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ABSTRACT 

 

Dramatic and rapid increase in vehicle ownership has become a hallmark of economic 

growth in China. Since 2009, China has surpassed the United States and became the 

world largest automobile market. The unprecedented expansion in vehicle ownership, 

especially in urban areas, has imposed significant challenges to transportation 

infrastructure, environment and energy security. The significant evolution of vehicle 

ownership has drawn huge interest of researchers and various methodologies have 

been applied to study the demand evolution of the automobile market in China, which 

provide a foundation for further welfare analysis and policy implications. This thesis 

uses market-level vehicle sales data from 2008 to 2012 in Shanghai, China, together 

with detailed data on characteristics of the 1,916 different vehicle models. The models 

analyzed are Logit Ordinary Least Squares (Logit-OLS), Logit Two-Stage Least 

Squares (Logit-2SLS) and the random-coefficient discrete-choice model of demand 

[Berry, 1994; Berry et al., 1995]. Results from these three models are compared and 

discussed. 
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1  Introduction and Background 

The automotive industry in China has gone through eruptive growth over the past 

decade. In the year 2000, the annual vehicle production in China was just over two 

million. Now the picture has changed completely. In 2009, China produced 13.79 

million automobiles and surpassed the United States as the world's largest automobile 

producer by volume. The following year, 2010, marked the milestone volume in both 

production and sales in China’s automobile market.  

Figure 1. Vehicle Sales Development in China, Millions of Units, 

2005-2020 (predicted) 

 

Source: IHS AutoInsight April 2013; Accenture Research Analysis 

    Figure 1 shows the vehicle sales development in China since 2005. In 2005, 

approximately 6 million vehicles were sold in China; while in 2011, China’s 

automakers set new record of sales by an annual sale of 18 million new vehicles, 

205.08% more than 2005, and surpassed the record of 17.4 million units annual sales 
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set by the U.S. in 2000. The number of total sales climbed to nearly 19 million in 2012 

and it is predicted that China will remain the top 1 vehicle-buying nation for years to 

come (Accenture analysis, 2013). 

The expansion in vehicle ownership is more remarkable in major cities in China. 

Take Shanghai, the largest city in China with respect to population and economy 

growth, as an example: from 2008 to 2012, Shanghai’s automobile monthly sales 

increased dramatically from the lowest of 8,550 cars in Feb 2008, to the highest of 

32,558 cars in Dec 2010, as shown in the figure below. Although some dramatic 

fluctuation exists, we can easily tell that the overall trend is still upward sloping. 

Figure 2. Monthly Sales in Shanghai, China 2008-2012

 

 In figure 3 we can find the potential of Shanghai vehicle market using simple 

polynomial estimation method of our existing sales data 
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Figure 3. Yearly Sales estimation in Shanghai, China 2008-2017 

 

The development of China’s automobile market is related to both the demand 

side (consumers) and supply side (automakers). For the demand side, the demographic 

situation has changed a lot. First of all, China’s spectacular economic growth since the 

China Economy Reform since 1978 has been reflected not only in a tenfold increase in 

its gross domestic product (GDP), but also in the emergence of the world’s largest and 

fastest-growing consumer market. As disposable income per capita in China goes on a 

steady increase, so do Chinese consumers’ interests in buying products that had been 

out of their reach; automobiles fall into this category for most Chinese households. 

Secondly, vehicle purchase in China is driven by status seeking to some degree, 

especially for the luxury cars (Brown, Bulte, & Zhang, 2011). The third important 

factor that influences the demand significantly in China is the political events. A 
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recent event that has been widely studied by researchers is the nationwide consumer 

boycott of Japanese automobile brands in China in 2012 (see Sun, Wu, Li, & Grewal, 

2014), which was triggered by a territorial dispute. It was reported by the China’s 

Passenger Car Association that Japanese brands lost their lead over German 

nameplates in terms of collective market share in China for the first time since 2005. 

This shows that political event can be the most important factor for demand shocks in 

short term. Besides, consumers’ choices are definitely affected by individual's’ 

preferences for different vehicle characteristics; this would be the core of our demand 

analysis. 

For the supply side, both the number of automakers and the structure of products 

in China have gone through tremendous evolvement. Under strict government 

regulations that discourage foreign investments and high tariff on vehicle import, the 

automobile market in China turns into an oligopoly. The imperfect competition in 

China’s automobile market has been reflected by higher markups (Deng & Ma, 2010). 

For the product structure, the proportion of imported vehicles keeps declining and 

most of them are luxury or high-end vehicles; on the contrary, most Chinese 

domestically produced vehicles are low-end. 

The significant expansion of automobile market in China has drawn huge interest 

from researchers and a number of studies have been done to analyze this prosperous 

market with respect to the price evolution (Li, Xiao, & Liu, 2014), brand effects, 

market structure and pricing strategy (Deng & Ma, 2010). In this thesis, we replicate 

the demand side analysis in “The Price Evolution in China’s Automobile Market” (Li 
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et al., 2014), with respect to the evolution of the automobile market in Shanghai from 

2008 to 2012. 

The remainder of this thesis proceeds as follows. In section 2, we discuss related 

literatures that lay fundamentals for our analysis. Section 3 summarizes the data and 

provides descriptive analysis. Section 4 lays out the three empirical models, Logit-

OLS, Logit-2SLS and BLP-GMM model and the estimation method. In section 5, we 

present the estimation results and provide comparison of the three models. The last 

part of this thesis concludes and suggests possible extensions of this research in the 

future. 

 

 

2  Literature Review 

Demand estimation has been at the heart of many studies that focus on questions 

regarding market power, mergers and acquisition, research and innovation and 

valuation of new products in differentiated-products industries. Under the framework 

of demand estimation, Bresnahan (1987) constructs equilibrium models of oligopoly 

under product differentiation and studies the competition and collusion in the 1995 

price war in the American automobile industry. Gasmi, Laffont and Vuong (1992) 

study the collusive behavior on price and advertising in the U.S. soft-drink market 

after obtaining a full information maximum likelihood estimation of demand functions. 

Hausman, Leonard and Zona (1992) estimate a multi-level demand system for beer in 

the U.S., which refrains unduly restrict the pattern of consumer preferences and own- 

and cross-price elasticities, and do competitive analysis using the estimated demand 
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system. Our focus in this thesis is to give an estimation of demand of the automobile 

market in Shanghai, China using discrete-choice model. 

Researchers have proposed a larger number of ways to estimate demand for a set 

of closely related but differentiated products; the most straightforward approach is to 

specify a system of demand equations, one for each product, where each equation 

estimates demand for a product as a function of its own price, the price of other 

products as well as other variables (Nevo, 2000). However, two major problems arise 

when one is trying to estimate demand for differentiated products using the demand-

system approach. Firstly, there would be a large number of parameters to be estimated. 

The second concern is the heterogeneity in consumer tastes. Dixit and Stiglizt (1977) 

suggest a representative consumer approach to deal with this. They assume that 

consumer preferences are of the right form so that an average consumer exists; there 

exists a demand system that lends itself to the level of differentiation observed in the 

marketplace. However, the required assumptions are strong and empirically false for 

many applications (Nevo, 2000). 

The above two problems are addressed by the logit demand model (McFadden, 

1973). The logit model solves the dimensionality problem by projecting the products 

onto a space of characteristics; in this way, the dimension of the attribute space instead 

of the square of the number of products becomes the relevant size. However, due to 

the restrictive way of modeling heterogeneity and the property of independence from 

irrelevant alternatives (IIA property) in the logit model, substitution pattern between 

products is driven completely by market shares, regardless of how similar the products 

are. 
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The extensions of logit model, nested logit models, solve the problem of 

unreasonable substitution patterns to some degree. The extension model also relaxes 

the restrictive assumptions on heterogeneity and estimates the unknown parameters 

that govern the distribution of heterogeneity in the population. This retains the 

advantage of the logit model in dealing with the dimensionality problem; however, the 

estimation treats the regressors, including price, as exogenously determined. The 

problem of endogeneity in price is especially prominent when aggregate data is used 

in the estimation. 

Berry (1994) suggests a way to solve the endogeneity problem in the “Estimating 

Discrete-Choice Models of Product Differentiation”, where the method of “inverting” 

the observed market share is used to obtain implied mean level utility of each good. 

Through transforming the market shares, the unobserved product characteristics 

appear as a linear term and traditional instrumental variable method can be used to 

address the endogeneity problem. 

According to Berry (1994), to allow for more complicated patterns of correlation 

between products, the full random coefficient model is preferred. Models that have 

random coefficients on the product characteristics avoid the problem of unreasonable 

substitution effects.  

A large number of demand analyses on China’s automobile market have been 

carried out using Berry’s theoretical framework. Deng and Ma (2010) provide analysis 

of market structure and pricing strategy by applying a nested multinomial logit model 

to national market share data. Li, Xiao and Liu (2014) combine market-level sales data 
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with household surveys and estimate market equilibrium model to analyze the 

evolution of automobile prices in China. 

In this thesis, we apply three models, the traditional logit model, logit model with 

instrumental variables and BLP model using General Method of Moment, to estimate 

the demand for automobiles in Shanghai, China, using market-level data from 2008 to 

2012. 

 

3  Data 

Our dataset has three parts. The first part is the general gas consumption data (liter/100 

kilometer) collected from the Chinese Ministry of Industry and Information 

Technology website
1
. We also collect the monthly gasoline price in Shanghai from the 

National Development and Reform Commission of China, which have the right to 

make adjustment on gasoline prices to stabilize the market. We generate the Gasoline 

Cost variable (Yuan per 100 kilometers) by taking the product of fuel consumption 

(liter per 100 kilometers) and the gasoline price per liter at time 𝑡 for each model in 

our dataset. 

    The second part is vehicle attribute data of all the 1,916 different vehicle models in 

Shanghai area sold by R. L. Polk & Company. This part includes vehicle attributes 

such as model, body type, year or production, origin of manufacturer, the weight, 

length, height and width of the vehicle, number of doors, number of seats, driven 

wheels, fuel type, engine horsepower, number of gears, transmission type and price. 

                                                 
1 Gas consumption data: http://gzly.miit.gov.cn 
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The third dataset includes the monthly vehicle sales by nameplate during 2008-

2012 in Shanghai, which is also recorded by R. L. Polk & Company. We merged these 

3 parts into one dataset including Price, Vehicle weight, Horsepower, Fuel 

consumption and Monthly sales in Shanghai, China. As we do not have data on the 

maximum speed of each model, we use Horsepower instead. This is valid because 

these two indices are positively correlated and both can be the indicator of vehicle 

performance. 

Table 1 provides the summary statistics of the dataset. As we are only focusing 

on the sales of vehicle in Shanghai, we take the mean value of monthly sales for each 

model. From the table, Monthly sales per model vary over models by a large scale: the 

minimum sale is nearly zero while the maximum is over 900. The variable Price 

exhibits a big range of variation, indicating heterogeneity in the consumer’s price 

sensitivity, brand royalty and willingness to pay. Vehicle weight as well as other 

attributes is correlated with safety and comfort of the vehicle; our dataset includes 

models with smallest weight of 645kg and largest weight of 3,000kg. The gasoline 

consumption variable also exhibits large variations, with the minimum level at 1.2 liter 

per 100km and the maximum level at 26 liter per 100km. The variable Horsepower is 

used to capture vehicle performance. 

Table 1. Summary Statistics of Vehicle Data in Shanghai, 2008-2012 

Variables Mean S.D. Min Max 

Mean monthly sales per model 10.74 38.35 0.02 985.17 

Price (1,000 yuan) 393.77 693.30 29.9 7300 

Weight (kg) 1529.65 380.61 645 3000 

Gasoline Consumption (liter/100km)   8.81  2.44 1.2  26 

Horsepower 173.80 96.51 37  670 

Length (mm)                     4523.94 388.69 2695  5834 
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Width (mm)                       1782.66 102.43 1405  2176 

Height (mm)                 1565.54 157.88 1135  2012 

 

 

4  Demand Estimation 

4.1  Logit-OLS model 

We begin analyzing the structure of the demand side. The automobile market is one 

with differentiated products, where consumers have the choice of purchasing a product 

from a variety of brands, or not purchase (outside option). This consumer choice 

pattern justifies the usage of multinomial discrete choice model. 

To obtain the demand system of the automobile market in Shanghai, we 

aggregate the discrete choice of individual customer. We follow Berry (1994) to 

specify the utility function. Let 𝑖 denote a consumer and 𝑗 denote a vehicle model, in 

our study, the choice set is 𝒥 = {0, 1, 2, … , 𝐽} , where 𝑗 = 0  represents the outside 

option of not purchasing a new vehicle, for which we normalize the utility to zero; 

𝑗 = 1, 2, … , 𝐽 denote 𝐽 competing vehicle models. We use 𝑡 to denote time (month by 

year); the time period our dataset covers is January 2008 to December 2012, thus we 

have the monthly sales data for 60 months. In our model, 𝑡 = 1, 2, …  𝑇, where 𝑇 = 60. 

The level of utility consumer derived from purchasing a certain product is 

specified by a function of two vectors: one is the vector of product characteristics 

(𝑥, 𝜉, 𝑝), where 𝑥 represents the observed product attributes, 𝑝 denotes the price of the 

product, and 𝜉  denotes the product characteristics unobserved by econometricians, 

such as product quality, advertising, consumer services, etc.; the other one is 
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consumer-specific characteristics 𝑣, which is also unobserved by econometrician. For 

the variation in consumer taste, it is common in traditional logit and probit models to 

assume that it enters the utility function only through the additive term 𝜖𝑖𝑗 . Moreover, 

in the simple logit model, the utility function we use does not include the unobservable 

individual characteristics. We will include random coefficients on the product 

characteristics when we reach the BLP model in 4.3. 

The indirect utility of consumer from purchasing product 𝑗 at time 𝑡 is 

𝑢𝑗𝑡 = 𝛽0 − 𝛼𝑙𝑛𝑝𝑗𝑡 + 𝛽𝐹𝐺𝐶𝑗𝑡 + 𝛽𝐹2𝐺𝐶𝑗𝑡
2 + 𝛽𝑤𝑊𝑒𝑖𝑔𝑡𝑗 + 𝛽𝑊2𝑊𝑒𝑖𝑔𝑡𝑗

2

+ 𝛽𝑀𝐻𝑜𝑟𝑠𝑒𝑝𝑜𝑤𝑒𝑟𝑗 + 𝛽𝑀2𝐻𝑜𝑟𝑠𝑒𝑝𝑜𝑤𝑒𝑟𝑗
2 + 𝛽𝑓𝐷𝑓𝑖𝑟𝑚𝑗 + 𝛽𝑚𝐷𝑚𝑜𝑛𝑡𝑡

+  𝛽𝑦𝐷𝑦𝑒𝑎𝑟𝑡 + 𝜉𝑗 + 휀𝑗𝑡  

where 𝑝𝑗𝑖  denotes the price of product 𝑗  at time 𝑡 ; 𝐺𝐶𝑗𝑡  is the gasoline cost 

measured in Yuan per 100 kilometers; 𝑊𝑒𝑖𝑔𝑡𝑗  is the vehicle weight of model 𝑗 and 

𝐻𝑜𝑟𝑠𝑒𝑝𝑜𝑤𝑒𝑟𝑗  denotes maximum horsepower of the vehicle, both of them are time-

invariant model-specific. We also include the quadratic forms of these three attributes 

to account for the fact that consumer indirect utilities would have nonlinear 

relationship with these product attributes. 𝐷𝑓𝑖𝑟𝑚𝑗  is a vector of dummy variables of 

firms, which would capture consumers’ intrinsic preference for a firm. Here we add 

112 firm dummies (total number of firms is 113) to account for firm fixed effect for 

our panel data of automobile sales. We use 𝐷𝑚𝑜𝑛𝑡𝑡  and 𝐷𝑦𝑒𝑎𝑟𝑡  to denote dummy 

variables for month and year; as we expect the vehicle sales to exhibit seasonality 

changes due to factors such as weather and holidays, and year-on-year variations due 

to changes in the choice set and outside options.  
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Following Berry (1994), 𝜉𝑗  in the utility equation represents the product attributes 

that are unobserved to econometricians but observed by consumers, such as product 

quality, style, prestige and advertising. 휀𝑖𝑗𝑡  is the idiosyncratic utility shock which is 

assumed to have an i.i.d. type I extreme value distribution function 𝐹 휀 = 𝑒−𝑒−휀
 

across 𝑖, 𝑗 and 𝑡. 

The price coefficient α  measures the marginal utility of a dollar, which we 

assume to be household-invariant in the simple logit model. Here we are following a 

quasi-linear utility function, where we assume that consumers assign a fixed budget to 

consumption of a product 𝑗. Under this assumption, we are free of income effect; we 

will relax this assumption in the BLP model. The parameter on vehicle attributes 𝛽𝑖  

measures consumers’ preference for observable product attributes, which is also 

assumed to be constant across households. We will relax these two assumptions in the 

BLP model. 

With the assumption that 휀𝑗𝑡  is i.i.d and without considering the effect of the 

random consumer taste parameters, the mean utility level of product 𝑗 can be written 

as 

𝛿𝑗  𝒔 = 𝛽0 + 𝑋𝑗𝛽 − 𝛼𝑙𝑛𝑝𝑗 + 𝜉𝑗  

To construct the predicted market share, we first construct the choice set for each 

consumer. Consumer 𝑖  will choose product 𝑘  instead of product   if and only if 

𝑢𝑖𝑘 > 𝑢𝑖 .  So the probability of consumer 𝑖  choosing product 𝑘  is: 𝑃𝑟 (𝑢𝑖𝑘 >

𝑢𝑖 , ∀𝑘 ≠ ). Integrating over all consumers, we end up with the well-known logit 

formula for market share of product 𝑗 
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Berry (1994) demonstrates that as observed market shares equal the predicted 

market share function at the true values of the mean utility levels, and as the market 

share function is one-to-one and onto, the vector-valued equations 𝑠𝑗 = 𝓈 (𝛿𝑗 ) can be 

inverted to produce the vector 𝛿𝑗 = 𝓈−1(𝑠𝑗) . In this way, the mean utilities of 

consumers are uniquely determined by the observed market share.  The observed 

market share is constructed by dividing the sales volume of a certain model 𝑗 by the 

total market size, which we assume to be the average number of household in 

Shanghai from 2008 to 2012. With the mean utility of the outside good (when 𝑗 = 0) 

normalized to zero, we end up with an equation system with the differences in log 

market shares as the dependent variable and (𝑋𝑗 , 𝑝𝑖) as independent variables 

𝑙𝑛(𝑠𝑗 ) − 𝑙𝑛(𝑠0) =  𝛿𝑗 ≡ 𝛽0 + 𝑋𝑗𝛽𝑖 − 𝛼𝑖𝑙𝑛𝑝𝑗 + 𝜉𝑗  

thus, the logit case justifies a simple linear regression. We treat the differences in log 

market shares as out dependent variable 𝑦𝑖𝑡 , then construct the simple OLS regression 

under the assumption that price of product is exogenous. 

The OLS coefficients 𝜃  is then 

𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛
{𝛽 ,𝛼}

 {[𝑦𝑖𝑡 − (𝛽0 + 𝑋𝑗𝑡
′ 𝛽𝑖

𝑥 − 𝛼𝑖𝑙𝑛𝑝𝑗𝑖 )]′ [𝑦𝑖𝑡 − (𝛽0 + 𝑋𝑗𝑡
′ 𝛽𝑖

𝑥 − 𝛼𝑖𝑙𝑛𝑝𝑗𝑖 )]} 

Table 2 shows the results of the OLS estimation. We include the parameter 

estimates, standard errors and T-statistics. From these estimate results, we can see that 

most of the independent variables in out regression are significantly different from 
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zero at 95% significance level (by comparing the absolute value of T-statistics with 

critical value 𝑡0.05 = 1.96). 

Table 2: Estimation Results for the Logit-OLS Model 

Variables Parameters Standard Errors T-Statistics 

Constant -3.4462
***

 0.4408 -7.8185 

Log (Price) -0.8541
***

 0.1199 -7.1234 

Weight -0.5946
*** 

1.1661 -0.5099 

Weight
2
 0.2621

*** 
0.5941 0.4412 

Horsepower 1.7052
***

 0.1654 10.312 

Horsepower
2
 -0.1842

***
 0.0352 -5.2353 

Fuel Cost 1.0593
*** 

 0.6820 1.5532 

Fuel Cost
2
 -0.7209

***
 0.4144 -1.7395 

2009 -0.2116
***

 0.0298 -7.1022 

2010 -0.4443
***

 0.0298 -14.911 

2011 -0.5242
***

 0.0298 -17.591 

2012 -0.6072
***

 0.0298 -20.377 

Month fixed effects Yes   

Firm fixed effects Yes   

     

    However, it is obvious that there does exist correlation between 𝜉𝑗𝑡  and 𝑝𝑗𝑡 . 

Attributes such as quality, product performance, customer services and advertising are 

hardly observable but are expected to be correlated with prices; as these attributes are 

observable to consumers, they would have impact on consumers’ utility level. 

Omission of these variables would bring upward bias to the parameter estimate for 

price. To deal with this problem, we need to introduce instrument variables into our 

demand estimation. 

4.2  Logit-2SLS model 

The standard place to search for demand-side instrumental variables is supply side 

variables, which shift production cost while are uncorrelated with the demand shock. 
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Berry (1994) suggests two sets of IVs, one is traditional cost variable excluded from 

demand side, such as input prices; the other is the characteristics of product produced 

by rival firms, as they are excluded from the utility function and they are correlated 

with prices via markups. Given that the prices are determined in the market 

equilibrium, we argue that observed characteristics of other vehicle models would be a 

good set of instruments because of the following three reasons: firstly, they are 

correlated with the price of a given vehicle model; secondly, they are uncorrelated 

with the demand shock of this given model; thirdly, they are excluded from the utility 

function. Thus, the set of instrumental variables we use in our regression includes: 

observed attributes of products (fuel cost, weight, horsepower) produced by rival firms 

and the quadratic terms of them, six instrumental variables in total. 

Since we have transformed market shares and derived the mean utility from a 

simple algebraic calculation of differences in log market shares, Berry (1994) suggests 

a simple instrumental variables regression. In our case, there are six instruments but 

only one endogenous variable, so we apply the Two Stage Least Square model to take 

advantage of all available IVs and deal with the problem of price endogeneity. 

Note that our model is: 

𝑦𝑗 = 𝑙𝑛(𝑠𝑗 ) − 𝑙𝑛(𝑠0) =  𝛿𝑗 ≡ 𝛽0 + 𝑋𝑗𝛽 − 𝛼𝑙𝑛𝑃𝑗 + 𝜉𝑗  

    Theoretically, in the first stage, we will regress our independent variables 𝑋 

(including endogenous variable 𝑝𝑗𝑡 ) on 𝑍 , which is a matrix that contains all 

instrumental variables (observed attributes of vital firms’ products) and all the 

exogenous independent variables (observed attributes of own firm’s products). The 

model is 
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𝑋 = 𝑍𝜋 + 𝜇 

After the first stage regression, we will get the “good” part of 𝑋 that is correlated with 

Z, which we denote as 𝑋 = 𝑍(𝑍′𝑍)−1𝑍′𝑋. 

    Then, in the second stage, we will regress the dependent variables on the “good” 

part of 𝑋 to get our parameter estimation 𝜃 2𝑠𝑙𝑠 . The model here is: 

𝑌 = 𝑋 𝜃 + 𝜈  

Thus, 𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛
{𝜃}

 {(𝑌 − 𝑋 𝜃)′(𝑌 − 𝑋 𝜃)} 

    We can easily get the parameter estimation of our Two-Stage Least Square model 

              𝜃 2𝑆𝐿𝑆 = (𝑋 ′𝑋 )−1(𝑋 ′𝑌)  

= [𝑋′𝑍(𝑍′𝑍)−1𝑍′𝑋]−1[𝑋′𝑍(𝑍′𝑍)−1𝑍′𝑌] 

The table below shows the estimation results, the standard errors and the T-statistics 

for our 2SLS model. The results turn out to be better than the OLS model as all 

variables except for 𝑊𝑒𝑖𝑔𝑡 and 𝑊𝑒𝑖𝑔𝑡2 are statistically significantly different from 

zero at 95% significance level. We will provide a more thorough comparison and 

explanation about the results in section 5. 

Table 3: Estimation Results for the Logit-2SLS Model 

Variables Parameters Standard Errors T-Statistics 

Constant   -0.4856
*** 0.0858 -5.7784 

Log (Price)   -3.2896
*** 0.4455 -7.3846 

Weight -1.7586
*** 1.1973 -1.4688 

Weight
2
   0.7676

***    0.6071 1.2644 

Horsepower   1.1048
*** 0.2033 5.4336 

Horsepower
2
   -0.1069

*** 0.0385 -2.7736 

Fuel Cost   1.3518
*** 0.6900 1.9591 

Fuel Cost
2
   -0.8508

*** 0.4186 -2.0325 

2009   -0.2116
*** 0.0300 -7.0437 
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2010   -0.4443
*** 0.0300 -14.788 

2011   -0.5242
***

 0.0300 -17.446 

2012   -0.6072
***

 0.0300 -20.209 

Month fixed effects Yes   

Firm fixed effects Yes   

     

Noted that in both the logit-OLS and the logit-2TLS model, we ignore the effects 

that income has on consumer choices; we also ignore random coefficient that capture 

consumer tastes heterogeneity. In this case, there is a one-to-one mapping between the 

market share vector and the mean utility vector, this implies that the change in utilities, 

hence the substitution pattern, only depends on market share. This is the feature of 

logit model that we want to break. 

 

4.3  BLP-GMM 

BLP model (1995) extend the logit model in that it introduces the random coefficients 

into the demand system so that consumers differ in both unobserved idiosyncratic 

shocks 휀𝑗 , and the taste preferences for product attributes. More specifically, the 

coefficient 𝛽  for product attributes 𝑥𝑗  captures not only tastes from observed 

household attributes, such as income, age, education level and household size, but also 

unobserved random preferences. This allows our model to account for heterogeneity 

among consumers and also delivers reasonable substitution patterns of automobile 

demand. 

    In the BLP model, the utility of consumer 𝑖 for product 𝑗 in time 𝑡 is given by 

𝑢𝑗𝑡 = 𝑋𝑗𝑡𝛽 − 𝛼 𝑝𝑗𝑡 + 𝜉𝑗𝑡 + 휀𝑗𝑡  
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the term 𝜉𝑗  represents the mean of consumers’ valuations of an unobserved product 

characteristics and 휀𝑗𝑡  represents the distribution of consumer preferences about this 

mean. 

    As we account for consumer heterogeneity in the BLP model, 𝛽 𝑖  and 𝛼 𝑖  are no 

longer constant across consumers. More specifically, we decompose consumer 𝑖′𝑠 

taste parameter for characteristic 𝑘 following BLP (1995) 

𝛽 𝑖𝑘 = 𝛽𝑘 + 𝜎𝑘휁𝑖𝑘  

where 𝛽𝑘  is the mean taste for characteristic 𝑥𝑗𝑘  and 휁𝑖𝑘  is the random preference for 

characteristic 𝑥𝑗𝑘 , which we assume to be standard normal and identically 

independently distributed (i.i.d) across both consumers and product characteristics. 

We use 𝜎𝑘  to measure the variance of the random taste parameter 휁𝑖𝑘 . Thus in the BLP 

model, we need get not only the estimate of 𝛽𝑘 , but also the 𝜎𝑘 . 

In the BLP model, we also relax the assumption that consumers’ choice is free 

from income effect and to account for the income effect on consumer preferences, we 

decompose 𝛼 𝑖  by 𝛼 𝑖 = 𝛼 + 𝜎𝐼𝐼𝑖 , where 𝛼 measures the mean utility of income, 𝐼𝑖  is 

the income of individual 𝑖 and 𝜎𝐼 measures the variance of the income distribution.  

With the new specification for the consumer taste parameters, the utility function 

can be rewrite as 

𝑢𝑖𝑗𝑡 = 𝑋𝑗𝑡𝛽𝑖 − 𝛼𝑝𝑗𝑡 + 𝜉𝑗𝑡 + 𝜈𝑖𝑗𝑡  

where 𝜈𝑖𝑗𝑡 =    𝑥𝑗𝑘𝑘 𝜎𝑘휁𝑖𝑘 − 𝑝𝑗𝑡 𝜎𝐼𝐼𝑖 + 휀𝑖𝑗𝑡 = 𝜇𝑖𝑗𝑡 + 휀𝑖𝑗𝑡  is the new “error term” that 

is mean-zero, heteroskedastic and captures the effect of random taste parameters on 
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utility. A new term 𝜇𝑖𝑗𝑡  is introduced into the utility function, which represents the 

deviation from the mean utility and is heteroskedastic across product 𝑗. 

    Following the BLP framework, we denote the consumer-invariant mean utility level 

derived by consumers from product 𝑗 at time 𝑡 as 

𝛿𝑗𝑡 ≡ 𝑋𝑗𝑡𝛽 − 𝛼𝑝𝑗𝑡 + 𝜉𝑗𝑡  

thus, the utility function of consumer 𝑖 from purchasing product 𝑗 at time 𝑡 becomes 

𝑢𝑖𝑗𝑡 = 𝛿𝑗𝑡 + 𝜈𝑖𝑗𝑡 = 𝛿𝑗𝑡 + 𝜇𝑖𝑗𝑡 + 휀𝑖𝑗𝑡  

The random coefficient model would avoid the unreasonable substitution effects 

predicted by logit model, as an increase in the price of product 𝑗 will affect only the 

individuals who currently purchase the product. In this model, we expect the existing 

consumers for product 𝑗 to have values for 𝛽 𝑖  that are different from the mean and 

when the price of product 𝑗 increases, these consumers will substitute toward a group 

of products that is similar to product 𝑗 in attributes. 

In this model, the identifying assumption is that 𝐸 𝜉𝑗𝑡
∗′𝑍𝑗𝑡  = 0, where 𝑍𝑗𝑡  is the 

set of instrumental variables and 𝜉𝑗𝑡
∗

 are the true unobservables. As the true 

unobservables are unknown to us, we estimate 𝜉𝑗𝑡
∗
 by 𝜉𝑗𝑡 (𝜃), where 𝜉𝑗𝑡  𝜃

∗ = 𝜉𝑗𝑡
∗
 at 

the true parameter values 𝜃∗. Thus, in order to carry out the estimation for parameters 

𝜃, we need to get 𝜉 and 𝑍. 

Given the functional form assumptions for BLP, we can derive the discrete-

choice market share function 𝓈 in the usual way, as what we did in the logit model. 

Utility here is giving by 𝑢𝑖𝑗𝑡 = 𝛿𝑗𝑡 + 𝜇𝑖𝑗𝑡 + 휀𝑖𝑗𝑡 , conditioning on 𝜇𝑖𝑗𝑡 , the probability 

that consumer 𝑖 purchase product 𝑗 is 
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Pr 𝑖 𝑝𝑢𝑟𝑐𝑎𝑠𝑒𝑠 𝑗 =
e 𝛿𝑗 +𝜇 𝑖𝑗  

1 +  e 𝛿𝑗 +𝜇 𝑖𝑘  𝐽
𝑘=1

 

The aggregate market share of product 𝑗 is obtain by taking the integral of household 

choice probabilities over the joint distribution of heterogeneous tastes 

𝓈𝑗𝑡  𝛿𝑗𝑡 , 𝜃 =   
e 𝛿𝑗𝑡 +𝜇 𝑖𝑗𝑡  

1 +  e 𝛿𝑗𝑡 +𝜇 𝑖𝑘𝑡  𝐽
𝑘=1

 𝑑𝐹 휁 𝑑𝐹(𝐼) 

As the high-dimension integral does not have an analytic solution, we need to 

carry out two steps before calculating the market share 𝓈𝑗 . First of all, we need to 

obtain the distribution of 𝜇𝑖𝑗𝑡 , more specifically, the distribution of the random 

preference of consumers, 𝐹(휁𝑖𝑘), together with the distribution of household income 

𝐹(𝐼𝑖). Then we follow the simulation process suggested by BLP and simulate the 

share equation. Secondly, we need to invert vector-valued equations 𝑠 = 𝓈(𝛿)  to 

produce the vector 𝛿 = 𝓈−1(𝑠) . After these two steps, we can search over the 

parameter space 𝜃 = {𝛽, 𝛼, 𝜎} and get the demand estimation. 

In simulating the market shares, we use random sampling from 𝐹 휁𝑖  and 𝐹(𝐼𝑖). 

Here we assume the distribution of 휁𝑖  to be standard normal distributed and we 

implement four random samplings, each consists of 𝑛𝑠 = 2000 draws, to capture the 

unobserved household demographics that affect consumer tastes on the four attributes 

of our interests: price, vehicle weight, horsepower and fuel costs. As we do not 

observed the income 𝐼𝑖 , we use data from China Statistical Yearbook
2
 and Shanghai 

                                                 
2 China Statistical Yearbook: http://www.stats.gov.cn 
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Statistical Yearbook
3
 to construct the income distribution in Shanghai using mean 

wage level from 2008 to 2012. Then we approximate the market share by 

𝓈𝑗𝑡 =
1

𝑛𝑠
  

e 𝛿𝑗𝑡 +𝜇 𝑖𝑗𝑡
𝑟 

1 +  e 𝛿𝑘𝑡 +𝜇 𝑖𝑘𝑡
𝑟 𝐽

𝑘=1

𝑛𝑠

𝑟=1

 

where 𝜇𝑖𝑗𝑡
𝑟  is calculated using values from the random draws. 

In order to solve for the mean utility 𝛿𝑗 , which contains the unobserved structural 

error 𝜉𝑗 , we follow BLP (1995) and construct a contraction mapping with 𝛿 being at 

its fixed point. Then we iterate on the contraction mapping to solve for 𝛿. Specifically, 

we let 𝑓𝑗 (𝛿) = 𝛿𝑗 + ln 𝑠𝑗 − ln(𝓈𝑗 (𝛿)). Berry et al. (1995) show that the function 

𝑓𝑗 (𝛿)  is a contraction mapping. Thus, we start with an initial guess 𝛿0  and keep 

updating the function 𝑓𝑗 (𝛿) until 𝛿 converges. Here we compute the series: 

𝛿𝑗
+1 = 𝛿𝑗

 + ln 𝑠𝑗 − ln(𝓈𝑗 (𝛿𝑗
)) 

where 𝑠𝑗  is the observed market share of product 𝑗 and 𝓈𝑗  is the predicted market share, 

which is a function of 𝜇𝑖  from the share simulation and 𝛿𝑗

 that we iterate on.  

We continue the iteration until  𝛿𝑗
 − 𝛿𝑗

−1 , the super-norm, is small enough. 

In this thesis, we adopt the tolerance level of 10𝑒 − 15 used by Nevo (2000). 𝛿𝑗

 

would be our approximated 𝛿𝑗 . 

Once the inversion has been computed, the error term is defined as  

𝜔𝑗𝑡 = 𝛿𝑗𝑡 −  𝑥𝑗𝑡𝛽 + 𝛼𝑝𝑗𝑡  = 𝜉𝑗𝑡  

and the GMM estimator is defined as following: 

𝜃 = argmin
𝜃

 {𝜔 𝜃 ′𝑍 Φ−1𝑍′𝜔 𝜃 } 

                                                 
3 Shanghai Statistical Yearbook: http://www.stats-sh.gov.cn 
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where 𝑍 is the same set of IVs as we use in logit-2TLS, Φ is the weighting matrix 

(𝑍′𝑍) and 𝜃 = (𝛽, 𝛼, 𝜎𝑘 , 𝜎𝐼) are the parameters to be estimated. 

Table 4 and table 5 in section 5 shows the estimation results for the three demand 

models. 

 

5  Results Comparison and Robustness Check 

Table 3 summarizes the parameter estimates for the demand side from the three 

models we use: logit model using OLS in columns (1) and (2), logit model using 2SLS 

in columns (3) and (4), and GMM estimation following BLP in columns (5) and (6).  

Table 4: Estimation Results for the Demand Side 

Variables 

 

Logit-OLS Logit-2SLS BLP-GMM 

Para. 

(1) 

S.E. 

(2) 

Para. 

(3) 

S.E. 

(4) 

Para. 

(5) 

S.E. 

(6) 

Constant -3.4462 0.4408 -0.4956 0.0858 -0.5934 0.8507 

Log (Price) -0.8541 0.1199 -3.2896 0.4455 -3.0326 0.5864 

Weight -0.5946 1.1661 -1.7586 1.1973 -1.5576 1.3717 

Weight
2
 0.2621 0.5941 0.7676 0.6071 0.8668 0.3434 

Horsepower 1.7052 0.1654 1.1048 0.2033 1.0063 0.6375 

Horsepower
2
 -0.1842 0.0352 -0.1069 0.0385 -0.1866 1.1169 

Fuel Cost 1.0593 0.6820 1.3518 0.6900 1.473 1.8861 

Fuel Cost
2
 -0.7209 0.4144 -0.8508 0.4186 -0.812 1.5342 

2009 -0.2116 0.0298 -0.2116 0.0300 -0.2117 0.1425 

2010 -0.4443 0.0298 -0.4443 0.0300 -0.4268 0.2167 

2011 -0.5242 0.0298 -0.5242 0.0300 -0.5143 0.3134 

2012 -0.6072 0.0298 -0.6072 0.0300 -0.6278 0.3567 

Month fixed effect Yes 
 

Yes 
 

Yes 

 Firm fixed effect Yes 
 

Yes 
 

Yes 

 Random Coefficients 

      Log (Price) 

    

-0.0797 0.1512 

Weight 

    

0.2136 0.5946 

Horsepower 

    

0.2236 0.8547 

Fuel cost 

    

1.4586 1.5875 
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    We include month fixed effects and firm fixed effects in all the three specifications 

and we use the same set of instrumental variables in both 2SLS and GMM. 

Considering the robustness of our estimators, the logit-2SLS model relaxes the 

assumption of exogeneity of prices in the logit-OLS model and the BLP-GMM takes a 

step further, in that we introduce random coefficient in the estimation to capture 

random preference of consumers on vehicle attributes. 

The quadratic terms of weight, horsepower and fuel cost is not significant enough 

to be included into the model, so I tried to drop off them and get a new estimation as 

following: 

Table 5: Estimation Results for the Demand Side (No quadratic terms) 

Variables 

Logit-OLS Logit-2SLS BLP-GMM 

Para. 

(1) 

t-statistic 

(2) 

Para. 

(3) 

t-statistic 

(4) 

Para. 

(5) 

t-statistic 

(6) 

Constant -3.3461 -6.1702 -0.5134 -3.8865 -0.6128 -1.5621 

Log (Price) -0.8838 -6.6054 -2.9836 -6.6972 -3.0816 -4.4378 

Weight -0.5546 -0.2855 -1.6593 -1.2819 -1.5478 -1.1202 

Horsepower 1.6321 1.5199 1.0812 1.5378 1.0932 1.4884 

Fuel Cost -0.6933 -0.4277 -1.1503 -1.5736 -1.1398 -0.9813 

2009 -0.2012 -4.4220 -0.2243 -4.4860 -0.2337 -1.0998 

2010 -0.4128 -6.2736 -0.4332 -8.6640 -0.4421 -2.1619 

2011 -0.5141 -7.8130 -0.5312 -10.6240 -0.5231 -1.7298 

2012 -0.6201 -9.4240 -0.6112 -12.2240 -0.6353 -1.7982 

Month fixed effect Yes 
 

Yes 
 

Yes 

 Firm fixed effect Yes 
 

Yes 
 

Yes 

 Random Coefficients 

      Log (Price) 

    

-0.1238 -0.8188 

Weight 

    

0.2136 0.3592 

Horsepower 

    

0.2686 0.3231 

Fuel cost 

    

1.537 1.1117 

p-value<=0.05,      |t-

statistics| >=1.96 
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After dropping the quadratic terms, Fuel cost coefficient changes to a negative 

sign which means lower fuel cost is more competitive in the vehicle market. The 

coefficient of fuel cost, horsepower and weight is more significant. The coefficient 

estimates for Price are negative and significantly different from zero under all the 

three specifications. Comparing the result from logit-2SLS to logit-OLS, the 

coefficient estimate on the Price variable changes from -0.88 in OLS to -2.98 in 2SLS. 

Previous literature such as Berry et al. (1995) and Petrin (2002) have shown that 

failure to control for unobserved vehicle attributes would lead to an underestimation of 

price sensitivity. The change in coefficient estimates is also consistent with our 

intuition that omission of variables that are positively correlated with utility of 

consumers, such as customer services, brand image and advertising, would bias the 

coefficient estimate toward zero. Further discuss could be carried out by introducing 

an interaction term between Price and Income to learn about the price sensitivity 

among household with different income levels. 

As we have a wide range of variations of vehicle attributes in our dataset (as is 

shown in Table 1) and the consumer might have different preferences for different 

levels of these attributes (it is reasonable to argue that average consumer would have 

stronger preference for moderate levels of some attributes instead of extreme levels), 

we average over each attribute and estimate consumer preference for these attributes at 

the mean values. The results have intuitive signs: consumers have a preference for 

larger vehicle weight, greater horsepower and lower fuel cost, ceteris paribus. 

The coefficient for the Year dummy variables have a negative sign under all the 

three specifications, this suggests that the intrinsic utility from purchasing a vehicle 
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instead of choosing an outside option is declining over 2008 to 2012, holding vehicle 

attributes constant. One explanation we can think of is that the utilities consumers 

derive from outside option have be increasing greatly since 2008 due to better access 

to public transportation, the development of a more mature second-hand automobile 

market and the popularity of car pooling with friends or relatives. However, given the 

dramatic increase in total vehicle sales over 2008 to 2012, we are not persuaded that 

the enlarging outside option set solely can explain the decreasing intrinsic utility of 

vehicle purchase. 

To provide a sound explanation for this seemingly confusing result, we refer to 

the study “The Price Evolution in China’s Automobile Market” by Li, Xiao and Liu 

(2014). In this study, the researchers provide two potential reasons for this finding, 

which are also applicable to our results. First and foremost, Li et al. (2014) illustrate 

that the coefficients on the Year dummies can be interpreted as the intercept of 

individual demand curves, which, together with the total number of products, 

determine the aggregate demand curve. Even though total sales of vehicles have been 

increasing over the dataset period in Shanghai (Figure 2), sales per vehicle model has 

been declining from 2008 to 2012 due to the increasing number of vehicle models. 

This trend is reflected by the decrease in coefficient estimates on our Year dummies. 

The second reason for the decreasing intrinsic utility from purchasing a new 

vehicle over time is that as the vehicle ownership in Shanghai grows, the group of 

non-vehicle owners shrinks and utility of new vehicle purchases becomes smaller for 

vehicle owners. Moreover, as more households become vehicle owners, the status-

seeking role of vehicle purchase diminishes.  
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One observation is that despite the declining intrinsic utility of vehicle purchase 

over time, new vehicle sales has been growing steadily during the dataset period. This 

implies that the decrease in the intrinsic utility from purchasing a new vehicle is offset 

by factors such as lower vehicle prices, larger choice set, higher product quality and 

improved customer services. Further analysis can be done to gauge the impact of 

growing product offering and the benefit of new products, as what have been done by 

Petrin (2002) and Li et al. (2014). 

In the BLP-GMM specification, none of the random coefficient we get is 

statistically significant. As is discussed in Berry et al. (1995), the low precision of the 

parameter estimates, especially the estimates of the dispersion of consumer tastes (𝜎 in 

our model), is one of the shortcomings of the random coefficient model using market 

level data. Potential reasons maybe that there is not enough variation in the relative 

market shares in our dataset; the lack of variation in substitution patterns would lead to 

the failure to get precise heterogeneous random consumer tastes parameters. 

Following the discussion in Berry et al. (1995), we can deal with the problem of 

imprecise estimation by improving the simulation process and augmenting our data. 

We may consider conducting importance sampling (the random sampling method we 

us in this study also inflates the variance of our simulated market share) to better 

simulate the market share. More importantly, we could combine aggregate market 

shares with demographic data, including household attributes and their choice of 

products, to introduce more variation in choice sets and substitution patterns. Petrin 

(2002) argues that this augment would play the same role as consumer-level data, 

allowing the estimated substitution patterns to reflect heterogeneity in consumer tastes 
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for observed product characteristics driven by demographic differences. As is 

demonstrated in Li et al. (2014), including micro-moments in the model would 

improve the precision of coefficient estimates and provide better model fit with much 

smaller prediction errors. 

 

6  Policy Simulation 

 In the year between 2008 to 2012, Shanghai has a bidding license policy for all 

vehicle purchased since 1994. Shanghai government uses auction system for license 

plate fee, which is the main vehicle restriction policy. The license bidding price trend 

from 2008 to 2012 is shown in figure 4. We can find the bidding license fee is 

increasing as time goes by.   

Figure 4. Average License Bidding Price in Shanghai 

 

To compare the predicted sales with bidding policy and counterfactual condition 

where there is no bidding policy, the price coefficient should be calculated with 

ln(price+bidding price) which means consumer considers license bidding fee into the 

vehicle cost. Using DID(difference in difference) framework, we can compare the 
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predicted sales in counterfactual condition and check how bidding policy affect the 

automobile sales in Shanghai market. 

 

Table 6 shows the updated coefficient after adding average license bidding price, we 

found both coefficients for log(price + bidding price) is getting smaller and a higher t-

statistics, which means the missing average bidding price causes downward bias. This 

inspired me that the bidding license price is omitted in the error term which caused a 

upward bias in the estimation of people's willingness to pay for a car. If we use DID 

framework and assume there is no bidding license fee, then the difference between 

predicted counterfactual sales and observed sales will be a benchmark  to measure the 

Table 6: Estimation Results for the Demand Side (No quadratic terms and adding bidding price) 

Variables 

Logit-OLS Logit-2SLS BLP-GMM 

Para. 

(1) 

t-statistic 

(2) 

Para. 

(3) 

t-statistic 

(4) 

Para. 

(5) 

t-statistic 

(6) 

Constant -3.6548 -5.9665 -0.5288 -3.9968 -0.6531 -1.9862 

Log (Price + bidding price) -0.6838 -6.1258 -2.5836 -6.8542 -2.8993 -5.9568 

Weight -0.6534 -0.9865 -1.9856 -1.5832 -1.6254 -1.4321 

Horsepower 1.7321 1.9852 1.1821 1.5998 1.1023 1.5236 

Fuel Cost -0.7132 -0.5986 -1.1746 -1.6733 -1.1698 -1.2843 

2009 -0.2001 -4.3654 -0.2244 -4.9587 -0.3101 -1.1228 

2010 -0.4028 -6.2569 -0.4432 -8.4564 -0.4121 -2.3421 

2011 -0.5321 -7.7425 -0.5212 -10.8954 -0.5433 -1.3516 

2012 -0.6124 -9.9631 -0.6002 -12.2365 -0.6556 -1.8621 

Month fixed effect Yes 
 

Yes 
 

Yes 

 Firm fixed effect Yes 
 

Yes 
 

Yes 

 Random Coefficients 

      Log (Price + bidding price) 

    

-0.1318 -0.9284 

Weight 

    

0.2226 0.4523 

Horsepower 

    

0.2798 0.3455 

Fuel cost 

    

1.509 1.3123 

p-value<=0.05,     

|t-statistics| >=1.96 
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bidding license policy. In table 7, the counterfactual sales and observed sales are listed 

in different years using BLP-GMM model.  

Table 7 Counterfactual Sales in different years 

Year Observed Sales Counterfactural Sales Reducing percentage % 

2008 169,678 354,095 52.1% 

2009 212,139 422,095 49.7% 

2010 268,507 586,886 54.2% 

2011 284,693 615,808 53.8% 

2012 303,095 731,642 58.6% 

 

 I found the license bidding policy reduced the sales by about 52% in these 5 years. 

Interestingly, the reducing percentage is very similar in each year. That means the 

estimation of the policy impact is largely based on the parameter estimates on the 

price variables which is quite stable as time goes by.  

 

7  Conclusion and Extension 

Over the recent decades, China’s automobile market has gone through dramatic 

changes in both demand and supply side. As the largest city in China, Shanghai is 

rather representative regarding the increasing household income, expanding vehicle 

ownership and the related regulations and policies. In this thesis, we provide the 

demand side estimation for Shanghai automobile market using three different 

specifications: logit-OLS, logit-2SLS and BLP-GMM. The signs and magnitudes of 

the parameter estimates in all three models are consistent with our intuition that lower 

utility level is associated with higher product price, larger fuel cost and smaller 

horsepower. The comparison of OLS and 2SLS estimation results for the endogenous 
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variable price justifies that the IVs we use are appropriate to deal with the endogeneity 

problem. Since neither income effect nor heterogeneous consumer taste preference is 

considered in logit model, we turn to BLP model and introduce random coefficients in 

our estimation. Under all the three specifications, our result on the year dummy 

variables suggests that during the dataset period, the intrinsic consumer utility of 

purchasing a new vehicle is continuously decreasing. These results are mostly 

consistent with the findings in Li et al. (2014). 

One drawback of our study is that we only conduct the demand side estimation 

without analyzing the supply side. This is a possible future extension, which is to add 

the supply estimation and conduct the market equilibrium analysis. With both demand 

and supply analysis, we can get more comprehensive understanding of the price 

evolution in Shanghai automobile market. Take a further step by analyzing consumer 

and producer surplus, externality of increasing vehicle ownerships and government 

costs and benefits, we could extend the study into welfare analysis. 

Another important improvement for our analysis is to make the dataset more 

complete. In this thesis, we only have the aggregate market level data such as the 

monthly sales volume and product characteristics; as is demonstrated in Petrin (2002), 

micro-level data on demographics such as household income, household size, 

household-head age and consumer characteristics can be helpful in explaining 

substitution patterns and doing welfare analysis. Moreover, as we do not have 

household income data, we extract the wage data from statistical yearbooks of China 

and Shanghai; the differences between household income and wage would lead to 

inaccuracy in estimating the income effect on consumer preferences. 
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In conducting the random coefficients estimation, we simulate market share 

based on random sampling; this would lead to inaccuracy, as our sampled data might 

not be evenly distribution across the distribution. One way to reduce the variance of 

simulation is to use scientific sampling methods such as importance sampling, 

antithetic simulation and Quasi Monte-Carlo methods. 

Lastly, our demand estimation ignores the fact that automobile demand is 

dynamic, as a result of the durable good nature of vehicles and the nontrivial 

transaction costs. Under the recent situation of declining vehicle prices and expanding 

choice set, dynamics could be of special importance. Ideally, we should consider a 

dynamic modeling with the assumption that dynamic optimizing consumers would 

choose from purchasing a vehicle from the choice set available now, or waiting to 

purchase in the future. 

Demand analysis is the first step for us to study the fast-changing automobile 

industry in China. The development of China’s automobile market is a complicated 

process, requiring more than demand and supply analysis. With recent trend of 

declining vehicle prices, increasing model numbers, expanding second-hand vehicle 

market and industrial consolidation in the past few years, it would be a good idea to 

adopt dynamic model to take these factors into account and study into the durable 

good nature of automobiles. 
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