

  sustainability-11-03602




sustainability-11-03602







Sustainability 2019, 11(13), 3602; doi:10.3390/su11133602




Article



Operating Performance of Chinese Online Shopping Companies: An Analysis Using DuPont Components



Yue Hao and Seung Uk Choi *





Department of Accounting and Taxation, School of Management, Kyung Hee University, Seoul 02447, Korea









*



Correspondence: suchoi@khu.ac.kr; Tel.: +82-2-961-2163







Received: 3 June 2019 / Accepted: 26 June 2019 / Published: 30 June 2019



Abstract

:

Chinese online shopping industry has grown dramatically in recent decades. The purpose of this study is to investigate the key factors that affect the operating performance of online shopping companies in China. In particular, the study examines the three features of Chinese online shopping companies: (i) Multi-complex products/a single-special product, (ii) online store only/online and offline stores, (iii) US-listed/China-listed. The tests are leveraged by applying DuPont analysis which is widely used for identifying the sources of operating performance. DuPont analysis decomposes ROA (return on assets) into ATO (asset turnover) and PM (profit margin). A higher ATO represents efficient use of assets while a higher PM indicates efficient cost structure. By using seven Chinese online shopping companies, we find that companies selling multi-complex products have a higher ATO than companies selling a single-special product. However, multi-complex companies’ PM is lower than that of single-special companies, with no difference in ROA between those two groups. Second, online shopping companies with offline stores have a lower PM and ROA than online store only companies. Lastly, we document that US-listed online shopping companies have a higher ATO, PM, and ROA than China-listed companies. The results of this study provide important implications for the future development of the Chinese shopping industry. The findings may present the current situation and shortcomings of the companies, thereby playing a guiding role in the management and development of online shopping companies in China.
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1. Introduction


With the popularization of computers and the rapid development of the Internet, the Chinese online shopping industry has grown dramatically in recent decades. This rapid growth of the online shopping industry brought many business opportunities. The expansion of the online shopping industry basically stems from its convenience. Online stores are an extension of the offline stores, which provides customers with more flexible shopping hours. To be more specific, first, for consumers, convenience and cheapness is the benefit of using online shopping companies [1]. Second, for merchants, because there is no inventory pressure on online sales and the operating costs are low, there are fewer business limitations compared to offline sales companies. It can be seen that online shopping has broken through the barriers of traditional business through shopping websites and it has a great appeal and influence on consumers.



In light of this rapid growth of the online shopping industry, one of the unknown black boxes is which features of online shopping companies lead to a successful operation in this industry. The purpose of this paper is to address this unanswered question by investigating the operating performance of Chinese online shopping companies. Consumers of online shopping companies may typically screen several alternatives of websites and compare quality of products and appropriateness of the prices without spending much time and effort. This is a common feature of online shopping that maximize consumers’ convenience. In addition, online shopping companies also have unique characteristics that affect their performance. For instance, the authors of [2] explore the factors that influence customers’ repurchase intentions in online shopping. By using survey data from online shopping customers of PCHome, which is the most widely used online store in Taiwan, the paper find that among several dimensions, trust, perceived ease of use, perceived usefulness, and enjoyment are the main factors that affect customers’ repurchase intentions.



Expanding on prior research, the current paper examines the three features of Chinese online shopping companies: (i) Multi-complex products/a single-special product, (ii) online store only/online and offline stores, (iii) US-listed/China-listed. Then, it explores the effect of these three features of online shopping companies on their operating performance.



The tests are leveraged by applying DuPont analysis. DuPont analysis is a widely used method for examining the sources of operating performance [3,4]. It breaks down the operating performance (ROA, net income divided by average assets) into two subcomponents which are asset turnover (ATO, sales divided by average assets) and profit margin (PM, net income divided by sales). The former one indicates how a company efficiently operates its assets to generate sales. The latter one represents the efficiency in cost structure. Using these components, the current paper explores how Chinese online shopping companies generate their profits.



By using seven Chinese companies from 2012 to 2017 (42 company-years), we find that the number of products that a company treats, whether it is an online store only or has both an online and offline store, and the location of the listed stock market affect the operating performance of the online shipping company. Specifically, we first find that companies selling multi-complex products have a higher ATO than companies selling a single-special product. However, multi-complex companies’ PM is lower than that of single-special companies, with no difference in ROA between those two groups. Second, online shopping companies with offline stores have a lower PM and ROA than online store only companies. Lastly, we document that US-listed online shopping companies have a higher ATO, PM, and ROA than China-listed companies.



From the results, our study makes suggestions to Chinese online companies. First, as multi-complex products have a lower PM and a similar ROA to single-special product companies, we suggest that companies with multi-complex products develop products that can differentiate prices. Selling products with a price premium can mitigate their inefficient cost structure. Second, in order to seek breakthroughs, it is recommended that online shopping companies with offline stores should enhance the efficiency of the cost structure, increase the sales revenue, or both. Third, China-listed companies have to find a way to attract overseas markets.



Our paper contributes to the practice and literature in the following ways. First, we track the sources of higher operating performance of the Chinese online shopping industry. As their trading volumes have increased rapidly in the past 20 years, we identify factors that have been contributed to their rapid growth. Second, we have also contributed to the DuPont analysis literature. The literature generally focuses on the usage of DuPont components with respect to their predictability on future profits. By providing empirical evidence that DuPont components are influenced by companies’ different types of stores or listing regions, we suggest practical usage of DuPont analysis. Lastly, a large set of prior studies have generally been conducted on the online shopping industry using survey data or experimental settings [2,5]. Thus, our empirical design and findings shed light on prior literature.



Our study also has a limitation. There is a chance that our result was influenced by different types of consumers. For instance, the authors of [6] make a distinction among different types of customers; the types are convenience shoppers, variety seekers, balanced buyers, and store-oriented shoppers. Convenience shoppers and variety seekers exhibit the highest purchase frequency which makes these consumer types important to online retailers. As we do not have an adequate method of controlling for different types of consumers, we are cautious about interpreting and generalizing our results to other cases.



The remainder of the paper proceeds as follows. Section 2 describes the growing trend in the Chinese online shopping industry. Section 3 presents prior research and develops our hypotheses. Section 4 shows the research design, and Section 5 presents empirical findings. Lastly, Section 6 concludes the paper.




2. The Growing Trend in the Chinese Online Shopping Industry


2.1. User Size of Online Shopping Companies


The popularity of online retailing has brought huge opportunities and challenges to retailers. By June 2018, the number of Chinese netizens reached 802 million, and the number of new Internet users in the first half of 2018 was 29.68 million, an increase of 3.8% compared with 2017 (Zhiyan Consulting Group). The Internet penetration rate was 57.7%. As shown in Figure 1, in the first half of 2018, the size and proportion of online shopping users in China showed that the number of users was 568.92 million, an increase of 35.6 million compared with the end of 2017, accounting for 71% of total netizens. This rapid growth in both Internet and online shopping users in China provides business opportunities to Chinese online shopping companies.




2.2. Trading Volume of Online Shopping Companies


In contrast to the rapid growth of the online shopping industry, the growth rate of Internet retail sales has started to decline since 2013. The growth rate in 2017 was 21.28%, and the growth rate in the previous four years was reduced by more than half. Nevertheless, by splitting the retail sales from the total Internet sales, that is, by placing the focus on Internet online shopping, online shopping malls showed an increase or at least remained stable in terms of their trading volume. For instance, Alibaba Group’s trading volume ratio has been stable at around 80% for a long time. The proportion of JD shopping malls increased from 4.09% in 2011 to 12.18% in 2015. In 2015, the turnover of Alibaba, JD, and Vipshop accounted for more than 90%, which can roughly represent the development of the online retail industry.





3. Literature Review and Hypothesis Development


3.1. Prior Research on DuPont Analysis


The traditional financial analysis indicators mostly analyze corporate finance from a certain angle, and it is difficult to make a very comprehensive evaluation. Being a comprehensive, simple, and practical financial analysis and evaluation system, the DuPont analysis system takes the key indicator of ROA as the core and uses the links between assets, profits, and other indicators to analyze at different levels and gradually progress to form a complete financial analysis system. It is a comprehensive financial analysis method that was invented and used by the DuPont Company in the United States in 1910. At first, the DuPont Company developed a comprehensive evaluation system for financial evaluation analysis in order to assess the performance of its group companies. The essence is based on the net asset return rate and the net profit of assets. The equation is as follows:


       Return   on   Assets     (  ROA  )    =    Asset   turnover     (  ATO  )  ×    Profit   margins     (  PM  )       =  (  Sales /  Average   assets   )    ×    (   Net   income  / Sales  )       



(1)







In Equation (1), ATO represents efficient use of assets. Higher sales to given assets indicate that a company uses its assets efficiently and generates greater revenues. PM represents a company’s cost structure. If a company reports a higher net income relative to sales, it means that it has a lower cost due to efficient cost structure.



Prior research on DuPont analysis shows usage of DuPont components in various aspects. For instance, the authors of [7] show that information technology-enabled competitive advantage comes from a combination of increased PM and ATO. The paper shows the positive correlation between successful investment in IT and financial performance. DuPont analysis is also used as a diagnostic for earnings management. The authors of [8] document that the changes in ATO and PM in opposite directions are the signals of earnings management. The paper indicates that, for instance, the increase in net income relative to sales (which indicates an increase in PM) and the increase in net accounts receivable relative to sales (which indicates a decrease in ATO) causes upward earnings management.



Another stream of research on DuPont components find that the change in ATO is positively related to future changes in earnings [9]. Reference [10] extends these findings by reporting results based on in-sample parameter estimates. The study documents a significant relationship between the future RNOA and the change in PM. Overall, prior research find that DuPont components are useful in predicting future earnings.



Chinese academics also introduce DuPont analysis in various ways. The authors of [11] investigate the information content of core indexes and component indexes of DuPont analysis. The paper insists that investors of China A-share markets should pay more attention to the core indexes instead of the component indexes when evaluating companies. By comparing Chinese firms with US firms, the authors of [12] show that Chinese firms have higher profitability than their U.S. counterparts, specifically, 15.1 percent versus 8.1 percent. The paper also finds that this result is driven by the higher growth opportunities in China; thus, after controlling for growth rates, US firms exhibit greater efficiency in generating their free cash flows. However, to this day, no papers have directly focused on Chinese online shopping companies; therefore, our paper explores their operating performance in the application of DuPont analysis.




3.2. Hypotheses Development


This paper introduces three dimensions of online shopping companies. First, the study expects that the types of products sold might affect the operating performance of online shopping companies. Online shopping companies can choose different business strategies as they can focus on single product or multi-products.



Since online stores have non-limited space, by selling multiple products, a company can maximize the efficiency of asset management. However, handling multiple products with different cost structures can reduce the efficiency of cost management. For instance, the authors of [13] find evidence that inventory cost and delivery cost affect the distribution strategy and customer service. In ex-ante, these discussions lead us to expect a higher ATO and lower PM for multi-complex products companies compared to single-special product companies. We develop our first hypothesis as follows.

Hypothesis 1:

ATO, PM, and ROA of multi-complex products companies are systematically different from those of single-special product companies.







Second, companies that only operate an online store may be systematically different in their operating performance from those that also operate an offline store. Some online shopping companies have dual stores which are an online website and offline shopping mall. Prior literature shows mixed evidence of having traditional offline stores for online shopping companies. For instance, the authors of [5] find that both online and offline stores have positive effects on the usefulness, attitude, and intention to use than online only companies. Their finding suggests that the managers of online shopping companies should not only emphasize the presence of an internet based online shopping mall but also care about the operation of offline stores if they seek to increase their visitors. In contrast, the authors of [1] find that customers are less price sensitive when shopping at an online store than they are when shopping at offline stores. These less price sensitive customers allow companies to charge a price premium for the product in the online market.



Moreover, managing the leased building or land to operate the offline store will make asset management more difficult. Thus, it leads us to predict a higher (lower) ATO for online only (online and offline) companies. Similarly, online only companies may also have efficient cost structures as there are fewer costs associated with store management. In contrast, the complexity of the costs involved in employees’ salaries and store management can reduce the efficiency of the cost structure of companies carrying an offline store. These discussions lead to a higher (lower) expectation of PM for online only (online and offline) companies. Based on these discussions, we propose the following hypothesis.

Hypothesis 2:

ATO, PM, and ROA of online store only companies are systematically different from those of online and offline store shopping companies.







Third, companies that are listed in the US stock market may be systematically different in their operating performance from those that are listed in the Chinese stock market. The authors of [14] document that non-US companies listed in the US face consistent non-normal yields before and after listing, increased investor recognition, and increased stock liquidity. Using 153 non-US companies from Canada, Europe, and the Asia-Pacific Basin region that were listed in the US stock market, the paper find that US-listed non-US companies earn cumulative abnormal returns of 19 percent during the year before listing, and an additional 1.20 percent during the listing week. Although China-listed companies may benefit from greater growth opportunities [13], companies listed in the US may have a chance to further develop with respect to internationalization and diversification. This means that US-listed online shopping companies have the opportunity to sell goods to a wider range of consumers. In addition, the authors of [15] have pointed out that political ties in Chinese companies are inefficient at improving their performance when technology changes rapidly. Thus, we form our third hypothesis as follows.

Hypothesis 3:

ATO, PM, and ROA of US-listed online shopping companies are systematically different from those of China-listed online shopping companies.









4. Research Design


4.1. The Sample


Our sample is constructed by using China’s most famous online shopping companies. In particular, we use seven online shopping companies: Alibaba Group, JD, Vipshop, Jumei Youpin, Suning Tesco, GOME, and COFCO. Since we use these seven Chinese companies from 2012 to 2017, our sample consisted of 42 company-years.



Table 1 depicts a brief description of seven online shopping companies. Since we divide each group based on product categories (multi or single product), having an offline store or not, and listed market (US or China), the table summarizes these classifications. Jumei Youpin and COFCO sell one single product and the others sell at least two or more products. Suning Tesco and GOME have offline stores while others do not. Alibaba Group, JD, Vipshop, and Jumei Youpin are listed in the US stock market while Suning Tesco, GOME, and COFCO are listed in the Chinese stock market. The financial data used in the paper are available publicly through the annual reports of each company. In the following paragraphs, we provide detailed descriptions of these companies.



First, Alibaba Group was founded in 1999 by 18 people led by Jack Ma (www.alibabagroup.com). It now operates a number of business segments, including Taobao.com, Tmall, Alibaba.com, and others. The online shopping website of Alibaba Group, which is the internationally leading platform (www.alibaba.com), was also launched in 1999. In September 2014, Alibaba Group listed its stock on the New York Stock Exchange. In the fiscal year ending on March 31, 2019, Alibaba Group’s Chinese e-commerce corporation recorded revenues of 247.615 and 27.725 billion yuan for Chinese and international online sales, respectively. These translate to approximately 35.8 billion and 4.0 billion US dollars.



Second, JD is China’s self-operated e-commerce company. JD.com is China’s largest online retailer and its biggest overall retailer (https://corporate.jd.com/home). It is a member of the Fortune Global 500. On June 18, 1998, Mr. Liu Qiangdong started his business in Zhongguancun and established the JD Company. They officially obtained a virtual carrier license in 2013. It has been listed in the National Association of Securities Dealers Automated Quotations (NASDAQ) Stock Exchange since May 2014. In the year ending on December 31, 2018, JD reported a net revenue of 67,198 million US dollars.



Next, Vipshop was established in August 2008. The main business of Vipshop is the online sale of discounted goods (www.vip.com). On March 23, 2012, Vipshop went public in the New York Stock Exchange. At present, Vipshop has become the third largest e-commerce company in China. Vipshop Holdings reported an annual revenue of 12,294 million US dollars in 2018.



Jumei Youpin is a cosmetics limited-time sale mall, founded in March 2010 (bj.jumei.com). On May 16 of 2014, Jumei Premium was officially listed on the New York Stock Exchange. Jumei Youpin reported 648.16 million US dollars of sales revenue in 2018.



Our fifth company was Suning Tesco. It is a new generation B2C online shopping platform that strengthens the simultaneous development of virtual networks and physical stores (www.suning.com). Suning is one of the largest non-government retailers in China. The headquarters is located at Nanjing. It has been listed on the Shenzhen Stock Exchange since 2004. Suning.com reported 244.06 billion yuan of sales revenue in 2018.



Next, GOME was founded on January 1, 1987 and is a retail chain of home appliances in mainland China (www.gome.com.cn). In April 2011, GOME’s e-commerce website was launched. It takes the lead in innovating the e-commerce operation model of "B2C+ physical store" integration. It has been listed on the Hong Kong Stock Exchange since July 2004. Gome.com has reported 65,884 million yuan of sales revenue as of 31 March 2019.



Lastly, COFCO is a food B2C e-commerce company. It was founded in 1949 and its shopping website was launched in 2009 (www.womai.com). COFCO has nine business segments including COFCO Grain and Oil, China Grain and Oil, China Food, Real Estate Hotels, China Soil Animals, COFCO Tunhe, COFCO Packaging, COFCO Development, and Finance. Its website-based shopping mall is China’s first large-scale consumer-oriented online food retailer. Womai.com reported 524.9 million US dollars of sales revenue in 2018.




4.2. Research Model


ROA is used to test financial performance [16]. We propose the following model to test our hypotheses.


      R O A    (  A T O ,   P M  )  =   α 0   +   α 1 M u l t i − c o m p l e x    (  O f f l i n e ,   U S − l i s t e d  )  +   α 2 S I Z E      +   α 3 L E V   +   α 4 C u r R a t i o +   α 5 I N V R E C   +   α 6 L o s s   + Y e a r   F E   +   ε      



(2)







In Equation (2), the dependent variable is ROA or its decomposed DuPont index, ATO and PM. ROA equals the net income divided by total assets; ATO is calculated as sales divided by total assets; PM is measured as the net income divided by sales. Our variables of interests are Multi-complex, Offline, and US-listed. These variables equal to one if a company sells multi-products, operates online and offline stores, and listed in US stock markets, respectively. The positive (or negative) coefficient of α1 supports our hypotheses.



We included several control variables that might affect operating performance to address the omitted variable problem. SIZE is a natural logarithm of total assets; LEV is total liabilities divided by total assets; CurRatio is current assets divided by current liabilities; INVREC is the sum of inventories and accounts receivable divided by total assets; Loss equals one if a company reports net losses and zero otherwise. Lastly, we controlled for year fixed effect (Year FE).



Company size is included in the model to control for size effect on operating performance [17]. Prior research generally documents a positive association between company size and performance as large companies have sufficient resources to support their profits. We next control for leverage to mitigate the effect of financial structure on performance [18,19]. The current ratio represents the slack resources of a company. Previous studies document that a company’s performance increases as slack resources increase [20]. Thus, we include current ratio into the model. Lastly, we control for the sum of inventories and accounts receivable to total assets which indicates operating complexity of the company. All the reported t-statistics are adjusted to be heteroscedasticity consistent.





5. Empirical Findings


5.1. Descriptive Statistics


Table 2 presents descriptive statistics of the variables. Of the sample, 71 percent, 29 percent, and 57 percent of companies were classified as multi-complex product (Multi-complex), online and offline (Offline), and US-listed (US-listed) groups, respectively. In comparison with these groups, 29 percent, 71 percent, and 43 percent are then automatically classified as the counterparts which are the single product, online store only, and China-listed groups. The variables are generally calculated using ratio values and were based on one million Yuan (CNY). The mean values of ROA, ATO, and PM were 0.071, 1.936, and 0.061, respectively. On average, the size (SIZE) of the companies was 5.543. The mean values of the leverage ratio (LEV) and current ratio (CurRatio) were 0.577 and 1.609. The sum of inventories and accounts receivable to total assets (INVREC) was 0.206 and 31 percent of company-years report net losses (Loss) throughout the sample period.



Figure 2 describes the univariate comparisons between Multi/Single product, Online/Offline store, and US/China listed groups, respectively, with respect to ROA, ATO, and PM. Three figures are based on the mean values of each category. In every three performance measures, online only and US-listed groups are superior to offline and China-listed groups. However, multi-complex product groups have a higher PM and lower ROA and ATO compared to single product groups. Since these comparisons do not control for other company characteristics, we are cautious about interpreting and generalizing the results.



Table 3 is the result of the Pearson correlation analysis among the relevant variables. As can be seen from the table, Multi-complex is positively correlated with Offline but has an insignificant relationship with US-listed. This means that online shopping companies selling multi-products operate offline stores along with online stores. However, there is no systematic relationship between selling multi-products and the listed market. Offline and US-listed are negatively correlated. Thus, online companies with offline stores are generally listed in the China market. It is also presented previously in Table 1 that the two companies, Suning Tesco and GOME, which operate offline stores, are listed in the China stock market.



ROA and ATO have no significant correlation with three performance measures. In contrast, PM is negatively (positively) correlated with Offline (US-listed). Nevertheless, we are again cautious about making interpretations from these correlations in advance because company characteristics are not controlled for in these univariate tests. Obviously, ATO and PM are positively correlated with ROA.



Turning to the control variables, ROA is negatively associated with SIZE and Loss. ATO is negatively related with SIZE. In contrast, PM is positively related with SIZE and CurRatio and negatively related with INVREC and Loss.




5.2. Regression Results


Hereafter, the following tables are the test results of the regression analysis. Table 4 examines the results of Hypothesis 1. There is no significant relationship between Multi-complex and ROA. The coefficient of Multi-complex was 1.776 and positive at the 10% level when the dependent variable is ATO. In terms of economic significance, Multi-complex companies reported a 178% higher ATO than Single-specialty companies. From the results, the coefficient of Multi-complex is -0.080 when the dependent variable is PM and significant at a 5% level. Thus, Multi-complex companies reported an 8% lower PM than Single-specialty companies. Given that an online company has no physical limitation on its space, by selling multiple products, an online company can maximize the efficiency of operating assets. In contrast, handling multiple products with different cost structures can reduce the efficiency of cost management. Overall, the positive and negative effects from ATO and PM, respectively, offset each other leading to no difference in ROA.



Other control variables show plausible results. For instance, large companies proxied by the natural logarithm of total assets (SIZE) are positively correlated with PM but are negatively correlated with ROA and ATO. ROA and PM decreased as INVREC increased. Reporting losses (Loss) is negatively correlated with ROA and PM.



Table 5 shows the results of testing Hypothesis 2. The coefficient of Offline is negative and significant at a 10% level when the dependent variable was ROA (coefficient = −0.055). In terms of economic significance, companies having offline stores had a 5.5% lower ROA than that of online-only companies. This negative operating performance is derived by PM. The coefficient of Offline is −0.116 and significant at a 1% level when the dependent variable is PM, but it is not significant when the dependent variable is ATO.



Overall, offline business activities are reported to have a lower performance than online only business activities. It can be argued that the performance of offline businesses is hindered more by lower profit margins than asset management. It may have been caused by higher product prices due to employees’ salaries and store rental fees. In order to seek breakthroughs, it is recommended that online shopping companies with offline stores should enhance the efficiency of the cost structure, increase the sales revenue, or both.



Lastly, Table 6 examines the results of Hypothesis 3. From the results, the coefficients of US-listed are all positive and significant at a 5% or higher level. It can be seen that there is a clear difference between China-listed and US-listed companies. In terms of economic significance, companies listed in US markets had a 9.4% higher ROA than companies listed in China markets. This is because the economic environment and market policies of the United States can reduce the economic risks of enterprises, attract financing, and increase profits. It is an interesting result that both ATO and PM are higher for US-listed companies, thereby leading to a higher ROA. The results suggest that China-listed companies need to find a way to develop overseas markets.





6. Conclusions


This study uses China’s seven largest online stores and tests the operating performance of these companies using DuPont analysis. The study first constructs the theoretical framework of the DuPont analysis system. Next, it uses DuPont analysis to analyze the performance of the companies. Third, the study examines the effect of the three features of Chinese online shopping companies: (i) Multi-complex products/a single-specialty product, (ii) online store only/online and offline stores, (iii) US-listed/China-listed on operating performance.



We make the following predictions for each feature. First, since online stores have non-limited space, by selling multiple products, a company can efficiently use the assets. However, companies handling multiple products with different cost structures may report a lower PM than single-specialty product companies. Next, companies that only operate online stores may be systematically different in their operating performance from those that also operates offline stores. For instance, managing fixed assets to operate the offline store will make their asset management more difficult. Similarly, the complexity of the costs involved in employees’ salaries and store management can reduce the efficiency of the cost structure and lead to a lower expectation of PM. Lastly, companies that are listed in the US stock market may be systematically different in their operating performance from those that are listed in the Chinese stock market. Since US-listed companies have more opportunities to sell their products to a wider range of consumers, we expect a higher financial performance for US-listed companies than China-listed companies.



By using seven Chinese companies from 2012 to 2017 (42 company-years), we find that multi-complex companies have a higher ATO than single-specialty companies. However, multi-complex companies’ PM is lower than that of single-specialty companies, with no difference in ROA between those two groups. Second, online shopping companies with offline stores have a lower PM and ROA than online only companies. Lastly, we document that US-listed online shopping companies have a higher ATO, PM, and ROA than that of Chine-listed companies.



The findings of the study may present the current situation and shortcomings of the companies. It can play a guiding role in the management and development of online shopping companies in China. In particular, we suggest practical recommendations for decision and policy makers as well as practitioners. Companies handling multiple products should improve cost structure in order to report higher profit margins. For companies with offline stores, to seek breakthroughs, we recommend that they should enhance the efficiency of the cost structure and increase the sales revenue. Finally, China-listed companies need to find a way to develop overseas markets. Policy makers in China also have to relax regulations for China-listed companies to open new channels for foreign customers.
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Figure 1. This is a figure that shows an increasing trend in Chinese online shopping users (Source: Zhiyan Consulting Group, www.chyxx.com). 
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Figure 2. Univariate mean comparisons between Multi/Single product, Online/Offline store, and US/China listed groups. 
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Table 1. Description of online shopping companies in China.






Table 1. Description of online shopping companies in China.





	Company
	Online Store Launched
	Multi/Single Product
	Offline Store
	Listed Market





	Alibaba Group
	1999
	Multi
	No
	US

(NYSE)



	JD
	1998
	Multi
	No
	US

(NASDAQ)



	Vipshop
	2008
	Multi
	No
	US

(NYSE)



	Jumei Youpin
	2014
	Single
	No
	US

(NYSE)



	Suning Tesco
	1990
	Multi
	Yes
	China

(Shenzhen)



	GOME
	1987
	Multi
	Yes
	China

(Hong Kong)



	COFCO
	2009
	Single
	No
	China

(Hong Kong)
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	Variable
	Mean
	Std.
	1%
	25%
	Median
	75%
	99%





	Multi-complex
	0.714
	0.457
	0.000
	0.000
	1.000
	1.000
	1.000



	Offline
	0.286
	0.457
	0.000
	0.000
	0.000
	1.000
	1.000



	US-listed
	0.571
	0.501
	0.000
	0.000
	1.000
	1.000
	1.000



	ROA
	0.071
	0.198
	−0.109
	−0.008
	0.033
	0.091
	1.222



	ATO
	1.936
	2.541
	0.278
	1.171
	1.402
	1.737
	15.315



	PM
	0.061
	0.117
	−0.050
	−0.005
	0.022
	0.049
	0.475



	SIZE
	5.543
	1.898
	−0.342
	4.969
	5.957
	6.722
	8.531



	LEV
	0.577
	0.174
	0.181
	0.490
	0.617
	0.661
	0.841



	CurRatio
	1.609
	0.885
	0.710
	1.115
	1.246
	1.722
	4.547



	INVREC
	0.206
	0.110
	0.000
	0.142
	0.218
	0.290
	0.379



	Loss
	0.310
	0.468
	0.000
	0.000
	0.000
	1.000
	1.000
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Table 3. Correlation Matrix.






Table 3. Correlation Matrix.





	
Variable

	
1.

	
2.

	
3.

	
4.

	
5.

	
6.

	
7.

	
8.

	
9.

	
10.

	
11.






	
1. Multi-complex

	
1.00

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
2. Offline

	
0.40

	
1.00

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
(0.01)

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
3. US-listed

	
0.09

	
−0.73

	
1.00

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
(0.57)

	
(<0.01)

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
4. ROA

	
−0.25

	
−0.20

	
0.21

	
1.00

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
(0.11)

	
(0.21)

	
(0.17)

	
　

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
5. ATO

	
−0.19

	
−0.16

	
0.20

	
0.84

	
1.00

	
　

	
　

	
　

	
　

	
　

	
　




	
(0.24)

	
(0.32)

	
(0.20)

	
(<0.01)

	
　

	
　

	
　

	
　

	
　

	
　

	
　




	
6. PM

	
0.11

	
−0.29

	
0.32

	
0.28

	
−0.16

	
1.00

	
　

	
　

	
　

	
　

	
　




	
(0.48)

	
(0.06)

	
(0.04)

	
(0.07)

	
(0.31)

	
　

	
　

	
　

	
　

	
　

	
　




	
7. SIZE

	
0.58

	
0.33

	
−0.22

	
−0.44

	
−0.58

	
0.27

	
1.00

	
　

	
　

	
　

	
　




	
(<0.01)

	
(0.03)

	
(0.17)

	
(<0.01)

	
(<0.01)

	
(0.08)

	
　

	
　

	
　

	
　

	
　




	
8. LEV

	
0.38

	
0.12

	
−0.10

	
0.07

	
0.23

	
−0.21

	
−0.11

	
1.00

	
　

	
　

	
　




	
(0.01)

	
(0.43)

	
(0.55)

	
(0.68)

	
(0.15)

	
(0.18)

	
(0.48)

	
　

	
　

	
　

	
　




	
9. CurRatio

	
−0.31

	
−0.30

	
0.45

	
0.02

	
−0.14

	
0.31

	
−0.08

	
−0.79

	
1.00

	
　

	
　




	
(0.04)

	
(0.05)

	
(<0.01)

	
(0.90)

	
(0.37)

	
(0.04)

	
(0.63)

	
(<0.01)

	
　

	
　

	
　




	
10. INVREC

	
−0.20

	
−0.05

	
−0.23

	
−0.19

	
0.19

	
−0.78

	
−0.34

	
0.45

	
−0.50

	
1.00

	
　




	
(0.21)

	
(0.77)

	
(0.15)

	
(0.22)

	
(0.24)

	
(<0.01)

	
(0.03)

	
(<0.01)

	
(<0.01)

	
　

	
　




	
11. Loss

	
0.20

	
0.03

	
0.06

	
−0.35

	
−0.07

	
−0.45

	
0.08

	
0.15

	
−0.18

	
0.31

	
1.00




	
(0.21)

	
(0.84)

	
(0.71)

	
(0.02)

	
(0.67)

	
(<0.01)

	
(0.60)

	
(0.33)

	
(0.25)

	
(0.05)

	
　








P-values are reported in the parentheses.
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Table 4. The effect of being Multi-complex on operating performance (testing H1).






Table 4. The effect of being Multi-complex on operating performance (testing H1).





	
Indep. Variable

	
(1) Dep. Variable = ROA

	
(2) Dep. Variable = ATO

	
(3) Dep. Variable = PM




	
Coefficient

	
(t-value)

	
Coefficient

	
(t-value)

	
Coefficient

	
(t-value)






	
Intercept

	
0.820 *

	
(1.78)

	
12.201 **

	
(2.40)

	
−0.036

	
(−0.39)




	
Multi-complex

	
−0.017

	
(−0.31)

	
1.776 *

	
(1.85)

	
−0.080 **

	
(−2.51)




	
SIZE

	
−0.065 *

	
(−1.83)

	
−1.192 ***

	
(−2.82)

	
0.021 **

	
(2.67)




	
LEV

	
−0.077

	
(−0.31)

	
−4.857

	
(−1.63)

	
0.317 ***

	
(2.88)




	
CurRatio

	
−0.082

	
(−1.37)

	
−1.182 *

	
(−1.75)

	
0.026

	
(1.50)




	
INVREC

	
−0.889 **

	
(−2.32)

	
−1.715

	
(−0.41)

	
−0.851 ***

	
(−5.47)




	
Loss

	
−0.070 **

	
(−2.10)

	
−0.061

	
(−0.13)

	
−0.060 ***

	
(−2.96)




	
Year FE

	
Included

	
Included

	
Included




	
Adj. R2

	
0.3543

	
0.4169

	
0.6362




	
N. of obs.

	
42

	
42

	
42








***, **, and * indicate significance at a 1, 5, and 10% level, respectively. Significance was adjusted to be heteroscedasticity consistent.













[image: Table] 





Table 5. The effect of offline stores on operating performance (testing H2).
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Indep. Variable

	
(1) Dep. Variable = ROA

	
(2) Dep. Variable = ATO

	
(3) Dep. Variable = PM




	
Coefficient

	
(t-value)

	
Coefficient

	
(t-value)

	
Coefficient

	
(t-value)






	
Intercept

	
0.881 *

	
(1.89)

	
10.295 *

	
(1.91)

	
0.146 **

	
(2.33)




	
Offline

	
−0.055 *

	
(−1.87)

	
−0.219

	
(−0.51)

	
−0.116 ***

	
(−7.43)




	
SIZE

	
−0.064 *

	
(−1.83)

	
−0.908 **

	
(−2.35)

	
0.015 ***

	
(5.40)




	
LEV

	
−0.141

	
(−0.62)

	
−1.865

	
(−0.60)

	
0.104

	
(1.19)




	
CurRatio

	
−0.099

	
(−1.61)

	
−1.083

	
(−1.43)

	
−0.014

	
(−1.10)




	
INVREC

	
−0.906 **

	
(−2.46)

	
−3.945

	
(−0.92)

	
−0.831 ***

	
(−8.24)




	
Loss

	
−0.072 **

	
(−2.19)

	
0.184

	
(0.41)

	
−0.070 ***

	
(−4.98)




	
Year FE

	
Included

	
Included

	
Included




	
Adj. R2

	
0.3708

	
0.3701

	
0.8070




	
N. of obs.

	
42

	
42

	
42








***, **, and * indicate significance at a 1, 5, and 10% level, respectively. Significance was adjusted to be heteroscedasticity consistent.













[image: Table] 





Table 6. The effect of listed countries on operating performance (testing H3).
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Indep. Variable

	
(1) Dep. Variable = ROA

	
(2) Dep. Variable = ATO

	
(3) Dep. Variable = PM




	
Coefficient

	
(t-value)

	
Coefficient

	
(t-value)

	
Coefficient

	
(t-value)






	
Intercept

	
0.937 *

	
(1.98)

	
11.651 **

	
(2.20)

	
0.131

	
(1.35)




	
US-listed

	
0.094 **

	
(2.04)

	
1.457 **

	
(2.61)

	
0.071 ***

	
(3.69)




	
SIZE

	
−0.064 *

	
(−1.94)

	
−0.859 **

	
(−2.41)

	
0.011 **

	
(2.51)




	
LEV

	
−0.305

	
(−1.09)

	
−4.809

	
(−1.42)

	
0.027

	
(0.26)




	
CurRatio

	
−0.135 *

	
(−1.78)

	
−1.820 **

	
(−2.11)

	
−0.020

	
(−0.99)




	
INVREC

	
−0.800 **

	
(−2.42)

	
−2.714

	
(−0.72)

	
−0.704 ***

	
(−5.27)




	
Loss

	
−0.089 ***

	
(−2.83)

	
−0.084

	
(−0.19)

	
−0.084 ***

	
(−4.70)




	
Year FE

	
Included

	
Included

	
Included




	
Adj. R2

	
0.3961

	
0.4309

	
0.6594




	
N. of obs.

	
42

	
42

	
42








***, **, and * indicate significance at a 1, 5, and 10% level, respectively. Significance was adjusted to be heteroscedasticity consistent.
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