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Abstract
It has been long recognized that individual decision-making is usually influenced by the existence or opinions of other people (i.e., reference group). Such influence from reference group is called social interaction. However, most of the existing literature about car ownership behavior has regarded the household as an independent decision-making unit from the society, to which it belongs. On the other hand, there usually exist various types of reference groups and consequently social interaction is a multi-dimensional phenomenon. This paper attempts to develop a dynamic discrete choice model with multi-dimensional social interactions under the framework of dynamic GEV model. The effectiveness of the model is examined from both model performance and applicability in the context of household vehicle type choice behavior.
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1. Introduction
It has long been recognized that various decisions in human society occur in the unit of a group (Thorndike, 1938; Corfman and Gupta, 1993). According to McGrath and Kravitz (1982), the concept of a group requires that two or more persons be in dynamic interaction with one another. This implies that the persons are mutually aware of one another and take one another into account, and that the relationship has some temporal continuity. Such interactions can be observed under two representative situations. One is the case that members in the group (size of the group is usually small) can be pre-specified (e.g., household members joining in some shared activities, car-pooling users, a travel party (friends or colleagues), and some buying centers in an organization). In another case, members in the group cannot be clearly specified. Such group is called reference group. Influence of such reference group on decision maker’s choice behavior is defined as social interaction in this study. This paper attempts to deal with the latter case in the context of household car ownership analysis.
The pioneering work about representing social interaction in decision-making analysis was conducted by Manski (1993). Models with social interaction have been developed and applied to a wide range of contexts both within economics and within social science. The role of social interactions in decision-making has become an important area of research over the last decade. Manski argues that identification and inference of social interaction effects is not a trivial econometric task. Manski further classified the social interaction into preference interaction, constraint interaction and expectation interaction. These interactions can take various forms: endogenous interaction, contextual interaction and correlated interaction. How to represent and measure these interactions is the main challenge in the research of social interaction. In the context of group decision-making, there is also a large empirical literature that seeks to measure the influence of such social interaction in determining the performance of the individual members in the group. The goal of such analysis is to provide an explanation of group behavior which emerges from the interactions across individuals. Much of these researches are motivated by the observation that many individual decisions, such as academic achievement (Rivkin, 2001), teenage pregnancy (Evans at el., 1992), school dropout behavior (Evans at el., 1992, Gaviria and Raphael, 2001), student life (Sacerdote, 2000), criminal behavior (Case and Kats, 1991), unemployment (Case and Kats, 1991, Topa, 2001), vary largely between social groups than within them. However, these studies also point out the difficulty of defining such reference group in the most relevant and operational way. Concretely speaking, it has not been made clear whether such group refers to the whole society, the community in which the decision maker resides, or some other groups of close friends. 
The main purpose of this paper is to first empirically test and identify such reference group(s), and then to explore how to incorporate the influence of such reference group(s) (i.e., social interaction) into a dynamic discrete choice model describing household car ownership behavior. In most countries, energy consumption and pollutants from transport sector have been increasing considerably in the past decade. Considering the growing concerns on global warming, this alarming rate of increase calls for measures of controlling car ownership level, enhancing energy efficiency and reducing emissions in the entire transportation systems. Since passenger cars have been producing large percentage of total exhausted gases, this paper focuses on the analysis of household ownership behavior of passenger cars, especially the choice behavior of vehicle types (refer to engine displacement here). Although it is known that environmental load from vehicles is a function of the number of vehicles, travel distance, travel speed and environmental emission factors, this paper deals with only the choice of vehicle types, which are closely related to fuel efficiency of vehicles. Since household vehicle ownership could be influenced by the behavior of other people, analysis of social interaction could provide policy makers with the information about which is much more influential on household vehicle ownership behavior: social interaction or policy variables (e.g., taxation, change of land use patterns and improvement of public transportation networks). 
Up to now, many discrete choice models have been developed to describe different aspects of car ownership and as a result, various influential factors have been identified. Such discrete choice models include, for example, MNL model (Manski and Sherman, 1980), PCL model (Chandrasekharan et al.,1994), Mixed Logit model (Bhat, 2004), Dogit Model (Chandrasekharan, et al.,1994). The existing literature about the analysis of car ownership behavior has regarded the household as an independent decision-making unit from the society, to which it belongs. In reality, however, as a member of the society, an individual usually behaves as an agent interacting with the society (e.g., Brock and Durlauf, 2001a,b). Such interaction is called social interaction. The group, to which decision of individual behavior refers, is called reference group. There usually exist various types of reference groups. These groups can be the whole society, a neighborhood/community, friends or colleagues, other types of groups, and/or their combination(s). In this sense, social interaction is a multi-dimensional phenomenon. On the other hand, individual choice behavior also changes over time. It is expected that household car ownership behavior could be affected by the household’s “previous car choice and use” and “future expectation of car use”. Here, “future expectation” means that the household might decide to own their cars with the consideration of main purpose(s) of car use, frequency, and ownership duration in the future.

This paper attempts to first explore what kinds of reference groups are relevant to household vehicle type choice, and what types of specifications about social interactions are more suitable in the context of dynamic choice. To this end, a tractable dynamic discrete choice model is established based on the dynamic generalized extreme value (DGEV) model developed by Swait et al. (2002). The DGEV model has various attractive features related to behavioral dynamics such as state dependence, initial conditions and future expectation. Multi-dimensional social interactions are introduced as a part of the utility function of DGEV model. 
In the reminder of this paper, a dynamic discrete choice model incorporating multi-dimensional social interactions is first established (Section 2), and then the model is applied to analyze household car ownership behavior and its effectiveness is empirically examined (Section 3). The paper is finally concluded in the last section 4 and future research issues are also mentioned there.

2. Model Development

2. 1 A kernel structure of dynamic discrete choice model
Heckman (1981) presents a general structure of dynamic discrete choice model, which utility function is defined as follows:
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where, 
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 is utility of individual i for alternative j at time t. 
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 is the choice result of alternative j that individual i choose at time t (equal to 1 if the alternative j is chosen, 0 otherwise), 
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 refers to explanatory variable vector with parameter vector 
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 indicates the parameter describing the influence of the kth-order lag-operator, 
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 means the error term of utility function, and 
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 are time-varying parameters.

In equation (1), the second term at the right side describes the effect of true state dependence, the third term explains cumulative effect, and the fourth term indicates the influence of behavioral inertia, respectively. 

The above Heckman’s dynamic model can include various models as special cases. Recently, in line with Heckman’s modeling framework, Swait et al. (2002) developed a new dynamic model under the principle of random utility maximization, by using the following GEV generation function.
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Where, 
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 is the deterministic term of utility function, 
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 and 
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 refer to the discount parameters for the past and future utilities, 
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 is scale parameter at time t, 
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 expresses the influence of state dependence (habit persistence, or variety-seeking) at time s.
Assume that future expectation can be expressed in equation (4). This results in Swait et al’s DGEV model, as shown in equations (5) and (6).
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Where, 
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 is called meta-utility, which is different from the previously-mentioned 
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, 
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 is a non-negative parameter introduced to capture the influence of future behavior (future expectation). Statistically significant 
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 means that future expectation influences current behavior at time period t.

Swait et al’s DGEV model can be used to simultaneously represent the influences of initial condition, future expectation, state dependence, time-varying scale and taste parameters, and time-varying covariance structure. It is argued that meta-utility shown in equation (6) can be applied to any models of GEV family. 

2.2 Modeling individual choice with social interaction

Manski (1993) argues that attributes and behaviors of peer or social group affect individual behavior. These are collectedly called social interaction effects. Depending on the contexts, they are also called social norms, peer influences, neighborhood effects, and conformity. 

We consider the problem of individual choice in the presence of social interactions in line with Manski’s (1993) modeling approach and assume the utility function 
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 to be defined as follows:
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Here, 
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 indicates the average choice result of reference group for individual i choosing alternative j at time t. It is used to determine the strength of endogenous social effects in explaining individual choice behavior, expressed by parameter
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. The endogenous effects mean that the propensity of the individual to behave in some way varies with the behavior of the group. In addition, individual behavior might also change with response to the exogenous characteristics of reference group. This can be represented by using 
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, a vector of individual characteristics of reference group. Such influence of reference group is called exogenous (contextual) social effects, expressed by parameter 
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. Furthermore,  parameter 
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 expresses the correlated effects, which mean that an individual in the same group tends to behave similarly because he/she has similar individual characteristics or face similar institutional environments (
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 of individual i choosing alternative j at time t on the utility
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Based on equation (7), each effect suggested by Manski (1993) can be evaluated as follows:
if 
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, there exists an exogenous effect, and
if 
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, there exists a correlated effect.

Manski further argues that identification is a core difficulty in testing the superiority of the proposed model structure over other competing behavioral models. Existing research usually builds up the decision-making models under the assumption that exogenous social effects and correlated effects are not present. Thus, there have not been proposed some promising methodologies that can successfully distinguish the endogenous effects from the exogenous effects, and from the correlated effects. 
Therefore, in this study, we will deal with a simplified version of equation (7), where exogenous social effect and correlated effect are ignored. Then equation (7) is re-written below.
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As a consequence, equation (8) is assumed to be partitioned into three components: the term of social interaction effect 
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, and error term 
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A simple and reasonable parametric representation for social interaction can be defined as follows:
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where, 
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 is the choice result of alternative j that individual n in reference group of individual i choose at time t (equal to 1 if the alternative j is chosen, 0 otherwise). To shorten the expression, 
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. In this sense, equation (9) denotes the expected proportion of the reference group choosing 
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It is known that individual behavior could be influenced by various reference groups such as the whole population, peer group, neighborhood/community, homogenous group (e.g., Woittieza and Kapteynb, 1998). To reflect the influences of various reference groups, we re-write equation (8) as follows:
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where, g denotes the group which the individual i might refer to in his/her decision-making process. 
Thus, equation (10) is specified to represent the previously mentioned multi-dimensional social interactions. Reflecting the influence of such social interactions, the dynamic discrete choice model with social interactions can be specified in the following equation (11), where LogL means the log-likelihood function, 
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 is defined in equation (12), and 
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 is a dummy variable to represent the choice result as defined in equation (1).
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As described previously, 
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 expresses the influence of state dependence (habit persistence, or variety-seeking) at time s. On the other hand, such influence of the behavior in the past on the present behavior might vary with the lapse of time after the behavior in the past occurred. To reflect the influence of the lapse of time, we define the parameter 
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 as a function of T, which is the length of time passed after the behavior in time t occurred. This is shown below.
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Equation (13a) assumes the influence of state dependence is in proportion to the length of the lapse time, and equation (13b) assumes that the lapse time shows positive influence with diminishing characteristic. Equation (13c) argues that the influence becomes stronger as the time passes. Equation (13d) argues the opposite influence. These equations will be selected based on empirical analysis in this study. Moreover, we designed 
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 to the following function of discount parameter 
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　as in equation (2) to estimate easily.
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3. Estimation Results and Discussion
3.1 Data

To examine the effectiveness of the proposed model (equations (11) and (12)) for the choice of vehicle type, a revealed preference data about household vehicle ownership behavior is used here. The data was collected in October 2006 from the households living in Tyugoku area (the largest city is Hiroshima city) in Japan. All the recruited household were asked to answer the questions about household and individual attributes, attributes of currently and previously owned passenger cars.
· Household attributes: number of household members, number of owned passenger cars, residential characteristics etc.

· Individual attributes: age, gender, driving license, occupation, car use behavior, daily activity participation etc.

· Vehicle attributes: make, engine displacement, manufacture year, total travel distance of both current and previous vehicles etc.
As a result, we collected the questionnaires from 500 households with cars. It is observed that 46.6% of households have two or more cars. For these households, choices of multiple cars might inter-relate with each other. Such behavioral phenomenon cannot be properly incorporated in the proposed model. This is also true for other existing relevant models. Since the main purpose of this study is to examine the influence of social interaction on household car ownership behavior, model improvement to reflect the complex choice mechanisms of multiple cars within a household is left for future research. Instead, we only apply the developed model to case that the households choose the types of passenger vehicles when they renew them. As a result, the sample used for this case study is 225 households. 

Up to now, disaggregate choice models have been applied to describe the choice behavior of vehicle type, where household characteristics (e.g., household income, number of household members, and age of household head), characteristics of main users, and vehicle attributes (e.g., body price, operating cost, and number of seats) are usually used as explanatory variables (e.g., Golob et al., 1996). On the other hand, existing research has also classified car type based on various car attributes, for example, car size (e.g., Hayashi et al., 2002), car model type (e.g., Choo and Mokhatarian, 2004), fuel type (e.g., Golob et al., 1996; Kho, 2003), and automaker (e.g., Kho, 2003). In Japan, such car type is usually classified based on engine displacement. Such classification is well known for car users. Since different tax systems are applied to the cars with different engine displacements, the car users in Japan should be very sensitive to engine displacement when purchasing the vehicles. Therefore, this study defines the alternatives of passenger cars based on engine displacement, considering that this category is directly related to evaluation of fuel consumption, emissions and effects of car-related taxation. Exploring the choice behavior of passenger car types is important for both marketers and public policy makers, especially considering that more and more people are showing concerns about environmental issues. 
For the purposes of estimating the choice models presented in this paper, the following three choice alternatives are adopted, considering the influence of sample size on the model estimation. 
· Alternative 1 (Small-sized vehicle): passenger car with engine displacement equal or smaller than 660cc

· Alternative 2 (Middle-sized vehicle): passenger car with engine displacement larger than 660cc and equal or smaller than 2,000cc

· Alternative 3 (Large-sized vehicle): passenger car with engine displacement larger than 2,000cc

Large-sized cars are currently the majority of vehicle type (47%), and the shares of middle-sized and small-sized cars are 42% and 11%, respectively. As shown in Figure 1, share of small-sized cars at the national level has been increasing over the past decades and in 2005 small-sized cars account for 24% and, middle-sized and large-sized cars are 47% and 29%. This is because multiple car ownership households are increasing, and they own smaller cars as second or third cars. However, this study only focuses on the single car ownership households, and consequently, compared to national share, the share of Large-sized car is larger in sample.
--- Insert Figure 1 ---

3.2 Specification of utility function
This case study uses a panel data. Different from normal panel data which describe the behaviors of all the samples at the same time points, in this study, even though all the sampled households have the same number of time points (here, two time points), the time points under study are different and the interval between the two time points is not the same either, across households. The meta-utilities (
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where,
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are the parameters indicating the influences of future expectation on the choice of alternative j on time points 1 and 2,
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represents the influence of initial condition related to alternative j, 
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are diffusion rates of alternative j at time points 1 and 2 of individual i’s reference group g,

Explanatory variables
Explanatory variables 
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 include household and vehicle attributes. And the following variables are selected based on preliminary analysis.

(1) Vehicle attributes
- Composite variable of vehicle price and household income: Since household income strongly influences on the evaluation of vehicle price, “vehicle price/household income” is defined as a composite variable.
- Composite variable of number of passenger seats (i.e., seating capacity which is the legally permitted number of passengers within a car) and number of household members. Since number of household members might influence the evaluation of seating capacity, another composite variable is also defined, i.e., “passenger seats/number of household members” is also defined in order to avoid the multicollinearity issue.
(2) Household attribute

- Number of employed members
- Number of license holders

- Number of member over 65 years old 

- Employed statement of main user defined by a binary variable {1: Yes; 0: No}

- Main purpose of car use defined by a binary variable indicating whether the main purpose of car use is for commute or not {1: used mainly for commuting, 0: otherwise}
Social interaction

Marketing research tradition suggests that the key diffusion mechanisms are the imitative behavior of other people. This propensity relies mainly on external information sources (e.g. mass media) and behavior of other individuals. Social interactions may arise directly through communication links or indirectly, through an expectation formation process depending on the distribution of other people in the social space of the individual. We define this social space as an immediate spatial locality (i.e. a neighborhood or a small spatial unit) and a wider space (i.e. around nation). We note at the outset that distinguishing between spatial locality and wider space interaction effects. On the other hand, it is considered that individual behavior is influenced by not only the general trend, but also behavior of homogenous group. The homogenous groups mean, for example, people have similar household characteristics, similar purpose of car use, and so on. In the case of car ownership, it is not necessarily the case that young person's trend doesn't influence the elderly person. In this sense, it is important to categorize the household by the homogenous groups.

To categorize the household by the homogenous groups, we make use of 
[image: image69.wmf]2

c

 test with data we would expect to obtain according to a specific hypothesis.. The 
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 test is commonly used to compare observed data. If the test statistic is small than some critical value, then the hypothesis is accepted, meaning that the difference is not seen by the attributes in the vehicle type choice. In contract, if the statistic is significantly larger than the critical value, then preferences of vehicle type are not the same across the attributes.
We classified the sampled households based on household characteristics (i.e., income level, number of household members, number of license holders, number of employed members, residential area, and life stage), main user characteristics (i.e., gender, age, status of employment), and car use attributes (i.e., main purpose of car use, type of car purchase, car use frequency). The results of 
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 test are shown in Table 1.
--- Insert Table 1 ---
As a result, the attributes of 1) income level, 2) number of license holders, 3) type of car purchase, and 4) gender of main user are rejected, which mean household car type choice is significantly different by these attributes. Since these three attributes are also closely correlated, this study only uses one of these three attributes in order to avoid the multicollinearity. 
State dependence (Habit persistence)
It is argued in this study that, influence of state dependence (or habit persistence) may change with the time passed after the target behavior in the past occurred. To clarify such dynamic influence, four types of specifications shown in equations (13a) ~ (13d) were empirically examined. As a result, it is found that equation (13c), i.e., 
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, results in the highest model accuracy. This implies that habit persistence becomes stronger with the lapse of time.

3.3 Model performance 
Based on the above explanatory variables, the dynamic model was estimated and the results are shown in Table 2. For the model accuracy, the adjusted McFadden’s Rho-squared is 0.448, suggesting that the developed model is good enough to represent household ownership behavior in this study. 

--- Insert Table 2 ---
Influence of household and vehicle attributes
Concerning the influence of household and vehicles attributes, the composite variable “number of passenger seats / number of household members” has a positive value and is statistically significant. This means that people prefer to own larger cars depending on household size. For household attributes, the households with more driving-license holders and the elderly member(s) tend to choose the cars with large seating capacity. However, the parameter of “number of employed member” has a statistically significant and negative value. This implies that as number of employed household members becomes larger, the households prefer to have small-sized cars more than other cars. The reasons seem not simple. More employed members would likely increase the likelihood of car ownership, and such increased car ownership might be further constrained depending on the level of household income. Higher preference for the small-sized cars in the households with more employed members might be because these cars usually involve cheaper maintenance costs. Households consists of more employed members is located to an adult stage in life cycle. In the adult stage, children have already been independent from the family, and also employed members are restricted against regular commuting by public transport in Japan. As a result of decline of car pooling with family members, they would like to own compact cars.

Influence of social interactions

The model introduced three types of social interactions, i.e., national-based social interaction (wider social space), neighborhood-based social interaction (locality), and homogenous group-based social interaction. As mentioned previously, households can be significantly classified based on income level, number of license holders, and type of car purchase. We only use the income level, which leads to the highest model accuracy, in order to avoid the multicollinearity issue. Concerning the estimation results of parameters, diffusion ratio of neighborhood and homogenous group have positive sign and significant parameter. This results show household car type choice has positive multiplier effects with in locality and homogenous group. In particular, the results indicate that car ownership is more sensitive to changes in behavior of the locality than that of homogenous group. National diffusion ratio, on the other hand, has no significant effect in household car ownership.

Influence of behavioral dynamics
Observing equation (16), one can see that household total utility consists of five partial utilities: future expectation, current utility, previous utility, initial condition and state dependence. The average values of these terms were calculated as in Figure 2. The largest portion of the total utility is current utility, followed by previous utility.  

The future expectations have weights of 0.0004, 0.0009, 0.0003, for alternative 1, 2, and 3, respectively. These parameters are significant, but the effects of expectations occupy smaller portion of the total utility. 

The significant parameters of the initial utilities indicate that the “Middle-sized car” alternative has the lowest overall sample average initial condition. All decay factor parameters in model are highly significant. Due to identification restriction, the factor for one alternative must be held constant. In this model, decay factor of “Large-class car” was established by the optimization process, and then it held constant to permit identification of remaining parameters. The parameters imply decay factors of about 0.4 (
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) for all three alternatives. This means that after about a year the impact (
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)of a utility is reduced by about 6% of its original value.
--- Insert Figure 2 ---
4. Conclusions

This study established a discrete choice model which simultaneously incorporates the influence of multi-dimensional social interactions and behavioral dynamics over time (i.e., initial conditions, state dependence (habit persistence) and future expectation). The effectiveness of the model is examined from both model performance and applicability to the analysis of household vehicle type choice behavior, by using a web-based retrospective panel data collected in Hiroshima region, Japan, in 2006. It is empirically confirmed that social interactions coming from the reference groups of neighborhoods and homogenous households are especially influential to the decisions of vehicle type choice. On contrary, social interaction from the whole society does not influence the household choice in this case study. In addition, it is also observed that behavioral dynamics over time play a non-negligible role in describing household behavior.
There are some limitations of analyses conducted in this study. To identify the reference groups, this study classified the sampled households into some homogenous groups based on single-attribute statistical test. It’s worth identifying the reference groups by reflecting the influence of multiple attributes systematically. How to incorporate the latent reference groups into the model might be also a promising research topic. In addition, it is necessary to explore the equilibrium process between micro-level household behavior and macro-level social phenomenon. Exploring the influence of taste heterogeneity and serial correlation is also important to enhance the capability of the choice models in policy analysis.
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Figure 1 National diffusion ratio of vehicle type in Japan
Table1. Results of 
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 Tests
	Null hypothesis: There is no difference across target segments

	Segment criterion
	Target segments
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	Income Level
	1) High income

2) Middle income

3) Low income
	Rejected

	Number of household members
	1) Less than 2 members

2) 2 to 4 members

3) 4 members and more
	Accepted

	Number of license holders
	1) 1 holders

2) 2 holders

3) 3 holders and more
	Rejected

	Number of employed members
	1) 1 employed member

2) 2 employed members

3) 3 or more employed members
	Rejected

	Residential area
	1) Hiroshima, Okayama, 

2) Tottori, Shimane, 

3) Yamaguchi
	Accepted

	Life stage1
	1) Household with elderly member(s) over 65 years old

2) Household without elderly member(s) over 65 years old
	Accepted

	Life stage2
	1) Household with child(ren) under 6 years old

2) Household without child(ren) under 6 years old
	Accepted

	Car use frequency
	1) 6-7 days / week,

2) 3-5 days / week

3) 0-2 days/ week
	Accepted

	Main purpose of car use
	1) For commuting

2) For other purposes
	Accepted

	Type of car purchase
	1) New car

2) Used car
	Rejected

	Gender of main users
	1) Female
2) Male
	Rejected


	Table 2. Estimation Results

	Explanatory variables
	Parameter 
Estimates 
	t-score

	Household and vehicle attributes
	
	
	

	Car price/ Household income   (S, M, L)1)
	-0.670 
	
	-1.210 

	Number of passenger seats / Number of household members  (S, M, L) 1)
	0.853 
	**
	6.807 

	Number of employed members  (M, L) 1)
	-0.616 
	**
	-2.233 

	Number of license holders.　　(M, L) 1)
	1.052 
	**
	4.310 

	Number of member over 65 years old　　(M, L) 1)
	0.829 
	*
	1.648 

	Employed statement of main user　　(M, L) 1)
	0.224 
	
	0.616 

	Main purpose of car use　　(M, L) 1)
	-0.298 
	
	-1.043 

	Social interactions
	
	
	

	Diffusion rate at national level (S, M, L) 1)
	-2.464 
	
	-1.125 

	Diffusion rate at neighborhood level(S, M, L) 1)
	2.022 
	*
	1.753 

	Diffusion rate of homogeneous group by income 
(S, M, L) 1)
	1.143 
	*
	1.654 

	Initial conditions (utility 
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ij

v

 in equation (14)
	
	
	

	Small-sized car
	0.332 
	
	0.205 

	middle-sized car
	-2.203 
	**
	-2.792 

	Large-sized car
	-2.115 
	
	-

	Decay (Discount) factors2) of state dependence (
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a

 in equation (13))

	Small-sized car
	-0.356 
	**
	-2.501 

	Middle-sized car
	-0.297 
	**
	-2.545 

	Large-sized car
	-0.286 
	
	-

	Future expectation 3) (
[image: image80.wmf]ijt
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 in equation (12))
	
	
	

	Small-sized car
	-10.08
	**
	-5.942

	Middle-sized car
	-9.296
	**
	-3.998

	Large-sized car
	-10.419
	**
	-8.672

	Sample size (households)
	225 

	Goodness-of-Fit
	
	
	

	Initial log-likelihood
	-247.188 

	Converged log-likelihood
	-130.734 

	McFadden's Rho-squared
	0.471 

	Number of parameters
	19

	Adjusted McFadden’s Rho-squared
	0.448 

	Note   *: significant at the 10% level; **: significant at the 1% level
1) Alphabets in parentheses indicate the alternatives associated with this variable: 
(S)~660cc, (M) 661~2000cc, (L) 2001cc~.
2) Decay factors defined as 
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3) Expectation weights defined as (1+
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Figure .2 Average values of households’ utilities
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