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The effect of Internet distribution
on brick-and-mortar sales
Andrea Pozzi∗

I examine the introduction of an online shopping service by a large supermarket chain also
operating a network of brick-and-mortar stores. The establishment of the Internet channel led to
a 13 percent increase in overall revenues, with limited cannibalization of traditional sales. I study
the mechanisms underlying this result, focusing on two areas. First, I demonstrate the importance
of the reduction of customers’ travel costs in the attraction of new business. Second, I provide
some evidence that revenues increase more in markets where the chain faces more competitors,
suggesting that the online channel can help divert business from rival supermarkets.

1. Introduction


The early age of electronic commerce is associated to the names of retailers that sold only
or mainly online, like Amazon, Dell, and Webvan. However, after some dithering, many brickand-mortar retail chains, especially large, big box ones, have heavily invested in the technology,
creating online divisions alongside their network of physical outlets. Today, “hybrid” retailers—
those selling both online and through traditional stores—hold significant shares of the online
market in several sectors, from books to electronics to apparel. The strength of this trend suggests
that leading chain stores see upsides from selling online, but there is so far little empirical evidence
of the nature of the gains achieved, their magnitude, or how they materialize.
This study focuses on a particular motive driving a traditional retailer’s choice of entering
the online market: market share expansion. Big box retailers tend to locate in suburban and less
densely populated areas which makes it harder for them to compete for customers with higher
transportation costs like urban (Gautier and Zenou, 2010) or lower income ones (Chiou, 2009).
Selling online can prove a successful strategy to overcome the location disadvantage and foster
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sales. In fact, the Internet breaks the link between shoppers’ distance from a store and their
convenience of buying there, thereby allowing big retailers to leverage their better prices and
wider product availability on a group of customers they were previously less likely to attract.
However, although the new channel can capture extra revenues, it also exposes the firm to the
risk of crowding out its own brick-and-mortar sales. For instance, Gentzkow (2007) documents
that the introduction of a digital version of the Washington Post reduced the number of readers of
the print edition. In fact, opening an Internet distribution channel involves a similar trade-off to
that faced by a multiproduct firm considering whether to introduce a new product (Shaked and
Sutton, 1990) or by a chain opening a new store (Holmes, 2011; Nishida, 2012).
I contribute new evidence on the effect of online distribution on a retailer’s traditional sales
by describing the case of a large supermarket chain (henceforth, the Retailer) which added an
e-commerce service to its network of brick-and-mortar stores. Although the analysis relies on
data from a single firm, there is no reason to believe that the mechanisms driving the result are
idiosyncratic to this particular application. The effects I document are likely to be experienced
by other companies when expanding their retail offer to the online channel.
The supermarket industry is an ideal setting for the study. First, revenue expansion is likely
to be the chief reason leading a supermarket chain to sell online. The perishability of the goods
and the time-sensitive nature of the delivery do not allow the chain to centralize operations over
large geographical areas. This suggests that e-commerce cannot deliver huge efficiency gains on
the cost side in this industry. Second, as grocery shopping is a frequent activity, transportation
costs are particularly salient: most customers are unwilling to travel far to buy their groceries.1
Therefore, selling online can significantly enhance the appeal of a grocer to households who do
not live near to its stores.
I provide two complementary pieces of evidence on the effect of the implementation of
online distribution on revenues. I start by examining household behavior and investigate whether
the introduction of Internet shopping leads customers to spend more at the Retailer. Next, I use
aggregated data on store sales to look directly at how this reflects on revenues of the chain.
The first exercise exploits scanner data on grocery purchases for a large panel of households
who shopped both online and in-store at the chain. The household data are unique in that
they separately report expenditure on both shopping channels for each customer. Unlike most
studies comparing online and traditional shopping,2 I have direct information on involvement in
e-commerce at the individual level. Moreover, because online and in-store purchases occur at the
same company, differences in behavior across channel cannot be due to heterogeneity in quality
or reputation between online and traditional retailers. Even prices do not represent a confounding
factor in this setting as the Retailer commits to offering the same prices and promotions online
and in traditional stores.
I use these data to quantify the fraction of a household’s online shopping that represents
additional revenue for the chain, as opposed to simple substitution for purchases in brick-andmortar stores. The detailed information available allows for a simple approach: I regress a
household total (online and in-store) monthly expenditure in grocery at the Retailer on its monthly
expenditure in online grocery at the same chain. If the two are uncorrelated, this suggests
that purchases made online are offset by transactions that are no longer taking place in stores.
Conversely, if online and total expenditure in grocery co-vary perfectly, the online service is only
bringing in additional sales.
I find that the chain is mostly accruing new sales from the Internet channel. For each dollar
spent online, only 45 cents represent crowded out in-store expenditure. Moreover, I observe that
1
Ellickson and Grieco (2013) find that the catchment area of a Wal-Mart supercenter for grocery goods has only
a two-mile radius. Orhun (2013) shows that the density of population living more than two miles away from the location
of a store has no impact on its profits.
2
Traditional measures of engagement in online activity have been based on proxies (Brown and Goolsbee, 2002) or
surveys (Goolsbee, 2000; Gentzkow, 2007) and contained no information on the amount spent online. Ellison and Ellison
(2009) uses data on actual online purchases but no information on transactions at traditional outlets.
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the crowding out is lower for households living further away from stores of the chain, consistent
with the idea that the online service is enhancing the appeal of the Retailer to customers who
would otherwise be unlikely to shop there because of the high travel costs. The share of new
business is also higher for customers located closer to competing supermarket stores, suggesting
that the online service allows the Retailer to break into markets where customers were before
captive to rival chains.
These findings can be questioned as the choice of the shopping channel may not be exogenous
to food consumption. For example, because all online orders are home delivered, Internet shopping
is particularly attractive when customers need to make large grocery purchases, which they would
find inconvenient to carry around themselves. However, the ordinary least squares (OLS) estimates
are confirmed even after I address the endogeneity of online expenditure with an instrumental
variables approach. I employ two instruments: first, I exploit the fact that the Retailer introduced
the online service at different times in different markets, therefore generating variation in the
availability of online shopping. In addition, I take advantage of variation in the fee charged for
accessing the e-commerce service generated by the distribution of discount coupons.
The evidence emerging from the analysis of customer behavior implies that the online channel
delivers monetary gains for the chain. To confirm this conclusion, I use sales data aggregated at
the store level and look directly at the effect of introducing the online service on the revenues
of the grocer. Online orders are fulfilled using inventories from local stores; therefore, Internet
sales appear as revenues of the store that provided the merchandise. I compare sales of a store
before and after online grocery was introduced in the zip code where it is located. Consistently
with what emerged from the household-level data, I observe that the revenues of the average store
experience a 13 percent increase after introduction of the Internet service.
Finally, I explore how this result changes with market structure by interacting the indicator
for e-commerce availability with a set of dummies for the number of competitors in the store’s
market. The results of this exercise are not conclusive but tend to suggest that the increase in
revenues is larger in markets where the Retailer faces more competitors. This is what we would
expect if Internet sales came, at least in part, from poaching customers from other supermarkets.
I find evidence that the benefit from offering e-commerce also varies depending on whether other
competing grocers offer an Internet service in the same area. In markets where rival firms are also
operating some form of online distribution, the jump in sales from the introduction of the service
is half that experienced in areas where the Retailer has the monopoly in the Internet segment.
This article contributes to a rich literature assessing how the provision of goods and services
by traditional firms is affected by the development of Internet-based alternatives (Goolsbee, 2001;
Prince, 2007; Seamans and Zhu, 2011; Lieber and Syverson, 2012; Kroft and Pope, forthcoming).
However, only a limited number of contributions (Deleersnyder et al., 2002; Gentzkow, 2007)
present empirical evidence on the impact of the decision to add Internet commerce to traditional
distribution from a firm’s perspective. In pointing to the role of online shopping in lifting the
constraints of geographical location as one force behind the results, I link this study to an
established literature on the impact of e-commerce on spatial differentiation (Sinai and Waldfogel,
2004; Chiou, 2009; Forman, Ghose, and Goldfarb, 2009).
The rest of the article is organized as follows. In Section 2, I provide background on the
Internet grocery business and present the data. In Section 3, I use information on household
purchases to estimate the amount of new business and crowding out generated by the online
channel. Section 4 presents the effect of the introduction of online shopping on store revenues.
Section 5 concludes.

2. Environment and data description


The Retailer operates over 1500 brick-and-mortar stores across the US and sells online
through the company’s website. The Internet service is organized according to the “in-store
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picking” model.3 Therefore, variety available and other measures of quality (e.g., stockout
probability) are comparable across shopping channels. Furthermore, the chain commits to
offering the same prices and promotions in-store and online,4 which ensures that differences in
revenues over the two channels are not due to different pricing policies.
The online service is offered in selected zip codes and expanded gradually after starting in
2001. Since then, every month has seen the addition of at least one new zip code to the list of
those reached by the service. The Retailer tends to enter the online market in several zip codes
at once with large new deployments in spring (March and April) and late summer (August and
September). At the end of the first quarter of 2007, online grocery shopping was available in over
1600 zip codes; in roughly 70 percent of them the Retailer is the only grocer offering Internet
shopping. As the chain sells online in a subset of the markets it entered with brick-and-mortar
stores, the Internet business necessarily represents a small fraction of overall revenues. However,
the size of the online segment is not negligible in markets where the web service is available:
9 percent of the trips and 25 percent of the revenues in my sample are generated online.
To shop online, customers must register, providing an address, a phone number, and their
loyalty card number.5 The loyalty card number identifies the household in the data and allows for
matching its online and in-store purchases. Upon registration the customer can immediately start
shopping, browsing a website structured like a virtual supermarket with goods nested in links
directing to different aisles (e.g., cold cereal, canned fruit, etc.). Online orders must be worth at
least $50 to be processed and payment occurs at checkout by credit or debit card. Home delivery
is available every day of the week and the customer can choose the delivery time. The delivery
fee is set at $9.95, but the Retailer frequently issues coupons offering discounts. The fee is also
waived or reduced for large orders.
The Retailer provided scanner data relative to all the shopping trips, online and in-store,
made at the chain between June 2004 and June 2006 by a sample of almost 10,000 households.
Households are in the sample if they shopped at least once in a supermarket store and at least
once on the Internet in the period. The data report date, shopping channel, and store of choice (for
brick-and-mortar trips) for each of the household’s trips as well as the list of goods purchased,
as defined by their Universal Product Classification Code (UPC), quantity purchased, price paid,
and promotional discounts. Over the two years, I observe 1,492,166 trips, including over 100,000
online orders. The average monthly expenditure at the chain of the average household in the
sample is $426.15. If we assume the yearly expenditure in grocery of an average family of four
to be ten thousand dollars,6 I can conjecture that the Retailer accounts for more than half of the
grocery need of the typical household in the data, given that the average household size in my
sample is 2.5.
The average household in the sample visits a brick-and-mortar store of the chain twice per
week and only shops online every six weeks (Table 1).7 However, online trips are on average
much larger than in-store ones. The existence of the $50 minimum order requirement for online orders explains this difference. If I condition on large trips (e.g., worth more than $100)
where such requirement is less likely to bind, the average trip online and in-store are worth
roughly the same. The existence of a delivery fee also contributes to explain the large size (both

3
In-store picking requires that online demand in a given area is fulfilled exploiting inventory of local brick-andmortar stores, rather than stocks in dedicated warehouses.
4
Stores are grouped into price areas by geographic proximity. Online prices match those of the store which supplies
the goods to fulfill the order.
5
Customer who do not have a loyalty card can apply for one while registering for the online service.
6
$10,692 is the figure mentioned in “Guerrilla grocery shopping,” Consumer Reports, January 2010. Last
retrieved on January 23, 2011 at www.consumerreports.org/cro/shopping/2010/january/guerrilla-grocery-shopping/
overview/guerrilla-grocery-shopping-ov.htm.
7
Summary statistics in Table 1 understate the importance of online shopping. Although all the households in the
sample eventually become e-shoppers, not all of them have adopted the technology at the very beginning of the period.
The service is not even available in all the zip codes at that time.
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Household Shopping Behavior, By Channel of Purchase
Percentiles
Mean

Standard Deviation

10th

25th

50th

75th

90th

Panel A: All Trips (n = 1,492,166)
Monthly expenditure
426.15
Trips per month
7.61
Expenditure per trip
56.01
Basket size
19.14
Total trips
160.05

335.38
6.94
68.17
24.47
143.53

79.33
2
4.46
1
32

182.99
3
10.97
3
66

358.75
6
29.79
9
125

589.72
10
76.9
27
212

845.24
15
148.32
53
320

Panel B: In-Store Trips (n = 1,372,180)
Monthly expenditure
326.73
Trips per month
7
Expenditure per trip
46.71
Basket size
15.52
Total trips
147.18

302.98
7.02
58.39
20
144.4

25.52
1
4.08
1
20

99.95
2
9.99
3
52

250.48
5
25.82
7
110

472.78
9
60.22
21
199

722.69
15
120.26
43
309

Panel C: Online Trips (n = 119,986)
Monthly expenditure
99.42
Trips per month
.61
Expenditure per trip
162.52
Basket size
60.49
Total trips
12.87

200.7
1.08
80.38
31.8
17.33

0
0
80.47
29
1

0
0
108.34
40
3

0
0
149.27
55
7

143.13
1
194.19
74
16

337.57
2
257.81
97
32

0.37
0.53

0.64
0.86

1.08
1.44

1.70
2.47

2.56
4.45

Panel D: Distance to Closest Supermarket Stores (n = 9,323)
Distance to Retailer’s store
1.43
2.01
Distance to competitors’ store
2.55
5.27

Notes: Total and per trip expenditures are expressed in 2006 dollars. Figures for expenditure per trip and basket size are
averages of households averages (i.e., the average expenditure per trip of the average household). Basket size is defined
as the number of items (UPCs) purchased in a shopping trip. Distance from the closest supermarket store of the Retailer
and from the closest competitor is computed in miles using data provided by the Retailer (for the former) and geodesic
coordinates from References USA (for the latter). The sample includes the over 9000 households who shopped at least
once online and at least once in-store at the grocery chain between June 2004 and June 2006.

in expenditure and basket size) of online trips: households pay a fixed cost to receive home
delivery, with no cost for adding items.
I also have information on the Retailer’s revenues thanks to a weekly panel detailing sales
by UPC for a sample of 118 stores between January 2004 and December 2006. The stores were
drawn to ensure representativeness of the different price areas and the online service is introduced
in each of these markets, though at different points in time. For each store UPC-week triplet, the
data record the quantity sold and the revenue, both gross and net, of promotional discounts.

3. Household level analysis


In this section, I document the change in the households’ expenditure pattern triggered by the
introduction of e-commerce. The goal is to determine to what extent online shopping displaces
brick-and-mortar purchases at the Retailer’s stores and in which measure it instead captures
expenditure at other retailers or consumption alternative to grocery (e.g., dining at restaurants).
The former determines the fraction of a customer’s online purchases that are simply crowding out
in-store business; the latter singles out the share of online sales which represent new business for
the chain.
I regress the total amount (online and in-store) spent on grocery at the chain by a household
in a month on its online expenditure, effectively computing the correlation between total and
online expenditure at the Retailer. If sales online are new business for the Retailer, months with
higher Internet expenditure should be reflected into higher total expenditure at the chain. If instead
the crowding out were perfect, each dollar spent online would be offset by a reduction in the
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TABLE 2

The Effect of Introducing Internet Shopping on Households’ Consumption at the Retailer

Online expenditure

(1)
OLS

(2)
OLS

(3)
IV

(4)
OLS

(5)
OLS

0.665∗∗∗
(0.012)

0.750∗∗∗
(0.024)
− 0.008∗
(0.005)
0.042∗∗∗
(0.011)

0.553∗∗∗
(0.028)

0.620∗∗∗
(0.010)

0.683∗∗∗
(0.011)

Yes
167,590
0.22
7,789

0.159∗∗∗
(0.009)
Yes
180,725
0.25
9,194

Yes
239,167
0.31
11,629

Online expenditure∗
distance from competitors
Online expenditure∗
distance from Retailer
Lagged total expenditure
Household f.e.
Observations
R-squared
Number of hhid

Yes
196,148
0.29
9,323

No
172,113
0.26
7,789

Notes: This table reports estimates of the composition of online expenditure for customers of the Retailer. The model estimated is the one in equation (1): the coefficient on online expenditure (βin equation (1)) represents incremental revenues
and (1 − β) gives an estimate of crowding out. The unit of observation is a household-month; standard errors (in parenthesis) are clustered at the household level. In column 2, I include demographic variables from the Census 2000 matched using
the block group of residence of the household. Variables included are: share of males, share of Blacks, share of Hispanics,
share of people aged 25-34, 35-44, 45-54, 55-64, and over 65, share of families, share of college graduates, share of employed, median household income, and share of commuters for 60 minutes or longer. I also include the distance in miles
between the household residence and the closest store of the chain and the distance in miles between the household
residence and closest store of a competitor. The former is computed using data provided by the Retailer, the latter using
geodesic coordinates from References USA. These coefficients are not reported for reasons of brevity, but full results are
available upon request. The instruments used in column 3 are a dummy for availability of the service in the zip code of
residence of the household and an indicator variable signaling the availability of a coupon for a household in a particular
month. In column 5, I consider only expenditure in perishable and nonstorable items. All monetary amounts are expressed
in 2006 dollars. Significance levels: ∗ 10%, ∗∗ 5%, ∗∗∗ 1%.

in-store expenditure by the household and the overall amount spent would be flat across months
with different intensities of online shopping.
Exploiting cross-sectional identification is undesirable in this context because correlation
between online and total expenditure in grocery could be driven by unobserved heterogeneity
among households. For example, wealthier households are likely to shop for higher amounts
both in-store and online, causing an upward bias to the measured correlation. I therefore include
household fixed effects and identify the correlation exclusively based on within-household variation. To account for seasonal patterns and aggregate shocks to demand for grocery, a full set of
year-month fixed effects is also included.
I report results from the following regression
Total Expenditureit = αi + τt + βOnline Expenditureit + εit ,

(1)

where αi and τt are household and time fixed effects. Total expenditure and Online expenditure
are expressed in 2006 dollars and computed net of promotional discounts. Online expenditure
is also net of the fee paid for home delivery. As sales are expressed in levels, this specification
delivers an easy interpretation in terms of cannibalization and incremental business rates. Out
of each dollar a household spends on the online channel, β dollars are new business for the
chain; whereas (1 − β) dollars represents purchases that the household would have made at the
Retailer’s brick-and-mortar stores and quantify crowding out.
The baseline estimates in column 1 of Table 2 indicate that crowding out is modest. For
every dollar spent online, 67 cents represent fresh business for the chain and only the residual
33 cents are displaced from its brick-and-mortar sales.8 This finding is robust both to moving
8
Not surprisingly, this figure is larger than the self-cannibalization induced by new stores opening whose estimates
range between 13 percent (Nishida, 2012) and 25 percent (Schiraldi, Seiler, and Smith, 2011).
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the unit of observation from a household to all the households living in a same zip code and to
looking at longer time horizons.
This result prompts two questions. The first one relates the mechanism that associates the
addition of an Internet distribution channel with the gain of new business; the second one concerns
the sources of the incremental sales. On the first issue, I have emphasized the role of e-commerce
in reducing transportation costs for shoppers. After the introduction of the website, customers
located far away from the Retailer’s stores face a lower cost of shopping there and can do so more
often than they would have otherwise. The household level data provide a direct way to test whether
this mechanism plays a role by looking at how the share of new business captured on the Internet
varies depending on the location of the shopper. In column 2, I interact online expenditure with
the distance in miles between the customer and the closest store of the chain. Because the distance
from the closest shop does not vary in time for a household, I can no longer include household
fixed effects in the regression. Therefore, I control for cross-sectional heterogeneity, including
a set of demographic characteristics matched from Census 2000. It emerges that households
living further away from stores of the chain indeed generate more additional business (and less
cannibalization). Moving a household one extra mile away from the closest store of the chain
(a shift that, according to the information in panel D of Table 1, corresponds to the one needed
to move it from the 25th to the 75th percentile in the distribution), increases its share of online
expenditure representing fresh sales by 6 percent.
As for the source of the new revenues accrued by the Retailer, they could be originated by
two nonmutually exclusive channels. On the one hand, the Retailer may be gaining shopping trips
from customers substituting for the outside good. For example, once buying grocery is easier,
people may decide to buy food and cook rather than dining out. At the same time, the website
is increasing the appeal of the chain relative to that of competitors. Households living close to a
competing store must have found it convenient to shop there rather than visit one of the Retailer’s.
The introduction of the online service makes such customers contestable as the transportation
cost from shopping at the Retailer becomes negligible. I find that shoppers who live close to
competitors generate a higher share of incremental purchases when shopping on the Retailer’s
website. This is indirect evidence that part of the extra sales generated online represent business
diverted from rival grocers. However, without additional data or strong assumptions, I cannot
separately identify the contribution to the result of market expansion and business stealing.
The identification approach described above may be compromised by the existence of
unobserved individual shocks to demand for grocery correlated with the choice of shopping on
the web. For instance, if people systematically ordered online to exploit home delivery when they
happen to be in need of large amounts of grocery (e.g., when throwing a party), the estimate
of β in equation (1) would be biased upward. As a consequence, I would be underestimating
the displacement of brick-and-mortar sales induced by online shopping. I address this issue in
column 3 of Table 2, where I present instrumental variables estimates that control for the potential
endogeneity of online expenditure.
I use two distinct instruments. The first is an indicator variable denoting availability of
online shopping in the zip code of residence of the household and takes advantage of the fact that
the Retailer was expanding the number of zip codes where it allowed customers to order online
throughout the sample period. In practice, this instrument compares average grocery expenditure
at the chain for a household before and after it had the chance to purchase grocery online.
One could question the validity of the instrument because the Retailer’s decision to introduce
online distribution in a market is obviously based on the expected demand. However, by sample
construction, all the zip codes in the data are eventually reached by the online service. Hence, as
long as the timing of rollout is uncorrelated with demand considerations, the instrument is valid.
Anecdotal evidence emerging from conversations with managers of the chain provides support
to this assumption. Ease of deployment, knowledge of the area, and logistics are mentioned as
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key factors in deciding which areas to reach first rather than expected demand.9 Furthermore,
there are benefits in rolling out the service in geographically closed markets similar to those
identified by Holmes (2011) for Wal-Mart stores opening and by Toivanen and Waterson (2011)
for McDonald’s expansion.10 This stresses the relevance of logistic considerations over demand
motives in deciding when to enter a market. The Appendix provides more formal evidence that
causality runs from rollout to demand, rather than the other way around.
The distribution of coupons entitling customers to a discount fee for the Internet service in
a given month can also be used as an instrument. In fact, Pozzi (2012) shows that the availability
of coupons for free or discounted delivery has a strong impact on the decision to shop online.
The Retailer follows a “blanket” approach and mails coupons with discounts to all registered
customers living in a given zip code. Therefore, coupons availability is by construction orthogonal
to individual shocks to demand for grocery.11 Even if coupon issuing is influenced by seasonality,
with more coupons being mailed closer to sweeps season, this does not compromise the validity
of the instrument as aggregate trends are picked up by time dummies.
The IV estimates reported use indicator variables for e-commerce availability and coupon
holding as instruments.12 The first stage (not reported) shows that both instruments are positively
and significantly correlated with online expenditure. This is expected as they all increase the
probability of doing any online shopping at all. Estimates of business stealing are again positive, precisely estimated and economically substantial. More importantly, though lower than the
original OLS estimate of crowding out, they are quite close to it.
One lingering concern relates to the possibility that I am not capturing the intertemporal cannibalization of online shopping on brick-and-mortar sales. In fact, as online orders are delivered
at home, e-commerce is well suited for large stock-up purchases which fulfill grocery demand
for current and future periods. In columns 4 and 5, I check whether the positive association
between online and total sales fades once I take into account the inventory motive (Hendel and
Nevo, 2006). Column 4 controls for lagged expenditure in grocery which proxies for household
inventory. In that specification, I assume that a household coming out of months with similar level
of grocery spending holds a comparable level of inventory. Column 5 takes a different approach
to shut down the effect of stockpiling. I estimate equation (1) considering only expenditure in
perishable grocery products, such as eggs or milk, which cannot be stockpiled.13 The resulting
changes in the estimated share of new business gained online are small and do not alter the
economic bottom line.
The share of incremental business brought in for each household by the Internet channel
has obvious implications for the Retailer’s revenues. The estimates just presented can be used to
compute the dollar value of the online distribution channel to the grocer as follows:
Incremental sales = (Fitted sales|β=β̂ − Fitted sales|β=0 ).

(2)

The estimated value of the channel ranges between 11.5 and 14 millions of dollars over the two
years. This represents a tiny fraction of the Retailer’s overall yearly revenues.14 However, the
9
The observed rollout sequence is consistent with these statements. The online shopping option was first offered in
zip codes located around the Retailer’s headquarters. Later on, the chain did not jump straight to the obvious big markets:
Portland and San Jose were reached before San Francisco, Los Angeles, Philadelphia, and Washington, D.C.
10
In my application, such benefits are mainly linked to reductions in the cost of delivery. Adjacent zip codes can
be served by the truck fleet of a same brick-and-mortar store. Jumping to zip codes further away would instead require
the fixed cost investment of equipping another local store with its own fleet.
11
This also allows me to recover coupon holding for households who do not redeem them. More details on the
construction of this instrument are provided in the Appendix.
12
Alternatively, I have experimented using the size of the discount on the delivery fee instead of the indicator for
coupon holding, obtaining similar results.
13
For the purpose of this exercise, products that are technically storable but with a high cost of inventory are also
considered as “nonstorable.” This includes ice cream and frozen dinners, which can be stockpiled only by households
with large freezer units.
14
The Retailer is selling online only in selected areas. Therefore, the bulk of revenues must necessarily come from
the brick-and-mortar division.
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figure is significant in two respects. First, it suggests that the extra revenues gained thanks to the
online division could be big enough to cover the fixed costs of setting it up, given that variable
costs can be covered by the delivery fee.15 Moreover, the incremental sales per customer are not
negligible in size. The point estimate from the preferred specification in column 3 implies that
the online channel brought in additional $1362 per customer over the two years: this represents
18 percent of the total amount spent by the median household in the sample.

4. Store-level analysis


I extend the analysis based on household transaction data using a distinct data set that
contains weekly revenues by UPC for a sample of stores of the chain. Whereas individual data
are available only for households using the loyalty card, store revenues also include transactions
by customers who do not hold one. Given that online orders are fulfilled using the inventory of
brick-and-mortar outlets, Internet purchases are included as revenues for the store that provided
the goods. However, the data do not distinguish between brick-and-mortar and online sales.
The store-level analysis complements the results obtained with household-level data in two
main ways. First, it allows for a more direct approach to quantifying the impact of e-commerce on
revenues, which could only be assessed through a back-of-the-envelope calculation when using
household data. Second, it allows to address one potential vulnerability of the household-level
regressions. The evidence of the previous section relied, in fact, solely on households shopping
at the chain before and after the online service was introduced. Regular customers who use the
loyalty card only when shopping online and new customers who started shopping at the chain
after the service was introduced did not contribute to identification. Failing to consider the first
group could lead to overestimation of the incremental business drawn in by the Internet, whereas
omission of the latter is likely to bias it downward. Store data include purchases of both these
groups, allowing me to circumvent the problem.
I aggregate sales at the store-month level and use only the 118 stores located in zip codes
where the service was introduced between June 2004 and June 2006. In Table 3, I report results
from regressions of the following form
ln(Total salesszt ) = αs + τt + βOnline Availablezt + εszt ,

(3)

where s indexes a particular store set in zip code z and t indicates a month. The variable Online
available signals that the e-commerce service was provided in the market where the store is
located. As argued before, the timing of the introduction of the service in a particular market is
not driven by demand considerations. Therefore, I consider this regressor as exogenous to store
revenues. Store fixed effects take care of time-invariant unobserved differences across locations
and time dummies account for seasonal patterns.
In column 1, I define the market of a store as the zip code where it is located and find that store
revenues go up by 13 percent after online shopping becomes available in the zip code, confirming
that the Internet channel does not simply displace the Retailer traditional sales but generates new
business. In column 2, I broaden the definition of a store market to include all the zip codes
whose centroid is closer to it than to any other outlet of the chain.16 I then regress monthly store
revenues on the share of the zip codes in its market in which e-commerce is available, weighting
each zip code by its population. Increases in the penetration of the web service in the market of
a store have a positive and sizeable effect on its revenues. One standard deviation increase in the
penetration of e-commerce in the store’s market is associated with a 3.2 percent gain in revenues.
I also experimented with a specification where log revenues are regressed directly on the number
15
The estimated value of the online channel over the two years covers about 50 percent of the alleged initial
investment in the online operations as reported in a news article. The source cannot be reported as it would identify the
Retailer.
16
As it is not always the case that online demand for a zip code is served by the store closest to it, this variable will
be constructed with some error. This introduces a classical measurement error bias in the coefficient.
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TABLE 3

The Effect of Introducing Internet Shopping on Store Revenues
(1)

Access in the store’s
zip code
% zip codes with access
in the store’s market
% zip codes with coupons
in the store’s market
Access in the store’s
zip code ∗ monopoly
Access in the store’s
zip code ∗ duopoly
Access in the store’s
zip code ∗ two competitors
Access in the store’s
zip code ∗ three competitors
Access in the store’s
zip code ∗ online competitors
Store f.e.
Observations
R-squared

(2)

(3)

0.13∗∗
(0.012)

(4)

(5)

(6)

0.28∗∗
(0.115)

0.25∗∗
(.118)

0.25∗∗
(.096)

− 0.01
(0.125)
− 0.31∗
(0.176)
0.01
(0.140)
− 0.49∗∗∗
(0.187)

− 0.17
(.157)
− 0.08
(0.163)

0.06∗∗
(0.032)
0.08∗
(0.046)

Yes
3,041
0.22

Yes
2,926
0.02

Yes
2,926
0.03

No
2,963
0.20

No
2,963
0.15

− 0.13∗
(0.081)
No
2,807
0.14

Notes: The dependent variable is the logarithm of total monthly store revenues. A store’s market is defined as the zip
code where it is located in columns 1, 4, 5, and 6; whereas it includes all the zip codes to whose centroid the store is
closer than any other store of the chain in columns 2 and 3. The shares of zip codes with access to the online service and
of those with coupons for delivery fee are computed using population weights based on information from Census 2000.
The number of competitors in a store’s zip code is computed using information on store location from Reference USA.
Column 4 considers all supermarket stores competing with the Retailer ’s chain, whereas column 5 only includes stores
of major supermarket chains. Specifications in columns 4 and 5 include market level controls from Census 2000: share
of Blacks, share of Hispanics, share of people aged 25-34, 35-44, 45-54, 55-64, and over 65, share of families, share of
college graduates, median household income. The point estimates of the market structure dummies in colums 4-6 are not
reported for reasons of brevity. All specifications include month-year fixed effects. Standard errors (in parenthesis) are
clustered at the store level. Significance levels: ∗ 10%, ∗∗ 5%, ∗∗∗ 1%.

of individuals who have access to it. The result implies that introducing Internet grocery in a zip
code with a population of 100,000 units leads to half a percentage point increase in revenues.
In column 3, I exploit a different source of variation to identify the impact of online shopping
on total store revenues; I look at the distribution of coupons for free or discounted delivery of
online orders. The chain does not handpick customers to which the discounts are mailed, which
makes coupon availability exogenous to household grocery demand. I include time dummies to
control for seasonal effects that can influence both the revenue pattern and the coupon strategy.
I keep the same market definition as in column 2 and regress log revenues on the fraction of
zip codes in the store’s market that have been targeted for coupon distribution. Once again, zip
codes are weighted according to their population. Store revenues go up in months when coupons
stimulate access to Internet commerce in its area. One standard deviation increase in the share of
zip codes targeted for coupon distribution raises sales by 3.9 percent.
To compare quantitatively the results of the household and store level estimates, I perform
the following back-of-the-envelope calculation. I compute the dollar value of the channel implied
by the results in column 1 of Table 3 following a similar procedure to that described in equation
(2). In order to perform the exercise, I need to separate aggregate store sales between revenues
generate in-store and online; I assume that 10 percent of total store revenues were obtained by
fulfilling online orders.17 I can then back out the share of online sales representing incremental
business consistent with the monetary gains implied by the store-level data. The obtained figure is
17
Chain executives estimate that 3 percent of the overall revenues come from the online channel. This, however,
includes many stores who do not offer e-grocery. The figure must also be lower than the 25 percent emerging from the
household data, because store data include business from households who never order on the Internet.
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0.58 and should be compared with the IV estimate of 0.553 used to compute the monetary value
of the channel from the household data. Although the two figures do not coincide, they are in the
same ballpark. One possible reason for the discrepancy is that the estimates based on household
data do not consider business generated by new customers attracted by the introduction of the
Internet shopping channel, which are instead factored in the store-level exercise. If we assume that
this is the sole source of the inconsistency between the two numbers, we can decompose overall
impact of online shopping on the Retailer’s revenues in a part due to the increase expenditure of
existed customers (95 percent of the effect) and expenditure of new customers acquired thanks
to the introduction of the feature (the residual 5 percent).
Part of the new revenues is represented by business diverted from competing stores. If
the number of stores operating in a market is informative about market size (Toivanen and
Waterson, 2005), we would expect markets with more competitors to offer greater potential
for business stealing and to lead to a stronger revenue enhancing effect. I investigate how the
impact of e-commerce on store revenues varies with market structure in the last three columns
of Table 3. I identify the number of rivals operating in the same zip code of a Retailer’s store
using data on location from Reference USA,18 I consider all supermarket stores (NAICS code
= 44511002) including small “mom-and-pop” stores but discard department and convenience
stores and warehouse clubs.
I create four separate indicator variables denoting whether the Retailer is the only supermarket store in the zip code (7 percent of the cases) or whether it has one (10 percent of all cases),
two (11 percent), or three competitors (8 percent), respectively. The excluded group is the set of
markets where the Retailer faces four or more rivals (64 percent of the markets).19 This approach
is more flexible than including the number of competitors as a regressors, which would impose a
linear effect. Because I only have a snapshot of market structure at one point in time, store fixed
effects are not identified, and I replace them with zip code characteristics (wealth, age, education,
etc.) obtained from Census 2000 to control for cross-sectional differences between markets. As
usual, I account for time trends by including a full set of time dummies.
The dummies for market structure, not reported for brevity, are all positive: the Retailer
enjoys higher revenues in markets where fewer rivals are present. The interaction dummies for
the case of one and three competitors are negative (column 4). As the excluded group is “four
or more competitors,” this implies that the revenue surge induced by the introduction of the
service is lower for markets with fewer competitors. Consistently, the effect is also smaller when
the Retailer is a monopolist, but the coefficient is imprecisely measured, likely due to the rare
occurrence of such cases. The benefit from rolling out online shopping is estimated to be larger
when the chain faces two competitors than when there are four or more of them. This is not
consistent with our prior; however, the point estimate is not statistically significantly different
from zero in this case.
In column 5, I repeat the exercise considering only outlets of “big competitors,” that is,
multistore chains with number of employees and revenues similar to those of the Retailer. Here I
only define three dummies: monopoly markets, duopoly, and markets with two or more competitors
as it is rarely the case in the data that more than two or three big supermarket chains have a store
in the same zip code. The interaction coefficients have the expected sign: revenues increase less
in markets where there is lower potential for business stealing. However, they are not significant.
This may be read as an indication that the results for the whole sample were driven by the effect
on small chains and individual stores, who suffer the bulk of the business stealing.
The analysis presented so far has been a partial equilibrium one where I focused on the
unilateral decision of the Retailer to enter the online market. It is natural to wonder what happens
18
My data pull from Reference USA dates to May 2012; whereas the window spanned by the Retailer data is
2004-2006. I adopt a conservative approach and drop all stores in Reference USA who have not been in the sample for
at least six years as of May 2012.
19
Qualitative results are not sensitive to using a larger set of dummies, although some market configurations occur
in too few cases to measure precisely the associated coefficient.
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when rival chains respond to the Retailer’s decision to introduce e-commerce by doing the same
thing. Some insights can be gained by looking at the effect of competition in the supply of the
service on the amount of new business gained on the Internet. To describe competition in the
online grocery market I use data gathered by Berning, Ernst, and Hooker (2005) listing the set of
zip codes where Internet shopping for grocery was offered as of September 2004 and reporting
the identities of the firms providing the service in each of them. The Retailer faces at most one
competitor20 and is the only retailer selling online in 70 percent of the zip codes where it rolls
out the service. The interaction between online availability and online competition (column 6)
implies that the additional business generated online is split among the grocers providing the
service. In particular, the presence of a rival e-grocer halves the revenue growth induced by the
Internet channel for the Retailer.

5. Conclusions


I presented results on the effect of the introduction of an online shopping service for a
large supermarket chain that also operates a wide network of brick-and-mortar stores. I showed
that selling online allows the Retailer to considerably expand its sales with only modest selfcannibalization and document two interesting features of this result. First, I described that—as
indicated by the heterogeneity of the effect for customers located at different distances from
the Retailer and its competitors—the reduction in transportation cost for customers shopping
online at the Retailer is one of its driving forces. Second, I relate the magnitude of the revenue
enhancement to the strength of the competition faced by the chain. I only find suggestive evidence
of stronger effects in areas where the chain faces more brick-and-mortar competitors, which would
be consistent with part of the additional sales coming from business stealing. The results on the
effect of competition from alternative online outlets are more conclusive and indicate that it
reduces the amount of extra revenues generated by the introduction of the Internet channel.
Appendix

In this appendix, I provide more details on the instrumental variables strategy exploited in Section 3.


Instrumental variables strategy.

Date of rollout. To address concerns about the endogeneity in the selection of the shopping channel, I instrument online
expenditure with availability of e-commerce in the zip code. Information on the rollout date for each of the over 1000
zip codes where the service was introduced was provided directly by the Retailer. Introduction of the service in a market
represents a positive shock to demand for online grocery, which is constrained at zero before Internet shopping is made
available. Moreover, because the Retailer rolls out the service simultaneously for all customers living in a zip code,
availability is uncorrelated with individual shocks to overall demand for grocery.
The decision to introduce online shopping in a zip code is clearly influenced by expectations regarding demand.
Most likely, the Retailer will roll out the service in zip codes where demand for online grocery is expected to be stronger.
These zip codes may be the same ones where overall demand is higher. However, this argument does not compromise
identification because: (i) all the zip codes included in my sample are eventually reached by the service; (ii) I include
fixed effects in the specification, therefore relying on within-zip code variation.
The main threat to the validity of the instrument comes from the possible correlation between demand and the timing
of rollout. Namely, the Retailer could introduce e-grocery when it expects a demand expansion in a market for reasons
unobserved by the econometrician. To establish the direction of the causality between demand growth and e-commerce
introduction, I use an event study approach. I focus on the zip codes where the service was introduced during the sample
span and estimate the impact of current and future availability of e-commerce on demand for grocery. I aggregate grocery
consumption for all the households in the sample living in the same zip code and regress this quantity on an indicator
variable for availability of online shopping as well as lead indicators as far as five months before to the introduction of the
service. If introduction of online grocery is decided as a response to increased demand, current expenditure for grocery
in a market could be correlated with future availability of the service. Otherwise, the leads should not be significant. The
results are reported in Table A1. The lead variables are generally not significant and the jump in sales is only observed
when the Internet channel is actually made available.
20

The exceptions are two zip codes where online grocery is provided by the Retailers and two other grocers
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Impact of Future E-Commerce Availability on Zip Code Level Sales of the Chain

Available

(1)

(2)

(3)

262.4∗∗∗
(37.4)

358.9∗∗∗
(119.2)
82.9
(110.1)
72.4
(86.8)
104.1
(89.4)
58.2
(85.2)
74.6
(70.9)
8,319
No

108∗∗∗
(40.3)
−89.2
(60.3)
−77.8
(64.3)
−75.2
(55.2)
−121.3∗
(73.1)
−55.2
(49.5)
8,319
Yes

Available in t + 1
Available in t + 2
Available in t + 3
Available in t + 4
Available in t + 5
N
Zip code f.e.

/

8,319
Yes

Notes: This table assesses the impact of future and current availability of online grocery on the total sales of the chain
to the households included in the sample, aggregated at the zip code level. Available is a dummy variable that takes value
one in each month where the Retailer offers online grocery in the zip code. The set of indicator variables Available in t +
s denote that the Retailer will start offering online grocery in the zip code in s months. Standard errors (in parenthesis)
are clustered at the zip code level. Year-month fixed effects are included in all specifications. The sample includes only
the zip codes where the Retailer introduced online grocery between June 2004 and June 2006. Significance levels: ∗ 10%,
∗∗
5%, ∗∗∗ 1%.

A final concern relates to the possibility that entry into the online segment may affect the pricing policy of the
Retailer. If that were the case and, for instance, the Retailer raised its prices after making e-grocery available, the raise in
sales would not automatically imply any business stealing. It is worth stressing that the Retailer is committed to offer the
same prices online and in-store. Therefore, a price-induced bump in expenditure would show even in months where the
household does not shop online. In other words, a change in pricing policy alone should not be able to generate a positive
and significant correlation between online and total grocery consumption. Furthermore, in Figure A1, I document that
pricing policy does not seem to change after rollout.
The Retailer provided data on weekly prices for each UPC sold in a subset of stores representative of their pricing
areas.21 Using such data, I constructed an index for the prices posted by the chain in a particular zip code averaging the
weekly prices of the 50 most sold UPCs, weighted by revenue generated. The index can be further aggregated to take into
account prices in multiple store/zip codes. In Figure A1, I plot the average price index for two subsets of stores operating
in zip codes that were involved with the largest rollout events in the sample in February and August 2005. In both cases,
I cannot detect a structural break in the time series of the price index after the rollout, which indicates that entry in the
online segment did not have impact on the pricing policy.
Delivery fee coupons: construction of the instrument. The Retailer data associate a set of UPCs with the fee paid for
Internet delivery. So, whenever the customer is ordering online, I observe directly in the data the cost and any discount
received for this service. The choice of redeeming a coupon on delivery is potentially endogenous, though. I exploit the
Retailer policy in distributing delivery coupons to impute coupon holding for all households even when they decided not
to redeem it.
During the sample period, coupons entitling customers to free or discounted home delivery were mailed to all
registered households living in a certain area (roughly, a zip code). I proceed as follows in constructing the indicator
for coupon availability. I know that all households redeeming a coupon were holding one. Therefore, I count as coupon
holders all households billed a delivery fee below the regular amount unless they had shopped for more than $150 and
received a five-dollar discount or they had shopped for more than $300 and obtained a free delivery. Crossing these
thresholds, in fact, would automatically generate a fee reduction, independently of coupon ownership. Once I identify
all the households redeeming a coupon in a given month, I assume that all the other ones living in the same zip code
must have held one at the same time and for the same amount and I impute coupon ownership based on the zip code of
residence. The size of the discount is calculated as the difference from the paid fee and the full $9.95 one.

21

The Retailer declined to disclose the exact composition of each price area.
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FIGURE A1
RETAILER PRICING STRATEGY BEFORE AND AFTER INTRODUCING ONLINE GROCERY, SELECTED
ZIP CODES

Notes: The figures display the pricing strategy of the Retailer before and after introduction of the Internet grocery
service. The series depict movements in a price index constructed as the average of weekly prices for the 50 UPCs
most sold at the Retailer chain, weighted for the revenues generated. Panel (a) refers to zip codes where the service was
introduced in February 2005; panel (b) portrays information for zip codes that experienced rollout in August 2005. The
dotted vertical lines indicate the month of rollout.
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