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Abstract 

This paper empirically investigates the spatial dependence and serial correlation structures among different 

China’s brands of pure electric vehicle (EV) sales using spatial econometric models. Based on the newly 

proposed economic distance spatial weight matrix, the empirical results show that EV endurance mileage, power 

battery capacity, charging time, government subsidy, retail price, and each brand market share have important 

impacts on EV sales. The per capita disposable income of urban households, gasoline price, loan rate and the 

number of charging pile are statistically significant determinants of EV sales. In particular, the improvements of 

the number of charging pile and the rise of gasoline price can increase EV sales, while the rise of loan rate or 

tight monetary policy may increase the consumers’ cost of purchasing EVs and then decrease EV sales. Another 

interesting finding is that though the per capita disposable income of urban households increases the EV sales 

decreases. A plausible explanation would seem to be that the impact of the per capita disposable income of urban 

households on the EV sales is offset by the decline in government subsidies or the incomplete infrastructures 

such as the inconvenient of charging stations. Besides, the significantly positive spatial dependence and serial 

correlation exist among EV manufactures indicates that when developing EV sales strategies, EV manufacturers 

must consider not only the properties of the EVs they produce, but also the properties of similar types of EVs 

produced by other brands in the EV market. 

Keywords: electric vehicle, sales, spatial dependence, serial correlation, spatial econometrics 

1. Introduction 

With the growing concerns about energy shortage and climate change, electric vehicles (EVs), which is regarded 

as one of the most for sustainable transportation, have widely attracted the attention of governments, energy 

industry, environmental enthusiasts, power companies, scholars and so on (Smith, 2009; Ahmadi, Yip, Fowler, 

Young, & Fraser, 2014). However, the high cost, low capacity and short life of EV power batteries greatly reduce 

consumers’ willingness to purchase EVs, which significantly restricts the healthy development of EVs (Heymans, 

Walker, Young, & Fowler, 2014; Neubauer & Pesaran, 2011). In recent years, the implementation of various 

types of EV incentive policies issued by governments around the world, for example, many governments provide 

subsidies for consumers, which have promoted the development of EVs (Avci, Girotra, & Netessine, 2014; 

Carley, Krause, Lane, & Graham, 2013; Schuitema, Anable, Skippon, & Kinnear, 2013).  

As the process of economic globalization accelerates, regional economies are increasingly connected to each 

other, and the change in a single economy will be transmitted to other economies through political, economic, 

and cultural channels. In this context, spatial econometric models are emerged as useful tools to study the spatial 

effects among different geographical or socio-economic units (Gu, Liu, & Weng, 2017). 

In fact, several studies on the adoption and influencing factors of EVs show that different countries or regions 

have heterogeneous characteristics due to their unique location attributes (Javid & Nejat, 2017).The phenomena 

shows that understanding the nature of the dependence structure among different EV markets or EV brands holds 

important implications for EV manufacturers, policy makers, and academic researchers. On a practical level, the 

analysis of the dependence structure can help EV manufacturers construct optimal production strategy and can 

be beneficial for governments make reasonable EV subsidy policy. However, as far as we know, there are few 
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literatures which use spatial econometric model to study the dependence structure among different EV markets 

or EV brands.  

In this paper, based on spatial econometric models, the paper explores the spatial dependence and serial 

correlation structures among different China’s brands of pure electric vehicle sales and analyzes the factors 

affecting China’s pure electric vehicle sales. Meanwhile, the paper puts forward some suggestions on developing 

the useful sales strategies for EV manufacturers and making reasonable EV subsidy policies for governments.  

The reminder of the paper is structured as follows. Section 2 introduces the existing literature in related study 

fields. Section 3 introduces the model specification and estimation methods. Section 4 presents empirical 

illustrations. The paper concludes with policy implications in Section 5. 

2. Literature Review 

2.1 Adoption of Electric Vehicles 

The adoption of EVs has attracted more and more scholars’ attention. Particularly, many scholars have conducted 

empirical research on the issue of the adoption of EVs. Generally, the research regions can be divided into: 

nation (Lane & Potter, 2007; Li, Clark, Jensen, Yen, & English, 2013; Schuitemaet al., 2013), state (Caulfield, 

2012; Diamond, 2009) and city (Khan & Kockelman, 2012). It is worth noting that studies on the adoption and 

influencing factors of EVs show that different countries or regions have heterogeneous characteristics due to 

their unique location attributes, resulting in significant differences in the adoption of EVs in countries or regions 

(Javid & Nejat, 2017; Sierzchula, 2014; Sierzchula, Bakker, Maat, & van Wee, 2014). For example, Javid and 

Nejat (2017) compared and analyzed the reasons for the differences in the adoption of EVs in different regions. 

They pointed out that the main differences of the important literatures on the adoption of EVs are: research 

region (country, state, province, city, etc.), research data (small sample survey data, large sample survey data or 

questionnaire survey data for traditional car buyers, etc.), research methods (least square method, statistical 

model and logit model), types of EVs (pure EVs, plug-in EVs and hybrid EVs), etc. It is found that a household’s 

income, maximum level of education in the household, the buyer’s car sharing status, charging stations density, 

and gas price in the region significantly affected the acceptance rate of EVs. 

2.2 Spatial Econometric Models 

Spatial econometric model, which can reflect the spatial effects of different countries or regions (usually 

including spatial interactions), and characterize the heterogeneity between countries or regions by appropriately 

setting the spatial weight matrix, is an excellent choice to study the spatial effect problems (Anselin, 1988; 

Elhorst, 2008; Gu et al., 2017; Zhu, Füss, & Rottke, 2013). For example, Elhorst (2008) used numerical 

simulation methods to study the parameter estimation problem of residual terms in the regression model with 

both sequence correlation and spatial dependence. Gu et al. (2017) empirically studied the time-variant 

conditional correlation and contagion effects between the global real estate markets using a multivariate GARCH 

model with spatial effects. Zhu et al. (2013) used the dynamic spatial panel data model with GARCH terms to 

study the spatial interactions among the returns, residual disturbance terms and fluctuations of the housing 

market among 19 regions of the United States. The paper finds that the interaction between regional hosing 

markets in the United States from 1995 to 2009 is larger in both breadth and intensity than that between the 

earlier housing markets. 

In general, the specification of spatial weight matrix reflects the possible relations between spatial locations in 

spatial econometrics. The accurate setting of spatial weight matrix has important influences on the estimation 

results of unknown parameters in spatial econometric models (Gu et al., 2017; Zhu et al., 2013). In order to 

properly set the spatial weight matrix and obtain reasonable parameter estimation results, this paper proposes a 

new construction method of economic spatial weight matrix by adopting the Mahalanobis distance and the 

variable bandwidth Gaussian kernel function. The spatial weight matrix characterizes the impacts of different 

indicators such as EV endurance mileage, power battery capacity, charging time, government subsidy, retail price, 

and each brand market share on EV sales. Finally, this paper explores the impacts of the per capita disposable 

income of urban households, gasoline price, loan rate and the number of charging pile on EV sales. 

2.3 Application of Spatial Econometric Models in the Field of Empirical Research on Electric Vehicles 

As one of the main documents of applying spatial econometric model to the field of empirical research on EVs, 

Adjemian, Cynthia Lin and Williams (2010) analyzed vehicle ownership based on census data by simultaneously 

controlling the spatial dependent parameters and related explanatory variables (such as income and population 

density) in the spatial econometric model.  

Another representative paper that applies the spatial measurement model to the field of empirical research on 
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EVs is Chen, Wang, and Kockelman (2015). The authors used the zone-level spatial count mode and the 

trivariate Poisson-lognormal conditional autoregressive model to study the influencing factors and spatial 

autocorrelation of EVs. The results show that high-income households in central urban areas have higher EV 

ownership rates; there is a positive correlation between EV ownership rate and the number of households and the 

number of workers in the household; the closer to the central city, the higher the ownership rate of EVs; there is 

a spatial autocorrelation between the ownership of EVs among families in different urban areas. This indicates 

that continuous penetration between markets will promote the purchase of EVs; the number of public EV 

charging station facilities will affect the market share of EVs in the surrounding areas to some extent; the 

neighborhood effect has an important impact on the purchase decision of the consumer. The ability to pay for 

EVs, the level of familiarity, and the convenience of using EVs are the important factors for consumers to choose 

to buy EVs. 

In a recent study, Mukherjee and Ryan (2020) explored factors that influence early battery electric vehicle 

adoption in Ireland using spatial econometric analysis. The results reveal that the clustering characteristics of 

battery electric vehicle adopters are influenced by population as well as spillover effects. The adoption in 

neighboring localities, changes in socio-demographics and neighborhood characteristics are the main reasons 

that affect these spillover effects. 

It should be noted that Adjemian et al. (2010) studied the factors affecting the adoption of EVs in countries or 

regions at a certain time. In other words, the paper uses a cross-sectional spatial econometric model to study 

related problems, and does not consider the change in the acceptance rate of the EVs connected to each other. 

This paper is based on the dynamic spatial panel data model proposed by Elhorst (2008) to empirically analyze 

the serial correlation and spatial heterogeneity among different brands of EV sales in China. The serial 

correlation is to describe the correlation between the EVs sales of an EV manufacturer in the period before and 

after; the spatial heterogeneity is mainly to study the reason why the sales of EVs of the different brand is 

different due to the performance of EVs or the operation ability and market competitiveness of the EV 

manufacturers. 

3. Model Specification and Estimation Methods 

To investigate the spatial correlation structures among different China’s brands of pure EV sales, we use the 

spatial econometric models introduced by Elhorst (2008). The proposed model primarily builds on the following 

linear panel data regression model: 

, 1, 2, , 1, 2, ,
it it it

y x i N t T                              (1) 

where
it

y denotes the sale observation on the i-th brand of pure EV at the t-th time period,
it

x is an 1×k vector of 

observations on the exogenous explanatory variables,  is an k×1 vector of coefficients and
it
 is the regression 

disturbance. Let
1

( , , )
t t Nt

y y y  and
1

( , , )
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x x x  , the model in Eq. (1) can be rewritten more simply as 
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    L is the regression disturbance vector. Besides, to model spatial and temporal dependence 

among different China’s brands of pure EV sales, we suppose the regression disturbance vector
t

 in Eq. (2) is 

both serially and spatially autocorrelated. Specifically, 
t

 is assumed to follow the following spatial error 

processes constructed as in Eq. (3). 
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where W is an N×N known spatial weight matrix,  is the spatial dependence parameter with 1  ,  is the 

serial correlation coefficient and satisfies the condition that 1, 0   , 
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v v v  is an N×1 error 

vector assumed to be independently and identically distributed across a cross-sectional dimension with zero 

mean and constant variance 2
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Eq.(7): 
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To estimate Eq. (8), we can first define the observations in Eq. (7) as 
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Then, for the entire sample of size T, the model in Eq. (7) can be further expressed compactly in the matrix 

notation as in Eq. (10) if the observations are ordered with t being the slow running index and i the fast running 

index.  
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   L is an NT×k matrix, and
1

( , , )
T

v v v   L is an 

NT×1 error vector. 

Therefore, we can use the ordinary least square (OLS) method to estimate Eq. (10) and get 
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Once we obtain Eq. (11) and get the estimators of ̂ and 
2

̂ , then we can estimate  and  by the following 

models: 

2

,

ˆ ˆˆ ˆ( , ) arg max ( , , , ).LnL
 

                                   (12) 

4. Empirical Illustrations 

4.1 Data Sources and Description 

According to the China Passenger Car Association (CPCA), at the end of 2018, China’s new energy passenger 

vehicles sold units in 1,052,951, an increase of 61.67 percent as compared with that at the end of 2017. The pure 

EVs sold units in 787,732, up by 68.32 percent compared with the previous year. The plug-in hybrid EVs sold 

units in 265,219, up by 138.94 percent compared with the previous year. Therefore, pure EVs still dominate the 

new energy vehicle market. From the perspective of the EV manufacturer, the Beijing Electric Vehicle Company 

Limited (BAIC) took the first place in pure EV sales and sold units 127,980 in 2018, and the main brands 

include BAIC EC, BAIC EU and BAIC EX. The BYD Co., Ltd. (BYD) took the second place in pure EV sales 

and sold units 63,248 in 2018 and the main brands include BYD E5 and E6. China’s top 10 best-selling pure EV 

brands in 2018 are shown in Figure 1. 

 

 

Figure 1. China’s top 10 best-selling pure EV brands in 2018 
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As shown in Figure 1, China’s top 10 best-selling pure EV brands sold units in 443,934 and had 56.36 percent 

market share in the new energy vehicle market. Thus, we choose the top 10 best-selling pure EV manufacturer 

sales to empirically investigate the spatial and serial correlation structures among them and discuss whether EV 

endurance mileage, power battery capacity, charging time, government subsidy, retail price, and each market 

share have important impacts on EV sales. 

Monthly pure EV sales data of the 10 manufacturers are obtained from Wind financial database from January 

2015 to October 2019. This database is a famous economic database containing most of the historical and recent 

data for Chinese macro, industry and firms. Specifically, the 10 manufacturers are Beijing Electric Vehicle 

Company Limited (BAIC), Build Your Dream Co., Ltd. (BYD), Jiangling Motors Co., Ltd. (JMC), Zotye 

Automobile Co., Ltd. (ZOTYE), Geely Automobile Holding Group (GEELY), ZHIDOU Electric Vehicle Co., 

Ltd. (ZHIDOU), Jianghuai Automobile Co., Ltd. (JAC), Chery Automobile Co., Ltd. (CHERY), Chongqing 

Changan Automobile Co., Ltd. (CHANGAN), Shenzhen BYD Daimler New Technology Co., Ltd. (DENZA), 

and SAIC Motor Co., Ltd. (SAIC). 

Table 1 below presents some description statistics of different brands of pure EV sales. As shown in Table 1, all 

the kurtoses are bigger than 2 and most of the Jarque-Bera statistics are significantly different from 0 at the 1% 

significance level. These results indicate that the distribution of the series is not normal distribution but is 

characterized by fat-tails. 

 

Table 1. Description statistics of different brands of pure EV sales 

Brand Mean Median Max. Min. SD Skewness Kurtosis Jarque-Bera 

BYD 11581.67 8830.50 37010.00 605.00 8130.63 1.13 3.68 13.52*** 

BAIC 6155.29 3902.00 24723.00 132.00 6116.08 1.39 4.10 21.67*** 

ZOTYE 2434.45 2216.00 11163.00 187.00 2021.82 1.67 7.64 78.93*** 

GEELY 1831.85 1541.50 6023.00 0.00 1599.34 0.61 2.40 4.47 

ZHIDOU 1592.90 672.50 6164.00 0.00 1813.97 0.90 2.41 8.72*** 

JAC 2988.81 2174.00 11182.00 0.00 2530.33 1.25 4.08 18.04*** 

CHERY 2392.31 2187.50 6616.00 182.00 1773.16 0.58 2.44 4.01 

CHANGAN 3637.10 2847.50 21204.00 0.00 3733.97 2.18 9.88 160.18*** 

DENZA 240.53 131.50 1859.00 0.00 340.94 2.64 10.99 221.98*** 

SAIC 2633.33 804.50 22261.00 0.00 4905.97 2.83 10.26 204.83*** 

Note. The columns provide arithmetic mean, median, maximum, minimum, standard deviation (SD), skewness, kurtosis, Jarque-Bera test. ***, 
**, and * represent statistical significance at the 1%, 5%, and 10% levels, respectively. 

 

Table 2 presents the correlation matrix for the time series of monthly pure EV sales for 10 different EV 

manufacturers. The results show that most correlation coefficients between each two EV manufacturers are 

positive. In general, the correlation coefficients between two EV manufacturers with closer economic distances 

are larger than those between EV manufacturers with farther economic distances. For example, the correlation 

coefficient between BAIC and BYD reaches up to 0.734. One reason for such a situation may be that the 

characteristics of pure EV, such as endurance mileage, power battery capacity, charging time, which is produced 

by BAIC, is similar to that of BYD. This emphasizes that the spatial weight matrix is a core element to reflect 

the possible relations between spatial units and the estimation bias will occur when estimating spatial 

econometric models by ignoring the appropriate choice of the spatial weight matrix. 

 

Table 2. Correlation matrix of different brands of pure EV sales 

Brand BAIC ZOTYE GEELY ZHIDOU JAC CHERY CHANGAN DENZA SAIC 

BYD 0.734*** -0.039 0.611*** -0.140 0.909*** 0.832*** 0.717*** 0.172 0.771*** 

BAIC  0.115 0.462*** 0.019 0.739*** 0.721*** 0.757*** 0.229* 0.375*** 

ZOTYE   0.172 0.385*** -0.062 0.165 0.308** 0.344*** -0.110 

GEELY    0.099 0.579*** 0.654*** 0.516*** 0.189 0.431*** 

ZHIDOU     -0.122 0.009 0.164 0.251* -0.220* 

JAC      0.787*** 0.695*** 0.228* 0.656*** 

CHERY       0.737*** 0.205 0.421*** 

CHANGAN        0.411*** 0.470*** 

DENZA         0.060 

Note. ***, **, and * represent statistical significance at the 1%, 5%, and 10% levels, respectively. 
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In this study, the main explanatory variables contain the per capita disposable income of urban households, fixed 

vehicle loan rate, gasoline price, and the number of charging pile. The data are obtained from Wind financial 

database. We regard the loan rate with an over three-year maturity and under five-year maturity as proxy for the 

fixed vehicle loan rate because the fixed vehicle rate is generally in accordance with the bank benchmark loan 

rate with an over three-year maturity and under five-year maturity in China, and this loan rate is set by the 

People’s Bank of China (PBC). Because we only have quarterly data for the per capita disposable income of 

urban households, we transform it into monthly data using quadratic-match sum conversion method through 

Eviews 8. The selection of these control variables is mainly based on insights from well-established literature 

that explore potential factors that can be attributed to purchasing EVs. For example, Javid and Nejat (2017) 

explored the factors that are deemed to be associated with plug-in EV adoption. The study finds that potential 

factors that affect plug-in EV purchasing behavior can be classified into three main categories: vehicle-related 

factors such as the gas fuel vehicles, pure EVs, or hybrid EVs, consumer-related factors such as socioeconomics 

characteristics of household including household size, the number of vehicle in a household, the maximum level 

of education, and household income, demographic characteristics of individuals including age and gender, and 

market factors such as gas and electricity price, the infrastructures including the number of charging stations and 

the cost of charging, and the population density. 

4.2 Specifications of Economic Spatial Weight Matrices 

The spatial weight matrix is a core element to reflect the possible relations between spatial locations in spatial 

econometrics field. In general, a spatial weight matrix is defined as a spatial correlation function of geographic 

distance, economic distance, or social distance between cross-sectional units (Gu et al., 2017; Zhu et al., 2013).  

Since the aim of this study is to empirically investigate the spatial correlation structures among different China’s 

brands of pure EV sales, an economic spatial weight matrix that can reflect economic linkages between EV 

manufacturers will be a reasonable choice. Thus, we follow the work of Gu et al. (2017) and adopt the 

Mahalanobis distance to construct our economic spatial weight matrix using the characteristics of EV relevant 

indicators.  

Particularly, the element in the economic spatial weight matrix is defined as follows: 

 
2

exp ,

1,

ij

ij

d d if i j
w

if i j

      
 

,                             (13) 

where
ij

w represents the weight between manufacture i and manufacture j, 
ij

d represents the economics distance 

between manufacture i and manufacture j, ( )
ij

d h d represents a non-negative bandwidth kernel function. We 

follow the work of Gu et al. (2017) and adopt the Mahalanobis distance to define
ij

d . The Mahalanobis distance 

is defined as: 1
( ) ( )

ij i j i j
d E E V E E

   ,where
i

E and
j

E denotes the characteristics of EV relevant indicators 

produced by manufacture i and manufacture j, respectively. V denotes the sample variance–covariance matrix 

and 
1

V


is the inverse matrix of V. Particularly, we use indicators such as EV endurance mileage; power battery 

capacity; charging time; government subsidy; no subsidized retail price; and each brand market share to explore 

the factors that are deemed to be associated with EV sales (see Table 3). In general, the central government and 

local governments subsidize 45,000 Yuan for each EV. The Mahalanobis distances among different brands of 

pure EV are described in Table 4. 

 

Table 3. Summary statistics 

Brand 
Endurance 

mileage/KM 

Power battery 

capacity/kWh 

Fast charging 

time/hour 

Slow charging 

time/hour 

Non-subsidized 

price/thousand Yuan 

Market 

share/% 

BYD 305 43.00 2.00 9.50 129.8 19.72 

BAIC 200 30.40 0.50 8.50 66.9 8.92 

ZOTYE 185 24.50 0.63 7.00 91.8 6.85 

GEELY 253 45.30 0.80 14.00 118.8 2.88 

ZHIDOU 155 18.00 1.25 7.00 68.8 3.42 

JAC 200 23.00 2.50 8.00 89.8 4.54 

CHERY 200 22.30 0.50 9.00 69.9 3.69 

CHANGAN 240 26.00 0.50 8.00 59.9 5.40 

DENZA 253 47.50 1.00 32.00 261.0 0.44 

SAIC 405 16.00 3.00 7.00 278.8 3.85 

Note. The market share is the monthly average proportion value of each pure EV brand sale in China’s total pure EV brand sale covering the 

period from January 2015 to October 2019. 
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Table 4. Mahalanobis distance among different brands of pure EV 

Brand BYD BAIC ZOTYE GEELY ZHIDOU JAC CHERY CHANGAN DENZA SAIC 

BYD 0.000 2.710 3.568 4.218 3.852 3.759 3.654 3.765 4.135 4.126 

BAIC 2.710 0.000 1.478 3.179 2.108 3.389 1.621 2.425 3.363 3.567 

ZOTYE 3.568 1.478 0.000 3.547 1.907 3.971 2.587 3.642 3.784 3.530 

GEELY 4.218 3.179 3.547 0.000 3.806 3.888 3.659 3.756 4.189 4.206 

ZHIDOU 3.852 2.108 1.907 3.806 0.000 2.516 2.400 3.561 3.633 3.710 

JAC 3.759 3.389 3.971 3.888 2.516 0.000 3.177 3.580 4.061 3.990 

CHERY 3.654 1.621 2.587 3.659 2.400 3.177 0.000 1.343 3.328 3.450 

CHANGAN 3.765 2.425 3.642 3.756 3.561 3.580 1.343 0.000 3.954 3.803 

DENZA 4.135 3.363 3.784 4.189 3.633 4.061 3.328 3.954 0.000 4.216 

SAIC 4.126 3.567 3.530 4.206 3.710 3.990 3.450 3.803 4.216 0.000 

 

4.3 Estimation Results 

Table 5 presents the regression results. In Specification 1, we adopt the ordinary least square (OLS) method to 

estimate the parameters. In Specification 2, we allow for incorporating the serial dependence into the proposed 

model. The two specifications are our benchmark models. Specifications 3 and 4 are our proposed models using 

another two different spatial weight matrices. Particularly, Specification 3 uses the squared kernel function to 

construct the economic spatial weight matrix and Specification 4 adopts the exponential kernel function to 

construct the economic spatial weight matrix (see the notes in Table 5). Specification 5 is our proposed model 

estimation results. 

 

Table 5. Estimation results of various models 

Parameter Specification 1 Specification 2 Specification 3 Specification 4 Specification 5 

 Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E. 

0
  19.891*** 2.630 17.259*** 4.800 14.371* 7.887 16.801*** 5.584 16.801*** 5.584 

𝛽𝑖𝑛𝑐𝑜𝑚𝑒 -3.455** 1.362 -3.144*** 0.829 -3.140*** 0.945 -3.150*** 0.889 -3.150*** 0.889 

𝛽𝑟𝑎𝑡𝑒 -8.197*** 1.665 -6.724** 3.015 -5.379 4.897 -6.460* 3.502 -6.460* 3.502 

𝛽𝑔𝑎𝑠 0.840 1.757 1.782* 0.995 1.654 1.134 1.765* 1.066 1.765* 1.066 

𝛽𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 -0.664 2.774 2.755* 1.523 3.010* 1.720 2.796* 1.628 2.796* 1.628 

d  — — — — 4.218*** 0.224 0.655*** 0.028 0.927*** 0.039 

  — — 0.772 1.000 0.624*** 0.038 0.188*** 0.020 0.188*** 0.020 

  — — — — 0.317*** 0.054 0.766*** 0.019 0.766*** 0.019 

2
  5.508  0.154  1.621  0.154  0.154  

2
R  0.06  0.07  0.04  0.07  0.07  

ML -1315.17  -1054.51  -1066.46  -1054.51  -1054.51  

RMSE 2.347  0.392  1.273  0.392  0.392  

Note. Parameters , ,
income rate gas

   and
argch ing

 represent coefficients of the per capita disposable income of urban households, loan rate, 

gasoline price, and the number of charging pile. Specification 3 bases on the kernel function: 2 2
[1 ( ) ]

ij ij
w d d  if i j ; otherwise 1

ij
w  . 

Specification 4 bases on the kernel function: 21

2
exp{ ( ) }

ij ij
w d d  if i j ; otherwise 1

ij
w  . S.E. represents standard errors of the 

estimated parameters. ML represents log-likelihood. R2 is the goodness-of-fit. The unit of 2
 is in percentage. ***, **, and * represent statistical 

significance at the 1%, 5%, and 10% levels, respectively.  

 

The results show that all the explanatory variables that are statistically significant have reasonable signs. 

Particularly, the per capita disposable income of urban households and the loan rate are significantly negatively 

correlated with EV sales. Meanwhile, the number of charging pile and the gasoline price are significantly 

negatively correlated with EV sales. 

Because the explanatory variables are in the form of logarithmic differences, for instance, the parameter 

𝛽𝑖𝑛𝑐𝑜𝑚𝑒 = −3.150 implies that the per capita disposable income of urban household’s increases 1 percent, the EV 
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sales will decrease 3.150 percent. A plausible explanation would seem to be that the impact of the per capita 

disposable income of urban households on the EV sales is offset by the decline in government subsidies or the 

incomplete infrastructures such as the inconvenient of charging stations. Similarly, the parameter 𝛽𝑟𝑎𝑡𝑒 = −6.460 

shows that one percent of the rise of loan rate will lead to 6.460 percent decrease of EV sales. The parameter 

𝛽𝑔𝑎𝑠 = 1.765 shows that one percent of the gasoline price will lead to 1.765 percent increase of EV sales. The 

parameter 𝛽𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 = 2.796 indicates that one percent of the improvements of the number of charging pile will 

lead to 2.796 percent increase of EV sales. 

Furthermore, the coefficients of spatial dependence and serial correlation parameters are statistically 

significantly different from zero. The absolute value of spatial dependence parameter  is much larger than that 

of serial correlation parameter  . This fact suggests that both the spatial dependence and serial correlation exist 

among EV manufactures; the intensity of spatial dependence is stronger than the intensity of serial correlation. 

The significantly positive serial correlation indicates the previous EV sales data is useful for later sales. 

Moreover, the significantly positive spatial dependence implies that spatial interactions exist among EV 

manufactures due to the similar EV economic characteristics such as EV endurance mileage, power battery 

capacity, charging time, government subsidy, retail price, and each brand market share, etc. Thus, when 

developing EV sales strategies, EV manufacturers must consider not only the properties of the EVs they produce, 

but also the properties of similar types of EVs produced by other brands in the EV market.  

5. Conclusion 

This paper empirically investigates the spatial dependence and serial correlation structures among ten China’s 

brands of pure EV sales using spatial econometric models. Following the work of Gu et al. (2017), this study 

proposes a new construction method of economic spatial weight matrix by adopting the Mahalanobis distance 

and the variable bandwidth Gaussian kernel function. We use the proposed economic spatial weight matrix to 

explore the impacts of EV endurance mileage, power battery capacity, charging time, government subsidy, retail 

price, and each brand market share on EV sales. Based on the proposed models, we also discuss the impacts of 

the per capita disposable income of urban households, gasoline price, loan rate and the number of charging pile 

on EV sales.  

The main findings are presented as follows. First, the results show that the loan rate is significantly negatively 

correlated with EV sales. Meanwhile, the number of charging pile and the gasoline price are significantly 

negatively correlated with EV sales. In other words, the improvements of the number of charging pile and the 

rise of gasoline price can increase EV sales, while the rise of loan rate or tight monetary policy may increase the 

consumers’ cost of purchasing EVs and then decrease EV sales. These findings are in accordance with those of 

Chen et al. (2015), Gallagher and Muehlegger (2011). Second, an interesting finding is that though the per capita 

disposable income of urban households increases the EV sales decreases. A plausible explanation would seem to 

be that the impact of the per capita disposable income of urban households on the EV sales is offset by the 

decline in government subsidies or the incomplete infrastructures such as the inconvenient of charging stations. 

Third, the significantly positive serial correlation indicates the previous EV sales data is useful for later sales. 

Moreover, the significantly positive spatial dependence implies that spatial interactions exist among EV 

manufactures due to the similar EV economic characteristics such as EV endurance mileage, power battery 

capacity, charging time, government subsidy, retail price, and each brand market share, etc.  

We believe that the empirical findings provide important implications on the sales strategies of EV 

manufacturers’ and the development of EV market. First, the important implication of the above findings for 

government is that government should pursue prudent and balanced monetary policy and provide reasonable EV 

subsidy policy in order to promote the healthy development of EV market. Second, when developing EV 

production and sales strategies, EV manufacturers must consider not only the properties of the EVs they produce, 

but also the properties of similar types of EVs produced by other brands in the EV market. 

There are two limitations of this study. One is the sample selection has certain limitations. Limited by the 

availability of data, this paper selects the monthly pure EV sales data of the 10 manufactures in China from 

January 2015 to October 2019. The sample period is very short, which may lead to low accuracy of the obtained 

parameter estimation results. In order to obtain the robust parameter estimation results under the condition of 

finite samples, the paper discusses in detail how to construct the economic spatial weight matrix and how to 

setup the initial value of parameters. Another limitation is the measurement of explanatory variables. The paper 

only discusses the influences of the per capita disposable income of urban households, the loan rate and the 
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gasoline price on EV sales. Therefore, in the future research, it is also possible to consider the number of EV 

charging piles, electricity price, government subsidies and other factors that affect EV sales. In addition, in the 

future research, the proposed models can be applied to model the dependence structure of other kinds of EV 

markets (e.g., EVs in different countries, different brands of hybrid EVs) based on using copula function families 

(e.g., C-vine, D-vine and R-vine copulas) to construct the economic spatial weight matrix.  
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