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Ordered Search, Intraplatform Competition  

and an Invisible Market Boundary 

——Evidence from Chinese E-commerce Platforms 
 

Abstract: We study the impact of the dispersion of online merchants ranking positions on 

price dispersion of homogeneous merchants using data from three major e-commerce 

platforms in China. The major findings are that. (1) The dispersion of the ranking positions 

of online merchants selling homogeneous commodities weakens market competition and 

intensifies price dispersion. (2) The dispersion of the ranking positions of online merchants 

has a heterogeneous effect on the pricing strategies of them with different ranking positions. 

(3) In addition, under the combined action of online search costs and long-tail effects in 

the e-commerce markets, there is an invisible market boundary in online markets. 
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1. Introduction 

 
Digital platforms have penetrated many aspects of economic activities and brought about 

remarkable changes to some industries. With the increasing advances in network 

technologies, big data resources, and platform business models, the behaviors of digital 

platforms have attracted extensive attention of antitrust authorities. In contrast to one-sided 

markets, there are at least three participants (platforms, merchants, and customers) in two-

sided markets. As an essential component of two-sided markets, digital platforms play a 

role in matching information and internalizing cross-network externalities between the two 

groups of users but do not directly trade with consumers. The essential characteristics of 

two-sided markets and the diversity of platform business models make the judgement of 

platform competition behaviors more complicated. Competition on digital platforms 

normally involves three types of competition at the same time: competition between 

platforms, competition between platforms and merchants, and competition between 

merchants within platforms. The last two types are referred to as “intra-platform 

competition” in this paper and are affected by the information search costs of customers 

and ranking positions of merchants in online markets. 

Although digital technologies reduce the cost of information search and acquisition, 

there is still a high information search costs in online markets. The limitation of consumer 

search (Kim et al., 2010) and the characteristics of ordered search leads to the search costs 

of consumers still playing an important role in online markets. Moraga-González and 

Wildenbeest (2008) used data from computer memory chips and then estimated that the 

search costs of consumers in online markets is approximately 17 cents and that there is 

heterogeneity among different consumers. Moreover, Brynjolfsson et al. (2010) used data 

from books to estimate the cost of online consumers searching to the bottom of one page 

is approximately $6.55. These studies prove that online search costs not only exist but also 

are expensive. Due to digital platforms still have high search costs, so online merchants 

will actively adjust the search costs of different products to interfere with the search 

behaviors of consumers (Petrikaitė, 2018), including interfering with information obtained 

by consumers (Ellison and Ellison, 2009), trying to prevent consumers from further 
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searching for other merchants (Armstrong and Zhou, 2016), or increasing the search costs 

of their own commodities to weaken competition (Wilson, 2010). 

In addition to the conventional competition strategies such as price and product 

differentiation, the competition among ranking positions is also an important competition 

strategy of online merchants. Different from the in-store shopping model in offline markets, 

the “on-screen” display pattern of commodities leads the information that consumers can 

obtain in online markets largely controlled by platforms. Meanwhile, due to the existence 

of search costs in online markets and the characteristics of consumers ordered search, the 

ranking positions of online merchants will have an essential impact on consumers purchase 

decisions and the intraplatform competition. Therefore, the ranking mechanisms of 

platforms are not only a way for platforms to gain profits but also a competition strategy 

between platforms and merchants.  

However, the ranking mechanisms of platforms may also lead to monopoly behaviors 

such as abusing of market dominant position and hindering market competition. In recent 

years, digital platforms using ranking mechanisms to interfere with intra-platform 

competition have also attracted great attention from antitrust authorities in the EU and US. 

For instance, on July 17, 2019, the EU announced a formal antitrust investigation into 

Amazon’s unfair competition behaviors between its self-operated commodities and other 

third-party commodities.1 At the same time, the US Federal Trade Commission was also 

assessing the impact of Amazon’s dual “platform” and “merchants” identities in the field 

of e-commerce on intraplatform competition.2 In addition, Google and Apple also have 

similar behaviors3. It can be seen that these antitrust investigations into digital platforms 

both involve the abuse of platform ranking mechanisms to interfere with intraplatform 

competition.  

In digital platforms, the sales volume of online markets is concentrated on prominent 

merchants, so the competition for prominent ranking positions is crucial for online 

merchants. Moreover, the market power of online merchants is reflected mainly in their 

pricing strategies. A higher degree of intraplatform competition will lead to a lower 

strategic pricing ability of online merchants. Based on the dominant “information 

gatekeeper” position (Baye and Morgan, 2001), platforms can intervene with consumers 

search process through ranking positions (Teh and Wright, 2022). For example, platforms 

can further increase information search costs of online customers by controlling the 

“distance” between merchants with a direct competitive relationship, so as to affecting the 

competition between them. Therefore, the positive feedback loop of sales volume and 

ranking position motivates those platforms more willing to put dominant merchants into 

prominent positions, which resulting in internal asymmetry between merchants with 

differentiated market power. Ellison and Sara (2018) proposed that online markets are 

characterized by endogenous asymmetry. Top-ranked merchants tend to wait for 

 
1 Source:“Antitrust: EC launched a formal investigation against Amazon”: https://ec.europa.eu/commission/pres

scorner/detail/en/IP_19_4291. 
2 Source: “Unions are pushing the FTC to investigate Amazon for anti-competitive practices”: https://www.the

verge.com/2020/2/27/21156844/amazon-unions-petition-ftc-letter-anticompetitive-antitrust-investigation. 
3 On June 21, 2017, the European Commission fined Google 2.42 billion euros for abusing its market power by favoring 

its own comparison-shopping website “Google Shopping” in search ranking (Source: “Antitrust: Commission fines 

Google €2.42 billion for abusing dominance as search engine by giving illegal advantage to its own comparison-shopping 

service”: https://europa.eu/rapid/press-release_IP-17-1784_en.htm). On March 2019, Spotify filed a complaint with the 

European Commission against Apple for unfair competition in the app market (Source: “Apple Pay could face EU 

antitrust investigation”: https://www.cnbc.com/2019/11/07/apple-pay-could-face-eu-antitrust-investigation.html). 
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consumers who have less market information. However, bottom-ranked merchants 

confront consumers with more market information, so they will face more intense market 

competition. As a result, bottom-ranked merchants are more inclined to set a low price 

when they have space for further price reduction. However, top-ranked merchants can not 

only obtain high returns from consumers with high search costs by setting a high price, but 

also can set a low price to prevent consumers from further searching for other merchants. 

Hence, top-ranked merchants have a greater tendency to strategically set prices and a 

stronger ability to control them.  

Previous studies on price dispersion in online markets mainly from the perspectives of 

the number of merchants in online markets (Baye et al., 2004), product differentiation 

(Chiou and Pate, 2010), and the search costs in online markets (Zhou, 2011). The existing 

literatures provide valuable insights for the research of the price dispersion in online 

markets, but there are few studies analyze the price dispersion of online homogeneous 

commodities from the perspective of dispersion of ranking positions. Based on the 

literatures and the characteristics of consumers ordered search, this study aims to analyze 

the price dispersion of online commodities from a micro perspective. We constructed a 

theoretical model and carry out empirical tests on the impact of the dispersion of merchants 

ranking positions on the price dispersion of homogeneous commodities, and further 

analyze the pricing strategies of online merchants with different ranking positions.  

The marginal contributions of this study are as follows. (1) From the research perspective 

of the dispersion of online merchants ranking positions, this paper explores its impact on 

the price dispersion of online homogeneous commodities and the pricing levels of 

merchants with different ranking positions. (2) From the theoretical mechanism, on the 

basis of the established ordered search model, we introduce the dispersion of merchant 

ranking positions and the backtracking costs of consumers to analyze the micro mechanism 

of price dispersion in online markets and different pricing strategies of online merchants. 

(3) From the data sources, this study collected more than 60,000 samples from three major 

e-commerce platforms in China. We verify the effect of ranking positions on intraplatform 

competition, which is embodied in the nonlinear relationship between the pricing strategies 

of merchants with different ranking positions. (4) This study provides a new explanation 

of the “long-tail” effect in online markets from two perspectives. It is found that merchants 

with heterogenous ranking positions confront different consumer groups, so there is an 

“invisible market boundary” in online markets. (5) Based on the heterogeneous results of 

different e-commence platform business models, we find that the hybrid platform gives 

preferential treatment to its own self-operated merchants by dispersing ranking positions. 

This remainder of this paper is structured as follows. Section 2 presents a literature 

review of the relevant research literature. Section 3 constructs a theoretical model and 

propose the research hypothesis. In this section, based on the theory of consumer search, 

we construct a theoretical model to analyze the characteristics of intraplatform competition, 

and analyze the action mechanism of the dispersion of online merchants ranking positions 

on the price dispersion of the homogeneous commodities and their strategic pricing. 

Section 4 explains the data and variables used in the paper and constructs econometric 

models. Section 5 conducts an empirical test to analyze the impact of the degree of 

dispersion of the merchants’ ranking positions on the degree of price dispersion between 

homogeneous merchants. Section 6 is the robustness tests. Section 7 conducts 
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heterogeneity analysis based on the business models of different e-commerce platforms. 

Section 8 summarizes the major findings and sums up the main conclusions of this paper. 

 

2. Literature review 
 

The research questions of this study are those regarding the impact of the dispersion of 

merchants ranking positions on the price dispersion of homogeneous commodities, and the 

impact of the ranking positions on the pricing levels of online merchants. Based on this, 

the literature review of this paper is divided mainly into the following three components. 

The first part focuses on research of the ranking mechanisms of platforms. The second part 

focuses on research of the price dispersion of homogeneous commodities in online markets. 

Based on the reality of online consumers ordered search, the third part focuses on the 

pricing strategies of merchants in online markets. 

 

2.1 Studies on the ranking mechanisms of digital platforms 

 

Although the digital communication technologies have greatly reduced the cost of 

information search, there is still have significant search costs in online markets 

(Brynjolfsson et al., 2010). Due to the existence of search costs, it is impossible for 

consumers to search for all commodities information in online markets. Therefore, the 

channels of consumer information acquisition and information completeness in online 

markets depend on the information provision mechanism of platforms (Baye and Morgan, 

2001). However, when platforms provide consumers with complete information, which 

does not necessarily meet their profit goals because they have the incentive to control users’ 

information to maximize their own benefits (Qu and Liu, 2019).  

The search ranking mechanism is an essential information-providing mechanism of 

digital platforms. Platforms can allocate market resources by assigning online merchants 

different ranking positions and can also intervene with intraplatform competition by 

adjusting the degree of position dispersion of the online merchants who sell homogeneous 

commodities. The large number of diversified commodities on digital platforms enhances 

the dependence of consumers on the information provided by platforms, and the amount of 

information provided to consumers by platforms is also considered a type of proactive 

behavior (Dukes and Liu, 2015, Fradkin, 2015). The aggregation between merchants who 

sell homogeneous commodities increases the probability of consumers searching for direct 

competitors and reduces search and backtracking costs, thus intensifying price competition 

in online markets. In contrast, the dispersion of merchants’ positions increases the search 

costs of consumers and reduces the price information that consumers can obtain, thus 

weakening market competition. It can be found that the dispersion of merchants’ positions 

can weaken market competition on platforms.  

 

2.2 Studies on the price dispersion in online markets 

 

The degree of price dispersion is a common indicator used to measure the intensity of 

market competition. Previous scholars have conducted numerous studies on the 

phenomenon of price dispersion in online markets. Borenstein and Rose (1994), Lewis 

(2008), and Wang (2018) all verified the reverse relationship between the degree of price 



5 

dispersion and the intensity of market competition and found that the fiercer the 

competition between merchants is, the lower the degree of price dispersion. Furthermore, 

empirical research conducted by Ai (2018) and Zhao (2008) on Chinese online markets 

also proved the existence of price dispersion.  

Moreover, previous scholars have conducted numerous studies on the phenomenon of 

price dispersion among online merchants who sell homogeneous commodities. Most 

scholars believe that even in online markets, merchants who sell homogeneous 

commodities still have a relatively significant price dispersion phenomenon. Karen et al. 

(2001), Tang et al. (2010), and Wang and Li (2020) through empirical research found that 

even for highly homogeneous commodity (book), there is still a relatively significant price 

dispersion phenomenon in online markets. However, some research conclusions are 

different from the significant price dispersion phenomenon in online markets that has been 

identified by previous studies. Based on evidence from the eBay retail gift card market, 

Chiou and Pate (2010) found that highly homogeneous commodities had a low degree of 

price dispersion. According to the different views on the price dispersion phenomenon of 

homogeneous commodities in online markets, this study analyzes the impact of the 

dispersion of the ranking positions of online merchants who sell homogeneous 

commodities on their price dispersion. 

 

2.3 Studies on the pricing strategies of online merchants 

 

Previous scholars have also conducted in-depth studies on the strategic pricing of online 

merchants (Granka et al., 2004, Menzio and Trachter, 2015, Ellison and Sara, 2018). Zhou 

(2011) constructed an ordered search model with horizontally differentiated products based 

on the assumption that the search costs of consumers are the same in online markets. It is 

found that price dispersion indeed exists in online market. Moreover, Zhou (2011) also 

found that top-ranked merchants prevent consumers from further searching for the other 

merchants by setting a low commodity price, while bottom-ranked merchants are endowed 

with the ability to set a high price because those consumers who search for these merchants 

have specific preferences for their products. 

In contrast, Arbatskaya (2007) drew different conclusions, proposing that in online 

markets with homogeneous products and the heterogeneity of consumers’ search costs, 

bottom-ranked merchants need to lower their prices to attract consumers to further search 

and purchase from them. Since consumers care only about price, under market equilibrium, 

the price should decline with the rank of commodities; otherwise, no rational consumers 

would have an incentive to sample products in unfavorable positions. 

Nevertheless, the position dispersion of online merchants who sell homogeneous 

commodities has changed the economic environment constructed by Arbatskaya (2007). It 

is essential to consider the backtracking costs of consumers in the condition of the 

dispersion of merchants’ ranking positions. First, there is a distance between merchants, 

and thus, backtracking search incur costs. Second, consumers are forgetful (Chen et al., 

2010, Kutlu, 2015), and the ambiguity of price information leads to incomplete rationality. 

Due to the existence of backtracking costs, the concept of “ordered search” is generated 

again for consumers who choose backtracking, and the pricing power of bottom-ranked 

merchants is correspondingly improved. However, in general, this pricing power is 

available only to those consumers with a demand for backtracking. As ranking positions 
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decreases, the backtracking costs caused by the dispersion of position gradually increases, 

and the price elasticity of consumer demand weakens. In this moment, bottom-ranked 

merchants’ pricing level increases accordingly. 

 

3. Theoretical analysis and research hypotheses 
 

This paper studies the impact of the dispersion of the ranking positions of online merchants 

who sell homogeneous commodities on intraplatform competition and the strategic pricing 

of online merchants with different ranking positions. Based on the research of previous 

scholars, we further construct the relevant theoretical models.  

We assume that there are 𝐽≥2 merchants, indexed by 1,2⋯,𝐽, selling homogeneous 

commodity 𝐴 on a platform. Merchant 1 has a prominent ranking position, appears front 

in consumers search results, and can be found by all consumers. To simplify the analysis 

process of the pricing interaction mechanism between different merchants, we set other 

𝐽−1 merchants to be the same merchant (merchant 2). All merchants differ only in the 

ranking positions of consumer search results. Due to the space limitation of the search 

result pages and the existence of ranking mechanisms lead to the dispersion of ranking 

positions of online merchants who sell the homogeneous commodity. Therefore, we 

assume that the distance between merchant 1 and 2 is 𝛼, which corresponds to the degree 

of dispersion of the online merchants’ ranking positions in the following analysis. The 

prices of merchant 1 and 2 is 𝑝1 and 𝑝2, and the market demands of these two merchants 

are 𝑞1 and 𝑞2 respectively. Moreover, the cost of selling commodities is constant and 

normalized to zero for both merchants. Homogeneous commodity means that there are no 

systematic quality differences among them4.  

In addition, we assume that there are many consumers, we normalize the number of them 

to 1. Each consumer 𝑖 has a unit demand for one product. Consumer 𝑖 will choose only 

to buy one commodity from merchant 1 or 2, and their obtained value from this commodity 

is denoted by 𝑣. We assume that 𝑣 is large enough to ensure that the consumer will 

always choose to purchase it. Meanwhile, these customers following ordered search to 

browse commodities information. Because the search costs of consumers widely exist in 

online markets, so we assume that the basic search costs of consumers is 𝑐𝑖. The 

distribution function of 𝑐𝑖 in [𝑐,𝑐] is 𝐹(𝑐), and 𝐹(𝑐) is monotonically increasing. The 

density function is 𝑓(𝑐), and 𝑓(𝑐)≥0. Since the ranking position of merchant 2 comes 

after that of merchant 1 and the distance between them is 𝛼, so the cost of consumer search 

for merchant 2 is 𝑐𝑖𝛼. The more dispersed merchants’ positions are, the larger the distance 

between different merchants, and the higher consumers search costs.  

Moreover, due to the existence of consumers’ backtracking costs, we assume that the 

basic backtracking costs of consumers is 𝜔𝑖. The distribution function of 𝜔𝑖 in [𝜔,𝜔] 

is 𝐺(𝜔), and 𝐺(𝜔) is monotonically increasing. The density function is 𝑔(𝜔), and 

 
4
 Although there is no systematic difference in the utility levels obtained by online consumers from homogeneous 

commodities. However, there are consumers still have special preferences for them. For example, some consumers have 

a special preference for the color of a washing machine. The basic function, price and version of this washing machine 

are the same, differing only in color. Due to the existence of search costs, most online consumers with no special 

preference for this washing machine will purchase from the prominent merchants, while other consumers with a special 

preference for colors are willing to pay higher search costs to further search, which also endows bottom-ranked merchants 

with a stronger pricing level. 
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𝑔(𝜔)≥0. Given the existence of the distance 𝛼 between different merchants, the 

backtracking costs for consumers from merchant 2 to merchant 1 is 𝜔𝑖𝛼. The dispersion 

of the ranking positions of commodities not only increases the search costs of consumers 

but also improves their backtracking costs. For this reason, we assume that the search and 

backtracking costs of consumers are the two basic prerequisites for decision making when 

purchasing commodities. We also assume that consumers do not consider backtracking 

costs when they search and that search costs are sunk costs when backtracking. 

Furthermore, the basic utility of homogeneous commodity 𝑣 for consumers is same, and 

the heterogeneity among consumers is reflected in differences in search and backtracking 

costs.  

The basic utility brought about by merchant 1 and 2 to consumer 𝑖 is 𝑢𝑖=𝑣−𝑝𝑗, 

where 𝐽=1,2 denote merchant 1 and 2, respectively. Under ordered search, consumers 

always browse the commodity information of merchant 1 first; then, the condition under 

which consumers further search for merchant 2 is as follows: 

 

                              𝑝1−𝑝≥𝑐𝑖𝛼                             (1) 

 

Since consumers ordered search and backtracking are two independent decisions, 

according to the explanation of Armstrong et al. (2009)5 about the stopping point of 

consumer search, 𝑝 denotes consumers’ expected price of the commodity sold by 

merchant 2 prior to searching.  

According to the stopping point of customer search, these consumers can be divided into 

two types: consumers who only search and find merchant 1 (𝑁𝑖=1), and consumers who 

search and find these two merchants at the same time (𝑁𝑖=2). The number of first type 

of consumers (𝑁𝑖=1) is denoted by 𝛿, and the number of second type of consumers (𝑁𝑖=
2) is denoted by 1−𝛿. 

When the difference between the price of merchant 1 and the consumers’ expected price 

of commodity 2 is lower than the cost for consumers to further search for merchant 2, 

consumers will stop further searching and make a purchase from merchant 1. Based on the 

density function of 𝑐𝑖, the number of consumers who search only merchant 1 and then stop 

searching is denoted by 𝛿=1−∫ 𝑓(𝑐)
𝑝1−𝑝

𝛼
𝑐

𝑑𝑐, and 1−𝛿=∫ 𝑓(𝑐)
𝑝1−𝑝

𝛼
𝑐

𝑑𝑐 represents 

the number of consumers who search and find these two merchants at the same time. 

For the consumers who search and find merchant 1 and 2 at the same time, 𝑐𝑖𝛼 is the 

sunk costs, and their purchase decision depends on the actual prices of the two merchants 

and the backtracking costs of these consumers. If 𝑣−𝑝2≥𝑣−𝑝1−𝜔𝑖𝛼, then these 

consumers choose to purchase from merchant 2; otherwise, they backtrack to merchant 1 

to purchase. Based on the density function of 𝜔𝑖, the proportion of these consumers (both 

searching and finding merchant 1 and 2 at the same time) who not backtracking purchase 

from merchant 1 is (1−𝜆)=1−∫ 𝑓(𝜔)
𝑝2−𝑝1
𝜔

𝑑𝜔, and the proportion of these consumers 

who backtracking purchase from merchant 1 is 𝜆=∫ 𝑓(𝜔)
𝑝2−𝑝1
𝜔

𝑑𝜔.  

Therefore, the demand functions of merchant 1 and 2 can be obtained as follows: 

 
5 This paper refers to the construction of a consumer search behavior model by Armstrong et al. (2009), but we consider 

and introduce the dispersion of online merchant positions and backtracking costs of consumers; thus, we have different 

settings in terms of the pricing behavior decisions of online merchants.  
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                          𝑞1=𝛿+(1−𝛿)𝜆                            (2) 

 

                          𝑞2=(1−𝛿)(1−𝜆)                          (3) 

 

Where 𝛿=1−∫ 𝑓(𝑐)
𝑝1−𝑝

𝛼
𝑐

𝑑𝑐 represents the number of consumers who immediately 

make a purchase decision when they first search for merchant 1 then stop, which is the 

number of immediate purchases. 𝜆=(∫ 𝑓(𝜔)
𝑝2−𝑝1
𝛼

𝜔
𝑑𝜔) represents the proportion of 

backtracking purchased consumers after searching and finding merchant 2.(1−𝛿)𝜆=

[(∫ 𝑓(𝑐)
𝑝1−𝑝

𝛼
𝑐

𝑑𝑐)(∫ 𝑓(𝜔)
𝑝2−𝑝1
𝛼

𝜔
𝑑𝜔)] represents the number of consumers who make 

backtracking purchases from merchant 1 after they have searched bottom-ranked 

merchants (merchant 1 and merchant 2), which is the number of backtracking purchased 

customers. Therefore, the sum of immediate purchases (𝛿=1−∫ 𝑓(𝑐)
𝑝1−𝑝

𝛼
𝑐

𝑑𝑐) and 

backtracking purchases ((1−𝛿)𝜆=[(∫ 𝑓(𝑐)
𝑝1−𝑝

𝛼
𝑐

𝑑𝑐)(∫ 𝑓(𝜔)
𝑝2−𝑝1
𝛼

𝜔
𝑑𝜔)]) constitutes the 

total quantity (𝑞1) of commodities purchased by consumers from merchant 1. Moreover, 

(1−𝛿)(1−𝜆) denotes the number of consumers who purchase from merchant 2 when 

they search and find merchant 1 and 2 at the same time, that is, the total quantity (𝑞2) of 

purchased commodities by consumers from merchant 2.  

We focus on the relationship between the distance 𝛼 among different ranked merchants 

and their pricing strategies. Firstly, we analyze the relationship between 𝛼 and the market 

demands of merchants and estimate the marginal effect of 𝛼 with respect to 𝑞1 and 𝑞2, 
respectively.  

 

                      
𝜕𝑞1

𝜕𝛼
=
𝜕𝛿

𝜕𝛼
+𝜆

𝜕(1−𝛿)

𝜕𝛼
+(1−𝛿)

𝜕𝜆

𝜕𝛼
                     (4) 

 
𝜕𝑞2

𝜕𝛼
=(1−𝛿)

𝜕(1−𝛿)

𝜕𝛼
+(1−𝛿)

𝜕(1−𝜆)

𝜕𝛼
                 (5) 

 

In equation (4), 
𝜕𝛿

𝜕𝛼
 is positive, 

𝜕(1−𝛿)

𝜕𝛼
 and 

𝜕𝜆

𝜕𝛼
 is negative. In equation (5), 

𝜕(1−𝛿)

𝜕𝛼
 is 

negative, and 
𝜕(1−𝜆)

𝜕𝛼
 is positive. It can be seen that the greater the distance between 

merchant 1 and 2 is, the greater the number of immediate purchases of consumers from 

merchant 1, but the fewer proportion of consumers making backtracking purchases. 

Moreover, the greater the distance between merchant 1 and 2 is, the greater the total number 

of purchased commodities from merchant 2 by consumers who searched all merchants. 

Then, we further analyze the pricing strategies of merchant 1 and 2 and calculate the 

marginal utilities of 𝑝1 and 𝑝2 for 𝑞1 and 𝑞2, respectively.  

 
𝜕𝑞1

𝜕𝑝1
=
𝜕𝛿

𝜕𝑝1
+𝜆

𝜕(1−𝛿)

𝜕𝑝1
+(1−𝛿)

𝜕𝜆

𝜕𝑝1
                   (6) 
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𝜕𝑞2

𝜕𝑝2
=(1−𝛿)

𝜕(1−𝜆)

𝜕𝑝2
                              (7) 

 

The impact of merchant 1’s pricing on demand has two effects. The first effect is the search 

blocking effect, the prominent merchants achieve this purpose by setting a lower price, 

which can increase the number of customers belong to 𝑁𝑖=1, and decrease the number 

of customers belong to 𝑁𝑖=2 , so as to prevent consumers from further searching for 

merchant 2. The second effect is the competition effect between merchants, which 

competes for consumers who search and find both merchants at the same time (𝑁𝑖=2). In 

this case, the prominent merchants through set a lower price to increase the backtracking 

proportion of customers belong to 𝑁𝑖=2 . Notice that 
𝜕𝛿

𝜕𝑝1
+𝜆

𝜕(1−𝛿)

𝜕𝑝1
  is the search 

blocking effect, (1−𝛿)
𝜕𝜆

𝜕𝑝1
  and (1−𝛿)

𝜕(1−𝜆)

𝜕𝑝2
  are the competition effects between 

online merchants with different ranking positions. Compared with that of merchant 1, the 

pricing of merchant 2 cannot affect the choice of consumers belong to 𝑁𝑖=1, but it can 

affect the choice of consumers who search and find both merchants at the same time (𝑁𝑖=
2).  

When 𝛼 becomes larger, it is easier for merchant 1 to conduct search blocking and more 

difficult for merchant 2 to influence consumers’ choice. In this case, merchant 1’s search 

blocking motive dominates, and thus, it tends to lower its price; that is, the greater the 

distance between merchants is, the lower the pricing level of merchant 1 with prominent 

ranking position, 
𝜕𝑝1

𝜕𝛼
<0. However, due to the existence of backtracking costs, merchant 

2 is endowed with remarkable pricing power. It is observed that the greater the distance 

between merchants is, the higher the backtracking costs for consumers, and the higher the 

pricing level of merchant 2, 
𝜕𝑝2

𝜕𝛼
>0. The economic intuition behind these results is that 

the merchants with prominent ranking positions who have been discovered first by 

consumers crowd out the merchants who have been discovered later through the search 

blocking effect of price reduction (Menzio and Trachter, 2015), and this effect is significant 

when merchants’ positions are more dispersed. Moreover, the dispersion of merchants’ 

positions enhances the pricing power of merchants who have been discovered later by 

consumers, possibly because the distance between merchants increases the backtracking 

costs of consumers, thus enhancing their pricing power.  

If the merchants are completely symmetric and consumers random search, then the 

market equilibrium of the pricing of merchant 1 and 2 is 𝑝1=𝑝2=𝑝 (Diamond (1971)). 

In contrast, in the consumer ordered search, merchant 1 who is discovered first by 

consumers will set a low price to attract more consumers due to the search blocking 

motivation, while merchant 2 who is discovered later by consumers will intensify its price 

strategically based on the waiting motivation. Furthermore, the dispersion of merchants’ 

ranking positions will expand their strategic behaviors ( 
𝜕𝑝1

𝜕𝛼
<0 and 

𝜕𝑝2

𝜕𝛼
>0). We further 

analyze the price difference between the two merchants, denoted by ∆=𝑝1−𝑝2, and can 

prove that 
𝜕(∆)

𝜕𝛼
>0 . That is, the distance between merchants who sell homogenous 

commodities will increase the strategic pricing power of merchants with different ranking 

positions, exacerbate the degree of asymmetry between different merchants, and then 

increase their degree of price dispersion. 
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Based on the above theoretical analysis, we propose the following research hypotheses: 

Hypothesis 1: The dispersion of the ranking positions of merchants who sell 

homogenous commodities has a positive effect on the price dispersion of these 

commodities.  

Hypothesis 2: The more dispersed of the ranking positions of merchants who sell 

homogenous commodities, the lower the pricing level of top-ranked merchants and the 

higher pricing level of bottom-ranked merchants.  

 

4. Research design 
 

4.1 Data description and sample selection 

 

We collected data from the search results of JD, Taobao and Tmall, which are the three 

largest e-commerce platforms in China. The specific data acquisition and processing 

approach was as follows: 

 

(1) Data collection process. In our data collection process, each user’s ID for data 

collection was newly registered. Before logging into the webpage, we eliminated the 

history and cookie records of web browser every day to ensure that the collected results 

of commodity information did not contain personalized information. 

(2) Selection of search keywords. The next step is to select the relevant search keywords. 

This paper studies the price dispersion of homogeneous commodities. For the definition 

of the homogeneous commodities means that commodities with the same category, 

brand, version, and configuration. Different series of commodities of the same brand 

and different configurations of the same series are treated as different commodities in 

our paper. For instance, when a consumer searches for “Air-conditioner GREE”, only 

the same SPU commodities sold by different merchants (GREE air conditioner 7 series 

sold by merchant A and B) are treated as homogeneous. Different SPU commodities 

sold by different merchants (GREE air conditioner 7 series sold by merchant A and 

GREE air conditioner 10 series sold by merchant B) are treated as different 

commodities in our paper. According to above definition, we chose highly standardized 

commodities like washing machine, flat panel TVs and air conditioners as the research 

objects and took commodity categories as the first step of the search keywords. At the 

same time, because the brands of commodities affect consumers’ purchase choices, we 

further controlled the brands of commodities in the search keywords. According to the 

well-known brands of each category of commodities, GREE (international household 

electrical appliances brand), Haier (large global household electrical appliances brand) 

and other brands were selected as the second step of the search keywords. 

(3) Determination of acquisition data and time. In this stage, we entered the search 

keywords “category and brand” into the search bar6. For example, searching for “GREE 

air conditioning” to obtains the search results and collected data according to the 

ranking positions of commodities. The collected commodity information includes 

commodities’ name, price, sales volume, number of comments, ranking position, pages 

of commodities, store type and other elements. We attempted to analyze the pricing 

 
6 Search keywords are as follows: “Air-conditioner GREE”, “Air-conditioner Haier”, “Flat screen TV Hisense”, “Flat 

screen TV SONY”, “Flat screen TV SAMSUNG”, “Washing machine Haier”, and “Washing machine Midea”. 
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strategies of online merchants. The concentrated promotional activities “Double 11” on 

e-commence platforms can best reflect the strategic behaviors of online merchants, 

which provide a suitable time point; thus, we choose this period as the sample period 

in this paper. According to the relevant data, the transaction volume of Tmall and JD 

accounted for 0.98% of the total annual retail sales of consumer commodities only on 

the promotional activity day of “Double 11” in 2018.7 On “Double 11” in 2019, the 

number of online consumers on all e-commence platforms reached 660 million, and 

household electrical appliances were the hot category during the promotion period. 

Therefore, November 7 to 25, 2017, was used as the data collection period. 

(4) Raw data processing. First, we extracted the different versions of the commodity 

according to its name, subsequently coding and matching the same commodity version, 

and deleted the commodities with missing data. Second, to confirm the correctness of 

the same commodity version, we took the average price of the same commodity version 

on an e-commerce platform as the reference price. Then, we calculated the difference 

between the commodity and reference priced of the same commodity version and 

winsorized these results by the 1st and 99th percentile. Moreover, we took the average 

price of the commodity in the sample period as the benchmark, calculated the change 

ratio of the commodity price relative to that of the benchmark price, and winsorized the 

1st and 99th percentile of this results. Third, we extracted the commodity versions sold 

by these three e-commerce platforms as the research objects of this paper. Finally, a 

total of 66,067 unbalanced panel data were obtained. 

 

4.2 Econometric models 

 

To verify the relationship between the dispersion of ranking positions of online merchants 

on the price dispersion of homogeneous commodities on e-commerce platforms, we 

constructed the following econometric model: 

 

      
0 1

_ _
vt vt vt t vtv mCV ucv p loca dispera a b l w e= + + + + ++                   (1) 

 

where v  denotes the commodity versions and t  denotes the time (date). The dependent 

variable _ vtcv p   denotes the coefficient of price variation among merchants, which 

reflects the degree of price dispersion. _ vtloca disper  denotes the degree of dispersion of 

the ranking positions of the homogeneous commodity in the search results. We define it 

from two levels: the first level is the coefficient of the variation in the ranking positions of 

merchants who sell the same commodity versions ( _ vtcv rank ), and the second level is the 

coefficient of the variation in search pages of merchants who sell the same commodity 

versions ( _ vtcv page  ). If 1a   is significantly positive, it means that the degree of 

dispersion of merchants’ ranking positions has a positive impact on the degree of price 

dispersion, thus proving hypothesis 1. Furthermore, 𝑐𝑣𝑣𝑡  denotes the control variables, 

including the number of merchants who sell the same commodity versions, the price of the 

same commodity versions, the sales volume of the same commodity versions, the sales 

volume proportion of flagship stores, the sales volume proportion of self-operated stores 

 
7 Data source: Data Analysis Report of 2019 Double 11 Insight (Source: http://www.100ec.cn/zt/2019s11dcbg/). 
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and the sales concentration. Then, we also control for time fixed effects ( tl), fixed effects 

of commodity versions ( vu ) and fixed effects of platforms ( mw ). vte  is the random error 

term. 

Moreover, we further analyzed the impact of the degree of dispersion of online 

merchants’ ranking positions on their pricing strategies and constructed the following 

econometric model: 

 

0 21

3

    _ _ _
it vt

t vt

vt it

it b mCV u

p prem loca disper loca disper postion

postion

a a a

b w l ea

= +

+ + + +

+ ³ +

+
              (2) 

 

In econometric model (2), i  denotes commodities, and _ itp prem  denotes the premium 

level of merchants’ pricing, which reflects the price level of this commodity. The 

independent variable _ vtloca disper   contains two indicators, _ vtcv rank   and 

_ vtcv page  . In addition, itposition   denotes the ranking positions of homogeneous 

commodities ( i ) in the search result list. bu  denotes brand fixed effects. Furthermore, the 

control variables in this model include the sales level of online merchants, the store type 

of online merchants, the sales proportion of flagship stores, the sales proportion of self-

operated stores, and the sales concentration. 

 

4.3 Variable descriptions 

 

4.3.1 Dependent variables 

 

The explained variable in econometric model (1) is the price variation coefficient (cv_p) of 

the same commodity version sold by different online merchants. The absolute price 

differences in different commodity versions in these three commodity categories vary 

greatly. Therefore, using the coefficient of variation to measure the degree of price 

dispersion can effectively control the impact of the absolute price level.  
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The construction method of this indicator is as described above, where m   denotes a 

platform, v   denotes a commodity version corresponding to a commodity category, i  

denotes the online merchants who sell the v  commodity version, and 𝑡 denote the date.  

The explained variable in econometric model (2) is the pricing level of online merchants 

(p_prem). To control the impact of different categories, brands, and versions of commodities 

on the pricing level, we standardize the commodity prices.  
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Specifically, p_prem denotes the difference between the commodity price and the average 

price of this commodity version; the larger the value of p_prem is, the higher the merchants’ 

pricing. Figure 1 shows the proportion of all commodities with no price change compared 

with those on the previous day. On “Double 11”8 shopping carnival and “Double 12”9 

shopping carnival, the proportion of the price change in online commodities compared with 

that on the previous day is large, but that on other days are relatively stable. 

 

 
Figure 1: Proportion of commodities with no price change compared to that on the previous day. 

 

Based on this, we used the mean value of the price of all dates except November 11 and 

November 12 in the sample period as the reference price of the same commodity versions. 

Then, we used the relative difference between the daily and the reference prices to reflect 

the pricing level of the commodity. If the difference of these two prices is large, then it 

indicates that the merchants’ pricing is higher than the reference price. 
 

4.3.2 Independent variables 

 

According to the setting of econometric model (1), we used the degree of dispersion of the 

ranking positions of merchants who sell the same commodity versions (cv_rank) and the 

degree of dispersion of the search pages of merchants who sell the same commodity 

 
8
 “Double 11” (November 11 each year) is the largest e-commerce promotional festival in China. 

9 “Double 12” (December 12 each year) is another large e-commerce promotional festival in China. 
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versions (cv_page) to measure the degree of dispersion of the homogeneous commodities 

in the search results. 

The construction formula for the degree of dispersion of homogeneous commodities in 

the search ranking positions is as follows: 
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The construction formula of the degree of dispersion of homogeneous commodities on the 

search pages is as follows: 
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In econometric model (2), the core explanatory variable is the interaction term 

( _ vt itpres disper postion³  ) between the degree of dispersion of merchants’ ranking 

positions and the ranking positions of merchants. itpostion  denotes the ranking positions 

of merchants who sell the homogeneous commodity. The smaller the value is, the more 

prominent positions the online merchants. Moreover, the definition of 𝑝𝑎𝑔𝑒𝑚,𝑣,𝑖,𝑡   is a 

single merchant who sells the same version of the product on the search results page. 

 

4.3.3 Control variables 

 

The control variables in econometric model (1) are shown below. 

In model (1), the impact of the commodity version on price dispersion needs to be 

controlled. One of our research objectives is to prove the dispersion of online merchants 

who sell the homogeneous commodities affect intraplatform competition. Obviously, 

intraplatform competition may be affected by multi factors. Therefore, we selected the 

following control variables related to market structure to control the influence of these 

factors to intraplatform competition.  

 

(1) Number of merchants who sell homogeneous commodity (num_version). The number of 

merchants is a direct factor affecting market competition degree. Baye et al. (2004) also 

used the number of merchants to reflect market structure and examined its relationship 

with price dispersion. 

(2) Sales proportion of flagship stores (per_q_fs). In the “online marketplace” model of e-

commerce platforms, flagship stores are the directly subordinate stores of brand 

enterprises. Compared with other store types, flagship stores have stronger negotiation 

and bidding ability when confronted with platforms. Meanwhile, the sales volume is 

more concentrated in flagship stores, which reflects the stronger competitive advantage 
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of them and the lower degree of intraplatform competition. 

(3) Sales proportion of self-operated stores (per_q_sr). “Hybrid” e-commence platforms 

have the dual identities of being “information gatekeepers” and being “online 

merchants”. They can manipulate the sales volume of their self-operated commodities. 

Obviously, the sales volume is also concentrated in self-operated stores, which reflects 

the market power of “Hybrid” platforms.  

(4) Market concentration (HHI). Market concentration is the main indicator reflecting the 

degree of market competition. In e-commerce platforms, the sales volume is more 

concentrated in prominent merchants, which weakens the degree of intraplatform 

competition. 

 

The above control variables are related mainly to the market structure factors of intra-

platform competition. In addition, the factors of commodity itself also have a correlation 

with the price dispersion of homogeneous commodities. According to the characteristics of 

homogeneous commodities, we selected the following control variables: 

 

(1) Price level of the homogeneous commodity (p_level_version). Theoretically, the price 

adjustment space of high-priced commodities is relatively large, and the degree of price 

dispersion is also higher. 

(2) Sales volume level of the homogeneous commodity (q_level_version). The high sales 

volume of the same commodity version reflects this is a “popular” commodity, so the 

competition degree between merchants who sell this commodity is more intense. 

Consequently, the degree of price dispersion of this commodity is relatively low. 

 

The control variables involved in econometric model (2) are shown below. 

This study analyzes the decision-making process of online merchants pricing, so it is 

necessary to control the factors of market competition at the merchant and commodity 

version levels at the same time. 

 

(1) Sales volume level of online merchants (lnq). The sales volume of online merchants 

directly reflects market demand information, and market demand is the main factor 

affecting merchants’ strategic pricing. 

(2) Store type of online merchants. According to market power, the dummy variables are 

constructed based on store type, including flagship stores (flag_ship), self-operated 

stores (self_run) and small stores (small_store). The first store type in our study is 

“flagship” stores. Under the online marketplace e-commerce model, flagship stores are 

directly owned by brand enterprises. Compared with other types of stores, flagship 

stores have stronger negotiation ability with platforms, stronger bidding and promotion 

ability, and stronger market power. The second store type in our research is “self-

operated” stores. As an important component of “hybrid” e-commerce platforms, “self-

operated” stores receive favorable treatment, including flows support and priority 

ranking from “hybrid” platforms; thus, sales volume is more concentrated in such stores, 

which also become an important embodiment of the market power of “hybrid” e-

commerce platforms. Based on the market power of merchants on e-commerce 

platforms, “flagship” stores can reflect merchants with significant market power on 

“online marketplace” e-commerce platforms (Taobao and Tmall). “Self-operated” 
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stores can reflect merchants with significant market power on “hybrid” e-commerce 

platform (JD). In addition, the last merchant type in our study is “small” stores, which 

refers to those merchants other than “self-owned” stores and “flagship” stores. Flagship 

and self-operated stores may set relatively high prices due to their prominent positions 

and the flow support provided to them by platforms, while small stores may need to 

compete at low prices.  

(3) Competition degree at the commodity version level. Market competition is an 

important factor in determining the strategic pricing ability of online merchants. 

Therefore, we selected the sales volume proportion of flagship stores (per_q_fs), the 

sales volume proportion of self-operated stores (per_q_sr) and the market concentration 

(HHI) as the control variables at the commodity version level.  
 

The descriptive statistics of the main variables in this paper are shown in Table 1. 

 
Table 1: Descriptive Statistics 

Variable Definition Size Mean SD Min Max 

cv_p Coefficient of price variation 66,067 0.048 0.042 0.000 0.317 

p_prem Price level 66,067 -0.001 0.073 -0.575 0.423 

cv_rank Coefficient of rank variation 66,067 0.524 0.250 0.001 1.956 

cv_page Coefficient of page variation 66,067 0.450 0.205 0.000 1.467 

position Ranking positions of commodities 66,067 6.450 5.927 1.000 72.000 

num_version Number of merchants 66,067 11.900 8.381 2.000 72.000 

p_level_version Price level of versions 66,067 0.165 0.177 0.012 1.465 

q_level_version Sales volume level of versions 66,067 0.026 0.630 0.000 28.018 

per_q_fs Sales of flagship stores 64,598 0.251 0.308 0.000 1.000 

per_q_sr Sales of self-operated stores 64,598 0.038 0.186 0.000 1.000 

HHI Market concentration 66,067 0.490 0.269 0.000 1.000 

lnq Sales volume of commodities 66,067 1.712 1.847 0.000 11.373 

self_run Self-operated stores 66,067 0.008 0.089 0.000 1.000 

flag_ship Flagship stores 66,067 0.109 0.311 0.000 1.000 

small_store Small stores 66,067 0.163 0.370 0.000 1.000 

 

5. Empirical analysis 

 
Before the regression testing of model (1) and (2), we first test whether a fixed effects 

model should be used, with the test result strongly rejecting the original hypothesis of the 

existence of random effects; thus, a fixed effects model should be used. Second, we test the 

joint significance of the time dummy variables, and the result indicate that the model should 

include time effects. Therefore, we add a time fixed effects to the fixed effects model to 

form a two-way fixed effects model. 

 
5.1 Benchmark regression results analysis 

 

5.1.1 Benchmark regression 1 
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Table 2 shows the regression results of the econometric model constructed based on model 

(1). Columns (1) and (2) reflect the impact of the dispersion of the ranking positions of 

online merchants on the price dispersion of homogeneous commodities; it is found that the 

regression coefficient is significantly positive at the level of 1%. Column (1) shows that 

the greater the degree of dispersion of online merchants who sell homogeneous 

commodities is, the higher the degree of price dispersion of homogeneous commodities, 

and the lower the degree of intraplatform competition. After adding relevant control 

variables in column (2), the basic regression results are still robust. Columns (3) and (4) 

reflect the impact of the degree of dispersion of homogenous commodities on the different 

search pages on their degree of price dispersion. The regression results of Column (3) show 

that the regression coefficient is 0.017 and significant at the level of 1%, which is greater 

than the regression coefficient (0.012) in column (1), showing that the dispersion of online 

merchants who sell homogeneous commodities on search pages will lead to a greater price 

dispersion. In addition, the degree of dispersion of homogenous commodities on the 

different search pages results in a higher search cost than that of the degree of dispersion 

of in the different ranking positions, which reduces the information available to consumers, 

and causes a stronger weakening effect of intraplatform competition. After adding relevant 

control variables in column (4), the basic regression results are still robust. The regression 

results of Table 2 validate the H1.  

 
Table 2: Benchmark Regression (1) 

 (1) (2) (3) (4) 

Variable cv_p cv_p cv_p cv_p 

cv_rank    0.012***   0.010**   

 (0.004)  (0.004)   

cv_page      0.017***    0.015*** 

    (0.004) (0.004) 

num_version  0.001  4.743 

  (0.000)  (0.000) 

p_level_version    -0.090***    -0.088*** 

  (0.018)  (0.018) 

q_level_version   -0.002**   -0.002** 

  (0.001)  (0.001) 

per_q_fs  0.003  0.003 

  (0.004)  (0.004) 

per_q_sr     0.020***     0.021*** 

  (0.008)  (0.008) 

HHI  -0.005  -0.006 

  (0.004)  (0.004) 

Commodity fixed effects Yes Yes Yes Yes 

Platform fixed effects Yes Yes Yes Yes 

Time fixed effects Yes Yes Yes Yes 

Constant   0.030***    0.154***    0.029***    0.150*** 
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 (0.004) (0.025) (0.004)  (0.025) 

Observations 66,067  64,598  66,067  64,598 

R2 0.582 0.595 0.584 0.597 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

The regression results of the relevant control variables show that the regression 

coefficient of the number of merchants on the degree of price dispersion between 

homogenous merchants is positive but not significant. The presence of numerous 

merchants will lead to fiercer competition among homogenous merchants, but if the 

distribution of merchants is dispersed, then market competition will be weakened. In 

addition, we also find that commodities with higher price levels will lead to a lower degree 

of price dispersion, and commodities with higher sales volume levels will also lead to a 

lower degree of price dispersion. The economic reason behind this is that the sales volume 

level can reflect the purchase frequency of consumers. A higher purchase frequency means 

that more information is acquired by consumers, and thus, the strategic pricing ability of 

merchants is weaker, and the degree of price dispersion is lower. Furthermore, the 

regression coefficient of the sales volume of flagship stores is positive but not significant. 

The coefficient of the sales volume of self-operated stores is significantly positive, which 

indicates that a larger proportion of sales volume of self-operated stores will lead to a 

higher degree of price dispersion. The reason for this may be the strong pricing power of 

self-operated stores compared with that of other store types. Moreover, the coefficient of 

the market concentration (HHI) is negative but not significant, perhaps because of the 

impact of commodities with zero sales volume.  

 

5.1.2 Benchmark regression 2 

 

According to the results of benchmark regression (1), this study finds that the degree of 

dispersion of online merchants who sell the homogeneous commodities has a significantly 

positive correlation with their degree of price dispersion. Based on the characteristics of 

consumer ordered search, we further consider that when the overall ranking of a 

commodity version is prominent,10  consumers can obtain more information about this 

commodity, which will enhance the degree of intraplatform competition of homogeneous 

commodities, thus reducing the degree of price dispersion. In fact, the impact of the 

dispersion of online merchants on the price dispersion of homogeneous commodities may 

be affected by the moderation effect of the overall ranking positions of merchants. Based 

on the above analysis, we construct two variables to measure whether the ranking positions 

of a certain commodity version is overall prominent in the search results. 

This study builds a dummy variable denoted by front to measure whether a commodity 

version is overall prominent in the search results. The construction method11  of this 

 
10 It may be true that the same commodity versions are promotional or popular commodities, and thus, the overall ranking 

positions of merchants who sell this commodity are higher. 
11 The construction method for 𝑓𝑟𝑜𝑛𝑡_𝑝𝑎𝑔𝑒𝑚,𝑣,𝑖,𝑡 is the same as that for 𝑓𝑟𝑜𝑛𝑡𝑚,𝑣,𝑖,𝑡, and the construction method for 

𝑠𝑞𝑢_𝑝𝑎𝑔𝑒_𝑣𝑒𝑟𝑠𝑚,𝑣,𝑡 is the same as that for 𝑠𝑞𝑢_𝑣𝑒𝑟𝑠𝑚,𝑣,𝑡. The detailed construction methods of these two indicators 

are as follows: 
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indicator is as follows: 
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We measure the overall ranking positions of a certain commodity version by the average 

ranking positions of all commodity versions. If the mean value of the overall ranking 

positions of a certain commodity version is larger relative to all commodity versions, then 

the front is 1; otherwise, it is 0. By constructing the interaction terms between front and the 

degree of dispersion of merchants, we analyze the moderation effect of the overall ranking 

positions of merchants. 

Then, we construct the variable squ_vers to measure the display order of a commodity 

version. The construction method is as follows: 
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The overall display order of the commodity versions is constructed in the same way as front. 

If squ_vers is smaller, then it indicates that the overall display order of this commodity 

version is prominent. In addition, we construct interaction terms to analyze the moderation 

effect. The regression results are shown in Table 3. 

 
Table 3: Benchmark Regression (2) 

 (1) (2) (3) (4) 

Variable cv_p cv_p cv_p cv_p 

cv_rank    0.016***   0.009**   

 (0.005) (0.004)   

cv_rank*front  -0.006**    

 (0.003)    

cv_rank*squ_vers    2.820**   

  (1.150)   

cv_page      0.020***    0.013*** 
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   (0.005) (0.004) 

cv_page*front_page    -0.006**  

   (0.003)  

cv_page*squ_page_vers     2.251* 

    (1.192) 

num_version 0.001 5.880 5.663 1.410 

 (0.000) (0.000) (0.000) (0.000) 

p_level_version   -0.089***   -0.087***   -0.087***   -0.086*** 

 (0.018) (0.018) (0.018) (0.018) 

q_level_version  -0.002**   -0.002*** -0.002*  -0.002** 

 (0.001) (0.001) (0.001) (0.001) 

per_q_fs 0.003 0.002 0.003 0.002 

 (0.004) (0.004) (0.004) (0.004) 

per_q_sr    0.020***    0.021***    0.021***    0.021*** 

 (0.008) (0.008) (0.008) (0.007) 

HHI -0.006 -0.005 -0.006 -0.005 

 (0.004) (0.004) (0.004) (0.004) 

Commodity fixed effects Yes Yes Yes Yes 

Platform fixed effects Yes Yes Yes Yes 

Time fixed effects Yes Yes Yes Yes 

Constant    0.152***    0.151***    0.149***    0.148*** 

 (0.025) (0.025) (0.025) (0.025) 

Observations  64,598  64,598  64,598  64,598 

R2 0.600 0.600 0.600 0.600 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

The regression coefficients of the interaction terms in columns (1) and (3) are 

significantly negative, it indicates that if a commodity version is overall prominent in the 

search results, which has a negative moderation effect on the impact of the dispersion of 

merchants’ ranking positions on the price dispersion of homogeneous commodities. 

Specifically, if a commodity version is overall prominent in the search results, which will 

reduce the impact of the dispersion of merchants’ ranking positions on the price dispersion 

of homogeneous commodities and increase the degree of intraplatform competition 

intensity. Moreover, the regression coefficients of the interaction terms in columns (2) and 

(4) are significantly positive, if a commodity version is overall at the bottom of the search 

results, which will increase the impact of the dispersion of merchants’ ranking positions on 

the price dispersion of homogeneous commodities. 

 

5.2 Merchants’ pricing strategy analysis 

 

5.2.1 The dispersion of merchants’ ranking positions and their pricing strategies 

 

This study analyzes the micro mechanism of price dispersion if there are dispersed 
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positions of homogeneous merchants and investigates its impact on the pricing strategies 

of merchants with different ranking positions. Based on this, we build econometric model 

(2) to analyze the pricing behaviors of online merchants with different ranking positions, 

and added brand, platform, and time fixed effects to the regression. The regression results 

are shown in Table 4. 

 
Table 4: Merchants’ Pricing Behaviors  

 (1) (2) (3) 

Variable p_prem p_prem p_prem 

cv_rank   -0.011***   -0.020***   -0.015*** 

 (0.004) (0.005) (0.005) 

cv_rank*position     0.002***   0.002*** 

   (0.001) (0.001) 

position   -0.001*   -0.001*** 

   (0.000) (0.000) 

lnq     -0.004*** 

   (0.001) 

per_q_fs      0.009*** 

   (0.003) 

per_q_sr   -0.012* 

   (0.006) 

HHI   -0.003 

   (0.004) 

self_run      0.058*** 

   (0.014) 

flag_ship      0.023*** 

   (0.003) 

small_store     -0.092*** 

   (0.005) 

Brand fixed effects Yes Yes Yes 

Platform fixed effects Yes Yes Yes 

Time fixed effects Yes Yes Yes 

Constant    0.026***    0.032***    0.046*** 

 (0.004) (0.005) (0.005) 

Observations  66,067  66,067  64,598 

R2 0.091 0.093 0.263 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

Column (1) reports the impact of the degree of dispersion of the ranking positions of 

online merchants who sell homogeneous commodities on their pricing levels. The 

regression coefficient of cv_rank is significantly negative at the level of 1%. Without 

consider the display order of online merchants, the more dispersed the online merchants 

who sell homogeneous commodity is, the lower their pricing levels. However, this result 
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is seeming counterintuitive. The more dispersed the online merchants who sell 

homogeneous commodity is, the lower the degree of competition on a platform, and 

merchants are supposed to have a higher pricing level. The reason for this is perhaps that 

the degree of dispersion of merchants who sell homogeneous commodities has 

heterogeneity effects on these merchants with different ranking positions.  

To further explore the heterogeneity effects on merchants with different ranking 

positions, we add the interaction terms to analyze their different pricing behaviors. In 

column (2), we use the interaction terms of the degree of dispersion of the ranking positions 

of merchants who sell homogeneous commodity and their ranking positions. The results 

show that the regression coefficient is 0.002 at the significance level of 1%. It can be found 

that the more prominent of the online merchants who sell the homogeneous commodity is, 

the more dispersed the homogenous commodity, and the lower pricing levels of them. 

When the ranking positions of online merchants who sell homogeneous commodity are 

greater than 10 ( 0.0204 0.00206 10 0- + ³ >), the more dispersed the commodity, the higher 

the pricing levels. Moreover, the greater the degree of dispersion of the ranking positions 

of homogeneous commodity is, the stronger the strategic pricing ability of merchants with 

different ranking positions, and the higher the degree of price dispersion.  

From the above results, it can be found that the impact of the dispersion of the ranking 

positions of online merchants who sell homogeneous commodity on their pricing levels 

has obvious heterogeneity. The economic intuition behind it is that, for the merchants with 

prominent ranking positions, they have a significant pricing advantage stem from 

consumers ordered search and the search costs in online markets. Consumers with higher 

search costs will give priority to purchasing from the top-ranked merchants when they 

ordered search. In addition, to prevent consumers from further searching for other 

merchants, top-ranked merchants tend to set low prices to attract those consumers who 

have high search costs and no special preference for homogeneous commodities. Therefore, 

top-ranked merchants have a strong search blocking motivation. Moreover, due to the 

impact of consumers search costs and the search blocking motivation of top-ranked 

merchants, the greater the dispersion of the ranking positions of online merchants who sell 

homogenous commodities, the greater the probability that top-ranked merchants are 

inclined to set a low price to prevent consumers from further searching.  

For bottom-ranked merchants, because of the existence of consumers backtracking costs 

and the influence of the long-tail effect of online markets, the degree of dispersion of the 

ranking positions of online merchant has a positive effect on their pricing. First, the 

existence of the long-tail effect has an important impact on bottom-ranked merchants in e-

commerce markets. For consumers who still search and find bottom-ranked merchants, 

even though there are significant search costs in e-commerce markets, this indicates that 

these consumers have relatively low search costs, and that the commodities sold by top-

ranked merchants cannot meet their demand preference. In contrast, these consumers have 

special preferences for those commodities sold by bottom-ranked merchants. For example, 

some customers have special preferences for a color of homogeneous washing machines. 

These consumers have low price elasticity for the demand of “niche” products and form a 

long-tail effect in online markets, which endows bottom-ranked merchants with fairly 

strong pricing power. Second, due to the existence of consumer backtracking costs, for 

those consumers who have searched the webpages of bottom-ranked merchants, these costs 
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further prevent them from making backtracking purchases from top-ranked merchants, 

which further strengthens the pricing power of bottom-ranked merchants. 

Therefore, the impact of the dispersion of ranking positions of online merchants who 

sell homogeneous commodity on the pricing levels of top-ranked merchants is negative, 

while it is positive on bottom-ranked merchants, and the former effect is dominant. This 

finding shows that there is a clear difference in pricing strategies between online merchants 

with different ranking positions. The regression results of Table 4 validate H2.  

In addition, after adding the control variables in column (3), the results are still robust. 

The impact of the dispersion of ranking positions of online merchants on their pricing 

levels changes from negative to positive ( 0.0153 0.00241 8 0- + ³ > ) when the ranking 

positions of merchants are greater than 8. The heterogeneity of online merchants’ pricing 

behaviors indicates that there may exist an obvious market boundary in e-commerce 

markets. Theoretically, merchants are in the same market, but in fact, there is an obvious 

market boundary. The economic intuition behind this is based on consumers search 

characteristics and search costs exist in online markets (ordered search and limited search) 

and determined by the ranking positions of merchants who sell homogeneous commodities. 

According to the regression results in Table 5, the positions of the market boundary are 8-

10. Kim et al. (2010) also founds that consumers search is limited, and that there is no 

substitution relationship between bottom-ranked and top-ranked merchants, which also 

shows that the different positions of online merchants can form a market boundary. 

For consumers who purchased in online markets, due to the existence of search costs, 

the number of online merchants searched by consumers is limited. Therefore, the invisible 

market boundary point in online markets can correspond to the search stopping point of 

most consumers, that is, the critical point between the cost paid by consumers searching 

for commodity information and the expected benefits obtained from searching for them. At 

this critical point, there is indifference for consumers whether or not further searching. 

For merchants in online markets, the existence of ordered search and limited search 

divides them into two complementary submarkets before and after this market boundary 

point. The merchants before this critical point form a “prominent” market, which meets 

consumers’ general demand provided by top-ranked merchants, and the average positions 

are 8-10 measured in this study. For top-ranked merchants, the characteristics of consumers 

ordered search and the significant search costs in online markets determine the limitation 

regarding the number of merchants that consumers can search, which further intensifies the 

search blocking motivation of those merchants located in front of the invisible market 

boundary. In contrast, after the critical value of the market boundary point, merchants form 

a “niche” market, which meets consumers’ long-tail demand provided by bottom-ranked 

merchants. For consumers who can search and discover these merchants after the invisible 

market boundary point, it indicates that they have special preferences for the commodities 

sold by these merchants and thus willing to pay higher search costs for them. Moreover, 

these customers have a low-price elasticity for the demand of these commodities, which 

endows bottom-ranked merchants with stronger pricing power. 

 

5.2.2 Heterogeneity of the impact at different pricing levels 

 

This study uses quantile regression to further analyze the impact of the degree of dispersion 

of the ranking positions of merchants and its interaction term with the ranking positions of 
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them on their pricing levels. The regression results are shown in Table 5. 

 
Table 5: Merchants’ Pricing Behaviors (Quantile Regression) 

 (1) (2) (3) (4) (5) 

 P10 P25 P50 P75 P90 

Variable p_prem p_prem p_prem p_prem p_prem 

cv_rank -0.002  -0.005***  -0.004***  -0.013***  -0.026*** 

 (0.002) (0.001) (0.001) (0.002) (0.004) 

cv_rank*position 0.001 0.001**  0.001***  0.001***   0.002*** 

  (0.000) (0.000) (0.000) (0.000) (0.001) 

position -9.101 -0.001**  -0.001***  -0.001***   -0.001*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) 

lnq -0.001**  -0.001***   -0.001***  -0.003***   -0.004*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) 

per_q_fs  0.014***  0.006***  0.006*** 0.003** -0.002 

 (0.002) (0.000) (0.001) (0.001) (0.003) 

per_q_sr -0.003 -0.017***  -0.014***  -0.009*** -0.001 

 (0.003) (0.002) (0.002) (0.002) (0.004) 

HHI -0.02*** -0.009***  -0.006*** -0.001 0.005* 

 (0.002) (0.001) (0.001) (0.001) (0.003) 

self_run -0.007 0.008**  0.033***  0.064***   0.059*** 

 (0.005) (0.003) (0.003) (0.004) (0.008) 

flag_ship  0.005***  0.004***  0.006***  0.015***   0.031*** 

 (0.001) (0.001) (0.001) (0.001) (0.002) 

small_store -0.135***  -0.107***  -0.097***  -0.061***  -0.016*** 

 (0.001) (0.001) (0.001) (0.000) (0.002) 

Brand fixed effects Yes Yes Yes Yes Yes 

Platform fixed effects Yes Yes Yes Yes Yes 

Time fixed effects Yes Yes Yes Yes Yes 

Constant -0.043***  -0.014***  0.035***  0.073***   0.140*** 

 (0.004) (0.002) (0.002) (0.003) (0.006) 

Observations 64,598  64,598 64,598 64,598 64,598 

Pseudo R2 0.332 0.255 0.126 0.118 0.143 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

From the regression results in columns (1)-(5), it can be seen that the numerical value 

and significance of the regression coefficient cv_rank*position changes with the pricing level 

of merchants in different positions. The interaction terms of the degree of dispersion of the 

ranking positions of merchants who sell homogeneous commodities and the ranking 

positions of homogeneous merchants are both significant at the quantile levels of 25%, 

50%, 75% and 90%, and the coefficients of P75 and P90 are significantly greater than those 

of P50 and P25. These findings indicates that for merchants with different pricing levels, 

the degree of dispersion of the ranking positions of merchants with a higher pricing level 



25 

has a greater impact on their price dispersion. According to the comparison of the 

coefficients of cv_rank*position between columns (4)-(5) and (2)-(3), the moderating effect 

of the ranking positions of merchants with high pricing levels (75th and 90th percentiles) 

is significantly larger than that of merchants with low pricing levels (25th and 50th 

percentiles). It can be seen that for top-ranked merchants, the more dispersed the ranking 

positions are, the lower their pricing levels, and this effect is more distinct for merchants 

with higher pricing levels. The reason for this is that merchants with higher pricing levels 

have stronger price adjustment space, so they can reduce prices to achieve the search 

blocking effect. 

 

6 Robustness tests 

 
6.1 Treatment of endogeneity issues 

 

With regard to the possible bias caused by the two-way causality in empirical analysis. In 

fact, e-commence platforms normally adopt the bid ranking mechanisms as their main 

ranking methods. For example, the “clean out treasure to train” of Taobao and the “express” 

of JD, which actually avoids the possible reverse causality relationship between merchants’ 

price dispersion on the dispersion of their ranking positions, are considered in this study.12 

Regarding the possible bias caused by omitted variables in the empirical analysis, this study 

avoids this problem by adding fixed effects at various levels. Commodity version, platform, 

and time fixed effects are added into the benchmark regression in Table 3. In Table 4 and 

5, these fixed effects are added to the analysis of merchants’ pricing behaviors. It can better 

control the omitted variables that change with time and the omitted variables at various 

levels. The other robustness tests are discussed in robustness tests (1) and (2) below. 

 

6.2 Robustness tests of benchmark regressions 

 

To ensure the robustness of the benchmark regression results, this study uses the methods 

of controlling the minimum number of merchants, replaceing the explained variable, and 

controlling the commodities with zero sales volume for robustness tests. The regression 

results are shown in Table 6. 

 
Table 6: Robustness Test (1) 

 (1) (2) (3) (4) (5) (6) 

 num>5 num>5 substitution substitution q≠0 q≠0 

Variable cv cv gini gini cv cv 

cv_rank  0.015***     0.004***   0.009**  

 (0.005)  (0.002)  (0.004)  

cv_page    0.022***    0.007***    0.014*** 

 
12 Although the bid ranking mechanisms are the main ranking method of platforms, platforms still have motivations (Teh 

and Wright, 2018) and abilities to actively adjust the rankings of online merchants and intervene in the ranking positions 

of commodities. Based on this, the pricing behaviors of online merchants and the relationship between ranking positions 

and intraplatform competition is worth further study. (Source: “Amazon does evils? Search algorithms or self-

preferencing to its own commodities”: https://app.myzaker.com/news/article.php?pk=5d98a0ca8e9f0978274989cd)

 

https://app.myzaker.com/news/article.php?pk=5d98a0ca8e9f0978274989cd
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  (0.006)  (0.002)  (0.004) 

num_version -3.231 -9.311 8.831 5.741 9.922 3.876 

 (0.000) (0.000) (6.991) (6.874) (0.000) (0.000) 

p_level_version  -0.115***  -0.113***   -0.042***   -0.041***  -0.102***  -0.100*** 

 (0.026) (0.026) (0.009) (0.009) (0.021) (0.022) 

q_level_version -0.090** -0.085**   -0.001***  -0.001** -0.002** -0.002* 

 (0.038) (0.037) (0.000) (0.000) (0.001) (0.001) 

per_q_fs 9.602 0.001 0.002 0.002 0.003 0.003 

 (0.004) (0.004) (0.002) (0.002) (0.004) (0.004) 

per_q_sr 0.018 0.019*   0.009**   0.010**   0.021***   0.022*** 

 (0.011)  (0.011) (0.004) (0.004) (0.007) (0.007) 

HHI 0.001 0.001  -0.005**  -0.005** -0.009*  -0.009** 

 (0.006) (0.006) (0.002) (0.002) (0.005) (0.005) 

Commodity fixed 

effects 

Yes Yes Yes Yes Yes Yes 

Platform fixed effects Yes Yes Yes Yes Yes Yes 

Time fixed effects Yes Yes Yes Yes Yes Yes 

Constant  0.187***   0.183***   0.072***   0.070***   0.170***   0.167*** 

 (0.035) (0.035) (0.012) (0.012) (0.029) (0.029) 

Observations 49,066 49,066  64,598 64,598 47,446 47,446 

R2 0.715 0.717 0.626 0.628 0.611 0.612 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

Columns (1) and (2) control the minimum number of merchants who sell the same 

version of commodity (𝑁>5 for each day), and the relevant regression coefficients verify 

the conclusion of the benchmark regression in Table 2. It can be clearly seen that after the 

minimum number of merchants is controlled, the two regression coefficients (cv_rank and 

cv_page) of the degree of dispersion of online merchants have a greater impact on the 

degree of price dispersion. The reason for this is that with the increase in the number of 

merchants, the degree of dispersion of their ranking positions becomes higher, but from the 

regression result of the number of merchants, no significant impact is found. The results of 

robustness test (1) indicates that the ranking positions of merchants on digital platforms 

are still important, and that the concentration or dispersion of the ranking positions can 

largely influence the degree of competition of online merchants.  

In columns (3) and (4), we use Gini coefficients to replace the original explained variable. 

The Gini and price variation coefficients can both control the influence of price levels, and 

the regression results show that the main conclusion of the benchmark regression is robust. 

In columns (5) and (6), we control the influence of commodities with zero sales volumes 

and find that the regression coefficient of the dispersion of the ranking positions of 

homogeneous merchants on their price dispersion is decreases. The reason for this may be 

that the degree of dispersion of the ranking positions of merchants decreases when we 

control for commodities with zero sales volume. However, the main conclusion of the 

positive impact of the dispersion of the ranking positions of online merchants on the price 

dispersion of homogeneous commodities is still robust. 
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6.3 Robustness tests of merchants’ pricing strategies 

 

This study uses the dispersion of the ranking positions of online merchants and the 

dispersion of the search pages of online merchants to test its impact on the price dispersion 

of merchants who sell homogeneous commodity. In the micro-mechanism analysis part, 

we mainly use the degree of dispersion of the ranking positions. In this section, the degree 

of search page dispersion of online merchants is used to test the robustness of the above 

conclusion. The results of the fixed effects and quantile regressions are shown in Table 7. 

 
Table 7: Robustness Test (2) 

 (1) (2) (3) (4) (5) (6) 

 FE P10 P25 P50 P75 P90 

Variable p_prem p_prem p_prem p_prem p_prem p_prem 

cv_page  -0.014*** -0.003 -0.005*** -0.003*   -0.010***   -0.024*** 

 (0.005) (0.003) (0.002) (0.001) (0.002) (0.004) 

cv_page*position   0.003*** 0.001* 0.001**   0.000**    0.001***   0.002*** 

 (0.001) (0.000) (0.000) (0.000) (0.000) (0.001) 

position  -0.001*** -8.786 -0.001**   -0.001***   -0.001***   -0.001*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

lnq  -0.005***  -0.001**  -0.001***   -0.002***   -0.003***   -0.004*** 

 (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) 

per_q_fs   0.009***    0.014***  0.006***    0.006***   0.003** -0.002 

 (0.003) (0.002) (0.001) (0.001) (0.001) (0.003) 

per_q_sr  -0.013** -0.002  -0.017***   -0.015***   -0.012*** -0.005 

 (0.006) (0.003) (0.002) (0.002) (0.002) (0.004) 

HHI -0.004   -0.021***  -0.009***   -0.006*** -0.001 0.005 

 (0.004) (0.002) (0.001) (0.000) (0.001) (0.003) 

self_run    0.057*** -0.007 0.008**    0.033***    0.066***   0.062*** 

 (0.014) (0.005) (0.003) (0.003) (0.004) (0.008) 

flag_ship   0.023***    0.005***  0.004***    0.007***    0.015***   0.031*** 

 (0.003) (0.001) (0.001) (0.001) (0.001) (0.002) 

small_store   -0.092***   -0.135***  -0.106***   -0.097***   -0.062***   -0.015*** 

 (0.005) (0.001) (0.001) (0.001) (0.000) (0.002) 

Brand fixed 

effects 

Yes Yes Yes Yes Yes Yes 

Platform fixed 

effects 

Yes Yes Yes Yes Yes Yes 

Time fixed effects Yes Yes Yes Yes Yes Yes 

Constant    0.045***   -0.043***   -0.015***    0.033***    0.070***   0.138*** 

  (0.005) (0.004) (0.002) (0.002) (0.003) (0.006) 

Observations  64,598  64,598  64,598  64,598  64,598  64,598 
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R2/Pseudo R2 0.263 0.333 0.255 0.126 0.118 0.142 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

The regression results in Table 7 show that the relevant conclusions regarding merchants’ 

pricing strategy analysis are robust. Compared with Table 2, in column (1) in Table 7, the 

display order of merchants exhibits minor change in the moderating effect on the impact 

of the degree of dispersion of the ranking positions of merchants on their pricing levels 

(that in Table 2 is 0.002, and that in Table 7 is 0.003). In addition, the results of the quantile 

regression (columns (2)-(6)) are also consistent with those in Table 5, which proves the 

robustness of the main findings of the analysis of merchants’ pricing strategies.  

 

7 E-commerce models and intraplatform competition 

 
As two major business models of two-sided markets, the “online marketplace” model and 

the “hybrid” model widely exist on e-commerce platforms. Specifically, “online 

marketplace” platforms mainly provide a booth for buyers and sellers to conduct 

transactions and do not participate in competition as a merchant. In contrast, hybrid 

platforms have the dual identities of being “platform” and being “merchant”, directly 

participating in intraplatform competition as a merchant. Given the difference between 

these two business models, the research on the market efficiency of online platforms must 

distinguish different platform business models. For instance, Amazon and JD, in the e-

commerce market, Google and Baidu, in the online search market, are all examples of 

hybrid platforms. On hybrid platforms, there are both self-operated and third-party 

merchants, and the difference in profit brought to hybrid platforms directly affects the 

intensity of competition and market power between them. Existing studies have 

theoretically proven the motivation and behavior of the self-preference of hybrid platforms, 

but few studies have verified this phenomenon through empirical tests.  

As an important source of profits for hybrid e-commerce platforms, self-operated 

merchants have significant market power compared to third-party merchants on platforms; 

thus, hybrid platforms are motivated to give preferential treatment to their self-operated 

merchants to maximize their own profits. Given the difference in the business models of e-

commerce platforms, we further explore whether there is heterogeneity in the impact of the 

degree of dispersion of the ranking positions of merchants on the degree of intraplatform 

competition under different e-commerce business models.  

This study divides the three major e-commerce platforms in China into different types 

according to their specific business models: the “hybrid” platform model has both self-

operated and third-party merchants (JD), and the “online marketplace” platform model has 

a major focus on third-party merchants (Tmall and Taobao). In our heterogeneity analysis 

section, we regard the “hybrid” platform JD as one group and “online marketplace” 

platforms Tmall and Taobao as another group for regression. Then, we empirically test 

whether the hybrid e-commerce platform uses the degree of dispersion of the ranking 

positions of online merchants to proceed with self-preference. 

Compared to online marketplace e-commerce platforms, hybrid e-commerce platforms 

are more likely to interfere with the intraplatform competition, and thus, this study analyzes 

whether hybrid platforms achieve this purpose by adjusting the degree of dispersion of the 

ranking positions across merchants. Figure 2 shows the degree of dispersion of the ranking 
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positions of merchants on these two types of e-commerce platforms, which shows that there 

is little difference between these two models. The degree of dispersion of the ranking 

positions of merchants in the hybrid platform is slightly lower and does not show obvious 

intervention behaviours in intraplatform competition compared to the online marketplace 

platform. Considering that some commodities do not have self-operated stores, this study 

further distinguishes whether there are self-operated commodities and tests the differences 

in the degree of dispersion of the ranking positions of merchants (as shown in Figure 3). It 

is observed that the degree of dispersion of the ranking positions of merchants with self-

operated commodities is significantly higher than that of other merchants, which shows 

that the hybrid e-commerce platform may weaken the degree of competition at the self-

operated level. 

 

  
Figure 2: E-commerce platform models and the 

degree of dispersion of the ranking positions of 

merchants. 
 

Figure 3: Whether self-operated commodities 

exists and the degree of dispersion of the 

ranking positions of merchants. 

 

To further verify the above findings, a dummy variable, dum_s_p is constructed to denote 

whether a commodity belongs to the hybrid e-commerce platform, and dum_self_run denotes 

whether there are “self-operated” commodities in the commodity versions. Then, we 

empirically test the relationship between them and the degree of dispersion of the ranking 

positions of online merchants. The regression results are shown in Table 8. 

 
Table 8: E-commerce platform models and the position dispersion degree of online merchants 

 (1) (2)  (3) (4)  (5) (6) 

 Between different 

platform business models 

 Within the hybrid 

platform 

 Between different 

platform business models 

Variable cv_rank cv_page  cv_rank cv_page  cv_rank cv_page 

dum_s_p 0.031* -0.009       

 (0.017)  (0.013)       

dum_self_run      0.205***   0.107***    0.185*** 0.037 

    (0.029) (0.021)  (0.032)  (0.025) 

Commodity fixed effects Yes Yes  Yes Yes  Yes Yes 

Platform fixed effects Yes Yes  Yes Yes  Yes Yes 

Constant   0.454***   0.417***    0.381***   0.346***    0.469***   0.408*** 

 (0.016) (0.013)  (0.013) (0.011)  (0.013) (0.012) 
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Observations  66,067  66,067   17,603 17,603   66,067  66,067 

R2 0.413 0.327  0.730 0.627  0.428 0.328 

Notes: Numbers in brackets are clustering robust standard errors at the commodity version level, ***, ** and * denote significance at 1%, 

5% and 10%, respectively. 

 

In the heterogeneity analysis results, columns (1), (3) and (5) use the degree of dispersion 

of the ranking positions of merchants as the explained variable. Columns (2), (4) and (6) 

use the degree of dispersion of the search pages of commodities results as the explained 

variable. The results in column (1) show that the degree of dispersion of the ranking 

positions of merchants on the hybrid e-commerce platform is higher than that of the online 

marketplace e-commerce model, but the degree of dispersion of the search pages is not 

obvious (as shown in column (2)). A possible reason for this is that some commodity 

versions do not have self-operated stores, and thus, we conduct further tests. The results in 

columns (3) and (4) show that the degree of dispersion of the ranking positions of 

merchants with the self-operated commodity is significantly higher than that of merchants 

without the self-operated commodity in the hybrid platform. In addition, the results of 

columns (5) and (6) are used all commodity versions in the sample, indicating that the 

ranking positions of merchants with the self-operated commodity are more dispersed. It 

can be seen that the hybrid e-commerce platform weakens the degree of intraplatform 

competition of self-operated commodities by dispersing the ranking positions of merchants. 

The economic implication behind it is that the hybrid e-commerce platform has the 

motivation to using self-operated merchants for self-preference. This study uses 

empirically tests on two e-commerce business models: “hybrid” and “online marketplace”, 

which shows that there are significant differences between these two models on 

intraplatform competition. The dual identities of the hybrid e-commerce platform weaken 

the intraplatform competition among merchants. Hybrid platforms may give preferential 

treatment to their self-operated merchants by dispersing their ranking positions, which 

hinders intraplatform competition among merchants and reduces the efficiency of e-

commerce markets. 

Moreover, intraplatform competition includes two different levels: competition between 

different merchants within the platform and competition between the platform and 

merchants. These two different levels of intraplatform competition affect each other, and 

competition between merchants within the platform is controlled by the platform’s market 

power. Under the hybrid model, the hybrid e-commerce platform has an intense motivation 

to enhance the competitive advantage of its self-operated merchants to achieve flow 

conversion. In the homogeneous product market without enormous commodity differences, 

intraplatform competition related to prominent positions at the merchant level focused 

more on the impact of the degree of dispersion of the ranking positions of merchants on 

the price competition of homogeneous commodities. 

For the self-operated merchants in hybrid e-commerce platform, a more dispersed 

ranking position can enhance the search blocking effect of top-ranked self-operated 

merchants by increasing the search costs of consumers to bring them more purchase and 

pricing advantages. Therefore, in the hybrid e-commerce platform, the intensity between 

the degree of dispersion of the ranking positions of merchants and the degree of 

competition between merchants within the platform is significantly weakened compared 

with that on the online marketplace e-commence platforms. It can be seen that the hybrid 
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platform weakens the degree of intraplatform competition between merchants by giving 

preferential treatment to its self-operated merchants. 

Therefore, when a platform has the dual identities of being a “platform” and being a 

“merchant” at the same time, resource on the platform will inevitably have the 

characteristics of non-neutrality and asymmetry, as proven by the behaviors of Amazon, 

Google, and Apple. For the hybrid platform, due to the substantial profits brought about by 

self-operated merchants, which causes the “merchant” characteristic of a one-sided market 

to be obviously stronger than the “platform” characteristic of a two-sided market, so the 

non-neutral resource inclination will lead to market foreclosure (Qu and Liu, 2017), which 

should be the focus of antitrust authorities. 

 

8 Conclusions  

 
Two-sided markets involve at least three participants, and their competition is more 

complex than one-sided markets, which includes three competition levels at the same time: 

competition between platforms, competition between a platform and merchants and 

competition between merchants within a platform. Due to the characteristics of consumer 

ordered search, ranking positions play an essential role in online market competition. Based 

on this, this study uses more than 60,000 samples of the three largest e-commence 

platforms in China to test the impact of the degree of dispersion of the ranking positions of 

merchants who sell the homogeneous commodities on intraplatform competition through 

theoretical and empirical analysis. The basic findings are as follows. (1) Due to the 

existence of search and backtracking costs, the degree of dispersion between online 

merchants significantly affects intraplatform competition. The dispersion of the ranking 

positions of merchants who sell homogenous commodities intense the price dispersion of 

these commodities. (2) The more dispersed the ranking positions of merchants who sell 

homogenous commodities, the lower pricing levels of the top-ranked merchants and the 

higher pricing level of the bottom-ranked merchants. Specifically, for top-ranked 

merchants, due to the characteristics of consumer ordered search and the existence of 

online search costs, position dispersion leads to a decrease in the pricing level, which 

reflects the search blocking effect of top-ranked merchants with a flow advantage. For 

bottom-ranked merchants, position dispersion leads to an increase in the pricing level. The 

reason for this is the existence of the backtracking cost and long-tail effect in online 

markets. Under ordered search, online sales volume is concentrated among top-ranked 

merchants. In this case, if consumers still search and identify bottom-ranked merchants, 

then it can show that their preference is relatively unique and concentrated. The dispersion 

of the ranking positions of homogeneous merchants further enhances the preference 

screening effect and improves the backtracking cost for customers. (3) Under multi-

dimensional competition and the strategic behaviors of platforms and merchants, there is 

an invisible market boundary in e-commence markets, and thus, the judgement of market 

structure and intraplatform competition should be carried out on a case-by-case basis. (4) 

Through heterogeneity analysis, we find that the “hybrid” e-commence platform weakens 

the degree of intraplatform competition by self-preference its self-operated merchants. 
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