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Abstract
Consumer-to-consumer (C2C) platforms have become a major engine of growth in Internet
commerce. This is especially true in countries such as China, which are experiencing a big rush
towards electronic commerce. The emergence of such platforms gives researchers the unique
opportunity to investigate the evolution of such platforms by focusing on the growth of both buyers
and sellers. In this research, we build a structural model to quantify two-way cross-network effects
(buyers on sellers and sellers on buyers) in Taobao.com, the world’s largest online C2C platform
based in China. Specifically, we investigate the relative contributions of different factors that affect
the growth of buyers and sellers on the platform. Our results suggest that there is a significant,
large and positive cross-network effect on both sides of the market. In other words, the installed
base of either side of the platform has propelled the growth of the other side. Interestingly, this
effect is asymmetric with the installed base of sellers having a much larger effect on the growth of
buyers than vice versa. The growth in the number of buyers is driven primarily by the seller’s
installed base and product variety with increasing importance of product variety. The growth in the
number of sellers is driven by buyer’s installed base, buyer quality, and product price with
increasing importance of buyer quality. We also investigate the nature of these cross-network
effects over time. We find that the cross-network effect of sellers on buyers increases and then
decreases to reach a stable level. In contrast, the cross-network effect of buyers on sellers is

relatively stable. We discuss the policy implications of these findings for the platform.
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1. Introduction

Consumer-to-Consumer (C2C) platforms such as eBay, Amazon’s Marketplace, Taobao.com, and
OLX.in have become a major engine of growth in electronic commerce. This is especially true in
countries such as China that are experiencing a big rush towards electronic commerce. The
emergence of such platforms represents a new phenomenon as they have scaled up to very large
numbers very quickly. For example, the Chinese C2C network, Taobao.com, had 435 million
consumers participating as buyers and 7 million as sellers in less than a decade after its formation.
The factors that have enabled this growth and size have been novel revenue generating
mechanisms, e.g., charging sellers only for value-added services, and the platforms’ agnostic
attitude towards product assortment, allowing buyers and sellers to make choices on what to offer.
While there is a rich body of work on platform economies and two-sided markets, starting with the
pioneering work of Rochet and Tirole (2003), the focus has typically been on platform competition,
pricing structure and business model determination (e.g., Caillaud and Jullien 2003, Armstrong
2006, Rochet and Tirole 2006) and less on the factors determining platform evolution and growth.
In addition, most empirical work on platform markets has usually been set in “conventional” or
offline markets, such as VCRs, game consoles, PDAs, media (TV, newspaper, and magazines),
payment systems, and yellow pages (e.g., Ohashi 2003, Rysman 2004, Nair, Chintagunta and Dubé
2004, Clements and Ohashi 2005, Wilbur 2008, Dubé, Hitsch and Chintagunta 2010, Liu 2010, Sun,
Rajiv and Chu 2014). Much of the extant research on online C2C platforms such as eBay has
focused on the auction mechanism and recommendation system, rather than on the evolution and
growth of the platform.

In this paper, we focus on the evolution and growth of online C2C platforms. Specifically, we
investigate the evolution of the platform both from the buyer’s and the seller’s perspective as well
the nature of buyer and seller interactions over the platform’s lifecycle. We look at three novel
questions. First, how large is the cross-network effect (CNE) on both sides of the platform? As for
any network, the growth and evolution of one side has a direct impact — the cross-network effect
(CNE) - on the growth and evolution of the other side. Our objective is to quantify the CNEs - the
impact of the installed base of sellers on the growth of buyers and the impact of the installed base of
buyers on the growth of sellers, while allowing for asymmetric effects. Second, we examine how the

non-network factors (e.g., product variety, product price, and buyer quality) affect the growth of the



two sides of the network. We contrast the effect of non-network factors with the network effects
towards the growth of the network. Finally, we allow both the network and non-network effects to
vary over time beginning from the platform’s inception.

In order to do this, we exploit a new data set from www.taobao.com, the world’s largest online
C2C platform based in China. Taobao.com (referred to as Taobao for the rest of the paper) has 7.1
million sellers and 435 million buyers (as of December 2012). Each day there are 728 million unique
items on the “shelf” for sale and 75 million unique viewers, generating 13 million transactions and
1.61 billion yuan (USD 258 million)? in revenues. Our data set contains daily observations on the
number of platform participants, the assortment of products on offer, and the revenue from buyers
and sellers. A major distinguishing feature of our data set is that our data start from the first day of
Taobao’s operations - May 11, 2003.

Using a structural approach to model buyer’s and seller’s platform joining decisions jointly, we
identify a large, significant and positive CNE on both sides of the platform market. However, we
find that the CNE 1s asymmetric: the installed base of sellers has a much larger effect on the growth
of buyers than vice versa. Further, the growth in the number of buyers is driven primarily by the
seller’s installed base and product variety with increasing importance of product variety over time.
In contrast, the growth in the number of sellers is driven by the buyer’s installed base, buyer
quality, and product price with increasing importance of buyer quality over time. The two CNEs
demonstrate different temporal patterns. Specifically, the CNE of sellers on buyers increases and
then decreases to reach steady state. In contrast, the CNE of buyers on sellers is relatively stable.
We examine the policy implication of our findings.

The rest of the paper is organized as follows. In Section 2, we review the relevant literature. We
set up the econometric model in Section 3, describe the institutional setting in Section 4, summarize
the data and explain the variable operationalization in Section 5, and describe the estimation in
Section 6. We report the main findings, results of the robustness checks, and managerial

implications in Section 7 and conclude in Section 8.

2 For the sake of exposition, we use 6.23 yuan to 1 USD as the exchange rate (the rate reported at xe.com on
Dec 31, 2012) throughout the paper. This rate was around 8.50 yuan at the time of Taobao’s inception, dropped
to 6.8 yuan in 2008 and then was steady till about 2010 and then declined to 6.23 yuan at the end of 2012 (all
data from xe.com).



2. Literature review

Research on two-sided markets has a relatively short history (see Rysman 2009 and Sriram et al.
2013 for an overview). Rochet and Tirole (2003, 2006), Caillaud and Jullien (2003) and Armstrong
(2006) each provide a theoretical framework for two-sided markets to explain how the price
structure is determined when either a monopoly platform sets prices, or two platforms compete. A
common feature present in all this theory work is that the benefit of joining a platform for any agent
depends on the number of agents from the other side on the same platform. This relationship can be
summarized by the CNE, testifying to the importance of the existence and magnitude of the CNE.
While our paper does not investigate the price structure because the platform under study adopts
free pricing for both sides of the market. However, the theoretical work cited here guides in
determining the drivers of platform growth as well as the possible functional forms for capturing
buyer and seller utility.

The empirical work on network effects is somewhat limited, though growing at rapid pace.?
One stream of work (e.g., Shankar and Bayus 2003, Ohashi 2003, Park 2004) has focused on direct
network effects. In other words, the estimated network effect quantifies the benefit (or cost) that
agents obtain from the presence of other agents on the same side, rather than those on the
complementary side (usually due to lack of data). Gandal, Kende and Rob (2000) are among the first
to explicitly model cross-network externalities. They measure the effect of hardware prices and
software titles in the diffusion of CD players, and find that a 10% increase in CD titles would have
as large an effect as a 5% price cut. Rysman (2004) estimates the importance of CNEs in the market
for Yellow Pages and finds two-way positive cross-network externalities whereby advertisers value
consumer usage and consumers value advertising. Ackerberg and Gowrisankaran (2006) estimate
the size and importance of network externalities in the automatic clearing house (ACH) banking
industry, and find that most of the impediment to ACH adoption is from the large customer fixed

cost of adoption. Wilbur (2008) explicitly models the two-way cross-network interactions in the

3 Given that our setting is a monopoly platform that does not charge sellers and buyers, we only focus on work
related to network effects. For work that has focused on competition, price structure and market power, see
Kaiser and Wright (2006), Chandra and Collard-Wexler (2009), Jin and Rysman (2012), Seamans and Zhu
(2014), Argentesi and Filistrucchi (2007), Liu (2010) and Pattabhiramaiah, Sriram and Sridhar (2013). For
work on market outcomes and consumer welfare, see Chen and Xie (2007), Dubé, Hitsch and Chintagunta
(2010), Fan (2013) and Song (2013).



television industry and finds a negative effect of the number of advertisements on audience size
(viewers are ad averse) and a positive effect of audience size on advertiser demand (advertisers are
viewer loving).

A few studies have extended this literature by quantifying the evolution of cross-network
externalities. Nair et al. (2004) quantify the size of CNEs in the personal digital assistants (PDA)
market with competing incompatible technology standards, and find significant and growing effect
of software provision on hardware adoption. Clements and Ohashi (2005) measure the effects of
hardware price and software variety in the diffusion of video game systems in the U.S. market
between 1994 and 2002. They find that introductory pricing is an effective practice at the beginning
of the product cycle, and expanding software variety becomes more effective later.

Our paper is closely related to these two studies, but with some notable differences. First, our
empirical context is a unique and different two-sided market, viz. a monopoly C2C online platform
that has adopted free pricing for both sides of the market throughout the platform’s lifecycle. Thus
the drivers for the platform’s growth are very different from other platforms. Second, we explicitly
quantify two-way CNEs, 1.e., buyers on sellers and sellers on buyers, and their evolution over the
platform’s lifecycle, while Nair et al. (2004) and Clements and Ohashi (2005) focus on one side, i.e.,
software titles on hardware adoptions. Third, in contrast to their separate estimation of the two
sides and instrumental variables techniques, we model the decisions of the two sides jointly. Fourth,
our finding on the relative importance of network factors versus non-network factors provides
qualitative new insights. For example, both Nair et al. (2004) and Clements and Ohashi (2005) find
an increasing importance of CNE in the diffusion of hardware over the platform’s lifecycle. In
contrast, we find a decreasing importance of network factors and increasing importance of
non-network factors in the growth of the platform. Therefore, our research adds to and

complements the literature on the network effects and their evolution.

3. Model

We take a structural approach to model the platform’s evolution by focusing on the growth of buyers
on one side of the market and that of sellers on the other side. We consider a monopoly platform
that provides a marketplace for buyers and sellers to transact with each other. It charges buyers

and sellers, respectively, AB and AS (fixed) membership fees and af and a5 commissions per



transaction. Both membership fees and transaction charges can be zero or negative (subsidies). A
seller charges price p: for selling a product to a buyer at time . We next derive a buyer’s and a
seller’s probabilities of joining the platform and the platform’s market shares on the buyer and
seller sides.

3.1 Buyer side model

Previous research on two-sided markets has documented that the utility of a representative buyer

joining the platform depends on (a) the utility from each transaction and (b) the number of potential
transactions (Rochet and Tirole 2003, 2006, Armstrong 2006). Buyer ¢ has a reservation value V,

B

. for each transaction. The number of

and receives a net marginal surplus st =V,-p —a
transactions depends on (i) the number of sellers on the platform or the installed base of sellers at

time t—z, NS

...» (1) product variety Vi, which increases the chance of match between buyers and

sellers, (ii1) seasonality and holiday factors Xi, (iv) some unobserved (to the researcher) factor(s) §ZB ,

and (v) a buyer idiosyncratic factor 85. The net utility of a representative buyer at time ¢ is:
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In our empirical context, AB = 0 and a8 = 0. Since we do not observe V,, we assume it to be

proportional to product price p:. Assuming the buyer’s net utility from each transaction and the
potential number of transactions take a Cobb-Douglas utility function (cf. Rysman 2004), we have

buyer i’s indirect utility of joining the platform as:
B s B, .B
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In this setup, /3’1? measures the effect of seller’s installed base on buyer’s utility, i.e., the CNE

of sellers on buyers. In order to capture the evolution of CNE over time, we allow this coefficient to
be time (year and month) varying. 2 represents the effect of product price on buyers, f3 is the

marginal effect of product variety on buyers, and f4 stands for the effect of seasonality and holidays.
Assuming 85 follows 1.1.d. extreme value distribution and the utility of not joining the platform is

normalized to zero, we have the buyer’s probabilities of joining and not joining the platform

respectively as:
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Under the assumption that buyers “single home” (a reasonable assumption in our empirical
context as described below), a buyer’s probability of joining the platform is the same as the

platform’s market share of buyers, z:8.4 Thus, the platform’s relative market share 1s:
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where n:B is the number of new buyers in time period ¢ and M;B is the market potential for buyers at
the beginning of time ¢.

3.2 Seller side model

We derive the seller’s probability of joining the platform and the platform’s market share of sellers
in a similar manner. As before, a seller’s utility of joining the platform depends on (a) profit margin
from each transaction and (b) the number of potential transactions (Rochet and Tirole 2003, 2006,
Armstrong 2006). The profit margin per transaction is the difference between the product price and
marginal cost ¢, less the commission cost the seller has to pay to the platform, b:5 = p: — ¢t — a:S. The

number of potential transactions depends on (1) the number of buyers on the platform or the
installed base of buyers at time t—x N fiw (i1) buyer’s quality @B, which increases the attractiveness

of the platform, (ii1) seasonality and holiday factors X: (iv) some unobserved factors &S, and (v)
seller idiosyncratic factor ¢;S. The net utility of a representative seller j joining the platform at time
t1is:

Uy =f@O)f(NZLO X8 e)) - A ©)

In our empirical context, AS =0 and a5 = 0. Since we do not observe c;, we assume sellers adopt
cost-plus pricing, which is a very reasonable assumption in our empirical context because the
majority of sellers are individuals or part-time sellers and treat selling on the platform as a
secondary occupation. Assuming the seller’s profit margin per transaction and the potential number

of transactions take a Cobb-Douglas utility function, we have seller j’s indirect utility of joining the

4 As we discuss later, we only have access to aggregate data. Hence we cannot accommodate heterogeneity in
preferences for either buyers or sellers.



platform as:
s B B S, .8
U, =aytay; (N2 ) + oy In(p)ta0] +a, X, + & +¢, (7)
In this utility setup, ;; measures the effect of the installed base of buyers on seller’s utility,

i.e., the CNE of buyers on sellers. In order to capture the evolution of CNE over time, we allow this
coefficient to be time (year and month) varying. as represents the effect of product price on seller’s
utility, a3 denotes the effect of buyer quality, and a4 stands for the effect of seasonality and holidays.
Assuming g;S follows 1.i.d. extreme value distribution and the utility of not joining the platform is
normalized to zero, we have the seller’s probabilities of joining and not joining the platform

respectively as:
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Under the assumption that sellers “single home” (see below), the seller’s probability of joining
the platform is the same as the platform’s market share of sellers, z/5. Thus, the platform’s relative

market share is:
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Where n:S is the number of new sellers in time period ¢ and M:S is the market potential for
sellers at the beginning of time . We now have the system of equations (5) and (10) that can be
taken to the data for estimation. We collect the notation into Table 1 for ease of exposition.

At this point, it is worth pointing out that we do not model direct network effects as a

contributory factor to the growth of the platform. We discuss this in detail in Appendix A.

4, Institutional Setting
As noted earlier, our data are provided by www.taobao.com, a China-based online platform.5
Taobao is the world’s largest online consumer-to-consumer (C2C) platform, both by registered users

and by revenues. By December 31, 2012, Taobao had 7.1 million sellers and 435 million buyers. Its

5 The data are provided to us under an NDA that allows us to publish analyses and results but not the raw
data.



transactions in 2012 totaled 590 billion yuan or $95 billion. Given these numbers, Taobao
essentially represents the C2C platform market. We now provide a brief introduction to the
platform, its history, organizational structure and business model as many of our modeling choices
are based on these details.

The parent company of Taobao is Alibaba (China) Group, a privately-owned company® that
does business in many areas of electronic commerce, including business-to-business (B2B,
www.alibaba.com for international trade, and www.1688.com for China’s domestic trade) for small
and midsize enterprises, C2C (www.taobao.com), business-to-consumer (B2C, www.tmall.com),
online payment system (www.alipay.com), online advertising (www.etao.com), group buying
(www.juhuasuan.com), portal service (cn.yahoo.com), and cloud computing (www.aliyun.com).?

Taobao began operations in May 2003. The first seller registered on May 11, 2003. In the early
years, Taobao’s growth was slow. Taobao adopted a “free” policy - free registration and free
transactions for buyers, and free registration, free listing, and free transactions for sellers. It also
created Aliwangwang, a Skype-like communication device that allows buyers and sellers to fully
communicate and exchange information to facilitate transactions. It also created Alipay, a
PayPal-like escrow payment system that resolved the payment and trust issue for Internet
commerce in a country where credit card usage was far from universal and buyers and sellers had
mutual distrust for each other in online transactions.8 As a result, Taobao quickly gained market
acceptance. As of the end of 2012, Taobao accounted for about 75% of China’s online retailing, and
has an over 95% market share in China’s online C2C commerce. It can therefore be considered as

having a virtual monopoly in C2C platforms.®

6 The Alibaba group went public in Hong Kong 2007, back to private in 2012 and has recently announced its
intentions to go public in the United States in the third quarter of 2014.

7 For more information, please visit http://page.1688.com/shtml/about/ali_groupl.shtml

8 For example, in the Chinese market context, it was very novel that buyers pay before seeing the actual goods
they buy and sellers deliver the goods before receiving payment.

° Taobao was launched in May 2003 as part of a defensive action by the Alibaba group against eBay that, in
2003, was firming up a deal to enter China in collaboration with a Chinese partner, eachnet.com. eBay
Eachnet adopted a business model similar to its U.S. counterpart — transactions cleared via an auction process,
sellers had to pay registration and listing fees while buyers did not pay registration and transacted for free.
eBay Eachnet did not employ an escrow based system and also forbade buyers and sellers to communicate
directly with each other. Due to the lack of localization, eBay Eachnet never enjoyed the success and popularity
in China that it did in the US and Germany and was quickly overtaken by the local upstart, Taobao. In three
short years, Taobao had over two-thirds of the Chinese C2C market and eBay exited China, dissolving the
partnership in Dec 2006 (Wang 2012). Therefore, it is clear that Taobao was a virtual monopoly after 2006 but
did face some competition in the 2003-2006 period. As we do not have any data on the number of participants
on eBay Eachnet, the outside good described in Sections 3.1 and 3.2 between 2003-06 combines not joining any
C2C platform (i.e., shopping at physical stores) and joining eBay Eachnet. In a later section (7.2.6), we drop the
initial years from our analysis to see if that affects our results.

9



Taobao continues its free policy to date. Specifically, buying at Taobao is free. In order to
register as a buyer, an agent has to provide a valid cell phone number or an email account. Once a
person chooses a user name and a password, Taobao sends an activation code or link to the phone
number or email account, typically on the same day (or occasionally, the next day). Once activated,
a buyer remains registered as a buyer, even if s/he does transact. Selling at Taobao is also free —
free registration, no membership fee, no annual fee, no listing fee, and no transaction commissions.
Registering as a seller at Taobao is via a “real-name authentication” registration process.!® The
seller must be at least 18 years old, hold a valid photo ID, and pass a simple test (mainly on
Taobao’s rules and regulations). The process of verification and approval takes from two to seven
days. This variation in the approval time is a function of the amount of transaction activity, seller
registration volume and unrelated corporate activity. As a result, the time to approval is exogenous
and random from the viewpoint of an individual seller.1!

Taobao also provides a lot of information about its activities on its website. Specifically, it
regularly posts the information on the number of buyers and sellers transacting at Taobao. In
addition, it provides details on the total transaction volume. The website also carries a list of all
available products, organized as a hierarchy of category, sub-category, etc. all the way to the
individual item. Other supplementary data can also be obtained relatively easily at search engines
such as baidu.com. Thus, sellers and buyers have access to quite a lot of information before they
decide to join the platform. Taobao also advertised on TV during the 2003-2005 period to inform
consumers about the existence of the platform - unfortunately, we do not have access to these data.

All transactions at Taobao are made via Alipay, which is linked to buyers and sellers’ accounts

in many banks in China. Using Alipay is free both for Taobao buyers and sellers. After a buyer

10 Details on the seller registration procedure (in Chinese) are at
http://service.taobao.com/support/8217702.htm?spm=0.0.0.0. HhGemw.

11 Note that as Taobao is a C2C platform, an agent can function as a buyer and a seller. If an agent registers as
a buyer first, then s/he is counted as a seller only if s/he applies to be a seller and the application is approved.
On the other hand, if an agent applies to be a seller first (and is approved), then s/he is counted as buyer only
when s/he makes the first purchase. The marginal impact of the presence of such agents could be different from
the impact of agents who are pure buyers or sellers in the evolution of the network. Taobao estimates that in
general, the number of such agents (acting as both buyer and seller) is about 10% of all active sellers. So at the
end of 2012, 700,000 of the 435 million buyers are also sellers and 7 million sellers are also buyers. We were
also able to obtain more disaggregate data on three reasonably large product categories — women’s shoes,
diapers and cell phones. The number of sellers who acted as buyers in these three product categories was
0.15%, 0.24% and 0.17% in women’s shoes, diapers/baby products and cell phones. Given the aggregate nature
of our data, we cannot control for this potential difference explicitly. While this remains a limitation of our data,
the relatively small proportion of such agents is unlikely to “contaminate” the average estimated effect in any
significant manner.

10



places an order with a seller and pays Alipay, Alipay notifies the seller of the purchase and asks the
seller to fulfill the order. The seller then arranges for logistics and delivery and notifies the buyer of
shipping details (shipping date, expected delivery date, tracking information, etc.). Alipay holds the
payment for one month or upon buyer’s confirmation of delivery. The money paid to Alipay is held
in escrow by a Chinese national bank. The funds held by Alipay are not available to Taobao for any
use under Chinese regulation.

The free buying and selling policy means that Taobao does not earn money from buyer and
seller registration and transaction. Taobao’s revenues are based on three sources. The primary
source is from seller online advertising expenditure on Taobao.com — this is operated and managed
by www.etao.com (the entity that replaced the now dysfunctional www.alimama.com). The second
source is seller participation fees in Taobao’s special marketing channels and promotional activities,
such as “Taobao Golden Coins,” “Everyday Special Prices,” “Trial Center,” etc. The third source is
fee-based shop management tools (such as software) and value-added services for sellers. Taobao
estimates that there is the usual 80:20 split across sellers with approximately 20% of the sellers
accounting for about 80% of the transactional revenue. Not surprisingly, the majority of Taobao’s

own revenue comes from this heavy seller group.

5. Data and Variable Operationalization

As noted earlier, our data are novel, especially in the sense that we have data from Taobao’s
inception. Specifically, we have daily observations from 5/11/2003, the day when the first seller
registered on Taobao, to 12/31/2012. For each day, we observe the number of new buyers, new
sellers, transacting buyers, transacting sellers, transactions, unique items sold, total items sold,
mean transaction prices, expenditures per buyer, expenditure per transaction, and total revenues.
These variables are aggregated across all products. At the product category level (Taobao defines its
own product categories), we observe numbers of new items added, total number of items on shelf,

mean item price, and total transactions for each product category.12

12 Taobao also allows buyers to rate sellers on a 5 “star” scale. It is quite possible that buyers decide to join
Taobao based on average seller ratings across the platform. We approached the company about getting data on
ratings. The company did not provide us the ratings for the following three reasons. First, Taobao executives
told us that, during this period, given the large number of transactions, only about 40% of them had actual
ratings by buyers. For the remaining 60%, Taobao would assign them 5 stars (the maximum) as the default
rating. Second, the average rating across all sellers on a daily basis did not have much variation. Third, Taobao
had noticed that some buyers were using the Aliwangwang communication tool to “intimidate” sellers into

11



5.1 Data summary

Table 2 summarizes daily new sellers and new buyers, their annual totals and growth. During Oct
to Dec 2003, the average number of new sellers and buyers on a day was 15 and 3 respectively.
Daily new sellers reached three digits and daily new buyers reached four digits in 2004. The
platform really started to take off in 2007 - nearly 3,000 sellers and 57,000 buyers registered each
day, and over one million sellers and 20 million buyers registered in that year. The seller installed
base reached two million and the buyer installed base exceeded 46 million. Since then, both buyer
and seller numbers continued to grow. In 2012, there were 14,000 new sellers and 360,000 new
buyers added to the platform each day. By the end of 2012, the installed base was 21 million (sellers)
and 435 million (buyers). Note that this installed base here does not account for seller and buyer
attrition (we discuss this in detail below).

Over time, the total number of transactions per day has gone from two thousand per day in
2004 to 13 million in 2012. Table 3 reports percentages of sellers and buyers with transactions over
total sellers and buyers as well as total transactions per day. The share of sellers with a transaction
has remained stable in the last three or four years at around 5% (around 11% once we account for
seller attrition). On the other hand, the share of buyers making purchases has been rising slowly
since 2006, culminating at about 1.4 out of 100 registered buyers making a purchase in end 2012.

Table 4 shows some characteristics of daily transactions, including mean item price, size of
each transaction, and revenues. The daily transaction revenue has been increasing rapidly and
reached 1.61 billion yuan (USD 258 million) in 2012. The average item price stabilized to around 13
yuan (USD 2.09) by 2006 after some initial fluctuation. The value of each transaction!3 has also
stabilized to around 125 yuan (USD 20) with the expenditure per buyer being around 325 yuan
(USD 52.17).

5.2 Variable operationalization
Due to the nature of the research methodologly, data and institutional setting, we need to construct
many of the variables that we use. We discuss these below. In a subsequent section (6.3), we explore

the robustness of our results to alternative operationalization of these variables.

giving them better deals in return for more favorable ratings, i.e., these ratings were not truly reflective of
seller quality. Fourth, at a seller’s request and provision of evidence that a certain rating is a result of buyer’s
(failed) intimidation attempt, Taobao can revise or erase bad ratings. These reasons suggest that aggregate
ratings data were likely to be quite noisy and hence not particularly useful.

13 This includes shipping fees that range from 1% to 15% of transaction size depending on product category.
Generally the smaller the total basket value in yuan, the higher the percentage shipping fee.
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5.2.1 Buyer and seller installed base

We use the cumulative sum of registered buyers each day as the installed base of buyers, and that
of registered sellers each day as the installed base of sellers.14 As noted earlier, Taobao’s policy is
that once a buyer activates his/her account, s/he remains a buyer, regardless of transaction activity.
Unlike buyers however, Taobao has data on whether a seller is present and active on the platform.
Sellers exit either voluntarily from the platform (typically for business reasons e.g., they are not
profitable) or involuntarily (usually because they violate Taobao rules and regulations and the
platform shuts them down). By Dec 31, 2012, the total number of sellers ever registered exceeded 21
million, but the total number of sellers in normal state (defined as transacting and/or engaging in
merchandising activity at least once a quarter) was only 7.1 million, i.e., about one-third the
cumulative sum of registered sellers. We therefore need to adjust the cumulative sum of registered
sellers in order to be consistent with the number of sellers in the normal state.l’® Based on our
discussion with the company, we assumed that sellers drop out in a manner consistent with an
exponential decay. Specifically, if there are n:.S sellers registered at t-z, by time ¢, there will be
n:.S/(1+r5)" sellers left where rS is the decay parameter. In order to estimate this parameter, we
equate the predicted number of sellers (using this parameter) with the actual number of normal
state sellers on Dec 31, 2014. The best-fit value for rS1s 0.0018, i.e., every day 1.8 out of 1000 sellers
drop out (we test the robustness of the model estimates to this adjustment later in the paper).
Figure 1 shows the buyer installed base and seller installed base (with and without the
adjustment).

5.2.2 Product variety index

We first compute the platform’s category concentration in the number of product items (equivalent

to stock keeping unit). Analogous to the industry concentration Herfindahl-Hirschman Index (HHI),

14 Given the modest transaction size, it is possible that transactions on Taoabo skew local i.e., buyers tend to
buy from local sellers. In that case, both parties would care about the local installed base rather than the
national installed base. We were able to obtain some supplemental data from Taobao.com vis-a-vis this issue.
For the women’s shoe product category, across China’s 31 provinces, the average percentage of buyers outside
of a seller’s province is 92.01% (with a range of 29.26% to 100%). Taobao also reported to us that for the
cellphone category, buying is nationwide (following the population distribution) while selling is concentrated
with 80% of sellers based in Guangdong. This suggests that agent utility is based on the national installed base,
not a local one. In fact, feedback from the company’s surveys suggests that sellers wanted to go online at
Taobao because it gave them access to a national market of buyers (as opposed to a local market for a physical
store) — virtually no sellers on Taobao maintain a physical store. Buyers on the other hand went on Taobao to
get the best prices from sellers nationwide.

15 The company was unable to provide us an exact count of the number of normal sellers on each day due to the
cost involved in extracting these data.
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category c’s share in the number of items is Si= Ii¢/ I, where I¢ is the number of items in category c
and I; is the number of items across all product categories. The category’s item concentration HHI is

calculated as:
C 2
HHI = 3 (8)

Product variety index is defined as Vi = 1 — HHI,. V; lies between [0, 1]. When all items are
concentrated in one category, V: = 0, and when all items are evenly distributed across categories, V;
=1 — 1/C. Vi approaches 1 when the number of categories increases. Similar index is used to
measure variety in other studies (e.g., Fan 2013). Product variety at Taobao has been increasing. It
fluctuates substantially in the beginning years and gradually stabilizes at a high level.

5.2.3 Buyer quality

We define buyer quality as the number of transactions per 100 buyers in the installed base,
calculated by dividing the number of transactions each day by the installed base of buyers (x100).
This is an indicator closely monitored by the platform. It is also highly relevant for the platform’s
current strategic focus. We test the sensitivity of model parameter estimates to other measures of
buyer quality. The right most columns of Table 3 report the average daily buyer quality and its
standard deviation for each year. Most Taobao buyers are not active. On an average day, there are
only 2.5 transactions per 100 buyers. Even during the peak promotion days such as “Double 11”
(November 11) and “Double 12” (December 12) promotions, the number of transactions is still less
than 10 per 100 buyers. However, buyer quality has been gradually improving over the years.

5.2.4 Product price

We take a representative consumer approach in the model setup. We observe the average
transaction prices across all items for each day. For sellers, we can use this price because sellers are
assumed to be more informed of product prices.® However, using average prices for a
representative buyer is equivalent to requiring her to know prices in each product category, which
1s too strong an assumption. Instead, we construct a price index using a fixed basket. We compute

basket shares based on the total revenues of the fifty categories that are sold throughout the entire

16 We do not adjust prices for inflation in our main model. We did run a model with adjusted prices and the
correlation between the reported results and the one with the inflated adjusted prices is 0.99. Relative to the
initial period, i.e., over a ten-year period, the CPI went up 37%. The monthly (and hence daily movement) in
CPI is therefore relatively very small, resulting in it not having a meaningful impact on the results (which are
available from the authors on request).
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period, and compute price index using the basket shares. We check the robustness on the number of
categories included, and on fixed basket versus time-varying basket. Over the years, average basket
prices have been declining to within 200 yuan (USD 32), corroborating Taobao’s low-price image.
5.2.5 Seasonal, promotional event and holiday controls

Taobao started “Double 11”7 and “Double 12” promotions from 2010. Ever since, these two days have
become the biggest promotional activities for the platform and for its buyers and sellers as well. We
create dummies for these two days.

Many households in China may not have computers with Internet access at home. They often
surf the web from offices. They may have more engagements on weekends, such as visiting friends,
shopping at physical stores, or simply relaxing. We create a dummy for each day of the week to
account for these effects.

Many holidays in China run over several days, some for even a week or more. Logistics
companies nearly stop operations during these holidays, particularly during the Lunar Chinese
New Year, which greatly hinders online shopping behavior. We create dummies for all Chinese

holidays to capture these effects.

6. Estimation

We use maximum likelihood to estimate the model parameters. In the estimation, we need to
address two issues, one 1s how the market for buyers and sellers evolve over time, and the other is
how to resolve the potential simultaneity and endogeneity of the buyer’s and seller’s installed bases.
6.1 Potential market sizes for buyers and sellers

We allow buyers and sellers to have the option of not joining the platform. We use the number of
Internet users in China as the base of the potential market for buyers and scale it by 1.3 because an
average buyer has 1.3 accounts at Taobao.l” Buyer’s market size evolves as follows: At the
beginning of time ¢, there are MBbuyers. During time period ¢, nf buyers join the platform and
drop out of the market, and there are m:? new Internet users joining the potential market. At the
end of time ¢ (or beginning of time ¢+1), the market size is M+/B= MB— nB + mdB = MB (1 — z.8).

The great majority of Taobao sellers are individual entrepreneurs, and it is quite common for

17 The data on the number of Internet users in China is obtained from the China Internet Network
Information Center (CNNIC). Internet usage in China has grown rapidly over the last decade. In June 2003,
there were 68 million Internet users with a penetration rate of 5.6%. By December 2012, there were 564
million Internet users with a penetration rate of 42.1%.
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wife and husband to start a Taobao business, either full time or part time. Therefore, we use the
number of households in China as the base of the potential market for sellers. Based on internal
surveys carried out by Taobao, we scale this by 0.1, with the assumption being that the potential
number of sellers for Taobao is likely to be a maximum of 10% households.’® From May 2003 to
December 2012, households in China increased from 374 million to 448 million. Seller’s market size
evolves as follows: At the beginning of time ¢, there are M;S sellers. During time ¢, n:S sellers join the
platform and drop out of the market, and there are m:Shouseholds joining the potential market. At
the end of time ¢ (or beginning of time ¢+1), the market size becomes Mi+1S = MS—nS+ mS = M:S(1 -
zt5).
6.2 Potential simultaneity and/or endogeneity
Some common unobservables may affect buyer’s and seller’s decisions to join the platform. As
buyer’s and seller’s installed bases are respectively cumulative sum of daily registered buyers and
sellers, they might be correlated with the error term, causing the potential simultaneity/
endogeneity problem. Ordinary least squares will lead to biased estimates. We use the exclusion
conditions, instrumental variables (IV) techniques, and control function approach to resolve this
problem.
6.2.1 Exclusion restrictions
We find variables that affect only one side of the platform. Buyer quality affects seller’s utility of
joining the platform, but not buyer’s utility of joining, because buyer quality directly affects seller’s
profits. On the other hand, product variety affects buyer’s, not seller’s propensity to join the
platform because it increases the chance of product match for buyers. Previous studies (e.g.,
Boatwright and Nunes 2001, Briesch, Chintagunta and Fox 2009, Sun, Rajiv and Chu 2014) have
found that product variety affects buyer’s purchase, store choice or platform choice behavior.
Another exclusion restriction utilizes the specific institutional arrangements at Taobao, that is,
the immediacy of buyers and sellers affecting the other side of the platform after registration (see
Section 4). According to Taobao’s regulations and requirements, buyers can make purchases
immediately after registration approval (typically on the same day or occasionally the next day).
Thus sellers can see the buyer installed base contemporaneously or at worst, with a one day lag. In

our model, we assume that sellers are affected by the same day installed base of buyers i.e, N¢. B, k =

18 Data on the number of households over time in China is from the State Statistics Bureau of China.
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0. On the other hand, after registration, sellers need to get the platform’s verification and approval
and also need to carry out merchandising activities. Thus the installed base of sellers on buyers has
a longer time lag ranging from two to seven days. In our model, we take the mid point of this
interval i.e., NS, t = 4.

6.2.2 Instrumental variables

Taobao buyers and sellers essentially come from the same population. Thus it is a big challenge to
find instruments that affect one side, but not the other side of the market. Since many buyers buy
from the platform because offline prices are too high, we use China’s consumer price index (CPI),
obtained from the State Statistics Bureau of China, and their lags as instruments for buyer’s
installed base. We particularly checked with the State Statistics Bureau that China’s CPI does not
factor in online purchases.

Similarly, we find instruments that only affect seller’s propensity to join the platform, and thus
the seller’s installed base. We use the component indices of China’s purchasing managers’ index
(PMI), including stocks of raw materials index, stocks of finished goods index, new orders index,
manufacturer buying price index, suppliers’ delivery time index, backlogs of work index, and
procurement quantity index as instruments for sellers. These indices measure the difficulty,
speediness and costs for sellers to obtain goods for online sales. These data are obtained from China
Federation of Logistics and Purchasing (www.chinawuliu.com.cn) and the Hong Kong Shanghai
Banking Corporation (www.hsbc.com/news-and-insight/emerging-markets). Further, households
may open a shop at the platform as a way of investment, so we also use China’s stock index as
instruments, obtained from Shanghai Stock Exchange (http:/english.sse.com.cn/).

6.2.3 Control function approach

Using the exclusion restriction and the instrumental variables, we take the control function
approach (Petrin and Train 2010) to address the potential simultaneity / endogeneity problem.
Specifically, we regress the buyer’s installed base on China’s CPI (with lags) and other exogenous
variables and compute the regression residuals r:8 (the first-stage R2 is 0.89); we regress the seller’s
installed base on China’s PMI component indices, stock index and other exogenous variables and
compute regression residuals r:S (the first-stage R2 is 0.82). We then put functions of the residuals
back into the relative market share functions (equations (5) and (10)), as are shown in Equations

(11) and (12), and re-estimate the model parameters. The control function includes both the linear
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and the quadratic term of the residuals (the results are also robust to other forms of control

functions, 1.e. only the linear term or only the quadratic term).

B
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The econometric error terms &B and &S might be correlated. We assume they follow bivariate
normal distribution as in Equation (13) and estimate model parameters jointly via the maximum
likelihood method.
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6.2.4 Measurement of cross-network effect and non-network effect
Following the literature (e.g., Gandal et al. 2000), we use elasticities to measure CNE. We compute
the impact on the number of buyers (sellers) when seller’s (buyer’s) installed base increases by 1%.
The equations to compute cross-network elasticities are as follows:
B
ee,z =P (1-2")
S2B /jlt zS (14)
eps = (1-2)

The equations to compute the effect of product price are as follows:

€srpp = ﬂZ(l_ZtB)

; (15)
€prs,p = X (1-z)
The equation to compute elasticities for the effect of product variety index on buyers is:

B
€sopy = BV, (1-z7) (16)
The equation to compute elasticities for the effect of buyer quality on sellers is:
B S
€prso = a0, (1-2) 17
7. Results

In this section, we first present the main parameter estimates and then explore the implications of
the overall results for managers.

7.1 Parameter estimates
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7.1.1 Cross-network effects

Even though the platform was open for transactions in May 2003, there were very few transactions
till Nov 2003. We therefore use data from Nov 2003 to Dec 2012 for our estimation (this also allows
for the use of lagged variables without the initial condition problem). To capture the evolution of
CNEs over time, we interact the installed base with year and month dummies (11/2003-12/2012).
Thus, we have 110 coefficients for the buyer installed base and 110 for the seller installed base. All
the cross-network coefficients are statistically significant (the mean t-statistic for the buyer
equation is 18.35 with a standard deviation of 1.91 and that of the seller equation is 21.78 with a
standard deviation of 4.72). The evolution of the CNEs is shown in Figure 2a. We now discuss three
aspects of these results in detail.

First, there exists a large, significant and positive CNE on both sides of the platform,
indicating that the installed base of either side of the platform has propelled the growth of the other
side. Specifically, we find that when the installed base of sellers increases by 1%, the number of new
buyers will on average increase by 1.51% (sd = 0.14%, min = 1.36%, max = 1.81%); when the
installed base of buyers increases by 1%, the number of new sellers will on average increase by 0.42%
(sd = 0.04%, min = 0.26%, max = 0.49%). Our finding of significant positive CNEs on the C2C online
platform is analogous to the findings in other settings such as Yellow Page (Rysman 2004) and
magazines (Kaiser and Wright 2006, Song 2013). However, the magnitudes of these effects are
much larger in the online C2C platform than in these other settings. The mutually enhancing CNEs
imply that in the introduction stage, the platform needs to take necessary measures, e.g., free or
subsidized pricing, to encourage the growth of the installed base. They also imply that once the
installed bases become large enough, the positive externalities will accelerate the growth on both
sides without too much intervention from the platform.

Second, the CNE is asymmetric. The seller installed base has a much larger impact on buyer
growth than vice versa. This suggests that the platform is much more seller driven than vice versa,
especially in the early stages. In Figure 2b, we plot the ratio of seller’s cross-network externality on
buyers over buyer’s cross-network externality on sellers. On average, seller’s CNE is 3.63 times as
large as buyer’s CNE, ranging from 2.81 to 6.66. This ratio declined over time, at a faster speed in
the initial two years, which was primarily driven by the decreasing seller’s CNE. The ratio started

to stabilize around 3.1 from 2010. This asymmetry in the CNE implies that a more preferential
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policy for the side (sellers) with a larger CNE will be more effective for the platform’s growth than
the other way around (Rochet and Tirole 2003, Armstrong 2006).

Third, the buyer’s CNE on sellers is relatively stable over time. On the other hand, the seller’s
CNE on buyers, first increases (2003-2004) and then decreases (from mid-2005). It becomes stable
after 2010. Thus, it appears that in the introduction phase, the platform’s growth is primarily
seller-driven: seller growth induces buyers to register, which in turn leads to more sellers to register,
which further encourages more buyers to register, etc. In the growth stage, the seller’s CNE is
declining, but it 1s still well above the buyer’s CNE.

7.1.2 Non-network factors

In addition to cross-network externalities, non-network factors such as product variety, product
price, and buyer quality also contribute to the growth of the platform. In Table 5, we report the
parameter estimates of non-network factors, respectively for OLS, separate 2SLS and joint 2SLS.

As can be seen from the table, product price does not have a significant effect on buyer growth.
This might be because Taobao has been positioned as a low-price platform from the very beginning
and has successfully established this price image. In addition, based on our discussion with Taobao
managers, it turns out that absolute price levels may not matter much as long as Taobao has lower
prices than other options, typically physical stores. In contrast, product price does affect seller
growth in a significant manner. Specifically, a 10% increase in product price will lead to 0.7%
increase in sellers. Sellers do care about price levels as they affect their profits directly.

Product variety has a large, significant and positive effect on buyer growth, next only to the
CNE. When the product variety index increases by 1%, new buyers will increase by 1.13% (sd =
0.07%). Besides the large installed base of users (buyers and sellers), product variety is another
biggest differentiator between Taobao and all other retailing channels. Many consumers patronize
Taobao because they can buy nearly everything there (“Taobao” literally means “treasure hunt” in
Chinese). As Taobao’s positioning catchphrase goes, “there is no treasure that cannot be hunted out”
in Taobao. Thus, it may not be surprising that product variety has a large effect on buyer growth.

Buyer quality has a significant and positive effect on seller growth. When buyer’s quality
increases by 10%, new sellers will grow by 0.8% (sd = 0.5%). Given the buyer installed base, when
buyers make more transactions, it definitely increases the platform’s attractiveness to sellers. Since

seller growth will lead to more buyers, it is important for the platform to take measures to induce
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buyers to transact more at the platform.

Most holidays have a significant dampening effect on buyer and seller growth, particularly the
latter. Interestingly, sellers are more responsive to holidays and seller registrations go down
dramatically on all holidays. Buyer registrations go down substantially during the Chinese Lunar
New Year, the National Day, and the Labor Day and do not change much during other holidays.
The deepest drop occurs on the Chinese Lunar New Year when new seller registrations are 48.3%
lower and new buyer registrations are 28.2% lower than other days. China’s National Day Holiday
is another low day with seller registrations going down by 32% and buyer registrations down by
12%.

Buyers are mostly likely to register on Monday, followed by Tuesday and Friday and least
likely to register on weekends. There are 7.4% more buyer registrations on Monday and 5% more on
Tuesday and Friday than on Sunday. Sellers are mostly likely to register on Tuesday through
Thursday, followed by Monday and Friday, and least likely to register on weekends. There are 15%
more seller registrations on Tuesday through Thursday, and 10% more on Monday and Friday than
on Sunday.

The “Double 11” promotion has a large and significant impact on buyer growth, but a large and
significant negative impact on seller growth. On that day, buyer registrations increase by 73%
because buyers want to take advantage of Taobao’s biggest price promotions in a year. On the other
hand, seller registrations decrease by 15%. This is because it takes several days for seller
registration to be verified and approved and sellers thus advance their registrations so they can sell
on the biggest promotion day. Surprisingly, the “Double 12” promotion does not significantly affect
buyer and seller registration. One reason might be that it is too close or not far enough from the
“Double 117 Promotion, and both buyers and sellers have not fully absorbed the previous
promotional effect.

7.1.3 Relative contribution of network and non-network factors

To compare the relative contributions of network and non-network factors to the platform’s
development, we compare the relative magnitudes of their elasticities in the growth of new buyers
and new sellers. Gandal, Kende and Rob (2000) use a similar approach to compare the relative
effectiveness of hardware price cuts versus software provision in driving hardware adoptions. For

buyer growth, we focus on two factors, seller installed base and product variety; for seller growth,
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we focus on three factors, buyer installed base, buyer quality, and product price.

In Figure 3a, we plot the evolution of network and non-network effects on the growth of buyers.
Through the platform’s entire history, the network factor has been the primary driving force for
buyer’s growth. However, its effect is declining gradually. Product variety, on the other hand, is
exercising increasing influence in buyer growth. The decomposition of the two effects show that, by
Dec 2012, the CNE accounts for 60% of the growth with the balance coming from product variety.

In Figure 3b, we plot the evolution of network and non-network effects on the growth of sellers.
Similarly, network factor has been the dominant force for seller’s growth. However, its effect is
declining over the platform’s lifecycle. The effect of product price is relatively stable. Buyer quality,
on the other hand, has a growing impact over time. In the first half of the data period, buyer quality
is the third important factor, lower than product price, while in the second half of the period, it rises
to be the second important factor, exceeding the impact of product price.

The finding of declining network effect is at variance with that in the U.S. video game console
market where expanding software variety (cross-network effect) becomes more effective over time
(Clements and Ohashi 2005) as well as in the PDA market (Nair et al. 2004) where software
provision has a growing effect on hardware adoption. This difference may be due to the fact that we
focus on platforms (where the intermediary does not produce or own any goods) and/or the fact that
we model non-network factors explicitly and/or due to the specific institutional setting in our study
(Internet commerce, Chinese market, etc.).

7.2 Robustness checks

We conduct a series of robustness checks, including the scale factor for buyer’s and seller’s potential
market sizes, the discount factor for seller’s installed base, the period of lags for seller’s and buyer’s
installed base, (no) instrumental variables and their lags, and definition of buyer quality. In the
interest of brevity, we do not report the results of these robustness checks in the paper. However,
they are available from the authors on request.

7.2.1 Scale factors for the potential market size

We tried different scale factors for the buyer and seller potential market size (see Section 5.2.1). For
the buyer potential market size, we used a scale factor of 1, 1.5 and 2 (we use 1.3 in the main model).
For the seller potential market size, we used a scale factor of 0.05, 0.20 and 1 (we use 0.1 in the

main model). We find the change of scale factors only shifts the intercepts up or down and does not
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affect the estimates of other parameters much (this is consistent with previous work, see Chu and
Chintagunta 2009, Chu 2013).

7.2.2 Discount factor for the seller installed base

We also estimated our model without adjusting for the difference between registered sellers and
normal state sellers (see Section 5.2.1). In other words, we use cumulative sum of all registered
sellers as the seller installed base. We find that this affects only the estimate of the intercept. There
is no material change in the other coefficients.

7.2.3 Buyer and seller registration approval duration

As noted in Section 6.2.1, there is a difference in how quickly buyer registrations and seller
registrations are approved by Taobao. We have used zero days for buyers to appear in the installed
base for sellers to consider and four days for sellers to appear in the seller installed base for buyers
to consider. We estimated our model with different approval times spanning the entire range of
times. Specifically, for buyers, we looked at a one day approval and for sellers we looked at two,
three, five, six and seven day approval. We find that our estimates are not sensitive to the choice of
approval period.

7.2.4 Measurement of buyer quality

Recall that we used the number of transactions per 100 buyers in the installed base as a measure of
buyer quality (Section 5.2.2). We also used alternative measures of buyer quality - the number of
transactions per transacting buyer and the percentages of transacting buyers in the installed base.
We obtained similar results on the network factors and non-network factors.

7.2.5 Instrumental variables

First, we estimated our model while omitting the instrumental variables and thus omitting the
control functions in Equations (11) and (12). Second, we tried different lags of the instrumental
variables. Third, we tried different instruments, such as the unemployment index for the seller’s
installed base in acknowledgement of the fact that many sellers are individual entrepreneurs and
Taobao is China’s largest employer (direct and indirect via other related industries such as logistics
and warehousing). In each case, we found quantitatively similar results.

7.2.5 Including time trends

We do not explicitly include time trends in our model. In this robustness check, therefore, we add a

time trend and a time trend squared term to both buyer and seller utility. However, once we include
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these terms, the time varying CNEs are not identified. So we estimate the model with static CNEs.
The main difference in the results from such a model and the reported estimates is that the CNE of
sellers on buyers goes up to 2.38 (as opposed to approximately 1.51 in steady state). The CNE of
buyers on sellers is estimated to be 0.44 (virtually identical to the steady state estimate of
approximately 0.42). Thus, our reported CNE of sellers on buyers is a conservative estimate.
7.2.6 The role of initial conditions
The early years of Taobao were characterized by a slightly different competitive situation (see
Section 4) and fluctuations in the average item price and transaction value. In order to make sure
that our steady-state estimates were not affected by these factors, we re-estimated the model for
two data periods — 2003-2005 and 2006-2012. We find that the estimated CNEs do not differ
significantly, especially for the latter period.
7.3 Managerial implications
Managers of platforms are typically concerned with understanding the primacy of one side versus
the other. If they know the size and asymmetry in the CNEs, they can allocate resources more
efficiently. In addition, they can also try and influence factors that are more under their control.
We focus on two such factors - product variety and buyer quality — to show the impact that changes
in these two factors can have on the growth of the network. We also discuss qualitatively the impact
of our findings on Taobao’s practices.
7.3.1 Changes in product variety
Changes in product variety have both direct effect and indirect effect. Since buyers value product
variety, a deterioration (an improvement) in product variety will lead to fewer (more) new buyers to
register on the platform. This is the direct effect. Fewer (more) buyer registrations will reduce
(increase) buyer’s installed base in all future periods, which will discourage (encourage) new sellers
to register, which will decrease (increase) seller’s installed base in all future periods, which will lead
to fewer (more) new buyers. This forms the indirect effect. On the other hand, although seller
registrations are not directly affected by changes in product variety, they will be indirectly affected
by the resultant changes in buyer installed base brought by changes in buyer registrations.

We disentangle the direct and indirect effects of a change in product variety using two scenarios.
In the first scenario, we fix the buyer and the seller installed bases at their observed values in the

data (direct effect), and in the second, we allow buyer and seller installed bases to change in the
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future by responding to changes in new buyer and new seller registrations. For each scenario, we
simulate new buyers and new sellers using the cross-network parameter estimates and
non-network parameter estimates reported in Table 5 and compute the corresponding buyer’s
installed base and seller’s installed base for each day from 11/1/2003 to 12/31/2012. The first
scenario does not account for the changes in new buyers and new sellers brought by the changed
seller and buyer installed bases, so it measures the effect of product variety changes net of network
effect. The second scenario allows sellers to respond to changes in the buyer installed base, and
buyers to respond to changes in seller’s installed base, so it measures the total effect, i.e., direct and
indirect effects of product variety. The difference between these two scenarios can be taken as the
effect of installed base, or CNE.

We simulate the effect of reducing product variety by setting product variety level to zero, which
1s akin to forcing all products sold on Taobao to be in one category. In Figure 4, we plot the ratio of
simulated seller installed base over observed seller installed base for the scenario without network
effect and the scenario with network effect, as well as the ratio of simulated buyer’s installed base
over observed buyer’s installed base for these two scenarios.

Several observations are in order. First, minimizing product variety will substantially
discourage buyer and seller registrations, leading to considerable reductions in buyer and seller
installed bases. The buyer installed base without any product variety would be only about 10% of
the actual buyer installed base, and the seller installed base would be around 40% of the actual
seller installed base. Second, the CNE compounds the effect of product variety, both on buyers and
sellers. The simulated buyer installed base would be around 35% of the actual installed base, if
there were no CNEs, as compared to around 10% with CNEs. Since product variety does not directly
affect seller registration, the reduction in seller’s installed base is totally due to CNEs. Third,
product variety has a much larger impact on buyers than on sellers, both directly and indirectly.
The buyer installed base would be much more negatively affected by reducing product variety than
the seller installed base.

7.3.2 Changes in buyer quality
Similarly, changes in buyer quality have both direct effect and indirect effect. Since sellers value
buyer quality, an increase in buyer quality will lead to more new sellers to register on the platform.

This is the direct effect. More seller registrations will increase the seller installed base in all future
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periods, which will encourage new buyers to register, which will increase buyer’s installed base in
all future periods, which will lead to more new sellers. This forms the indirect effect. On the other
hand, although buyer registrations are not directly affected by changes in buyer quality, they will
be indirectly affected by the resultant changes in seller’s installed base brought on by changes in
seller registrations.

The direct and indirect effects of a change in buyer quality can also be disentangled in the same
way as the change in product variety. We simulate the effect of doubling buyer quality. In Figure 5,
we plot the ratio of the simulated seller installed base over observed seller installed base for the
scenario without network effect and the scenario with network effect, as well as the ratio of the
simulated buyer installed base over the observed buyer installed base for these two scenarios.

We observe the following. First, enhancing buyer quality will encourage sellers and buyers to
register, leading to sizable increases in the seller and buyer installed bases. The seller installed
base would be nearly 20% higher than the actual seller installed base, with increasing effect over
time; the buyer installed base would be at least 20% higher than the actual installed base, with
cyclical effect over time. Second, CNE compounds the effect of buyer quality, both on sellers and
buyers. The simulated seller installed base would be about 10% higher than the actual installed
base, if there were no CNE, as compared to nearly 20% higher with CNEs. Since buyer quality does
not directly affect buyer registration, the increase in buyer installed base is completely due to CNEs.
Third, although buyer quality does not affect buyer registration directly, it has a larger impact on
buyers than on sellers, except for the beginning month. This is because the seller installed base has
a much larger effect on buyers than vice versa, and the CNE on buyers outweighs the direct effect of
buyer quality on sellers.

7.3.3 Impact at Taobao

We shared our analysis and findings with Taobao. One aspect of their reaction is particularly
noteworthy. The generally held wisdom in the company was that buyers were more important than
sellers as they had a bigger impact on sellers rather than the other way around. Our finding — that
the seller on buyer CNE was 3.5 times as big as the CNE of buyer on seller was seen as a very
surprising finding. In a separate conversation with Savio Kwan, the ex-COO of the Alibaba group,
we discovered the reason for this view. He noted that in the early days of Taobao, the belief was that

buyers had the purchasing power and hence needed to be nurtured over sellers (who were after all
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making profits and so were getting rewarded for participating on the platform). This belief had
become rooted in company culture over time.

As a result of our findings, the company’s managers started to become more “seller friendly.”
They lowered the emphasis on seller ratings and generally focused on improving seller welfare. In
addition, they started exploring mechanisms to reactivate buyers (via targeted emails) in order to
improve buyer quality. To improve product variety, on the margin, they encouraged sellers who

provide more variety (relative to what was already available on the platform).

8. Conclusion

This paper adds to the small but growing empirical literature on platforms (or two-sided markets),
especially in online settings. We use novel data that span the entire history of the world’s largest
C2C platform — Taobao in China — to model its growth. Specifically, we take a structural approach
to track the growth as a function of network and non-network factors. We focus on the
quantification of the CNEs over the platform’s lifecycle and compare the relative importance of
network and non-network factors in the platform’s growth. We find a large, significant and positive
CNE on both sides of the platform market, but the CNE is asymmetric with the installed base of
sellers having a much larger effect on the growth of buyers than vice versa. The growth in the
number of buyers is driven primarily by the seller installed base and product variety with
increasing importance of product variety. In contrast, the growth in the number of sellers is driven
by the buyer installed base, buyer quality, and product price with increasing importance of buyer
quality. We further find that the CNE of sellers on buyers increases and then decreases to reach a
stable level. In contrast, the CNE of buyers on sellers is relatively stable. Finally, we carry out
analyses to show how increasing product variety and buyer quality have a material direct and
indirect effect on the installed base.

Our paper suffers from a few limitations, mostly driven by the nature of the available data.
First, our measures of price and product variety are aggregates across the platform. Second, we
cannot control for differences across buyers and sellers given the lack of individual level data. Third,
we assume that both sellers and buyers are myopic in their decision to join the platform. In the
Taobao setting, this is perhaps not a first-order issue because the platform’s free-pricing policy

together with nearly hassle-free registration greatly reduces sellers’ and especially buyers’ risk of
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joining and transacting on the platform and thus their incentives to look forward. We hope that

future research can address these limitations.
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Appendix A: Direct Network Effects

The focus of our analysis is on the two cross network effects. However, direct network effects can
influence platform growth as well. In other words, the installed base of buyers (sellers) has an
impact on the utility of an individual buyer (seller). However, in our setting, these direct network
effects are likely to be not very relevant. We discuss this in detail below for both the buyer and

seller sides.

Direct Network Effect: Seller

From a seller’s perspective, the installed based of sellers could lower his/her utility of joining due to
the “congestion” effect. The congestion effect arises from the fact that as the seller installed base
become bigger, the level of competition in the product category goes up. This is hard to test at the
aggregate level. However, we were able to obtain summary data at the product category level (for
sellers) for 96 product categories (as defined by Taobao).

In order to test for the existence and magnitude of the congestion effect, we ran the following

regression to test for category-specific evidence of congestion (note that a significant and negative

value of V), represents evidence of congestion).
I(T) =y +7, . I(N) + 7, (NS + 7 In(N]) + 7, In(p)) + ys In(p) ) + 7 X, + & (AD

Where, th is the number of transactions of category c at day ¢, N,C’Sis the number of sellers in

category c, Nf‘s is the number of sellers in all other categories except for ¢, N tB is the installed

base of buyers, p, is category ¢’s mean price, pt?is the mean item price of all other categories

except for ¢, and X; is a vector of other transaction drivers, including all Chinese holidays,

“Double 11” and “Double 12” promotions, and weekday dummaies

We found evidence for congestion in six out of 96 categories (in the interest of brevity, we only
discuss the relevant results). The effect size was large (elasticity greater than 1) for only two out of
the six product categories (memory card/portable drive and 2nd-hand cars). These categories are
relatively small in terms of transaction revenues, accounting for 0.035% and 0.008% of Taobao’s

revenue. The remaining four categories show statistically significant but very small congestion
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effects (see the table below), and only one of them is a relatively large category.

Category Ve SE t-stat % Revenue
Memory card, portable drive -1.023 0.099 -10.366 0.035
3C digital parts -0.287 0.073 -3.929 2.620
Sport wear/sport bags/neck accessories -0.236 0.112 -2.098 0.510
Interior design -0.190 0.040 -4.757 0.009
2nd-hand cars -2.358 0.678 -3.478 0.008
DIY -0.401 0.187 -2.139 0.116

The intuition for why we find virtually no congestion effect is that for the time period under study,
the platform was expanding rapidly, especially on the buyer side. Thus, primary demand dominated
secondary demand, with the consequence that sellers were focused on trying to convert new buyers

rather than on acquiring existing buyers from other sellers.

Direct Network Effect: Buyer

From a buyer’s perspective, Taobao is positioned as a middle to lower end retailer with low prices
for a wide assortment of goods. This makes it attractive to a potential buyer. However, given the
current business model of the platform, there is no direct economic benefit for a buyer related to the
installed base of buyers, i.e., there is no group (buyer) buying, etc. There could be some indirect
benefits such as more buyers may signal directly or via word-of-mouth to a new buyer that it is safe
to purchase via Taobao. However, given that the escrow system (Alipay) was created for this exact
purpose, it seems unlikely that the buyer installed base would be needed as a proxy. A larger
installed base of buyers could also induce a wider and more varied assortment of available goods —
something that we control for. Overall, our assessment is that, even if there are direct network

effects, their magnitude is likely to be second or third-order.
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Table 1: Notation

Notation | Definition

B Buyer

S Seller

t time (day)

nd new registered buyers during time ¢

nes new registered sellers during time ¢

N;B Total number (the installed base) of buyers at the beginning of ¢

NS Total number (the installed base) of buyers at the beginning of ¢

MB Potential market size for buyers at the beginning of time ¢

M:S potential market size for sellers at the beginning of time ¢

UiB Buyer’s utility of joining the platform

U;S Seller’s utility of joining the platform

PiB Buyer’s probability of joining the platform

Pi:s Seller’s probability of joining the platform

zB The platform’s market share of buyers

2 The platform’s market share of sellers

Vi Product variety index

Dt Mean transaction price

QB Buyer quality

Xi Seasonality and holiday factors

&B Unobservable buyer factors

&S Unobservable seller factors

&itB Buyer idiosyncratic factor

&jtS Seller idiosyncratic factor

Table 2: Daily New Buyers and New Sellers
New sellers (1000) New buyers (1000)
mean sd Sum | cum sum | mean sd Sum Cum sum

2003* 0.01 0.01 3 3 0.00 0.01 1 1

2004 0.12 0.08 39 42 1.42 1.76 473 473

2005 0.78  0.52 286 328 24.19 12.67 8,831 9,304

2006 2.07 0.51 754 1,082 43.92 6.32 16,031 25,335

2007 2.92 0.73 1,064 2,147 56.82 13.44 20,739 46,075

2008 4.66 1.20 1,707 3,854 115.75 31.20 42,364 88,439

2009 7.68 2.02 2,805 6,659 156.11 47.24 56,981 145,419

2010 10.54 3.43 3,848 10,507 197.30 45.09 72,014 217,434

2011 15.85 4.47 5,785 16,292 236.47 57.65 86,312 303,746

2012 13.86 3.30 5,072 21,364 359.46 91.74 131,562 435,308
All years 6.15 5.96 21,364 125.38 119.49 435,308

*New sellers start from 5/11/2003, and new buyers from 10/15/2003
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Table 3: Summary of Daily Transacting Buyers and Sellers

transacting transacting transacting No. of No. of
sellers sellers/discounted buyers/ transactions transactions per
/ total sellers (%) | total sellers (%) total buyers (%) (‘000) 100 buyers
mean sd Mean Sd mean sd mean sd mean sd
2003 0.42 0.31 0.52 0.39 10.47  15.04 0.01 0.01 12.51  18.00
2004 4.99 4.11 6.34 5.09 1.93 0.97 2.07 2.68 2.56 1.29
2005 11.43 1.78 14.85 2.35 0.76 0.20 42.18 29.34 1.27 0.29
2006 8.36 1.58 11.82 1.97 0.62 0.11 201.16 77.18 1.15 0.21
2007 7.09 0.98 12.16 1.74 0.80 0.15 560.65  194.88 1.59 0.33
2008 6.86 0.98 13.33 1.90 0.98 0.16] 1,480.11 505.55 2.24 0.45
2009 6.52 1.02 13.55 2.05 1.05 0.19| 3,480.62  1789.10 3.00 0.62
2010 5.81 0.80 13.35 1.88 1.11 0.20| 5,685.80 1,676.95 3.13 0.67
2011 4.79 0.78 11.14 1.76 1.27 0.29| 8,860.72 2,549.62 3.44 0.84
2012 4.66 0.74 13.01 2.40 1.42 0.33| 13,015.08 4,013.32 3.54 0.92
All 6.63 2.75 12.02 3.68 1.26 2.40| 3,674.00 4,682.64 2.61 2.94
Table 4: Summary of Daily Transactions
Mean item price Expenditure per | Expenditure per Daily revenues
Year (yuan) transaction (yuan) buyer (yuan) (million yuan)
mean sd mean sd mean sd mean sd
2003 102.54 265.44 110.73 290.90| 121.14 307.07 0.00 0.00
2004 160.17 140.90 232.91 129.10f 292.33 134.37 0.36 0.50
2005 30.11 10.34 166.91 27.53| 279.84 36.79 6.61 4.32
2006 13.69 3.11 144.61 12.17| 265.42 23.98 29.38 12.40
2007 11.54 1.66 162.52 10.71| 319.48 24.45 91.72 33.82
2008 13.99 1.99 142.52 20.43| 319.63 28.81 203.71 51.78
2009 12.23 1.52 117.48 17.94| 329.22 31.45 404.68 103.27
2010 12.62 1.46 122.21 16.01| 339.07 26.12 684.99 205.94
2011 13.82 1.81 125.00 13.52| 335.27 31.40| 1,104.46 339.76
2012 14.74 1.64 125.13 16.44| 307.40 27.95| 1,612.17 512.77
All years 34.7 91.8 145.68 90.65| 298.17 104.47 435.54 574.67
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Figure 2a: Evolution of Cross-network Effects (2SLS,
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Figure 3a: Relative Contribution to Buyer Growth
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Simulated Impact of Product Variety on Buyer and Seller Installed Bases
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Figure 4




e seller: no network effect
=== se|ler: with network effect

== huyer: no network effect
=eee<° buyer: with network effect
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Simulated Impact of Buyer Quality on Buyer and Seller Installed Bases
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Figure 5




