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Abstract

The number of people buying and selling products online in China has grown from practically
zero in 2000 to more than 400 million by 2015. Most of this growth has occurred in cities. In
this context, the Chinese government recently announced the expansion of e-commerce to the
countryside as a policy priority with the objective to close the rural-urban economic divide. As
part of this agenda, the government entered a partnership with a large Chinese e-commerce
firm. The program invests in the necessary transport logistics to ship products to and sell prod-
ucts from tens of thousands of villages that were largely unconnected to e-commerce. The firm
also installs an e-commerce terminal at a central village location, where a terminal manager
assists households in buying and selling products through the firm’s e-commerce platform.
This paper combines a new collection of survey and transaction microdata with a randomized
control trial (RCT) across villages that we implement in collaboration with the e-commerce
firm. We use this empirical setting to provide evidence on the potential of e-commerce inte-
gration to foster economic development in the countryside, the underlying channels and the
distribution of the gains from e-commerce across households and villages.
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1 Introduction
Since 2000, the number of Chinese buying and selling products online has grown from practi-

cally zero to more than 400 million by 2015, surpassing the US as the largest e-commerce market
in terms of both users and total sales.1 Outside of China, a growing number of developing coun-
tries, especially in Asia, Eastern Europe, Latin America and the Middle East, are also experiencing
fast growth in e-commerce activity (WTO, 2013; UNCTAD, 2016b). Most of this growth to date
has taken place in cities. In this context, the Chinese government recently announced the expan-
sion of e-commerce to the countryside as a policy priority to foster rural economic development
and reduce the rural-urban economic divide.2 Other developing countries, such as Egypt, India
and Vietnam, have recently announced similar policies to invest in the expansion of e-commerce
outside of urban centers.3

These policies have been motivated mainly from the point of view of rural producers: by low-
ering trade and information costs to urban markets, the arrival of e-commerce is meant to increase
rural incomes through higher demand for agricultural production and giving incentives for rural
entrepreneurship. This motivation has been buttressed by a number of prominent case studies of
successful “e-commerce villages” in China that have experienced rapid output growth by selling
both agricultural and non-agricultural merchandise to urban markets through e-commerce.4 On
the consumption side, policy motivations rest on descriptive evidence of stronger demand for
e-commerce in smaller cities with less pre-existing product variety on offer and higher tradable
prices.5

Despite the fast growth of e-commerce in the developing world, and much recent hype and
policy attention around the concept of “e-commerce villages”, we currently have very limited
empirical evidence on the economic consequences of e-commerce integration in developing coun-
tries. This paper combines a randomized control trial (RCT) that we implement across villages in
collaboration with a large Chinese e-commerce firm with a new collection of household and store
price survey microdata and the universe of transaction records from the firm’s internal database.
We use this empirical setting to provide evidence on the potential of e-commerce integration to
foster economic development in the countryside, the underlying economic channels, and the dis-
tribution of the gains from e-commerce across households and villages. Our findings can serve as
a first step towards building a rigorous evidence base on the economic consequences of the rapid

1See e.g. PFSweb (2016) and Statista (2016).
2The so-called “Number One Central Document” sets out yearly strategic priorities of the Chinese central

government (the Central Committee of the Communist Party of China and the State Council in particular). The
expansion of e-commerce to the countryside has featured in this document each January since 2014.

3As part of “Digital India”, a collaboration between the Ministry of Electronics and IT and India Post have been
tasked to expand online buying and selling in rural India (MEITY, 2016). Other recent examples include Egypt’s
National E-Commerce Strategy (MCIT, 2016) and Vietnam’s E-Commerce Development Masterplan (PM, 2016).
Following this policy interest, UNCTAD recently announced the launch of a new policy platform, “eTrade For All:
Unlocking the Potential of E-Commerce in Developing Countries”, to provide technical assistance and funding for
e-commerce expansions in the developing world (UNCTAD, 2016a).

4These case studies have also received much press coverage. See e.g. “China’s Number One E-Commerce Village”
(BBC Global Business, 01 May 2013), “Inside China’s Tech Villages” (The Telegraph, 05 Nov 2016), “Once Poverty-
Stricken, China’s “Taobao Villages” Have Found a Lifeline Making Trinkets for the Internet” (QZ, 01 Feb 2017), “Chi-
nese ’Taobao Villages’ Are Turning Poor Communities into Huge Online Retail Hubs” (Business Insider, 27 Feb 2017).

5In the US, the share of e-commerce in total US retail sales is estimated to be about 10 percent (e.g. FRED (2016)).
In China, McKinsey (2016) reports this share to be as high as 20-30 percent in smaller cities, and Fan et al. (2016) find
that this share increases by on average 1.2 percent as the city population is reduced by 10 percent.
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growth of e-commerce in developing countries.
E-commerce is the ability to sell and buy through online transactions coupled with logistics

for local parcel delivery and pickup from the producer. Bringing e-commerce to the countryside
in developing countries requires more than internet access. In fact, as in many emerging coun-
tries, the internet has already spread rapidly to most parts of the Chinese countryside due to both
smartphones and expanding broadband access. Instead, there are two currently binding barriers
to e-commerce access in the Chinese countryside. First, commercial logistics operators in China
do not offer parcel delivery or pickup services in most parts of the countryside. Servicing small
and remote pockets of populations is subject to high per-unit costs related to the so called “last
mile” between urban logistical hubs and villages. Second, many rural residents are unfamiliar
with online platforms and lack access to online payment methods. In addition, villagers do not
necessarily trust paperless transactions that occur before inspecting the product or without in-
teracting with buyers in person. We refer to the first of these as the logistical barrier and to the
second as the transactional barrier.

To overcome these barriers, the Chinese government recently partnered with a large e-commerce
firm that operates a popular Chinese e-commerce platform. The program aims to invest in the
necessary transport logistics to offer e-commerce in rural villages at the same price, convenience
and service quality that buyers and producers face in their county’s main city center. To this end,
the e-commerce firm builds warehouses as logistical nodes for rural parcel delivery and fully
subsidizes transport between the county’s city center to and from the participating villages. To
address the transactional barrier, the program installs an e-commerce terminal in a central village
location. A terminal manager assists residents in buying and selling products through the firm’s
e-commerce platform, and villagers can pay upon receipt of their products or get paid upon
pickup of their shipments in cash at the terminal location. From the end of 2014 to June 2016,
approximately 16,500 Chinese villages in 333 counties and 27 provinces had been connected to
e-commerce through the program. This expansion continues at the time of this writing, with
an internal goal of 40,000 villages in 600 counties by the end of 2017. The RCT that we further
describe below aims to evaluate the economic effects of this e-commerce expansion program.

Theoretically, the program can be rationalized as a reduction in trade and information costs
between participating villages and the rest of urban China that is already connected to e-commerce.
Importantly, this reduction in trade frictions is not confounded by first-time internet connections
more broadly: villages were already connected to the internet and no investment is made on this
front. Furthermore, the program only affects trading partners through e-commerce, while leav-
ing other trade costs, e.g. to control villages, remain unchanged. The simplest way to approach
this counterfactual is to model villages as small open economies whose market access, and thus
tradables’ prices, are predominantly determined by trade with larger urban centers that in turn
are connected to other metropolitan regions and the rest of the world. In this scenario, control
villages remain unaffected by the program, as rural-to-rural general equilibrium (GE) effects are
negligible, and the comparison of outcomes in treatment vs control villages identifies the full GE
effect of the arrival of e-commerce.6

6Another possible source of spillovers are rural-to-rural migration flows or access to the program’s terminals in
nearby villages, both of which we can observe directly.
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Relaxing the assumption that village prices mainly depend on access to urban markets gives
rise to potentially interesting GE spillover effects across villages. The presence of such spillovers
would matter in our empirical analysis for three related reasons. First, spillovers on the con-
trol group would confound our estimates of the program’s effect on treated villages. Second,
spillovers on surrounding villages would have to be accounted for when quantifying the pro-
gram’s aggregate effect in the countryside. And third, knowing the magnitude of GE forces is
required to evaluate the program’s impact if it were scaled up to the entire Chinese countryside,
instead of a subset of villages per county. In our empirical analysis, we begin by estimating simple
differences in outcomes between treated and control villages under the baseline assumption that
rural-to-rural GE effects are negligible. We then use additional empirical moments to investigate
the presence of spillovers across rural communities.

Our analysis proceeds in four steps. In the first step, we derive a general expression for the
program’s effect on household economic welfare that guides the survey data collection and em-
pirical analysis. Since the treatment we are interest in evaluating can affect not just individual
behavior and the nominal earnings of households, that we can in principle record directly as part
of the survey data collection, but also local household price indices in the denominator of real
incomes, the evaluation of the welfare impact requires theoretical structure on the demand side.
This is especially the case since some of the potential effects on household cost of living likely
occur at the extensive margin of consumer choice, such as the arrival of a new e-commerce shop-
ping option or local store exit. For such changes in the availability of local consumption options
effective changes in consumer prices are unobserved since no information exists at either baseline
(new options) or endline (disappearing options). Following a revealed-preferences approach, we
can instead use observed substitution of household spending into new options or away from dis-
appearing ones to infer the effective change in value-for-money over time across different product
groups. More generally, the welfare expression allows us to break down the overall effect of e-
commerce integration into several distinct subcomponents that we can link to the microdata.

In the second and third steps, we estimate the empirical moments of this welfare expression
using household and village survey microdata as well as the firm’s internal transaction database.
The RCT takes place in 8 counties located in three provinces, Anhui, Henan and Guizhou, that
have a large share of their population living in the countryside. The choice of these 8 counties
was determined by the timing of the program’s roll-out across different provinces and counties,
and the internal evaluation of the senior management as to whether the provincial and county
managers in question would be willing to cooperate with our research protocol. For each county,
we were given authorization to randomly select control villages from a list of candidates that
had been extended by 5 villages per county for the purpose of this research. Upon receipt of this
extended list of village candidates, we randomly select 5 control villages and 7-8 treatment vil-
lages from each county’s list. The remaining villages on the list also receive a program terminal
as planned. Our sample thus includes 40 control villages and 60 treatment villages across the 8
counties, which we selected from a total number of 432 candidate villages (on average 54 villages
per county). After obtaining the candidate list for each county, we were granted 2-3 weeks by the
local operations team to run the randomization and send in our survey teams for data collection
in the 12-13 sample villages before the terminal installations take place and e-commerce begins in
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the treatment villages.
We complement this experimental design with survey data that we collect from households

and local retail establishments, and the administrative transaction records from the firm’s database.
We collect baseline data in different counties in December 2015, January 2016 and April-May 2016
for 2800 households (roughly 8600 individuals) in the 100 villages. Half of these households are
randomly selected within a 300 m radius of the planned terminal location (“inner village zone”)
and the other half is randomly selected from other parts of the village (“outer village zone”). For
the endline, we collect data one calendar year after the baseline from the original household sam-
ple7, and also extend the number of households living in the inner zone by 10 randomly selected
households (leading to an endline sample of 3800 households).8 For each household, we collect
detailed information about e-commerce purchases, sales, other consumption expenditures, ex-
penditures on production inputs, economic activities and incomes. We also collect baseline and
endline information on 115 local retail price quotes for each village at the barcode-equivalent level
across 9 consumer product groups as well as for business/production inputs. These survey data
allow us to quantify the effect on household real incomes, and to distinguish between a num-
ber of underlying channels for both consumption gains (the denominator) and production-side
effects (the numerator).

In the third step, we complement the RCT analysis using additional data from the firm’s in-
ternal database that provide us with the universe of village transactions in 5 provinces (including
the three above) over the period between November 2015 until January 2017. We use these data
to answer four main questions that are outside the scope of the RCT’s survey data collection: i)
to what extent are the 100 sample villages representative of the program villages in the Chinese
countryside more broadly?; ii) to what extent are the results from the endline survey data sensi-
tive to monthly seasonality?; iii) what is the time path of adjustment for e-commerce buying and
selling each month since program entry, and do the effects increase for periods more than one
year after the implementation?; and iv) to what extent are the survey data missing very success-
ful, but rare, tail events on the production side that could affect the mean impact on household
incomes per capita?

In the final step, we use the empirical estimates from steps 2 and 3 in combination with the
theoretical framework in step 1 to quantify the impact of the program on average household eco-
nomic welfare, the underlying channels and the distribution across households and villages. The
main findings can be summarized as follows. We find that the program led to statistically signif-

7The fast pace of the program’s expansion places bounds on the timing of the endline data collection. First, after
our baseline the firm started planning additional waves of implementation in the 8 sample counties. Given that our
control villages were selected from a list of promising candidate villages, they ranked high among candidates for
additional installations. The additional waves did not take place within the first year after implementation in our
sample counties. Second, in parallel the firm plans to roll out additional interventions through the village terminals,
such as online banking, credit and health services. While interesting in their own right, these additional interventions
would confound the impact of e-commerce integration that we are able to study cleanly in our sample. As discussed
below, we are able to complement the RCT with additional evidence from the firm’s internal database to investigate
the time path of adjustments, including in periods after one year post-entry.

8In one of the 8 counties, the local government suspended further activity by our teams after we had completed
endline data collection for 8 of the 12 sample villages in the county. This was unrelated to our operation, which
followed the same protocol as elsewhere. As a result, we have endline data for 96 instead of the 100 villages. As the
timing of data collection within the county was random, the 4 missing villages are not particular in any way. They
included 2 control villages and 2 treatment villages.
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icant, but economically small gains for the average rural household. These average effects mask
significant heterogeneity across households and villages. We find sizable economic gains among
households who are induced to use the program terminal. These households are on average sig-
nificantly younger, richer, live in closer proximity to the e-commerce terminal and in villages that
are relatively more remote. In terms of channels, we find significantly stronger economic gains
among villages that were not previously serviced by commercial parcel delivery, suggesting that
most of the program’s gains are due to overcoming the logistical barrier, rather than the trans-
actional one. We also find that all of the economic gains are driven by a reduction in household
cost of living, and we find no evidence for significant effects on the production side of the local
economy: online selling activity, household incomes and entrepreneurship remain unchanged.

We further document that the results do not appear to be driven by GE spillovers due to trade
linkages across villages, and analyze the extent to which poorly managed program implemen-
tation could account for the relatively small average impact on rural households. We find that
the e-commerce terminals on average offer significantly lower prices, higher convenience and in-
creased product variety compared to pre-existing consumer choices, both within the village and
in nearby towns. We also find that the characteristics of terminal managers (test scores, gender,
age) or other features of the program implementation across villages and counties are not signif-
icant determinants of the program’s effectiveness. These findings, together with the high level
of professionalism, resources and institutional capacity that are being invested in the implemen-
tation of the program, suggest that poor program planning or execution are unlikely to be the
reason for relatively muted average effects.

Using the firm’s database, we find little evidence suggesting that the adjustment takes longer
than one year: the effects on both the consumption and production side arise within 2-4 months
of entry and then remain mostly constant over time. We also do not find evidence that the survey
data failed to pick up highly successful but rare tail events on the production side.

Overall, our findings suggest that e-commerce expansions offer significant economic gains to
certain groups of the rural population, rather than being broad-based. This more nuanced set
of conclusions about the promise of rural e-commerce offers some contrast, especially with re-
spect to recent claims that e-commerce will transform the production side of the rural economy
by unleashing entrepreneurship and rural exports. Instead, the findings suggest that –when not
accompanied by other complementary interventions to support the transition to local online trad-
ing activity (e.g. access to credit, training, online promotions)– such production side effects are
unlikely to materialize, at least in the short to medium-run.

This paper relates and contributes to the recent literature on globalization and development
using within-country empirical variation (e.g. (Topalova, 2010; Donaldson, in press; Atkin et al.,
in press)). Given the empirical context, we also relate to the recent literature on the consequences
of transport cost reductions within China (e.g. (Banerjee et al., 2012; Baum-Snow et al., 2016;
Faber, 2014)). Instead of focusing on trade liberalization, transport infrastructure or the effects of
FDI, we set focus on the economic consequences of e-commerce, a recent but fast-growing chan-
nel of market integration in developing countries that has so far received relatively little attention
in the literature.

Our findings also relate to the literature on the consumer gains from e-commerce (e.g. (Bryn-
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jolfsson et al., 2003; Goldmanis et al., 2010)), and cost of living as a function of city size and urban
density (e.g. (Handbury, 2013; Handbury & Weinstein, 2015; Couture, 2016; Fan et al., 2016)).
In this literature, we most closely relate to recent work by Fan et al. (2016) who use data on e-
commerce sales on the Taobao platform across 315 prefectures in China for the year 2013 to doc-
ument a decreasing relationship between prefecture population and online expenditure shares in
the cross-section. These findings would suggest that the consumer gains from e-commerce are
expected to be the largest among small and remote market places. Relative to the existing liter-
ature, this paper uses experimental variation in the arrival of e-commerce to the countryside to
quantify the effects on both consumption and production. Our findings suggest that the relation-
ship between e-commerce usage and city size does not appear to hold monotonically as we move
from relatively large urban centers further to the left tail of the population size distribution in the
countryside.

The paper is also related to the recent literature on the effects of the internet in developing
countries. Goyal (2010) studies the consequences of the introduction of internet kiosks with
wholesale price information in the Indian state of Madhya Pradesh, and finds a positive effect
on local soy prices and area under soy cultivation. More recently, Hjort & Poulsen (2016) use
the geography of existing terrestrial communication networks in Africa in combination with the
timing of submarine internet cable connections to study the effect of fast-speed internet on labor
markets in several African countries. They find a positive effect on overall employment that is
mainly driven by an expansion of higher-skill employment. Relative to the existing literature, this
paper sets focus on a different question of policy interest. Rather than estimating the effects of
the internet more broadly, we explore the consequences of the arrival of e-commerce among rural
Chinese markets. Since the expansion of e-commerce requires specific investments to overcome
both logistical and transactional barriers beyond the provision of internet access, our analysis can
serve as a first step to inform the current wave of policy interest in the promise of e-commerce as
a driver of rural development.

Finally, our findings relate to recent literature on the sources of the rural-urban economic di-
vide in developing countries (e.g. (Young, 2013; Lagakos et al., 2016; Hamory et al., 2016)). A
central question in this literature has been to what extent features of locations, rather than the
selection of people across space, can explain the observed rural-urban gap in economic develop-
ment. Our findings suggest, perhaps surprisingly, that in the Chinese case a lack of urban market
access –a characteristic that differs between rural and urban locations– does not by itself appear
to be a strong factor explaining observed disparities between the countryside and urban centers,
at least in the short to medium-run. In this respect, our findings complement existing evidence
suggesting that selection plays an important role in rationalizing observed differences in rural
and urban economic development.

The remainder of the paper is structured as follows. Section 2 describes the context, exper-
imental design and data. Section 3 presents the theoretical framework. Section 4 presents the
empirical analysis based on the RCT in combination with the survey data. Section 5 provides ad-
ditional evidence using the firm’s internal database. Section 6 presents the welfare quantification.
Section 7 concludes.
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2 Context, Experimental Design and Data

2.1 Context and Program Description

Following the announcement of the policy objective to expand e-commerce to the Chinese
countryside as part of the so-called Number One Central Document in January 2014, the Chinese
government entered a partnership with a large firm that operates a popular Chinese e-commerce
platform. The program makes two main types of investments to enable villagers to buy and sell
online through the firm’s platform. The first is that the program invests in the local transport lo-
gistics, which the firm sees as a necessary condition to provide e-commerce access in rural areas.
Before the arrival of the program, most villages were not serviced by commercial parcel delivery
operators who had not solved the problem of the “last mile” transportation between dispersed
rural households and urban county centers.9

The program sets out to change this lack of service for the purpose of e-commerce. In particu-
lar, the firm oversees the construction of warehouses in the county that serve as logistical nodes to
pool all e-commerce related transportation requests to and from the participating villages. These
warehouses are located close to the urban centers of the county with good cross-county transport
access. The program also fully subsidizes the transportation cost between these county centers
and the villages so that rural households face the same delivery costs and prices as households in
the urban parts of the county. The rationale for this subsidy is that village deliveries and pickups
start from a low basis, which due to economies of scale in rural transportation makes the starting
phase of e-commerce prohibitively costly for village customers despite the investments in ware-
houses. The calculation of the government and the firm is that as the scale of rural e-commerce
grows, per unit transport costs will decline enough to remove the need for a subsidy.

The second investment is the installation of a program terminal in a central village location.
The e-commerce terminal is a flat-screen monitor mounted on the wall of shop space displaying
the firm’s website. On the screen, consumers and producers can choose their purchases or see
their sales requests on the platform. There is also a keyboard and a mouse for villagers able to
use the terminal without the store manager’s help. Through this terminal, villagers can buy and
sell products through the store manager’s account, and they can pay in cash when the products
arrive at the store for pickup, or they get paid upon delivery of their products for pickup at the
store location if selling online. The firm views the village terminals as instrumental in overcom-
ing three challenges. First, local households may not be used to or comfortable with browsing
products on online platforms. Second, they mostly do not have access to online payment meth-
ods. And third, they do not trust online purchases or sales before inspecting the goods in person
or having received the payment. The terminal manager receives a reward of about 3-5 percent
for each transaction completed through the terminal. Before deciding on terminal installations,
the firm solicits applications from potential local store operators and schedules an exam for the
applicants. The score of this exam is one of the criteria that the firm uses to determine whether a
village is a candidate.

9To receive packages via mail in absence of commercial parcel delivery services, rural households travel to the
county or township center to pick up the package. Before doing so, they commonly wait for several weeks to receive
a notification letter that the parcel has arrived in the city.
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2.2 Sample, Design and Data

Selection of Provinces and Counties

There are two main factors determining our survey location in Anhui, Henan and Guizhou
and the 8 counties within these provinces. First, our survey location depended on the timing of
the program’s roll-out across different provinces and counties, which had been decided before
our collaboration with the firm. Second, we were guided by the internal evaluation of the pro-
gram’s senior managers as to whether the provincial and county managers in question would
be willing to take part in our study and cooperate with our research protocol. These counties
are: Huoqiu (Anhui), Linying (Henan), Linzhou (Henan), Minquan (Henan), Suixi (Anhui), Tian-
chang (Anhui), Xifeng (Guizhou) and Zhenning (Guizhou). In Section 5, we are also able to test
the representativeness of our sample villages relative to all participating villages using the firm’s
internal transaction data in 5 provinces over this period.

Experimental Design

The unit of randomization is the village. For each county, we obtain a list of candidates that
had been extended by 5 promising village candidates that would have not been part of the list in
absence of our research. The two main factors determining the village selection within a county
from the firm’s operational perspective are i) a sufficient level of local population, and ii) the
presence of a capable store applicant (as measured by the applicant’s test score).

Upon receipt of this extended list of village candidates for each county, we randomly select
5 control villages and 7-8 treatment villages. The remaining villages on the extended list receive
program terminals as planned. The full sample thus includes 40 control villages and 60 treatment
villages across the 8 counties, which we selected from a total number of candidates of 432 villages
(on average 54 villages per county).

We restrict the list of villages entering the stratification and randomization to villages with
at least 2.5 km distance to the nearest village on the county list, wherever possible. We then
stratify treatment and control villages along four dimensions. First, we balance the selection of
treatment and control to both have a ratio of 85:15 with respect to pre-existing availability of com-
mercial package delivery (85% not available, 15% available). We obtain this information for each
village on the candidate list from the program’s local county manager (who is not aware what
we require that piece of information for). Having both villages with and without pre-existing
commercial delivery services in principle allows us to disentangle the effect of the program that
is driven by the terminal access point (i.e. providing more convenient access to e-commerce in
an environment where online buying/selling is already available through the internet), relative
to the effect of providing both the terminal access point and the necessary transport logistics to
make local online buying or selling possible regardless of the access point.

We further stratify the selection of treatment and control villages on the basis of the equally-
weighted average of the z-scores for three village variables: the local store applicants’ test score,
the village population, and the ratio of non-agricultural employment over the local population.
We obtain the last variable from the establishment-level data of the Chinese Economic Census of
2008 which surveys every non-agricultural establishment in the county.

After obtaining the candidate list for each county, we have about 2-3 weeks to run the ran-

8



domization and send in the survey teams for data collection in 5 control villages and the 7-8
treatment villages before the terminal installations take place and e-commerce begins in the treat-
ment villages. Compliance with our assignments to treatment and control villages is not perfect:
the program was rolled out in 40 of the 60 villages assigned to treatment, and it was present in
3 out of the 40 control villages. We therefore report both intent-to-treat and treatment-on-treated
effects. The main reason for imperfect compliance is the 2-3 week delay that our data collection
imposed, relative to the standard roll-out of the program. Terminal installation normally happens
almost immediately after the completion of the candidate list. This delay meant that for some of
our treatment villages, engineers had to come back to complete installations after having already
moved on to different parts of the countryside. In some of those cases, the time and logistical
constraints of the county teams were binding so that installations were not completed in all vil-
lages assigned to treatment. Our understanding is that these logistical constraints had nothing to
do with particular village characteristics.

Tables 1-4 present descriptive statistics of the baseline data at the individual level, the house-
hold level and for local retail prices. The experimental design appears to have been successful
in creating treatment and control groups that are on average balanced in terms of pre-existing
outcomes. As discussed in Section 4, our empirical analysis will also condition on the baseline
values of the outcomes to be tested.

Sampling of Households and Household Survey Data

For the first round of data collection (December 2015 and January 2016 in Anhui and Henan,
and April and May 2016 in Guizhou), we collect data from 28 households per village. 14 of those
households are randomly sampled within a 300 meter radius of the planned terminal location
(“inner zone”), and 14 households are randomly sampled from other parts of the village (“outer
zone”). The household survey respondent is the member with the most knowledge of household
consumption expenditures and income. Each respondent receives a gift to thank them for their
participation in the survey (e.g., box of premium sweets, soaps, hand towels, etc). The value of
the gift is about 4.5 USD. If the most knowledgeable respondent is not present at the time of the
visit, then the surveyor schedules a follow-up visit.

The second round of data collection occurs one year after the first round in each county. We
collect data from the same households as in the first round, plus 10 randomly sampled households
within the inner zone around the planned terminal location.10 If either the survey respondent or
the primary earner of the initially surveyed household no longer resides at the same address,
we record this in our data and replace the household with another randomly sampled house-
hold within the same sampling zone (inner or outer). In our welfare analysis, we report results
both before and after weighting each sampled household in proportion to the share of the village
population in its sampling zone.

We collect detailed information about household consumption expenditures across 9 house-
hold consumption categories for retail products (food and beverages, tobacco and alcohol, medicine
and health, clothing and accessories, other every-day products, fuel and gas, furniture and appli-
ances, electronics, transport equipment) as well as for expenditures on business inputs. We also

10This extended sample was possible due to a small remaining positive balance on the project account that we
decided to invest in expanding the local household samples.

9



collect information about household incomes, hours worked and economic activities of different
members (occupation (e.g., farmer, manual worker, etc) and sector (agricultural, manufacturing,
services)), in addition to data on asset ownership, financial accounts, internet use and migration.

In one of the 8 counties, the local government suspended further activity by our teams after we
had completed endline data collection for 8 out of 12 villages in that county. This was unrelated
to our operation, which followed the same protocol as elsewhere. As a result, we have endline
data for 96 instead of the 100 villages. As the timing of data collection within the county was
random, the 4 missing villages are not particular in any way. They include two control villages
and two treatment villages.

Tables 1-3 present descriptive statistics of the baseline data from the household survey at the
individual level and at the household level. The tables also present descriptive statistics for the
same outcomes among the control group at the endline data collection. The median age of all
household members in the baseline survey is 44 and the median household size is 3. 60 percent
of households report the primary earner to be a peasant, and 82 percent of households report that
the primary earner completed at least primary school. In terms of demographics, these statis-
tics are very similar to nationally representative rural household samples from the China Family
Panel Study. The same holds for household economic characteristics: median monthly income
per capita and retail expenditure per capita are about RMB350 and RMB380 respectively, which
makes these households significantly poorer than households living in urban centers. These
households spend on average half of their retail expenditure outside the village, which requires
significant travel as their main shopping destination outside the village is generally an urban
center at a median two-way distance of 40 minutes. In terms of incomes, 80 percent of primary
earners work inside the village.

As discussed in the introduction, many households report using the internet via smartphones
or other devices: close to 40 percent report having used the internet, more than 50 percent own
smartphones and close to 30 percent report owning a laptop or a PC (by comparison, almost all
households own a TV). At the same time, e-commerce penetration is very limited compared to ur-
ban regions: the average share of household retail expenditure on local e-commerce deliveries is
less than 1 percent, and this does not change over time for the endline survey in the control group
of villages. Similarly, the share of revenues from online selling in monthly household income is
less than 0.5 percent, and again this does not change over time for the endline data collection in
the control group of villages. By comparison, a recent survey conducted by McKinsey (2016) has
found that urban households in Chinese cities spend on average up to 20-30 percent of total retail
consumption on e-commerce deliveries.

Local Retail Price Survey Data

We aim to collect data on 115 price quotes for each village. 100 of these prices are from the
same 9 household consumption categories for retail products as in our household survey (food
and beverages, tobacco and alcohol, medicine and health, clothing and accessories, other every-
day products, fuel and gas, furniture and appliances, electronics, transport equipment), and 15
price quotes are for local production/business inputs. Our protocol for the price data collec-
tion closely follows the IMF/ILO standards for store price surveys that central banks collect to
compute the CPI statistics. The sampling of products across consumption categories is based on
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budget shares observed among rural households in Anhui and Henan that we observe in the mi-
crodata of the China Family Panel Study (CFPS) for 2012. The sampling across stores is aimed to
provide a representative sample of local retail outlets (stores and market stalls). In villages with
few stores we sampled all of them. The sampling of products within stores is aimed at capturing
a representative selection of locally purchased items within that outlet and product group. Each
price quote is at the barcode-equivalent level where possible (recording brand, product name,
packaging type, size, flavor if applicable).

In the second round of data collection (one year after the first round), we aim to collect the
price quotes of the identical products in the identical retail outlet where this is possible. Where
this is not possible, due to either store closure or absence of product in the store, we record the
reason for the absence and include a new price quote within the same product category that is
sampled in the same way as in the first round.

Table 4 presents descriptive statistics of the baseline data from the local retail price surveys.
Unsurprisingly durable goods categories (furniture and appliances, electronics and transport
equipment) are an order of magnitude more expensive than goods in non-durable categories.
The median number of sampled stores is 3 (40% of villages have 3 or fewer stores in total). These
stores are small with a median square footage of 50 m2 and the median store has not added any
new product within the last month. For 67% of goods in these stores, they were no price labels
and our surveyor was required to ask for a price quote.

Firm’s Transaction Database

We complement the collected survey data with administrative records from two of the firm’s
internal datasets that we access through a remote server. The first database covers 5 provinces
(our three study provinces plus two additional provinces with high shares of rural population:
Guangxi and Yunnan) over the period from November 2015 (1 month prior to our survey data
collection) to January 2017.11 As summarized in Table 5, this database covers approximately 18
million transaction records across more than 10,000 village terminals over the 15-month period.
Given that many terminals had already been in operation for several months prior to November
2015, these data cover adjustment periods significantly beyond the 12-months window that we
are able to capture as part of the RCT. Terminals are observed up to 25 months after the instal-
lation in these data. The database covers all purchases made through the e-commerce terminals.
The second database covers the universe of sales transactions, i.e. of out-shipments from the vil-
lages, through the firms distribution network from any of the treated villages in our RCT sample.
This database is held by a different division of the firm. We were able to access it for the period
from January 2016 to January 2017. In Section 5 we report results from both datasets.

3 Theoretical Framework
This section proceeds in three parts. We first describe the channels through which the pro-

gram can affect the local economy. We then rationalize the empirical counterfactual in the light of

11The company agreed to give us access to these data after 1.5 years of negotiation and numerous approval
procedures by different legal teams within their organization. It is the first time that external researchers have
obtained access to the transaction microdata. Unfortunately, we could not convince the firm to extend this database
beyond these 5 provinces or for more periods.
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potential GE spillovers across villages in the countryside. Finally, we derive a general expression
of the program’s effect on household economic welfare that guides the survey data collection and
the empirical analysis in the following sections.

3.1 Channels at Work

What type of economic shock does the program imply for the local economies? The program
makes no investment in internet accessibility for villagers, and the terminal cannot be used to
browse the internet except for the e-commerce platform. This, together with the fact that roughly
one third of village households report using the internet before the arrival of the program and
more than 50 percent own smartphones (Table 2), indicate that the shock is particular to the ar-
rival of e-commerce, rather than providing internet access more broadly. Being able to separate
the effects of e-commerce from internet access more broadly (such as email, online search, social
media, communication or news) is one of the strengths of this empirical setting.

The program has two central elements that are aimed at removing the logistical and trans-
actional barriers to rural e-commerce. The first is that the program aims to bring e-commerce-
related shipping costs to and from the village to the same level as those present in the county’s
main urban centers. To this end, the program builds warehouses as logistical hubs for village
deliveries and pickups, and fully subsidizes transport costs between the county’s city center and
the villages. The second element is that the program installs an e-commerce terminal in a central
village location, where a terminal manager assists villagers to buy and sell products through the
firm’s e-commerce platform using traditional offline payments.

For the local economy, both of these interventions affect the degree of trade integration be-
tween the village and the rest of urban China that is already connected to e-commerce. The logis-
tical element reduces the physical trade costs to and from the village for bilateral connections that
are connected to e-commerce. At the same time, the program does not directly affect the transport
costs of non-participating villages, or trade flows of program villages outside of e-commerce. The
transactional element (terminal installation), on the other hand, potentially reduces information
and transactional frictions for trade flows to and from the village: e-commerce enables villagers
to observe products and prices from other regions that are connected to e-commerce far beyond
the local economy and, in turn, other regions can learn about the products and prices from local
producers. To the extent that villagers were already aware of the online information offered by
the e-commerce platform in absence of the program (e.g. through smartphones), the terminal in-
stallation may still alleviate transactional barriers by making it easier to buy from or sell to trade
partners outside the village.

By overcoming both logistical and transactional barriers to e-commerce integration, the pro-
gram provides villages with essentially urban market access through e-commerce. In villages
that were not previously served by commercial parcel delivery services, the effect we observe
will be driven by the removal of both of the barriers to e-commerce integration that we discuss
above. In villages that already were serviced by parcel delivery, logistics were already operating
at the same level as in urban areas and the effect we observe will be driven only by the additional
provision of the terminal interface (removal of the second barrier to rural e-commerce).12

12According to the e-commerce firm, the transport cost subsidy does not affect villages that were previously
serviced by parcel delivery services. The logistics operators essentially picked all areas in the county at which e-
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3.2 General Equilibrium Spillovers

Our estimation exploits differences in outcomes between program villages and comparable
control villages. This raises the question to what extent these differences may reflect spillover
effects from treated villages on nearby control villages. Theoretically, the presence and strength
of local indirect effects is a priori unclear, and will depend on the degree of trade integration be-
tween villages in rural regions. If we think of Chinese villages as small open economies whose
market access is mainly determined by trade with larger urban areas in the county that constitute
the “rest of the world”, rather than trading with other small rural markets, then the extent of
such spillover effects could be limited. On the other hand, if the villages’ trade market access is
to a significant extent determined by trading with other villages in the countryside, rather than
urban centers, then general equilibrium effects among rural regions could play an important role.
In addition to spillovers driven by trade linkages between villages, it could also be the case that
households in control villages use program terminals in nearby villages to access e-commerce.13

The extent of such spillover effects is an interesting empirical question for three main reasons.
First, in principle we are interested to understand the effect of the program on the level of house-
hold welfare among treated villages. To the extent that the control group was indirectly affected,
the difference in treated vs non-treated outcomes does no longer directly speak to this moment
of interest. Second, even after correctly adjusting for indirect effects on the control group, the
presence of spillovers would also have implications for the generalizability of our conclusions. In
our current empirical setting, only a fraction of the Chinese countryside in any given county is
currently part of the program. If we wanted to inform policy making on the welfare consequences
of scaling up e-commerce access in rural China to a larger fraction of the countryside, then the
presence of spillovers on the control group would indicate that the implications for treated house-
holds could significantly differ from our treatment effects. Third, the presence of spillover effects
would also change our understanding of the aggregate implications of the program –either in its
current form, or when evaluating a scaled-up version of the program. That is, rather than focus-
ing on the welfare effects on treated communities, we are also interested in the overall impact of
the program among rural households as a whole. Here, knowing the extent of spillover effects
allows us to compute the average effect of the program on rural households as a function of direct
and indirect exposure to the program whose averages we can measure in the data (or simulate
when scaling up).

In our empirical analysis, we begin by comparing economic outcomes in treatment and con-
trol villages, under the baseline assumption that rural-to-rural GE effects are negligible. We then
proceed in two directions. First, we can use a methodology close to Miguel & Kremer (2004)
to investigate to what extent plausibly exogenous variation in exposure to nearby treatment vil-
lages affects local economic outcomes conditional on the local treatment status of the village in
question. Second, we use trade theory (e.g. Eaton & Kortum (2002)) as a guidance and construct
village-level measures of market access. Market access is the weighted sum of access to market

commerce-related deliveries and pickups could be offered at the same rate, i.e. there were no delivery cost differences
within counties. The big difference was that logistics operators did not service most of the countryside in absence of
the program’s investments in logistics (warehouses and transport subsidies).

13Another possible source of spillovers in this setting are rural-to-rural migration flows for which we can test
directly.
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expenditures across all rural and urban market places in China and beyond, where the weights
are inversely related to the bilateral trade costs on each potential trading route. We can use infor-
mation on the geographical position and market size of all rural and urban settlements in China
during the baseline period in combination with measures of bilateral travel costs in order to in-
vestigate what fraction of theory-consistent trade market access in our village sample is driven
by access to urban markets relative to other villages that participate in the e-commerce expansion
program.

3.3 Quantification of Changes in Household Economic Welfare

As discussed above, the intervention that we are interested in evaluating has the potential to
not just affect individual behavior and the nominal earnings of households, but also household
cost of living in the denominator of real incomes. To empirically quantify the change in household
price indices due to the arrival of the e-commerce terminal in the village, we require theoretical
structure on the demand side.

In order to evaluate the change in economic welfare due to the arrival of e-commerce we con-
sider the compensating variation (CV) for household h. This approach follows earlier work by
Hausman (1996), Hausman & Leonard (2002) and more recently Atkin et al. (in press). The CV
captures the change in exogenous income required to maintain utility when e-commerce arrives
between period 1 and period 0, with periods denoted by superscripts:

CVh =
[
e(P1, u0

h)− e(P0, u0
h)
]

︸ ︷︷ ︸
Cost of living effect (CLE)

−
[
y1

h − y0
h

]
︸ ︷︷ ︸

Nominal income effect (IE)

, (1)

where Pt is the vector of prices faced by the household in period t, ut
h is the household’s utility

and yt
h is its nominal income.

The first term is the cost of living effect, the welfare change due to the price changes induced
by the arrival of e-commerce. The second term is the nominal income effect, the welfare change
due to any changes in household income that result from the arrival of e-commerce. While, at
least in principle, we can record the effect on nominal household earnings and labor supply di-
rectly as part of the survey data collection, this is not the case for the cost of living effect. The
store price survey data described above allows us to observe the vector of price changes P1

C − P0
C

for continuing products in continuing local retailers (i.e. stores, market stalls, etc) that are present
both before and after the arrival of the program. We index such continuing product prices by C.

However, there are three sets of price changes that are inherently unobservable: the consumer
price changes P1

T − P0
T due to the entering e-commerce terminal indexed by T, the price changes

P1
X − P0

X of potentially exiting local retailers or varieties within continuing stores indexed by X,
and the price changes P1

E − P0
E due to local store entry or new product additions in pre-existing

local retailers. For example, the price of shopping at the e-commerce terminal is prohibitively
high prior to its installation, and exiting local retailers’ prices are not observed ex post. As first
noted by Hicks (1940), we can replace these three unobserved price vectors with ‘virtual’ price
vectors, the price vectors that would set demand for these shopping options equal to zero given
the vector of consumer prices for other goods and services.

In the following, we denote such price vectors with an asterix (the implicit prices that would
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set consumption equal to zero in a given period), and break up the total consumption price vector
in expression (1), into the four different components of potential consumer price changes. This
leads to a decomposition of the program’s total cost of living effect (CLE) into different channels
that we can map to observable moments in the survey microdata:

CLE = e(P1
T, P1

C, P1∗
X , P1

E, u0
h)− e(P1∗

T , P1
C, P1∗

X , P1
E, u0

h)︸ ︷︷ ︸
(1) Direct price-index effect (DE)

+ e(P1∗
T , P1

C, P1∗
X , P1∗

E , u0
h)− e(P0∗

T , P0
C, P0∗

X , P0∗
E , u0

h)︸ ︷︷ ︸
(2) Pro-competitive price effect (PP)

+ e(P1∗
T , P1

C, P1∗
X , P1

E, u0
h)− e(P1∗

T , P1
C, P1∗

X , P1∗
E , u0

h)︸ ︷︷ ︸
(3) Entry effect (EE)

+ e(P0∗
T , P0

C, P0∗
X , P0∗

E , u0
h)− e(P0∗

T , P0
C, P0

X, P0∗
E , u0

h)︸ ︷︷ ︸
(4) Exit effect (XE)

(2)
The first term of the first bracket and the second term of the final bracket of this decomposi-

tion represent the same difference in expenditure functions as in the first term of (1): the amount
of expenditure one would have to pay household h in order to obtain the pre-terminal level of
wellbeing, but evaluated at the post-intervention consumption prices. The terms in the middle
between these two terms cancel out one another, so that this decomposition yields the total gains
or losses due to effective consumption price changes, including changes at the extensive margin
of consumer choice (e.g. new shopping options).

The first bracket, the direct price index effect, captures the consumer gains due to the arrival
of the new terminal shopping option holding all other prices fixed. These gains can arise from
three distinct channels that are all captured in the quantification of the bracket: e-commerce can
provide existing products at cheaper prices, it can offer new product variety that was not pre-
viously available, and it can offer different shopping amenities (e.g. convenience, saving trips
outside the village, etc).

The second bracket captures changes in household cost of living due to price changes among
pre-existing retailers and their products. Following Atkin et al. (in press), we label this the pro-
competitive price effect. Existing retailers could lower their markups due to increased competi-
tion from e-commerce. The third and fourth terms, that we refer to as the entry and exit effects,
capture changes in product availability in the local retail environment. For example, the arrival
of the e-commerce terminal could lead some local retailers to exit, it could in principle lead to
store entry (e.g. stores sourcing online), and it could lead to disappearing or new product vari-
ety among pre-existing stores (for example due to local retailers starting to source their products
online).

Up to this point, the welfare expressions in (1) and (2) are fully general without imposing
functional forms. However, three of the four cost of living effects involve price index effects that
are due to extensive margin changes in consumer choice: except for the pro-competitive price
effect, we cannot collect data on effective consumer price changes due to new or disappearing
retailer or product availability. To quantify the first, third and fourth welfare effects, one needs to
impose theoretical structure on the expenditure functions. That same specification of consumer
preferences will also provide a specific price index formula for the pro-competitive price effect,
of course.

The logic behind this approach is as follows: once we know the shape of the demand curve
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that governs consumer substitution across different retailer options within a given product group,
we can use the observed changes in the expenditure shares across different shopping options be-
fore and after the program intervention in order to infer the unobserved effective consumer price
changes that underlie this observed substitution. Once we know the elasticity subject to which
consumers usually substitute across retailers as a function of differences in effective value-for-
money, then one can back out the implied effective price index change for consumption of a
given product group that is consistent with the observed substitution into the e-commerce termi-
nal for that product group. Again, these price index changes could be driven by price differences,
different product availability and/or different shopping amenities. For the welfare evaluation,
what matters is that we evaluate the observed changes in consumption expenditure in combina-
tion with knowledge about the consumer demand curve across retail outlets. A very similar logic
follows when evaluating the price index movements due to disappearing stores, entering stores
or product additions and disappearances within continuing stores.

In the appendix, we outline one such approach to guide the empirical estimation that follows a
nested CES preference specification commonly used in international trade and macroeconomics.
In particular, local households are assumed to have Cobb Douglas perferences across broad prod-
uct groups in retail consumption (durables and non-durables). Within these nests, groups of dif-
ferent household types have CES preferences across retailers (e.g. e-commerce terminal, stores or
stalls in village, stores outside village, etc). Within stores, households choose across varieties on
offer within product groups as a function of quality-adjusted product prices. This structure fol-
lows recent work by Atkin et al. (in press) on Mexican households, as we describe further below
and in the appendix.

Regardless of the particular demand specification one imposes, the raw empirical moments
that are required to quantify the welfare impact of the intervention fall into three different types.
The first set of empirical moments are estimates of the causal effects of the intervention on a num-
ber of observable economic outcomes, such as the fraction of total retail expenditure substituted
to the new e-commerce terminal across different product groups and by household types (for
heterogeneity), the effects on household nominal incomes to capture the second term in (1), the
effect on the price changes among pre-existing retailers, and the effect on the propensity of store
exit or product introductions among the local retail environment.

The second type of required estimates are empirical moments from the baseline data collec-
tion, such as consumption shares across product groups and the shares of incomes across different
activities. The third type of empirical moments are estimates of demand parameters that govern
the degree of consumer substitution across retailers and products. These latter set of parameters
differ across different functional form assumptions on the demand side. In this context, a benefit
of our approach is related to the fact that the rich time series of consumer scanner data needed to
obtain estimates of demand functions are not available in the Chinese empirical context. In this
light, we can use existing recent estimates for households of very similar income ranges reported
in Atkin et al. (in press), that to the best of our knowledge are the closest empirical estimates
on the nature of retail demand and consumer substitution in an emerging market environment,
such as China. In addition to tying our hands to existing estimates from the literature, we also
report quantification results across a range of alternative demand parameters to document the
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sensitivity of the welfare estimates across across a range of assumptions.

4 Empirical Analysis Using Survey Data
In this section, we estimate the program’s effect on a number of economic outcomes related

to: household consumption, incomes, economic activity, and local retail prices, that we observe in
the survey microdata. In addition to being of interest in their own right, these empirical moments
enter the quantification of changes in household economic welfare in Section 6.

4.1 Average Program Effects

As in e.g. McKenzie (2012), we run the following regressions:

yPost
hv = α + β1Treatv + γyPre

hv + εhv, (3)

where yhv is an outcome of interest for household h living in village v. For outcomes from the
retail price data, h indexes individual price quotes or store-level outcomes instead. Treatv is an
indicator of intended treatment according to our randomization, so that β1 captures the intent-
to-treat effect (ITT). We also estimate the treatment-on-the-treated (TOT) after instrumenting for
the actual treatment status using Treatv. Finally, we run (3) after replacing the binary treatment
indicator with a continuous measure of the log of household residential distance to the nearest
program terminal, again using Treatv as an IV.

For households who were either replaced or added as part of our extended sample in the sec-
ond round (from 28 to 38 households), we define yPre

hv as the mean pre-intervention outcome of
households living in the same zone (inner or outer) in the same village. The implicit assumption
is that households were not induced to in- or outmigrate of villages as a result of the program.14

We cluster standard errors at the level of the treatment (village level).
Tables 6-8 present the estimation results for the average effects on household consumption, in-

comes and local retail prices. Our discussion focuses on the TOT results, while the tables display
the three types of effects discussed above (ITT, TOT and log distance). We report average effects
on households in our sample as described in Section 2. For the welfare quantification in Section
6, we will also report results after re-weighting village zones according to their local population
shares.

Consumption

In Table 6, we find that the program on average leads to an uptake of 9 percent of households
who report to have ever used the terminal for making purchases, relative to control villages. The
effect is about 5 percent of local households who report using the terminal over the past month
for which we collect the endline survey data.15 These effects on uptake on the consumption side
may in part mask additional uptake from households in nearby villages. We return to this issue
when investigating spillover effects further below.

14We find no evidence that households in treated villages are more or less likely to reside at the same address in
the post-treatment survey. We also find no treatment effect on migration decisions of members within households.

15Following standard protocol, we construct monthly consumption based on the last two weeks of expenditures
for non-durables (multiplied by two), and on the past three months for durables (divided by three). Usage over the
past month is thus defined as either having purchased non-durables over the past two weeks, or as having purchased
durables over the past three months.
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The effect on the terminal share in total household retail expenditure is 1.2 percent for the av-
erage household in our survey data. Thus, households that report ever having used the terminal
spent on average 1.23/8.8=14 percent of their retail consumption at the terminal during the past
month. For those who bought over the past month, this share rises to 1.23/4.76=26 percent.

Looking at retail consumption across product groups, we find stronger effects on durables
compared to non-durables. For durables, the treatment effect on the terminal share of house-
hold expenditure is 7.17 percent for the average local household in our sample, indicating a 44
shift shift in durable consumption to the e-commerce terminal among households who report to
ever having used the terminal for consumption.16 For non-durables, the treatment effect on the
terminal share in household retail expenditure is 0.99 percent for the average household, indicat-
ing that ever-users spend on average about 11 percent of total non-durables expenditure at the
terminal.17 In contrast, we find no significant effect on household expenditures on production
and business inputs (e.g. fertilizer, tools, machinery, materials, etc). Finally, note that although
households do shift a small but significant share of their expenditures to the terminal, there are
no significant treatment effects on total monthly retail expenditures. This result is consistent with
the lack of income effect of the program that we discuss next.

To summarize, the program leads a minority of local households to take up the new e-commerce
shopping option. Among the users, however, we find sizable effects on the substitution of total
household retail expenditure to the e-commerce terminal, especially for durable consumption.
These results are indicative of significant direct consumption gains for certain groups of local
households. We return to the welfare computations in the final section below.

Incomes

The income effect of e-commerce on local producers could be both positive due to the possibil-
ity of selling online, and negative due to increased competition from the new terminal shopping
option. In Table 7, we find no treatment effect on household incomes or labor supply in terms of
hours worked by the primary and secondary earner. The point estimates on incomes per capita
are close to zero and negative, and not statistically significant. We find no effects on either annual
or monthly income, from agricultural or non-agricultural sources. In contrast to our consumption
results, we find no treatment effect on online selling activity, online revenues or business creation
offline or online. The point estimate on “any member of the household has ever sold online” is
negative and not statistically significant. Given that the control group experienced no increase in
income shares from online selling activity relative to its tiny level at baseline over this period (Ta-
ble 3), these results suggest new e-commerce connections due to the program had no significant
effect on the uptake of online selling activity or revenues.

We are cautious in drawing conclusions on the absence of production treatment effects from
our household survey only. The 12-month period between baseline and endline surveys may
be too short for local households to grow their online selling activities, and our survey sample
may fail to capture rare but highly successful tail events of online businesses that could shift the

16To compute durable consumption shares, the sample is restricted to households who buy any durables over the
past three months. In this sample, the treatment effect on ever using the terminal is 16.3 percent instead of 9%. This
yields an effect on the average durables consumption share among uptakers of 7.17/0.163=44 percent.

17Since all households consume non-durables, the treatment effect on uptake is as reported in Table 6, so that the
average non-durables terminal share among ever users is 0.988/0.088=11 percent.

18



local mean effect on incomes, for example. In Section 5 we use the firm’s internal database to
corroborate the analysis here that is based on the survey data. These data allow us to observe the
universe of buying and selling transactions, and to estimate the monthly time path of adjustment
within the 12 months after program installation and beyond.

Local Retail Prices

Table 8 shows the average program effects using the retail price survey data. We find no signif-
icant reduction in local store prices for identical continuing products that we observe in the same
local retailer in both baseline and endline data. The point estimate is close to zero and positive and
not statistically significant. Given our sampling framework, the unweighted average effect on lo-
cal retail prices resembles the effect on a Laspeyres price index for local retail consumption.18 On
the other hand, there are two pieces of evidence that hint at the terminal’s pro-competitive effect.

First, the treatment effect on the number of new products per store over the past month is 4.1
goods, significant at the 10% level. This positive effect is large relative to the mean number of new
goods of 1.4 in the baseline (5), but still small relative to the expected stock of goods in stores.19

Second, we find larger and close to statistically significant price decreases for local durable goods,
consistent with the more pronounced treatment effect on household durable consumption above.
We re-visit the plausibility and robustness of these pro-competitive forces in the heterogeneity
analysis that follows below. Finally, we should again point out a limitation to the scope of the
analysis that is based on our survey data collection: while we are able to estimate pro-competitive
effects on the local retail price environment within the villages, potential effects on retail prices in
nearby towns, where households source part of their consumption, would be outside the scope of
these data. We return to this possibility in the discussion of the welfare analysis in Section 6 below.

4.2 Heterogeneity Across Households and Villages

We now investigate to what extent the average effects mask significant heterogeneity across
households and villages. To this end, we estimate regressions of the following form:

yPost
hv = α + β1Treatv + β2Xhv + β3Treatv × Xhv + γyPre

hv + εhv, (4)

where Xhv indicates different pre-existing household or village characteristics. As before, we re-
port the results of specification (4) for both intent-to-treat and treatment-on-the-treated, and after
replacing the binary treatments with log household residential distance to the nearest terminal lo-
cation (again instrumenting with planned treatment status). We are particularly interested in the
heterogeneous effect of the program with respect to pre-existing availability of commercial parcel
delivery at the village level. Villages that were already serviced by commercial parcel delivery
services at baseline, were essentially already connected to the same e-commerce network as cities
in the same county prior to the program’s arrival.20 This comparison thus allows us to distinguish

18Our price survey data collection mimics the data collection protocol of the IMF data dissemination standard for
CPI analysis across countries. For example, this is same way that the BLS in the US or INEGI in Mexcio estimate the
Laspeyres price index across product groups.

19We find no significant effect on store online sourcing, but this average masks significant heterogeneity with
respect to the initial availability of commercial parcel delivery. We return to this result in the next section.

20According to the local program managers, e-commerce deliveries were not priced differently to the previously
connected villages compared to cities.
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the effect of removing both the transaction and logistical barriers to rural e-commerce (among
villages without pre-existing parcel delivery), from the effect of removing only the transactional
barrier (in villages with pre-existing parcel delivery). In a second step, we then investigate the
heterogeneity across a basic set of pre-existing household and village characteristics: respondent
age, education, household income per capita, residential distance to the planned terminal loca-
tion, and a measure of the remoteness of the village (road distance to the nearest township center).

Table 9 reports the heterogeneous impact of the program with respect to pre-existing commer-
cial parcel delivery across a number of economic outcomes. On the consumption side, we find
that the average treatment effects are driven entirely by villages that were not initially connected
to commercial parcel delivery services. The average effects among the previously connected vil-
lages are precise zeroes on all outcomes that showed significant average effects in the pooled
sample. This somewhat magnifies the previously reported average treatment effects on terminal
consumption in the 85 percent of the village sample not previously connected to commercial par-
cel delivery. In these villages, slightly more than 10 percent of local households are induced to
ever use the terminal relative to the control villages, and the average household in our sample
spends 1.5% of their total retail expenditure on the e-commerce terminal over the past month. On
the production side of the local economy, however, we find no significant effects in either group of
villages, confirming the earlier pooled results. Considering the local retail outcomes, we now find
a significant treatment effect on the number of stores sourcing their products online in villages
without pre-existing delivery, and again find a treatment effect on new product varieties that is
significant only in these villages. The treatment effect on local durable prices increases to minus
17 percent in villages without pre-existing delivery, but remains statistically insignificant at con-
ventional levels. These results suggest that the removal of the logistical barrier to e-commerce is
the main driver of the program’s local economic effects, rather than the provision of an easy-to-
use physical store interface in villages that were already connected to e-commerce logistically.

Table 10 extends the analysis of heterogeneous treatment effects to other household and vil-
lage characteristics. We find that younger, richer households who live in closer proximity to the
planned terminal, and in villages at larger distances from the nearest city center experience the
most positive treatment effects on the consumption side. In particular, the average effect on up-
take (roughly 10 percent of sample households relative to the control villages) is driven by, and
more sizable among these groups of households. Somewhat surprisingly, we find no significant
heterogeneity in household usage of the terminal with respect to the education (years of school-
ing) of the household respondent. We again find no significant heterogeneity in the treatment
effect on the production side of the local economy.

4.3 Role of Program Implementation and GE Spillovers

So far, we find that the program has led to significant but small effects for the average house-
hold that are concentrated on the consumption side of the local economy, and driven by certain
groups of rural households and villages among which we find sizable adjustments. Before pro-
viding additional evidence from the firm’s internal database in the next section, we use the survey
data to investigate two potential explanations for the relatively muted average effects: i) poor ser-
vice and program implementation, and ii) general equilibrium spillovers on control villages.
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The Role of Features of the Program Implementation

Poor terminal service compared to other shopping options is the simplest explanation for its
failure to broadly attract local households. The summary statistics in Table 2 and Table 11 point
against this explanation. The new e-commerce terminal compares favorably with pre-existing
shopping options because it is close, cheap and offers a wide variety of goods. To illustrate the
lack of local shopping options in our survey villages, recall from Table 2 that households source
more than half their retail consumption outside their village, which increases to 68 percent for
durable goods. The need to travel outside the village to shop is unsurprising, given that our enu-
merators could not find any durable goods in local stores for about half of our sample villages as
shown in Table 11. The household’s main reported shopping destination outside the village is at
a median distance of 10km, representing a 40 minute round trip at a median cost of 4 RMB (Table
11).

In comparison, the terminal is much closer to our survey households, with a median dis-
tance to the planned terminal of 230m (Table 2), and it offers a variety of goods unavailable in
local stores. 62 percent of goods bought through the terminal were not available in the village
(Table 11), which rises to 84 percent for durable goods. When goods are available in both the
terminal and the village, the terminal is cheaper by 15 percent (median).21 The main shopping
destination outside the village, generally the nearest township, is more competitive in terms of
varieties offered (in 80 percent of cases terminal goods are available there), but the terminal is
still much cheaper by a median of 18 percent even before accounting for transport costs. Finally,
delivery times in participating villages are identical to urban regions in China: 2-3 days on aver-
age. These results support existing descriptive evidence on the popularity of e-commerce among
urban regions of China (e.g. McKinsey (2016) and Fan et al. (2016)), and suggest that a lack of
attractiveness of e-commerce is unlikely to account for the relatively muted average takeup of the
new option as a result of the program.

A related question is to what extent poor planning and project implementation of the program
by the e-commerce firm could account for the muted uptake of local households. This seems a pri-
ori unlikely, given the firm’s high degree of professionalism, profit motive, institutional capacity
and expertise, especially when compared to the resources generally available to implement public
policies in developing countries. To further investigate this possibility, Table 12 presents regres-
sion results when estimating expression (4) with interaction terms for observable features of the
program implementation. In particular, we test for heterogeneity in the program’s effectiveness
of reaching local households as a function of the terminal manager application test score, and a
dummy for delay in the terminal installation with respect to the planned (and agreed upon) due
date in our implementation schedule. We find that neither of these features affect take up of the
terminal in a significant way. These results and the general context of the intervention suggest
that a botched program implementation is unlikely the explanation behind limited household
takeup.

21Our survey directly asks households, for each terminal purchase, whether the good was available in their village.
If the good is available, we ask how much it would have cost.
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The Role of Spillovers

We next investigate whether GE spillovers on surrounding villages could in part account for
the small average effects. For example, if trade linkages with other nearby villages are an essen-
tial driver of the local economy, then it could be the case that the comparison between treated and
control villages misses average income effects. If these villages are well integrated with one an-
other, it could also be the case that store prices in surrounding villages respond to pro-competitive
effects, potentially biasing toward zero the comparison between treatment and control villages.
To investigate these mechanisms, we follow an approach similar to Miguel & Kremer (2004):

yPost
hv = α + β1Treatv + β2Exposuretreat

v + β3Exposureall
v + γyPre

hv + εhv, (5)

where Exposuretreat
vk measures the proximity of village v to other program villages, and Exposureall

vk

measures proximity to all villages on the candidate list from which we randomly selected our
control villages. Even though exposure to other program villages is not randomly assigned, our
randomization means that conditional on exposure to all candidate villages, exposure to other
treatment villages is plausibly exogenous. In turn, β2 is an estimate of the the strength of cross-
village spillovers.

We measure exposure as the number of treated villages within 3 or 10 km distance bins of a
given village. Table 13 reports the estimation results. We find some evidence of positive spillover
effects of nearby terminals within 3km of the village. These effects imply a slight increase of the
total average effect of the program installation on household uptake that we estimated above.
This increases from 9 percent in Table in 6 to about 12 percent once we take into account positive
spillovers from nearby villages. In contrast, we find no evidence of cross-village spillovers on
local retail stores, or on the production side of the economy.

Summary of Findings from the Survey Data

We can summarize the results of this section as follows. The program led to statistically sig-
nificant, but economically small effects on the average household in our village samples. On
the consumption side, the average treatment effects mask significant heterogeneity across house-
holds and villages. The consumption response is driven by the removal of the logistical barrier in
villages with no pre-existing commercial parcel delivery, rather than by lifting additional transac-
tional hurdles through the terminal interface. Uptake is strongest among younger, richer house-
holds who live near the terminal location and in villages that are farther away from urban centers.
Among these users, we find sizable effects on consumer subsitution to the new e-commerce shop-
ping option, suggesting significant direct gains that are especially pronounced for durables con-
sumption. We also find some evidence of pro-competitive effects on the local retail environment:
local store owners report significantly higher numbers of new product variety, and a higher like-
lihood of sourcing their products online in treated villages who did not initially have commercial
parcel delivery. However, we do not find significant price reductions among local stores. We find
no evidence on production-side effects (incomes, online selling, labor supply, entrepreneurship).
Finally, the absence of production-side effects, or of more broad-based consumption-side effects,
does not appear to be driven by poor service and program implementation or by GE spillovers
due to trade linkages across villages.
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5 Additional Evidence Using Transaction Data
In this section, we use the firm’s internal transaction database to provide additional evidence

on four remaining questions that are outside the scope and budget of our household survey data
collection. First, are the 100 RCT villages representative of the program’s targeted villages across
the Chinese countryside more broadly? Second, to what extent does seasonality and the timing
of our endline data collection affect the estimation results? Third, what is the time path of ad-
justments on the consumption and production sides, and is terminal takeup increasing beyond
our survey’s 12-month post-treatment time window? And fourth, is our survey data missing rare
but highly successful tail events on the production side that could shift the average effect on local
household income per capita?

A described in Section 2, we have access to the universe of purchase transaction records over
the period November 2015-January 2017, across all 10,300 village terminals that existed over this
period in 5 provinces. This transaction database includes our treated RCT villages, and covers
both user and terminal-level outcomes including terminal installation dates. To capture house-
hold sales through the e-commerce terminals, we also have access to a second database on the
number of out-shipments and weights for the universe of e-commerce shipments from our RCT
villages over the period January 2016 to January 2017.

Are the 100 Villages Representative?

One concern is that the 8 counties that our RCT study has been based on may not be rep-
resentative of the Chinese countryside more broadly. To assess whether our RCT villages are
representative of the population of program villages, we use the 5-province transaction database
to estimate regressions of the following form:

yvm = θm + βRCTSamplev + γMonthsSinceEntryvm + εvm,

where v indexes village terminals and θm is a set monthly dummies indexed by m for the 15
months of operation from November 2015 to January 2017. yvm is one of three terminal-level
outcomes (log of number of users, number of transactions and monthly total sales), RCTSample is
a dummy for whether the terminal is in our RCT sample, and MonthsSinceEntry controls for the
number of months that terminal v has been in operation as of month m. The standard errors εvm

are clustered at the terminal level.22

The results in Table 14 show no significant differences in any of the three outcomes between
our RCT villages and the entire set of villages in these 5 provinces (columns 1 to 3). The same is
true if we compare our RCT villages to all villages in our 3 survey provinces (columns 4 to 6), or
in our 8 survey counties (columns 7 to 9). These results alleviate concerns that the e-commerce
firm directed our team towards 8 counties that systematically differ from the program’s target
locations in the Chinese countryside.

Did We Collect Endline Data During Bad Months?

The timeline of pre-treatment data collection was determined by the roll-out schedule of the
e-commerce firm, and we could not finance more than a single post-treatment round. As a result

22With very rare exceptions there is only one terminal per village.
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of these constraints, our survey cannot measure the impact of seasonality on treatment effects.
We therefore use the transaction data to study seasonality effects by estimating:

yvm = θv + βRCTMonthm + γMonthsSinceEntryvm + εvm,

where RCTMonth is a dummy for our survey months i.e., a dummy equal to 1 if month m is
either in December, January, April or May, which are the four calendar months during which we
conducted our survey. We again cluster standard errors εvm at the terminal level. The results are
in Table 15. We find slighly higher terminal usage during survey months relative to the rest of
the calendar year. We conclude that seasonality is unlikely to explain the relatively small average
treatment effects that we estimate using the survey data.

What Is the Time Path of Adjustments for Consumption and Production?

The firms’s desire to introduce e-commerce to all promising Chinese villages and continuous
roll-out in our RCT counties mean that we cannot keep our control group untreated for more
than one year. However, we can use the firm’s transaction data to see beyond this one-year hori-
zon, and plot the time pattern of monthly terminal usage starting from installation. These plots
tell us whether we can expect stronger impacts of the e-commerce terminals over time, either on
consumption or production.

We estimate the following event study specification:

yvm = θv + δm +
12

∑
j=0

β j MonthsSinceEntryjvm + εvm (6)

We describe the data construction to estimate this specification using the transaction dataset,
but the methodology is exactly similar using shipment dataset. Each observation in equation 6
is a terminal in a month. A negative index j denotes the number of months prior to installation
for terminal v and in this case the outcome yvm will always be 0. A positive value of j indexes
the number of month since terminal v started operation, so that β0 is a measure of average out-
comes for terminals during the month of their installation, β1 captures averages one month after
installation, and so on. We assign an index of j =12 to all observations beyond 12 month after
installation, so that β12 captures average outcomes of terminals that have been in operation for
more than 12 months. Since we have terminal and month fixed effects, each of the Each β0-β12

are estimated relative to the omitted category that are periods pre-installation (zeros by nature of
the data since ther terminals did not exist).

To estimate (6), we create a balanced panel in the sense that each of the 10,300 village terminals
ever observed in the raw data appears once per month in in the panel, for each of the 15 months
for which we have data. This panel starts in November 2015 and therefore spans terminal obser-
vations of up to 14 months pre-installation for villages connected in January 2017, to 25 months
post-installation for the earliest terminals connected 10 month prior to the beginning of our data
in November 2015.

We also estimate this event study after replacing terminal-by-month-level outcomes with
user-by-month-level outcomes, where each user ever observed in the database appears in a bal-
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anced panel for each of the 15 months.23

Figures 1-3 present the event-study plots for both terminal-level outcomes and user-level out-
comes. The main finding is that none of the event studies –on terminal-level consumption, user-
level consumption, or terminal-level production sides (number of total village shipments and
total monthly weight in kg)– show signs of increasing uptake past our survey’s one year time-
line. Broadly, terminal usage appears to increase reapidly for about 2-4 months after opening, and
then plateaus or declines over time. This provides little evidence in support of organic growth in
terminal use much beyond the relatively small average treatment effects that we estimate above,
in absence of complementary interventions and improvements of the existing program.

Are the Survey Data Missing Successful Tail Events?

Our survey sampling of 38 households per village may be insufficient to capture rare but very
successful events on the production side. If neglected, such tail events of high-volume online
businesses enabled by the terminal could in principle shift the average effect of the terminal on
household incomes that we estimate as part of the RCT analysis. To investigate this issue, we use
of the universe of e-commerce shipments out of our RCT villages from January 2016 to January
2017. We observe total shipment weight in kg, but not revenues. Figure 3 shows that the mean
monthly number of e-commerce shipments out of the villages peaks around 10 with a mean total
weight of less than 40 kg for the entire village.

To obtain a conservative upper-bound for these shipments’ value to the local village economy,
we assume that 1) all of these shipments are pure local value-added and thus 1:1 equivalent with
local incomes, and 2) the average value per kg of these shipments is as high as that of global
Chinese exports (i.e. on average RMB66.5 per kg in 2015 and 2016).24 Under these assumptions,
we find that e-commerce out-shipments account for at most a 0.26 percent increase in income per
capita. Note that this estimate is also abstracting from the fact that we do not find a significant
treatment effect of the program on out-shipments in the RCT (suggesting that the small amount
of out-shipments through the terminals is on average matched by other e-commerce related out-
shipments among control villages). The small estimated upper-bound on online sales from the
firm’s shipment data thus corroborate the earlier results using the household survey data, and
provides evidence against the notion that neglected rare but highly successful tail events could
alter the conclusions on the production side.

Summary of Findings from the Transaction Database

To summarize the results of this section, we find that i) the 100 RCT villages seem represen-
tative of the average program village in the Chinese countryside, ii) the timing of our survey
data collection, if anything, seems to work in favor of slightly stronger treatment effects due to
seasonality, iii) there are no increases in terminal uptake past 2-4 months post-installation, and
iv) our household survey sampling does not appear to miss rare events of high-volume online
businesses.

23The estimation equation becomes: yhm = θh + δm + ∑12
0 β j MonthsSinceEntryjhm + εhm, where h indexes users.

24From World Bank’s WITS database that provides total value of Chinese exports and total weight.
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6 Quantification
This section combines the empirical results from the previous sections with the theoretical

framework in Section 3 and the appendix to quantify the program’s effect on average household
welfare, decompose the underlying channels and estimate the distribution of the gains from e-
commerce integration across households and villages.

Average Effect

The most robust evidence of significant treatment effects that we find in the previous sections
is related to the substitution of local households’ retail expenditure to the e-commerce terminal
after the program is implemented. As discussed in Section 3, these treatment effects enter the
direct price index effect as part of the consumer gains due to the program. Even though it is
impossible to directly observe the implicit price index changes due to the arrival of a new retail
shopping option (that includes differences in prices, product variety as well as shopping ameni-
ties), we can use existing knowledge about the slope of household demand across retail shopping
options in order to quantify the change in consumption value that is consistent with the observed
changes in household expenditure on the ground.

As derived in the appendix, the expression for the direct consumer gains from the arrival of
the e-commerce terminal, expressed as a percentage of initial household expenditure, is given by:
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where ∑s∈SC
g

φ1
gsh is the share of retail expenditure that is not spent on the new e-commerce

terminal post-intervention, σg is the elasticity of substitution across retail options to source con-
sumption in product group g, and αgh is the Cobb-Douglas expenditure share on that product
group for household group h.

To estimate this expression empirically, we require information on the program’s effect on

∑s∈SC
g

φ1
gsh as well as σg and αgh. For the αgh, we use our baseline survey data on household ex-

penditure shares across product group. For ex-post expenditure shares on the new e-commerce
option, we use the treatment effects among the 85 percent of villages without pre-existing parcel
delivery connections reported in Table 9. These villages experienced the removal of both logis-
tical and transactional barriers to e-commerce integration, which is the counterfactual that we
focus on for the quantification exercise. We include the intercept among control villages in these
treatment effects to account for positive spillovers (Table 13).

We perform this welfare computation for three different groups of local households: for the
average sample household (treatment effect of 1.7 percentage points for terminal share of to-
tal retail consumption), for households who report ever having used the terminal for purchases
(treatment effect of 13 percentage points), and for households who have used the terminal for
purchases during the consumption period covered by our survey data (treatment effect of 26 per-
centage points). Given the important discrepancy in treatment effects across categories of goods
documented in the previous sections, we estimate welfare effects separately for durables and
non-durable retail consumption.
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Note that these treatment effects give equal weight to all households in our endline data. To
obtain welfare estimates that are representative at the village-level, we also re-estimate the treat-
ment effects after weighting each household in our sample according to the fraction of the village
population that resides within its sampling zone (inner or outer) in our endline data. These es-
timates are slightly smaller, but very similar (1.6, 11.5 and 24 percentage points respectively),
suggesting that our sampling procedure did not significantly distort the average household in
the village by much. For exposition, we provide welfare estimates both with and without re-
weighting households.

For σg, the final set of required moments in (7), we use the closest existing estimate of con-
sumer demand across retailer choices in an emerging market context from recent work by Atkin
et al. (in press) in Mexico. In particular, we use demand parameter estimates for households in
Mexico with incomes comparable to that of rural Chinese households in our survey. For non-
durables consumption, the baseline parameter is σN = 3.87, and for durables consumption the
baseline parameter is σD = 3.85.

To obtain standard errors for the welfare evaluation, we take into account that the treatment
effects on ex-post e-commerce consumption shares are point estimates, not data points. We boot-
strap the computation of expression (6) across 1000 iterations with random re-sampling. Each it-
eration uses the mean and standard deviation of the estimated treatment effect on terminal share
of retail consumption for durables and non-durables, and for each of the three household groups
discussed above, and draws from a normal distribution around the mean of the respective point
estimate.

Table 16 reports the estimation results. The average reduction in retail cost of living among
households who experienced the lifting of both logistical and transactional barriers is 0.86 per-
cent. This effect increases to 6.1 percent among the roughly 12 percent of households who were
induced to have ever used the terminal for purchases, and to 13.8 percent for the roughly 6 per-
cent of households who used the terminal during the consumption period covered by our endline
data collection. These effects are slightly lower at 0.77, 5.3 and 11.9 percent respectively when
weighting our sample households to represent the village population as a whole. Underlying
these effects are strong consumer gains in durable consumption: 3.3 percent for the average vil-
lage household, 19 percent for ever-users and more than 50 percent for households who used the
terminal in the past month.

Distribution of the Gains from E-Commerce Integration

We now investigate the distribution of the gains from the arrival of e-commerce across house-
holds and villages. We use treatment effects from the heterogeneity specification in the last rows
of Table 10, which includes all interactions with program treatment. We estimate this specification
with the dependent variable being either household terminal share in durable retail consumption
or in non-durable retail consumption. For each sample household living in treatment villages
without pre-existing parcel delivery, we compute a fitted value of the treatment effect on termi-
nal retail consumption shares based on the primary earner’s age, education, income per capita,
residential distance to the planned terminal as well as distance to the nearest township center
(remoteness).

We use these estimated effects for ∑s∈SC
g

φt1
gsh in expression (7), and then plot the effect on
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household retail price indices flexibly across all sample households in treated villages. Figure
4 shows these plots for household income per capita (upper left), respondent age (upper right),
distance to terminal (lower left) and distance to the nearest township center (lower right). These
plots quantify the distribution of the gains to the average household, without restricting atten-
tion to uptakers. The confidence intervals in these figures are based on sampling variation in
household characteristic on the x-axis after clustering standard errors at the village-level.

The income plot shows that households in the 5th percentile of the income distribution on
average experience a 0.3 percent reduction in cost of living due to terminal arrival, which more
than triples to close to 1.2 percent for households at the 95th income percentile. A household with
a 20 year old primary earner on average experiences gains of close to 2 percent, which drops be-
low 1 percent past the age of 50. The gains are close to 1.5 percent on average in close residential
proximity to the terminal and decrease to on average roughly half a percent toward the largest
distances in the sample. In contrast, villages in close proximity to the nearest township center
experience small average gains that close to triple as the distance becomes larger in the sample.

Overall, these figures confirm the heterogeneity of the program’s impact on consumption up-
take that we discussed above and report in Table 10. In particular, we find that richer, younger
households, who live in closer proximity to the e-commerce terminal and in villages that are far-
ther away from existing shopping options in nearby township centers benefit significantly more
from the arrival of e-commerce..

Results Across Alternative Demand Parameters

To account for uncertainty in the demand parameters, we compute results across alternative
values of σN and σD, relative to the baseline parameterization (σN = 3.87 and σD = 3.85). In par-
ticular, we allow for household shopping demand to be both more or less price elastic across re-
tailer options. Intuitively, the less price sensitive households are across retailers (i.e. the lower σg),
the higher will be the implied consumer gains that are consistent with the observed household
substitution to the new shopping option. The low-elasticity scenario is σN = 2.87 and σD = 2.85
while the high-elasticity scenario is σN = 4.87 and σD = 4.85. A priori, it is unclear which sce-
nario is more likely in our current empirical context, relative to the baseline parameters estimated
in Atkin et al. (in press) for similarly poor Mexican households living in urban areas. Rural Chi-
nese households may be less sensitive to effective price differences across retailers due to higher
shopping travel costs to a nearby town compared to urban Mexicans. Conversely, rural Chinese
households may be intrinsically more price sensitive than Mexicans with similar real incomes.

Table 17 reports the estimation results. As discussed above, assuming that rural Chinese shop-
ping demand is somewhat less price elastic across retailer options yields significantly larger esti-
mated welfare gains: 1.3 percent for the average household in our sample, 9.5 percent for house-
holds that were ever terminal consumers, and 22 percent for households that are current terminal
consumers. The baseline estimates were 0.86, 6.1 and 13.8 percent respectively. Conversely, as-
suming more price elastic shopping demand yields slightly smaller welfare effects of 0.6, 4.5 and
10 percent.
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Summary of Results

We find that the program led to significant, but relatively small gains in economic welfare
for the average village household. These average effects mask significant heterogeneity across
households and villages. We find sizable welfare gains among the group of households (roughly
12 percent of the population) that are induced to make use of the new e-commerce option. These
households are on average richer and younger, live in closer proximity to the e-commerce termi-
nal, and in villages that are farther away from the nearest township center. In terms of channels,
we find that the gains from the arrival of e-commerce are driven predominantly by the removal
of the logistical barrier, rather than the additional provision of a physical store interface for vil-
lagers. We also find that all of the gains appear to arise from the consumption side, and find no
evidence of significant adjustment on the production side of the local economy.

7 Conclusion
The potential of e-commerce integration as a driver of economic development has featured

prominently in recent policy reports and the popular press. In this context, the Chinese gov-
ernment has recently launched the first nation-wide e-commerce expansion program to remove
the barriers to e-commerce development outside of cities. As internet access has already widely
spread in the countryside, this program aims to invest in removing two main remaining barriers
to e-commerce: the lack of modern transport logistics necessary for commercial parcel delivery
and pickup (logistical barrier), and the transitioning to non-traditional online user interfaces and
paperless payments (transactional barrier).

This paper uses this empirical context to study the economic consequences of e-commerce
integration on the local economy, the underlying channels, and the distribution of the gains from
e-commerce across households and villages. To this end, we combine an RCT that we implement
across villages in collaboration with a large Chinese e-commerce firm with a new collection of
microdata on household consumption, production and retail prices in the Chinese countryside.

The analysis provides several insights. We find that the program led to statistically signifi-
cant, but economically small gains for the average rural household. These average effects mask
significant heterogeneity across households and villages. We find sizable economic gains among
households who are induced to use the program terminal. These households are on average sig-
nificantly younger, richer, live in closer proximity to the e-commerce terminal and in villages that
are relatively more remote. In terms of channels, we find significantly stronger economic gains
among villages that were not previously serviced by commercial parcel delivery, suggesting that
most of the program’s gains are due to overcoming the logistical barrier, rather than the trans-
actional one. We also find that all of the economic gains are driven by a reduction in household
cost of living, and we find no evidence for significant effects on the production side of the local
economy: online selling activity, household incomes and entrepreneurship remain unchanged.

We further document that the results do not appear to be driven by GE spillovers due to trade
linkages across villages, and analyze the extent to which poorly managed program implemen-
tation could account for the relatively small average impact on rural households. We find that
the e-commerce terminals on average offer significantly lower prices, higher convenience and in-
creased product variety compared to pre-existing consumer choices, both within the village and
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in nearby towns. We also find that the characteristics of terminal managers (test scores, gender,
age) or other features of the program implementation across villages and counties are not signif-
icant determinants of the program’s effectiveness. These findings, together with the high level
of professionalism, resources and institutional capacity that are being invested in the implemen-
tation of the program, suggest that poor program planning or execution are unlikely to be the
reason for relatively muted average effects.

Using the firm’s database, we find little evidence suggesting that the adjustment takes longer
than one year: the effects on both the consumption and production side arise within 2-4 months
of entry and then remain mostly constant over time. We also do not find evidence that the survey
data failed to pick up highly successful but rare tail events on the production side.

Overall, our findings suggest that e-commerce expansion offer significant reduction in cost of
living to certain groups of the rural population, rather than broad-based benefits. This more nu-
anced set of conclusions about the promise of rural e-commerce offers some contrastwith recent
claims that e-commerce will transform the production side of the rural economy by unleashing
entrepreneurship and rural exports. Instead, the findings suggest that such production effects are
unlikely to materialize organically, at least in the short to medium-run, if not accompanied by
complementary interventions to support the transition to local online trading activity (e.g. access
to credit, training, online promotions). The design of such interventions is a promising area for
future research.
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8 Figures and Tables

Table 1: Baseline Data: Individual Level

Full Sample at 
Baseline

Treatment 
Villages at 
Baseline

Control Villages 
at Baseline

P-Value         
(Treat-Control=0)

Control Villages 
at Endline

Median 44.000 44.000 43.000 46.000
Mean 38.950 39.329 38.407 0.208 39.943
Standard Deviation 23.580 23.658 23.460 23.759
Number of Obs 8491 5001 3490 4194
Median 1.000 1.000 1.000 1.000
Mean 0.534 0.526 0.546 0.025 0.537
Standard Deviation 0.499 0.499 0.498 0.499
Number of Obs 8484 5001 3483 4188
Median 1.000 1.000 1.000 1.000
Mean 0.767 0.766 0.769 0.882 0.762
Standard Deviation 0.423 0.424 0.422 0.426
Number of Obs 6070 3590 2480 3015
Median 1.000 1.000 1.000 1.000
Mean 0.527 0.527 0.526 0.971 0.513
Standard Deviation 0.499 0.499 0.499 0.500
Number of Obs 6369 3760 2609 3144
Median 0.000 0.000 0.000 0.000
Mean 0.270 0.273 0.266 0.745 0.319
Standard Deviation 0.444 0.446 0.442 0.466
Number of Obs 6368 3758 2610 3132
Median 0.000 0.000 0.000 0.000
Mean 0.437 0.429 0.449 0.419 0.422
Standard Deviation 0.496 0.495 0.498 0.494
Number of Obs 6368 3758 2610 3132
Median 0.000 0.000 0.000 0.000
Mean 0.104 0.104 0.104 0.969 0.097
Standard Deviation 0.305 0.305 0.305 0.296
Number of Obs 6286 3719 2567 3096

Completed Senior 
High School (for 
age>18) (Yes=1)

Age

Gender (Female=1)

Employed (for age>15) 
(Yes=1)

Peasant (for age>15) 
(Yes=1)

No Schooling (for 
age>15) (No 
School=1)

Completed Junior High 
School (for age>15) 
(Yes=1)

Notes: See Section 2 for discussion.
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Table 2: Baseline Data: Household Level

Full Sample at 
Baseline

Treatment Villages 
at Baseline

Control Villages at 
Baseline

P-Value          
(Treat-Control=0)

Control Villages at 
Endline

Median 50.000 50.000 50.000 52.00
Mean 49.824 49.953 49.631 0.634 51.395
Standard Deviation 12.673 12.710 12.621 13.55
Number of Obs 2548 1530 1018 1348
Median 0.000 0.000 0.000 0.00
Mean 0.288 0.295 0.276 0.457 0.295
Standard Deviation 0.453 0.456 0.447 0.46
Number of Obs 2547 1530 1017 1348
Median 1.000 1.000 1.000 1.00
Mean 0.815 0.814 0.817 0.874 0.750
Standard Deviation 0.388 0.389 0.386 0.43
Number of Obs 2550 1531 1019 1342
Median 1.000 1.000 1.000 1.00
Mean 0.590 0.600 0.577 0.620 0.587
Standard Deviation 0.492 0.490 0.494 0.49
Number of Obs 2549 1531 1018 1348
Median 0.000 0.000 0.000 0.00
Mean 0.073 0.087 0.053 0.036 0.072
Standard Deviation 0.261 0.282 0.224 0.26
Number of Obs 2549 1531 1018 1348
Median 3.000 3.000 3.000 3.00
Mean 3.114 3.053 3.205 0.075 2.987
Standard Deviation 1.422 1.420 1.421 1.40
Number of Obs 2740 1647 1093 1405
Median 350.000 339.000 375.000 466.67
Mean 876.412 841.198 929.473 0.365 1028.960
Standard Deviation 1717.456 1687.169 1761.560 2005.31
Number of Obs 2740 1647 1093 1405
Median 381.000 372.833 400.500 364.00
Mean 732.017 663.034 835.966 0.135 686.616
Standard Deviation 2304.540 1139.788 3368.220 1512.06
Number of Obs 2735 1644 1091 1405
Median 0.000 0.000 0.000 0.00
Mean 123.417 123.007 124.033 0.981 128.464
Standard Deviation 1033.757 1076.656 966.070 1069.52
Number of Obs 2736 1644 1092 1405
Median 0.000 0.000 0.000 0.00
Mean 0.368 0.354 0.390 0.249 0.427
Standard Deviation 0.482 0.478 0.488 0.49
Number of Obs 2739 1646 1093 1402
Median 1.000 1.000 1.000 1.00
Mean 0.526 0.509 0.552 0.153 0.551
Standard Deviation 0.499 0.500 0.498 0.50
Number of Obs 2731 1642 1089 1400

Household Monthly 
Expenditure on Business 
Inputs Per Capita in RMB

Any Member of the Household 
Has Ever Used the Internet 
(Yes=1)

Primary Earner Self-Employed 
(Yes=1)

Household Size

Household Monthly Income 
Per Capita in RMB

Household Monthly Retail 
Expenditure Per Capita in 
RMB

Age of Primary Earner

Gender of Primary Earner 
(Female=1)

Primary Earner Went to 
School (Yes=1)

Primary Earner Is Peasant 
(Yes=1)

Household Owns a 
Smartphone (Yes=1)

Notes: See Section 2 for discussion.
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Table 3: Baseline Data: Household Level – Continued

Full Sample at 
Baseline

Treatment Villages 
at Baseline

Control Villages at 
Baseline

P-Value          
(Treat-Control=0)

Control Villages at 
Endline

Median 0.000 0.000 0.000 0.00
Mean 0.007 0.006 0.007 0.693 0.008
Standard Deviation 0.050 0.046 0.057 0.05
Number of Obs 2720 1637 1083 1397
Median 0.000 0.000 0.000 0.00
Mean 0.003 0.001 0.006 0.103 0.003
Standard Deviation 0.052 0.030 0.074 0.05
Number of Obs 2055 1244 811 1161
Median 231.556 232.891 231.454 203.63
Mean 290.346 293.364 285.797 0.789 286.631
Standard Deviation 243.450 247.778 236.820 267.06
Number of Obs 2740 1647 1093 1405
Median 0.553 0.489 0.623 0.60
Mean 0.500 0.470 0.545 0.193 0.531
Standard Deviation 0.395 0.402 0.379 0.38
Number of Obs 2720 1637 1083 1397
Median 1.000 1.000 1.000 1.00
Mean 0.613 0.610 0.618 0.916 0.633
Standard Deviation 0.465 0.470 0.457 0.46
Number of Obs 926 558 368 544
Median 20.000 20.000 20.000 20.00
Mean 29.892 29.941 29.826 0.962 28.862
Standard Deviation 27.825 27.380 28.429 26.19
Number of Obs 2234 1284 950 1188
Median 2.000 2.000 1.500 1.00
Mean 3.739 3.847 3.591 0.715 4.236
Standard Deviation 10.092 11.774 7.196 16.78
Number of Obs 2216 1278 938 1185
Median 0.000 0.000 0.000 0.00
Mean 0.283 0.276 0.295 0.631 0.284
Standard Deviation 0.451 0.447 0.456 0.45
Number of Obs 2731 1642 1089 1400
Median 0.000 0.000 0.000 0.00
Mean 0.108 0.107 0.110 0.851 0.131
Standard Deviation 0.311 0.309 0.313 0.34
Number of Obs 2731 1642 1089 1400
Median 0.000 0.000 1.000 0.00
Mean 0.486 0.456 0.532 0.031 0.467
Standard Deviation 0.500 0.498 0.499 0.50
Number of Obs 2731 1642 1089 1400
Median 1.000 1.000 1.000 1.00
Mean 0.977 0.977 0.977 0.953 0.977
Standard Deviation 0.149 0.148 0.150 0.15
Number of Obs 2731 1642 1089 1400

Household Owns a TV (Yes=1)

Share of Retail Expenditure 
Outside of Village

Share of Business Input 
Expenditure Outside of Village

Share of Household Monthly 
Expenditure on E-Commerce 
Deliveries

Share of E-Commerce Sales in 
Household Monthly Income

Household Owns a PC or Laptop 
(Yes=1)

Household Owns a Car (Yes=1)

Household Owns a Motorcycle 
(Yes=1)

Travel Cost One-Way to Main 
Shopping Destination Outside 
Village (RMB)

Travel Time One-Way to Main 
Shopping Destination Outside 
Village (minutes)

Distance in Meters to Planned 
Terminal Location

Notes: See Section 2 for discussion.
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Table 4: Baseline Data: Local Retail Prices

Full Sample at 
Baseline

Treatment Villages 
at Baseline

Control Villages at 
Baseline

P-Value          
(Treat-Control=0)

Control Villages at 
Endline

Median 3.00 3.00 2.00 2.00
Mean 4.15 4.38 3.79 0.33 3.61
Standard Deviation 2.94 2.91 2.98 2.99
Number of Obs 99 60 39 38
Median 50.00 50.00 40.00 50.00
Mean 99.07 74.42 146.76 0.35 121.33
Standard Deviation 320.38 89.60 532.73 375.35
Number of Obs 361 238 123 126
Median 0.00 0.00 0.00 0.00
Mean 1.43 1.56 1.17 0.57 0.63
Standard Deviation 7.44 8.88 3.42 2.26
Number of Obs 330 215 115 126
Median 7.00 7.00 6.00 6.00
Mean 71.03 76.74 61.43 0.47 71.23
Standard Deviation 411.24 433.67 370.33 390.31
Number of Obs 9382 5884 3498 3259
Median 1.00 1.00 1.00 1.00
Mean 0.67 0.66 0.67 0.97 0.73
Standard Deviation 0.47 0.47 0.47 0.44
Number of Obs 8977 5597 3380 3370
Median 10.00 10.00 8.80 9.00
Mean 45.63 42.88 49.78 0.76 43.84
Standard Deviation 195.09 206.23 177.46 97.92
Number of Obs 444 267 177 111
Median 4.38 4.60 4.00 4.00
Mean 11.58 11.81 11.21 0.73 10.05
Standard Deviation 24.35 23.31 25.99 17.75
Number of Obs 4853 3021 1832 1834
Median 12.00 13.00 12.00 13.00
Mean 28.81 30.35 26.36 0.46 29.32
Standard Deviation 53.97 59.45 43.77 55.16
Number of Obs 1331 818 513 531
Median 10.00 10.00 9.98 8.40
Mean 26.13 24.40 29.31 0.66 18.50
Standard Deviation 43.35 38.46 51.11 33.77
Number of Obs 399 258 141 90
Median 15.00 12.00 20.00 22.00
Mean 46.31 45.69 47.79 0.90 57.00
Standard Deviation 74.71 71.49 82.13 85.66
Number of Obs 401 282 119 65
Median 10.00 10.00 9.00 9.00
Mean 14.68 14.53 14.93 0.93 13.10
Standard Deviation 31.03 32.69 28.06 18.17
Number of Obs 1462 916 546 626
Median 5.00 5.00 5.00 5.83
Mean 11.65 15.36 8.08 0.26 5.82
Standard Deviation 21.46 28.88 9.59 0.23
Number of Obs 53 26 27 4
Median 110.00 85.00 187.00 398.00
Mean 1009.49 1001.66 1026.34 0.95 1167.30
Standard Deviation 1504.81 1583.03 1333.52 1350.70
Number of Obs 183 125 58 43
Median 449.00 609.50 17.50 1799.00
Mean 917.05 976.41 782.14 0.59 1782.71
Standard Deviation 1224.37 1242.82 1184.20 871.58
Number of Obs 144 100 44 45
Median 1440.00 1980.00 30.00 2800.00
Mean 1700.66 1794.74 1534.21 0.71 2578.24
Standard Deviation 1822.07 1770.33 1922.34 1697.82
Number of Obs 108 69 39 21

(2) Prices of Tobacco and 
Alcohol in RMB

Number of Stores at Village 
Level

Establishment Space in 
Square Meters

Prices of All Retail 
Consumption (9 Product 
Groups) in RMB

(1) Prices of Food and 
Beverages in RMB

Price Was Not Displayed on 
Label (Needed to Ask=1)

Number of Establishment's 
New Products Added Over 
Last Month

Prices of Business or 
Production Input in RMB

(9) Prices of Transport 
Equipment in RMB

(3) Prices of Medicine and 
Health Products in RMB

(4) Prices of Clothing and 
Accessories in RMB

(5) Prices of Other Everyday 
Products in RMB

(6) Prices of Fuel and Gas in 
RMB

(7) Prices of Furniture and 
Appliances in RMB

(8) Prices of Electronics in 
RMB

Notes: See Section 2 for discussion.
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Table 5: Firm’s Transaction Data

[To be cleared.]
Notes: See Section 2 for discussion.
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Table 6: Average Effects: Consumption

Dependent Variables Intent to Treat
Treatment on 

Treated
Log Distance      

(IV using Treat)
Dependent Variables Intent to Treat

Treatment on 
Treated

Log Distance      
(IV using Treat)

-21.85 -40.36 11.70 0.000608 0.00122 -0.000372
(31.96) (59.29) (17.12) (0.000515) (0.00107) (0.000324)

R-Squared 0.038 R-Squared 0.001
First Stage F-Stat 48.91 38 First Stage F-Stat 34.88 24.06
Number of Obs 3,434 3,434 3,434 Number of Obs 1,653 1,653 1,653

0.0480*** 0.0878*** -0.0254*** 0.000693 0.00124 -0.000357
(0.0169) (0.0277) (0.00801) (0.000689) (0.00122) (0.000351)

R-Squared 0.008 R-Squared 0.000
First Stage F-Stat 50.21 38.88 First Stage F-Stat 58.89 43.43
Number of Obs 3,518 3,518 3,518 Number of Obs 2,416 2,416 2,416

0.0263*** 0.0484*** -0.0140*** 0.0468*** 0.0764*** -0.0228***
(0.00981) (0.0167) (0.00485) (0.0139) (0.0221) (0.00674)

R-Squared 0.009 R-Squared 0.019
First Stage F-Stat 48.60 37.37 First Stage F-Stat 65.17 41.81
Number of Obs 3,482 3,482 3,482 Number of Obs 1,269 1,269 1,269

0.00667*** 0.0123*** -0.00356*** 0.00429 0.00802 -0.00241
(0.00238) (0.00429) (0.00126) (0.00395) (0.00720) (0.00215)

R-Squared 0.006 R-Squared 0.001
First Stage F-Stat 48.96 37.56 First Stage F-Stat 46.01 32.08
Number of Obs 3,434 3,434 3,434 Number of Obs 2,336 2,336 2,336

-0.00715 -0.0153 0.00482 0 0 0
(0.00778) (0.0189) (0.00619) (0) (0) (0)

R-Squared 0.003 R-Squared .
First Stage F-Stat 16.96 11.48 First Stage F-Stat  . .
Number of Obs 1,207 1,207 1,207 Number of Obs 1,463 1,463 1,463

0.00537*** 0.00988*** -0.00286*** 0.0546** 0.101** -0.0303**
(0.00195) (0.00352) (0.00103) (0.0217) (0.0393) (0.0120)

R-Squared 0.003 R-Squared 0.019
First Stage F-Stat 49.04 37.55 First Stage F-Stat 36.63 21.46
Number of Obs 3,433 3,433 3,433 Number of Obs 380 380 380

0.0398** 0.0717*** -0.0220** 0.0697** 0.132** -0.0442**
(0.0159) (0.0276) (0.00873) (0.0345) (0.0636) (0.0222)

R-Squared 0.011 R-Squared 0.024
First Stage F-Stat 42.79 24.81 First Stage F-Stat 25.11 11.89
Number of Obs 768 768 768 Number of Obs 232 232 232

0.00121 0.00220 -0.000635 0.0353* 0.0525* -0.0164*
(0.000823) (0.00150) (0.000437) (0.0201) (0.0297) (0.00954)

R-Squared 0.001 R-Squared 0.014
First Stage F-Stat 51.16 38.96 First Stage F-Stat 56.07 34.63
Number of Obs 3,359 3,359 3,359 Number of Obs 141 141 141

Share of Terminal in 
Monthly Transport 
Equipment (9)

Treat or Log Dist

Treat or Log Dist

Treat or Log Dist

Treat or Log Dist

Share of Terminal in 
Monthly Electronics (8)

Treat or Log Dist

Share of Terminal in 
Monthly Other Household 
Products (5)

Treat or Log Dist

Share of Terminal in 
Monthly Heating, Fuel 
and Gas (6)

Treat or Log Dist

Share of Terminal in 
Monthly Furniture and 
Appliances (7)

Treat or Log Dist

Share of Terminal in 
Monthly Food and 
Beverages (1)

Treat or Log Dist

Treat or Log Dist

Share of Online Terminal 
in Total Monthly Retail 
Expenditure

Monthly Total Retail 
Expenditure Per Capita

Treat or Log Dist

Share of Terminal in 
Monthly Durables

Treat or Log Dist

Household Has Bought 
Something at Terminal in 
Past Month (Yes=1)

Treat or Log DistHousehold Has Ever 
Bought Something at 
Terminal (Yes=1)

Share of Terminal in 
Monthly Non-Durables

Share of Terminal in 
Monthly Business Inputs

Share of Terminal in 
Monthly Tobacco and 
Alcohol (2)

Treat or Log Dist

Share of Terminal in 
Monthly Medicine and 
Health Products (3)

Treat or Log Dist

Share of Terminal in 
Monthly Clothing and 
Accessories (4)

Treat or Log Dist

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 7: Average Effects: Incomes

Dependent Variables Intent to Treat
Treatment on 

Treated
Log Distance      

(IV using Treat)
Dependent Variables Intent to Treat

Treatment on 
Treated

Log Distance    
(IV using Treat)

-7.838 -14.41 4.196 -0.00700 -0.0128 0.00371
(70.78) (129.3) (37.61) (0.00562) (0.0104) (0.00300)

R-Squared 0.038 R-Squared 0.347
First Stage F-Stat 49.08 37.36 First Stage F-Stat 49.44 37.94
Number of Obs 3,437 3,437 3,437 Number of Obs 3,504 3,504 3,504

-12.55 -23.09 6.721 -0.00132 -0.00242 0.000701
(72.18) (131.8) (38.29) (0.00237) (0.00435) (0.00126)

R-Squared 0.051 R-Squared 0.038
First Stage F-Stat 48.88 37.34 First Stage F-Stat 48.86 37.47
Number of Obs 3,445 3,445 3,445 Number of Obs 3,498 3,498 3,498

-45.95 -84.89 24.78 -10.09 -18.57 5.374
(586.9) (1,078) (314.7) (12.89) (23.78) (6.866)

R-Squared 0.046 R-Squared 0.012
First Stage F-Stat 48.23 36.38 First Stage F-Stat 48.77 37.49
Number of Obs 3,388 3,388 3,388 Number of Obs 3,498 3,498 3,498

-70.23 -129.3 37.58 -0.00120 -0.00226 0.000653
(140.3) (255.6) (74.17) (0.00176) (0.00334) (0.000962)

R-Squared 0.033 R-Squared 0.032
First Stage F-Stat 48.47 37.10 First Stage F-Stat 42.96 33.28
Number of Obs 3,448 3,448 3,448 Number of Obs 2,830 2,830 2,830

-46.65 -85.53 24.90 -0.0229 -0.0421 0.0122
(137.3) (248.7) (72.35) (0.0319) (0.0590) (0.0173)

R-Squared 0.157 R-Squared 0.140
First Stage F-Stat 49.91 37.89 First Stage F-Stat 48.71 36.89
Number of Obs 3,441 3,441 3,441 Number of Obs 3,327 3,327 3,327

1.295 2.393 -0.697 -0.00802 -0.0148 0.00428
(3.429) (6.326) (1.847) (0.00631) (0.0119) (0.00345)

R-Squared 0.000 R-Squared 0.001
First Stage F-Stat 47.98 36.38 First Stage F-Stat 48.91 37.39
Number of Obs 3,324 3,324 3,324 Number of Obs 3,468 3,468 3,468

0.334 0.597 -0.186 0.000212 0.000391 -0.000113
(3.969) (7.071) (2.199) (0.00159) (0.00292) (0.000847)

R-Squared 0.000 R-Squared 0.000
First Stage F-Stat 51.39 34.19 First Stage F-Stat 48.89 37.34
Number of Obs 1,878 1,878 1,878 Number of Obs 3,468 3,468 3,468

Weekly Hours Worked 
Primary Earner in Hours

Member of Household 
Started a Business Over 
Last 6 Months (Yes=1)

Treat or Log Dist

Weekly Hours Worked 
Secondary Earner in 
Hours

Treat or Log Dist
New Business Selling in 
Part Online (Yes=1)

Treat or Log Dist

Treat or Log Dist

Monthly Non-Agricultural 
Income Per Capita

Treat or Log Dist
Primary Earner Working 
As Peasant (Yes=1)

Treat or Log Dist

Monthly Agricultural 
Income Per Capita

Annual Income Per Capita 
in RMB

Treat or Log Dist
Online Sales in Past 
Month in RMB

Treat or Log Dist

Treat or Log Dist
Share of Online Sales in 
Household Monthly 
Income

Treat or Log Dist

Treat or Log Dist
Monthly Income Per 
Capita in RMB

Member of Household 
Has Ever Sold Online 
(Yes=1)

Monthly Income Per 
Capita Net of Transfers in 
RMB

Treat or Log Dist
Member of Household 
Has Sold Online In Past 
Two Weeks (Yes=1)

Treat or Log Dist

Treat or Log Dist

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 8: Average Effects: Local Retail Prices

Dependent Variables Intent to Treat
Treatment on 

Treated
Dependent Variables Intent to Treat

Treatment on 
Treated

0.0188 0.0353 0.0357* 0.0690*
(0.0142) (0.0258) (0.0185) (0.0371)

R-Squared 0.893 0.893 R-Squared 0.870 0.870
First Stage F-Stat 44.94 First Stage F-Stat 43.27
Number of Obs 6,881 6,881 Number of Obs 3,695 3,695

-0.00553 -0.00994 0.0213 0.0419
(0.00942) (0.0174) (0.0339) (0.0659)

R-Squared 0.000 -0.002 R-Squared 0.809 0.810
First Stage F-Stat 49.58 First Stage F-Stat 37.23
Number of Obs 8,956 8,796 Number of Obs 1,073 1,073

0.00298 -0.00594 -0.0474 -0.0867
(0.0290) (0.0386) (0.0741) (0.143)

R-Squared 0.000 -0.002 R-Squared 0.794 0.792
First Stage F-Stat 49.58 First Stage F-Stat 12.65
Number of Obs 8,956 8,796 Number of Obs 266 266

2.194** 4.073* 0.0809 0.102
(1.073) (2.308) (0.111) (0.135)

R-Squared 0.277 0.214 R-Squared 0.845 0.849
First Stage F-Stat 18.96 First Stage F-Stat 90.56
Number of Obs 312 312 Number of Obs 152 152

-0.00145 -0.00260 -0.0302 -0.0582
(0.0258) (0.0459) (0.0385) (0.0768)

R-Squared 0.000 -0.001 R-Squared 0.757 0.755
First Stage F-Stat 23.86 First Stage F-Stat 31.33
Number of Obs 341 341 Number of Obs 1,262 1,262

0.00170 0.00269 -0.0115 -0.0440
(0.130) (0.202) (0.0955) (0.332)

R-Squared 0.801 0.801 R-Squared 0.007 -0.095
First Stage F-Stat 21.08 First Stage F-Stat 0.795
Number of Obs 236 236 Number of Obs 12 12

0.0210 0.0398 -0.0347 -0.0715
(0.0146) (0.0268) (0.0881) (0.180)

R-Squared 0.860 0.860 R-Squared 0.952 0.952
First Stage F-Stat 44.41 First Stage F-Stat 5.680
Number of Obs 6,460 6,460 Number of Obs 109 109

-0.0320 -0.0563 -0.0892 -0.163
(0.0711) (0.125) (0.305) (0.570)

R-Squared 0.951 0.951 R-Squared 0.884 0.890
First Stage F-Stat 8.225 First Stage F-Stat 3.180
Number of Obs 185 185 Number of Obs 23 23

0.0297 0.0398
(0.0840) (0.110)

R-Squared 0.946 0.946
First Stage F-Stat 22.67
Number of Obs 53 53

Treat

Log Prices of 
Clothing and 
Accessories (4)

Treat

Log Prices of Food 
and Beverages (1)

Store Owner Sources 
Products Online 
(Yes=1)

Log Prices of Business 
Inputs

Store Closure (at 
Product Level) (Yes=1)

Number of New 
Products Per Store

Log Prices (All)

Product Replacement 
Dummy (Not Counting 
Store Closures) 
(Yes=1)

Log Prices of 
Electronics (8)

Treat

Treat

Treat
Log Prices of Tobacco 
and Alcohol (2)

Log Prices of 
Medicine and Health 
Products (3)

Treat

Log Prices of 
Transport Equipment 
(9)

Log Prices of Non-
Durables

Log Prices of Durables

Log Prices of 
Furniture and 
Appliances (7)

Treat

Treat

Treat

Treat

Treat

Treat

Treat

Treat

Log Prices of Other 
Household Products 
(5)

Log Prices of Heating, 
Fuel and Gas (6)

Treat

Treat

Treat

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 9: Effects of Logistical vs Transactional Barriers

Dept Variables Intent to Treat
Treatment on the 

Treated
Log Distance   

(IV Using Treat)
Dept Variables Intent to Treat

Treatment on the 
Treated

Log Distance   
(IV Using Treat)

Dept Variables Intent to Treat
Treatment on the 

Treated
-26.63 -50.02 15.07 -13.87 -26.06 7.920 0.0112 0.0227
(36.25) (69.09) (20.76) (77.86) (145.1) (44.03) (0.0144) (0.0289)
31.29 57.52 -16.74 12.70 24.16 -7.452 0.0419 0.0538

(69.33) (121.4) (31.86) (188.3) (313.7) (80.58) (0.0377) (0.0506)
First Stage F-Stat 21.14 14.76 First Stage F-Stat 20.77 14.29 First Stage F-Stat 16.73
Number of Obs 3,434 3,434 3,434 Number of Obs 3,445 3,445 3,445 Number of Obs 6,881 6,881

0.0573*** 0.107*** -0.0323*** -14.99 -28.03 8.528 -0.00725 -0.0135
(0.0190) (0.0302) (0.00923) (77.55) (144.7) (43.90) (0.0108) (0.0207)

-0.0603** -0.112*** 0.0335*** 50.29 85.37 -22.45 0.00952 0.0172
(0.0251) (0.0404) (0.0113) (171.2) (290.4) (75.46) (0.0213) (0.0360)

First Stage F-Stat 21.09 14.73 First Stage F-Stat 20.82 14.26 First Stage F-Stat 21.59
Number of Obs 3,518 3,518 3,518 Number of Obs 3,437 3,437 3,437 Number of Obs 8,956 8,796

0.0329*** 0.0620*** -0.0187*** 70.33 129.4 -39.54 0.00323 -0.00825
(0.0111) (0.0188) (0.00577) (645.0) (1,206) (367.5) (0.0350) (0.0479)

-0.0422*** -0.0772*** 0.0224*** -734.1 -1,232 306.9 -0.00134 0.0113
(0.0155) (0.0283) (0.00775) (1,484) (2,418) (622.8) (0.0419) (0.0603)

First Stage F-Stat 20.70 14.32 First Stage F-Stat 20.88 14.07 First Stage F-Stat 21.59
Number of Obs 3,482 3,482 3,482 Number of Obs 3,388 3,388 3,388 Number of Obs 8,956 8,796

0.00797*** 0.0150*** -0.00452*** -0.00857 -0.0160 0.00484 1.403* 2.377*
(0.00274) (0.00494) (0.00153) (0.00608) (0.0115) (0.00349) (0.828) (1.359)

-0.00834*** -0.0156*** 0.00467*** 0.0102 0.0186 -0.00547 3.403 7.971
(0.00294) (0.00527) (0.00160) (0.0141) (0.0238) (0.00615) (3.876) (12.78)

First Stage F-Stat 21.07 14.52 First Stage F-Stat 20.95 14.50 First Stage F-Stat 1.247
Number of Obs 3,434 3,434 3,434 Number of Obs 3,504 3,504 3,504 Number of Obs 312 312

-0.00830 -0.0189 0.00623 -0.00172 -0.00334 0.00101 0.0250** 0.0422**
(0.00827) (0.0221) (0.00770) (0.00210) (0.00412) (0.00125) (0.0122) (0.0204)

0.0158 0.0294 -0.00867 0.00282 0.00513 -0.00145 -0.0911 -0.176
(0.0105) (0.0240) (0.00795) (0.00233) (0.00444) (0.00131) (0.0814) (0.154)

First Stage F-Stat 6.523 4.067 First Stage F-Stat 18.18 12.52 First Stage F-Stat 1.546
Number of Obs 1,207 1,207 1,207 Number of Obs 2,830 2,830 2,830 Number of Obs 341 341

0.00638*** 0.0120*** -0.00361*** -0.0192 -0.0361 0.0109 -0.0866 -0.121
(0.00225) (0.00407) (0.00126) (0.0341) (0.0643) (0.0196) (0.136) (0.205)

-0.00647** -0.0121*** 0.00365*** -0.0284 -0.0422 0.00804 0.289 0.485
(0.00246) (0.00441) (0.00133) (0.0813) (0.148) (0.0372) (0.275) (0.457)

First Stage F-Stat 21.12 14.52 First Stage F-Stat 20.56 14.10 First Stage F-Stat 1.978
Number of Obs 3,433 3,433 3,433 Number of Obs 3,327 3,327 3,327 Number of Obs 236 236

0.0486*** 0.0884*** -0.0284*** -0.00328 -0.00616 0.00187 0.0190 0.0390
(0.0177) (0.0303) (0.0103) (0.00635) (0.0119) (0.00359) (0.0157) (0.0322)

-0.0694*** -0.122*** 0.0368*** -0.0297 -0.0481 0.0113 0.0138 0.00649
(0.0258) (0.0429) (0.0130) (0.0183) (0.0433) (0.0104) (0.0362) (0.0517)

First Stage F-Stat 18.50 9.585 First Stage F-Stat 20.77 14.31 First Stage F-Stat 15.95
Number of Obs 768 768 768 Number of Obs 3,468 3,468 3,468 Number of Obs 6,460 6,460

-0.118 -0.171
(0.0880) (0.121)

0.164 0.287
(0.134) (0.299)

First Stage F-Stat 0.748
Number of Obs 185 185

Log Prices of 
Durables

Treat

Treat * Delivery

Share of Expenditure 
at Terminal in Total 
Monthly Durables

Treat or Log Dist Member of 
Household Has 
Started a Business 
Over Last 6 Months 
(Yes=1)

Treat or Log Dist

Log Price of Non-
Durables

Treat or Log Dist * 
Delivery

Treat or Log Dist * 
Delivery

Treat or Log Dist
Store Owner 
Sources Products 
Online (Yes=1)

Treat

Share of Expenditure 
at Terminal in Total 
Monthly Non-
Durables

Treat or Log Dist
Primary Earner 
Working as Peasant 
(Yes=1)

Treat or Log Dist

Log Price of 
Business Inputs

Treat

Treat or Log Dist * 
Delivery

Treat or Log Dist * 
Delivery

Treat * Delivery

Monthly Total Retail 
Expenditure Per 
Capita

Monthly Income 
Per Capita Net of 
Transfers in RMB

Household Has Ever 
Bought Something at 
Terminal (Yes=1)

Treat or Log Dist

Monthly Income 
Per Capita in RMB

Treat or Log Dist * 
Delivery

Household Has 
Bought Something at 
Terminal in Last 
Month (Yes=1)

Annual Income Per 
Capita in RMB

Treat or Log Dist * 
Delivery

Share of Expenditure 
at Terminal in Total 
Monthly Retail 
Expenditure

Treat or Log Dist
Member of 
Household Has 
Ever Sold Online 
(Yes=1)

Treat or Log Dist * 
Delivery

Effects on Consumption Effects on Incomes Effects on Retail Prices

Treat or Log Dist Treat or Log Dist Treat

Treat or Log Dist * 
Delivery

Log Prices (All)
Treat or Log Dist * 
Delivery

Treat * Delivery

Treat or Log Dist Product 
Replacement 
Dummy (Not 
Counting Store 
Closures) (Yes=1)

Treat

Treat or Log Dist * 
Delivery

Treat * Delivery

Treat or Log Dist Treat or Log Dist
Store Closure (at 
Product Level) 
(Yes=1)

Treat or Log Dist * 
Delivery

Treat

Treat * Delivery

Treat or Log Dist

Number of New 
Products Per Store

Treat

Treat or Log Dist * 
Delivery

Treat * Delivery

Treat * Delivery

Share of Expenditure 
at Terminal in Total 
Monthly Business 
Inputs

Treat or Log Dist
Share of Online 
Sales in Household 
Monthly Income

Treat or Log Dist * 
Delivery

Treat or Log Dist * 
Delivery

Treat

Treat * Delivery

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 10: Heterogeneity Across Households and Villages

Type of 
Heterogeneity

Intent to Treat
Treatment on 
the Treated

Log Dist       
(IV)

Intent to Treat
Treatment on 
the Treated

Log Distance   
(IV)

Intent to Treat
Treatment on 
the Treated

Dependent 
Variables: 

0.0450*** 0.0824*** -0.0238*** -12.55 -23.09 6.721 0.0188 0.0353
(0.0144) (0.0239) (0.00692) (72.18) (131.8) (38.29) (0.0142) (0.0258)

R-Squared 0.008 0.051 0.893 0.893
First Stage F-Stat 50.21 38.88 48.88 37.34 44.94
Number of Obs 3,518 3,518 3,518 3,445 3,445 3,445 6,881 6,881

0.0573*** 0.107*** -0.0323*** -14.99 -28.03 8.527 0.0112 0.0227
(0.0190) (0.0302) (0.00923) (77.55) (144.7) (43.89) (0.0144) (0.0289)

-0.0603** -0.112*** 0.0335*** 50.29 85.37 -22.45 0.0419 0.0538
(0.0251) (0.0404) (0.0113) (171.2) (290.4) (75.46) (0.0377) (0.0506)

R-Squared 0.016 0.040 0.893
First Stage F-Stat 21.09 14.73 20.82 14.26 16.73
Number of Obs 3,518 3,518 3,518 3,437 3,437 3,437 6,881 6,881

-0.00813 0.00858 -0.00750 101.7 161.9 -42.95 -0.0161 -0.0156
(0.0302) (0.0484) (0.0137) (167.8) (305.8) (88.01) (0.0398) (0.0663)
0.0323* 0.0449* -0.00993* -66.93 -105.8 27.66 0.0182 0.0249
(0.0177) (0.0239) (0.00588) (86.74) (147.4) (39.28) (0.0199) (0.0305)

R-Squared 0.014 0.041 0.893
First Stage F-Stat 8.971 8.185 8.498 7.480 10.56
Number of Obs 3,518 3,518 3,518 3,437 3,437 3,437 6,881 6,881

0.140*** 0.235*** -0.0672*** -136.4 -243.1 70.51
(0.0506) (0.0784) (0.0231) (172.5) (295.6) (84.30)

-0.00172** -0.00275** 0.000782** 2.561 4.622 -1.344
(0.000774) (0.00126) (0.000372) (2.734) (4.868) (1.408)

R-Squared 0.023 0.049
First Stage F-Stat 19.91 15.50 20.05 15.53
Number of Obs 3,304 3,304 3,304 3,292 3,292 3,292

0.0407* 0.0892** -0.0266** 52.80 109.3 -33.61
(0.0206) (0.0374) (0.0116) (83.52) (175.6) (54.10)
0.00161 0.000634 -6.89e-05 -8.666 -16.73 5.084

(0.00267) (0.00473) (0.00142) (12.14) (22.50) (6.817)
R-Squared 0.014 0.063
First Stage F-Stat 11.77 10.40 12.13 10.56
Number of Obs 3,296 3,296 3,296 3,284 3,284 3,284

0.00806 0.0183 -0.00502 35.86 56.06 -16.79
(0.0213) (0.0347) (0.00999) (96.83) (154.2) (45.68)

0.00712** 0.0126** -0.00372** -9.204 -15.46 4.573
(0.00326) (0.00541) (0.00163) (21.22) (35.33) (10.41)

R-Squared 0.011 0.355
First Stage F-Stat 23.94 17.72 23.47 17.39
Number of Obs 3,416 3,416 3,416 3,437 3,437 3,437

0.148** 0.283** -0.0739** 205.3 426.9 -129.9
(0.0580) (0.115) (0.0345) (336.8) (675.0) (199.4)
-0.0190* -0.0372* 0.00938 -40.31 -84.08 25.91
(0.00961) (0.0202) (0.00642) (59.32) (121.9) (37.02)

R-Squared 0.012 0.039
First Stage F-Stat 11.11 8.177 12.47 10.31
Number of Obs 3,518 3,518 3,518 3,437 3,437 3,437

0.156* 0.333** -0.0970** 139.4 257.8 -73.06 -0.0397 -0.0443
(0.0817) (0.149) (0.0482) (335.4) (622.6) (187.8) (0.0386) (0.0634)
-0.0348 -0.0919 0.0333** 106.6 211.9 -57.86 0.0381 0.0457
(0.0296) (0.0565) (0.0156) (137.8) (277.7) (72.96) (0.0380) (0.0566)
0.0380* 0.0618** -0.0144* -34.52 -69.69 17.35 0.0279 0.0356
(0.0192) (0.0294) (0.00740) (62.77) (128.8) (34.15) (0.0186) (0.0281)

-0.00180** -0.00330*** 0.000957** 0.869 1.713 -0.497
(0.000777) (0.00127) (0.000394) (2.556) (4.676) (1.367)
0.000263 -0.00243 0.000776 -2.887 -3.970 1.308
(0.00268) (0.00473) (0.00145) (10.41) (20.38) (6.203)

0.00931*** 0.0182*** -0.00558*** -12.39 -22.71 6.742
(0.00344) (0.00556) (0.00178) (22.40) (38.65) (11.54)
-0.0241** -0.0477** 0.0129* -13.95 -26.98 8.240
(0.0104) (0.0219) (0.00767) (41.51) (88.22) (27.28)

R-Squared 0.051 0.353 0.893
First Stage F-Stat 1.801 2.306 1.457 2.073 9.362
Number of Obs 3,261 3,261 3,261 3,282 3,282 3,282 6,881 6,881

Village 
Distance to 
Township 
Center

Treat or Log Dist

Treat or Log Dist * 
Log Dist Planned 

Treat or Log Dist * 
Log Income PC

Log Local Retail Prices
Household Has Ever Bought Something at 

Terminal (Yes=1)

Village Was 
Previously 
Connected to 
Parcel Delivery 
(Yes=1)

Treat or Log Dist

Treat or Log Dist * 
Delivery

Average Effect

Treat or Log Dist

Monthly Income Per Capita (RMB)

Combined

Treat or Log Dist

Treat or Log Dist * 
Log Dist Township
Treat or Log Dist * 
Age
Treat or Log Dist * 
Years of Education

Treat or Log Dist * 
Log Dist Planned 

Treat or Log Dist * 
Delivery

Primary 
Earner's Age

Treat or Log Dist

Treat or Log Dist * 
Age

Treat or Log Dist

Treat or Log Dist * 
Years of Education

Household 
Income Per 
Capita

Treat or Log Dist

Treat or Log Dist * 
Log Income PC

Primary 
Earner's 
Educaction

Household 
Distance to 
Planned 
Terminal

Treat or Log Dist

Treat or Log Dist * 
Log Dist Planned 

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 11: How Do the E-Commerce Terminals Compare?

Number Obs 255 Number Obs 3,508

Sample Mean -0.166 Sample Mean 11.85

Sample Median -0.154 Sample Median 4

Number Obs 95 Number Obs 2,766

Sample Mean 58.14

Sample Median 40

Number Obs 238 Number Obs 2,366

Sample Mean -0.227 Sample Mean 20.71

Sample Median -0.182 Sample Median 10.23

Number Obs 197 Number Obs 2,773

Travel Distance to Main 

Shopping Destination 

Outside Village and Back 

(Km)

Household Living in 

Village Without Any 

Durables on Sale (Yes=1)

Log Price Difference 

between Terminal and 

Nearby Town Retail

Could You Have 

Purchased This Product in 

Your Village? (Yes=1)

Log Price Difference 

between Terminal and 

Village Retail

Could You Have 

Purchased This Product in 

the Nearby Town? (Yes=1)

Sample Fraction 0.380 Sample Fraction 0.547

0.836Sample Fraction

Travel Cost to Main 

Shopping Destination 

Outside Village (RMB)

Travel Time to Main 

Shopping Destination 

Outside Village and Back 

(Minutes)

Notes: See Section 4 for discussion.

Table 12: Role of Program Implementation

Type of Heterogeneity Intent to Treat
Treatment on the 

Treated
Log Distance      

(IV Using Treat)

0.0480*** 0.0878*** -0.0254***
(0.0169) (0.0277) (0.00801)

R-Squared 0.008
First Stage F-Stat 50.21 38.88
Number of Obs 3,518 3,518 3,518

0.110 0.0995 -0.0241
(0.123) (0.161) (0.0483)

-0.000844 -0.000426 6.76e-05
(0.00139) (0.00190) (0.000573)

R-Squared 0.006
First Stage F-Stat 12.83 8.184
Number of Obs 3,042 3,042 3,042

0.0365 0.0630* -0.0171*
(0.0243) (0.0356) (0.00941)
0.00201 -0.000162 -0.00243
(0.0294) (0.0449) (0.0126)

R-Squared 0.006
First Stage F-Stat 11.73 9.501
Number of Obs 3,042 3,042 3,042

0.0364 0.0621* -0.0176**
(0.0220) (0.0327) (0.00880)
0.0163 0.0418 -0.0132

(0.0285) (0.0487) (0.0147)
R-Squared 0.011
First Stage F-Stat 15.26 10.98
Number of Obs 3,518 3,518 3,518

Dependent Variable: Household Has Ever Bought Something at Terminal (Yes=1)

Treat or Log Dist

Treat or Log Dist * Delay DummyTerminal Installation 
Delayed

Average Effects

Treat or Log Dist

Terminal Manager Test 
Score Above the Median

Treat or Log Dist

Treat or Log Dist * Above Median

Treat or Log Dist

Treat or Log Dist * ScoreTerminal Manager Test 
Score

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 13: Role of GE Spillovers

Dependent 
Variables

Treatment on Treated 
without Spillovers

ToT with Spillovers:   
Number of Terminals 

within 3 km Outside of 
Village

ToT with Spillovers:   
Number of Terminals 
within 10 km Outside 

of Village
-14.41 -5.345 -30.91
(129.3) (138.8) (123.7)

-145.5 -1.239
(186.3) (27.24)

-33.85** -12.55***
(16.03) (3.863)

First Stage F-Stat 49.08 51.42 45.50
Number of Obs 3,437 3,437 3,437

-0.0128 -0.0137 -0.0155
(0.0104) (0.0102) (0.0102)

-0.000899 -0.00330
(0.0102) (0.00211)

-0.00346*** -0.000257
(0.00107) (0.000372)

First Stage F-Stat 49.44 51.89 45.93
Number of Obs 3,504 3,504 3,504

0.0878*** 0.0774*** 0.0848***
(0.0277) (0.0271) (0.0272)

0.0650** -0.00651
(0.0312) (0.00596)
-0.00380 0.00165
(0.00545) (0.00121)

First Stage F-Stat 50.21 52.82 46.42
Number of Obs 3,518 3,518 3,518

0.0123*** 0.00991** 0.0116***
(0.00429) (0.00396) (0.00420)

0.0158* -0.00156
(0.00835) (0.000965)
-0.000666 0.000439*
(0.000522) (0.000230)

First Stage F-Stat 48.96 51.65 45.54
Number of Obs 3,434 3,434 3,434

0.0353 0.0341 0.0405
(0.0258) (0.0253) (0.0253)

0.00177 0.00633
(0.0315) (0.00564)
-0.00247 -0.00148
(0.00304) (0.000971)

First Stage F-Stat 44.94 47.98 42.22
Number of Obs 6,881 6,881 6,881

Monthly 
Income Per 
Capita (RMB)

Treat Dummy

Exposure to Terminals 
Outside the Village
Exposure to Other 
Villages

Any Member 
of Household 
Has Ever Sold 
Online 
(Yes=1)

Treat Dummy

Exposure to Terminals 
Outside the Village
Exposure to Other 
Villages

Log Local 
Retail Prices 
(All Prices)

Treat Dummy

Exposure to Terminals 
Outside the Village
Exposure to Other 
Villages

Household 
Has Ever 
Bought 
Something at 
Terminal 
(Yes=1)

Treat Dummy

Exposure to Terminals 
Outside the Village
Exposure to Other 
Villages

Share of 
Terminal in 
Total Retail 
Expenditure

Treat Dummy

Exposure to Terminals 
Outside the Village
Exposure to Other 
Villages

Notes: See Section 4 for discussion. Standard errors are clustered at the level of villages. * 10%, ** 5%, *** 1% significance levels.
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Table 14: Are Sample Villages Representative?

[To be cleared.]
Notes: See Section 5 for discussion. Standard errors are clustered at the level of village terminals. * 10%, ** 5%, *** 1% significance levels.
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Table 15: Did Endline Take Place During Bad Months?

[To be cleared.]
Notes:

See Section 5 for discussion. Standard errors are clustered at the level of village terminals. * 10%, ** 5%, *** 1% significance levels.
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Figure 1: Timeline of Adjustment: Consumption (Terminal-Level)

[To be cleared.]
Notes: See Section 5 for discussion. Standard errors are clustered at the level of village terminals. * 10%, ** 5%, *** 1% significance levels.
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Figure 2: Timeline of Adjustment: Consumption (User-Level)

[To be cleared.]
Notes: See Section 5 for discussion. Standard errors are clustered at the level of village terminals. * 10%, ** 5%, *** 1% significance levels.
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Figure 3: Timeline of Adjustment: Selling

[To be cleared.]
Notes: See Section 5 for discussion. Standard errors are clustered at the level of village terminals. * 10%, ** 5%, *** 1% significance levels.
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Table 16: Average Effects On Household Economic Welfare

Durables 
Consumption

Non-Durables 
Consumption

Total Retail 
Consumption

Durables 
Consumption

Non-Durables 
Consumption

Total Retail 
Consumption

3.554% 0.503% 0.864% 3.245% 0.44% 0.772%
(0.031) (0.004) (0.005) (0.033) (0.003) (0.005)

22.785% 4.047% 6.107% 19.013% 3.57% 5.286%
(0.278) (0.033) (0.041) (0.26) (0.026) (0.036)

72.556% 8.898% 13.759% 51.424% 8.109% 11.875%
(4.523) (0.077) (0.181) (2.944) (0.065) (0.132)

Reduction in Retail Cost of 
Living for All Households

Reduction in Retail Cost of 
Living Among Users

Reduction in Retail Cost of 
Living Among Users Last Month

Unweighted (Effects in Sample) Weighted (Effects in Village Population)

Notes: See Section 6 for discussion. Standard errors are bootstrapped across 1000 iterations with random re-sampling.
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Figure 4: Heterogeneity of Welfare Effect
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Notes: See Section 6 for discussion. Gains are expressed in terms of percentage point reductions of retail cost of living.
Confidence intervals are based on standard errors that are clustered at the level of villages.
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Table 17: Quantification Under Alternative Demand Parameters

Durables 
Consumption

Non-Durables 
Consumption

Total Retail 
Consumption

Durables 
Consumption

Non-Durables 
Consumption

Total Retail 
Consumption

Durables 
Consumption

Non-Durables 
Consumption

Total Retail 
Consumption

5.531% 0.773% 1.331% 3.554% 0.503% 0.864% 2.618% 0.373% 0.639%
(0.049) (0.006) (0.008) (0.031) (0.004) (0.005) (0.023) (0.003) (0.004)

37.483% 6.282% 9.546% 22.785% 4.047% 6.107% 16.354% 2.985% 4.489%
(0.487) (0.051) (0.065) (0.278) (0.033) (0.041) (0.194) (0.024) (0.03)

177.553% 14% 22.041% 72.556% 8.898% 13.759% 45.608% 6.52% 9.999%
(18.005) (0.124) (0.313) (4.523) (0.077) (0.181) (2.209) (0.056) (0.127)

σ_D = 4.87, σ_N = 4.85σ_D = 2.87, σ_N = 2.85 σ_D = 3.87, σ_N = 3.85

Reduction in Retail Cost of 
Living for All Households

Reduction in Retail Cost of 
Living Among Users

Reduction in Retail Cost of 
Living Among Users Last 
Month

Notes: See Section 6 for discussion. Standard errors are bootstrapped across 1000 iterations with random re-sampling.
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9 Appendix

Additional Figures and Tables
[Work in progress.]

Theoretical Framework for Welfare Evaluation
Following recent work in international trade (Atkin et al., in press), we propose a three-tier

demand system. In the upper tier there are Cobb-Douglas preferences over broad product groups
g ∈ G (durables and non-durables) in total consumption, in the middle tier there are asymmetric
CES preferences over local retailers selling that product group s ∈ S (e.g. local stores, market
stalls or the e-commerce terminal), and in the final tier there are preferences over the individual
products within the product groups b ∈ Bg that we can leave unspecified for now:

Uh = ∏
g∈G

[
Qgh

]αgh (A.1)

Qgh = ( ∑
s∈Sg

βgshq
σg−1

σg
gsh )

σg
σg−1 (A.2)

where αgh and βgsh are (potentially household- or income-group-specific) preference parameters
that are fixed across periods. Qgh and qgsh are product-group and store-product-group consump-
tion aggregates with associated price indices Pgh and rgsh respectively, and σg is the elasticity of
substitution across local retail outlets. For each broad product group, consumers choose how
much they are going to spend at different retail outlets based on the store-level price index rgsh
(which itself depends on the product mix and product-level prices on offer across outlets).

While the demand system is homothetic, we capture potential heterogeneity across the in-
come distribution by allowing households of different incomes to differ in their expenditure
shares across product groups (αgh) and their preferences for consumption bundles at different
stores within those product groups (βgsh and the preference parameters that generate qgsh). As
shown by Anderson et al. (1992), these preferences can generate the same demands as would be
obtained from aggregating many consumers who make discrete choices over which store to shop
in. Building on Feenstra (1994), the following expression provides the exact proportional cost of
living effect under this demand system:

CLE
e(P0∗

T , P0
C, P0∗

E , P0
X, u0

h)
=

e(P1
T, P1

C, P1
E, P1∗

X , u0
h)

e(P0∗
T , P0

C, P0∗
E , P0

X, u0
h)
− 1=∏

g∈G

(
∑s∈SC

g
φ1

gsh

∑s∈SC
g

φ0
gsh

)
1

σg−1 ∏
s∈SC

g

(
r1

gsh

r0
gsh

)ωgsh

αgh

− 1(A.3)

where SC
g denotes the set of continuing local retailers within product group g, φt

gsh =

rt
gshqt

gsh/ ∑s∈Sg
rt

gshqt
gsh is the expenditure share for a particular retailer of product group g, and

the ωgshs are ideal log-change weights.1

For each product group g, the expression has two components. The ∏s∈SC
g
(

r1
gsh

r0
gsh
)ωgsh term is

a Sato-Vartia (i.e. CES) price-index for price changes in continuing local stores that forms the
pro-competitive price effect.2 The price terms rt

gsh are themselves price indices of product-specific
prices pt

gsb within local continuing stores which, in principle, could also account for new product

1In particular, ωgsh =

(
φ̃1

gsh−φ̃0
gsh

ln φ̃1
gsh−ln φ̃0

gsh

)
/ ∑s∈SC

g

(
φ̃1

gsh−φ̃0
gsh

ln φ̃1
gsh−ln φ̃0

gsh

)
, which in turn contain expenditure shares of

different retailers within product groups where the shares consider only expenditure at continuing retailers
φ̃t

gsh = rt
gshqt

gsh/ ∑s∈SC
g

rt
gshqt

gsh.
2Notice that the assumption of CES preferences does not imply the absence of pro-competitive effects as we do

not impose additional assumptions about market structure (e.g. monopolistic competition).
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varieties or exiting product varieties using the same methodology. While we name these price
changes pro-competitive, they may derive from either reductions in markups or increases in
productivity at local stores (distinctions that do not matter on the cost-of-living side, but would
generate different magnitudes of profit and income effects that we capture on the nominal
income side).

The (
∑s∈SC

g
φ1

gsh

∑s∈SC
g

φ0
gsh
)

1
ηgh−1 term captures the gains to customers of the e-commerce terminal in the

numerator, from both the direct price index effect and the entry effect, and local store exit in the
denominator, i.e. the exit effect. As in expression (2) of Section 3, we can decompose the total cost
of living effect in equation (A.3) into four different types of effective consumer price changes by
adding and subtracting terms.

For expositional purposes, consider the simple case where the program’s only effect on cost
of living is driven by the direct price index effect. In that case, the expenditure share spent
on continuing local retailers (∑s∈SC

g
φ1

gsh) is lower than unity only due substitution to the new
e-commerce terminal (abstracting from a potential effect on store entry). The gains from the
program as a proportion of initial household spending are then:

DE
e(P0∗

T , P0
C, P0∗

E , P0
X, u0

h)
= ∏

g∈G

( ∑
s∈SC

g

φ1
gsh)

1
σg−1

αgh

− 1 (A.4)

The welfare gain from a new shopping option is a function of the market share of that outlet
post-entry and the elasticity of substitution across stores. The revealed preference nature of
this approach is clear. If consumers greatly value the arrival of the new option—be it because
it offers low prices p1

gsb, more product variety that reduces r1
gsh or better amenities βgsh—the

market share is higher and the welfare gain greater. Hence, these market share changes capture
all the potential consumer benefits of shopping through the e-commerce terminal. How much
greater depends on the elasticity of substitution. Large terminal market shares will imply small
welfare changes if consumers substitute between local shopping options very elastically, and
large welfare changes if they are inelastic. A similar logic would apply to effects on the entry
of local retailers, or on the exit of local stores (where a large period 0 market share means large
welfare losses, again tempered by the elasticity of substitution).
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