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Abstract. We use monthly sales of all wines, beer, and spirits sold between 2006 and 2011
by Sweden'’s retail monopoly on alcohol to estimate the causal effect of retail distribu-
tion on market share by volume at the product level. Products are defined at the level of
the stock-keeping unit. Two institutional features are key to identifying the causal effect:
First, the monopolist uses four levels of retail distribution; a change in retail distribution
is therefore associated with a discrete shift in the number of stores that carry a product
in a given month. Second, the retailer is legally bound and monitored by the European
Union to ensure that it acts in a non-discriminatory manner with all its suppliers. These
features allow us to rule out many possible confounding factors in estimating the effect
of distribution on sales volume. We find large and statistically significant effects from
changes in retail distribution on market share by volume across all levels of retail distribu-
tion. The associated volume elasticity of retail distribution is convex; the wider the retail
distribution the greater the marginal volume increase from further widening. In this mar-
ket, wider distribution means reaching stores with successively smaller assortment. Our
results indicate that the smaller assortment in smaller stores, coupled with a low resis-
tance to compromise, is the main reason for the convex pattern. In other words, convexity
appears to be generated by products achieving “a larger share of a smaller pie” as retail
distribution expands.
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1. Introduction

Several studies have found a convex relation between
retail distribution and sales in cross-sectional data (see,
e.g., Reibstein and Farris 1995 or Wilbur and Farris
2014). The evidence further suggests that the links
between retail distribution and sales are quantitatively
important. Ataman et al. (2010) use rich French data to
establish that the sales elasticity with respect to retail
distribution (0.74) dwarfs the corresponding elasticity
of advertising (0.13). However, despite the apparent
importance of retail distribution for sales there is scant
evidence of the magnitude of the causal effect of retail
distribution on sales. Establishing such evidence may,
for instance, be valuable for determining the willing-
ness to pay slotting fees (see Bloom et al. 2000) or to
determine damages in cases of exclusionary conduct in
retail channels.

Identifying the causal effect is complicated by the
fact that causality clearly runs both ways: A product
is stocked because retailers expect it to sell well; it
sells well because it is available to many consumers.
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There are likely to be confounding factors as well. For
instance, various sales promoting activities may make
it easier to get onto retailers’ shelves at the same time as
sales expand. Yet some of these promotional activities
may be hard for the researcher to observe.

Our aim in this article is to provide a clean identifi-
cation of the causal effect of changes in retail distribu-
tion on volumes sold. We have access to rich monthly
data for all products in the Swedish market for alco-
holic beverages covering the years 2006 to 2011 inclu-
sive. Observations are at the level of stock-keeping unit
(SKU), which we henceforth refer to as a product. The
particulars of retail distribution for alcohol in Sweden
create a quasi-experimental setting that allows us to
trace the causal effect of distribution on sales in an
unusually transparent way. At the retail level, the state-
owned Systembolaget has a monopoly. The suppliers
to Systembolaget are independent, private firms, as is
typical of retail markets. Because a monopoly could be
used to favor some products, a number of mechanisms
are in place to ensure that Systembolaget provides a


http://pubsonline.informs.org/journal/mksc/
mailto:richard.friberg@hhs.se
http://orcid.org/0000-0001-5951-1719
mailto:mark.sanctuary@hhs.se
https://doi.org/10.1287/mksc.2017.1038
https://doi.org/10.1287/mksc.2017.1038
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1287/mksc.2017.1038

Downloaded from informs.org by [216.73.216.144] on 14 July 2026, at 10:07 . For personal use only, all rights reserved.

Friberg and Sanctuary: Retail Distribution and Sales of Alcoholic Beverages

Marketing Science, 2017, vol. 36, no. 4, pp. 626—641, © 2017 The Author(s)

627

level playing field for different producers. This entails
non-differential treatment of Systembolaget’s suppliers
and also non-differential in-store treatment of prod-
ucts. Thus, we can rule out many possible confounding
factors for estimation of the effect of distribution on
sales volume.'

For its regular assortment, Systembolaget has four
discrete levels of retail distribution; each product is
assigned to a distinct level of distribution. The larger
the store, the larger the assortment of products. All
products that are available at smaller stores are also
available in the larger stores. Changes in the retail dis-
tribution of products can be made twice per year, in
April and October. Systembolaget bases these deci-
sions on three backward looking observable criteria,
i.e., availability, markup, and sales volume. Products
are compared against others in the same segment
(whiskey is an example of a segment). We match each
product that experiences a shift in retail distribution
to the most similar product (in terms of the three cri-
teria) in the same segment that does not shift, and
use the bias-adjusted matching estimator provided in
Abadie and Imbens (2011) to estimate the causal effect
of changes in retail distribution on volume. “Treat-
ment” thus comes in the form of discrete shifts in the
number of stores that carry a particular product as
the product is moved from one level of distribution
to another. We use logit regressions to verify that the
criteria identified by Systembolaget also have predic-
tive power for the decision to change. We further use
the estimated probabilities to examine the “overlap”
assumption of matching estimators, i.e., that the prob-
ability of treatment is bounded away from 0 and 1.
Systembolaget makes its decision on retail distribution
two months before the changes take effect. This pro-
vides us with a “pseudo” outcome, i.e., the impact
on sales in the two months after selection into treat-
ment has been made, but before it has taken effect. The
pseudo-outcome results support the “unconfounded-
ness” assumption of the matching estimators: Con-
ditional on covariates the assignment to treatment is
independent of the outcome.

Our goal is not only to determine whether a causal
relationship between sales volume and distribution
exists but also to determine its shape. Nuttall (1965)
argued that there were decreasing marginal returns
to retail distribution, which imply a concave relation
between retail distribution and sales. On the other
hand, the modeling by Farris et al. (1989) and Reibstein
and Farris (1995) suggests a convex relation in many
situations; the wider the distribution the greater the
marginal gains from further distribution. Note that a
convex relation in the cross-section does not preclude
a concave causal relationship of distribution on sales.
Intuitively, Absolut Vodka may be available in almost
all stores and sell well whereas more obscure vodkas

are available in very few stores and sell very little,
which would appear as a convex pattern in the cross-
section. If one of these more obscure vodkas gains
wider distribution it is likely to sell more, but would
clearly not reach the same intrinsic valuation as Abso-
lut just by having the same retail distribution. Brand
and product characteristics remain important for sales.

We find that widening distribution has a statistically
and economically significant effect on volumes sold.
For wine, we estimate that market share (by volume)
of a product increases for each discrete step across the
four levels of distribution, from narrow to broad, by
50%, 18%, and 17%, respectively. Expressed in terms of
a distribution elasticity (percentage change in volume
over percentage change in turnover weighted retail dis-
tribution) the results suggest that sales are a convex
function of distribution. A widening in the retail distri-
bution for wine across the four levels of distribution for
wine yields estimated distribution elasticities of 0.12,
0.21, and 0.62, respectively. This convexity holds for
widening and narrowing retail distribution. The quan-
titative effects and convexity of sales in distribution are
similar for beer and spirits.

We examine “push” and “pull” factors (Farris et al.
1989, Reibstein and Farris 1995) that can explain the
convexity of sales in distribution. The institutional set-
ting largely rules out “push” factors apart from distri-
bution per se. On the “pull” side, we find that expand-
ing retail distribution reaches local markets with fewer
consumers per store and where consumers on average
have lower disposable income. This would suggest that
sales are a concave function of distribution, i.e., lower
volume expansions as distribution reaches additional
stores. On the other hand, the assortment is narrower in
these additional stores, which raises the volume effect
of gaining distribution in these stores. Our results sug-
gest that a narrower assortment in smaller stores is the
key mechanism explaining the convexity of sales vol-
ume in value weighted retail distribution.

A few articles have sought to identify the causal
effect of retail distribution on sales. To our knowledge,
our paper is the first to use discrete shifts in retail
distribution to identify the effects of distribution on
volume. Bronnenberg et al. (2000) use data from the
U.S. market for ready-to-drink tea to study the positive
feedback between sales and distribution. They estab-
lish that such feedback shocks are important at early
stages of a new product’s life: Short-term changes may
generate larger long-term changes. Bucklin et al. (2008)
use cross-sectional variation in closeness to car retail-
ers for California consumers to establish that dealer
accessibility has a strong effect on market share for the
respective brand.

The next section presents the data and institu-
tional setting. Section 3 specifies the matching model
and details how Systembolaget’s practices inform the
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Table 1. Summary Statistics

Variable Mean Median S.D. N
Wines
Liters 13,895.20 4,878.75 28,674.82 65,163
Price 126.23 98.67 103.01 65,163
Advertising 69.52 .00 331.30 65,163
Beers
Liters 80,469.88 21,818.11 166,645.02 15,106
Price 37.61 35.45 13.15 15,106
Advertising 24.08 .00 241.53 15,106
Spirits
Liters 5,053.78 1,849.05 12,999.40 22,871
Price 401.43 355.71 152.29 22,871
Advertising 63.14 .00 462.00 22,871

Notes. The table reports descriptive statistics for the regular assort-
ment of Systembolaget. Monthly data at the product-level are from
January 2006 through November 2011. Advertising is given in thou-
sands of SEK. In December 2008, 1 Euro is the equivalent of 10.7 SEK
and 1 U.S. dollar is the equivalent of 8.0 SEK.

dimensions in which we search for the products that
are to serve as controls for the treated products. Sec-
tion 4 presents the results on the volume effects of
changes in retail distribution; in Section 5 we discuss
the patterns of distribution elasticities in light of a
push-pull framework. Section 6 presents concluding
remarks.

2. The Data and the Institutional Setting
We use monthly data at the product-level on retail sales
of wines, beer, and spirits in Sweden from January 2006
through November 2011. Our data source is Systembo-
laget, the Swedish state-owned monopoly retailer for
alcoholic beverages. We include all products in System-
bolaget’s regular assortment in the data set that we use
for analysis.” For each product and month we observe
the number of units sold and the price in Swedish kro-
nor (SEK), as well as product characteristics such as
container volume, alcohol content, region or country
of origin, and product category such as light lager or
sparkling wine. Table 1 provides descriptive statistics
on the key variables for the sample. By far, most obser-
vations are for wine.

Data on advertising expenditure at the product level
was obtained from SIFO/Research International.> On
average across years, the advertising intensity (i.e.,
advertising as a share of retail sales) equals 4.4%."
Adpvertising for alcoholic beverages is done by the
wholesalers and brewers that are suppliers to System-
bolaget. Systembolaget does not undertake advertising
of alcoholic beverages itself.

Systembolaget’s purpose is to sell alcoholic bev-
erages in such a way that alcohol-related damages
are minimized.” Moreover, Systembolaget is bound to
rules that seek to ensure that it does not abuse its
monopoly to favor some producers. “Systembolaget

shall, in its capacity as a purchaser, act in a non-dis-
criminatory and brand neutral manner [...] The princi-
ple of equal treatment means that Systembolaget must
apply the same terms and conditions to all beverage
suppliers at any given time, and is not at liberty to
negotiate the wording of them with one or several indi-
vidual suppliers.”® In its relations with suppliers, Sys-
tembolaget is charged with providing a competitive,
transparent, and uncomplicated setting. For example,
Systembolaget’s markup is determined by the Swedish
parliament and it uses the same percentage markup for
all products, which was lowered from 23% to 19% in
August 2006 and remained at this level for the remain-
der of the sample period. Retail prices are therefore
a deterministic function of wholesale prices; strategic
interaction between Systembolaget and its suppliers on
issues such as quantity rebates and trade promotions
are mute.”

Systembolaget is instructed by the Swedish Govern-
ment to operate efficiently, but is forbidden from tak-
ing some actions in which a profit maximizing retailer
might engage. In-store, Systembolaget is, for instance,
not permitted to provide differential treatment of prod-
ucts: There are no end-of-aisle displays; all beverages
are sold at room temperature; on the shelves, prod-
ucts are organized according to type of product (wines,
beer, spirits), country of origin, and price; there are no
in-store tastings or postings of reviews.® Prices are the
same across the country; there are no temporary sales
or any form of rebates for particular consumers (e.g.,
customer loyalty cards). Sales expanding efforts of this
kind may be hard to control for in other settings. This
aspect of the institutional setting is useful for interpret-
ing the patterns that we later establish.

Systembolaget operates around 410 stores across
Sweden during the sample period. The stores are
spread across Sweden, a country roughly the size and
shape of California and with around 9.4 million inhab-
itants at the time covered by the data. Each store is
classified into one of four categories; extra-large, large,
medium or small. Extra-large stores are in large towns
and large shopping centers and offer the widest selec-
tion of products. Large stores are in large or medium-
sized towns. Medium stores are in small towns or as
“complements” to stores in medium or large towns.
Small stores are in sparsely populated municipalities.
By comparison, with many other retail markets there
are relatively few Systembolaget outlets in Sweden and
people are likely to shop at their local retail store; this
is particularly true for the smallest stores where dis-
tances to the next store are large.” Table 2 describes
the share of stores belonging to each category as well
as the share of turnover that accrues to each. Because
Systembolaget sells alcoholic beverages only, the latter
is a measure of what is often called weighted Product
Category Volume (PCV).
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Table 2. Number of Products Offered by Store Type and Product Category

No. of products offered

Share of Share of
Store size stores percent sales percent Product range Wine Beer Spirits
Extra-large 23 33 Base, T1, T2, T3 918 212 322
Large 24 44 Base, T1, T2 714 167 267
Medium 31 17 Base, T1 495 117 201
Small 23 6 Base 253 65 119

Notes. This is the regular assortment of Systembolaget; the products offered are average number across
periods in the sample as observed in the data; shares of sales and stores for 2010.

Systembolaget follows a store-class dependent stock-
ing rule. All products in the regular assortment are
categorized as belonging to one of four levels of retail
distribution, which Systembolaget terms modules, and
which are denoted: Base, T1, T2, and T3.!° The distri-
bution level with the lowest coverage, T3, is distributed
only in extra-large stores. When a product moves to
the next tier, T2, it is distributed in the large and extra-
large stores. A move to T1 means that a product is
distributed in medium, large, and extra-large stores.
A product in the Base module is distributed in all
stores. The number of products offered by each store
type is summarized in Table 2.

Any store will provide any product in the full assort-
ment for delivery within two days; ordering can be
done by phone, fax or in the store. A consumer in
a sparsely populated area willing to wait two days
thus has access to the full assortment. A relatively low
share of sales is made up of such pre-orders: In the
first half of 2012 they made up 1.6% of total sales
(Konkurrensverket 2012)."1

Figure 1 illustrates, in cross-section, the relationship
between a product’s sales volume and the breadth of
retail distribution. The most broadly distributed prod-
ucts sell more on average; the pattern appears espe-
cially marked for the products with the broadest retail
distribution. Such a convex relation between sales and
distribution in the cross-section has been documented
by researchers studying a number of different mar-
kets, see, for instance, Wilbur and Farris (2014). Our
key interest is how changes in retail distribution can be
used to identify the causal effect of distribution on sales
volume. After presenting the empirical model, we pro-
vide a closer examination of Systembolaget’s practices
as to changes in retail distribution.

3. Applying the Matching Method

To estimate the causal effect of a change in retail dis-
tribution on sales volume we use matching methods,
comparing each “treated” product to a “control” prod-
uct that is similar to the treated product in relevant
dimensions. Our choice of dimensions in which to
match products is guided by the explicit rules that Sys-
tembolaget is obliged to follow.

Following standard notation in applications of
matching methods (see, e.g., Imbens and Rubin 2015)
we are interested in the outcome variable of prod-
uct i,Y;. Define the market share of product i in
month ¢ in category c € (wines, spirits, beer) as Y;, =
Liters;; /(X Liters;;) x 100. We use the average of Y},
in each four month treatment period as our outcome
variable.”” A product is “treated” if it changes distri-
bution level in month ¢. We denote treatment status
with W; which is equal to 0 for a product that does not
change distribution level and equal to 1 for a product
that changes distribution level. There are 12 occasions
in our sample when a product can change distribution
level. We use r to denote each of these occasions. Thus,

— Yir(o)/ if Wir = 0/
ir= Yir(]-)/ lf Wir = 1.

For a treated product we observe Y;,(1) but we do not
observe the potential outcome Y;,(0). For each treated
product we determine the “most similar” untreated
product Y;,(0) and use the outcome for this product
as our measure of Y;,(0). We use Mahalanobis weight-
ing of three continuous variables as described below to
find the closest product. We use the matrix X to denote
these three variables.

Abadie and Imbens (2006) show that differences in
covariates between the treated products and the con-
trols can lead to a bias of matching estimators, even
in large samples. Abadie and Imbens (2011) propose a
bias-corrected matching estimator where the Y;,(0) is
adjusted for differences in the values of the covariates
between the treated products and the controls. Define
p1 = E(Y(1) | X = x) and use ordinary least squares
(OLS) on the matched sample to estimate f1,. Following
Abadie and Imbens (2011) we thus examine

er + ﬁl(Xir) - ﬁl(Xjr)/ if Wir = 0/

Y.

Yir(wi‘r) = { ifW. =1

and estimate the average treatment effect on the treated
product, which is defined as"

ATET = E[Y,,(1) - Y,,(0) | W, =1]. (1)
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Figure 1. (Color online) Average Monthly Sales Volume for Products by Level of Distribution, Systembolaget 2006-2011
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Two key assumptions underlie the consistent esti-
mation of treatment effects using matching estimators.
One is that the probability of treatment, the propensity,
is bounded away from 0 and 1 in support of the covari-
ates such that each product has a positive probability
of being treated. This is sometimes referred to as the
overlap assumption: 0 <Pr(W;, =1]X,, =x) < 1.

The second key assumption is unconfoundedness
(or conditional independence, selection on observ-
ables). Conditional on the covariates X, the assign-
ment to treatment is independent of the outcome:
(Yir(o)/ Yir(l))lwir | Xir'

Below we describe how the decision to change dis-
tribution of a product is made in Systembolaget and
whether the assumptions on overlap and unconfound-
edness are likely to hold in the current setting.

3.1. The Decision to Change Distribution

Tier in Systembolaget
According to its rules, Systembolaget evaluates prod-
ucts based on three criteria only: volume, availabil-
ity, and markup. First, we will describe the timing of
events; then we describe the variables.'

Twice a year, on April 1 and October 1, changes in
the distribution take effect. Whether a product changes
its distribution level depends on its performance in
the pre-change period, which ends two months before
the possible change in distribution. For instance, Sys-
tembolaget bases the April 1 change in distribution on
variables measured up to January 31 of that year as
illustrated in Figure 2. While the decision to expand

the distribution is forward-looking, the specified crite-
ria are essentially backward-looking; in particular the
measure of volume is historical rather than a projec-
tion. The reason for the backward-looking criteria is
that projections and expectations are hard to verify and
more open to argument.

We measure the market share by volume per month
for the four months following the change and call this
the treatment period. We index treatment periods by r;
r — 1 refers to the pre-change, or selection, period for r.
The outcome variable is thus Y;,. The treatment period
for one change will also serve as the selection period for
the next change. The fact that Systembolaget decides
on retail distribution two months before it takes effect
implies that we observe sales for two months after
treatment has been determined but before it has been
implemented. The gap in time between selection and
treatment, what we call the pseudo outcome period, will
be used to assess unconfoundedness. We denote the
outcome in this period by Y! .

Next, we discuss the three criteria on which System-
bolaget matches products (volume, availability, and
markup) and how we operationalize those criteria. In
our matching estimator, we include average liters per
month in the pre-change period as the measure of vol-
ume. We expect that a higher volume is associated with
a higher probability to move up in the hierarchy and
with a lower probability to move down.

Availability aims to penalize products that run out
of stock. According to interviews with Systembolaget,
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Figure 2. The Timing of Changes; the Example of an April Change

Pseudo outcome
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period and March) period
A \ A
f ¥ Y \ .
T T Months

Start of pre-change
period (October 1)

Start of treatment
period: Changes in

distribution take
effect on April 1

End of pre-
change period
(January 31)

this is relatively rare but it was nevertheless a cri-
terion for retail distribution during the time of this
study. To capture this, we create a measure of volatil-
ity, the standard deviation of sales volume in the pre-
change period divided by the mean sales volume in the
pre-change period. We expect products with a higher
volatility to be less likely to move up and more likely
to move down.

All products have the same percentage markups;
more expensive products therefore have a higher abso-
lute markup measured in SEK. A product with a
higher markup is more likely to have a wider dis-
tribution since Systembolaget wants to avoid having
low price/high volume products become too domi-
nant. In our matching, we include average markup in
the pre-change period. This is calculated as a percent-
age markup on the wholesale price plus a small fixed
markup that depends on container size."”

We estimate the effect of six different changes in
retail distribution, i.e., three steps for widening distri-
bution by one tier (from T3 to T2, T2 to T1, and T1
to Base) and three for shrinking distribution by one
tier (from Base to T1, T1 to T2, and T2 to T3). For
each respective shift we set the sample to the products
that have the same distribution level in the pre-change
period. Thus, for examining the treatment effect of
widening distribution from T3 to T2 we set the sam-
ple to all products that are T3 in the pre-change period
r—1. We assign W =1 for a product that changes
from T3 to T2 at r and W =0 for the products that
remain at T3 in . In our estimation of treatment effects,
we pool all 12 treatment dates but apply nearest neigh-
bor matching within each pre-change period r —1.

Products are compared to each other within seg-
ments and we consider 20 such segments. Eight seg-
ments are for red and white wines respectively, i.e.,
wines in bottles with a price below 70 SEK; wines in
bottles with a price between 70 and 100 SEK; wines in
bottles with a price above 100 SEK; and wines sold as

End of treatment
period (July 31)

bag-in-box. One segment is for sparkling wines. Seven
segments are for beer: ales; dark lagers; light lagers in
bottles; imported light lagers in cans; domestic light
lagers in cans; specialty beer (such as Belgian Kriek);
and Weissbeer. Four segments are for spirits: Whiskey;
Vodka; Schnapps; and other spirits. For wine and beer
our definitions coincide well with Systembolaget’s seg-
ment but for spirits we use somewhat wider segment
categories; narrowing segments makes it harder to find
products that can serve as controls.'®

There are instances where a product jumps across
several distribution modules (for instance, from T2 to
Base). We have also estimated the treatment effect of
these larger changes. Results conform to expectations:
Widening distribution is associated with higher vol-
umes, and conversely for shrinking distribution; effects
are typically larger than when changing by just one
tier. However, 91% of changes are to the nearest tier.
Because of the possibility that the products selected
as controls differ from the products that receive such
exceptional treatment, we refrain from further analysis
of changes across more than one distribution tier.

As in most retail markets, the product assortment is
affected by considerable entry and exit."” Because dis-
tribution is based on sales in the pre-treatment period
we do not include current entrants in the estimations;
an entrant in, for instance, r — 2 will be included in the
sample in 7 — 1."8 Products can exit through various
mechanisms. Products that sell too little are dropped
(typically from T3 but may also exit from higher dis-
tribution levels). Exit may also occur for other rea-
sons such as shifting strategy by the wholesaler or cost
shocks. We do not try to examine the exit decision in
detail. Products that exit in period r are not included
in the sample in r — 1, but before this they are part of
the sample. Because product entry and exit may lead
to selection bias, we stress that here we only examine
the effects of “marginal” changes in retail distribution.
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Table 3. Logit Regressions for Wine

) @

®G) 4) ®) (©)

Variables T3 to T2 T2to T1 T1 to Base Base to T1 T1 to T2 T2 to T3
Volume 0.0338™ 0.0519 0.0242 —0.0123 —0.00744 —0.0249"
(0.0149) (0.0101) (0.00545) (0.00371) (0.00538) (0.0118)
Markup 0.00777* 0.00935 0.0295" —0.0385" —-0.0312" —0.00694
(0.00461) (0.00540) (0.00897) (0.00949) (0.0102) (0.00589)
Volatility —0.00503 —0.0165 —0.00522 —0.0417 —0.0341 —0.0343
(0.00786) (0.00891) (0.00829) (0.00943) (0.00856) (0.00793)
Rank —0.0472 —0.0309 —0.0485" 0.0884 0.0883 0.0322
(0.00674) (0.00652) (0.00987) (0.00836) (0.00764) (0.00349)
Growth —0.667" 0.00103 —0.000476 0.000744 —0.000287 0.00860
(0.315) (0.0526) (0.00701) (0.0287) (0.00250) (0.0272)
Advertising 0.109 —0.0165 0.00434 -0.110 —0.266™ -0.276™
(0.108) (0.0888) (0.0620) (0.0644) (0.0908) (0.132)
Constant -1.148" —4.479™ -3.566™ -1.128" -1.008" —1.440™
(0.671) (0.713) (0.597) (0.441) (0.383) (0.416)
Observations 1,591 2,181 1,882 2,488 2,014 2,305
Pseudo R2 0.0837 0.0763 0.0658 0.129 0.120 0.0871

Notes. Fixed effects for each segment are included in the specification. Standard errors are in parentheses. Volume in units of 1,000 liters.
Advertising in units of 1,000 SEK. Volatility measured as (standard deviation of liters)/(mean liters) x 100. Dependent variable equal to 1 if a
product moves as indicated by column headings. All explanatory variables measured for the pre-change period.

“p <0.10; "p < 0.05; ™p < 0.01.

Conceptually we may think of a curve relating distri-
bution to volume; we use matching methods to identify
the slope of that curve at three points.

A causal interpretation of results from a match-
ing estimator relies on the assumptions of “overlap”
and “unconfoundedness.” Next, we assess these as-
sumptions.

3.2. The Probability of Being Treated and
Assessing Overlap

The “overlap” assumption requires that treated prod-
ucts and controls should have overlapping probabili-
ties of being treated. One common way to evaluate this
is to examine the balance of covariates between treated
products and controls. We report this in Table A.3 in
the appendix, although it does not raise concerns. We
can also estimate the probability of treatment using
logit regressions and compare results for the treated
products with the population. The logit regressions are
also useful for evaluating the criteria that we exam-
ine and their link to treatment, i.e., a check that Sys-
tembolaget’s practices are in line with their stated pol-
icy. The estimated probability of treatment (propensity
score) can also be used as a basis for matching, but the
Mahalanobis matching on three criteria corresponds
closer to Systembolaget practices and performed better
in examinations of unconfoundedness.

In Table 3 we report the results from logit estimations
on wine. The dependent variable is in each case 1 if a
product is treated in period r and 0 otherwise. We also
include the mean sales rank in the pre-change period.

The product with the highest sales in a segment and
distribution level has rank 1, the second highest sell-
ing product has rank 2, and so forth. When estimating
the probability of treatment the rank is a useful mea-
sure of volume to include.” A priori, it cannot be ruled
out that Systembolaget also considers other variables
when shifting retail distribution. If Systembolaget did
a wider evaluation than that inferred by the three cri-
teria above, two other criteria suggest themselves. One
is advertising expenditure. To the extent that adver-
tising expenditure raises expected sales, this should
be associated with a higher probability for wider dis-
tribution. We also calculate product-specific trends in
market shares for the pre-change period to examine the
possibility that trends are an important determinant.
Apart from the reported coefficients we also include
fixed effects for the different segments.

In line with Systembolaget’s stated policy, markup
and volume are positively related to widening distri-
bution and negatively to narrowing distribution. Our
proxy for possible stock-outs, volatility, shows little
relation to widening distribution but a negative rela-
tion to the probability of narrowing distribution. The
latter is counter to our predictions but it must be noted
that volatility is likely to be a rather weak proxy for
the likelihood of stock-outs. In line with expectations
rank has strong predictive power: A higher rank (for
instance having rank 10 rather than rank 1 among red
wines sold in Bag-in-Box in r — 1) lowers the proba-
bility of achieving wider distribution and raises the
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Figure 3. (Color online) The Probability Density Functions for Treated (Solid Line) and Nontreated Wines (Dashed Line)

A 8
5 1 "

8 -

Density
Density
N
i

Density

o -
o
)

04 06 08 0 0.2
T3to T2

04 06 038 0 0.2 0.4 0.6 0.8
T2to T1 T1 to Base

Density
N
—
-
Density
N w
Density

N~
~
0 e 0 e 0
T T T T T T T T T T T T T T T
0 0.2 04 0.6 0.8 0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
Base to T1 T1to T2 T2t0 T3

probability of narrowing distribution. With one excep-
tion pre-change growth is not significantly related to
the probability of moving up or down in the distribu-
tion hierarchy. Overall the findings suggest that Sys-
tembolaget follows its policies closely: While products
that sell well are more likely to move up, it is the level
and rank of volume rather than their product specific
trends that appear to be driving movements. Although
advertising seems to have little relation to movements
up in the hierarchy, estimates for downward move-
ments are negative and significant. This suggests that
advertising may be playing a defensive role for wine,
helping to avoid a downgrade. Our estimates of the
causal effect that follow were essentially unaffected
by the inclusion of advertising, however. Qualitative
results are similar for beer and spirits but significance
levels are lower, possibly reflecting fewer observations
for those categories.

One way to illustrate the logit regressions and eval-
uate the overlap assumption is to plot the estimated
probability distributions for the treated and nontreated
wine (see Figure 3). While the estimated probability
density function for the treated is to the right of the
nontreated there is substantial overlap, suggesting that
it is plausible that for each treated product we can find
another control product that might have been treated
but was not.”

3.3. Assessing Unconfoundedness

The second key assumption in the matching frame-
work is that assignment to treatment is independent of
the potential outcomes, conditional on the pre-change
variables. One way to assess unconfoundedness is to
examine whether an alternative, “pseudo,” outcome,
which should not be affected by treatment, indeed
appears independent of treatment. A variable well
suited for such an analysis is average market share in
the two months after the distribution level has been
determined but before the change has taken effect as
discussed above. In Table 4 we present the estimates for
this pseudo outcome for wine. Point estimates of the
effect of treatment on the pseudo outcome are small.
To interpret the results, we use the fact that on aver-
age 12.8 million liters of wine are sold each month.
In one of six cases, the point estimate for the dif-
ference between treated product and control for the
“pseudo” outcome is statistically significant: For wine
moving from T3 to T2 it is around 256 liters per month
((0.002/100) x 12.8 million). This difference is small,
however, when set in relation to the average volume
per wine of 13,900 liters as seen in Table 1. The other
five changes in distribution have no statistically signifi-
cant effect on the “pseudo” outcome and the estimated
effects are very small, for instance the estimated effect
of moving from T2 to T1 corresponds to 77 liters per
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Table 4. Assessment of Unconfoundedness for Wine: The
Effects of Treatment on Pseudo Outcome (the Market Share
of a Product After a Decision to Treat But Before Treatment
Has Been Implemented)

Market share (percent)

Change in Not Pseudo-
distribution matched T{eated Controls treatment ¢-statistic
module ny(o) Y/ (1) }7,.’,_(0) effect P(t) N

T3to T2 0.0234 0.0408 0.0388 0.0020 284 191
(0.0079) (0.0914) (0.0885) (0.0096)  0.005
T2to Tl 0.0526 0.1084 0.1078  0.0006 027 199
(0.0061) (0.1873) (0.1871) (0.0291)  0.783
TltoBase 0.1116 0.1704 01669 0.0035 116 198
(0.0175) (0.2795) (0.2830) (0.0428)  0.245
Baseto Tl  0.2567 0.1562 0.1565 —0.0003 —-0.13 269
(0.0113) (0.2247) (0.2230) (0.0366)  0.900
T1to T2 0079 0.1024 0.1020  0.0003 023 308
(0.0215) (0.1482) (0.1463) (0.0249)  0.818
T2to T3 0.0535 0.0370 0.0366 0.0004  0.63 313
(0.0064) (0.0615) (0.0588) (0.0113)  0.530

Notes. The treatment effect is ATET defined in Equation (1). Outcome
variable Y" is the average market share (in percent) in the two months
after the decision to treat has been taken but before it has been imple-
mented. N denotes the number of treatments in the estimation (same
products as in Table 5). Standard deviations are in parentheses.

month. Also, for beer and spirits, the differences are
typically not statistically significant and economically
small, as seen in Tables A.1 and A.2 in the appendix.

We conclude that the setting appears well suited for
applying matching methods. We have the largest num-
ber of observations for wine, which is the category
where our examinations of overlap and unconfound-
edness look particularly good. Although we do not
see any grave concerns for beer and spirits, we believe
that including these categories provides a richer pic-
ture than a unique focus on wine.

4. Results

In Table 5 we present the outcome of the analysis
for wines. The first column shows the average market
share by volume in the treatment period for products
that are part of the population but which were not
matched. Thus, for example, wines that had T3 distri-
bution in the pre-change period and were not matched
had an average market share of 0.027%. The second
column shows the market share for the treated (Y,,(1));
the third column gives the bias-adjusted market share
for the products that act as controls (Y;,(0)). We see
that the (bias-adjusted) market share for the controls
is substantially higher than for the non-matched as we
consider movements up; products that are similar to
those that are moved up in the distribution chain do
better than more “ordinary” products. For instance, in
the move from T2 to T1, the controls have a market
share of 0.104%, which is substantially higher than the
market share for the non-matched, at 0.058%.

Table 5. Wine: The Effects of Changes in Distribution on
Market Share

Market share (percent)

Change in Not
distribution matched Treated Controls Treatment f-statistic

module Y;,(0) Y, 1) Y,(0) effect P(t) N

T3 to T2 0.0267 0.0518 0.0345 0.0174 724 191
(0.0085) (0.1059) (0.0759) (0.0331) 0.000

T2to T1 0.0578 0.1228 0.1038 0.0190 3.70 199
(0.0077) (0.2086) (0.1787)  (0.0723) 0.000

TltoBase 0.1179 0.1826 0.1561 0.0266 5.49 198
(0.0179) (0.2815) (0.2555) (0.0681) 0.000

BasetoT1  0.2323 0.1395 0.1510 -0.0115 -2.67 269
(0.0125) (0.2047) (0.2165)  (0.0709) 0.008

T1 to T2 0.0972  0.0824 0.0977 —0.0153 -6.02 308
(0.0182) (0.1209) (0.1439) (0.0446) 0.000

T2 to T3 0.0473  0.0225 0.0347 -0.0122 -9.82 313

(0.0067) (0.0402) (0.0574)  (0.0220) 0.000

Notes. The treatment effect is ATET defined in Equation (1). N de-
notes the number of treatments in the estimation. Standard devia-
tions are in parentheses.

To test whether the treatment effect is statistically
significant we use a t-test; P(t) gives the significance
level. As seen, the treatment effects are statistically
significant at the 1% level across all treatments. The
treatment effect is also economically important in all
cases. Moving from T3 to T2 raises the volume by 50%
(0.0174/0.0345). Similarly, moving from T2 to T1 raises
the volume by some 18%, and from T1 to Base by
some 17%. As expected, widening distribution raises
volumes and shrinking distribution lowers volumes.
We discuss the pattern in Section 5.

In Table 6 we present the corresponding outcomes
for beer. The results are as for wine: An increase in
retail distribution raises volumes and shrinking retail
distribution lowers volumes. The effects are large and
statistically significant, with the exception of moves
between Base and T1, which are imprecisely estimated.
This is one instance where the bias adjustment due to
Abadie and Imbens (2011) is binding. Not adjusting for
the bias of a matching estimator would, for this case,
result in an estimated treatment effect of 0.35 for move-
ment from T1 to Base and —0.11 for demotion from
Base to T1, both significant at the 5% level. Although,
overall the bias adjustment does not affect the qualita-
tive pattern, it is intuitive that it is binding for precisely
this kind of change, when there are relatively few prod-
ucts available to use as controls (i.e., beer that is sold in
all or almost all stores only) and the treated products
differ from the controls in terms of covariates.

In Table 7 we present the corresponding outcomes
for spirits. Again, the patterns are as for wine and beer:
Wider distribution raises volumes sold; shrinking dis-
tribution lowers volumes sold. The effects are econom-
ically large and statistically significant.
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Table 6. Beer: The Effects of Changes in Distribution on
Market Share

Market share (percent)

Change in Not
distribution matched Treated Controls Treatment ¢-statistic

module Y;,(0) Y, (1) Y,.(0) effect P(t) N
T3 to T2 0.0793  0.1371  0.0930 0.0441 3.16 31
(0.0348) (0.2028) (0.1425)  (0.0778) 0.004
T2to T1 0.1722  0.3227 0.2154 0.1073 3.55 29
(0.0349) (0.3522) (0.2448)  (0.1628) 0.001
T1toBase 0.4210 1.1616 1.1551 0.0065 0.11 26
(0.0557) (1.4599) (1.5295) (0.3082) 0.915
Base to T1 1.0058 0.5478 0.5797 -0.0318 -0.86 49
(0.0685) (0.5989) (0.6324)  (0.2602) 0.396
T1 to T2 0.3899  0.2193 0.2664 —0.0471 —-4.34 50
(0.0643) (0.2213) (0.2598)  (0.0766) 0.000
T2to T3 0.1438 0.0800 0.1157 -0.0357 -4.84 60

(0.0305) (0.0913) (0.1315)  (0.0570) 0.000

Notes. The treatment effect is ATET defined in Equation (1). N de-
notes the number of treatments in the estimation. Standard devia-
tions are in parentheses.

Table 7. Spirits: The Effects of Changes in Distribution on
Market Share

Market share (percent)

Change in Not
distribution matched Treated Controls Treatment t-statistic

module Y;,(0) Y, (1) Y, (0) effect P(t) N

T3 to T2 0.0387 0.0793  0.0492 0.0301 6.04 44
(0.0092) (0.0691) (0.0427) (0.0331) 0.000

T2to T1 0.0871 0.1651 0.1195 0.0456 457 38
(0.0091) (0.1817) (0.1273) (0.0615) 0.000

T1 to Base 0.2028 0.3011 0.2664 0.0347 3.54 44
(0.0612) (0.2937) (0.2666)  (0.0652) 0.001

Base to T1 0.6143  0.2233 0.2377 —0.0144 -1.67 81
(0.0553) (0.2292) (0.2513) (0.0777) 0.098

T1 to T2 0.1874 0.1014 0.1160 —0.0146 —445 72
(0.0321) (0.0848) (0.0963) (0.0278) 0.000

T2 to T3 0.0800 0.0408 0.0529 -0.0121 -4.14 68
(0.0136) (0.0361) (0.0441)  (0.0240) 0.000

Notes. The treatment effect is ATET defined in Equation (1). N de-
notes the number of treatments in the estimation. Standard devia-
tions are in parentheses.

5. The Sales Volume Elasticity of

Retail Distribution
Panel I of Table 8 shows the percentage change in mar-
ket share by volume set in relation to the percentage
change in turnover weighted distribution levels. To
aid comparisons to other market settings and com-
parisons between widening and shrinking distribu-
tion we calculate all percentage changes at the mid-
point.?! The elasticities summarized in Panel I are
computed using the matching estimates presented in
Tables 5-7. For comparison, Panel II shows purely
cross-sectional “elasticities,” relating the percentage

change in mean volume (as reported in Figure 1) to
the percentage change in turnover weighted distribu-
tion levels. Panel III relates the causal estimate of the
percentage change in market volume to the percentage
change in the number of stores that carry a product for
a change distribution.

First, we observe that the cross-sectional elasticities
in Panel II are much higher than the corresponding
causal estimates in Panel I. Our estimates of the causal
effects are, roughly speaking, an order of magnitude
lower than the cross-sectional estimates. This high-
lights the fact that caution should be exercised if one
is to give cross-sectional elasticities a causal interpreta-
tion in other markets.

The elasticities shown in Panel I of Table 8 sug-
gest that sales are convex in turnover weighted retail
distribution; the wider the distribution, the greater
the percentage change in sales volume from further
expansion. Whether there are increasing (“convex”) or
decreasing (“concave”) returns to increases in retail
distribution has been the subject of substantial theoret-
ical interest. We examine this in the next section.

5.1. Push and Pull Factors as a Possible
Source of Convexity

The academic literature shows that a convex relation
can result from the interplay of “push” and “pull” fac-
tors (Farris et al. 1989). On the push side, Farris et al.
(1989) highlight two factors, i.e., distribution and in-store
attractiveness. Distribution is our key variable of inter-
est: It is the impact of changes in this factor that we
measure. On in-store attractiveness, there is little or
no scope for a systematic relationship between a prod-
uct’s in-store attractiveness and firm strategies in the
market that we study: Because the rules governing Sys-
tembolaget limit differential product treatment, these
mechanisms are largely shut down in our setting. More
generally, other push side factors are likely to be weak
in this setting. In many markets in-store attractiveness
can be affected by competitive interactions between
retailers selling the same product. In our setting, the
retail monopoly has relatively few stores charging the
same prices: Inter-store competition is limited. “Push”
factors, apart from distribution per se, are weak. The
explanation for the convex pattern should therefore
come from “pull” factors.

On “pull” factors, Farris et al. (1989) consider unmod-
ified preferences and resistance to compromise. Here, we
consider unmodified preferences first. If consumers
have a strong preference for a product, then that prod-
uct is more likely to sell well; in turn, preferences may
be affected by retail distribution. One possible mech-
anism is that preferences are partly shaped by habit.
We may, for instance, grow accustomed to particular
brands or develop an appreciation for wines of a cer-
tain origin or type.” For the time period that we study,



Downloaded from informs.org by [216.73.216.144] on 14 July 2026, at 10:07 . For personal use only, all rights reserved.

636

Friberg and Sanctuary: Retail Distribution and Sales of Alcoholic Beverages

Marketing Science, 2017, vol. 36, no. 4, pp. 626—-641, © 2017 The Author(s)

Table 8. The Volume Elasticity of Retail Distribution

1. Marginal effect (turnover weighted)

Wine Beer Spirits
Up Down Up Down Up Down
Between T3 and T2 0.12 -0.13 0.12 -0.11 0.15 -0.08
Between T2 and T1 0.21 -0.21 0.51 -0.24 0.39 -0.16
Between T1 and Base 0.62 -0.32 N.S. N.S. 0.47 -0.25

II. Cross-sectional “elasticity” (turnover weighted)

Wine Beer Spirits
Between T3 and T2 1.06 0.94 1.04
Between T2 and T1 3.14 4.08 3.79
Between T1 and Base 11.54 13.41 13.39
III. Marginal effect (number of stores)
Wine Beer Spirits
Up Down Up Down Up Down
Between T3 and T2 0.14 -0.15 0.14 -0.13 0.17 -0.09
Between T2 and T1 0.08 -0.09 0.20 -0.18 0.16 -0.06
Between T1 and Base 0.15 -0.08 N.S. N.S. 0.12 -0.26

Notes. The elasticities are computed by taking the ratio between the change in sales from a change in distribu-
tion (from Tables 5-7) and the appropriate change in distribution (from Table 2). Panels I and II are computed
using turnover weighted retail distribution; Panel III is computed using the number of stores. N.S. denotes
the case where the change in volume was not statistically significant from 0 at the 10% level.

the four months following a change in retail distribu-
tion, it seems implausible that the effects of retail distri-
bution on unmodified preferences via habit formation
are strong enough to be the main drivers of the convex-
ity of sales that we see in this market.

In simple economic models of choice, consumers are
aware of all products and know the intrinsic value that
they attach to any of them. This simplification, while
convenient, may be especially inappropriate for prod-
ucts such as alcoholic beverages, a large number of
which can be characterized as experience products. As
noted by Nelson (1970): Consumers only know their
valuation of such a product after having tried it. How-
ever, consumers may still have beliefs about the intrin-
sic valuation of a product. Such beliefs may be affected
by changes in their information set which, in turn,
might be triggered by changes in retail distribution.
For instance, expert reviews or reports in social media
could be triggered by widening distribution. Friberg
and Gronqvist (2012) examine the impact of expert
newspaper reviews on wine sales using Systembolaget
data for 2002 to 2006. They find that positive reviews
have a significant positive effect on sales, while the
effect of neutral or negative reviews is small. If widen-
ing distribution triggers a positive review, this would
then be a conduit by which widening distribution
increases sales volume. Evaluated at the means, their
estimates imply that volume in the treatment period is
3.4% higher because of a favorable review.” Although

favorable reviews could contribute to the positive effect
of widening distribution, we do not expect this to be
the main mechanism driving the convexity of sales.
In particular, there is evidence that sales are convex
in shrinking distribution as well; it is harder to envi-
sion reviews as a key driver of that result. Advertising
responses by wholesalers/producers could in princi-
ple also shape preferences and be an important expla-
nation for the patterns. However, in specifications that
include advertising expenditure, qualitative patterns
are the same. Moreover, as noted by Friberg and Gron-
qvist (2012), reviews are a much stronger force on short
run demand in this market than advertising.**

Resistance to compromise, i.e., the willingness of
consumers to substitute their ideal product for another
when their ideal product is not available, is a mech-
anism that could be driving the convexity of sales in
distribution. In the words of Reibstein and Farris (1995,
p- 193) “added distribution provides access not only
to the customers who prefer the brand, which would
be the linear impact, but also to the other unavailable
brands’ consumers.” In the market for alcoholic bev-
erages in Sweden, there are a large number of prod-
ucts and it is plausible that consumers have a relatively
low resistance to compromise.” The stocking rule that
stores follow is key to the interaction between the cur-
vature of the distribution elasticity and resistance to
compromise. Next, we provide a closer examination of
this interplay.
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5.1.1. The Stocking Rule and Convexity. Systembo-
laget applies a store class dependent stocking rule.
When a product achieves wider distribution, it be-
comes available at successively smaller stores with
smaller assortments. The richness of our data allows us
to directly observe Systembolaget’s stocking rule. For
example, the number of U.S. red wines stocked by store
type in July 2010 is increasing with store size. There are
4, 8, 23, and 30 U.S. red wine products sold in small,
medium, large, and extra-large stores, respectively.

We find that the stocking rule is sufficient to gener-
ate a sales volume function that is convex in turnover
weighted retail distribution. Application of the stock-
ing rule means that as a product’s distribution widens,
it competes with successively fewer products. As we
document below, widening distribution means the
product accesses markets where there are fewer con-
sumers with lower income. A product that moves to
a wider distribution takes a larger share of a smaller
pie. When the effect of fewer competing products dom-
inates the effect of fewer, low-income consumers, we
find that sales can be a convex function of distribution,
other push-pull factors notwithstanding.

To illustrate these countervailing effects for wine,
consider a standard model of demand in a monopo-
listically competitive market, as shown by Dixit and
Stiglitz (1977). Assume that at each store there are a
number of k consumers who each spend E; on wine,
where f denotes the size of the store.

Dixit-Stiglitz demand for a single consumer for a
particular product i is
pi’

D,=—"ti
v 2jeq; le'_o

Ef, jle,

where j denotes a product in the set of available prod-
ucts Q; in a store of size f; 0 denotes the elasticity of
substitution; and p denotes prices.

Suppose all varieties are equally priced across all
stores so that p; = p and there are 1, products in store f.
The quantity demanded for each product in store f is
then given by

-0 E k
nep't=e nep

This latter demand equation describes how volume
sold varies with store size and consumer expenditures.
Product demand is increasing in expenditure and the
number of consumers, but decreasing in the number of
products offered by the store.

For Systembolaget, the smaller the municipality, the
smaller the store, and the smallest stores are in sparsely
populated areas where per capita incomes are lower.
Table 9 provides summary statistics of category level

Table 9. Summary Statistics on Annual Store Level Data

Store Wine Beer Spirits
size Variable mean S.D. mean mean

XL Liters sold per store 772,379 366,681 875,953 104,619
By municipality
Liters per capita 23.85 32.52 25.33 3.28
Income per capita ~ 225.91 31.17
People per store 31,237 11,666
L Liters sold per store 412,828 133,750 546,514 66,090
By municipality
Liters per capita 18.86 7.77 23.58 2.85
Income per capita  220.43 24.71
People per store 26,851 9,774
M Liters sold per store 220,199 170,781 343,375 44,786
By municipality
Liters per capita 17.59 27.61 25.09 3.34
Income per capita ~ 204.68 18.57
People per store 17,844 8,788
S Liters sold per store 86,326 33,461 213,609 24,237
By municipality
Liters per capita 11.32 477 27.71 3.14
Income per capita ~ 195.53 11.86
People per store 9,586 5,299

Notes. The summary statistics are for annual store-level data for July
2003 to July 2004 using data from Asplund et al. (2007). The statis-
tics per municipality are computed contingent on a given store type
being in the municipality. Income is average annual income in ‘000
SEK for persons older than 20 for 2004.

Source. Systembolaget and Statistics Sweden.

sales at the store level by municipality.”® The first row
for each store class reports outcomes on volume sold
during a year. Larger stores sell more wines, beer, and
spirits on average. For instance, an extra-large store on
average sold 772,379 liters of wine in a year, which can
be compared to 412,828 liters for large stores, 220,199
liters for medium stores, and 86,326 liters for small
stores. This conforms to expectations.

We aggregate sales for each store class in a municipal-
ity and report the number of liters sold per inhabitant
in the municipality. Smaller stores tend to be in munic-
ipalities where less wine is sold per capita. By contrast,
liters of beer and spirits sold per capita in the munic-
ipality are roughly independent of store size. To the
extent that this is due to preferences, the diminishing
sales of wine per capita in smaller stores would sug-
gest that wine sales would be concave in distribution,
not convex.

We also report the income per capita and number
of consumers per store in the respective municipali-
ties. Average income is lower for smaller stores in the
municipality. Previous studies indicate that alcoholic
beverages are normal goods, in Sweden and elsewhere
(see, e.g., Asplund et al. 2007). Lower average incomes
in municipalities with smaller stores would lead to
lower demand per consumer in smaller stores. Finally,
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we observe that there are fewer consumers per store
in the municipalities with smaller stores. Both of these
features would tend to work against a convex pattern,
i.e., progressively lower demand in the progressively
smaller stores, or a smaller pie to divide in the smaller
stores. Expressed in terms of the Dixit-Stiglitz model:
Lower expenditure per capita E ;; and fewer consumers
per store k. All else equal, these features suggest that
sales for a product D should be a concave function of
widening distribution.

However, product level sales in a store also depend
on the number of products stocked (7). Systembo-
laget’s stocking rule is such that smaller stores stock
fewer products. The effect on sales of widening distri-
bution to smaller stores is convex if the stocking rule
(1) dominates the effects of expenditure (E;) and con-
sumers per store (k). With Dixit-Stiglitz demand, fewer
consumers and lower demand per consumer in small
stores can be offset by fewer competing products in
these smaller stores. For instance, in the extra-large
stores there are on average 918 wines whereas in the
small stores there are 253 wines as seen in Table 2.
Other things equal, achieving 1/918 of category sales is
less than receiving 1/253 of category sales. Each prod-
uct is thus likely to receive a larger share of the pie in
the smaller stores.

Panel III in Table 8 shows distribution elasticities in
terms of percentage changes in the number of stores that
carry a product. These elasticities suggest a flat pattern.
Around a quarter of the stores are in each size class and
the flat elasticity with respect to the number of stores
suggest that the number of products offered shrinks
so as to broadly cancel out the effects of lower store-
level demand. However, the smallest 23% of stores only
account for some 6% of sales. With a more common
measure of the distribution elasticity (which takes into
account how much different stores sell) the relation
becomes convex. In Section 6, we offer some observa-
tions about the extent to which these findings are likely
to generalize to other retail markets.

On a final note, we acknowledge that consumers
reached in the small stores may have different prefer-
ences than those reached in the larger stores. Although
we abstracted from this in the discussion above, and
in the sketch of Dixit-Stiglitz demand, preference het-
erogeneity may influence the shape of the relation
between retail distribution and sales. We hope to have
shown that a convex relation between retail distribu-
tion and sales volume can be explained by System-
bolaget’s stocking rule, rather than by the number
of consumers reached and their respective incomes
as retail distribution expands to successively smaller
stores. Systematic differences in preferences may affect
the strength of this observed pattern. This would be
an interesting question to investigate in future research
if researchers can gain access to product sales at the
store level.

6. Concluding Remarks

We use detailed data provided by the Swedish retail
monopolist for alcohol, Systembolaget, and the partic-
ular institutional features of this market, to identify
and characterize the causal effect of retail distribution
on the volume of alcohol sales. Wider retail distribu-
tion has a large, statistically significant effect on vol-
umes sold. While the relation is intuitive, discrete shifts
in retail distribution are not a common feature of retail
markets. Identifying the causal effect in other markets
may then need to rely on stronger assumptions: Evi-
dence presented here may serve as a useful comple-
ment to evidence from such markets.

We highlight three features of our study that are
likely to be important in taking our findings to other
retail markets. First, retail elasticities are likely to differ
according to product type: Per se, there is little to sug-
gest that effects should be the same for relatively cheap
convenience products such as wine or beer versus high-
priced items such as a new car where consumers are
likely to engage in a substantial search before purchas-
ing.27 Second, to an uncommon degree, our estimates
exclude any measures related to in-store attractiveness
that correlate with retail distribution. An endogenous
response by retailers and brand owners to expanded
distribution is likely to further increase the volume
effect of expanded distribution, suggesting larger pre-
dicted effects in markets where such responses are
important. Third, we measure the change in sales vol-
ume in the four months following a change in retail
distribution. We thus capture the relatively short run.
Long-run elasticities are likely to be higher as they
also capture habit formation as consumers grow accus-
tomed to particular brands.

The results indicate that a stocking rule where distri-
bution starts in the stores with the largest assortments
and expands to stores with progressively smaller as-
sortments is sufficient to generate a sales volume func-
tion that is convex in turnover-weighted retail distri-
bution. Is this finding likely to translate to other retail
markets? Although discussing the generalizability of
our results is somewhat speculative, we note that some
of the features of Swedish retail distribution of alcohol
are commonly observed in other retail markets. Key to
the convexity in the present setting is that a few brands
are available in all stores and large stores carry a wider
assortment, which includes products found in smaller
stores. Such patterns are common: Reibstein and Farris
(1995, p. 190), for instance, state that “in the typical
convenience goods distribution system there are a few
large outlets that stock many brands and numerous
smaller outlets that stock the leading brands only.”
Hwang et al. (2010) establish that for U.S. supermarkets
there is a set of top selling products that account for
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half of all sales and that are available at almost all stores
and that larger stores carry larger assortments within a
given category. The factors that generate the convexity
in the setting we study are therefore also likely to play
a role in many other retail markets.

One aspect that could affect the portability of results
is that Sweden has a relatively low income dispersion
and has long been seen as relatively homogeneous.
This would point to sales that are relatively similar
across stores, which would dampen the extent to which
smaller stores address very different consumer groups
than larger stores. An indication that such differences
play a limited role in some other settings comes from
Briesch et al. (2009) who note that in many markets
for convenience goods the links between total category
sales in a store and the number of products available
in that category are weak.
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Appendix

A.1. Assessment of Unconfoundedness for
Beer and Spirits

Table A.1. Assessment of Unconfoundedness for Beer: The
Effects of Treatment on Pseudo Outcome (the Market Share
of a Product After a Decision to Treat But Before Treatment
Has Been Implemented)

Market share (percent)

Change in Not Pseudo-
distribution matched Tr~eated antrols treatment t-statistic
module Y/’,(O) Y/ (1) Y/ (0) effect P(t) N

T3to T2 0.1146 0.1138 0.1011  0.0127 271 31
(0.0355) (0.1686) (0.1508) (0.0261)  0.011
T2to T1 0.1953  0.2636 0.2438  0.0198 222 29
(0.0396) (0.2871) (0.2632) (0.0479)  0.035
TltoBase 04627 11637 1.1458  0.0179 040 26
(0.0618) (1.4921) (1.4637) (0.2266)  0.690
BasetoT1  1.1436 0.5988 0.5784  0.0204 078 49
(0.0841) (0.6607) (0.6684) (0.1829)  0.439
T1to T2 0.4469 02519 02587 —-0.0068 —0.83 50
(0.0654) (0.2457) (0.2550) (0.0581)  0.412
T2to T3 0.1857 0.1214 0.1243 -0.0029 -0.97 60
(0.0399) (0.1354) (0.1413) (0.0232)  0.335

Notes. The treatment effect is ATET defined in Equation (1). Outcome
variable Y is the average market share (in percent) in the two months
after the decision to treat has been taken but before it has been imple-
mented. N denotes the number of treatments in the estimation (same
products as in Table 6). Standard deviations are in parentheses.

Table A.2. Assessment of Unconfoundedness for Spirits:
The Effects of Treatment on Pseudo Outcome (the Market
Share of a Product After a Decision to Treat But Before
Treatment Has Been Implemented)

Market share (percent)

Change in Not Pseudo-

distribution matched Treated Controls treatment ¢-statistic

module Y, (0) Y,.’r(l) Y{r 0) effect P(t) N

T3 to T2 0.0444  0.0630  0.0586 0.0045 2.36 44
(0.0108) (0.0570) (0.0576) (0.0125) 0.023

T2to T1 0.0962  0.1510  0.1444 0.0066 1.37 38

(0.0078) (0.1756) (0.1530) (0.0295)  0.178
TltoBase 02078 03071 02982  0.0089 159 44
(0.0230) (0.3315) (0.3184) (0.0371)  0.119
Baseto Tl  0.6710 02506 0.2431  0.0075 159 81
(0.0331) (0.2813) (0.2792) (0.0424)  0.116
T1 to T2 02154 0.1233 0.118  0.0047 257 72
(0.0258) (0.1122) (0.1147) (0.0156)  0.012
T2to T3 0.0968 0.0608 0.0590 0.0018  1.04 68
(0.0099) (0.0567) (0.0541) (0.0144)  0.303

Notes. The treatment effect is ATET defined in Equation (1). Outcome
variable Y" is the average market share (in percent) in the two months
after the decision to treat has been taken but before it has been imple-
mented. N denotes the number of treatments in the estimation (same
products as in Table 7). Standard deviations are in parentheses.

A.2. Covariate Balance

Matching methods require that treated and nontreated prod-
ucts have positive probabilities of being treated. One way
to evaluate this is to examine if the covariates are relatively
balanced between the treated products and the products

Table A.3. Normalized Difference in Covariates (Ay)
Between Treated Products and the Full Sample and Between
Treated and Control Products

Liters Markup Volatility

Treated- Treated- Treated- Treated- Treated- Treated-
pop. control  pop. control pop.  control

1. Wines
T3 to T2 0.22 0.08 -0.08 0.03 -0.07 0.08
T2to T1 0.26 0.11 0.01 0.04 -0.16 0.03

T1toBase  0.20 0.10 0.09 0.04 -0.08 0.02
BasetoT1 -0.24 -0.05 0.03 -0.01 -0.08 0.02
T1 to T2 -0.02 -0.02 -0.05 -0.01 -0.12 0.02
T2t0 T3 -0.19 -0.06 0.10 0.05 -0.12 -0.05

II. Beers
T3 to T2 0.15 0.17 -0.01 0.07 -0.28 0.11
T2to T1 0.25 0.07 -0.04 0.02 —0.40 -0.28
T1 to Base 0.47 0.25 -0.10 -0.09 -0.29 -0.08
Baseto T1 -0.32 -0.09 -0.01 -0.01 0.01 0.09
T1 to T2 -0.36 -0.24 0.02 0.03 -0.12 0.22
T2 to T3 -0.24 -0.16 0.08 0.06 -0.21 0.11
III. Spirits
T3 to T2 0.36 0.32 -0.10 -0.02 —-0.08 0.06
T2to T1 0.28 0.25 -0.07 -0.02 -0.15 0.05
T1 to Base 0.22 0.06 0.03 0.02 -0.04 0.00
Baseto T1 -0.49 -0.19 0.07 —-0.01 0.09 0.01
T1 to T2 -0.37 -0.18 0.17 0.02 -0.07 -0.02
T2 to T3 -0.38 -0.10 0.09 0.08 -0.17 -0.02
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that serve as controls. Following the suggested roadmap for
implementing a matching estimator in Imbens (2015) we may
therefore assess covariate balance. If the covariates are rela-
tively balanced between treated products and controls, this is
an indication that they are similar enough for the controls to
live up to their name. We thus calculate the normalized dif-
ferences in covariates X where T denotes treated, C controls,
s standard deviations, and an overbar denotes the mean

Xr=X¢

1I(s%+s%)/2'

Imbens and Rubin (2015) suggest that if the normalized
difference is below 0.25 then the covariate balance is not
a major reason for concern. In Table A.3 we report the
normalized differences between treated on one hand and
nontreated at large as well as the control products chosen by
our Mahalanobis matching. While differences are sometimes
substantial relative to all the nontreated, they are generally
small relative to the products that act as controls; only in 2 of
54 cases are they strictly above the 0.25 threshold (for move-
ments from T2 to T1 for beer and from T3 to T2 for spirits).

Ay =

Endnotes

T A number of these mechanisms were adopted in conjunction with
Swedish accession to the European Union (EU) in 1995 to ensure
that the retail monopoly could not be used to distort competition
between producers and would be compatible with the internal mar-
ket. The Swedish Competition Authority monitors Systembolaget on
behalf of the EU Commission and produces two reports every year
on Systembolaget’s compliance with the rules on non-differential
treatment.

2The regular assortment makes up between 95.7% (in 2006) to 97.4%
(in 2011) of total volume sold in Systembolaget. The bulk of the
remaining sales stem from the temporary assortment, mostly sea-
sonal products or small shipments of high end wines. Systembolaget
also maintains a catalog of products that are available on order only,
which accounts for less than 1% of sales volume across years.

3In cases where several products are affected (an advertisement for
Absolut Vodka will, for instance, affect all of the products sold under
this brand) we split the advertising expenditures according to sales
volume.

4 As one comparison, for 2008 Advertising Age reports a U.S. adver-
tising to sales ratio of 6.7% for the beverage industry (SIC 2080) and
6.2% for wine, brandy, and spirits (SIC 2084).

5For more information on the purpose of Systembolaget, see http://
www.systembolaget.se/english/. The description of Systembo-
laget’s practices is based on discussions with representatives for
Systembolaget but also on information from their yearly reports on
“launch plans” (see Systembolaget 2012) and the bi-annual reports
from the Swedish Competition Authority (see Konkurrensverket
2012).

Chttp: //www.systembolaget.se/english/purchasing-process/
(accessed November 13, 2015).

7See, for instance, Nijs et al. (2010) on the effects of trade promotions.

8For evidence on the effects of such in-store measures to increase
sales, see, for instance, Nakamura et al. (2014) on end-of-aisle dis-
plays or Hilger et al. (2011) on posting reviews in stores.

90n average there are some 0.44 stores per 10,000 inhabitants. We
may compare this to the corresponding store density for two U.S.
states with somewhat similar alcoholic monopolies: Utah (0.2 stores
per 10,000 inhabitants) and Pennsylvania (1.4 stores per 10,000 inhab-
itants) as reported in 2010 by http://www.healthindicators.gov/.

Sweden has about twice the land area of Utah and four times that of
Pennsylvania.

10Until October 2009, there was one additional level of distribution
in the regular assortment: T4, which was distributed in 45 stores. The
share of this category was at its largest in 2006, when it accounted
for 1.6% of volume. A large number of these products were switched
to T3 in October 2009, which makes it harder to identify the effect of
distribution on sales from the switch between T4 and T3. We there-
fore do not use this source of variation and include only products in
the Base to T3 distribution.

M Gince February 2011, consumers can also pre-order using the
Internet.

2Normalizing volume by category sales eases interpretation but,
qualitatively, results are the same if we instead define the outcome
variable Y}, in terms of liters of product i sold.

3We use the teffects nnmatch command in STATA and apply the
biasadj option.

14 The practices that we describe here changed in 2013. The basic
principles were maintained but changes are now possible four times
per year and the number of store formats have increased.

15The relation between consumer price per liter (p) and wholesale
price (p,;) is as follows: p = p,,;, X (1.25 X (1 + percm)) + (perconm +
taxperliter) x 1.25 where 0.25 is the value added tax; percm is System-
bolaget’s percentage markup which was 23% until August 2006 after
which it was lowered to 19%; perconm is a fixed per-container charge
of minor quantitative importance: For a regular bottle of wine, for
instance, it is 3.5 SEK, amounting to less than 50 cents (U.S.) per bot-
tle. The alcohol tax per liter is calculated by volume; tax rates differ
depending on the alcohol content and whether the product is wine,
beer or spirits.

16We also do not include cases in which there are fewer than four
products that can serve as controls for a particular change.

711 total there are 2,589 products in the data set. Seven hundred
eighty-seven products are available throughout the sample; 1,356
products enter, and 943 exit.

18Most entrants enter in T3 but for new entrants Systembolaget does
make a forward-looking estimate of sales volume; thus, new prod-
ucts can also enter at higher distribution levels.

191 Mahalanobis matching we do not include rank, however, as it is
essentially an alternative way to measure sales volume. We want to
find a close relative to a product that is moved up in the distribution
chain. Minimizing distance with respect to volume is a more direct
measure of closeness than rank.

20Based on Figure 3 it may seem that a substantial share of estimated
probabilities of change are 0, which would cast doubt on whether
the overlap assumption holds. While in some cases the lowest prob-
abilities are close to 0, such estimates are few. For instance, at the
fifth percentile, the estimated probabilities for treated products are,
respectively, 0.05, 0.03, and 0.04 in the top row of Figure 3, and 0.06,
0.07, and 0.07 in the bottom row. The corresponding probabilities
for the products later chosen as controls by our nearest neighbor
matching estimator are: 0.04, 0.03, 0.04, 0.03, 0.04, and 0.06.

2 Thus, for instance, the change for wine moving from T3 to T2
is calculated as 0.0174/((0.0533 + 0.0345)/2)/((77 — 33)/((77 + 33)/2))
where the denominator uses values from Table 5 and the numerator
uses values from Table 2.

22 Stigler and Becker (1977) provide an influential formalization of
preferences with such “consumption capital.” Bronnenberg et al.
(2012) use the migration history of households and consumer scan
data on a large number of packaged goods categories to establish
that some 40% of geographic variation in market shares across the
United States can be attributed to persistent preferences.

BFriberg and Gronqvist (2012) use weekly data; the effect peaks in
the week after the review and gradually diminishes to an accumu-
lated effect of a favorable review that is equivalent to 4,418 liters in


http://www.systembolaget.se/english/
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http://www.healthindicators.gov/

Downloaded from informs.org by [216.73.216.144] on 14 July 2026, at 10:07 . For personal use only, al rights reserved.

Friberg and Sanctuary: Retail Distribution and Sales of Alcoholic Beverages

Marketing Science, 2017, vol. 36, no. 4, pp. 626—641, © 2017 The Author(s)

641

higher sales. With average sales of 8,218 liters per week (Friberg and
Grongvist 2012 only examine the T1 and Base modules) the total
effect of a favorable review can thus be calculated as 4,418/(8,218 x
16 weeks).

24For example, we estimated a regression adjustment specifica-
tion in our matching framework where we included advertising
expenditure: The point estimates of the average treatment on the
treated products were only marginally different than in our baseline
specification.

% Consumers can pre-order any product to their local store. As
noted, however, volumes of pre-orders are relatively low, which is
consistent with a relatively low resistance to compromise for most
consumers.

ZWhile Systembolaget were forthcoming and willing to help with
discussions of practices, their current policy is not to share store
level data. Previously they were willing to share such data, however;
Table 9 uses data from Asplund et al. (2007) for the last 12 months
in that data set, covering July 2003 to July 2004. While clearly some
variation may occur between years, we have no reason to believe
that the overall pattern is not qualitatively the same for the period
covered by our main data set.

2"The level at which we observe products may also matter. Previous
evidence is typically at the brand rather than SKU-level. Indeed,
Wilbur and Farris (2014, p. 155) note that “all prior evidence [on the
convex relation between market share and distribution] used brand-
level data.”
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