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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 toward e-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 utility-based model
to quantify both cross and direct network effects on Alibaba Group’s 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 the direct network effects do
not play a big role in the platform’s growth (we detect a small positive direct network effect on buyer growth
and no direct network effect on seller growth). More importantly, we find a significant, large and positive cross-
network effect on both sides of the platform. In other words, the installed base of either side of the platform
has propelled the growth of the other side (and thus the overall growth). Interestingly, this cross-network 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. By contrast, the cross-network effect of buyers on sellers is
relatively stable. We discuss the policy implications of these findings for C2C platforms in general and Taobao
in particular.
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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 e-commerce. This
is especially true in countries such as China that are
experiencing a big rush toward e-commerce. The emer-
gence of such platforms represents a new phenomenon
because 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 7.1 million as sellers in less than a
decade after its formation in 2003. 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 atti-
tude toward product assortment, allowing buyers and
sellers to make choices on what to offer. Although 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 Jul-
lien 2003, Armstrong 2006, Rochet and Tirole 2006)
and less on the factors determining platform evolution
and growth. In addition, most empirical work on plat-
form markets has usually been set in “conventional” or
offline markets, such as VCRs, game consoles, personal
digital assistants (PDAs), media (TV, newspaper, and
magazines), payment systems, and yellow pages (e.g.,
Ohashi 2003, Rysman 2004, Nair et al. 2004, Clements
and Ohashi 2005, Wilbur 2008, Dubé et al. 2010, Liu
2010, Sun et al. 2015). Much of the extant research
on online C2C platforms such as eBay has focused
on the auction mechanism and recommendation sys-
tem, rather than on the evolution and growth of the
platform.
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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 as the nature of
buyer and seller interactions over the platform’s life
cycle. We look at the following 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
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. Second, this quantification leads us
to discover whether the two CNEs are asymmetric.
This asymmetry, if it exists, allows us to pinpoint the
side of the platform that is more important for the
overall growth (of the platform). Third, in two-sided
markets where CNEs are likely to exist because the
platform has no stand-alone value to either side of the
market, can we detect a direct network effect (DNE)
on each side of the platform? If there is a DNE, how
large is it vis-à-vis CNEs? Fourth, we examine how
the nonnetwork factors (e.g., product variety, prod-
uct price, and buyer quality) affect the growth of the
two sides of the network. We contrast the effect of
nonnetwork factors with the network effects toward
the growth of the network. Finally, we allow both
the CNEs and nonnetwork effects to vary over time
beginning from the platform’s inception.

To do this, we exploit a new data set from Alibaba
Group’s http://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)1 in revenues.
A major distinguishing feature of our data set is that
our data start from the first day of Taobao’s opera-
tions (May 11, 2003). Our data set contains daily ob-
servations on the number of platform participants, the
assortment of products on offer, and the revenue from
buyers and sellers. Interestingly, Taobao allows both
buyers and sellers to participate for free on the plat-
form. Industry reports (e.g., Morningstar 2014) have
noted that the rapid growth of the platform is due to
the strong network effect (italics ours) where the value

1 For the sake of exposition, we use 6.23 yuan to $1 USD as the
exchange rate (the rate reported at xe.com on December 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).

of the platform to consumers increases with a greater
number of sellers (and vice versa).

Using a utility-based 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 is asymmetric: the installed base of sellers
has a much larger effect on the growth of buyers
than vice versa, implying that the platform’s growth
is driven more by sellers than by buyers. There is also
a small positive and significant DNE on the buyer’s
side, and a negative but insignificant DNE on the
seller’s side. Furthermore, 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. By 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. By contrast,
the CNE of buyers on sellers is relatively stable. We
examine the policy implication of our findings.

Overall, our paper makes the following contribu-
tions to the two-sided markets literature. First, the
paper is one of the few papers that is able to pin down
the CNE and DNE in one holistic model. Second, the
CNE is allowed to be time varying and estimated
from the inception of the network, something that is
novel to the literature. Third, there is also little work
that quantifies the relative importance of one side
over the other side of the network. Our finding, that
sellers play a much bigger role in growing such net-
works, has implications for both academics and man-
agers. Fourth, we are also able to estimate the effect of
nonnetwork factors on the platform’s growth. Fifth,
most extant work on two-sided markets has focused
on the role of price in growing the network. Our set-
ting is unique in that the platform charges zero price
for participation (for both the buyer and the seller).
Thus, the platform has no direct instrument to enable
growth. In such settings, it is important to understand
the drivers of growth. Finally, our paper sheds new
light on a business model—C2C—that is becoming
increasingly prevalent in e-commerce markets.

The rest of the paper is organized as follows. In
§2, we review the relevant literature. We describe
the institutional setting in §3, set up the economet-
ric model in §4, and summarize the data and explain
the variable operationalization in §5, and describe the
estimation in §6. We report the main findings, results
of the robustness checks, and managerial implications
in §7 and conclude in §8.
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2. Literature Review
Research on two-sided markets has a relatively short
history (see Rysman 2009 and Sriram et al. 2015 for
an overview). Rochet and Tirole (2003, 2006), Caillaud
and Jullien (2003), and Armstrong (2006) each pro-
vide a theoretical framework for two-sided markets to
explain how the price structure is determined when
either a monopoly platform sets prices or two plat-
forms compete. A common feature present in all this
theory work is that the benefit of joining a platform
for any agent depends on the total number of agents
from the other side on the same platform. This rela-
tionship can be summarized by the CNE, testifying
to the importance of the existence and magnitude of
the CNE. 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 a rapid pace.2 One stream
(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 com-
plementary side (usually due to lack of data). Gandal
et al. (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 pos-
itive cross-network externalities whereby advertisers
value consumer usage and consumers value advertis-
ing. Ackerberg and Gowrisankaran (2006) estimate the
size and importance of network externalities in the
automated clearing house (ACH) banking industry,
and find that most of the impediments to ACH adop-
tion is from the large customer fixed cost of adoption.
Wilbur (2008) explicitly models the two-way cross-
network interactions in the television industry and
finds a negative effect of the number of advertisements
on audience size (viewers are ad averse) and a positive

2 Given that our setting is a monopoly platform that does not
charge sellers and buyers, we only focus on work related to net-
work effects. For work that has focused on competition, price struc-
ture, and market power, see Kaiser and Wright (2006), Chandra
and Collard-Wexler (2009), Jin and Rysman (2015), Seamans and
Zhu (2014), Argentesi and Filistrucchi (2007), Liu (2010), and
Pattabhiramaiah et al. (2013). For work on market outcomes
and consumer welfare, see Chen and Xie (2007), Dubé et al. (2010),
Fan (2013), and Song (2013).

effect of audience size on advertiser demand (advertis-
ers are viewer loving). In contrast to this literature, we
estimate two-way CNEs and two-way DNEs in two-
sided markets and compare their relative magnitudes.

A few studies have extended this literature by
quantifying the evolution of cross-network externali-
ties. Nair et al. (2004) quantify the size of CNEs in the
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 effec-
tive practice at the beginning of the product cycle,
and expanding software variety becomes more effec-
tive later.

Our paper is closely related to these two studies,
but with some notable differences. First, our empiri-
cal context is a unique and different two-sided mar-
ket, i.e., a monopoly C2C online platform that has
adopted free pricing for both sides of the market
throughout the platform’s life cycle. Thus the drivers
for the platform’s growth are very different from
other platforms. Second, we explicitly quantify two-
way CNEs, i.e., buyers on sellers and sellers on buy-
ers, and their evolution over the platform’s life cycle,
and thus we are able to pin down which side of the
platform is more important for the platform’s growth.
Nair et al. (2004) and Clements and Ohashi (2005)
focus on one side, i.e., software titles on hardware
adoptions, so they are not able to pinpoint the rela-
tive importance of one side over the other. Third, we
measure CNEs together with DNE for the same plat-
form, and find that CNEs are much larger than DNE,
whereas they only measure CNEs. Ours is the first
to examine both CNEs and DNEs in the same frame-
work. Fourth, in contrast to their separate estimation
of the two sides, we model the decisions of the two
sides jointly. Fifth, our finding on the relative impor-
tance of network factors versus nonnetwork 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 life cycle. By contrast,
we find a decreasing importance of network factors
and increasing importance of nonnetwork factors in
the growth of the platform. Therefore, our research
adds to and complements the literature on the net-
work effects and their evolution.

3. Institutional Setting
As noted earlier, our data are provided by http://
www.taobao.com, a China-based online platform.3

3 The data are provided to us under a non-disclosure agreement
that allows us to publish analyses and results but not the raw data.
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Taobao is the world’s largest online C2C platform,
both by registered users and by revenues. By Decem-
ber 31, 2012, Taobao had 7.1 million sellers and 435
million buyers. Its transactions in 2012 totaled 590 bil-
lion 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.

Taobao is a subsidiary of Alibaba (China) Group,
a publicly owned company4 that does business
in many areas of e-commerce, including business-
to-business (B2B, http://www.alibaba.com for inter-
national trade, and http://www.1688.com for China’s
domestic trade) for small and midsize enterprises,
C2C (http://www.taobao.com), business-to-consumer
(B2C, http://www.tmall.com), online payment system
(http://www.alipay.com), group buying (http://www
.juhuasuan.com), cloud computing (http://www
.aliyun.com), and others.5

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 created Aliwangwang, a
Skype-like communication device that allows buyers
and sellers to fully communicate and exchange infor-
mation 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 use was far from univer-
sal and buyers and sellers had mutual distrust for each
other in online transactions.6 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
had over a 95% market share in China’s online C2C com-
merce. It can therefore be considered as having a virtual
monopoly in C2C platforms. 7

4 The Alibaba Group went public in Hong Kong in 2007, and pri-
vatized in 2012. It went public on the New York Stock Exchange
on September 19, 2014. It raised $25 billion, representing the largest
initial public offering worldwide to date.
5 For more information, please visit http://www.alibabagroup
.com/cn/global/home.
6 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.
7 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, each-
net.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 whereas buyers did not pay reg-
istration and transacted for free. eBay Eachnet did not employ an

Taobao continues its free policy to date. Specifically,
buying at Taobao is free. To register as a buyer, an
agent has to provide a valid cell phone number or
an email address. 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 she does not transact. Selling at Taobao is also free—
free registration, no membership fee, no annual fee,
no listing fee, and no transaction commissions. Regis-
tering as a seller at Taobao is via a “real-name authen-
tication” registration process.8 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 regula-
tions). 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 activ-
ity, seller registration volume, and unrelated corpo-
rate activity.9

Taobao also provides a lot of information about
its activities on its website. Specifically, it regularly

escrow based system and also forbade buyers and sellers from com-
municating directly with each other. Because of the lack of localiza-
tion, eBay Eachnet never enjoyed the success and popularity in China
that it did in the United States and Germany and was quickly over-
taken 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 December 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. Because we do not have
any data on the number of participants on eBay Eachnet, the out-
side good described in §§4.1 and 4.2 between 2003–2006 combines
not joining any C2C platform (i.e., shopping at physical stores) and
joining eBay Eachnet. In §7.2.6, we drop the initial years from our
analysis to see if that affects our results.
8 Details on the seller registration procedure (in Chinese) are at
http://service.taobao.com/help/seller/shop_step1_01_03.html?spm
=0.0.0.0.6vM1SF.
9 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 the
agent is counted as a seller only if she 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 the agent is counted as a
buyer only when the agent 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 7.1 million sellers
are also buyers. We were also able to obtain more disaggregate
data on three reasonably large product categories—women’s shoes,
baby care products, 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, baby care products, and cell phones.
Given the aggregate nature of our data, we cannot control for this
potential difference explicitly. Although 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.
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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, subcategory, etc., all the
way to the individual item. Taobao also makes pub-
licly available several of its indices, including (a) the
Taobao consumer price index that tracks and pub-
lishes the overall price of products sold on Taobao;
(b) the Taobao Index that provides information on
searches, transactions, and characteristics of buyers at
the product category level; and (c) the Taobao Interest
Index that tracks searches, bookmarks, and transac-
tions by category, by day, and by week. Other sup-
plementary data on the status of Taobao’s platform
can also be obtained relatively easily at search engines
such as www.baidu.com.10 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 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 infor-
mation, 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 regulations.

The free buying and selling policy means that
Taobao does not earn money from buyer and seller
registration and transactions. Taobao’s revenues are
based on three sources. The primary source is from
seller online advertising expenditure on Taobao.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.

10 A set of annotated screenshots illustrating the availability of this
information is available from the authors on request.

4. Model
We take a utility-based approach to model the plat-
form’s evolution by focusing on the growth of buy-
ers 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 B and sellers S to
transact with each other. It charges buyers and sellers,
respectively, PB and PS (fixed) membership fees and aB

and aS commissions per transaction. Both member-
ship fees and transaction charges can be zero or neg-
ative (subsidies). Note that the key decision in our
model is whether to join the platform or not (for both
the buyer and seller). In other words, we are not mod-
eling the buyer’s decision to buy an item at a given
price or a seller’s decision to sell an item at a given
price. We next derive a buyer’s and a seller’s probabil-
ity of joining the platform and the platform’s market
shares on the buyer and seller sides.

4.1. Buyer Side Model
A representative buyer’s utility of joining the plat-
form is based on (i) her intrinsic preference for the
platform bB; (ii) the number of sellers on the plat-
form or the installed base of sellers at time t−� , N S

t−� ;
(iii) product variety Vt , which increases the chance of
match between buyers and sellers; (iv) the platform’s
time-varying marketing activities and other facilita-
tors for online shopping such as the advancement of
the logistics industry Yt ; (v) seasonality and holiday
factors Xt ; (vi) a price index representing the price
image of goods sold on the platform at time t, pBt ;
(vii) the price of joining the platform, PB; (viii) unob-
served (to the researcher) factor(s) �B

t ; and (ix) a buyer
idiosyncratic factor �B

it . In addition, a large literature
on new product adoption (e.g., Bass 1969, Mahajan
et al. 1995) has shown that an individual’s adoption
decision is influenced (typically by word of mouth)
by how many others have adopted the product or the
installed base of buyers, N B

t−�, i.e., there is a direct net-
work effect. The net indirect utility of a representative
buyer at time t is

U B
it =f 4bB5f 4N S

t−�1Vt1Yt1Xt1p
B
t 1�

B
t 1�

B
it5f 4N

B
t−�5−P B0 (1)

In our context, P B = 0.11 Since we do not have
information on Yt , the platform’s marketing activities
and the logistics industry, we include a linear and a
quadratic time trend to capture their effects. Assum-
ing the buyer’s net utility from joining the platform

11 As noted earlier, the actual cost of joining the platform is zero as
per Taobao’s policy. To ensure that there was no “hassle” or “time”
cost of joining the platform, we recruited 100 Chinese individuals
and asked them to register on Taobao as buyers. We found that, on
average, it took them 1.92 minutes (SD = 0.44 minutes) to do so,
suggesting that there are no hassle or time costs incurred in joining
the platform.
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takes the Cobb–Douglas form (see Berry et al. 1995,
Petrin 2002, Rysman 2004), we have buyer i’s indirect
utility of joining the platform as

U B
it = �0 +�1t +�2t

2
+�1 ln4N B

t−�5+�2t̄ ln4N S
t−�5

+�3 ln4pBt 5+�4Vt +�5Xt + �B
t + �B

it0 (2)

In this setup, �0 ≡ f 4bB5 represents buyer’s intrin-
sic preference for the platform, and �1 and �2 are
the effect of time trend, capturing the influence of all
other time-varying variables (Yt) that are not included
in the model. The coefficient �1 measures the effect
of buyer’s installed base on the growth of buyers
or the DNE, and �2t̄ measures the effect of seller’s
installed base on buyer’s utility, i.e., the CNE of sell-
ers on buyers. To capture the evolution of CNE over
time, we allow this coefficient to be time (year and
month) varying—t̄ refers to the calendar month in
which day t falls. The coefficient �3 represents the
effect of product price index or price image on buyers,
�4 is the marginal effect of product variety on buyers,
and �5 stands for the effect of seasonality and holi-
days. Assuming �B

it follows independent and identi-
cally distributed (i.i.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

PrBit =
[

exp4�0 +�1t +�2t
2
+�1 ln4N B

t−�5+�2t̄ ln4N S
t−�5

+�3 ln4pBt 5+�4Vt +�5Xt + �B
t 5
]

·
[

1 + exp4�0 +�1t +�2t
2
+�1 ln4N B

t−�5

+�2t̄ ln4N S
t−�5+�3 ln4pBt 5+�4Vt

+�5Xt + �B
t 5
]−1

1 (3)

PrB10
it =

[

1 + exp4�0 +�1t +�2t
2
+�1 ln4N B

t−�5

+�2t̄ ln4N S
t−�5+�3 ln4pBt 5+�4Vt

+�5Xt + �B
t 5
]−1

0 (4)

Under the assumption that buyers “single home”
(a reasonable assumption in our empirical context as
described above), a buyer’s probability of joining the
platform is the same as the platform’s market share
of buyers, zBt .12 Thus, the platform’s relative market
share is

ln
zBt
zB10
t

= ln
nB
t /M

B
t

4MB
t −nB

t 5/M
B
t

= �0 +�1t +�2t
2
+�1 ln4N B

t−�5+�2t̄ ln4N S
t−�5

+�3 ln4pBt 5+�4Vt +�5Xt + �B
t 1 (5)

12 As we discuss in §5 we only have access to aggregate data. We
tried to accommodate heterogeneity by allowing the intrinsic pref-
erence for the platform to vary across buyers and sellers, but were
unable to obtain a meaningful estimate for the heterogeneity term.
All of the other estimates were materially unaffected (details are
available from the authors on request).

where nB
t is the number of new buyers in time period t

and MB
t is the market potential for buyers at the

beginning of time t.

4.2. Seller Side Model
We derive the seller’s probability of joining the plat-
form and the platform’s market share of sellers in a
similar manner. A seller’s utility of joining the plat-
form depends on (i) her intrinsic preference for the
platform bS ; (ii) the number of buyers on the plat-
form or the installed base of buyers at time t−�, N B

t−�;
(iii) buyer’s quality QB

t , which increases the attractive-
ness of the platform; (iv) the platform’s time-varying
marketing activities and other facilitators for online
shopping such as the advancement of the logistics
industry Yt ; (v) seasonality and holiday factors Xt ;
(vi) a price index representing the price image of
goods sold on the platform at time t, pSt ; (vii) the
price of joining the platform, PS ; (viii) some unob-
served factors �S

t ; and (ix) seller idiosyncratic factor
�S
jt . A seller’s decision to join the platform may also

be influenced by how many other sellers have joined
the platform or the seller’s installed base N S

t−� . On one
hand, a prospective seller can learn about the prospect
of doing business on the platform from existing sell-
ers;13 on the other hand, the prospective seller may
be concerned about potential competition from exist-
ing sellers. Thus, the DNE of seller’s installed base
can be positive or negative, depending on which of
the two effects dominates. The net indirect utility of a
representative seller j joining the platform at time t is

U S
jt =f 4bSt 5f 4N

B
t−�1Q

B
t 1Yt1Xt1p

S
t 1�

S
t 1�

S
jt5f 4N

S
t−�5−P S 0 (6)

In our context, P S = 0.14 Assuming the seller’s
net utility from joining the platform takes the Cobb–
Douglas form (see Berry et al. 1995, Petrin 2002, Rysman
2004), we have seller j’s indirect utility of joining the
platform as

U S
jt = �0 +�1t +�2t

2
+�1 ln4N S

t−�5+�2t̄ ln4N B
t−�5

+�3 ln4pSt 5+�4Q
B
t +�5Xt + �S

t + �S
jt0 (7)

In this utility setup, �0 ≡ f 4bS5 represents seller’s
intrinsic preference for the platform, and �1 and �2

13 There are reports in the business press about the so-called
“Taobao villages,” where the existence of local sellers encour-
ages other local sellers to join Taobao as well (see http://www
.economist.com/news/china/21602755-one-small-hamlet-teaching
-people-how-sell-online-cash-cow-taobao). We thank an anony-
mous referee for bringing this phenomenon to our attention.
14 Although the hassle cost of signing up is slightly higher for sell-
ers, based on the results of the survey carried out by Peking Uni-
versity and Aliresearch as well as in-depth interviews of 10 Taobao
sellers (carried out by the authors), it seems that the overall cost
(nonfinancial) of joining is considered negligible by sellers.
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are the effect of time trend, capturing the influence
of all other time-varying variables (Yt5 that are not
included in the model. The coefficient �1 measures
the effect of seller’s installed base or the DNE, and
�2t̄ measures the effect of the installed base of buyers
on seller’s utility, i.e., the CNE of buyers on sellers.
To capture the evolution of CNE over time, we allow
this coefficient to be time (year and month) varying—
t̄ refers to the calendar month in which day t falls. The
coefficient �3 represents the effect of product price
image on seller’s utility, �4 denotes the effect of buyer
quality, and �5 stands for the effect of seasonality and
holidays. Assuming �S

jt follows i.i.d. extreme value
distribution and the utility of not joining the platform
is normalized to zero, we have the seller’s probabil-
ities of joining and not joining the platform, respec-
tively, as

PrSjt =
[

exp4�0 +�1t +�2t
2
+�1 ln4N S

t−�5+�2t̄ ln4N B
t−�5

+�3 ln4pSt 5+�4Q
B
t +�5Xt + �S

t 5
]

·
[

1 + exp4�0 +�1t +�2t
2
+�1 ln4N S

t−�5

+�2t̄ ln4N B
t−�5+�3 ln4pSt 5+�4Q

B
t

+�5Xt + �S
t 5
]−1

1 (8)

PrS10
jt =

[

1 + exp4�0 +�1t +�2t
2
+�1 ln4N S

t−�5

+�2t̄ ln4N B
t−�5+�3 ln4pSt 5+�4Q

B
t

+�5Xt + �S
t 5
]−1

0 (9)

Under the assumption that sellers “single home,”
the seller’s probability of joining the platform is the
same as the platform’s market share of sellers, ZS

t .
Thus, the platform’s relative market share is

ln
zSt
zS10
t

= ln
nS
t /M

S
t

4MS
t −nS

t 5/M
S
t

= �0 +�1t +�2t
2
+�1 ln4N S

t−�5+�2t̄ ln4N B
t−�5

+�3 ln4pSt 5+�4Q
B
t +�5Xt + �S

t 1 (10)

where nS
t is the number of new sellers in time period t

and MS
t is the market potential for sellers at the begin-

ning of time t. We now have the system of Equa-
tions (5) and (10) that can be taken to the data for
estimation. We collect the notation into Table 1 for
ease of exposition.

5. Data and Variable
Operationalization

As noted earlier, our data are novel, especially in
the sense that we have data from Taobao’s incep-
tion. Specifically, we have daily observations from
May 11, 2003, the day when the first seller regis-
tered on Taobao, to December 31, 2012. For each day,

Table 1 Notation

Notation Definition

B Buyer
S Seller
t Time (day)
nB
t New registered buyers during time t

nS
t New registered sellers during time t

NB
t Total number (the installed base) of buyers at the beginning

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

of t
MB

t Potential market size for buyers at the beginning of time t
MS

t Potential market size for sellers at the beginning of time t
UB

it Buyer’s utility of joining the platform
US

jt Seller’s utility of joining the platform
P B
it Buyer i’s probability of joining the platform
P S
jt Seller j’s probability of joining the platform
P B Buyer’s price of joining the platform
P S Seller’s price of joining the platform
pB
t Price index for buyers

pS
t Price index for sellers

zB
t The platform’s market share of buyers
zS
t The platform’s market share of sellers
Vt Product variety index
Yt Time-varying factors such as the platform’s marketing

activities and other facilitators for online shopping
(e.g., the advancement of the logistics industry)

QB
t Buyer quality

Xt Seasonality and holiday factors
CF 4r Bt 5 Control function for buyer installed base
CF 4r St 5 Control function for seller installed base
�Bt Unobservable buyer factors
�St Unobservable seller factors
�Bit Buyer idiosyncratic factor
�Sjt Seller idiosyncratic factor
� B Standard deviation for the buyer’s equation error in the

bivariate normal distribution
� S Standard deviation for the seller’s equation error in the

bivariate normal distribution
� Correlation coefficient for the bivariate normal distribution

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 trans-
action, and total revenues. These variables are aggre-
gated 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. 15 Unfortunately, we do not

15 Taobao also allows buyers to rate sellers on a five “star” scale
and reports the percentage of good ratings. 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 follow-
ing four 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 five stars (the maximum) as the default rat-
ing. Second, the average rating across all sellers on a daily basis
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Table 2 Daily New Buyers and New Sellers

New sellers (1,000) New buyers (1,000)

Mean Std dev Sum Cum sum Mean Std dev Sum Cum sum

2003a 0001 0001 3 3 0000 0001 1 1
2004 0012 0008 39 42 1042 1076 473 473
2005 0078 0052 286 328 24019 12067 81831 91304
2006 2007 0051 754 11082 43092 6032 161031 251335
2007 2092 0073 11064 21147 56082 13044 201739 461075
2008 4066 1020 11707 31854 115075 31020 421364 881439
2009 7068 2002 21805 61659 156011 47024 561981 1451419
2010 10054 3043 31848 101507 197030 45009 721014 2171434
2011 15085 4047 51785 161292 236047 57065 861312 3031746
2012 13086 3030 51072 211364 359046 91074 1311562 4351308

All years 6015 5096 211364 125038 119049 4351308

aNew sellers start from May 11, 2003, and new buyers from October 15, 2003.

have numbers of sellers or buyers for each product
category.

5.1. Data Summary
Table 2 summarizes daily new sellers and new buyers,
their annual totals and growth; Figure 1(a) plots the
evolution of daily registrations over time. There are
huge variations in daily registrations. During Octo-
ber to December 2003, the average number of new
sellers and buyers on a day was 15 and 3, respec-
tively. 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 sell-
ers 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 mil-
lion 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 mil-
lion (sellers) and 435 million (buyers). Note that this
installed base here does not account for seller and
buyer attrition (we discuss this in detail in §5.2.1).

Over time, the total number of transactions per day
has gone from 2,000 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

did not have much variation (e.g., using a supplementary data set,
we found that the mean weekly percentage of good ratings for a
million sellers over an 18 month period beginning November 2011
is 80.9% with a standard deviation of 0.9%). Third, Taobao had
noticed that some buyers were using the Aliwangwang communi-
cation tool to “intimidate” sellers into 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 provi-
sion 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 are not likely to be
diagnostic.

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 transac-
tions, including mean item price, size of each trans-
action, 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
transaction16 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
Because of the nature of the research methodol-
ogy, data, and institutional setting, we need to con-
struct many of the variables that we use. We discuss
these below. In §6.3, we explore the robustness of
our results to alternative operationalization of these
variables.

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.17 As noted

16 This includes shipping fees that range from 1% to 15% of transac-
tion size depending on product category. Generally, the smaller the
total basket value in yuan, the higher the percentage shipping fee.
17 Given the modest transaction size, it is possible that transactions
on Taobao 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-à-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%
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Figure 1(a) (Color online) Buyer and Seller Registrations by Time
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Figure 1(b) (Color online) Evolution of Buyer and Seller Installed Bases
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Table 3 Summary of Daily Transacting Buyers and Sellers

Transacting sellers/ Transacting sellers/ Transacting buyers/ No. of No. of transactions
Total sellers (%) Discounted total sellers (%) Total buyers (%) transactions (‘000) per 100 buyers

Mean Std dev Mean Std dev Mean Std dev Mean Std dev Mean Std dev

2003 0042 0031 0052 0039 10047 15004 0001 0001 12051 18000
2004 4099 4011 6034 5009 1093 0097 2007 2068 2056 1029
2005 11043 1078 14085 2035 0076 0020 42018 29034 1027 0029
2006 8036 1058 11082 1097 0062 0011 201016 77018 1015 0021
2007 7009 0098 12016 1074 0080 0015 560065 194088 1059 0033
2008 6086 0098 13033 1090 0098 0016 11480011 505055 2024 0045
2009 6052 1002 13055 2005 1005 0019 31480062 789010 3000 0062
2010 5081 0080 13035 1088 1011 0020 51685080 11676095 3013 0067
2011 4079 0078 11014 1076 1027 0029 81860072 21549062 3044 0084
2012 4066 0074 13001 2040 1042 0033 131015008 41013032 3054 0092

All 6063 2075 12002 3068 1026 2040 31674000 41682064 2061 2094

Table 4 Summary of Daily Transactions

Mean item Expenditure per Expenditure per Daily revenues
price (yuan) transaction (yuan) buyer (yuan) (million yuan)

Year Mean Std dev Mean Std dev Mean Std dev Mean Std dev

2003 102054 265044 110073 290090 121014 307007 0000 0000
2004 160017 140090 232091 129010 292033 134037 0036 0050
2005 30011 10034 166091 27053 279084 36079 6061 4032
2006 13069 3011 144061 12017 265042 23098 29038 12040
2007 11054 1066 162052 10071 319048 24045 91072 33082
2008 13099 1099 142052 20043 319063 28081 203071 51078
2009 12023 1052 117048 17094 329022 31045 404068 103027
2010 12062 1046 122021 16001 339007 26012 684099 205094
2011 13082 1081 125000 13052 335027 31040 11104046 339076
2012 14074 1064 125013 16044 307040 27095 11612017 512077

All years 3407 9108 145068 90065 298017 104047 435054 574067

earlier, Taobao’s policy is that once a buyer activates
her account, the buyer 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 December 31, 2012,
the total number of sellers ever registered exceeded
21 million, but the total number of sellers in nor-
mal state (defined as transacting and/or engaging in

(with a range of 29.26% to 100%). Taobao also reported to us that
for the cell phone category, buying is nationwide (following the
population distribution) whereas 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.

merchandising activity at least once a quarter) was
only 7.1 million, i.e., about one-third the cumula-
tive sum of registered sellers. We therefore need to
adjust the cumulative sum of registered sellers to be
consistent with the number of sellers in the normal
state.18 Based on our discussion with the company,
we assumed that sellers drop out in a manner con-
sistent with an exponential decay. Specifically, if there
are nS

t−� sellers registered at t − � , by time t, there
will be nS

t−�/41 + rS5� sellers left where rS is the decay
parameter, and the resulting number is termed “dis-
counted number of sellers,” and their cumulative sum
is termed “total discounted sellers.” To estimate this
parameter, we equate the adjusted number of sellers
(using this parameter) with the actual number of nor-
mal state sellers on December 31, 2012. The best-fit
value for rS is 0.0018, i.e., every day 1.8 out of 1,000
sellers drop out (we test the robustness of the model
estimates to this adjustment in §7.2.3). Figure 1(b)

18 The company was unable to provide us an exact count of the
number of normal sellers on each day because of the cost involved
in extracting these data.
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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), category c’s share in the
number of items is Sc

t = I ct /It , where I ct is the number
of items in category c and It is the number of items
across all product categories. The category’s item con-
centration HHI is calculated as

HHIt =
C
∑

c=1

4Sc
t 5

20

Product variety index is defined as Vt = 1 − HHIt .
The product variety index, Vt , lies between [011].
When all items are concentrated in one category, Vt =

0, and when all items are evenly distributed across
categories, Vt = 1−1/C. The product variety index, Vt ,
approaches 1 as the number of categories increases.
A 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 buy-
ers (×100). We test the sensitivity of model param-
eter estimates to other measures of buyer quality.
The right-most columns of Table 3 report the aver-
age 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” (Decem-
ber 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 con-
sumer 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.19

However, using average prices for a representative

19 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 inflation adjusted prices is
0.99. Relative to the initial period, i.e., over a 10-year period, the
consumer price index (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).

buyer is equivalent to requiring her to know prices in
each product category, which is too strong an assump-
tion. Instead, we construct a price index using a fixed
basket. We compute basket shares based on the total
revenues of the 50 categories that are sold through-
out the entire period, and compute price index using
the basket shares.20 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 and Double 12
promotions in 2010. Ever since, these two days have
become the biggest promotional activities for the plat-
form and for its buyers and sellers as well. We cre-
ate 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 sim-
ply 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 Chi-
nese Lunar New Year, which greatly hinders online
shopping behavior. We create dummies for all Chi-
nese 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 is 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 Inter-
net users in China as the base of the potential mar-
ket for buyers and scale it by 1.3 because an average
buyer has 1.3 accounts at Taobao.21 Buyer’s market
size evolves as follows: At the beginning of time t,

20 On July 5, 2008, Taobao started to publish CPI based on product
prices and sales on its website. However, this index is not available
to us. Our method of computing the price index is similar to how
Taobao computes its CPI.
21 The data on the number of Internet users in China is obtained
from the China Internet Network Information Center (CNNIC).
Internet use 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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there are MB
t buyers. During time period t, nB

t buy-
ers join the platform and drop out of the market, and
there are mB

t new Internet users joining the poten-
tial market. At the end of time t (or beginning of
time t + 1), the market size is MB

t+1 = MB
t − nB

t +mB
t =

MB
t 41 − zBt 5.
The great majority of Taobao sellers are individual

entrepreneurs, and it is quite common for a husband
and wife to start a Taobao business (an online equiv-
alent of the mom-and-pop store), either full-time or
part-time. Therefore, we use the number of house-
holds 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% of households (to
check for robustness, we vary this proportion and also
look at an alternative market size for the number of
sellers in §7.2.5).22 From May 2003 to December 2012,
households in China increased from 374 million to
448 million. The seller market size evolves as follows:
At the beginning of time t, there are MS

t sellers. Dur-
ing time t, nS

t sellers join the platform and drop out
of the market, and there are mS

t households joining
the potential market. At the end of time t (or begin-
ning of time t + 1), the market size becomes MS

t+1 =

MS
t −nS

t +mS
t =MS

t 41 − zSt 5.

6.2. Temporal Lags Vis-à-Vis Buyer and
Seller Installed Bases

A key aspect of our model is the installed base of
both buyers and sellers affect the joining decision of
a prospective buyer and seller. As described in §3,
buyers can make purchases immediately after regis-
tration approval (typically on the same day or occa-
sionally the next day). Thus both buyers and sellers
can see the buyer installed base contemporaneously
or at worst, with a one day lag. In our main specifi-
cation, we set this lag to zero, i.e., in N B

t−�, � = 0. On
the other hand, after registration, seller approval takes
anywhere between two to seven days (see §3). Thus
the buyers and sellers can see the seller installed base
after a lag of two to seven days. In our main spec-
ification, we set this lag to the modal value of four
days, i.e., in N S

t−� , � = 4 (we also test the robustness to
other choices of both lags in §7.2.4).

6.3. Identification
The main parameters of interest, the monthly CNEs,
are identified from the monthly variation in the
installed base of buyers and sellers each month (after
controlling for the time trends). The DNE in the
buyer’s (seller’s) model is identified from the varia-
tion in the installed base of buyers (sellers) across the

22 Data on the number of households over time in China is from
the State Statistics Bureau of China.

entire data period (recall that our main model specifi-
cation has a time invariant DNE). This was also con-
firmed via simulation studies. In addition, we address
three other broad concerns that are typically raised for
simultaneous equation models with respect to identi-
fication of model parameters.23 These are simultaneity,
omitted variables, and common shocks. We discuss
how we handle each of these in §§6.3.1–6.3.3.

6.3.1. Simultaneity. In a typical simultaneous sys-
tem of equation approach where the actions of one
agent affect the actions of the other, there is a pos-
sibility of a simultaneity confound, where it is not
clear which agent’s behavior causally affects the other
because both act simultaneously. A typical solution
to this confound is the use of excluded variables—
these are variables that affect the utility of one agent
but not the other, and vice versa. In our setting, the
joining decision of buyer (seller) is not a function of
the joining decision of a seller (buyer), only of the
installed base of sellers and buyers. Thus, the poten-
tial for a simultaneity confound is limited. However,
we do use excluded variables to control for this issue.
Specifically, in our case, buyer quality affects a seller’s
utility of joining the platform, but not buyer’s utility
of joining, because buyer quality directly affects seller
performance and there is no reason for a prospec-
tive buyer to care about buyer quality of the plat-
form (recall buyer quantity is controlled for using the
installed base). On the other hand, product variety
across the entire platform affects the buyer’s, but not
the 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 et al. 2009, Sun et al. 2015) have found that
product variety affects buyer’s purchase, store choice,
or platform choice behavior. Finally, the price image
of the platform is constructed differently for buyers
and sellers (see §5.2.4), thus representing another set
of excluded variables.

6.3.2. Omitted Variables. It is indeed possible
that our model does not capture all of the variables
that drive the buyers and sellers joining utility. There
is potential of bias in our estimates if these omitted
variables are correlated with our variables of interest
(the buyer and seller installed bases) and the error

23 We also investigated the time-series features of the data to
ensure that our results were not driven by “spurious regression.”
First, although we found modest autocorrelation (even though the
Durbin–Watson statistic suggests that we cannot reject the null
hypothesis of a random walk), simulation results showed that our
parameter recovery was not affected. Second, we were able to repli-
cate our main results using an AR(1) specification (though we could
not include DNE in the specification because of multicollinearity).
These results are available, on request, from the authors. We thank
an anonymous reviewer for suggesting these tests.
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term, leading to the classic endogeneity problem. The
typical solution is to use instrumental variables—
variables that affect the endogeneous regressor but
not the error term.

We use the following instrumental variables. Specif-
ically, for the buyer installed base, we use national
level consumer sentiment indices—the consumer
expectation index, the consumer confidence index,
and the consumer satisfaction index—as instruments.
The intuition for using these is that consumer sen-
timent is likely to have a material impact on the
consumption decisions both online and offline and
therefore will affect the probability of engaging in
consumption, including via e-commerce, leading to
an impact in the buyer installed base. These three
monthly indices are compiled by the State Statistics
Bureau of China, and jointly explain 58% of variation
in the buyer installed base (this is the incremental R2

as defined in Rossi 2014).
For the seller installed base, we focus on the

motivational and operational attributes that drive
agents to engage in selling on Taobao. We use the
entrepreneur confidence index, compiled by the State
Statistics Bureau of China, and the component indices
of China’s purchasing managers’ index (PMI), includ-
ing new orders index, inventory index, and suppli-
ers’ delivery time (to vendors) index, as instruments.
These latter indices measure the difficulty, speediness,
and costs for sellers to obtain goods for online sales.
These data are obtained from the China Federation
of Logistics and Purchasing (http://www.chinawuliu
.com.cn) and the Hong Kong Shanghai Banking Cor-
poration (http://www.hsbc.com/news-and-insight/
emerging-markets). Taken together, these variables
jointly explain 36% of the variation (incremental R2)
in the seller installed base.

Note that since Taobao buyers and sellers essen-
tially come from the same population, it is a challeng-
ing task to find unique instrumental variables that
affect one, but not the other side of the platform.
We checked the correlation between the instrumental
variables for the buyer and seller installed bases and
find that the correlations are typically low (the mean
absolute correlation is 0.12 and the median is 0.11).

Using the excluded and the instrumental vari-
ables, we take the control function approach (Petrin
and Train 2010) to address the potential simultane-
ity/endogeneity problem. Specifically, we regress the
buyer installed base on its instruments and other
exogenous variables and compute the regression
residuals rBt ; we regress the seller installed base on its
instruments and other exogenous variables and com-
pute regression residuals rSt . We then put functions
of the residuals back into the relative market share
equations (Equations (5) and (10)), as shown in Equa-
tions (11) and (12), and reestimate the model parame-
ters. The control function includes both the linear and

the quadratic term of the residuals (the results are also
robust to other forms of the control functions)

ln
zBt
zB10
t

= ln
nB
t /M

B
t

4MB
t −nB

t 5/M
B
t

= �0 +�1t +�2t
2
+�1 ln4N B

t−�5+�2t̄ ln4N S
t−�5

+�3 ln4pBt 5+�4Vt +�5Xt +�6CF 4r
S
t 5+ �B

t 1 (11)

ln
zSt
zS10
t

= ln
nS
t /M

S
t

4MS
t −nS

t 5/M
S
t

= �0 +�1t +�2t
2
+�1 ln4N S

t−�5+�2t̄ ln4N B
t−�5

+�3 ln4pSt 5+�4Q
B
t +�5Xt +�6CF 4r

B
t 5+ �S

t 0 (12)

6.3.3. Common Shocks. There is also a potential
for common shocks to affect both buyers and sell-
ers. We control for these by allowing the econometric
error terms �B

t in Equation (11) and �S
t in Equation (12)

to be correlated. We assume they follow bivariate
normal distribution as in Equation (13) and estimate
model parameters jointly via the maximum likelihood

(

�B
t

�S
t

)

∼N

([

0
0

]

1

[

�B2 ��B�S

��B�S �S2

])

0 (13)

6.4. Measurement of Cross-Network Effect and
Nonnetwork Effect

Following the literature (e.g., Gandal et al. 2000), we
use elasticities to measure CNE and DNE. We com-
pute the impact on the number of new buyers (sellers)
when seller’s (buyer’s) installed base increases by 1%.
The equations to compute cross-network elasticities
are as follows:

eS2B = �2t̄41 −ZB
t 51

eB2S = �2t̄41 − zSt 50
(14)

The equations to compute direct network elastici-
ties are as follows:

eB2B = �141 −ZB
t 51

eB2S = �141 − zSt 50
(15)

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

eP2B = �341 −ZB
t 51

eP2S = �341 − zSt 50
(16)

The equation to compute elasticities for the effect of
product variety index on buyers is

eV 2B = �4Vt41 −ZB
t 50 (17)

The equation to compute elasticities for the effect of
buyer quality on sellers is

eQ2S = �4Q
B
t 41 − zSt 50 (18)
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Table 5 Main Parameter Estimates

OLS IV approach

Buyer’s model Seller’s model Buyer’s model Seller’s model

Est. Std error Est. Std error Est. Std error Est. Std error

Intercept −290893 20168 −160445 10492 −290890 20233 −160054 10632
t/100 −00126 00171 00146 00123 −00124 00175 00176 00131
(t/100)2 −00001 00003 −00005 00003 −00001 00003 −00005 00003
DNE 00127 00053 −00121 00106 00125 00063 −00167 00240
Price 00006 00016 00084 00012 00003 00018 00048 00016
Product variety 10436 00060 10439 00061
Buyer quality × 100 00026 00004 00025 00009
New year −00005 00036 −00149 00032 −00005 00037 −00148 00030
Lunar new year −00316 00022 −00673 00019 −00315 00023 −00690 00024
Labor day −00127 00030 −00337 00026 −00127 00030 −00356 00026
National day −00125 00025 −00380 00022 −00126 00025 −00376 00021
Chingming −00026 00047 −00098 00042 −00026 00048 −00082 00039
Dragon boad −00066 00047 −00112 00041 −00065 00048 −00120 00039
Mid-autumn 00080 00047 −00198 00042 00080 00048 −00205 00039
Double 11 00545 00100 −00171 00089 00545 00103 −00188 00090
Double 12 00140 00101 −00028 00089 00140 00103 −00017 00097
Monday 00070 00011 00099 00010 00070 00011 00100 00010
Tuesday 00050 00012 00144 00010 00050 00011 00142 00010
Wednesday 00047 00012 00144 00010 00047 00012 00143 00010
Thursday 00036 00012 00140 00010 00036 00012 00139 00010
Friday 00047 00012 00096 00009 00047 00012 00095 00009
Saturday 00013 00012 00022 00009 00013 00012 00021 00009

CF 00003 00118 00205 00048
CF2 −00025 00177 00136 00015
� B 00200 00013 00200 00013
� S 00153 00012 00150 00012
� 00185 00029 00180 00028

LL −212070563 −212530701
Durbin–Watson statistic 1.218 1.010 1.261 1.032

7. Results
We estimate the models both without (ordinary least
squares (OLS)) and with the instrumental variables
(two-stage least squares (2SLS)) and find the param-
eter estimates are only slightly different (Table 5).
Our discussion focuses on the 2SLS results. Note
that we report heteroscedasticity consistent standard
errors (White 1980). In this section, we first present
the main parameter estimates, report multiple robust-
ness checks, and then explore the implications of the
overall results for managers.

7.1. Parameter Estimates

7.1.1. Cross-Network Effects. Even though the
platform was open for transactions in May 2003, there
were very few transactions until November 2003. We
therefore use data from November 2003 to December
2012 for our estimation (this also allows for the use
of lagged variables without the initial condition prob-
lem). To capture the evolution of CNEs over time,
we interact the installed base with year and month
dummies (November 2003–December 2012). Thus, we
have 110 for the seller installed base in the buyer’s

equation and 110 coefficients for the buyer installed
base in the seller’s equation. All of the cross-network
coefficients are statistically significant (the mean t-
statistic for the buyer equation is 5.01 with a standard
deviation of 0.32 and that of the seller equation is 5.41
with a standard deviation of 0.30). The evolution of
the CNEs is shown in Figure 2(a). We now discuss
four 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 pro-
pelled 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 1.53% (SD = 0.08%, min = 1.45%, max =

1.72%); when the installed base of buyers increases
by 1%, the number of new sellers will on average
increase by 0.44% (SD = 0.05%, min = 0.31%, max =

0.53%). Our finding of significant positive CNEs on
the C2C online platform is analogous to the findings
in other settings such as yellow pages (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
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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 2(b), we plot the ratio
of seller’s cross-network externality on buyers over
buyer’s cross-network externality on sellers. On aver-
age, seller’s CNE is 3.56 times (SD = 0.53) as large
as buyer’s CNE, ranging from 2.84 to 5.26. 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 3.0
from 2010. This asymmetry in the CNE implies that
a more preferential 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 sta-
ble 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 plat-
form’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 is still well above the
buyer’s CNE.

Finally, the significance and magnitude of CNE
suggests that the installed base of sellers matters to
potential buyers even after we control for the gen-
eral level of price on the platform and product vari-
ety available to buyers. Our reasoning as to why it
matters goes like this. In general, the magnitude of
the installed base of sellers can impact the buyer join-
ing decision directly or indirectly. The direct impact
comes from nonmeasurable (to the buyer) attributes,
e.g., the size of the installed base could provide
the buyer with confidence with respect to carrying
out transactions on the platform or the buyers may
get consumption utility from knowing that they are
shopping at the largest shopping platform in China
(and indeed in the world). The indirect impact comes
from measureable attributes such as assortment, price,
service quality, store layout, delivery cost, shipping
speed, etc. In our case, we have data on some of these
attributes (e.g., price, assortment) but not on others
(e.g., service quality, store layout, shipping speed).
In addition, even for the attributes that we have

measures on, they are not perfect in the sense that
the measures are constructed. For example, although
we use a price index, buyers may be looking at other
transformations of price to make their buying deci-
sion. Thus, the installed base variable represents both
the direct impact as well as the missing and imper-
fectly measured parts of the indirect impact. Similar
arguments can be made for the impact of the buyer
installed base on the seller joining decision.24

7.1.2. Direct Network Effects. There exists a pos-
itive and significant, albeit a small DNE on the buyer
side, implying that a buyer’s decision to join the plat-
form is also influenced by others who have joined
the platform. One possible reason for this is word of
mouth, wherein a potential buyer may learn about the
Taobao website and shopping at Taobao from other
Taobao buyers. However, at 0.12%, the DNE is about
one order of magnitude smaller than the magnitude
of the CNE. This is not surprising because the value of
joining to an individual buyer is obtained more from
the complementary side of the platform.

The DNE of seller’s installed base on seller’s
growth is negative, but not statistically significant.
This means that although there might be some compe-
tition effect when sellers decide to join the platform,
it has not yet become a barrier to entry. This is proba-
bly due to the explosive growth of the platform over
its first decade.

7.1.3. Nonnetwork Factors. In addition to cross-
network externalities and direct network effects, 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 param-
eter estimates of nonnetwork factors from the joint
estimation.

In terms of the time trends, for both the buyer
and the seller model, neither the linear nor quadratic
terms are statistically significant. This means that the
growth of buyers and sellers is driven by other factors
such as installed base or variety.

As can be seen from Table 5, 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. By contrast, product
price does affect seller growth in a significant manner.
Specifically, a 10% increase in product price will lead
to a 0.48% increase in sellers. Sellers do care about
price levels because they affect their profits directly.

24 We thank an anonymous reviewer for prompting this discussion.
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Figure 2(a) (Color online) Evolution of Cross-Network Effects
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Figure 2(b) (Color online) Ratio of Cross-Network Effects: Sellers on Buyers/Buyers on Sellers
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Product variety has a large, significant, and posi-
tive effect on buyer growth, next only to the CNE.
When the product variety index increases by 1%, new
buyers will increase by 1.31% (SD = 0.10%). Besides
the large installed base of users (buyers and sell-
ers), product variety is another biggest differentia-
tor 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 surpris-
ing 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 0.63% (SD = 0.37%).
Given the buyer installed base, when buyers make
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Figure 3(a) (Color online) Relative Contribution to Buyer Growth
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Figure 3(b) (Color online) Relative Contribution to Seller Growth
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more transactions, it definitely increases the plat-
form’s attractiveness to sellers. Since seller growth
will lead to more buyers, it is important for the plat-
form to take measures to induce 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 long holidays such as the Chinese Lunar New
Year, National Day, and Labor Day and do not change
much during other short holidays. The deepest drop
occurs on the Chinese Lunar New Year when new
seller registrations are 49.9% lower and new buyer
registrations are 27.0% lower than other days. China’s
National Day Holiday is another low day with seller
registrations going down by 29.9% and buyer regis-
trations decreasing by 11.9%.
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Buyers are mostly likely to register on Monday, fol-
lowed by Tuesday, Wednesday, and Friday, and least
likely to register on weekends. There are 7.3% more
buyer registrations on Monday, 5.1% more on Tues-
day, and 4.8% more on Wednesday and Friday than
on Sunday. Sellers are most likely to register on Tues-
day through Thursday, followed by Monday and Fri-
day, and least likely to register on weekends. There
are about 15% more seller registrations on Tuesday
through Thursday, 10% more on Monday, and 9.5%
more on Friday than on Sunday.

The Double 11 promotion has a large and signifi-
cant positive impact on buyer growth, but a large and
significant negative impact on seller growth. On that
day, buyer registrations increase by 72.5% because
buyers want to take advantage of Taobao’s biggest
annual price promotion. On the other hand, seller reg-
istrations decrease by 17.1%. 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. Surpris-
ingly, the Double 12 promotion does not significantly
affect buyer and seller registration. One reason might
be that it is too close to the Double 11 promotion, not
giving both buyers and sellers enough time to fully
absorb the previous promotional effect.

7.1.4. Relative Contribution of Network and
Nonnetwork Factors. To compare the relative con-
tributions of network and nonnetwork factors to
the platform’s development, we compare the relative
magnitudes of their elasticities in the growth of new
buyers and new sellers. Gandal et al. (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 three statistically significant factors—seller
installed base, buyer installed base, and product vari-
ety. For seller growth, we focus on three statistically
significant factors—buyer installed base, buyer qual-
ity, and product price.

In Figure 3(a), we plot the evolution of cross net-
work, direct network, and nonnetwork effects on
the growth of buyers. Through the platform’s entire
history, the cross-network factor has been the pri-
mary 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 effect of buyer’s installed base or
DNE is stable over time. The decomposition of the
three effects show that, by December 2012, the CNE
accounts for 52% of the growth with the balance com-
ing from product variety (44%) and direct network
effect (4%).

In Figure 3(b), we plot the evolution of network
and nonnetwork effects on the growth of sellers. Sim-
ilarly, network factor has been the dominant force for

seller’s growth. However, its effect is declining over
the platform’s life cycle. 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 most important
factor, lower than product price, whereas in the sec-
ond half of the period, it rises to be the second impor-
tant factor, exceeding the impact of product price.

The finding of declining network effect is at vari-
ance with that in the U.S. video game console mar-
ket where expanding software variety (CNE) 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 nonnetwork factors explicitly and/or due
to the specific institutional setting in our study (Inter-
net commerce, Chinese market, etc.).

7.2. Robustness Checks
We conduct a series of robustness checks, including
the functional form of time trend, DNE, and CNE,
the scale factor for buyer’s and seller’s potential mar-
ket sizes, the definition of seller’s potential market
size, the discount factor for seller’s installed base, the
registration approval duration for buyers and sell-
ers, and definition of buyer quality. In the interest of
brevity, we do not report the results of these robust-
ness checks in the main paper. We collect some of
them into appendices, and the rest are available from
the authors on request.

7.2.1. Functional Form of Time Trend, DNE,
and CNE. We compare six models with different
combinations of time trend, DNEs, and CNEs as
follows:

Model 1: Without time trend or DNE, but with
year × month × CNEs.

Model 2: Without DNE, but with time trend and
year × month × CNEs.

Model 3: Without time trend, but with constant
DNE and year × month × CNEs.

Model 4: With time trend, constant CNE, and
year × month × DNEs.

Model 5: With time trend, constant DNE, and
year × month × CNEs (proposed model).

Model 6: With year × month fixed effects, constant
CNE, and constant DNE.

We include a linear and a quadratic time trend in
Models 1 through 5, and the results of these mod-
els are in Online Appendix A (available as supple-
mental material at https://doi.org/10.1287/mksc.2016
.0976). We find that after accounting for CNEs and
time trend, DNE becomes either insignificant or much
smaller (between one-seventh to one-twelfth) than
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CNEs (Online Appendix Tables A1 and A2). In addi-
tion, as can be seen from Tables A1 and A2, the choice
of specification does materially affect the CNEs.

7.2.2. Scale Factors for the Potential Market Size
(Buyer and Seller). We tried different scale factors
for the buyer and seller potential market size (see
§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) as also the number of (individual) Inter-
net users. We find the change of scale factors only
shifts the intercepts up or down and does not affect
the estimates of other parameters much (this is con-
sistent with previous work; see Chu et al. 2007, Chu
and Chintagunta 2009, Chu 2013). We also looked at
the ratio of the CNEs based on the number of Internet
users for the seller market size and the CNEs based on
the scaled number of households for the seller market
size and found the mean to be 0.991 (SD = 0.011), sug-
gesting that there is no material change to our find-
ings. Details can be found in Online Appendix B.

7.2.3. Discount Factor for the Seller Installed
Base. We also estimated our model without adjust-
ing for the difference between registered sellers and
normal state sellers (see §5.2.1). In other words, we
use the 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. The mean of the ratios of
CNEs based on the discounted seller’s installed base
to those based on nondiscounted seller’s installed
base is 1.006 and the standard deviation is 0.002
(min = 1.003 and max = 1.009), and all other coeffi-
cients remain nearly identical.

7.2.4. Buyer and Seller Registration Approval
Duration. As noted in §6.2, there is a difference in
how quickly buyer registrations and seller registra-
tions are approved by Taobao. We have used zero
days for buyers to appear in the installed base for
sellers and new buyers to consider and four days for
sellers to appear in the seller installed base for buy-
ers and new sellers to consider. We estimated our
model with different approval times spanning the
entire range of approval times. Specifically, for buy-
ers, we looked at a one day approval and for sell-
ers we looked at two, three, five, six, and seven day
approval. We find that our estimates are not sensi-
tive to the choice of approval period. We computed
the mean absolute percentage error (MAPE) based on
different lags and found they only differ in the fifth
decimal.

7.2.5. 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
(§5.2.2). We also used alternative measures of buyer
quality—the number of transactions per transacting
buyer and the percentage of transacting buyers in the
installed base. We obtained similar results on the net-
work factors and nonnetwork factors (see the chart in
Online Appendix C).

7.2.6. The Role of Initial Conditions. The early
years of Taobao were characterized by a slightly dif-
ferent competitive situation (see §3) and fluctuations
in the average item price and transaction value rela-
tive to its later years. To make sure that our steady-
state estimates were not affected by these factors, we
reestimated 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.

7.2.7. Market Share vs. Quantity. Our choice of
dependent variable is the probability of signing up
for an individual buyer or seller, which is then aggre-
gated to a market share and taken to the estima-
tion. The use of the market share in the estimation
allows us to accommodate the changing market size
on both the buyer (individuals in China with Inter-
net access) and sellers (10% of all households in
China). This allows us to scale the dependent vari-
able in a manner that makes it comparable over time.
We also estimated a model formulation using just
the count of new buyers and sellers via a log-linear
regression of log (new buyers or new sellers) on the
same set of independent variables as in our proposed
model. We do not see a material difference for our
main results.

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 effi-
ciently. In our case, we find that sellers are relatively
more important and thus should get more resources
(including nonfinancial resources such as managerial
attention). Interestingly, this result is generally consis-
tent with institutional practice in (offline) retail set-
tings. For example, the literature on shopping mall
development (the mall acts as the “platform,” bring-
ing stores and consumers together), suggests that
the mall developer’s prime focus early on is to find
strong sellers (typically called anchor stores) rather
than on consumer traffic (Bean et al. 1988, Pashigian
and Gould 1998, Gould et al. 2005, Vitorino 2012).

In addition, platform managers can also try and
influence factors that are more under their control. We
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Figure 4 (Color online) Ratios of Simulated/Observed Installed Base by Seeding Buyers and Sellers on the First Day
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Buyers
Sellers

focus on three such factors—initial sellers and buy-
ers, product variety, and buyer quality—to show the
impact that changes in these 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. Seeding More Sellers and Buyers in the
Introduction Stage. The impetus for this simulation
comes from the fact that our model estimates show
the existence of positive CNEs on both sides of the
platform. This suggests that having more buyers and
sellers in the early periods of the platform’s oper-
ation will have a larger and longer-lasting impact
on the platform’s growth. The implication for the
platform is that it should try to encourage buy-
ers and sellers to register in the introduction stage
of the platform’s operation via marketing and eco-
nomic incentives such as subsidized pricing, cash
bonus, referral bonus, etc. It is noteworthy that plat-
forms such as Alipay, Uber, GrabTaxi, and Didi-
Kuaidi took such an approach.25 Matchmaking plat-
form AshleyMadison.com even went to the extreme
of faking the installed base (of women) to incentivize
more men to join.26

To simulate the impact of early members, we seed
one seller and 60 buyers (the overall ratio between
sellers and buyers in the data is about 1:60) on the first
day of the data period to see how this will affect the
installed base of buyers and sellers over time. We plot
the ratios of simulated over observed installed base(s)

25 http://www.wsj.com/articles/inside-ubers-fight-with-its-chinese
-nemesis-didi-kuaidi-1441234010.
26 https://www.washingtonpost.com/news/the-intersect/wp/2015/
08/25/ashley-madison-faked-female-profiles-to-lure-men-in-hacked
-data-suggest/.

in Figure 4. As can be seen from Figure 4, relative to
the observed installed base, seeding additional buyers
and sellers right at the beginning has a significant and
long-lasting impact in terms of growing the installed
base(s). The impact is larger on buyers than on sellers,
due to the much bigger CNE of seller installed base
on buyers. The effects decline over time but remain
apparent even at the end of the data period.

7.3.2. Changes in Product Variety. Changes in
product variety have both direct effects and indirect
effects. Since buyers value product variety, a deterio-
ration (an improvement) in product variety will lead
to fewer (more) new buyers to register on the plat-
form. 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 the 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 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 and direct network
parameter estimates as well as nonnetwork parameter
estimates reported in Table 5 and compute the corre-
sponding buyer’s installed base and seller’s installed
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base for each day from November 1, 2003 to Decem-
ber 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’s installed base
(CNE) and in the seller’s installed base (DNE), and
buyers to respond to changes in the seller’s installed
base (CNE) and in the buyer’s installed base (DNE),
so it measures the total effect, i.e., direct and indi-
rect effects of product variety. The difference between
these two scenarios can be taken as the effect of
installed base, primarily CNE.

We simulate the effect of reducing product variety
by setting product variety level to zero, which is akin
to forcing all products sold on Taobao to be in one cat-
egory. In Figure 5, 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 reduc-
tions in buyer and seller installed bases. The reduction
in the installed base was small in the beginning, but
became very dramatic as time went by. By the end
of the period, the buyer installed base without any
product variety would be only about 5% of the actual
buyer installed base, and the seller installed base
would be around 26% of the actual seller installed
base. Second, the CNE compounds the effect of prod-
uct variety, both on buyers and sellers. The simu-
lated buyer installed base would be around 26% of
the actual installed base, if there were no CNEs and
DNE, primarily CNEs, as compared to around 5%
with CNEs and DNE. Since product variety does
not directly affect seller registration, the reduction in
seller’s installed base is totally due to CNEs and DNE,
primarily 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.

7.3.3. Changes in Buyer Quality. Similarly, changes
in buyer quality have both direct effects and indirect
effects. 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 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 sell-
ers. 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, and
to a lesser extent by the resultant changes in buyer’s
installed base.

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 6, 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 10%–14% higher than the actual seller installed
base, with first an increasing and then a flat effect over
time. The buyer installed base would be 10%–30%
higher than the actual installed base, with first an
increasing and then a decreasing effect over time. Sec-
ond, CNE compounds the effect of buyer quality, both
on sellers and buyers. The simulated seller installed
base would be about 6%–9% higher than the actual
installed base, if there were no CNE or DNE, pri-
marily CNE, as compared to nearly 10%–14% higher
with CNEs and DNE. Since buyer quality does not
directly affect buyer registration, the increase in buyer
installed base is completely due to network effects,
primarily the CNE. 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.

The last two simulations also demonstrate that
CNEs are a double-edged sword. They can accelerate
or decelerate outcomes. Thus, it is crucial for platform
managers to understand, quantify, and manage the
trajectory of the installed base.

7.3.4. Impact at Taobao. We shared our analysis
and findings with Taobao. One aspect of their reac-
tion is particularly noteworthy. The generally held
wisdom in the company was that buyers were more
important than sellers because they had a bigger
impact on sellers rather than the other way around.
Our finding—that the seller on buyer CNE was 3.6
times as big as the CNE of buyer on seller—was seen
as a very surprising finding. In a separate conver-
sation with Savio Kwan, the ex-COO of the Alibaba
Group, we discovered the reason for this view. He
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Figure 5 (Color online) Simulated Impact of Product Variety on Buyer and Seller Installed Bases
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Figure 6 (Color online) Simulated Impact of Buyer Quality on Buyer and Seller Installed Bases
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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 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 man-
agers 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 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 empiri-
cal 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 utility-based approach to track
the growth as a function of network and nonnetwork
factors. We focus on the quantification of the CNEs
over the platform’s life cycle and compare the relative
importance of network and nonnetwork 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
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buyers than vice versa. We also find a positive and
significant albeit small DNE on the buyer side and
a negative but insignificant DNE on the seller’s side.
The growth in the number of buyers is driven pri-
marily by the seller installed base and product vari-
ety with increasing importance of product variety. By
contrast, the growth in the number of sellers is driven
by the buyer installed base, buyer quality, and prod-
uct price with increasing importance of buyer qual-
ity. We further find that the CNE of sellers on buyers
increases and then decreases to reach a stable level.
By contrast, the CNE of buyers on sellers is rela-
tively stable. Finally, we carry out analyses to show
how seeding more sellers and buyers in the introduc-
tion stage, increasing product variety and buyer qual-
ity 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 dif-
ferences across buyers and sellers given the lack of
individual level data. Similarly, our model also uses
data aggregated over product categories and there-
fore the estimates cannot be used for category specific
inference or policy counterfactuals. Third, we assume
that both sellers and buyers are myopic in their deci-
sion to join the platform. In the Taobao setting, this
is perhaps not a first-order issue because the plat-
form’s free-pricing policy together with nearly hassle-
free registration greatly reduces sellers’ and especially
buyers’ risk of joining and transacting on the platform
and thus their incentives to look forward. Fourth,
we do not have seller quality in the buyer’s model
because of data unavailability (see the caveat to this
in §4.2). We hope that future research can address
these limitations.

Supplemental Material
Supplemental material to this paper is available at https://
doi.org/10.1287/mksc.2016.0976.
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