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Abstract

The expansion of e-commerce presents new opportunities for SMEs to enter broader mar-
kets at lower costs, but the new entrants face barriers to growth after entry. To help the new
entrants to overcome these growth barriers, we implement a large-scale business training pro-
gram as a randomized controlled experiment. The training focuses on practical skills specific
to online business operations and reached over two million new sellers on a large e-commerce
platform. Treated new sellers with access to the training earn higher revenues and attract more
consumers to their sites. These sellers become more engaged in marketing and improve their
customer service. Leveraging detailed consumer-seller matched search and browsing data, we
find that consumers have higher purchase probability when they encounter new sellers regard-
less of treatment status. When making purchases, consumers choose treated new sellers over
incumbents. Moreover, doing so does not lower the quality of their purchases. We use a struc-
tural model to characterize consumer demand and recover sellers’ underlying quality. Both
treated and control new sellers have a higher quality compared to incumbents. The training in-
creases new sellers’ likelihood of being encountered by consumers, which improves the match-
ing outcomes between consumers and sellers. The counterfactual exercise shows that the train-
ing leads to higher consumer surplus and sellers’ total revenues. As the operator of the online
marketplace, the platform could earn more profits in both the short and the long run because
of the training.
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1 Introduction

Over the past decade, e-commerce accounted for increasingly significant share of retail
sales especially in many emerging economies. In China, e-commerce sales grew at an aver-
age annual rate of 25 percent for the past five years (Ministry of Commerce, 2020). In 2019
alone, e-commerce sales grew by 32 percent in India and 35 percent in Mexico (Lipsman,
2019). The expansion of e-commerce provides new opportunities for small and medium-
sized enterprises (SMEs) due to the reduced entry costs and the expanded market access
(World-Bank, 2016; Lehdonvirta, Kässi, Hjorth, Barnard and Graham, 2019). However,
many challenges remain for new entrants to survive and grow after entering these online
marketplaces. In particular, new entrants need to learn about online business operations,
which requires skills such as internet marketing and customer management that are differ-
ent from running offline businesses. As a result, some new entrants may face knowledge
gap and information frictions. Moreover, as Bai, Chen, Liu and Xu (2020) have recently
shown, sellers on a major cross-border e-commerce platform need to overcome sizable
demand-side search frictions in order to grow. Such barriers could be more severe for new
sellers with limited past history.

Lifting growth barriers for promising newentrants could be beneficial for the e-commerce
platforms that operate the online marketplaces. Doing so improves consumers and sellers’
experience and could be incentive compatible for the platform in both the long and short-
term. In the long-run, a bettermarket environment allows the platform to attract and retain
more consumers and sellers, which coincides with the platform’s profit-maximizing goal.
In the short-run, the platform could also benefit if sellers earn higher revenues and invest
more in marketing on the platform1. To support the new entrants, one approach that the
platform could adopt is to ensure that new sellersmaster the necessary skills of online busi-
ness operations so that a knowledge gap does not hinder their growth. In this paper, we
study the impacts of one of such efforts by a prominent e-commerce platform: a large-scale
business training program designed to help new sellers overcome the growth barriers.

The e-commerce platform’s efforts to promote the growth of small businesses with
a training program follow many predecessors’ footsteps. However, despite previous ef-
forts, the effects of the training on relevant market participants are still ambiguous. For
supported firms, typical business training that teaches best business practices has mixed

1E-commerce platforms could either only operate online marketplaces like eBay and Alibaba or both oper-
ate the marketplaces and sell to consumers directly like Amazon and JD.com. In the latter case, the platforms
are in direct competition with the sellers they host. However, even in such cases, if the platforms benefit from
the insights generated by third-party sellers’ activities, they still have incentives to ensure promising sellers
have the chance to stand out. For example, third-party sellers’ performance could tell the platforms about
market demands and current trends. In this case, the short-term motive for the platforms is weaker, but the
long-term motive persists. As discussed later on, the platform we collaborate with does very limited direct
sell to consumers.
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impacts on profits and growth (McKenzie and Woodruff, 2014; McKenzie, forthcoming).
Significant underlying heterogeneity among the participating firms imply that a large sam-
ple is necessary to detect any impacts. While management consulting is effective, its high
costs make it difficult to scale up (Bloom, Eifert, Mahajan, McKenzie and Roberts, 2013;
Bruhn, Karlan and Schoar, 2018). For non-supported firms, scarce evidence from exploit-
ing market-level variations shows that spillover could be limited. McKenzie and Puerto
(forthcoming) varied the treatment intensity of a training intervention at the market level
and found overall market expansion effect without significant spillover on competitors.
Apart from the business training, other empirical studies evaluate the spillover effects of
firm subsidies (Rotemberg, 2019), credit access (Banerjee and Duflo, 2014), and microfi-
nance (Banerjee, Karlan and Zinman, 2015). However, what is relatively understudied is
the impact of interventions to support small businesses on consumers in the markets.

In this paper, we implemented a randomized controlled experiment of a business train-
ing intervention with over two million new sellers on a large e-commerce platform to an-
swer the following questions. First, can the training help new sellers on the platform over-
come growth barriers? If so, through what channels? Second, how does the training affect
consumers’ experience on the platform? Third, what are the welfare implications of the
training on new sellers, incumbents and consumers?

The e-commerce platform with which we collaborate hosts millions of consumers and
sellers. Sellers on the platform aremostly retailers that offer various types of products. We
implement the training program at scale, taking advantage of the close to zero marginal
dissemination costs online. To date, over two million sellers received access to the train-
ing. In contrast to typical business training that teaches generic best business practices,
our training program focuses on practical online business operation and marketing skills.
We randomly assign access to the training program when new sellers register on the plat-
form. In our study cohorts, 24.9 percent of all the registered new sellers have access to the
program, and 24.1 percent of sellers with access participated within nine months.

To study the impacts of the training on new sellers, we leverage random assignment of
the training access and compare the performance of treated and control new sellers. Rich
administrative data also allows us to investigate the impacts on sellers’ product offerings,
marketing and customer service. Next, to evaluate the impacts of the training on con-
sumers, we use rich consumer-seller matched browsing data to recover the sets of sellers
that consumers visited when they search for specific products on the platform. We exploit
variations in the search results to evaluate consumers’ experience when they interact with
different types of sellers. Lastly, we use a structural model to characterize consumers’ de-
mand and the matching between consumers and sellers. With the model, we decompose
the welfare impacts of the training on new sellers, incumbents and consumers.

We find that the training changes the experience of new sellers, incumbents and con-
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sumers on the platform. First, treated new sellers earn higher revenues. Compared to new
sellers in the control group, new sellers with access to the training earn 1.7 percent higher
revenues. Using random assignment of the training as the instrument, we find that sellers
who participate in the training earn 6.6 percent higher revenues. The revenue gains occur
mostly because treated sellers attract more consumers to their sites. To attract more visi-
tors, treated new sellers become more engaged in marketing as they participate more in
pay-per-click ads and promotional events. In addition, treated new sellers slightly improve
their customer service quality since they have shorter response time and higher purchase
probability when consumers make inquires to their customer service agents. However, we
do not find that treated new sellers have significantly higher average purchase probability
among visitors or more positive customers’ ratings than new sellers in the control group.

As the training helps new sellers accumulate customers, sellers face less severe search
frictions (Bai et al., 2020) and consumers are more likely to encounter these sellers. Hence,
we empirically evaluate quality of consumers’ interactions with the treated new sellers.
Overall, consumers have a higher purchase probabilitywhen they visit new sellers - treated
or control - than when they visit incumbents. This result holds after controlling for con-
sumers, search keyword-search effort-time specific effects. Interactingwith new sellers fos-
ters market expansion. To confirm it is the new sellers driving the results, we check whom
the consumers choose if they do make purchases and find that they choose treated new
sellers over incumbents. In the meantime, we do not find adverse effects on the quality of
purchases: consumers are nomore likely to request returns or refundswhen they purchase
from new sellers, while they are as likely to make repeat purchases. Therefore, the train-
ing enables promising, higher quality new sellers to interact more often with consumers,
which benefits the consumers because of the better matching with these new sellers than
with incumbents.

Based on the reduced-form results, we build a structural model to characterize con-
sumer demand and recover the platform’s rule to match sellers and consumers. While the
training also improves new sellers’ quality, themodel mainly focuses on the reallocation of
consumers’ attention as new sellers attract more visitors at the expense of incumbents and
control new sellers. With the model, we use variations in consumers’ choice probabilities
to recover underlying sellers’ quality. Among the set of new sellers and incumbents that
consumers visited, both treated and control new sellers have significantly higher under-
lying quality than incumbents. The difference in consumers’ purchase probability when
they encounter different types of sellers suggests that the main friction in the market is
that high-quality new sellers are not being encountered by consumers often enough. We
conduct a counterfactual exercise to evaluate the welfare impacts of the training. We re-
move training participants’ access to the training by lowering the participants’ chances to
be found by consumers in thematchingwhile holding consumers’ search and browsing be-
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haviors constant2. Doing so causes a 0.1 percent decline in consumer surplus and a small
magnitude of decline of total sellers’ revenues since consumers are less likely to interact
with the higher quality training participants. The revenue drop is driven by consumers
making fewer purchases as they interact with fewer new sellers without the training. In
contrast, the degree of revenue re-allocation from new sellers to incumbents is limited.

Our study relates to several strands of literature. First, empiricalworks studying growth
barriers and firm dynamics for new entrants have recently shifted their focus to demand-
side frictions. For offline firms, previous research highlights barriers to growth due to the
lack of initial market access (Atkin, Khandelwal and Osman, 2017), slow customer accu-
mulation (Foster, Haltiwanger and Syverson, 2016; Piveteau, 2016), and the uncertainty in
learning (Arkolakis, Papageorgiou and Timoshenko, 2018; Berman, Rebeyrol and Vicard,
2019). Overall, our study most closely relates to the work done by Bai et al. (2020). The
authors highlight that the demand-side search frictions limit high-quality sellers’ growth
in a cross-border e-commerce market. Our paper confirms that such frictions limit new
entrants’ growth in the e-commerce market. We experimentally show that the business
training that closes sellers’ knowledge gap and improves their marketing skills could be
an effective strategy not only to lift growth barriers but also to improve consumers’ expe-
rience on the platform3.

Second, we contribute to an extensive literature on business training intended to help
SMEs in the developing world. McKenzie and Woodruff (2014) reviews this literature
and finds mixed results on the effectiveness of training for offline firms. McKenzie (forth-
coming) summarizes the more recent literature and discusses the difficulties of assess-
ing the impacts of business training programs. Our experiment shows that training is a
low-cost way to lift new entrants’ growth barriers in online markets, where digital tech-
nology helps address the challenges of scalability and to customization. The design of
the online training builds on previous lessons in the literature, incorporating large-scale
customization (Bloom et al., 2013; Bruhn et al., 2018) and rule of thumb style tutorials
(Drexler, Fischer and Schoar, 2014). On specific mechanisms, our finding that better mar-
keting could facilitate the growth of newentrants echoes the findings inAnderson, Chandy
and Zia (2018), where the authors show that a business training that teaches marketing
skills paves a growth-focused pathway to profits. Marketing and building customer cap-
ital is an important mechanism for growth in many settings (Gourio and Rudanko, 2014;
Fitzgerald, Haller and Yedid-Levi, 2016). For broader implications of efforts to support

2Share of training participants removed is consistent with what we estimated in the reduced form results.
We only change the composition of the sellers that the consumers encounter in the counterfactual.

3A line of literature investigates consumers’ search frictions in various online markets and evaluates the
platform’s design to improve search efficiency. Some examples of empirical works include Fradkin (2015)
(Airbnb), Dinerstein, Einav, Levin and Sundaresan (2018) (eBay), Horton (2014) (labor market), Ursu (2018)
(Expedia) and Chen and Wu (2020) (AliExpress).
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SMEs, some recent empirical studies examine “experimentation at scale" (Muralidharan
and Niehaus, 2017) to evaluate effects on non-treated market participants. For business
training, Calderon, Cunha and Giorgi (2020) randomize access to a training at the village
level in Mexico and find no spillover effects partially due to the small sample size. Recent
work byMcKenzie and Puerto (forthcoming) uses a two-stage experimental design where
the authors randomize the intensity of a business training intervention at the market level
and then randomize individual businesses’ access to the training within each market in
Kenya. Three years after the training, not only did treated firms earn higher profits, but
their success did not come at the costs of their competitors, as the market expanded in
terms of sales. Instead of varying treatment intensity across markets, we contribute to this
line of work by pointing out a novel channel of welfare gains with unique consumer-seller
matched data. In an online market with search frictions, business training could promote
high-quality sellers in the matching between consumers and sellers, thereby improving
both consumers’ experience and market efficiency.

Third, we speak to the recent literature that examines the expansion of the digital
economy (Goldfarb and Tucker, 2019) and the roles of platforms. As technology such
as high-speed internet creates business opportunities (Hjort and Poulsen, 2018), many
challenges remain for newcomers. For example, Couture, Faber, Gu and Liu (2018) show
the vastly heterogeneous consumption side responses and lack of supply-side reactions
as e-commerce penetrates rural retail markets. While the concerns over e-commerce plat-
forms’market power are looming, many recent studies show how e-commerce could foster
competition, improve efficiency and boost consumer welfare4. Across different domains,
peer-to-peer platforms lower transaction costs and reduce search frictions5. We add to this
discussion by emphasizing the importance of platforms’ interventions on reducing fric-
tions and maintaining a more equitable, competitive environment for market participants
(Tadelis, 2016; Hui, Saeedi, Shen and Sundaresan, 2016; Cui, Li and Zhang, 2020). Inter-
ventions such as business training help the platform achieve its profit-maximizing goal
and improve sellers’ and consumers experience.

The rest of the paper is organized as follows. In section 2, we first describe features of
the e-commerce platform and then introduce the training intervention and the experimen-
tal design. In section 3, we examine the impacts of the training on new sellers. Then, in
section 4, we analyze the impacts of the training on consumers. With the reduced-form
results, we build a structural model to decompose the welfare implications of the training
in section 5. Lastly, in section 6, we conclude.

4Some empirical analysis of welfare impacts of e-commerce include Brynjolfsson, Hu and Smith (2003),
Einav, Klenow, Klopack, Levin, Levin and Best (2017) and Jo, Matsumura and Weinstein (2019).

5Empirical studies situate in different platformmarkets and show that while frictions still exist, platforms
still have the power to improve efficiency using various algorithms and mechanism, see for example Cohen,
Hahn, Hall, Levitt and Metcalfe (2016), Farronato and Fradkin (2018) and Ellison and Ellison (2018).
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2 Business Training on the E-commerce Platform

2.1 Sellers on the E-commerce Platform

In this paper, we partner with a leading e-commerce platform in China that hosts millions
of active sellers and consumers. Total sales on the platform represent a sizable share of all
domestic retail sales. Sellers on the platform offer various types of products, where some
of the most popular sectors include clothing, cosmetics, home appliances, consumer elec-
tronics, and food. The vastmajority of sellers on the platform are retailers who source their
products frommanufacturers or wholesalers. Unlike Amazon, third-party sellers generate
a dominant share of sales on the platform. The platform earns revenues from these sell-
ers by offering advertisements, charging commissions, and selling supplementary services.
The platform’s reliance on the third-party sellers implies that sellers’ success aligns with
the platform’s profit-maximizing goal. Therefore, the platform is motivated to implement
policies and programs that bring in more third-party sellers and foster their growth af-
ter entry. Couture et al. (2018) investigates one of such efforts where the platform brings
e-commerce to rural villages.

Compared to starting an offline business, becoming a registered seller on the platform
requires considerably lower monetary and effort costs. To register as a sole proprietor,
a potential new seller only needs to complete the authentication with a national ID or a
formal business registry but does not need to pay any registration fees. Except for several
regulated sectors, the platform does not ask for certificates or charges commission fees
6. These sole proprietors make up for roughly 97% of all active sellers on the platform.
Most active sellers are highly dedicated. Running the e-commerce businesses is a full-time
job and the primary source of income for these sellers. According to an online survey
with selected new sellers in the training sample, the majority of respondents state that
they intend to operate the online store as their full-time jobs. Appendix C discusses more
details of the survey.

Despite the easy registration, sellers face growth barriers after entry. First, posting and
selling products on the platform come at additional monetary and effort costs7. In some

6The regulated sectors include food, drug, medical equipment, cigarettes, liquor, infant formulas, and
other products subject to public health and safety concerns. Our analysis focus on the C2C (“consumer-to-
consumer") sellers. The platform also hosts a small number of “business-to-consumer" (B2C) sellers. These
sellers are formally registered, have brands and completed formal applications to operate on the platform.
Consumers can access these two types of sellers’ sites on the most popular app the platform offers, but B2C
sellers have special demarcation for their status and get preferential treatment in search rankings. B2C sellers
are also much larger and some of these sellers are internationally recognized brands.

7Before posting products on the platform, sellers need to put down small deposits as “consumer protection
fees" for potential dispute resolutions. Exact requirements differ by sectors, typically ranging from 0 to 5000
RMB. If sellers decide not to make the deposit, they can still post products on the platform, but their products
will get much lower rankings in search results and will not be promoted in other channels
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cases, an inexperienced new seller could spend more than 30 minutes to post a product to
provide accurate descriptions and pictures that meet the platform’s requirements. After
posting products, attracting visitors to the sites is the prerequisite to growth for both new
sellers and incumbents. The platform uses a sophisticated search and recommendation
algorithm that matches consumers to the right sellers to optimize outcomes. Sellers can
influence the results by actively engaging in complex strategies to compete for consumers8.
Themost common strategies are purchasing pay-per-click ads, participating in promotions
that the platform regularly organizes, and recruiting celebrities to do marketing on social
media. In most cases, consumers search for products rather than the sellers, and sellers
compete for better rankings in each search session. Such competition in a search session
is close to zero-sum9. Advertising and promotion will directly influence search rankings,
but social media-based marketing operates through a different channel. The sheer num-
ber of competitors on the platform and the intense competition between these sellers for
consumers attention indicate that marketing is a crucial component of online business op-
erations. According to an online survey with selected new sellers in the training sample,
the majority of respondents state that they intend to operate the online store as their full-
time jobs. Appendix C discusses more details of the survey.

2.2 Business Training

We collaborate with the platform to implement an online business training program as a
randomized controlled experiment. The low dissemination costs for the online interven-
tion make it feasible for the training to reach many sellers. The program was officially
launched on May 6, 2019, and is available since then. Over two million new sellers have
accessed the training as of June 2020. The training is a standalone program independent
from other operations of the platform. In particular, the training’s participation and per-
formance do not affect how the platform matches consumers with sellers in the searches.

The platform partners with professional e-commerce service providers to design the
training. In contrast to typical business training that teaches generic best business prac-
tices, this training focuses on specific challenges of running e-commerce businesses to help
new sellers better navigate the platform market. The training materials are organized as
sequences of tasks, and each task tackles a specific challenge. In the training, the platform
uses administrative data to dynamically match sellers with the most appropriate tasks
based on sellers’ performance and actions. Each task uses a combination of tutorials, Q&A

8Interviews with multiple sellers on the platform suggest marketing spending could account for a signifi-
cant share of the operating costs. Larger sellers invest even more heavily than small sellers.

9Currently over 90% of consumers accessing the platform are from mobile devices rather than from the
web. Therefore, competition for ranking is more intense because of the limited space per screen on the mobile
device. On the other side, it is hard to define an obvious page break in the search results.
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forums and webinars to deliver recommendations.
Participating in the Training New sellers can access the training on the official seller’s
portal app where the training module appears as a widget on the front page (see figure 1
panel A)10. The official app is essential for sellers to manage their stores and to communi-
cate with the platform. Therefore, dedicated sellers do not need to invest additional efforts
to access the training.

Each task singles out an area of improvement, and sellers can choose which of the tasks
to try (see figure 1 panel B). The training tasks are associated with specific performance
metrics alongwith corresponding triggering conditions. For example, a new seller triggers
the task “attract more visitors to your store" if the number of visitors she had over the past
30 days is below the 40th percentile among sellers in her sector. An algorithm examines
sellers’ performance and assigns the most relevant tasks based on their performance and
the tasks’ triggering conditions.

After taking up the tasks, sellers can access detailed tutorials written by professional
e-commerce service providers with whom the platform collaborates. Each task has an as-
sociated Q&A forum where sellers can directly reach out to the tutorial’s authors. Some
service providers also offer live-streamed webinars to communicate with the sellers di-
rectly. Tasks have varying completion time based on their difficulties, usually ranging
from three days to a month. Reaching the pre-specified targets marks the completion of
the tasks. Sellers need to take specific actions or outperform other sellers in their sectors.
For example, a seller needs to show a number of visitors above the 60th percentile among
sellers in her sector during the past 30 days to complete the “attractingmore visitors to your
store" task. Sellers earn short-term free accesses to certain supplementary services for each
task they complete. These supplementary services support routine online business oper-
ations11. The monetary value of the short-term access to the services ranges from $5 to
$10. Sellers are unaware of the rewards before taking up the first tasks. If a seller fails to
complete a task, she can always make additional attempts later12.
Content of the Training The training tasks cover three major areas of online business
operations: basic setup, marketing and customer service13. The first type of task focuses
on teaching new sellers on how to set up online stores without running into pitfalls or
violating the platform’s rules. A typical task in this category teaches new sellers on how
to post products on the platform. The tutorial of the task contains a step-by-step guide to

10The app is available on all major operating systems and has a web version.
11As an example, sellers can access a program that allows sellers to print many customized shipping labels

with one-click.
12The training module does not explicitly state that there is no consequence of not completing the tasks,

which might deter some sellers worrying about potential negative consequences. We do not have empirical
supports for the direction of selection.

13Appendix table 1 provides a list of tasks with explicit contents and classifications.
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ensure that sellers follow the platform’s rules and help the products get better search rank-
ings14. Taking up these tasks might increase sellers’ likelihood of setting up their online
stores and posting products to sell. The second type of task addresses challenges to attract
consumers by teaching relevant marketing techniques. Typical tasks in this category teach
sellers ways to improve their product titles to get better search rankings, methods to select
more suitable keywords used in pay-per-click ads, and techniques to take advantage of
hundreds of sales events the platform regularly organizes. Sellers taking up these tasks
may be more active in marketing and may improve marketing skills. The last type of task
focuses on improving sellers’ customer service quality. In this category, typical tasks in-
troduce sellers to many supplementary tools that the platform offers to help sellers better
manage their customers. In one task, the tutorial teaches them how to set up an artificial
intelligence assistant to answer consumers’ inquiries quickly. The adoption of the tools
may help improve customer satisfaction and service quality.

The goal of the training is to help new sellers navigate the complex online business en-
vironment better. The training emphasizes pushing sellers to stay active in the market and
attracting more visitors with better marketing. The focus on customer acquisition echoes
earlier findings that demand-side frictions could be the main growth barrier new sellers
face in the e-commerce market. While some techniques are relevant only for this platform,
many marketing and customer management skills can be easily transplanted when oper-
ating other online businesses. Training does not cover more generic business practices
such as managing the supply chain, finance and personnel, which are often covered in the
related literature (Bloom and Van Reenen, 2007).

For some sellers, the training program helps close their knowledge gap by teaching
previously unknown techniques. Others may find that the same information is already
available in other sources. The training then functions as a well-structured reminder for
new sellers about what should be done at certain stages of their growth trajectory.

2.3 Experimental Design and Implementation

We design and implement the training intervention as a randomized controlled experi-
ment where we randomly offer newly registered sellers access to the training. The access
is assigned immediately after the sellers complete the registration. The assignment’s tim-
ing limits the available baseline information to variables collected during the registration

14Complexity of the product management system on the platform makes posting products a non-trivial
task. Each posting requires sellers to describe the characteristics of the products in great detail. Such informa-
tion is an essential input to the search algorithms. There are also non-explicit practices that can help promote
the product. For example, at least one of the pictures should have a white background to get promotion in
non-search channels.
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and actions taken on the first day of entry15. Moreover, because the platform dynamically
matches tasks and sellers based on sellers’ performance, we cannot randomize the assign-
ment at the task level.

The experiment officially started onMay 6, 2019 and has been ongoing since16. In 2019,
about 25,000 new sellers registered every day. FromMay 6 to October 28, 2019, during the
first phase of the formal roll-out of the training intervention, we randomly selected 25% of
new sellers to access the training. Later on, we expanded the share of new sellers to access
the training to 35% on October 29 and to 90% on December 26. Figure 2 summarizes the
timeline of treatment assignment. By June 2020, over two million new sellers have gained
access to the training program. For the empirical analysis, we focus on the cohorts of sellers
registered betweenMay 6 andAugust 15, 2019, to track these sellers for a long enough time.

2.4 Training Take-up

Among sellers in the treatment group, 44.6% of the sellers browsed the training during the
first month of entry. Within the first nine months after registration, 24.1% of treated sellers
took up at least one task and 12.6% completed at least one task. The randomization was
successful since none of the sellers in the control group took up any tasks. The adoption
rate is typical for online products. However, it is considerably lower than other training
programs offline (McKenzie and Woodruff, 2014)17.

Sellers most actively participate in the training during the first month of entry, partially
because the content of the training is most relevant for brand new entrants. Altogether,
49.9% of tasks were taken-up during the first month of entry. During this time, sellers
are more likely to pick tasks related to store setup and customer acquisition than those
on customer management. Among sellers in the treatment group who eventually posted
products, 7% took up tasks before posting. Tasks related to store setup have a higher com-
pletion rate at 58.0%, comparing to the average rate at 37.5%.

Although sellers have access to the training for at least six months after the registra-
tion, the retention rate declined relatively quickly over time. 13.9% of treated sellers took
up tasks during the first month, but only 4.0% of sellers continued to do so in the third
month18. Conditional on taking up any tasks in the previous month, around 23% of sell-
ers took up more tasks in the following month. Figure 3 shows the share of sellers who

15Information collected during the registration process include sellers’ type (registered as individual or
business) and locations. For individual sellers, we also know their gender.

16The training program went into testing in April 2019, during which about 1% of new sellers received the
access.

17Take-up rates for typical offline training programs are not perfect, usually in the range of 50 to 90%.
Compared to the offline setting, the costs of taking up online training are much lower. However, perceived
benefits might also be low, especially since many competing training programs exist in the market.

18Many sellers exit the platform after a month. 89.7% of sellers have visitors during the first month, but
only 42.2% do during the third month. The rates are similar for sellers in the treatment and control group.
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browsed, took up and completed the tasks in the subsequent months following the entry.
There are sizable variations in intensity of participation. Among sellers who partici-

pated in the training, 29.8% only took up one task, yet about 9.6% of sellers took up at
least 10 tasks. Overall, the median participant took up 3 tasks. Figure A1 shows the distri-
bution of the number of tasks seller took up. As for actually completing the tasks, 61.2%
of participants completed at least one task, while the average participants completed 1.63
tasks. The 5.5% of participants were most active and they completed more than 6 tasks.
Overall, sellers who took up more tasks also have higher completion rates. There are also
sizable variations in completion rates across different tasks. The more straight-forward
basic setup tasks have an average completion rate of 42.9%, but the tasks that focus on
improving customer service quality only have average completion rate of 35.2%19.

Columns 4 to 6 of table 1 summarize characteristics of treated sellers by whether or
not they participate in the training. Compared to sellers in the treatment group who did
not participate, sellers who took up tasks are slightly more likely to be registered as firms
but are less likely to be female20. Sellers from more economically developed southern
coastal provinces are more likely to participate and take up more tasks conditional on
participation21. Sellers from the southern provinces contribute more to total sales on the
platform than sellers from anywhere else. We hypothesize that sellers who post products
on the very first day of entry are better prepared. The early-movers are more likely to
become training participants, but conditional on participation, they do not take up more
tasks.

3 Effect of the Training on Sellers

In this section, we discuss the impacts of the training on alleviating new sellers’ growth
barriers. We analyze the overall impacts of accessing the training on sellers’ performance
and their strategies.

3.1 Data: the New Seller Panel

Our main data source is the administrative data that the platform collects on sellers’ per-
formance, strategies, characteristics, and participation in the training22. As mentioned, we

19Tasks focusing on marketing, customer services and customer management have completion rate of
39.7%, 22.3% and surprisingly 3.4% respectively.

20As mentioned, sellers can either register with a national ID card (as an individual) or with a formal
business registry (as a firm).

21The coastal provinces are Guangdong, Jiangsu, Zhejiang, Shanghai and Fujian.
22Similar to other studies (Zhang, Dai, Dong, Wu, Guo and Liu, 2019) on online businesses, our data only

includes activities that are observable online. Specifically, we do not have costs or other offline, supply-side
information. Therefore our measure of performance would be revenues rather than profits. Moreover, we
do not have access to sellers’ outcomes on other platforms if they are multi-homing. Multi-homing is more
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focus on the cohorts of new sellers registered between May 6 and August 15, 2019. On
average, 22,230 new sellers registered on the platform each day during the sample period.

We require newly registered sellers to log in to the official seller’s portal app at least
once within the first seven days of registration and have completed the entire registration
process to be included in the final sample23. Since sellers will not find out whether they
have access to the training program before the first login to the Seller’s Portal, the login
requirement does not induce selection. However, the training could potentially affect the
frequency of subsequent logins24. The full sample consists of 712,118 sellers, out of which
177,026 (24.8%) sellers are randomly assigned to access the training. We check the balance
of the treatment assignment using sellers’ characteristics collected during the registration,
i.e. their types and locations (column 1 to 3 in table 1). All the characteristics are balanced
across treatment and control except for sellers’ registration type, where treated sellers are
more likely to be firms but the difference is small25. Among sellers registered as indi-
viduals, 45.3% are females. Gender distribution is balanced, so are the locations at both
province and city level.

We construct a balanced monthly panel with all the sellers in the final sample. The
panel spans the subsequent nine months following the registration, where we define each
month as a 30-days period relative to the date of entry. The entry day is also the day of the
treatment assignment. We collect sellers’ performance measures on revenues, numbers of
visitors and conversion rates. Conversion rate is the share of visitors who make purchases,
which is the most commonly used metric for measuring efficiency. For example, the plat-
form uses the conversion rate to evaluate its search and recommendation algorithm’s ef-
ficiency. We also collect sellers’ quality measures, including their customer ratings (on
the accuracy of the product description, customer service and logistic), the likelihood for
consumers to request refunds or returns and the frequency of platform’s rules violations.
On sellers’ strategies, we observe their product offerings, pricing level, marketing and cus-
tomer service. We do not observe actual spending onmarketing. Instead, we observe some
proxies for sellers’ engagement, such as the number of products participating in pay-per-
click ads. For sellers with treatment access, we obtain their entire history of interactions
with the training program on tasks take-up and completion26.

In the final sample, 40.6% of registered sellers have never posted any products to sell.

common for larger, more established sellers than small sellers. In our sample, this possibility might not be
a significant concern for small new sellers. Survey evidence previously mentioned suggests that the vast
majority of the sellers have a minimal offline presence and operate solely online.

23Sellers would have their basic information and locations recorded if they completed the registration.
24We empirically test the impacts of the treatment on login but do not find any significant differences.
2526.4% of sellers in the control group are registered as firms. The share of firms in the treatment group is

26.8%.
26As described in section 2.2, the assignment of tasks is individualized with temporal variations. We do

not keep track of the tasks that were assigned to sellers daily .
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For sellerswhoposted products or earned revenues, we obtain their affiliated sectors27. For
sellerswithout product postings and sellerswho exit themarket, we replacemissing values
with zero for outcomemeasures such as the number of visitors and revenues28. Conversion
rates are undefined if the sellers attract no visitors. Similarly, the quality measures such
as customer ratings are undefined if the sellers do not have any orders. We leave these
variables as missing. Distribution of the outcome variables such as the number of visitors
and revenues is extremely skewed. For the main analysis, we convert these variables to log
scale29.

3.2 Impacts of the Training

Overall Impacts We first evaluate the overall intent-to-treat (ITT) effect with the new
seller panel. For seller i during (relative) month m belonging to an entry-date cohort c

with affiliated sector s, we run the following specification:

Yimcs = �T reatmenti + �m + �c + �s + �imcs (1)

Treatmenti is an indicator for having access to the training, �m, �c and �s are month,
cohort and sector fixed effects. Standard errors are clustered by seller.

Table 2 presents the estimated results on sellers’ performance. Access to the training
leads to a 5% increase in the likelihood of earning revenues (column 1) as well as a 1.7%
increase in revenues earned (column 2)30. Since revenues are zero for 60.5% of sellers-
month pairs, the unconditional average revenue is close to zero. Restricting the sample

27Sellers’ sectors are determined by the products they posted and sold. Therefore, sellers will not have
a sector affiliation if they do not post anything. Moreover, a significant share of sellers is labeled as selling
second-hand products, which are treated differently in the search results. We group sellers without sectors,
sellers who sell second-hand products and sellers selling unclassified products together. Since sellers could
change their sectors, we use the first sectors that the sellers identify with as their affiliated sectors. The results
do not change if we use sellers’ most frequently affiliated sectors.

28Platform automatically remove a registered seller from the platform if the seller does not have any active
product posting over the past four weeks. Notice that there are no requirements on the number of visitors
attracted or revenues made. When removed, the seller’s site is inaccessible, and the platform stops collecting
data. Sellers have the option to re-open their store, at which point the platformwill start to collect the informa-
tion again under the same ID.We do not exclude sellers without product posting in the main analysis because
encouraging sellers to post products is an important part of the training. Hence the decision to post products
could be affected by the training. We do not find a significant difference in the likelihood of posting products
in the subsequent months, but we cannot rule out the possible treatment effect.

2959.5% of seller-month observations have no visitors. To avoid dropping most of the sample, we add one
to the number of visitors, revenues and other performance measures before taking logs. We also use inverse
hyperbolic sine transformation for the main outcomes and reach a similar conclusions.

30Table A1 presents the treatment effect on revenues in levels with different winsorization thresholds. To
address the concern due to large number of zeros, we also use inverse hyperbolic transformation for the rev-
enues (column 4), the result is similar to using log with plus one. Besides the specification with raw revenues,
all the estimated effects are positive, but not all significant. The results are very sensitive to extreme values
at the top of the distribution. Because of the training content, we do not expect that the training could have
meaningful impacts on these top sellers.
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to seller-month pairs with positive revenues (column 3), sellers in the treatment groups
earn 2.6% higher revenues. Treated sellers earn higher revenues because they attract more
visitors to their sites. Treated sellers attracted 1.3% more visitors to their sites (column 4),
and they have 0.8%more consumersmaking purchases (column 6). Conditional on having
some visitors, treated sellers attract 2.4% more visitors (column 5) and consequently have
1.8%more consumersmaking purchases (column 7). However, wedo not find a significant
improvement in treated sellers’ conversion rates, as shown in column 8. We use consumer-
side data to explore the conversion in section 4. Figure A3 presents the quantile treatment
effect on log revenues separately for each month. The variations of treatment effects by
different quantiles are small. The treatment effect is slightly larger for sellers in the middle
of the revenue distribution, especially for sellers on the edges of earning revenues. Since
the impacts of training on seller posting products are limited (table A3 column 1), we
restrict the sample to sellers that have ever posted product in the first nine months and
find similar results as in the full sample (table A3). In this subsample, treated new seller
earn 2.4% higher revenues than control sellers (column 3).

Table A7 summarizes the impacts of training on sellers’ observed quality metrics. We
do not find treated sellers to have significantly higher customer ratings than sellers in the
control group. For all three types of ratings, namely accuracy of product descriptions,
customer service and logistics, treated sellers obtain slightly higher scores than control
sellers, but the difference is not significant. These two groups of sellers also have a similar
percentage of refunds and complaints, the share of positive reviews, and the frequency of
violating the platform’s rules. The point estimates suggest that sellers with training access
weakly outperform control sellers for most quality metrics.

Focusing on sellers who participate in the training, we use the random assignment of
the training access as an instrument for actual participation and an indicator for taking
up any tasks during the sample period as the first stage variable. Column 1 of table A4
shows the first stage specification as equation 1. On average, 25.7% of treated sellers took
up some tasks. The rest of the table presents the two stage least square estimates on sellers’
performance. For sellers taking up the tasks, they earn 6.6% higher revenues and attracted
5.2% more visitors to their sites. We do not find significant impacts on conversion rates.
We find similar results when measuring participation with number of tasks that the sell-
ers take up in the specific month and present the results of the IV estimates in table A5.
Comparing sellers who took up some tasks to those who did not in the treatment group, it
is obvious that training participants significantly outperform non-participants along with
all performance measures (table A6).

We analyze temporal variations of the treatment effects in A.1 and conclude that the
temporal variations are small. In particular, the training does not have lasting impacts on
sellers’ retention. Figure 3 presents the treatment effect on retention measured by having
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products posted and earning revenues over time. Treated sellers are nomore likely to have
products posted throughout. They aremore likely to earn revenues but only during the ini-
tial months. The experimental design limits the baseline heterogeneitywe could capture to
basic types, locations and actions on the first day. We discuss the heterogeneous treatment
effects in details in appendix A.2. In a nutshell, we do not find a significant difference by
sellers’ registration type or level of preparedness31. Instead, the offline business environ-
ment could play a role. Sellers from less-developed regions are less likely to participate in
the training, and the training is less useful for these sellers.

The magnitude of the treatment effect on revenues is positive but small. Over the nine
months, treated sellers earned $1.8 million higher total revenues. Assuming the treatment
effect is of a similar magnitude for all cohorts of new sellers, all two million treated sellers
combined could earn about $4.7 million higher revenues. Higher revenues could be a
result of market expansion and business stealing. We discuss these two possibilities in
section 4 and section 5.
Sellers’ Strategies Next, we discuss how the new sellers’ strategies change relates to the
observed increase in revenues and the number of visitors. We focus on observable strate-
gies, includingpricing, product offerings,marketing and customer service. Wefind treated
sellers change theirmarketing strategies and slightly improve customer service quality, but
do not behave differently on other dimensions.

Table 3 presents estimated coefficients � in specification 1 on the treatment indicator,
where each cell corresponds to a separate regression on a specific outcome variable. Al-
thoughmany training tasks focus on technical and administrative barriers sellers may face
when setting up their online stores, the training has limited impacts on incentivizing mar-
ket participation in terms of posting products or putting down security deposits. The
platform strongly recommends sellers to put down small deposits to cover potential con-
sumers’ losses32 The results suggest that closing the knowledge gap alone is not enough
since many offline constraints are still limiting. For example, sellers need to find sources
of supplies and have available funds to cover operation costs. Eventually, 65.0% of sellers
in the treatment and 64.8% of sellers in the control group posted products, but the differ-
ence is not significant. Moreover, treated sellers are not accelerating the speed of posting
products among the subset of sellers who posted products after the first day of entry (ta-
ble A2 columns 1 and 2). Similarly, treated sellers are no more likely to put down security
deposits (table 3). As expected, sellers do not behave differently in terms of the number of
products offered, the likelihood of moving into different sectors or setting different prices.

31Wemeasure the level of preparedness by whether or not sellers post products on the first day of registra-
tion.

32Sellers can still post products if they do not put down deposits. However, these sellers will get much
lower rankings in search results.
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These strategies are not covered by the training and are more a�ected by the o�ine envi-

ronment.

Treated sellers are more likely to follow the platform's recommendations to adopt free

supplementary tools that help improve the quality of customer service 33. Speci�cally, we

�nd that treated sellers have a slightly shorter average response time when consumers

make inquiries and have higher conversion rates among consumers who made inquiries

(table 3 section on customer service). These results are driven by treated sellers' higher

likelihood of adopting the AI-backed customer assistant to help answer consumers' ba-

sic questions34. Although treated new sellers do not have signi�cantly higher customer

ratings of their service quality, improved customer service quality could still contribute to

treated new sellers' revenue increases as indicated by higher purchase probabilities among

consumers who make inquiries.

Training helps improve treated sellers' marketing skills (table 3 section on marketing).

Treated sellers have more products participating in pay-per-click ads where sellers bid for

better search rankings with speci�c search keywords, and they have a higher share of vis-

itors coming from the paid channels 35. In addition to advertising, treated sellers are also

more likely to participate in the limited-time promotional events that the platform regu-

larly organizes 36. The products on sale get preferential treatment in the search rankings

and additional exposure since consumers can �nd these products from other channels

besides the main search and recommendation program. More active participation in mar-

keting could involve higher costs for the treated sellers. Because we do not observe actual

spending on marketing, we are unable to claim that the training de�nitively increases sell-

ers' pro�ts.

Marketing is an indispensable part of online business operations, and attracting visi-

tors is the key to success. However, marketing capacity and quality might not perfectly

correlate (Hu and Ma , 2020). The training intervention that either improves sellers' mar-

keting skills or raises sellers' awareness of marketing helps new sellers accumulate more

consumers37. As a result, incumbents and non-treated new sellers could have fewer vis-

itors. Such reallocation has ambiguous implications for consumers. The ambiguity is a

33The supplementary tools that the training promoted focus on improving customer service quality and
are not the same as those given out as rewards for completing the training tasks

34Currently we do not have data on sellers' actual subscriptions to the AI assistants and other supplemen-
tary service.

35The usual paid channels include pay-for-clicks ads in search results, advertising spots in the AI-powered
recommendations, headline �gures and social media campaign.

36The classic sales events the platform regularly o�ers are product speci�c limited-time discounts. Sellers
select the set of products to participate and submit applications to the platform to be included.

37Since we do not observe sellers' operating or marketing costs including their spending on the platform,
we are unable to identify if sellers' investment in the marketing ended up yielding higher pro�ts. However,
the bottom line is that training should have no direct impacts on sellers' available �nancial resources to invest
in marketing, even though sellers might shift investments from other channels to marketing.
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common concern for typical training interventions that promote speci�c groups because

of potential adverse selection. In such cases, consumers might interact with lower qual-

ity �rms more often due to the interventions. We assess the impacts of the training on

consumers in section 4.

4 E�ect of the Training on Consumers

As discussed in the previous section, the entrepreneur training causes treated new sellers

to attract more consumers to their sites and improves customer service quality. As a result,

consumers' experience on the platform could be a�ected when consumers interact with

di�erent types of sellers. In this section, we evaluate the impacts of the training on con-

sumers by answering the following questions. First, when a consumer visits more treated

or control new sellers during a search session, is she more likely to �nd what she needs

and make a purchase from some sellers in the set? Second, when a consumer visits both

new sellers and incumbents in a search session, from whom is she more likely to purchase?

Changes in consumers' search experience could a�ect overall purchase probability (mar-

ket expansion) and choices within a set of visited sellers (market allocation). Empirically,

we use the detailed consumer-seller matched browsing data and exploit variation in sellers'

composition that consumers visit, given their interests and search e�orts. The set of sellers

that a consumer visits in a search session is determined by the platform's search algorithm

and her own browsing behaviors. While both are a�ected by consumers' characteristics

and past behaviors, the search algorithm has some random assignment procedure when

matching new sellers38. For consumers, explicitly picking out new sellers from the search

results is nearly impossible without visiting sellers' sites.

4.1 Training and Market Expansion

Sample Construction To evaluate how interacting with new sellers a�ect consumers'

subsequent experience, we identify consumers with the same interests (searching the same

query) and the same search e�orts (visiting the same number of sellers) on the same day.

These consumers ended up visiting di�erent sets of sellers. To be precise, we construct

a consumer-search session sample using administrative data from the platform in the fol-

lowing steps (summarized in A5). First, we draw a random sample of new sellers from

the experimental sample39. Next, we identify a set of consumers who have visited the

38We do not have access to the actual search algorithm, and the algorithm is too complex and too dynamic
to be summarized as simple rules. Discussions with internal engineers suggest that the algorithm does have
random components when matching for new products and new sellers. However, there are no explicit rules
on how such matching associates with consumers' characteristics.

39We have to take a sub-sample from the full sample mainly due to computational reason. All sellers in the
experimental sample combined could attract more than 10 million visitors on a typical day.
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sampled sellers' sites between August 1 and December 31, 2019, and obtain the search

keywords they used to �nd these sellers. Then, we �nd another set of consumers who

searched the same keywords on the same day and visited the same number of sellers as

the previous group of consumers did but only visited incumbents 40. As mentioned, sellers

that each consumer visited are not randomly selected because both search rankings and

consumers' browsing behaviors are endogenous. However, without the platform's explicit

promotion in the search outcomes, it is almost impossible for consumers to speci�cally look

for new sellers when searching for products 41. Therefore, our empirical strategy exploits

variations in the platform's search algorithm, which determines the pool of sellers that

consumers could access. For these two groups of consumers who visited some new sellers

or only visited incumbents, we obtain their search and purchase history for a month before

and after the event. We aggregate the �nal sample to the consumer-search session level.

A search session is a search query-search e�orts-date combination. Our primary outcome

measure for each consumer-search session is whether the consumer places an order with

any sellers in the set and her total spending. Therefore, each observation corresponds to a

speci�c consideration set that the consumer uses to make a purchase decision. We obtain

sellers' pricing, the number of products o�ered, and their customers' ratings as the main

control and average these measures to consumer-search session level. For the consumers,

we obtain their search and purchase history around the time of the session, which allows

us to summarize consumers' characteristics and preferences.

The �nal sample consists of 1,381,273 consideration sets (consumer-search sessions)

spanning 153 days in the second half of 2019. TableA10 summarizes the main variables.

The complete sample consists of 515,748 consumers. On average, each consumer appears

in 2.68 search sessions, where 44.2% of consumers appear in only one search session. These

consumers searched 13,593 distinct keywords, spanning most of the popular sectors on the

platform. In 18.8% of the search sessions, consumers placed an order from some sellers

they visited on the same day. Average consumers visited 4.89 sellers per search session. In

40We limit the number of matched consumers per search query-search e�ort-date set at 50 for the computa-
tional reason. Such sampling implies that we over-sampled sellers with fewer visitors and keywords that are
less popular. We also require that consumers visit at least three sellers because consumers who visit only one
or two sellers might have di�erent mindsets. On the one hand, those consumers might not be serious about
purchasing because of their limited search e�orts. On the other hand, those consumers might be looking
for very speci�c sellers, especially those they have purchased previously, as the algorithm tends to promote
these sellers. We are unable to separate these two possibilities, and these motivations could result in opposite
purchasing behaviors.

41A consumer can only determine whether the seller is newly registered if they visit the seller's site and
click on a speci�c section about the store's necessary information. In the search results, besides prices, product
titles, and category-speci�c labels, the displayed information also include the cumulative number of orders
and sellers' locations. The cumulative number of orders could correlate with sellers' age, but the correlation
is not perfect. Consumers can search speci�cally for new stores by including relevant keywords in the search
query, but the search results do not always respect that intention. Moreover, we control the search keyword
in the primary analysis.
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61.1% of the sessions, consumers visited three or four sellers.

Interacting with new sellers is rare because new sellers only account for a relatively

small share of all the sellers on the platform 42. In our sample, consumers visited treated

new sellers in 6.5% of search sessions and control new sellers in 9.2% of sessions43. New

sellers that appear in consumers' consideration sets are larger and more successful than

average new sellers in the experimental sample, especially since a signi�cant proportion

of the new sellers have none or very few visitors. Therefore, the consumers' results do not

speak to the average new sellers, but only new sellers in the top end of the distribution

whom the consumers can encounter when searching on the platform.

The characteristics of consumers who visited new sellers are di�erent from those who

only visited incumbents. In these search sessions, consumers visit more sellers. Con-

sumers also spend more money and search more intensively in the week before the search

event. For search sessions involving new sellers, consumers visited three or four sellers in

only 51% of these sessions (�gure A6). Conditional on search e�ort, keyword and date,

consumers visiting some new sellers spend 38% more than consumers only visiting the

incumbents. We address the selection on the consumer side in the empirical analysis with

consumer and search session �xed e�ects and a rich set of controls for consumers' charac-

teristics at the time.

Empirical Strategy When a consumer visits more treated or control new sellers in a

search session, is she more likely to �nd what she needs and make a purchase? We answer

this question using the consumer-search session sample with the following speci�cation:

Yis = � t T is + � cC is + X is 
 + � s + � i + � is (2)

for consumer i and search sessions. The main variables of interests are T is and C is , de-

�ned as having any treated or control new sellers in the consideration set for consumer

i in search sessions. Since neither the platform nor consumers know if new sellers have

access to the training, the comparison between treatment and control new sellers is not

subject to selection bias. We add the �xed e�ect � s to capture variations across search

sessions, where each sessions is a search keyword-e�ort-date combination. Controlling

for the search keywords addresses heterogeneous responses when consumers search for

di�erent types of products. For example, consumers tend to explore more options when

searching for horizontally di�erentiated products such as clothing than when they search

42In 3.2, we analyze the number of visitors new sellersattracted and compare between treated and control
new sellers. In this section, we compare new sellers to incumbents.

43As described in the sample construct, the probability of interacting with new sellers are calculated based
on the sample. It may not be the same as the probabilities on the entire platform. We over-sampled sellers
attracting fewer visitors and less popular keywords. The actual probability of having some new sellers in the
consideration sets over all the search sessions should be lower than what we have here in this sample.
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for vertically di�erentiated products such as home supplies. Controlling for the number of

sellers that consumers visited in a search session helps alleviate two competing concerns.

On the one hand, consumers visiting more sellers are more dedicated as they invest more

search e�orts, which increases their likelihood of purchase. On the other hand, consumers

browsing more sellers might also be less satis�ed with their previous matches, forcing

them to search more intensively and lower their overall probability of purchase. There-

fore, the consideration set's size serves as a proxy for the searches' intensity and quality

of sellers encountered. Similarly, we control for the date because the platform organizes

many promotional events year-round, and these events could have di�erential impacts on

new sellers and incumbents. We control consumer time-invariant characteristics with � i

to address consumers' idiosyncratic variations in their pickiness, purchasing power, expe-

rience and familiarity with the platform. In addition, we add control variables X is that

includes sellers' average pricing level, the number of products o�ered and sellers' ratings

in the consideration sets44 as well as consumer i 's total spending and search intensity in

the previous week. This speci�cation does not control for consumers' search query spe-

ci�c preferences, e.g. a consumer might be unusually picky when choosing printing paper

even though her fellow shoppers view printing paper as a homogeneous product. Such

idiosyncratic preferences could a�ect consumers' search behaviors, but it is unclear how

such taste di�erence would bias the way consumers interact with new sellers.

Results Table 4 presents the results of speci�cation 2 on indicators for purchase proba-

bility and log order size. On the day of the visit, compared to visiting a set of sellers with

incumbents only, a consumer is more likely to purchase if her consideration set with new

sellers. Encountering treated or control new sellers in the set increases purchase probabil-

ity by 1.7% and 2.2%, respectively (column 1). Conditional on consumers' recent behaviors

and sellers' characteristics, consumers are 1.9% more likely to make a purchase with one

more treated or control new seller in the set (table A12 column 1). Incorporating the pos-

sibility that consumers might place an order in later days, we reach a similar conclusion.

Having some new sellers in the consideration sets signi�cantly increases the likelihood for

consumers to make purchases by 1.9% in the next three days (column 2 in table 4) and

1.8% in the following week (column 3). Having one extra new sellers in the consideration

increases total spending for the speci�c search session by 1.1% (column 4 in table A12).

Higher purchase probability indicates that consumers bene�t from better matching qual-

ity in the searches. Higher intensity of interactions with new sellers therefore leads to

market expansion.

Comparing control new sellers to treated new sellers who appear in consumers' consid-

eration sets, we �nd that interacting with these two types of new sellers leads to a similar

44Ratings are determined by the cumulative number of positive reviews sellers get. Hence they re�ect
sellers' size more than quality. The price level is measured in the log scale.
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increase in consumers' purchase probability. We test the di�erence in the estimated coe�-

cients � c and � t and �nd that the di�erence between these estimated coe�cients is small

and insigni�cant except for log total spending (column 4 table 4). If we use the number

of treated new sellers as the main explanatory variable rather than the indicators for new

sellers in the consideration sets, there is no signi�cant di�erence between estimated � c

and � t (table A12). Since the training increases new sellers' likelihood of appearing in

the consideration sets and improves their customer service quality, there is both selection

and treatment e�ect. Overall we do not �nd adverse selection because of the training since

interacting with treated new sellers is associated with higher matching quality similar to

visiting non-treated new sellers. More importantly, consumers' matching quality in search

rises as they interact with both types of new sellers compared to only incumbents in the

consideration sets. The gap in purchase probability implies that there could be signi�cant

frictions that hinder new sellers' growth.

Impacts on SearchInteracting with new sellers could a�ect consumers' search and brows-

ing behaviors on the platform. On the one hand, consumers could spend less e�ort in

search when they encounter higher-quality new sellers. As a result, consumers will visit

fewer sellers in these search sessions. On the other side, a better experience could induce

consumers to search more. Since encountering new sellers is rare, consideration sets with

these sellers are larger (�gure A6). Without access to the actual page rank data, we test

for the potential impacts on search intensity by relaxing the constraint in the baseline spec-

i�cation. In the baseline speci�cation, we control for consumers' search e�orts with � s

�xed e�ect. We use an alternative speci�cation to include only search keyword-date �xed

e�ects. This way, we compare variations within consumers and search keywords but vary-

ing search e�orts. Table A13 presents the results. Without controlling for search intensity,

the e�ect of encountering new sellers on boosting overall purchase probability is larger,

at 3.9% for having treated new sellers and 4.4% for having control new sellers in the set

(column 1).

4.2 Training and Market Reallocation

In this section, we ask, when a consumer visits both new sellers and incumbents in a

search session, from whom she is more likely to purchase? We construct a consumer-seller

matched pair sample to analyze consumers' choices and the resulted market allocation.

Data and Sample Construction To construct the sample, we restrict the attention to con-

sideration sets where consumers have visited at least one new seller and have made pur-

chases from some sellers in the sets. We construct a consumer-seller pair level sample

where each pair is associated with a speci�c consideration set. For each consumer-seller

pair, we use whether or not a consumer makes a purchase from the speci�c seller within
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a given period of time as well as the size of the order as the main outcomes. When a

consumer makes a purchase, we obtain quality measures on whether or not the consumer

requests returns or refunds and whether or not she makes repeat purchases from the same

seller in the following month. To control for the impacts of sellers' strategies and charac-

teristics, we again collect data on sellers' pricing level, the number of products o�ered and

the ratings45.

The �nal sample consists of 300,273 consumer-seller pairs corresponding to 42,004 con-

sumers' 61,280 consideration sets (de�ned per search session - consumer) spanning 153

days. Table A11 presents summary statistics of the main variables used. These search

sessions are the same as those we analyzed in section4.1, except in this sample, we ob-

tain more detailed consumer-seller level interactions associated with these sellers. 98,631

sellers appear in the sample, with 3,687 of them belong to the treatment group and 7,329

sellers in the control group. As discussed earlier, these new sellers are highly selected as

they are much larger and more active than average new sellers. For consumers making

purchases on the same day, average sellers have 18.3% chances to be selected. The average

order size is $31.5, and the median order size is $20.446. For 9.1% of purchases, consumers

request refunds or returns. Consumers place repeat orders in the following month in 4.9%

of the cases. We use quantity weighted average prices at the seller level as a proxy for

seller's pricing level 47.

Empirical Strategy To test the impacts on allocation, we use the following speci�cation:

Yijs = � t T j + � cC j + X j 
 + � is + � ijs (3)

The speci�cation includes consideration set � is �xed e�ects to address consideration set

level heterogeneity. Consideration set is a set of sellers a consumer eventually chooses

from in a search session. In this way, we control for consumer - search session speci�c

idiosyncratic variations and only evaluate consumers' choices between sellers in the sets.

45We also restrict the sample to the set of consumers who appear in at least two search sessions. Since we
control for consumer �xed e�ect in the main speci�cation, including consumers with one search session does
not change the results.

46Throughout the paper, we assume 1USD equals 7RMB. These statistics do not correspond exactly to the
average of pay amount in table A11 because we exclude the observations where consumers did not place any
orders with the sellers.

47Almost all the sellers on the platform o�er multiple products. However, in the search sessions, consumers
access a particular seller from the product page. However, due to data limitation and the pricing strategies'
complexity, we do not observe real-time prices that the consumers observe. Moreover, since we aggregate the
outcomes to the seller level and consumers could browse and purchase multiple products from the sellers they
visit, it is unclear how to aggregate prices without observing what products the consumers visit. Therefore,
we use seller level, quantity weighted pricing as a proxy for the seller's pricing level. The current algorithm
encourages sellers to design their pricing strategies to target a speci�c group of consumers with comparable
purchasing power. Therefore, the variations in prices across products in a store could be more limited than
across seller variations.
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The outcomes of interests areT j and C j , indicators for whether or not the seller j belongs

to the treatment or control group. To test the di�erential impacts of interacting with treated

and control new sellers, we compare the coe�cients � t and � c. As before, we include a

set of seller level controls X j on seller j 's pricing, the number of products o�ered and its

ratings.

Results The estimated results are summarized in table 5. By restricting to consideration

sets that consumers purchased from, we control for the possibility of market expansion and

evaluate the market allocation between new sellers and incumbents. Consumers are more

likely to choose new sellers, especially new sellers in the treatment group, over incumbents

that appear in their consideration sets. Speci�cally, on the day of the visit, consumers are

5.9% more likely to choose a treated new seller than an incumbent in the same considera-

tion set (column 2). Comparing treated new sellers with control new sellers, consumers'

purchase probability with the former is signi�cantly higher by about 4.2% (column 2). The

di�erential impacts of interacting with treated or control new sellers are similar if we use

purchase within a week or amount spending as the outcomes. In columns 2, 4 and 6, we

include seller level controls. The coe�cients are quantitatively similar. Results here sug-

gest that consumers' higher purchase probability with new sellers is not driven by sellers'

charging di�erent prices.

Using the consumer-seller matched sample, we show that training bene�ts the con-

sumers by improving their matching quality and con�rm that the improvements on match-

ing are because of consumers interacting with new sellers. The results shut down the po-

tential negative selection induced by the training. As discussed in section 3.2, training

helps treated new sellers to attract more sellers to their sites. Therefore, from the con-

sumers' perspective, more consumers visit treated new sellers and treated new sellers are

more likely to appear in consumers' consideration sets. Consequently, if the consumers do

not visit more sellers or search more intensively, control new sellers and incumbents might

be less likely to appear in the consideration sets. Hence, by changing the compositions of

sellers that consumers visited, the training could cause market expansion and market re-

allocation. Such a shift in the allocation of consumers' visit likelihood could bene�t the

consumers but may come at the costs of control new sellers and incumbents. Current ev-

idence suggests that new sellers have higher quality than incumbents so that reallocation

improves overall e�ciency. We quantify and decompose such impacts in section 5.

4.3 Training and Purchase Quality

In this section, we assess the impacts on the quality of purchase when consumers reallocate

their purchases from incumbents to new sellers.
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Data and Sample Construction We again use the consumer-seller level sample constructed

in section 4.2but restrict the sample to only include observations where consumers made

purchases from the sellers on the same day of visit48. Each observation is a consumer-

seller pair that belongs to a speci�c consideration set. Therefore, this sample contains the

exact same consideration sets as the sample used in4.2. The �nal sample consists of 54,910

consumer-seller pairs. To measure the quality of purchase, we use indicators for whether

or not consumers request for returns or refunds for the order as well as whether or not

consumers make repeat purchase from the same seller in the subsequent month following

the purchase.

Empirical Strategy To evaluate the impacts of purchasing from new sellers on the quality

of purchase, we use the following speci�cation:

Yijs = � t T j + � cC j + X j 
 + pijs � + � i + � s + � ijs (4)

Because consumers only purchase from one seller in the consideration set, we are unable

to use consideration set �xed e�ect. Therefore, we control for consumer and search speci�c

variations with �xed e�ect � i and � s instead. As in the previous section, the outcomes of

interests areT j and C j , indicators for whether or not the seller j belongs to the treatment or

control group. Besides seller level controls X j on seller j 's pricing, the number of products

o�ered and its ratings, we also include the size of the order pijs in the control 49.

Results Table 6 shows how post-purchase experience may di�er when consumers pur-

chase from new sellers instead of the incumbents with speci�cation 4. Overall, placing

an order with new sellers does not signi�cantly negatively impact consumers' likelihood

to request returns or refunds (columns 1 and 2). Moreover, there is no di�erence in the

likelihood of making repeated purchases from new sellers versus incumbents (column 3).

These results show that while consumers are more likely to purchase from new sellers,

their purchase experience with the new sellers is no worse than their experience after pur-

chasing with incumbents. The di�erence between interacting with treated and control new

sellers on the purchase quality is small. Hence, higher purchase probability does not come

at the cost of lowering purchase quality and there is no evidence for negative selection.

5 Decomposition of the Impacts of the Training

Motivated by the reduced-form evidence, we use a structural model to characterize growth

barriers new sellers face. Our model focuses on consumers' purchase decisions given

48We check the results by expanding the sample to include the observations where consumers purchase
from the sellers within a week of visit and the results are consistent.

49We could not add consumer level controls because there are very limited variations left after controlling
for consumer �xed e�ect. Hence the control variables only include sellers' characteristics.
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their consideration sets and uses variations in consumers' choices to identify the primary

sources of frictions: the mismatch between sellers' true quality and the total number of

visitors they manage to obtain. The model uses a �exible function to characterize the plat-

form's matching rule based on observable sellers' performance, namely their lagged num-

ber of visitors and conversion rates50.

To evaluate the welfare implications of the training, our model emphasizes how the

training changes the sellers' likelihood to appear in consumers' consideration sets that

consequently changes matching quality and welfare. Because of the training, treated new

sellers adjust their strategies accordingly to attract more visitors to their sites. Treated new

sellers capture more attention from the consumers, which implies that the incumbents

and control new sellers will be less likely to enter consumers' consideration sets. That is,

training induces changes to the composition of sellers in consumers' consideration sets.

We expect the negative spillover on the non-treated new sellers to be limited because the

vast majority of sellers on the platform are incumbents. If reallocation occurs randomly

among all the sellers, then by chance, most of the market reallocation will come from the

incumbents. In the model, we take consumers' search and browsing behaviors as given

and only consider the market reallocation among di�erent types of sellers 51.

5.1 Model Setup

Consumer Demand As mentioned, we do not explicitly model consumers' search pro-

cess and how they arrive at the observed consideration sets. Instead, we take these con-

sideration sets as given and consider the conditional purchase decisions. Speci�cally, a

consumer i 2 I searches a query and generates a consideration setK i . Each setK i consists

of a group of sellers j 2 K i that could be either new sellers (treated or control) or incum-

bents. Consideration setsK i could have di�erent sizes, which we do not model. Consumer

i solves the following maximization problem to choose from which seller j 2 K i she wants

50We do not directly model supply-side responses because empirical changes in strategies that could a�ect
consumer demand such as price adjustments and product introductions are rare. Instead, most of the actions
that the sellers take concentrate on marketing, which is captured by the number of consumers they attracted
in previous periods.

51On the one side, treated new sellers are more likely to appear in consumers' search sets, resulting in mar-
ket reallocation from incumbents and control new sellers to treated new sellers. By closing the knowledge gap,
training helps to ensure that new sellers can participate in the competition for consumers' attention. On the
other hand, consumers may change their search behaviors in response to the changing composition of the sell-
ers they visit. Consumers need to spend fewer e�orts to search if the quality of the matches improves, which
is welfare improving for the consumers but could limit fellow sellers' chances to appear in consumers' consid-
eration sets. Alternatively, matching with higher quality sellers in the search sessions may induce consumers
to do more searches in the future, raising the likelihood of purchases from other sellers. This channel could
potentially bene�t all the sellers if the market for consumers' attention expanded. Compared to the market
reallocation and the direct impacts of changes in the consideration sets on consumers' purchases, changes in
consumers' search behaviors are second-order.
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to purchase:

max
j 2 K i

Uij = Vij + � ij = x j � � �p j + � j + � ij (5)

pj is the price level seller j charges, andx j is the set of strategies and characteristics seller

j adopts that might a�ect consumers' purchase decisions. � j is the unobserved seller j 's

underlying quality and is our main object of interest. Sellers with higher quality � j yield

higher utility for all consumers visiting their sites. The main source of friction the model

captures comes from the mismatch between sellers' quality � j and their likelihood to ap-

pear in consumers' consideration sets. We do not explicitly model the treatment e�ect.

However, since we use post-treatment data to estimate � j , it captures both sellers' underly-

ing quality and e�ect of the treatment. � ij is the I.I.D. consumer-seller idiosyncratic pref-

erence that re�ects unobservable components a�ecting consumers' decisions.

We assume that� ij follows a type I extreme value distribution and consumers' outside

option of not purchasing from any seller have zero utility. We get the following familiar

logit formulation

Pij =
exp(x j � � �p j + � j )

1 +
P

k2 K i
exp(xk � � �p k + � k )

(6)

where Pij is consumer i 's probability of purchasing from seller j . We later enrich the base-

line model by adding consumer side heterogeneity, sector speci�c �xed e�ect � s and sector

speci�c price coe�cient � s.

Endogenous Strategies One major concern with the baseline model is that pricing level

pj and strategies such as the number of products o�ered in x j could correlate with � ij ,

which would bias the estimated coe�cients. To address this concern, we use a set of in-

struments to jointly determine the number of products posted prod jt and pricing level pjt

with "
pjt

prod jt

#

= Z� fs + � fs
j + � fs

t + � fs
s + � jt (7)

� fs
j , � fs

t and � fs
s are seller, time and sector �xed e�ect. The set of instruments Z are vari-

ables that capture the stringency of the platform's rule enforcement. These instruments

include frequency of di�erent types of rule violations and shares of sellers identi�ed as

frequent rule violators in the corresponding sectors 52. The most common rule violations

include infringing on intellectual property rights, selling counterfeits and providing false

or misleading product information. The platform enforces comprehensive rules to ensure

that sellers obey relevant state regulations and maintain a well-functioning market. In

the cases of rule violations, the platform could downgrade sellers in the search rankings,

remove access to sellers' products or even their sites and, in some cases, call for legal so-

52We use number of visitors each seller attracts as the weights when we aggregate these instruments to
sector level. Rule violations come in di�erent level of seriousness and we separately calculate them by type.

26



lutions. Such punishment could have signi�cant impacts on sellers' business operations.

The platform frequently adjusts the design and enforcement of the regulations as the busi-

ness environment �uctuates. We exploit changes in the strictness of rule enforcement at

the sector-month level. When the platform strengthens the rule enforcement, sellers could

be more cautious about posting more products, charging extreme prices or engaging in un-

ruly promotions. On the other side, when the platform enforces stricter rules, rule-obeying

sellers could bene�t as the platform regulates their unscrupulous competitors' behaviors,

allowing the rule-obeying sellers to increase their market shares.

Matching The rule for matching sellers and consumers is the most important device that

the platform has to improve consumers' experience and to support promising sellers. We

simplify the complex matching rules used in the search and recommendation algorithm

by highlighting the reliance on the previous period's conversion rates and the number

of visitors. In the matching, conversion rate directly re�ects seller-speci�c consumer de-

mands a�ected by sellers' underlying quality � j . The last period's total number of visitors

summarizes sellers' characteristics, especially their marketing skills and the impacts of the

training on attracting consumers. Sellers' strategies, including their participation in the

training, do not directly factor in the matching process, but they can a�ect the lagged re-

sults. We capture the evolution of the number of visitors over time with the following

model:

Tjt = f (Tjt � 1; Cjt � 1; Cjt � 2) (8)

Tjt is the current period total number of visitors for the seller j and Tjt � 1 is the previous

period's number of visitors 53. Cjt � 1 and Cjt � 2 are the conversion rates in the previous two

periods.

5.2 Estimation

We estimated the model using simulated maximum likelihood following Train (2009). To

better �t the empirical setting, we make the following changes to the basic model.

Consumer Demand We use the consumer-seller pair sample to estimate the demand pa-

rameters in particular sellers' � j . Appendix B.1describe the detailed sample construction

process. Due to computation constraints, we sample a subset of sellers for actual estima-

tion. The �nal sample is a seller-consumer matched pair dataset, and we explore seller

level variations. x j includes the number of products sellers o�er as well as sellers' ratings

53We again convert the number of visitors to log scale to improve the �t because of the skewness of the
distribution.
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and pj is the average price level that sellers charge54. To account for sector-level hetero-

geneity, we add a sector-speci�c intercept � s in the baseline model and enrich the baseline

model by estimating tge sector-speci�c price coe�cient � s.

We jointly estimate consumer demand and sellers' strategy using the instruments de-

scribed above. The �nal set of instruments include the average frequency of rule violations

and the share of sellers labeled as frequent rule violators in sector s over the previous 30-

day period. In the baseline model, we do not explicitly account for temporal variations.

More detailed estimation procedures are described in B.2.

Matching To estimate the matching rule, we use the the new seller panel. We use the

following speci�cation to distinguish new entrants with no previous history and sellers

with zero conversion rates in the previous periods from the rest:

Tjts = f (Tj;t � 1; Cj;t � k )+ g(I j;t � k (t � k = 0))+ h(I c
j;t � k (Cj;t � k = 0))+ � trf

k + � trf
t + ejts (9)

Cj;t � k are lagged conversion rates in past periods k = 1 ; 2, I jt � k (t � k = 0) is an indicator

for the initial two periods 55 and I c
j;t � k (Cj;t � k = 0) are indicators for lagged conversion

rates being exactly zero. The speci�cation also includes product category, calendar time

and relative month �xed e�ect. In the baseline speci�cation we start with linear functions

for f (�), g(�) and h(�). In this setup, all the right-hand-side variables are determined in the

previous periods.

5.3 Estimation Results

Following the procedure described in section 5.2, we estimate the baseline model and quan-

tify the welfare implications of the training program with counterfactual exercises.

Panel A of �gure A7 plots the distribution of the estimated sector �xed e�ect � s. Panel

B of �gure A7 plots the distribution of the price elasticity for sellers in the sample. The aver-

age price elasticity is -0.22. The elasticity we estimate here is much smaller than the typical

elasticities observed in the literature ( Broda and Weinstein, 2006). The di�erence occurs

because consumers are choosing between products in their consideration sets, rather than

choosing among all the products o�ered in the market. When constructing the consider-

ation sets, consumers already restrict their choices to a narrower range of prices. In our

sample, the average standard deviation of prices among all sellers that some consumers

visited is 3.14 times higher than the average standard deviation of prices among sellers in

the consumer-speci�c consideration sets. Therefore the estimated price elasticity with the

54As mentioned before, ratings capture sellers' size more than quality. The price level seller charges is the
quantity weighted prices of all products sold by the sellers during the day. Such weighted prices re�ect the
relative popularity of products sellers o�er as well as any sales or promotions sellers o�er.

55Sellers have no past history on number of visitors and conversion rate in the initial periods hence are
subject to di�erent matching rules.
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consideration set is lower.

The main parameters of interest are � j for j 2 J . � j captures the sellers' post-treatment

underlying quality, incorporating selection and treatment e�ect. The �nal sample contains

52,241 sellers, out of which 8.33% are new sellers. 28% of sellers in the sample have some

purchase records. Table7 presents the distribution of � j for di�erent subset of sellers. On

average, new sellers have higher� j than incumbents, both among sellers with and without

purchase records. The di�erence is summarized in table 8. Among sellers with purchase

records, the estimated quality of new sellers is 17.9% higher than the incumbents, and

among those without purchase records, new sellers' estimated quality � j is 11.2% higher.

As shown in the distribution of � j (�gure 4), the di�erence is not driven by a small set

of extremely high-quality new sellers whose � j land on the right tail of the distribution.

Instead, the results are driven by median new sellers having higher underlying quality

than the median incumbents. The sample of new sellers is a highly selected subset from

all new sellers. These results con�rm what we found in the reduced-form analysis: new

sellers have higher underlying quality, allowing them to out-compete incumbents in the

same consideration sets. To unpack the welfare implications of the training intervention,

we turn to counterfactual scenarios in the matching.

5.4 Counterfactual: Welfare of the Training

We analyze the welfare consequences of the training by considering how changes in the

likelihood for di�erent types of sellers to appear in consumers' consideration sets induced

by the training a�ect consumer surplus and sellers' revenues.

To conduct the counterfactual analysis, we randomly sample a subset of sellers along

with their associated search sessions. The potential pool of sellers a consumer searching

a particular keyword could choose from consists of all sellers visited by any consumers

searching that keyword in the full sample. For each seller, we obtain their strategies x j

and estimated quality � j . Based on the estimated results, we calculate consumers' util-

ity when they visit a particular seller j , Vj . In the baseline model, Vj is the same across

consumers. To construct the consideration sets, we hold constant consumer-search ses-

sion pairs and sample sellers from the sellers' pool associated with the search keyword

according to certain sampling weights. We match the number of sellers sampled with the

observed number of sellers each sampled consumer visited in the corresponding search

sessions. Therefore in the counterfactual, we only vary the composition of the consider-

ation sets and hold everything else constant. Since training increases treated new sellers'

likelihood to appear in consumers' consideration sets, we evaluate the welfare of the train-

ing by restricting training participants' probability of being sampled, as described below.

More details about construction of the counterfactual consideration sets are described in
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B.3.

Baseline: Predicted Number of Visitors In the baseline version, sellers' sampling weights

are given by their predicted numbers of visitors as determined by the empirically estimated

matching rule described in section 5.3. The current logit-speci�cation allows us to calculate

consumer surplus as

CS =
1
�

X

i

log[
X

j 2 K i

exp(Vj )]

Sellers' revenues are given by the probability of being chosen and the price level they

charge:

Rj =
X

i

exp(Vj )
1 +

P
k2 K i

exp(Vk )
pj

Sellers will not earn any revenues if they do not appear in the consideration sets. Table 9

summarizes the results of welfare decomposition. In the baseline, new sellers only capture

6% of total revenues even though they represent 8.3% of sellers in the pool56.

Welfare Impact of the Training Since the training intervention increases treated new sell-

ers' likelihood to appear in consumers' consideration sets, we estimate the impacts of the

training by limiting some new sellers' appearance in the search results. Without the train-

ing, treated new sellers' likelihood to appear in the sampling pool should be similar to that

of the control sellers. Assuming that only training participants are a�ected by the training,

we evaluate the welfare of the training by randomly removing a subset of training partic-

ipants from the sampling pool that consumers could choose from, until the likelihood of

treated new sellers' appearance in the consideration sets matches those of control new sell-

ers. As a result, more consumers will end up visiting non-participants, control new sellers

and incumbents instead of training participants, which is what we expect in the absence

of the training. Restricting the e�ect of the training on training participants allows us to

account for selection into training participation. The average di�erence between the esti-

mated quality of training participants and that of non-participants is small. Appendix B.3

discuss the details of the counterfactual exercise.

As presented in table 9, treated new sellers' revenue share drops by 7.7% in the absence

of training. Total sellers' revenues decrease by 0.05%, and consumer surplus decreases by

0.07% as a result of lowering the likelihood to visit higher quality training participants.

Even though welfare loss is small in percentage terms, the absolute magnitude of welfare

loss could be substantial because of the volume of total transactions on the platform. To de-

compose the source of revenue growth induced by the training, we compare the changes in

the market shares by di�erent types of sellers and consideration sets. Treated new sellers

56The sample we used in this estimate is not the same as the sample used in4 because of the model speci-
�cation. See appendix B.1for more details on how the sample is constructed.
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get signi�cantly smaller market shares as expected. Most of the market share realloca-

tion occur between the treated new sellers and the incumbents, while the impacts on the

control new sellers are small. Compared to the baseline, revenue generated from consid-

eration sets with treated new sellers signi�cantly drops when we limit treated new sellers'

presence. The drop suggests that most of the revenue growth induced by the training is

driven by market expansion as the consumers are more likely to purchase when treated

new sellers appear in the consideration sets.

6 Conclusions

In this paper, we study how a business training intervention can be an e�ective way to lift

growth barriers new entrants face in a competitive e-commerce platform where sellers face

demand-side frictions. Leveraging the experimentally randomized access to the training

and the unique consumer-seller matched search and browsing data, we show that the busi-

ness training helps new sellers increase their presence in consumers' consideration sets and

earn higher revenues. The resulting changes in the composition of consumers' considera-

tion sets are bene�cial for the consumers as they enjoy higher matching e�ciency without

lowering the purchases' quality. Using a structural model where we highlight the mis-

match between the number of consumers sellers acquire and their quality, we show that

the training increases consumers' welfare and total revenues by limiting the extent of mis-

allocation. The improved matching quality and new sellers' higher service quality could

lower consumers' search costs as well, which we do not account for in the current analy-

sis. Enhancing matching quality to improve consumers' experience and promising sellers'

growth potential is consistent with the platform's long-term pro�t-maximizing goal. In

the short-run, market expansion and sellers' increased engagement with online marketing

also contributes to the platform's pro�ts.

Our �ndings provide one of the �rst sets of direct empirical evidence on the consumer

welfare implications of an intervention that supports the subset of �rms. Consumers do

not experience adverse selection in this context because the training reduces market fric-

tions and improves matching quality for the higher quality new sellers. As the market

operators, the platforms could play critical roles in lifting growth barriers with proper in-

terventions. Doing so is in alignment with the platforms' incentives as pro�t-maximizing

�rms in both the short and long run. Although large e-commerce platforms' looming mar-

ket power should not be overlooked, these platforms indeed create enormous opportuni-

ties for SMEs. They have incentives and the capacity to take more active roles to foster the

e�ciency and equality in online marketplaces they host.
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7 Tables and Figures

Table 1: Baseline Summary Statistics: Treatment Assignment and Participation

Full Sample Sellers in Treatment Group
Treatment Control (1) - (2) Di�erence Participants Non Participants (4) - (5) Di�erence

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

Is Firm 0.268 0.264 0.004��� 0.275 0.266 0.008���

(0.443) (0.441) (3.33) (0.446) (0.442) (3.18)
Female Owner 0.455 0.453 0.002 0.442 0.458 -0.16���

(among individual sellers) (0.497) (0.497) (1.27) (0.497) (0.498) (4.61)
Region: Coastal South 0.435 0.434 0.001 0.518 0.413 0.105���

(0.496) (0.496) (0.28) (0.500) (0.492) (3.573)
Region: West 0.118 0.118 0.0001 0.089 0.126 -0.038���

(0.323) (0.323) (0.34) (0.284) (0.332) (21.41)
List Products on the 1st Day 0.213 0.212 0.0005 0.245 0.204 0.04���

(0.409) (0.409) (0.44) (0.430) (0.403) (16.04)
# Listed Products 1.539 1.535 0.004 2.307 1.342 0.965���

(2.166) (2.164) (0.65) (1.988) (2.167) (80.81)
# Visitors 2.813 2.807 0.006 4.028 2.501 1.527���

(2.289) (2.283) (0.91) (2.259) (2.191) (115.35)
Conversion Rate 0.051 0.051 0.0002 0.055 0.050 0.006���

(0.161) (0.162) (0.52) (0.120) (0.171) (7.34)
Revenues 2.145 2.134 0.01 3.842 1.708 2.134���

(3.312) (3.304) (1.144) (3.726) (3.048) (100.66)
Observations 177,026 535,092 712,118 36,189 140,837 177,026

Notes:Columns 1, 2, 4, and 5 present means and standard deviations (in parentheses). Columns 3 shows the di�erence in means
across the treatment and control group (training participants and non-participants) in the full sample with the corresponding
t-statistics in parentheses. Columns 6 shows the comparison between training participants and non-participants. For the second
row (female owner) the value in parentheses shows the estimate with a further sample restriction that includes only those not
registered as �rms. Participation is de�ned as having taken up any tasks during the nine-month period. Tra�c, conversion rate,
revenues and number of product posted are for the �rst month outcomes. � signi�cant at 10% level, �� signi�cant at 5% level and
��� signi�cant at 1% level.
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Table 2: Overall Treatment E�ects on Sellers' Performance

Dependent variable:

Log Revenues Any Revenues Log Revenues Log # Visitors Log # Buyers Conversion

(1) (2) (3) (4) (5) (6) (7) (8)

Treatment 0.017��� 0.002�� 0.026�� 0.013�� 0.024��� 0.008��� 0.018��� 0.0001
(0.006) (0.001) (0.010) (0.006) (0.008) (0.003) (0.006) (0.0002)

Dep Var Mean 1.39 0.19 7.14 1.73 4.29 0.57 1.4 0.04
Sample Full Full Earn Revenues Full Have Visitors Full Have Visitors Have Visitors
Observations 6,409,062 6,409,062 1,253,284 6,409,062 2,593,762 6,409,062 2,593,762 2,593,762
R2 0.132 0.152 0.081 0.207 0.111 0.105 0.070 0.043
Adjusted R 2 0.132 0.152 0.081 0.207 0.111 0.105 0.070 0.043

Notes:Dependent variables are monthly outcome for all sellers in the new seller sample. Number of visitors, number of buyers and revenues (total
payments received) are monthly total in log after adding one to the level. Any revenues is an indicator for earning positive revenues during the
month. Conversion is the conversion rate de�ned as the share of visitors that make a purchase. Column 3 restricts the sample to sellers that earn
non-zero revenue during the month. Column 5, 7 and 8 include only sellers that have visitors during the month. All regressions include cohort,
relative month and main sector �xed e�ect as described in equation 1. Dependent variable means are calculated with sellers in the control group.
Standard errors are clustered by seller. � signi�cant at 10% level, �� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table 3: Treatment E�ect on Sellers' Strategies

Variable Treatment (%) Dep Var Mean Variable Treatment (%) Dep Var Mean

Market Participation Marketing
Post Products 0.29 0.34 Paid Ads (Freq) 2.86�� 0.07

(0.29) (1.43)
Paid Deposits 0.32 0.31 % Visitors from Ads 3.33�� 0.03

(0.32) (1.33)
Limited Time Sales 25.00� 0.0008

Service (12.50)
Active Time (min) -0.41 19.17

(0.67) Pricing
Reply Time (min) -0.29� 389.02 Avg. Price Per Buyer 0.11 4.39

(0.15) (0.14)
Conversion Rate 1.40��� 0.1 Avg. Price Per Product 0.008 3.83

(0.50) (0.026)

Notes: Table presents estimated coe�cients � on treatment assignment dummy with speci�cation 1. Standard
errors clustered by seller. All regressions include month, entry date and main industry �xed e�ect. Post products
and paid deposits are indicators for having any active product postings or having put down some deposits during
the month. Active time is total number of minutes that sellers' account is active and can answer customer inquiries.
Reply time is number of seconds average customers waited to hear responses from sellers when making inquiries.
Conversion rates are measured as share of consumers making purchases among those who made inquiries. Paid
ads (product counts) is number of products participating in paid-for-clicks ads. Paid ads (tra�c share) is number
of consumers visiting sellers' sites from paid channels in log scale (including through paid for clicks ads and
other channels). Promotion is number of times sellers participate in the limited time promotional events that the
platform regularly organizes. Average price per products and average price per buyers are are seller-level prices
measured in log scale. Sellers do not have a price measure if they have zero orders. � signi�cant at 10% level, ��

signi�cant at 5% level and ��� signi�cant at 1% level.
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Table 4: Consumers' Interaction with New Sellers and Purchases

Dependent variable:Purchase

Purchase Log Spending Log Order Size

Same Day In 3 Days In a Week Same Day

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

Treated Seller 0.004��� 0.004��� 0.005��� 0.014�� 0.017��

(0.001) (0.002) (0.002) (0.007) (0.007)

Control Seller 0.005��� 0.004��� 0.005��� 0.028��� 0.030���

(0.001) (0.001) (0.001) (0.006) (0.006)

Incumbent Mean 0.18 0.21 0.22 0.76 0.78
Treatment - Control -0.0074 0.00004 -0.0065 -0.014� -0.013

(0.0018) (0.0019) (0.002) (0.0081) (0.0086)
Observations 1,381,273 1,381,273 1,381,273 1,381,273 1,381,273
R2 0.680 0.668 0.657 0.698 0.691

Notes: All regressions include search keywords-date-size of consideration set �xed e�ects, con-
sumer �xed e�ects and control for average sellers' price level, ratings and number of products of-
fered as well as consumers' baseline characteristics following equation 2. Purchase are dummies
for consumers purchasing from some sellers in the consideration set on the day of visit, within 3
days and within a week of visit. Spending is total payments made and order size is the size of order
before applying discounts. The latter is the main performance metrics for sellers on the platform.
For 10% of the cases, consumers placed orders but did not complete the payments. The bottom rows
present t-tests for listed coe�cients with standard errors. � signi�cant at 10% level, �� signi�cant at
5% level and ��� signi�cant at 1% level.
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Table 5: Purchase and Spending within Consideration Sets

Dependent variable:

Purchase Log Spending
Same Day In a Week Same Day

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

Treated Seller 0.016��� 0.010��� 0.010��� 0.014��� 0.074��� 0.050���

(0.003) (0.003) (0.003) (0.004) (0.015) (0.016)

Control Seller 0.009��� 0.003 0.007�� 0.010��� 0.039��� 0.010
(0.003) (0.003) (0.003) (0.003) (0.012) (0.013)

Incumbent Mean 0.17 0.17 0.21 0.21 0.71 0.71
Treatment - Control 0.0063 0.0071� 0.0026 0.0041 0.035� 0.039��

(0.0041) (0.0041) (0.0045) (0.0044) (0.0019) (0.0019)
Seller Controls No Yes No Yes No Yes
Observations 300,273 300,273 300,273 300,273 300,273 300,273
R2 0.119 0.126 0.076 0.084 0.145 0.149

Notes:Sample restricted to set of consumers appearing in at least 2 sets, sets with at least one
new seller where consumers made a purchase within a week. Column 2, 4 and 6 include seller's
ratings, price level and number of products listed. Purchase are dummies for consumers pur-
chasing from the speci�c sellers in the consideration set on the day of visit or within a week of
visit. Spending is total payments made. All regressions include consideration set �xed e�ects.
� signi�cant at 10% level, �� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table 6: E�ect on Quality of Purchase

Dependent variable:

Refund Return Repeat Purchase

(1) (2) (3)

Treated Seller 0.0004 0.0003 0.006
(0.005) (0.003) (0.005)

Control Seller -0.009�� -0.002 0.003
(0.004) (0.003) (0.005)

Incumbent Mean 0.072 0.025 0.051
Treatment - Control 0.0099� 0.0019 0.0028

(0.0055) (0.0035) (0.0062)
Observations 54,910 54,910 54,910
R2 0.844 0.821 0.730

Notes:Sample restricted to set of consumers appearing in at least
2 sets, sets with at least one new seller and consumer-seller pairs
where consumers actually placed orders. Control variables include
consumer's recent spending and searching, consumers' ratings (a
proxy for their cumulative experience on the platform) as well as
seller's ratings, price level and number of products listed. All re-
gressions include consideration set �xed e�ects. � signi�cant at
10% level, �� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table 7: Estimated Sellers' Type�

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

All Sellers 52,241 0.141 0.314 � 2.828 0.100 0.100 5.024

By Purchase Status
No Purchase 37,617 0.098 0.051 � 2.828 0.100 0.100 0.101
Has Purchase 14,624 0.252 0.573 � 1.965 0.100 0.100 5.024

By Sellers' Type
Control 3,366 0.136 0.296 � 1.445 0.100 0.100 4.939
Treatment 988 0.150 0.353 � 0.853 0.100 0.100 3.668
Incumbent 47,887 0.142 0.314 � 2.828 0.100 0.100 5.024

By Type Among Sellers with Purchase
Control 788 0.258 0.593 � 1.370 0.100 0.100 4.939
Treatment 252 0.296 0.679 � 0.853 0.100 0.100 3.668
Incumbent 13,584 0.251 0.570 � 1.965 0.100 0.100 5.024

Notes:Distribution of estimated � j on a sub-sample with 3000 new sellers and the asso-
ciated incumbents. See appendixB.1 for details. Sellers are grouped based on whether
or not at least one consumers have made purchase from these sellers.

Table 8: Sellers' Characteristics and Estimated Type�

Dependent variable:

� j

Full Purchase No Purchase

(1) (2) (3)

Control 0.015 0.142��� 0.021���

(0.010) (0.032) (0.003)

Treatment 0.017� 0.109��� 0.013��

(0.019) (0.055) (0.005)

Constant 0.096��� 0.615��� -0.110���

(0.003) (0.007) (0.001)

Observations 52,241 14,624 37,617

Notes: Distribution of estimated � j on a sub-sample of
new sellers and associated incumbents. See appendix
B.1 for details. Sellers are grouped based on whether or
not at least one consumer has made purchase from these
sellers.
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Table 9: Welfare and Market Share Decomposition

Revenue CS Market Share Market Expansion

Treatment Control Incumbent Treatment Control Incumbent

Restrict Training Participants' Appearance in Consideration Sets
-0.05 -0.07 -7.71 0.17 0.13 -10.87 0.09 0.67

(0.05) (0.03) (0.63) (0.11) (0.02) (0.44) (0.16) (0.11)

Notes:Welfare and market share calculated with a random sample of 60,000 consumers. SeeB.3
for details. Results presented in the table are percentage di�erence in comparison to baseline
level where tra�c assignment is determined by predicted tra�c only. Bootstrapped standard
errors are in parentheses. Revenues and consumer surpluses are changes from baseline level
revenues and consumer surpluses respectively. To capture the impacts on market expansion,
we calculate the share of revenues coming from consideration sets with at least one treated new
seller, at least one control new seller or only incumbents and calculate market shares of these
sets under di�erent matching rules. Market allocation is calculated as share of revenues from
treated new sellers, control new sellers and incumbents that appear in the consideration sets
that include some new sellers. Results presented here are percentage di�erence in market share
from the baseline.
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Figure 1: Screenshot of Training Module and Tasks on Seller's Portal App

(a) Training's Widget (b) Task Details

Figure 2: Experimental Sample and Treatment Assignment Over Time
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Figure 3: Seller Retention: Training Participation

Figure 4: Distribution of Estimated � j
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A Additional Empirical Results: Impacts on New Sellers

A.1 Temporal Variations

To explore variations of the treatment e�ect for sellers at di�erent stages, we estimate the

following speci�cation on the balanced sample:

Yimcs =
9X

m=1

� m Treatment i M im + � m + � c + � s + � imcs (10)

where M im is the set of indicators for month m = 1 ; :::; 9. We focus on the set of coe�-

cient f � m g9
m=1 that captures the e�ect of having access to the training during a particular

month m since entering the platform. The speci�cation again controls for month of entry

� m , registered cohort � c and initial sector a�liation � s �xed e�ects. Standard errors are

clustered at seller level.

The treatment e�ect on performance is relatively short-lived. Figure A4 presents the es-

timated coe�cients f � m g9
m=1 in speci�cation ( 10) on monthly revenues, tra�c, conversion

rate and number of consumers making purchases. The treatment e�ect of the training ac-

cess is positive and signi�cant during the 2nd, 3rd and 4th months on tra�c and revenues,

but remain insigni�cant for conversion rate. However, the magnitude of estimated coe�-

cients does not di�er signi�cantly from month to month. IV results with actual task take

up as the �rst stage variable follow similar temporal patterns, where the impacts are the

strongest during the second and third month on tra�c and revenues. The pattern of treat-

ment e�ect on revenues is consistent with the timing of sellers' participation in the training:

most of the training participants took up tasks during the initial months (as described in

section 2.4), and there could be a lag before actions induced by training become e�ective

A.2 Heterogeneity

Is the training particularly e�ective for certain types of new sellers? We examine the het-

erogeneous impacts of the training by sellers' characteristics in the baseline. Because the

content of the training mainly targets basic operations and marketing, we expect sellers

with limited previous exposure to e-commerce to bene�t more from the training as it helps

to close their knowledge gap. We characterize sellers from the following dimensions: reg-

istration type, gender (if registered as individuals), locations, whether any products were

posted on the �rst day and whether the store is registered as a B2C store on the �rst day 57.

57To register as a B2C store, potential sellers must obtain formal approval from the platform. The minimum
requirements include having a brand name and a formally registered �rm. 97% of sellers in the sample are
registered as C2C stores. C2C stores can be converted to B2C stores later on. Among all sellers that eventually
become B2C stores, 66.7% of them converted later on, and sellers in the treatment group are more like to
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Since no sellers took up tasks on the �rst day of entry, we consider listing products and

sellers' registration type on the �rst day as part of pre-treatment characteristics. We then

estimate the following speci�cation

Yimcs = �T reatment i + 
Type i + �T reat i � Typei + � m + � c + � s + � imcs (11)

where as beforeT reat i denotes assignment to treatment or control group and Typei specify

whether sellers have characteristics aforementioned. � captures the heterogeneous treat-

ment e�ects on di�erent types of sellers. Table A8 summarizes the results on log revenues

by sellers' types. Overall, estimated � in these speci�cations have similar magnitudes as

estimates using equation 1, but there are no di�erential treatment e�ects by sellers' types,

gender, actions on the �rst day of entry on revenues. The slightly surprising result is that

there is no di�erential treatment e�ect for sellers with di�erent preparedness levels. Com-

pared to the rest, sellers who post products on the �rst day of entry could be better pre-

pared or more experienced. Hence, these sellers might �nd the basic part of the training

less useful, yet we do not �nd such results 58.

To evaluate the impacts of the o�ine business environment, we group the sellers based

on their registered locations 59. Table A9 presents the results on heterogeneous treatment

e�ect by sellers' locations on log monthly revenues. 
 captures sellers' average perfor-

mance in di�erent parts of the country compared to those coming from the remaining

parts. There are signi�cant variations in average performance for sellers from di�erent

parts of the country. Sellers from the southern coastal provinces signi�cantly outperform

the rest, while those coming from the less-developed western part lagged. The perfor-

mance of sellers in di�erent regions is consistent with economic development in the o�ine

world. Training is less helpful for sellers from less developed regions, as these sellers are

less likely to take-up the training (see table 1) 60. Therefore, even the training program of-

fers the same materials to all sellers, sellers coming from less pro-business areas are less

likely to take advantage of such knowledge. As a result, the training does not help those

lagging behind to catch up, but instead further strengthens the competitive edge of new

sellers from more developed regions.

convert.
58We also do not �nd training to be more useful for sellers who post products after the �rst day of entry.
59The location information on ID cards for individual sellers may not re�ect where the sellers reside at the

moment because the location indicates ID card holder's birthplace rather than current residence. The internal
migration patterns imply that we are under-counting sellers living in the coastal provinces, as these provinces
are major destinations of migration. Similarly, the �rm's registered locations might not be the same as where
the �rms operate, but in this case, the direction of the bias is unclear.

60Training participants are signi�cantly less likely to be sellers from the western provinces.

46



B Details on Structural Estimation

B.1 Data and Sampling

The sample we use for the structural estimation of consumer demand is an adapted version

of the sample used in 4.2. The population is the consumer-seller pair sample where each

consumer i seller j pair belongs to a search query - e�orts - date combination s. The dif-

ference from the sample used in 4.2 is that we also include consideration sets that contain

incumbents only, as opposed to just new sellers. Because of the computational constraint

and setup of the model, we cannot estimate the model on the full sample. Instead, we use

the following approach to construct the sample:

1. Randomly sample 3,000 new sellers (treated and control) from the pool of new sellers

that appear in the full consumer-seller pair sample.

2. For each new seller, obtain all the incumbents that appear in the same consideration

setss as these new sellers do, include these sellers to the estimation sample.

3. For all the incumbents who appear in the same sets with the new sellers, obtain all

the consideration sets these sellers appear in and other incumbents that appear in

the same sets as they do, add these sellers to the estimation sample.

4. Iterate the previous step until all the new sellers and incumbents in the estimation

sample appear in at least two consideration sets.

We require all the sellers in the estimation sample to appear in at least two consideration

sets because otherwise, the� j would not be identi�ed. As a result, our �nal sample consists

of sellers who have higher tra�c shares because they are more likely to appear in multiple

consideration sets. We use tra�c to refer to the number of visitors a seller obtains in a

30-day period. The �nal sample consists of 52,241 sellers and 1,312,967 observations in

323,584 consideration sets. 3,366 sellers are in the control group, and 988 sellers belong to

the treatment group. We have more new sellers than what we originally sampled because

additional new sellers are incorporated into the estimation sample in the iteration process.

18.1% of the observations are selected as part of the estimation sample.

The estimation sample is at the seller level, even though in the search process, con-

sumers access speci�c sellers' sites by searching speci�c products rather than the front

page of the sites. Sellers almost always o�er multiple products and sometimes could span

di�erent sectors. Consumers could purchase multiple products from the sellers they vis-

ited, and in particular, they could purchase products other than the ones that direct them

to sellers' sites. Since we do not observe consumers' browsing history in the stores, we

cannot fully capture such a process. Instead, since we are predominantly interested in the
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seller level characteristics, we aggregate all the purchase and browsing behaviors to the

consumer-seller level, rather than to the consumer-seller-product level. The number of

products o�ered and the ratings are measured at the seller level. Pricing is the quantity

weighted prices of all products that the sellers o�er.

The instruments we used for sellers' pricing and the number of products o�ered are

variables that capture the platform's rule enforcement intensity. The variables are con-

structed as averaging over all the sellers belonging to the same sector during the past 30

days period weighted by each seller's tra�c. We subtract seller j 's own weighted mea-

sure from the weighted mean. These instruments include frequencies of identi�ed and

enforced rule violations and share of sellers identi�ed as selling fake or counterfeit prod-

ucts or as boosting sales with fake orders. We standardized these variables to have mean

zero and unit standard deviations for estimation.

B.2 Estimation Details

We modify the baseline model as described in 5.2. In the actual estimate, we use 6 to ap-

proximate the probability of consumer i choosing a speci�c seller j in the consideration set,

which gives the probability parameter in a Bernoulli distribution. We use the simulated

maximum likelihood to identify the parameters of interests by matching with realized pur-

chases on the day of visits. In the baseline model, we include the sector speci�c �xed e�ect

� s but keep the price coe�cient � constant for all sectors. We enrich the model with sector

speci�c coe�cient � s and the estimated results are similar. To account for endogeneity of

product o�erings and pricing, we use instruments mentioned above. We model price level

and log number of products o�ered following multinormal distribution where the respec-

tive means are determined by equation 7. We jointly estimate the �rst stage for strategies

with the consideration set based demand.

To estimate the matching rule, we use the new seller sample described in 3 where we

re-de�ne month relative to the time when sellers �rst post the products. As described in

5.2, we include dummies for having no visitors or zero conversion rate in the previous

periods. The tra�c measure is converted to log scale. We use a �exible polynomials for

f (Tjt � 1; Cjt � 1; Cjt � 2) and test for the changes in R2 when adding higher order terms of

Tjt � 1, Cjt � 1. We also add relative month, calendar date and initial sector �xed e�ects.

Adding higher order terms of lagged tra�c and conversion does not signi�cantly improves

precision of predicted tra�c. Excluding the �xed e�ects will reduce R2 by construction

but the impacts on predicted tra�c are small. The most important predictor is the lagged

tra�c and the relationship between current period tra�c and previous period tra�c is

close to linear. To test the precision of the prediction, we use a cross validation method

and calculate the average residuals on the training sample. Table A14 shows measures of
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prediction precision on current period tra�c with di�erent speci�cations. For the actual

estimate to generate predicted tra�c, we use estimated coe�cients on Tjt � 1 and Cjt � 1 and

Cjt � 2 with linear speci�cation without �xed e�ects.

B.3 Counterfactual Details

To run the counterfactual analysis, we randomly sample 60,000 consumer - search key-

word - date combinations and obtain their corresponding number of sellers visited. We

construct the potential pool of sellers that a speci�c consumer searching a particular key-

word could sample from as all the sellers who were visited by any consumers searching

those keywords on that date. For each seller in the pool, we calculate their predicted traf-

�c T̂j using the estimated f (�) as described in the previous section using lagged tra�c and

lagged conversion rates. The predicted tra�c is a good approximation of the actual tra�c

these sellers acquire. Ideally, we should use query-speci�c predicted tra�c as the sam-

pling weights, but such data is not currently available. The sampling weights for seller j in

a speci�c query-date pool is given by w0
js = T̂jP

k 2 S T̂k
. We usew0

js as the baseline sampling

weights. With the estimated sampling weights for all the sellers in the pool, we randomly

sample sellers from a consumer-set speci�c pool where the number of sellers is the same as

the number of sellers the consumer visits during that particular search session. Therefore,

the only part that is changed in the counterfactual analysis is the composition of sellers

in consumers' consideration sets. In contrast, the size of the sets and which keywords

consumers searched are all kept constant.

For the counterfactual analyses, we adjust sellers' sampling weights to consider the wel-

fare impacts of the current training. To quantify the impacts of the training, we assume that

treated new sellers should have the same behaviors as the control new sellers. Among all

the sellers that appear in the sampling pooling, 5.9% of them are control new sellers and

these sellers account for 3.2% of observations in the sampling pool. Currently, 1.74% of

sellers in the pool are treated new sellers, and they make up for 1.07% of the appearance.

Without the training, treated new sellers should make up for a similar share of the ob-

servations in the sampling pool as the control new sellers do, in which case they should

make up for 0.94% of the observations, which is a 12.2% drop from their current shares.

If we further assume that only training participants are subject to the training's in�uence,

and since that training participants make up for 51.16% of the treated new sellers, their

appearance in the sampling pool should be dropped by 24.66%. Therefore, in the counter-

factual analysis, we randomly drop 24.66% of training participants' appearance from the

sampling pool and recalculate other sellers' sampling weights after removing consumers'

access to these sellers. With the new sampling pool and the updated weights, we recon-

struct consumers' consideration sets and calculate the impacts on consumer surplus and
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sellers' revenues following the speci�cations in section 5.4. To decompose the changes in

sellers' revenues, we compute the market share of three types of consideration sets and

di�erent types of sellers' market shares if they appear in the consideration sets with some

new sellers under each counterfactual scenario. We then calculate the changes in market

shares from the baseline market allocation.
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C Online Sellers' Survey

We conducted an online survey in August 2019 with sellers to gather some basic demo-

graphics information and their opinion about the training. The sampling was strati�ed

by sellers' engagement with the training and we over-sampled sellers who were more in-

volved with the training, i.e. sellers who took up more tasks. In the end we collected 566

responses. Detailed results are presented in tableA16. Since most of the respondents are

training participants, they may not form a representative sample of sellers on the platform.

These respondents are likely to be more active and have higher sales. Moreover, compared

to anecdotal descriptions of typical sellers, these sellers appear to have higher than average

ownership of manufacturing factories (32.5%) and o�ine stores (19.2%).

The survey shows that even among the training participants, sellers di�er in terms of

their background, experience, education and �nancial resources. However, while the vast

majority of the active new sellers are small and inexperienced, a substantial share of them

are reasonably educated and express clear interests to participate in e-commerce. Results

from the online survey show that 71.9% have 1 or 2 employees, 74.3% have no or less than

one year of experience in e-commerce, and 68.2% have completed at least high school ed-

ucation. About 58.8% of sellers in the sample report that they intend to make running the

e-commerce store as their main job and 48.2% have invested more than 10,000 RMB ($1430)

into their online businesses. The platform does not have a systematical approach to collect

demographic data of from the sellers other than those collected during the registration 61.

61We could potentially gather more information such as predicted education, income level and total spend-
ing on the platform through the a�liated �nancial subsidiaries.
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D Additional Tables and Figures

Table A1: Treatment E�ects on Monthly Revenues

Dependent variable:

Monthly Revenues
Indicator Raw Log I.H.S. Winsorized

99th 99.5th 99.9th

(1) (2) (3) (4) (5) (6) (7)

Treatment 0.002�� -939.245 0.017��� 0.018��� 25.436�� 26.175 85.084
(0.001) (1,447.148) (0.006) (0.007) (12.478) (22.308) (54.321)

Dep Var Mean 0.19 7018.16 1.39 1.39 1322.79 2019.61 3472.93
Observations 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062
R2 0.152 0.0001 0.132 0.134 0.027 0.024 0.019
Adjusted R 2 0.152 0.00004 0.132 0.134 0.027 0.024 0.019

Notes: Dependent variables are total revenues in the seller sample. All regressions include cohort, initial
sector and relative month �xed e�ect. In column 4, the revenue is transformed with inverse hyperbolic
sine. We calculate thresholds for winsorization by the relative month since registration. Dependent variable
means calculated with sellers in the control group. � signi�cant at 10% level, �� signi�cant at 5% level and ���

signi�cant at 1% level.
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Table A2: Treatment and Speed of Listing Products

Dependent variable:

Number of Days Passed Before Listing First Items
OLS OLS IV IV OLS

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

Treatment 0.057 0.067
(0.144) (0.207)

Took-up Tasks (Fitted) 0.835 0.664
(2.121) (2.046)

Took-up Tasks 7.180���

(0.597)

Sample All Late All Late Late, Treatment
Dep Var Mean 16.05 23.99 16.05 23.99 24.03
Observations 476,292 318,792 476,292 318,792 79,477
R2 0.001 0.002 0.001 0.002 0.004
Adjusted R 2 0.001 0.001 0.001 0.002 0.003

Notes:Sample restricted to sellers who have posted at least one product during the sam-
ple period. Dependent variable is number of days passed since registration before sellers
posted the �rst product. Columns 2, 4, and 5 further restricted sample to sellers who
posted products on the second day or later. Column 5 again restricts the sample to sellers
who have listed products on the second day or later and are assigned to the treatment
group. For instrumental regressions in column 3 and 4, the instrument is being assigned
to the treatment group. All regressions include cohort �xed e�ect. Dependent variable
means calculated with sellers in the control group. � signi�cant at 10% level, �� signi�cant
at 5% level and ��� signi�cant at 1% level.
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Table A3: Main Results Among Sellers Ever Posted Products

Dependent variable:

Post Products Any Revenues Revenues # Visitors # Buyers Conversion Rate

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

Treatment 0.001 0.002� 0.024��� 0.018�� 0.012�� 0.0001
(0.001) (0.001) (0.010) (0.008) (0.005) (0.0002)

Dep Var Mean 0.59 0.32 2.32 2.82 0.95 0.04
Observations 6,409,062 3,802,509 3,802,509 3,802,509 3,802,509 2,593,762
R2 0.380 0.100 0.081 0.118 0.064 0.045
Adjusted R 2 0.380 0.100 0.081 0.118 0.064 0.045

Notes:The outcome variable for column 1 is an indicator for seller ever posting a product using the full sample.
In column 2 to 5 the sample is restricted to sellers that ever post any products in 9-month. In column 6 the sample
is further restricted to sellers who have visitors during the month. Number of visitors, number of buyers and
revenues (total payments received) are monthly total in log after adding one to the level. All regressions include
cohort, relative month and initial industry �xed e�ect. Standard errors clustered at seller level. Dependent
variable means calculated with sellers in the control group. � signi�cant at 10% level, �� signi�cant at 5% level
and ��� signi�cant at 1% level.
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Table A4: IV Results on Main Outcomes: Any Tasks

Dependent variable:

Take-up Training Any Revenues Revenues # Visitors # Buyers Conversion Rate

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

Treatment 0.257���

(0.001)

Take-up Training 0.006�� 0.066��� 0.052�� 0.032��� 0.0001
(0.003) (0.024) (0.021) (0.012) (0.001)

Dep Var Mean 0 0.19 1.39 1.73 0.57 0.04
Observations 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062 2,593,762
R2 0.232 0.153 0.153 0.133 0.208 0.107 0.049
Adjusted R 2 0.232 0.153 0.133 0.208 0.106 0.048

Notes:The �rst stage variable is an indicator for whether or not sellers have taken up at least one task during the nine-
month period. Column 1 presents the estimated on �rst stage outcome with treatment assignment as the instrumen-
tal variable. All speci�cations are two-stage least square results using treatment assignment as the instrument.Tra�c
(number of visitors), number of buyers and revenues (total payments received) are monthly total in log after adding
one to the level. All regressions include cohort, relative month and initial industry �xed e�ect. Standard errors clus-
tered at seller level. Dependent variable means calculated with sellers in the control group. � signi�cant at 10% level,
�� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table A5: IV Results on Main Outcomes: Number of Tasks Taken-up

Dependent variable:

Any Revenues Revenues # Visitors # Buyers Conversion Rate

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

# Tasks 0.028��� 0.284��� 0.208��� 0.139��� 0.002
(0.011) (0.088) (0.077) (0.043) (0.002)

Dep Var Mean 0.19 1.39 1.73 0.57 0.04
Observations 6,409,062 6,409,062 6,409,062 6,409,062 2,593,762
R2 0.155 0.136 0.209 0.109 0.049

Notes:The �rst stage speci�cation is the following:

Tasksit =
9X

k=1


 kTreatment i I t= k + � t + � s + � c + � it

where Tasksit is number of tasks taken-up for seller i during month i . I t= k is an indicator for
being in the kth month since registration. All speci�cations are two-stage least square results
using treatment assignment interacting with dummies for relative month as the instrument.
Number of visitors, number of buyers and revenues (total payments received) are monthly
total in log after adding one to the level. All regressions include cohort, relative month and
initial industry �xed e�ect. Standard errors clustered at seller level. Dependent variable means
calculated with sellers in the control group. � signi�cant at 10% level, �� signi�cant at 5% level
and ��� signi�cant at 1% level.
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Table A6: OLS Results on Main Outcomes

Dependent variable:

Log Revenues Any Revenues Revenues Log # Visitors Log # Buyers Conversion

(1) (2) (3) (4) (5) (6) (7) (8)

Take-up Tasks 1.847��� 0.223�� 0.771��� 1.735�� 0.703��� 0.825��� 0.686��� 0.005���

(0.017) (0.002) (0.019) (0.014) (0.015) (0.009) (0.012) (0.0004)

Dep Var Mean 1.39 0.19 7.14 1.73 4.29 0.57 1.4 0.04
Sample Full Full Earn Revenues Full Have Visitors Full Have Visitors Have Visitors
Observations 1,593,234 1,593,234 314,376 1,593,234 646,894 1,593,234 646,894 646,894
R2 0.193 0.204 0.108 0.274 0.128 0.160 0.098 0.048
Adjusted R 2 0.193 0.204 0.1087 0.274 0.128 0.159 0.097 0.047

Notes:Sample restricted to sellers with access to training. Main explanatory variable is an indicator of take up of at least during the sample period.
Tra�c (number of visitors), number of buyers and revenues (total payments received) are monthly total in log after adding one to the level. All
regressions include cohort, relative month and initial industry �xed e�ect. Standard errors clustered at seller level. Dependent variable means
calculated with sellers in the control group. � signi�cant at 10% level, �� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table A7: Treatment E�ect on Sellers' Ratings and Refunds

Variable Treatment Dep Var Mean Variable Treatment Dep Var Mean

Ratings Refunds and Reviews

Products 0.004 1.25 % Refund (Amount) -0.0004 0.21
(0.004) (0.001)

Service 0.004 1.26 % Complaints -0.003 0.05
(0.004) (0.006)

Logistics 0.005 1.26 Rule Violations 0.0002 0.22
(0.004) (0.001)

% Good Reviews -0.00001 0.99
(0.0002)

Notes:Table presents estimated coe�cients � on treatment assignment dummy with speci�-
cation 1. Standard errors clustered by seller. All regressions include month, entry date and
main industry �xed e�ect. Ratings are customer ratings variables that the platform calculates
and assignes to sellers based on customers' reviews and ratings. The ratings scale between 0
to 5, on the dimensions of accuracy of product descriptions, quality of customer service and
logistics. % refunds calculated as total refunds requested over total payments made. % com-
plaints de�ned as number of complaints over total number of orders. Rule violations is the
frequency that sellers violate the platform's rules, see more details in appendix B.1, descrip-
tions of the instruments. Share of good reviews is the share of good reviews out of all the
reviews that sellers get. Vast majority of the reviews are positive. � signi�cant at 10% level,
�� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table A8: Treatment E�ect Heterogeneity on Sellers' Basic Types

Dependent variable: Log Revenues

Registration Type Post Products B2C Sellers
Female Firm First Day Later Days

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

Treatment 0.016� 0.009 0.014�� 0.011� 0.016��

(0.008) (0.006) (0.007) (0.006) (0.006)

Seller Type -0.494��� 1.504��� -0.130��� 1.265��� 3.842���

(0.006) (0.009) (0.008) (0.008) (0.050)

Treatment � Seller Type 0.003 0.015 0.013 0.014 0.077
(0.012) (0.017) (0.015) (0.013) (0.098)

Dep Var Mean 1.39 1.39 1.39 1.39 1.39
Observations 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062
R2 0.138 0.174 0.132 0.163 0.147
Adjusted R 2 0.138 0.174 0.132 0.163 0.147

Notes: Standard errors clustered by seller. All regressions include month, cohort and initial
sector �xed e�ect. Dependent variable is monthly revenues in log scale after adding one to
base level. The interaction variables are indicators for whether or not sellers are females, are
registered as �rms, post products on the very �rst day of entry or during some later days and
lastly whether or not sellers register as B2C sellers. � signi�cant at 10% level, �� signi�cant at
5% level and ��� signi�cant at 1% level.
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Table A9: Treatment E�ect Heterogeneity by Sellers' Registered Location

Dependent variable:Log Revenues

Beijing Vicinity Resource-Oriented Northeast Coastal South Central West

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

Treatment 0.015�� 0.018��� 0.019��� 0.014� 0.015�� 0.019���

(0.007) (0.006) (0.006) (0.007) (0.007) (0.007)

Location -0.039��� -0.371��� -0.273��� 0.470��� -0.128��� -0.642���

(0.008) (0.013) (0.012) (0.006) (0.007) (0.007)

Treatment � Location 0.011 -0.042 -0.048� 0.006 0.008 -0.013
(0.017) (0.026) (0.025) (0.013) (0.014) (0.014)

Dep Var Mean 1.39 1.39 1.39 1.39 1.39 1.39
Observations 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062 6,409,062
R2 0.132 0.132 0.132 0.138 0.132 0.136
Adjusted R 2 0.132 0.132 0.132 0.138 0.132 0.136

Notes:Standard errors clustered by seller. All regressions include month, entry date and main industry �xed e�ect. Depen-
dent variable is monthly revenues in log scale. Indicators are sellers registration locations clustered into di�erent regions.
Beijing Vicinity includes Beijing, Tianjin, Heibei and Shandong; resource-oriented provinces include Shanxi, Neimenggu,
Gansu and Ningxia; northeastern provinces are Heilongjiang, Jilin and Liaoning; coastal southern provinces are Jiangsu,
Shanghai, Zhengjiang, Fujian, Guangdong and Hainan; central provinces are Anhui, Jiangxi, Henan, Hubei and Hunan;
western provinces are Tibet, Xinjiang, Yunnan, Guangxi, Sichuan, Chongqing, Guizhou, Shaanxi and Qinghai. � signi�cant
at 10% level, �� signi�cant at 5% level and ��� signi�cant at 1% level.
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Table A10: Summary Statistics: Consumer-Search Session Sample

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

Number of Sellers Browsed Per Session 1,381,273 4.892 2.691 3 3 6 55
Share of Treated New Sellers 1,381,273 0.016 0.065 0 0 0 1
Share of Control New Sellers 1,381,273 0.023 0.082 0 0 0 1
Purchase (Same Day) 1,381,273 0.188 0.390 0 0 0 1
Purchase (in 3 Days) 1,381,273 0.215 0.411 0 0 0 1
Purchase (in A Week) 1,381,273 0.231 0.422 0 0 0 1
Pay Amount 1,381,273 34.282 151.451 0 0 0 14,649
Order Size 1,381,273 40.865 227.007 0 0 0 88,000
Recent Spending 1,381,273 1,822.888 6,695.639 0 9.9 713 1,960,667
Recent Search 1,381,273 184.069 4,370.249 0 31 165 1,580,514
Consumers' Experience 1,381,273 4.983 2.378 � 2 4 7 14
Sellers' Price Level 1,381,273 245.912 616.886 0.01 62.861 235.551 69,100
Number of Listed Products 1,381,273 1,196.689 11,734.010 0 100 831 4,216,488
Seller's Rating 1,381,273 13.032 2.916 � 1 11.5 15 20

Notes:Table presents the summary statistics of main variables in the consumer-search session sample. Each observation is
a consumer-search session.

Table A11: Summary Statistics: Consumer-Seller Sample

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

Number of Sellers Browsed 300,273 4.685 2.621 1 3 5 55
Purchase (Same Day) 300,273 0.183 0.387 0 0 0 1
Purchase (in a Week) 300,273 0.219 0.414 0 0 0 1
Pay Amount 300,273 34.29 18.74 0 0 0 10,000
Refund 54,910 0.068 0.252 0 0 0 1
Return 54,910 0.023 0.150 0 0 0 1
Repeat Purchase 54,910 0.049 0.217 0 0 0 1
Recent Spending 300,273 4,886.792 9,656.899 0 141.8 5,691.6 260,495.5
Recent Search 300,273 160.37 194.731 0 48 211 5,133
Price Level (Seller) 300,273 202.96 392.37 0 53.2 221.5 80,000
Number of Listed Products (Seller) 300,273 527.033 7,681.935 0 13 299 3,359,564
Seller's Rating 300,273 11.209 4.059 � 2 5 7 12

Notes:Table presents the summary statistics of main variables in the consumer-seller sample. Each observation is a
consumer-seller pair where consumers purchased from some sellers during the search session within a week of visit.
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Table A12: Visiting New Sellers and Consumers' Purchase

Dependent variable:Purchase

Purchase Log Spending Log Order Size

Same Day In 3 Days In a Week Same Day

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

Treated Sellers 0.003�� 0.004�� 0.004�� 0.011� 0.013�

(0.001) (0.002) (0.002) (0.007) (0.007)

Control Sellers 0.004��� 0.004��� 0.005��� 0.023��� 0.023���

(0.001) (0.001) (0.001) (0.005) (0.006)

Incumbent Mean 0.18 0.21 0.22 0.76 0.78
Treatment - Control -0.00035 0.000088 -0.0005 -0.012 -0.011

(0.0017) (0.0018) (0.0019) (0.0076) (0.0081)
Observations 1,381,273 1,381,273 1,381,273 1,381,273 1,381,273
R2 0.680 0.668 0.657 0.698 0.691

Notes:All regressions include search keyword-date-size of consideration set �xed e�ects, consumer
�xed e�ects and control for average sellers' price level, ratings and number of products o�ered as
well as consumers' baseline characteristics. � signi�cant at 10% level, �� signi�cant at 5% level and
��� signi�cant at 1% level.

Table A13: Visiting New Sellers and Consumers' Purchase without Search E�ort Control

Dependent variable:Purchase

Purchase Log Spending Log Order Size

Same Day In 3 Days In a Week Same Day

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

Any Treated Seller 0.007��� 0.010��� 0.011��� 0.021��� 0.031���

(0.001) (0.002) (0.002) (0.007) (0.007)

Any Control Seller 0.008��� 0.009��� 0.0011��� 0.033��� 0.042���

(0.001) (0.001) (0.001) (0.006) (0.006)

Incumbent Mean 0.18 0.21 0.22 0.76 0.78
Treatment - Control -0.0049 0.00061 0.00019 -0.013 -0.011

(0.0017) (0.0019) (0.0019) (0.0079) (0.0084)
Observations 1,381,273 1,381,273 1,381,273 1,381,273 1,381,273
R2 0.662 0.649 0.637 0.683 0.674

Notes: All regressions include search keyword-date of consideration set �xed e�ects, consumer
�xed e�ects and control for average sellers' price level, ratings and number of products o�ered as
well as consumers' baseline characteristics. � signi�cant at 10% level, �� signi�cant at 5% level and
��� signi�cant at 1% level.
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Table A14: Prediction Precision: Tra�c

Lagged Tra�c Degree Lagged Conv. Rate Deg FE R2 RMSE MAE

1 1 Y 0.63 1.63 1.18
1 1 N 0.6 1.7 1.23
2 1 N 0.6 1.69 1.22
2 1 N 0.61 1.68 1.21
3 2 N 0.6 1.69 1.22

Notes:Table shows measure of prediction's precision with di�erent speci�ca-
tions on current period tra�c. Precision calculated with on the out-of-sample
data.

Table A15: Example of Tasks and Their Classi�cations

Task Indicator Area of Focus Function Type

Acquire customers' reviews reviews ratings knowledge outcome
Acquire free tra�cs visitors from search channel marketing knowledge outcome
Choose proper promotion products payment received basic knowledge outcome
Complete an order payment received basic knowledge outcome
Expand base of followers followers customers knowledge outcome
Improve �add to shopping cart" add to cart marketing knowledge outcome
Improve buyer review section reviews basic reminder outcome
Improve conversion rate: inqury conversion service knowledge outcome
Improve conversion rate: make payment conversion marketing knowledge outcome
Improve fans' engagement followers customers reminder outcome
Improve payments from returning customers payments received customers knowledge outcome
Engage with customers via weitao followers' activities customers reminder action
Improve per consumer spending avg. order size marketing knowledge outcome
Improve ratings on customer service ratings ratings knowledge outcome
Improve ratings on product quality ratings ratings knowledge outcome
Decorate store frontpage on app decoration basic reminder action
Improve tag/bookmark rates bookmarked marketing knowledge outcome
Imrpove ratings on delivery ratings service knowledge outcome
Optimize products' titles tra�cs marketing knowledge outcome
Participate in o�cial sales events sign-up marketing reminder action
Pay security deposits deposites basic reminder action
Post products on store page number of products basic reminder action
Setup bonus after purchase bonus basic reminder action
Setup free return and refund return policy basic reminder action
Setup free trial / o�er free samples free trial basic reminder action
Setup paid �wangpu" wangpu basic reminder action
Setup store coupons and discount coupons basic reminder action
Shorten average time to delivery delivery time service knowledge outcome
Shorten response time to customer inquries response time service knowledge outcome
Upload videos for product descriptions vidoes basic reminder action

Notes:Listed tasks are a subset of all tasks o�ered to the sellers. Over time service providers also created more tasks
and the platform invested in streamlining and regularizing the tasks o�ered. Tasks are ordered in sequence of priorities.
Each task is triggered by a particular indicator. For the outcome based tasks, comparisons are made with other sellers
in the same industry. Tasks are classi�ed based on main area of focus, the functions they served and how they are
evaluated.
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Table A16: Summary of Sellers' Survey

Category Fraction Category Fraction

Respondent Chars Business Chars
Education Sources of Supply

Primary 2.8% Own factory 32.5%
Middle School 29.0% O�ine wholesale markets 19.2%
High School 23.7% Online wholesale markets 21.7%
Some College 28.0% Distribution/brand subsidiary 19.5%
Bachelors 15.4% Others 7.1%
Master's and Above 0.8%
Professional Degrees (e.g. MBA) 0.3% Number of Employees (inc. owners)

1 - 2 persons 71.9%
Exp in Retail 3 - 5 persons 21.8%

None 36.7% 6 - 10 persons 3.9%
Less than a year 25.6% >10 persons 2.4%
1 to 3 years 17.2%
More than 3 years 20.5% Total investments

<5k RMB 32.3%
Exp in E-commerce 5k - 10k RMB 19.5%

None 36.3% 10k - 50k RMB 25.2%
Less than a year 38.0% 50k - 100k RMB 9.3%
1 to 3 years 16.5% 100k - 200k RMB 5.0%
More than 3 years 9.2% >200k RMB 8.7%

Goal
No speci�c goal 3.1%
As part-time job 19.2%
As main job 58.8%
Expand o�ine business online 18.9%

Notes:Online survey implemented with users assigned to treatment group for the training
intervention in August 2018. Separate messages were sent out based on sellers' engagement
with the training de�ned by number of tasks accepted and whether or not sellers have
browsed contents of the training. Survey response rates are higher among sellers that were
more engaged in the training. All fractions shown adjusted for the sampling and response
rate di�erential.
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Figure A1: Training Participation: Tasks Take-up and Completion

Figure A2: Treatment E�ects on Retention

(a) Post Products (b) Earn Revenues
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Figure A3: Quantile Treatment E�ect on Revenue Over Time

Figure A4: Long Term Treatment E�ect on Main Outcomes

(a) Revenues (b) Number of Visitors

(c) Conversion Rate (d) Number of Buyers
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