2000), experiments provide a useful approach to the study of complex human decision systems, but they primarily intended to develop the underlying theoretical constructs (Note: In their study, Mahmassani and Jou particularly referred to laboratory experiments, but actually it may also apply for simulation experiments). Experiments are based primarily on simulated situations which may not necessarily correspond to the travellers’ actual setting. Therefore, observation of actual behaviour in the real world is required to confirm the substantive conclusions resulting from such experiments. Empirical data from a longitudinal field study with several waves before and after the implementation of a transport measure would serve best for this purpose as the changes real travellers’ behaviour in real life situation over time of can be well-observed and be used as a benchmark for the predicted changes in the experimental situations. In the field study, we would need to probe participants on what aspects, particularly social aspects, have influenced changes of behaviour where they occurred. 
It is demonstrated here how a multi-agent simulation model can be used to investigate the effect of transport measure on travellers’ behaviour prior to its implementation in practice. For example by testing different scenarios of the measure in the laboratory and simulation environment in order to gain informed insights of how people may behave in real-life in response to the measure. Studies on predicting the effects of diffusion process in the implementation of ‘soft’ measures, such as travel blending, individualized marketing, and car sharing, may benefit from this study. However, applications of the model into real-world practice still requires further development as the model is relatively simple and the factors involved in the practice would be complex and beyond the scope of this study. 
In relation to current practice, this study support the need to implement some of the ‘tools for change’ suggested by Ampt (2003), which are the use word-of-mouth communication and the involvement of ‘key people’ in promoting participation in a ‘soft’ measure (e.g. travel plan, car-sharing). Understanding current communication patterns and enhancing communication effectiveness in a community has been found to be important for achieving success in diffusion of the ideas and actions in relation to reduction of negative impacts of car (e.g. Ampt 1999). Building communication with people in a community group (which is ideal for reinforcement by key people) through direct conversations would establish understanding and acceptance of the ‘soft’ measure. Hence, it would give more opportunities to change their travel behaviour as well as giving a chance for diffusion to take place over time. 
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	Table 1

	Scenarios of simulation run
	
	

	Scenario
	Existence and location of influential minority
	Interaction domain (neighbourhood, course of study, non-study social club)
	% of car sharers (average of the last 90 days) 

	1
	No
	No social interaction
	49.0

	2
	No
	All domains
	55.9

	3
	Yes, spread in population
	All domains
	61.4

	4
	Yes, spread in population
	Neighbourhood only
	55.9

	5
	Yes, spread in population
	Course of study only
	58.5

	6
	Yes, spread in population
	Social club only
	55.8

	7
	Yes, only in a course of study
	All domains
	59.3

	8
	Yes, only in several social clubs
	All domains
	60.6

	
	
	
	


	Table 2

	Collective bus use (in days)

	Session
	Mean
	Std. dev.

	1
	79.60
	23.83

	2
	63.20
	22.17

	3
	88.60
	21.82

	
	
	


Figure 1: Algorithm of the multi-agent simulation model

Figure 2: Level of compliance (LC) in Scenarios 1 – 3 (Note: scenario numbers in parentheses)

Figure 3: Average preferences to car-sharing in Scenarios 1 – 3

Figure 4: Level of compliance (LC) in Scenarios 3 - 6

Figure 5: Dynamics of total contribution (
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Figure 6: Algorithm of the multi-agent simulation model

Figure 7: Dynamics of individuals’ average contribution in WR+LI models with =0, 0.25, 0.5, 0.75, and 1; s=0.5

Figure 8: Dynamics of individuals’ average contribution in WR+Cfn models with =0, 0.25, 0.5, 0.75, and 1; s=0.5

Figure 9: Dynamics of individuals’ average contribution in WR+Cfy models with =0, 0.25, 0.5, 0.75, and 1; s=0.5
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Figure 1: Algorithm of the multi-agent simulation model
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Figure 2: Level of compliance (LC) in Scenarios 1 – 3 (Note: scenario numbers in parentheses)
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Figure 3: Average preferences to car-sharing in Scenarios 1 – 3
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Figure 4: Level of compliance (LC) in Scenarios 3 - 6
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Figure 5: Dynamics of total contribution (
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Figure 6: Algorithm of the multi-agent simulation model
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Figure 7: Dynamics of individuals’ average contribution in WR+LI models with =0, 0.25, 0.5, 0.75, and 1; s=0.5
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Figure 8: Dynamics of individuals’ average contribution in WR+Cfn models with =0, 0.25, 0.5, 0.75, and 1; s=0.5

[image: image17.emf]WR+Cfy

0

5

10

15

20

25

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70

Month

Avg. bus-use (days)

d=1

d=0.75

d=0.5

d=0.25

d=0


Figure 9: Dynamics of individuals’ average contribution in WR+Cfy models with =0, 0.25, 0.5, 0.75, and 1; s=0.5
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