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Abstract: The purpose of this research is to understand the effect of learning process on the consumers’ choice behavior of electric motorcycle in Taiwan. Electric motorcycle is a new product in Taiwan’s motorcycle market. The consumers will have to gather all kinds of information, e.g. performance, operating cost, government subsidy policy, etc., to reduce their uncertainty about this product. In this paper, we designed a four-stage computer-assisted stated preference survey to investigate the college students’ choice intention for electric motorcycle. At each stage, we gave the respondents new information about electric motorcycle. In this process, the respondents gathered the information and updated their expectations about electric motorcycle in a Bayesian manner. We used a Bayesian learning process model to calibrate the data. The results showed that the respondents were risk-seeking with respect to performance variation which encouraged them to choose unfamiliar electric motorcycle. The parameter estimate for the true mean quality of electric motorcycle was greater than zero, suggesting that the respondents had a higher quality perception for electric motorcycle. Thus, giving consumers more information about the electric motorcycle is a useful way to increase their choice probability. We also found that there was heterogeneous learning across the respondents, suggesting that the manufacturers can target specific consumers to promote their new vehicles.
Keywords: Consumer Choice model; Bayesian Learning; Electric motorcycle; Stated Preference Experiment.
1.
Introduction

There were about 20 million motor vehicles in Taiwan at the end of 2005 and about two-thirds of them were motorcycles (including scooters). The total number has grown at a continuously high rate for the past ten years. The traffic caused by motorcycle is one of the main reasons for the air quality and noise problems in this island’s urban areas. The government’s Environmental Protection Administration (EPA) estimated that motorcycles generated 330,000 tons of carbon monoxide (CO) and 90,000 tons of hydrocarbons (HC) each year, or about 12% and 8% respectively of total annual emissions. The situation in urban areas is even worse.
To reduce the exhaust emission from motorcycles, the government approved “the Action Plan for the Development of Electric Motorcycle” in March 1998. After the approval, EPA introduced the legislation which requiring at least 2% of motorcycle manufacturers’ yearly sales to be generated from the sale of electric motorcycle by year 2000. EPA provided subsidies to encourage consumers to purchase electric motorcycles. These subsidies made the prices of electric motorcycles to be competitive with those of gasoline motorcycles of similar size. Furthermore, EPA put on many advertisements to promote this product. These advertisements emphasized that the electric motorcycle had zero pollution emission and was very economic. It stated that the operating cost of electric motorcycle was only about NT$0.11 per km without considering the replacement cost of battery while the gasoline motorcycle cost about NT$0.5 per km (Environmental Protection Administration of R.O.C., 2000). EPA also ran demonstration projects to show that the driving range and power of electric motorcycle had significantly enhanced.
In this environment, EPA and the manufacturers of electric motorcycles were interested to understand how to induce consumers to buy electric motorcycle. To achieve this purpose, we have to know the consumers’ reaction when faced with a new and unfamiliar vehicle.
There are only a few papers on the demand for electric motorcycle in the literature. Duann et al. (2001) discussed the factors that affected the demand for electric motorcycle. Most of the paper focused on the demand for electric vehicles, e.g., Bunch et al. (1993), Segal (1995) and Brownstone et al. (2000). They put emphases on the purchase price and performance of electric vehicles, such as operating cost, driving range, top speed, refueling duration and location, etc. Most aforementioned papers used stated preference approach (Hensher, 1994; Louviere et al., 2000) to conduct their researches. Brownstone et al. (2000) discussed the pros and cons of stated preference data and revealed preference data in forecasting the demand for alternative-fuel vehicles. Chéron and Zins (1997) used nominal group technique to find the tradeoffs among range, maximum speed, recharging time, and cost/delay in the case of a battery rundown. 
None of the above studies considered how a new developed vehicle, e.g., electric motorcycle, affected consumer choice behavior. Since electric motorcycle is a brand new product in the market, consumers can not be certain about its performance ability. In the electric motorcycle case in Taiwan, both the manufacturers and the government used different kinds of marketing skills, e.g., television and print media advertisements and government policy declaration, to disseminate information about electric motorcycle. The purpose is to give consumers more information about electric motorcycle and reduce their uncertainty about this product. However, we have no way of knowing the effect of these efforts without further study. Is there a consumer learning behavior exists so the uncertainty is indeed reduced? What the demand of consumers for a new product will be under uncertainty? Will they be risk-averse or risk-seeking? What is the risk tendency? We will try to answer these questions by the Bayesian learning model.
There are now many papers on Bayesian learning model. Erdem and Keane (1996) were the pioneering researchers in the marketing field that used Bayesian learning model to incorporate informative effects of advertising. After them, there were many studies using this method. Ching (2002), Ackerberg (2003), Narayanan et al. (2003), Coscelli and Shum (2004), Narayanan (2004), and Erdem et al. (2005) all used Bayesian learning model to study the demand for different products. These studies found that there were significant amount of learning and uncertainty reduction through advertising and product experience. Of these studies, Coscelli and Shum (2003), Narayanan et al. (2003) and Narayanan (2004) focused on new product to evaluate the diffusion for new product entry. Narayanan (2004) showed the presence of heterogeneous learning across consumers.
The aforementioned studies on Bayesian learning model all used revealed preference data. That means their research products have already entered the market and consumers’ purchasing behavior can be observed. So the results of the studies are post-evaluation about the effects of information (such as advertisement, experience, and other resources). The manufacturers can adjust their marketing strategies according to the findings of these researches. However, manufacturers can not get any information about the potential market share of their products before they enter the market. The demand for a new product will be the focus of this paper. 
Our research subject is electric motorcycle. At the time we collected the data, electric motorcycle had not yet entered the market in Taiwan. Only some demonstration electric motorcycles around for exhibition purpose. We designed a four-stage customized computer survey to collect stated preference data about the demand for electric motorcycle. At each stage of the survey, we gave respondents different type of information about electric motorcycle and they were asked to make the choice between the gasoline and electric motorcycle. In each stage of the survey, respondents will get more information about the electric motorcycle so they can update their expectations about this product in a Bayesian manner. That is, at each given stage, respondents combine their prior perception with the new information to form their posterior perception.
We used Bayesian learning process to build the empirical models. The purpose is to examine the effect of learning process on the demand for electric motorcycle and the risk tendency of consumers. We also examine if there is heterogeneous learning across consumers in our model.
The rest of the paper is arranged as followed. First, we describe the data used in this paper. Next we illustrate the model development. That includes utility function, Bayesian learning process, and estimation method. Then we estimate the model and discuss the results. Finally, we present the conclusion.

2.
Data

We used a four-stage customized computer survey to collect stated preference (SP) data used in this research. SP method has evolved maturely in the last forty years. Two special issues in Journal of Transport Economic and Policy, 22(1) (1988) and Transportation, 21 (1994) and Louviere et al. (2000) had thoroughly introduced SP method, experiment design, and analysis. This method has been widely applied to many disciplines, such as transportation (Ben-Akiva and Morikawa, 2002; Bhat and Sardesai, 2006; Hess et al., 2007), marketing (Lee et al., 2006), and environmental valuation (Arsenio et al., 2006). 
In this research, we chose university students to be our survey subjects for several reasons. First, almost every university student has a motorcycle for their daily traffic usage and university student is an important market for the motorcycle in Taiwan. Second, we need a controlled environment to do our survey and students satisfy this requirement easily. 

The computer survey was separated into two parts. The first part consisted of each respondent’s daily motorcycle usage status (average daily driving distance and driving speed) and his/her expectations for the performance of motorcycle (top speed and maximum driving range). The second part of the survey was made up of many stated preference combinations. Each combination was a binary choice situation. Each respondent must make a choice between gasoline motorcycle and electric motorcycle in each choice situation. To make the response easy, we supplied not only the absolute values of each attribute but their difference between alternatives.
At each stage of our survey, each respondent faced 9 choice situations that were designed by the SP method. These four stages are described below.
Stage 1- Wordy introduction. We gave each respondent a paper questionnaire. In first part of questionnaire, respondents got the introduction of electric motorcycle (as below) by wordy description. Then they were asked to make choice from the SP combinations.
Introduction of Electric Motorcycle

Power: Electric

Advantage: (1) Zero emission, and
(2) Low noise
Energy Cost: Much cheaper than gasoline motorcycle (NT$ 5 / each recharge)

Operation Cost: the lifespan of battery is about 1 or 2 years
Maximum Driving Range: about 40 ~ 75 km (with full electric power)
Top Speed: about 40 ~ 70 km/hour
Recharge Time: about 4 ~ 8 hours (any general outlet ca be used to recharge.)
Stage 2- Image introduction. To strengthen respondents’ impression about electric motorcycle, we showed colorful figure and introduction of electric motorcycle on the computer screen. Then each respondent was asked to answer the computer-assisted SP questionnaire which was customized according to his/her daily motorcycle usage status and expectations.
Stage 3- Discussion. At this stage, we first described the development history, the subsidy policy, and specific attributes of electric motorcycle to the respondents. Then we used nominal group technique” (NGT) (Chéron and Zins , 1997) to discuss the pros and cons of electric motorcycle with respondents. NGT is designed to increase the respondents’ participation and their understanding about electric motorcycle. After the discussion, each respondent was asked to answer the computer-assisted SP questionnaire.
Stage 4- Test-ride. We gave each respondent an opportunity to ride the electric motorcycle so they could get the first hand experience about the performance ability of electric motorcycle. After the ride, each respondent was requested to answer the computer-assisted SP questionnaire again.
To avoid the effect of time on respondents’ choice behavior, we investigated the above four stages of survey in the same day. In each stage of the survey, each respondent faced nine binary choice situations, i.e., the choice between electric motorcycle and 50c.c. gasoline motorcycle. We used the first preference approach to obtain the preference data. The attributes used in this research included purchase price, top speed, maximum driving range, operating cost (the cost of gasoline for gasoline motorcycle; the cost of electricity and battery replacement for electric motorcycle), and recharging method (electric motorcycle only). In binary logit models, only difference of the attributes between alternatives affect the choice probabilities, not attributes’ absolute levels (Train, 1986). Hence we set the levels of attributes of gasoline motorcycle in every choice situation according to its real performance ability and each respondent’s daily usage status to give him/her a “real” feeling about the choice situations. Then we set each attribute of electric motorcycle to four different levels, except recharging method. The levels of attributes used in the SP questionnaire are showed in Table 1. Table 2 presents a simple example in the SP questionnaire.
There are many advantages of the computer-assisted questionnaire. For example, it has an interesting and flexible presentation format and has the ability to check for inconsistency in the answer. In addition, it is particularly suitable for complex experiments which take into account differences between individual respondents (Bradley, 1988).
To keep respondents from facing non-compensatory choice situations, we customized the levels of attributes, such as purchase price, top speed, and maximum driving range according to each respondent’s acceptable levels which were stated in the first part of the questionnaire. For example, if a respondent has high expectation about top speed of motorcycle, we will give him/her higher levels of top speed and purchase price will also has to be set higher accordingly in the SP combinations. The operation costs of gasoline and electric motorcycle were calculated according to each respondent’s average daily driving mileage.
3.
Model Development
3.1 Consumer Learning Process
In this section we will discuss the consumer learning process. We assume that consumers are imperfectly informed and hence uncertain about the mean quality of electric motorcycle. In our experiment, we gave consumers a little more information about the electric motorcycle at each later stage. From these information, consumers can update their perceived quality2 of electric motorcycle and reduce their uncertainty. However, the information may have positive or negative impacts on the consumers’ perceived quality of electric motorcycle.
Let us assume consumer i face two alternatives: the electric motorcycle (alternative 1) and the gasoline motorcycle (alternative 0). The latter is assumed to be the based alternative in our model. Let 
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where 
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 is the variance of consumer i’s perception of the mean quality of electric motorcycle at stage t.
When stage t = 0, the initial perception of consumer i about the true quality of electric motorcycle is assumed to be normally distributed and is given by
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where 
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At each stage of our experiment, consumers received more information about electric motorcycle. We assume the information to be the signal for the quality of electric motorcycle. Thus, the information signal at stage t for consumer i is assumed to be normally distributed and is given by
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Equation (3) shows that consumer i’s perceived quality of electric motorcycle fluctuates around the mean quality. The variances in equations (2) and (3) are unknown parameters.

At each stage t, each consumer received an information signal from the experiment. His/Her perceived (prior) quality was then updated using standard Bayesian updating formulas. According to the Bayesian rule (DeGroot, 1970), the expectation of the mean quality (posterior mean) can be:
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The variable Lit equals one if consumer i receives the information at stage t, and equals zero otherwise. The 
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 is Kalman gain coefficients which is the function of perceived variance and information variability. Through the Bayesian rule, the variance (posterior variance) 
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Equation (5) suggests that the perceived variance associated with the mean quality will be lower in two conditions. First, the information signal has lower variability. Second, consumer i receives more information signals. The lower variability of the information signal means that consumer i has better learning from information signal. We referred to Narayanan’s model (Narayanan, 2004) and assume the variances of the information signal (
[image: image15.wmf]2

i

n

s

) to be consumer specific. By doing this we can show the effect of heterogeneity in learning in our models. A consumer with higher value of 
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 would learn slower from information signal than a consumer with lower value of it. In this research, we also assume that each consumer has the same value of initial perceived quality (
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Each consumers’ perception error at stage t = 0 is identical and is given by 
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 into equation (4), we obtain the process for the evolution of the perception error over stages:
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3.2 Utility Function

We assume consumer i’s utility of choosing electric motorcycle is given by:
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where 
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 is a column vector 
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 is an i.i.d. random variable associated with consumer i at stage t. 
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, defined in equation (1), is a stochastic variable, and r is the risk coefficient. A consumer is risk neutral if r is zero, risk averse if r is negative and risk seeking if r is positive.
Given equation (7), the expected utility will be:
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where Iit is the information set of consumer i at stage t; 
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 is the current period expected utility which is associated with the choice at stage t. Equation (8) shows the expected utility of consumer i by choosing electric motorcycle at stage t. It is a linear function of electric motorcycle specific attributes and a concave, linear, or convex function of the expected levels of the quality 
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In order to obtain simple expressions for choice probabilities conditional on Iit, we assume that the error terms 
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[image: image36.wmf][

]

(

)

[

]

(

)

(

)

 

 

|

 

exp

1

 

|

 

exp

Pr

1

1

1

ò

+

=

z

it

it

it

it

it

dz

z

f

I

U

E

I

U

E

,
	(9)


where the mean of distribution, 
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, is defined in Equation (6) and the variance is defined in Equation (5). The functional form of Equation (9) is similar to that of mixed logit model (McFadden & Train, 2000; Train, 2003) or probit with logit kernel model (Ben-Akiva & Bolduc, 1996). However, the purposes are different. In Equation (9), the distribution,
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, is used to explain a consumer’s learning behavior while mixed logit model and probit with logit kernel model is used to explain consumers’ taste heterogeneity.
3.3 Estimation

The consumer perception errors In Equation (9) can not be observed and the choice probability is an integral over the distribution of possible 
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. We used simulation techniques to evaluate the integral and estimated our model by maximum simulated likelihood (MSL) method (Train, 2003). The parameters in the structural model to be estimated are risk parameter (r), initial perceived variance (
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). In this research, we wrote a Gauss program (Aptech Systems, 1995) for the MSL estimation.
4.
Results

There are four survey stages in our experiment. We surveyed 34 respondents and each respondent faced nine choice situations in each stage so we got 1,224 observations. A preliminary analysis of the data revealed that approximately 70% of the respondents drove 125 or 150 cc gasoline motorcycles. Twenty-six respondents drove the gasoline motorcycle at an average speed of 40~60 km per hour. Of these 34 respondents, 12 respondents’ daily average driving distance (DADD) is less than 5 km, 15 respondents’ DADD is between 5~20 km, and the remaining 7 respondents’ DADD is over 20 km. 
Sixteen respondents expected the top speed of electrical motorcycle to be faster than 60km per hour. Eighteen respondents expected the top speed faster than 40km per hour.
The estimation results are shown in Table 3. The first model is a binary logit (BNL) model which is the base model. The results show that all attributes’ coefficients (
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) are significant and have the correct sign. The size of maximum driving range coefficient is significant but smaller than that of top speed. The reason may be that most respondents’ daily average driving distance (DADD) is less than 20 km, so the pre-specified maximum driving range for the electric motorcycle is large enough for their requirement. 
The coefficients of both recharging methods have negative sign and are significant. It means the recharging characteristic of electric motorcycle is an important negative factor for the demand of electric motorcycle. The disutility of “recharging at home and school” variable is less than that of “recharging at home” variable. This indicates that increasing the locations of recharging facility can reduce the negative utility of recharging and increase the demand for electric motorcycle.
To understand the effect of current usage status of gasoline motorcycle on the choice intention of electric motorcycle, we calculated each respondent’s choice probability of the electric motorcycle in all 36 choice situations (4 stages and 9 choice situations in each stage). The results are shown in Table 4. It can easily be seen that the choice probabilities for all usage groups are close to 50%. The results of statistical test show that all choice probabilities are not significantly different from 50%. In other wards, the current usage status of gasoline motorcycle does not significantly affect the choice probability of electric motorcycle.
The second model is a binary logit model based on Bayesian Learning (BNL-BL). We assume homogenous learning effects for all respondents in this model. The coefficients of attributes (
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) is not significant. This result suggests that respondents start with an initial perception that the mean quality of electric motorcycle was not significantly different from that of gasoline motorcycle. The parameter estimates for the true mean quality of the electric motorcycle (
[image: image47.wmf]1

Q

) is greater than zero. This result suggests that respondents have a higher perception for electric motorcycle than gasoline motorcycle on average (since the gasoline motorcycle is indexed at zero). Thus, after learning more about electric motorcycle, they will have a higher probability of choosing electric motorcycle, other things (motorcycle attributes) being equal. Therefore, giving consumers more information about electric motorcycle is a useful way to increase the demand for electric motorcycle.
The coefficient of risk variable (r) is significant and has a positive sign. This result indicates a risk-seeking choice behavior. It means that increasing perceived quality variance will decrease expected utility and lower choice probability. In other words, respondents are risk-seeking with respect to variation in the quality of electric motorcycle. It will encourage them to choose electric motorcycle which is unfamiliar to them. This result, combined with a positive 
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, indicates that respondents are active and have positive intention to choose electric motorcycle. The reason behind this may be that the electric motorcycle is environment friendly so respondents are inclined to choose it at lease in a SP environment.
In BNL-BL model, the initial variance (
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) is significant but its value is relatively small. It means that consumers’ prior perception about the quality of the electric motorcycle is concentrated around the mean. The information variability (
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) is significant. This result supports the existence of consumer learning behavior. In this study, we tried to separate the information signals according to different survey stages. Unfortunately, we can not get significant result from this attempt. 

Finally, we impose individual heterogeneity into BNL-BL model and build BNL-HBL model. The results of the estimated parameters of heterogeneity learning of information variability (
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) are showed in Table 5. Most parameters are significant and the average value is 2.70. This result suggests that there is considerable individual heterogeneity in these parameters. In other words, some fast learning respondents need only a few information signals for the quality of electric motorcycle to evolve from the initial value to the true mean quality. In contrary, some slow learning respondents need more repeated information signals to converge to the true mean quality. In Table 5, some parameters (
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, can be called the one-consumption learning process (Ackerberg, 2003). In this situation, Once a respondent receives the given information (at stage 1), he/she observes the true mean quality of the electric motorcycle (
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According to Kotler (1997), one of the most important marketing strategies for a new-product is to target the product’s best prospect groups. Prime prospects for a new product would be heavy users for the product. They are opinion leaders and adopt new ideas early and quickly. They are willing to try new ideas at some risk. Sometimes they can be reached at a lower cost. In this research, the faster learners will be the best prospect groups. The manufacturers can target this group to promote the electric motorcycle.

Thus, it is important to know what characteristics the fast learners have. We used the multiple linear regression model to analyze the relationship between the value of 
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 and the demographic characteristics of respondents. The result is shown in Table 6. We found three demographic variables significantly influence 
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 at the 80% confidence level. The result showed that respondents with higher education, higher household income, and less motorcycle holding in their households will have a higher tendency to be faster learners. 
Following this result, the manufacturers should target the faster learning consumers and to use necessary marketing strategies to get in touch with these consumers. If the manufacturers can successfully sell the electric motorcycle to the faster learners, their frequent usage of this new product will act as a natural and useful advertisement. In other words, there would be a new information signal, i.e., word of mouth, to attract other consumers to understand the electric motorcycle and to reduce their uncertainty about this new product. 
As we state above, the value of individual information variability 
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 indicates respondent i’s learning ability. We can base on this value to identify each respondent’s learning ability. However, if the results show many large values, even close to infinite, it is possible that respondents are unfamiliar with the experiment or misunderstand the presentation of the questionnaire. In other words, the design of the experiment is wrong or unfriendly. In this situation, we have to redesign the SP experiment and re-investigate. Hence, the value of 
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 can be used an index to examine the quality of the SP experiment. In our experiment, the results (in Table 5) show there is no individual information variability value which is too large (the values of No.27-29 may be large but they are not statistically significant) so we can assure the design of our SP experiment is quite well. 
5.
Conclusion

Using the data obtained from a four-stage computer assisted SP experiment, we estimated Bayesian learning models of consumers’ choosing behavior of electric motorcycle. From the empirical results, we found that respondents did use the information learned at each experimental stage to reduce their uncertainty about the quality of electric motorcycle in a Bayesian learning manner. However, their learning abilities were different. There are two kinds of learning difference in the respondents’ behavior. First, the learning ability would vary over stages for each respondent. Second, the learning ability was different at each stage across the respondents. We also found that respondents are risk-seeking and had positive quality perception for electric motorcycle. It suggests that giving more information to consumers is a useful way to increase the choice possibility of electric motorcycle.
However, the quality of electric motorcycle is still the most important factor. We found recharging time and location of electric motorcycle had a significant effect on the respondents’ preference. These factors caused inconvenience to the users and thus affected their choice possibility of electric motorcycle. Hence, manufacturers should try to improve the quality of electric motorcycle to reach the acceptance level of consumers3.
We believe that we may be the first application of stated preference data in a Bayesian learning model. Within the context, this research makes two important contributions.
First, our experiment let respondents implicitly express their learning behavior. The empirical model showed the behavioral variation among the respondents in different experimental stages and heterogeneous learning across the respondents. In managerial implications, the results shows that more marketing communications can improve consumers’ learning and increase their choice probabilities of electric motorcycle. Most notably, the results show that there are learning differences among consumers. So the managers should identify their targeted consumers and allocate marketing communications resource to reach them.
Second, the value of individual information variability 
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 can be used as an index to examine the quality of SP experiment. If there are many large values of 
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, even close to infinite, one will suspect the quality of SP experiment. The design may be wrong or unfriendly to respondents so they may misunderstand the experiment. If this happened, we would have to re-design the SP experiment and re-investigate. In this research, there are no large 
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values so the quality of our SP experiment is quite well. 
In our experiment, we used one type of information signal at each stage, i.e. “Wordy introduction”, “Image introduction”, “Discussion” and “Test-ride”, to present the attributes of electric motorcycle to the respondents. We tried to analyze the influence of different information signals on the consumer’s learning behavior. However, the results did not conform to our expectation. We suggest future research can give more time to test-ride. For example, a respondent can ride the electric motorcycle home for several days for his/her daily usage. This will give him/her a real sense of the performance ability of the electric motorcycle and the problem of recharging. Future research can also show the advertisement video to the respondents to analyze the effect of advertising on consumer learning.
In this research, we try to find the relationship between learning heterogeneity (information variability 
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) and the demographic characteristics of respondents. The purpose is to give the manufacturers a easier way to find their target consumers, e.g., faster learners. However, the result got only three demographic variables and the fit of the model is not too good. Future research may want to consider not only a respondent’s demographic characteristics, but also his/her psychographic and media characteristics. We believe this can better explain the learning heterogeneity and identify the target consumers. Especially, using a respondent’s media characteristics to explain the learning heterogeneity can give manufacturers needy information to choose their marketing media.
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Table 1 Level of Attributes

	Attribute
	Gasoline motorcycle
	Electric motorcycle

	
	
	Level

	Purchase price
	NT$35,000
	NT$33,000
	NT$30,000
	NT$27,000
	NT$23,000

	Top speed per hour
	70 km
	80 km
	60 km
	50 km
	40 km

	Maximum driving range
	160 km
	130 km
	100 km
	70 km
	40 km

	Operating cost per month
	NT$2,070
	NT$4,350
	NT$3,350
	NT$2,850
	NT$2,350

	Recharge time
	-
	6 hr.
	4 hr.
	2 hr.
	1 hr.

	Recharging Method
	-
	Recharge at home only
	Recharge at home and school


Table 2 Example of Choice Options in the SP paper questionnaire
	Option
	Price 
(NT$)
	Top Speed 
(km/hour)
	Maximum driving range (km)

	□ Electric Motorcycle
	23,000
	40
	70

	□ Gasoline Motorcycle
	35,000
	70
	160


Table 3 Structural Model Estimate

	Parameter
	BNL
	BNL-BL
	BNL-HBL

	
	Estimates
	t-Statistic
	Estimates
	t-Statistic
	Estimates
	t-Statistic

	Purchase Price (NT$10,000)
	-2.495
	-9.8 
	-3.775
	-11.1 
	-3.896
	-11.0 

	Top Speed (10 km/hr.)
	0.729
	7.4 
	1.161
	9.0 
	1.179
	9.0 

	Maximum driving range (10 km)
	0.397
	11.6 
	0.592
	12.4 
	0.606
	12.6 

	Operating cost (NT$1,000)
	-0.728
	-5.2 
	-0.864
	-5.1 
	-0.898
	-5.2 

	Recharge time (hr.)
	-0.790
	-11.9 
	-1.065
	-12.4 
	-1.091
	-12.7 

	Recharging at home only
	-3.582
	-10.7 
	-4.982
	-11.3 
	-5.084
	-11.4 

	Recharging at home and school
	-1.569
	-4.6 
	-2.820
	-6.5 
	-2.808
	-6.5 

	Electric motorcycle constant
	1.894
	7.1 
	-
	-
	-
	-

	True quality (
[image: image65.wmf]1

Q

)
	-
	-
	1.083
	2.4 
	1.002
	6.4 

	Initial perceived quality (
[image: image66.wmf])

0

(

1

=

t

Q

)
	-
	-
	-0.253
	-0.9 
	-0.615
	-1.0 

	Initial perceived variance (
[image: image67.wmf]2

)

0

(

1

=

t

s

)
	-
	-
	1.140
	3.5 
	0.623
	3.0 

	risk (r)
	-
	-
	2.410
	3.3 
	3.834
	2.9 

	Information variability (
[image: image68.wmf]n

s

)
	-
	-
	3.180
	2.4 
	-
	-

	Individual information variability (
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)
	-
	
	-
	-
	See Table 5

	Number of Sample
	1224

	-LL(0)
	848.4122

	-LL(
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ˆ

)
	630.6244
	574.7549
	542.7277
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	0.257
	0.323
	0.360


Table 4 The choice probability of electric motorcycle according to current usage status of gasoline motorcycle 

	Current usage status
	Number of Respondents
	Choice probability of electric motorcycle (%)
	Standard error(%)

	All
	34
	50
	12.5

	Engine size
	
	
	

	50 cc
	9
	57
	12.3

	90 cc & 100 cc
	5
	43
	14.4

	125 cc & 150 cc
	20
	48
	11.1

	Average daily driving mileage
	
	
	

	< 5 km
	12
	49
	11.9

	5 ~ 20 km
	15
	52
	13.7

	> 20 km
	7
	48
	11.7

	Average daily driving speed
	
	
	

	< 40 km/hr.
	4
	57
	7.0

	41 ~ 50 km/hr
	14
	50
	13.4

	< 51 km/hr
	16
	48
	12.7


Table 5 The parameter of individual information variability (
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)
	No.
	Estimates
	t-Statistic
	
	No.
	Estimates
	t-Statistic

	1
	1.52
	2.97
	
	18
	2.14
	2.11

	2
	1.00
	3.10
	
	19
	2.20
	3.99

	3
	1.33
	3.54
	
	20
	3.00
	2.56

	4
	2.17
	3.15
	
	21
	1.38
	3.13

	5
	0.00
	0.01
	
	22
	1.24
	3.10

	6
	1.75
	3.27
	
	23
	2.25
	2.72

	7
	2.16
	3.05
	
	24
	5.87
	1.35

	8
	2.52
	2.53
	
	25
	1.33
	4.02

	9
	3.81
	1.85
	
	26
	1.57
	2.98

	10
	1.75
	3.87
	
	27
	7.54
	0.69

	11
	2.81
	1.96
	
	28
	8.61
	0.73

	12
	2.16
	3.33
	
	29
	11.34
	0.66

	13
	1.86
	3.02
	
	30
	5.39
	1.95

	14
	0.10
	0.34
	
	31
	2.14
	2.92

	15
	1.61
	3.51
	
	32
	2.50
	2.85

	16
	1.74
	4.15
	
	33
	0.99
	3.17

	17
	1.43
	2.40
	
	34
	2.49
	2.93


Table 6 Relationship between 
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 and the demographic variables of respondents
	Parameter
	Estimates
	t-Statistic

	Intercept 
	2.49
	2.87

	Education*
	-0.37
	-2.51

	Household monthly income (NT$100,000)
	-0.62
	-1.13

	Numbers of motorcycle holding in household
	0.35
	1.63
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	0.257

	*: Education=1,…,6 denote 1st,…,4th year in university and 1st and 2nd year in graduate school, respectively.


Footnotes
1. 1 US dollar = 33 NT$.

2. Some researches used other terms instead of “perceived quality”, e.g. “quality belief” (Narayanan, 2004) or “expectation of mean attribute levels” (Erdem and Keane, 1996).

3. In fact, the subsidy policy of electric motorcycle was abrogated in 2004 after “the Action Plan for the Development of Electric Motorcycle” had been promoted for 6 years. The key reason was the battery capacity and the recharge facilities of electric motorcycle were not up to consumers’ expectation.
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