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Chapter 1

(zeneral Introduction



Grocery retailing has gained much attention in both the economic and marketing
literature and is among the most intensively researched industries. This is particu-
larly true for empirical research. Factors that have contributed to this are: a) the
availability of extensive and highly detailed data, b) increasingly sophisticated mod-
els of demand (and supply) to study consumer behaviour, compute counterfactuals
and perform policy simulations, and c) the advent of advanced econometric software

and powerful computers.

Although researchers have put tremendous effort into refining the underlying
demand models - often some form of discrete choice model' - and the structural
models reflecting the specifics of grocery retailing markets, one important aspect has
been widely neglected: The existing literature generally relies on the often implicit
assumption that consumers have access to all supermarkets and their products,

ignoring that the local retail landscape is often very heterogeneous.

As an illustration, consider the distribution of supermarkets in the German fed-
eral state of Rhineland-Palatinate, displayed in Figure 1.1 below. Each dot repre-
sents a supermarket, and the colour indicates the retailer the supermarket belongs

t0.2

Figure 1.1: Supermarket locations in Rhineland-Palatinate by retailer?

!For a comprehensive overview of discrete choice models most often used in empirical studies
of the retail industry, see e.g. Train (2009) and Greene (2012), chapter 21.

2The dataset was obtained by from Wer-zu-Wem GmbH, a company address database provider.

3The shapefile was downloaded from https://www.suche-postleitzahl.org.


https://www.suche-postleitzahl.org

Households living in the more densely populated areas in the north and south-
east have access to a larger number of different retailers. In more rural areas in
central Rhineland-Palatinate and the west, markedly fewer retailers are available.
While it may be realistic to assume that the leading national retailers are available
to more or less all consumers (left panel of Figure 1.2), this assumption is hardly

justified for their smaller competitors (right panel of Figure 1.2).

Figure 1.2: Supermarket locations of a leading national retailer (left panel) and a
smaller competitor (right panel) in Rhineland-Palatinate?

The contribution of this dissertation is twofold: In Chapters 2 and 3, I demonstrate
how ignoring heterogeneity in the local retail landscape leads to biased demand
estimates and distorts popular measures such as price elasticities and upward-pricing
pressure (UPP) - a popular merger screening tool - inferred from structural models
of demand and supply. Chapters 4, 5, and 6 present routines written for the widely
used statistical software package Stata. The first allows users to compute various
forms of elasticities and marginal effects for mixed logit models. The second enables
users to obtain geographical coordinates from addresses and to translate coordinates

into addresses. The third routine is for computing various distance measures.

Chapter 2, Estimating Retail Demand and Price Elasticities with Lo-

cal Choice Sets, demonstrates how relaxing the common - and often implicit -

4The shapefile was downloaded from https://www.suche-postleitzahl.org.


https://www.suche-postleitzahl.org

assumption of a global choice set containing all products in favour of local choice
sets reflecting the local retail landscape affects logit demand estimation results and

price elasticities based thereon.

To address this issue, I use two main data sources: the 2010 GfK (Gesellschaft
fiir Konsumforschung) consumer panel, which comes with additional information on
household locations and a comprehensive address list of all supermarkets in Germany

provided by the company address database provider Wer-zu-Wem GmbH.

Local choice sets are constructed following a simple rule: All products offered by
retailers with at least one supermarket within a 10-kilometre radius of the approx-
imated household location are included. As a consequence, the average number of
retailers available to a household drops from 13 to 8, and the number of products

to choose from goes down by on average more than 30 per cent.

With local choice sets, demand estimates and price elasticities change substan-
tially. Retailer fixed-effects, indicating the popularity of a retailer, increase for
smaller retailers. All cross-price elasticities between products offered by the same
retailer rise. The difference between choice set specifications is the largest for the
smallest retailer with the fewest supermarkets, and it is close to 700 per cent. Elastic-
ities between products offered at two competing retailers change in either direction,
ranging from a decrease of 50 per cent to an increase of 95 per cent. Important
factors driving the result are the number of local choice sets each of the two retailers

is contained in and the number of choice sets both retailers share.

Chapter 3, Retail Merger Screening with Local Choice Sets, builds on
the previous chapter and compares predicted merger outcomes obtained under the
common assumption of global choice sets with those derived with local choice sets.
To illustrate the effect, I use the popular and widely used upward-pricing pres-
sure (UPP) that indicates which mergers are likely to give rise to anticompetitive
outcomes. This fairly simple screening tool does not require full-blown merger sim-
ulation and, therefore, allows for an evaluation of all 78 possible mergers between
the 13 retail chains in the dataset.

Comparing both choice set specifications reveals that UPP can be smaller or
larger with local choice sets. The percentage difference ranges from -47 per cent
to 119 per cent. One striking result is that the difference between both choice set
scenarios is strongest when UPP is small, and the merger is unlikely to be detrimental
to competition. In cases where UPP is high and the merger is more likely to raise

concerns, UPP results are fairly similar with both choice set specifications.



Chapter 4, Mixlelast: Stata Module for Mixed Logit Elasticities and
Marginal Effects, describes a post-estimation command for mixlogit, a user-
written Stata routine for the estimation of mixed logit models (Hole 2007). While
mixlogit provides a straightforward solution for estimating mixed logit models, no
routine existed to compute elasticities and marginal effects. Since the computa-
tion of mixed logit elasticities and marginal effects requires simulation techniques
and hence advanced programming skills, the lack of a post-estimation routine pre-
sented a significant obstacle for practitioners and researchers alike to make full use
of mixlogit. mixlelast fills this gap and provides an easy-to-use solution for com-
puting various forms of marginal effects and elasticities, including an option for

calculating bootstrapped standard errors.

Chapter 5, Opencagegeo: Stata Module for Geocoding, describes a geocod-
ing routine for Stata. Geocoding is the computational process of converting ad-
dresses into geographic coordinates (e.g., latitudes and longitudes).® For example,
opencagegeo would tell us that the Diisseldorf Institute for Competition Economics
(DICE) of the Heinrich-Heine-University Diisseldorf located at the Oeconomicum,
Universitatsstrafse, 40225 Diisseldorf - where the better part of this dissertation was
written - is precisely located at 51.1888412, 6.7934205. opencagegeo is further able
to reverse this process, i.e. it converts geographic coordinates into a readable ad-
dress, a process usually referred to as reverse geocoding. E.g. opencagegeo would
convert 50.7405974, 7.1881607 into the address where this dissertation was finalised.

Chapter 6, Lhaversine: Mata Library for Distance Functions, presents
several functions for Mata, Stata’s matrix programming language, to compute dis-
tances and distance-related measures. All functions contained in lhaversine use
the haversine formula for great circle distances® and take latitudes and longitudes
as inputs. lhaversine can produce a distance matrice for a large number of loca-
tions, a matrix indicating which locations are within a specified range and a vector

containing the number of locations within a given distance.

Chapter 7 summarises the main findings and concludes.

opencagegeo uses the application programming interface (API) of OpenCage Data, a profes-
sional web-based geocoding service accessing different open data sources such as OpenStreetMap
(OSM).

6See van Brummelen (2013), chapter 9 for an illustrative derivation of the haversine formula.
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2.1 Introduction

A common and often implicit assumption in discrete choice modelling is that all
decision-makers choose from an identical set of alternatives, which is sometimes
referred to as the global or universal choice set. Using a global choice set in the
context of grocery retailing is equivalent to assuming that all retailers - and hence all
products they offer - are available to all consumers. This assumption is particularly
unrealistic in sparsely populated rural areas, where consumers can - at best - choose
between a few different retailers unless they are willing to travel vast distances.
Even in urban areas, where supermarket density and variety are generally higher,
not all retailers are necessarily present in all local areas. For example, there are
smaller retail chains that focus their business activities on some regional or even
local markets where they are a relevant player but do not have any supermarkets in

others.

Ignoring heterogeneity in choice sets in demand estimation, we incorrectly model
the underlying choice process by falsely including alternatives that were not available
or considered by the decision maker. It is well established that this kind of misspec-
ification can give rise to severely biased estimation results, see e.g. Bronnenberg
and Vanhonacker (1996); Bajari and Benkard (2005); Goeree (2008); Draganska and
Klapper (2011). These effects necessarily carry over to the wide range of popular
measures (such as elasticities and marginal effects) and structural (supply) models

(e.g. merger and policy simulations) used by researchers and practitioners alike.!

The economics literature on retailing demand and supply has largely ignored
heterogeneity in choice sets. Some examples from grocery retailing include Bonnet
and Dubois (2010), Bonnet et al. (2022), Haucap et al. (2021) and Villas-Boas
(2007). However, a growing body of literature rooted in marketing has dealt with
choice set heterogeneity in several ways, especially in grocery retailing. Hickman and
Mortimer (2016) provide a comprehensive overview of the literature that deviates
from the common global choice set assumption in favour of choice sets that contain
only a subset of the global set of alternatives. They distinguish two main strands of

the literature.

The first strand recognises that consumers usually do not consider all of the
potentially available products in their individual choice process, but limit the global
set of alternatives to an individual subset of alternatives between which they choose.
Reasons for reducing the alternatives to choose from could be limited memory or

knowledge or costly information acquisition. These reduced choice sets are com-

'Reiss and Wolak (2007) provide a detailed overview of structural economic modelling.
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monly referred to as consideration sets. As consideration sets are usually unob-
served, researchers have tried to model the formation process. This is often done
in a two-stage approach which models consideration set formation in the first stage

and the product choice conditional on the consideration set in the second stage.?

The second strand of the literature considers that the alternatives actually avail-
able for choice can vary. Assortment variations may occur across regional markets,
between different retailers, or over time. Examples in the literature that address
assortment variation in the choice model are e.g. Draganska et al. (2009) and Shah
et al. (2015). Another source of variation of available products is temporary stock-
outs, i.e. choice situations in which one or several alternatives are not in stock and,
therefore, not relevant in the choice process. The effects of stock-outs on demand

estimation results are studied by Conlon and Mortimer (2013).

Although it is well documented that consumers usually do their grocery shop-
ping where they live and travel distances are fairly short®, geo-referenced data on
household and retailer locations to construct choice sets has gained little attention

4 The main goal of this paper is to

in models of retailing demand (and supply).
illustrate how relaxing the global choice set assumption in favour of local choice sets
that reflect actual local retailing structure impacts demand estimates and own- and

cross-price elasticities in a traditional discrete choice framework.

For this purpose, I combine two main datasets. Choice data is taken from the
German GfK (Gesellschaft fiir Konsumforschung) consumer panel, including infor-
mation on the approximate household location. Address data for all German super-
markets is provided by Wer-zu-Wem GmbH. To construct local choice sets, I use a
simple rule: a decision-maker can choose between all products offered at supermar-

kets that are within 10 km of the approximated household location.?

Applying this rule significantly affects the composition of choice sets. While large

retailers that maintain a tight net of supermarkets are included in almost all local

2Examples are Barroso Ludena and Llobet (2012), Draganska and Klapper (2011), Goeree
(2008), Nierop et al. (2010) and Pancras (2010). Alternative approaches adjust the utility by
including observables or doing structural research on the formation process of the set of alternatives
considered.

3For Germany, see the detailed analysis of distances travelled for grocery shopping by Kriiger
et al. (2013).

1A notable exception is Lu (2017), who uses travel distances in the consideration set formation
stage of a two-stage approach.

5Tt is possible to construct more advanced local choice sets taking into account that travel
distances vary by type of supermarket and depend on e.g. age, the availability of a car in the
household, etc. However, as the main goal of this paper is to systematically compare and contrast
results derived under the global choice sets assumption with those from local choice sets, it is
sufficient to us a simple rule for choice set formation.
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choice sets, smaller retailers with fewer supermarkets are only present in a small
fraction of all local choice sets. Equally importantly, the location of supermarkets
also has a significant impact on the number of choice sets in which two competing
retailers are present and consumers can choose between them: if two competing
retailers have supermarkets in similar areas, they will necessarily have more choice

sets in common than two retailers whose business activities focus on different areas.

The logit demand estimation results indicate that consumer preferences for su-
permarkets are systematically biased if the local retail structure is ignored. Under
the global choice set assumption, smaller retailers are deemed less popular than their
larger competitors. With local choice sets, we see that they can be equally popular
as big national chains where available; the reason why fewer consumers choose their
products is simply because they are not locally available for many consumers. Sub-
stitution patterns measured by cross-price elasticities change dramatically once we
use local choice sets. With local choice sets, cross-price elasticities between products
held by the same retailer are uniformly higher. This result intuitively makes sense,
as two products held by the same retailer are always available together and hence
are an available alternative. The increase is stronger for smaller retailers, which are

included in a small number of local choice sets.

The effects on substitution patterns between retailers are even stronger when
comparing local and global choice sets, and can go either way. Further inspection of
these results reveals two key factors driving the differences in cross-price elasticities.
First, the percentage change in cross-price elasticities resulting from local choice sets
is c.p. decreasing in the number of choice sets a retailer is contained in. For this
reason, it is most pronounced for smaller retailers. Second, the percentage change
increases c.p. with the number of common local choice sets. In other words, the
more frequently both supermarkets are included in the same choice set, the greater

the percentage difference in elasticities between choice set specifications.

The remainder of this paper is organised as follows. In Section 2.2, the condi-
tional logit demand model and the resulting elasticities are derived for global and
local choice sets. Section 2.3 provides a detailed description of the data. Local choice
sets are constructed in Section 2.4. Demand estimation results and elasticities are

presented and compared in Section 2.5. Section 2.6 concludes.
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2.2 Demand Model and Elasticities

This section presents the conditional logit model and derives expressions for the
predicted own- and cross-price elasticities. This is done first under the common

assumption of a global choice set, and then for local choice sets.

Although there exist more sophisticated discrete choice models, e.g. the now
widely used random coefficient models®, the conditional logit model (McFadden
1973) is used in what follows. The simplicity of this traditional choice model and
its mathematical properties significantly reduce the complexity of the mathematical
expressions and hence facilitate pinning down the, thus facilitating the identification
of differences between both choice sets specifications. In addition, avoiding the com-
plexities (and caveats) of more advanced discrete choice models makes it markedly
easier to illustrate the effects of relaxing the global choice set assumption in favour
of (more realistic) local choice sets in the empirical application presented in Section
2.5.

2.2.1 Global Choice Set

Demand Consider a population of consumers indexed by n € N' = {1,..., N}
making 7" repeated choices. At each choice occasion ¢, the decision-makers choose
one alternative j € J = {1,...,J}. The choice set J contains all J alternatives and
is identical across all N decision makers and all 7" choice occasions. Following the
convention in the literature, 7 will be referred to as the global choice sets in what
follows. Further assume there is a set of retailers indexed by r € R = {1,..., R}.
Each retailer r offers a subset of the products contained in the global choice set, i.e.
J" C J. Further, assume that each product j is sold by one unique retailer, hence
J"NT* =0,Yr # s. Thus, assuming all decision-makers can choose from the global

choice set implies that all decision-makers have access to all retailers.

The indirect utility of consumer n obtains from buying product i at choice oc-
casion t is given by
Unit = QPnit + TnitBi +€nit, (2.1)
Vit
where x,,;; is a vector of observed product characteristics and p,;; denotes the price
of product 7 at choice occasion t. &,;; is a mean-zero, iid extreme value I distributed
individual-specific random shock. For ease of notation, I will denote the determin-

istic portion of the n’s utility from buying product ¢ at choice occasion t by V.

6See Train (2009) for a detailed description.
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The probability for consumer n of buying product ¢ at choice occasion t, i.e.

Unit > Uyji ¥ j # 1, can then be written as

PG _ exXp ( Vnzt)

b exp(Vige)

where the superscript G indicates global choice sets. Note that the expression in (2.2)
is always positive, i.e. we obtain positive choice probabilities for all J alternatives
in each choice situation. The sum over all J choice probabilities for each individual

at each choice occasion necessarily adds up to one.”

The (predicted) market share of an alternative ¢ is then the average choice proba-
bility over the sample of all NV individual decision-makers over all T choice occasions.
Formally,

1

G _

> Y PG (2.3)

n=1 t=1

N[ =

Elasticities Having established an expression for (predicted) market shares, we

can now derive elasticities.

In general, elasticities of market shares describe the percentage change in the
market share following a one per cent increase in one of the product characteristics
of one alternative. Elasticities can be computed for any product characteristic®, but
elasticities with respect to price are the most relevant both in the academic literature
and in practice. Therefore, only price elasticities are considered in what follows.
Nonetheless, the insights gained apply equally to any other product characteristic

contained in z.

Own-price elasticities measure the percentage change in the market share of
an alternative if that product’s own price goes up by one per cent, ceteris paribus.
They are, hence, a measure of how sensitive consumers react to increasing prices. As
demand usually falls in prices, we expect own-price elasticities to be negative. The
higher the own-price elasticity in absolute terms, the stronger the drop in market

share of the affected product.

"Sometimes, an outside option is included, which captures the fact that the decision-maker
might choose not to buy any available alternative. Since including an outside option creates
further challenges and adds complexity, I refrain from doing so in this paper. This simplification
is also justified because I am using data on fluid milk, a low-priced, fast-moving consumer and
staple good, where potential buyers are unlikely to opt against purchasing because of product
characteristics.

8Note that it is not meaningful to compute the impact of a one per cent change in a dummy
variable. With dummy variables, a discrete change from one to zero (or vice versa) needs to be
evaluated instead, see Chapter 4.3.
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Formally, the own-price elasticity of the market share of product ¢ is defined as

_Di 0s;

i 2.4
" s 0pi (24)
where p; denotes the average price of alternative ¢ across all choice occasions and
decision makers. Plugging in the expression for the predicted market share of i

derived in (2.3) yields

N T
D 11 oP%
E?’:&——§ § nit 2.
@G NT Op; (2:5)

That is, the own-price market share elasticity of 7 is simply the average over the

population’s individual marginal effects, OPS, /Op;, multiplied by the mean price

nit

and the market share. As Train (2009) shows, taking the derivative in (2.5) gives

ici; p(l; N T Z Z CY nzt nzt) (26)

n=1 t=1

Since the choice probability P&, is always positive, individual marginal effects,
OéPm't(l PG

@), will be negative for all decision-makers and products, given the price

coefficient, «, is negative as expected. That is, all decision-makers are affected by the
price change in i, and the change in the market share of ¢ following the price is thus
driven by all N decision-makers. Note that the individual marginal effects increase
in P,; in absolute terms and reach their maximum at P,;; = 0.5. Provided that the
number of available alternatives J is sufficiently large and the choice probabilities
are below 0.5, we find the demand for products with a high market share to be more

elastic.

In contrast, cross-price elasticities of market shares give the percentage change
of the market share of a product if the price of a rival’s product price increases by
one per cent, ceteris paribus. Here, we would expect positive values as consumers
will, to some degree, substitute the now relatively more expensive product for an
alternative. The cross-price elasticity of s market share with respect to a price

increase in 7 is

p; 0s¢
ES = L0 2.7
1) SZ‘G apj ( )
By 23
CSYNT op; '
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Taking the first derivative yields
P11 e~
a j G paG
L = ?NT Z Z —aby P (2.9)

The individual marginal effects, —aP%, P%

it Dnes are always non-zero and positive if
the price coefficient « is negative as expected. Hence, the effect of a price increase
in j on i’s market share is driven by all N decision makers. The expression in (2.9)
is increasing in the market share of product j. This result is intuitive, as we would
expect the increase in the demand for ¢ to be larger if the rival product, which is

now more expensive, has a large market share.

2.2.2 Local Choice Sets

As before, there are N decision makers choosing one alternative per choice occasion.
However, we no longer maintain the assumption of a global choice set, but allow
the available alternatives to differ between decision-makers. l.e., a consumer may
only have access to a subset of retailers, R" C R. Recalling that each of the J
alternatives is offered by only a single retailer, the set of products to choose from is
determined by the set of available retailers R", i.e. J" = U,ernJ". Consequently,
all alternatives offered by the retailers not included in R™ cannot be chosen. Because
choice sets will reflect the local retail landscape in the empirical example, I refer to

local choice sets in what follows.?

The utility function given in (2.1) remains unchanged, however, n’s choice prob-

ability of alternative ¢ at choice occasion ¢ is now

OXp(Vrit) ifeeJgn
PE = Yjeqn exp(Vajt) (2.10)
0 otherwise,

where the superscript L indicates local choice sets.

If alternative ¢ is available to n, i.e. © € J", the choice probability resembles
the expression for the logit model maintaining the assumption of a global choice
set, see (2.2). The difference lies in the denominator, which now only contains the
products in n’s local choice set, j € J", rather than all J alternatives. The choice

probability for all products in a choice set is, ceteris paribus, increasing in the number

%A more general term sometimes used in the literature is heterogeneous or individual choice
set.
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of competing alternatives excluded from the local choice sets. This intuitively makes
sense as it is more likely that ¢ is chosen the fewer competing alternatives there are.
The sum over the choice probabilities of all alternatives in decision-maker n’s choice
set J™ add up to one. For all remaining alternatives ¢ ¢ J", the choice probability
is necessarily zero.!® As before, the market share of alternative i is defined as the

average choice probability over all N decision-makers and 7" choice situations, i.e.

1T
r_ + 1 L
sk = NTZZP"“' (2.11)
n=1 t=1
The fundamental difference is that only the subset of individuals with 7 in their
choice sets, denoted by N, contribute to the market share. For all other decision-
makers n € N7, the individual choice probability is zero. This has far-reaching

consequences for elasticities.

Elasticities The own-price elasticity of the ’s market share with local choice sets

1s

— 9L
L Di0Os
L . 2.12
1 SZ'L apl ( )
Plugging in (2.11) and taking the derivative yields
P11
EL = jﬁfZZaRﬁt(l — PL). (2.13)
t n=1 t=1

The individual marginal effects, aPZ, (1 — PL,), are no longer different from zero for
all decision makers'!, but only for those that can actually choose i, i.e. n € N*. For
the remaining n € N, the effect is necessarily zero as they are unaffected by the

price increase in 4.

19Depending on the research question, it would only make sense to study the effect on decision-
makers affected, i.e. those that have the respective alternative in their local choice set. However,
as I study the impact on the market, it is necessary to include those decision-makers who do not
have the relevant alternative in their local choice sets.

! Technically, the individual marginal effect is not defined for those individuals that do not have
alternative ¢ in their choice sets. For convenience, the individual effect is assumed to be zero in
those cases.
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Equivalently, cross-price elasticities are then

L
BE = (2.14)

dsk

Ip;

1 N T

~7 Z > —aPLPL,. (2.15)
t=1

n=1

pj
<L
Z
pj
sk

For individual marginal effect, - P%, P~ to be non-zero, both products i and j need

nitT njt’
to be available. Otherwise, subst1tut101]1 between the two alternatives is impossible;
hence, a price change in 5 does not affect a decision-maker’s choice concerning alter-
native 7. Let’s denote the subset of relevant decision-makers satisfying this condition
by N, ie. N = NN NI,

In the context of local choice sets depending on the availability of retailers, it is
insightful to distinguish intra- and inter-retailer cross-price elasticities: intra-retailer
cross-price elasticities are between two products offered by the same retailer (i.e.
r® = r7) and inter-retailer cross-price elasticities are between two products sold by

two competing retailers (i.e. 7% # 7).

First, consider intra-retailer cross-price elasticities. Because the availability of a
product in the choice set is determined by the presence (or absence) of a particular
i

retailer, any pair of products ¢ and j held by the same retailer, i.e. r* = r/, is

consequently available to the same subset of consumers, NV = N = N7,

This does not hold for inter-retailer cross-price elasticities, i.e. ¢ # 77, In the
one extreme case, either the products of retailer 7* or those of r/ are contained in
a choice set, but never both at the same time. Then, no decision maker can choose
between the two, i.e. N = (), and there is consequently no substitution. This
would be the case when the supermarkets of both retailers are located in distinct
geographic areas. The price increase in j does not affect the market share of 7, and
the cross-price elasticity is zero. In the other extreme case, products ¢ and j are
either both present or both absent even though they are held by two competing
retailers. This would be the case when both retailers have supermarkets in the same
locations. Then, the same what was stated about intra-retailer elasticities applies

here.

In intermediate cases, products ¢+ and j are available to some decision-makers,
while others can only buy i or j or neither of the two. The effect of the price increase
in j on the market share of 7 is then solely driven by the decision-makers with access
to both, i.e. those contained in the subset N%. Consequently, inter-retailer cross-

price elasticities are determined not only by the individual choice probabilities of
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products ¢ and j and their overall availability in choice sets, but also crucially by

the number of decision-makers with access to both alternatives.

In addition, the size of the local choice sets will, ceteris paribus, also affect the
cross-price elasticity between two alternatives. The fewer alternatives there are in
the local choice set, the higher are the choice probabilities and consequently the
elasticities. This intuitively makes sense as the effect of a price rise in one product

on another is stronger when fewer rival alternatives are available.

The consequences of relaxing the assumption of a unique global choice set for all
decision-makers in favour of (more realistic) local choice sets are illustrated in an

empirical example in what follows.

2.3 Data

This section describes the two main data sources, i.e. the 2010 German GfK
(Gesellschaft fiir Konsumforschung) household panel and the Wer-zu-Wem super-
market address dataset. Furthermore, it explains why fluid milk'? was chosen as
the product category and why the analysis was restricted to German federal state
of Rhineland-Palatinate.

Fluid milk was selected among various alternative products in the panel dataset
for several reasons.'® First, fluid milk is a fast-moving consumer good and a stable
good which is frequently purchased by many households. For this reason, the number
of observed purchases will be sufficiently large even if the analysis is restricted to one
region. Second, fluid milk is a product which is differentiated based on a few discrete
categories such as brand, fat content, whether is is fresh or UHT!%. This guarantees
the correct identification of products even if product identifiers in the dataset are
inconsistent, changing over time or even missing (all of which is the case in the
GfK consumer panel). Third, because the degree of product differentiation is fairly
limited, the number of relevant products in terms of sales is relatively low compared
to other product categories with a markedly higher variety of products. For this
reason, restricting the products considered in the demand model to a reasonable
number (which is commonly done in discrete choice modelling) does not lead to too

many observations being dropped.

12Fluid milk is a commonly used industry term for milk processed for beverage use.

13Data was also available on coffee, yoghurt, deserts, toilet paper and diapers.

I4UHT stands for ultra-high temperature processing, a procedure to increase shelf-life and allow
for storage at room temperature.
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Limiting the analysis to one federal state has two major advantages. First,
the number of observations and the computational burden is reduced substantially.
Second and more importantly, many products are offered only regionally. This is
particularly true for fluid milk that is commonly sold close to the dairy. Limiting
the dataset to a region ensures that the products considered are those available in

the supermarket.

In the 2010 GfK panel, Rhineland-Palatinate is represented by 1,406 households
that made 21,592 shopping trips where fluid milk was purchased.!® Why Rhineland-
Palatinate which has a population of about 4 million representing about 5 per cent
of the German population'® was selected for this study will be discussed at some

length in the section on household location data below.

Choice data The GfK consumer panel dataset comprises actual purchases made
by the panel households who scan their receipts using home scanning devices. The
data contains information on the different products purchased, the actual price paid
(including discounts and promotions), the quantity, and the retailer'”. In addition,
a number of product characteristics are provided. For fluid milk, these are the fat

content and dummies for UHT, private labels'® and organically sourced products.

In order to keep the number of products manageable, I only consider the 100
products that are chosen most frequently. Following the convention in the literature,
a product is defined as the combination of a physical product and the retailer where
it is sold.!® That is, two physically identical products sold at different retailers
are considered two distinct products. The total number of sales of the top 100
products considered is 21,592. This is about 97 per cent of all fluid milk purchases

in Rhineland-Palatinate in 2010; only 3 per cent of all observations are dropped.

The main product characteristics of the top 100 products are summarised in
Table 2.1 below.

Of the 100 products considered, 69 are private labels. The average price is

approximately 0.70 Euros, however, it varies strongly ranging from 0.39 to almost

15The number of total sales is significantly larger as the number of cartons or bottles of milk
bought per shopping trip is usually greater than one. This is particularly true for UHT products,
which can be stored (unrefrigerated) over a long period of time. However, as discrete choice models
generally allow us to model what is chosen, but not how much of it, I treat multiple units purchases
of the same product as a single choice.

6https://en.wikipedia.org/wiki/Rhineland-Palatinate

170nly the retailer’s name is given. The exact supermarket where the purchase was made is not
disclosed.

18Private label products are produced for and sold under a retailer’s brand.

9 Technically, the retailer selling the product is treated as a product characteristic.


https://en.wikipedia.org/wiki/Rhineland-Palatinate

2.3. DATA 19

Variable Mean Std. Dev. Min. Max.
price 69.61 21.302 39 149
privlab (0=brand, 1=private label) 0.690 0.463 0 1
fat (per cent) 2.512 1.17 0.1 3.8
fresh (0—UHT, 1—fresh) 0.560 0.497 0 1
organic (0=conventional, 1=organic)  0.13 0.336 0 1
N 1200

Table 2.1: Characteristics of top 100 products

1.50 Euros.?’ The mean fat content is 2.5 per cent. There are 56 fresh and 44 UHT

products. 13 products are organic.

The top 100 products are held by 13 different retail chains; five discount stores
and eight full-line distributors.?! Retail format, number of products and market

shares by retailer are displayed in Table 2.2 below.

Format +# products Market share

Retailer 1 D 5 29.78
Retailer 2 FL 12 6.96
Retailer 3 FL 11 6.45
Retailer 4 FL 6 1.10
Retailer 5 FL 9 5.30
Retailer 6 D 6 19.98
Retailer 7 FL 2 31

Retailer 8 D 10 9.12
Retailer 9 D 4 2.66
Retailer 10 FL 4 4.39
Retailer 11 D 15 7.06
Retailer 12 FL 12 5.94
Retailer 13 FL 4 .95

Total 100 100

Table 2.2: Retail format, number of products and market share by retailer

Retailer market shares range from just 0.3 to almost 30 per cent. The aggregate
market share of the five discount supermarkets is approximately 65 per cent and
illustrates their strong position in the German grocery retailing market. The number

of products in the top 100 per retailer ranges from 2 to 15.

20The GfK consumer panel only reports the price paid of the alternative the household actually
purchased. The prices for the non-chosen alternatives in the choice set are monthly averages over
the prices paid by other consumers. In very few cases where no price for a product for a given
month was observed, yearly averages were computed instead.

21Due to the confidentiality agreement with GfK, the retailers cannot be named.
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Household locations The GfK consumer panel comes with an additional dataset
containing various household characteristics, including the five-digit postcode?? of
the place of residence of the household.?® Due to the lack of more detailed infor-
mation, households are assumed to be located at the geographic centre (so-called
centroids) of their respective postcode areas. Therefore, the accuracy of the approx-
imation depends on the size of the postcode area: the smaller the area, the more

accurate the approximation of the true household location.

In Rhineland-Palatinate, the average postcode area covers 30.5 km?, making it
the German federal state with the smallest average postcode areas except for the city

states Berlin, Hamburg and Bremen (see left panel of Figure A2.1 in the appendix).?*
A further advantage of studying Rhineland-Palatinate is that the difference in

size between rural and urban postcode areas is smaller than in other states. There-
fore, even in rural areas where postcode areas are generally larger, the approximation
will still be fairly accurate (see right panel of Figure A2.1 in the appendix). Visual
comparison of the geographical centres of the postcode areas (i.e. the approximated
household location) and the population centre of a postcode area (i.e. where the

household is most likely to be located) confirms that they often coincide.

Of the 651 postcode areas in Rhineland-Palatinate, 439 (i.e. 67.4 per cent) are
represented by panel households. To obtain the coordinates of the geographical
centres of those postcode areas, i.e. the longitude and latitude, I use opencagegeo,

an OpenStreetMap-based geocoding routine for Stata (Zeigermann 2016).
The locations of the 1,406 panel households are plotted in Figure 2.1.

22Five-digit postcodes are the most granular postcode unit used in Germany.

Z3For reasons of confidentiality, the exact household location is not disclosed.

24Because the three German city-states are very densely populated and have no rural areas
where the number of competing retailers is limited, they are no good examples for studying the
impact of local choice sets on demand estimates and (price) elasticities.
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Figure 2.1: Locations of panel households in Rhineland-Palatinate®®

The size of the symbol indicates the number of households in the respective
postcode area. The map clearly shows that the more densely populated areas in
the east and especially the south-east are represented by a larger number of panel
members than the rural areas in the centre and the west of Rhineland-Palatinate.

However, all parts of Rhineland-Palatinate are represented in the panel.

Retailer locations Address data for supermarkets is obtained from Wer-zu-Wem
GmbH, a professional address database provider.2® The addresses in the dataset
come from various sources, including the German Federal Gazette (Bundesanzeiger),
company registers and retailer websites, and are randomly being cross-checked man-
ually. The dataset comprises around 27,000 retailer addresses of discounters and
full-line distributors in Germany as of early 2011.2” Completeness of the address
data is particularly important for the smaller retailers operating only very few su-
permarkets in Rhineland-Palatinate. Here, missing some supermarkets can severely
bias the results. For this reason, I have cross-checked - and, in rare cases, com-
plemented - the Wer-zu-Wem data with supermarkets found in the 2010 and 2011
editions of the German telephone book and the Yellow Pages.

25The shape-file was downloaded from https://www.suche-postleitzahl.org.

267 am indebted to Stefan A. Duphorn of Wer-zu-Wem GmbH for granting me access to the
data.

2"While the data is primarily used for marketing purposes, it has been used by researchers in
the field of retailing geography, e.g. Burgdorf et al. (2014), Jiirgens (2012) and Neumeier (2014).
Burgdorf et al. (2014) make spot checks of the completeness of the data and find very few missing
addresses for the larger retail chains.
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The address dataset lists a total of 1,218 supermarkets in Rhineland-Palatinate
for the 13 retailers considered in this paper. About 58 per cent of them are dis-
counters, the remaining 42 per cent are full-line distributors. The number of su-
permarkets per retailer in Rhineland-Palatinate ranges from 3 to 228, see Table 2.3

below.

Freq. Percent Cum.
Retailer 1 190 15.60 15.60
Retailer 2 228 18.72 34.32

Retailer 3 11 0.90 35.22
Retailer 4 13 1.07 36.29
Retailer 5 21 1.72 38.01
Retailer 6 175 14.37 52.38
Retailer 7 3 0.25 52.63
Retailer 8 166 13.63 66.26
Retailer 9 75 6.16 72.41
Retailer 10 100 8.21 80.62
Retailer 11 22 1.81 82.43
Retailer 12 156 12.81 95.24
Retailer 13 58 4.76 100.00

Table 2.3: Number of supermarkets by retailer

Households living close to the border of Rhineland-Palatinate may do their gro-
cery shopping in neighbouring German states. These are Northrhine-Westfalia to
the north, Hesse in the east, Baden-Wiirttemberg in the south-east and Saarland in
the south. Shopping across the border in neighbouring (German states is potentially
strong as the border areas are fairly densely populated and exhibit a high supermar-
ket density. To account for this, retailers located in the 2-digit postcode areas along
the border of Rhineland-Palatinate are added. The total number of supermarkets

included in the analysis thereby increases to 3,601.

Moreover, Rhineland-Palatinate has a common border with Belgium and Lux-
embourg in the west and France in the south. In contrast to the densely populated
border areas within Germany, the national border is sparsely populated except for
the Trier and the Zweibriicken area. Thus, one can safely assume that ignoring fluid
milk purchases in Belgium, Luxembourg and France will have little impact on the

empirical results.

The supermarket addresses are geocoded using the Stata command opencagegeo
(Zeigermann 2016). For 86.9 per cent of the 3,601 supermarkets, the exact location

was found. For the remaining 13.1 per cent, the street was identified. All supermar-
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ket locations in Rhineland-Palatinate are displayed in Figure 2.2. Supermarkets in

neighbouring 2-digit postcode areas bordering Rhineland-Palatinate are not shown.

Figure 2.2: Supermarket locations in Rhineland-Palatinate?®®

The map shows a considerably higher density and variety of retailers in the south,
particularly the south-east. In western and central Rhineland-Palatinate, markedly
fewer supermarkets can be found. This directly corresponds with the population
density and the distribution of panel members, see Figure 2.1. To get a clearer
picture of local differences in the retailer structure, Figure 2.3 depicts supermarket

locations by retailer in separate panels.

28The shape-file was downloaded from https://www.suche-postleitzahl.org.
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(m) Retailer 13

Figure 2.3: Supermarket locations in Rhineland-Palatinate by retailer?”

The 13 retailers can be divided into three groups in terms of their regional
availability. Group one comprises retailers 1,2 and 6, which are the largest in terms
of the number of supermarkets. They are fairly evenly distributed across Rhineland-
Palatinate (see panels a, b and f of Figure 2.3). In the second group are those retailers
that still have a considerable number of supermarkets, but which are not as evenly
spread across the state. These are retailers 8, 9, 10, 12 and 13 (see panels h, i, j,
1 and m of Figure 2.3). Finally, retailers 3, 4, 5, 7 and 11 have significantly fewer
supermarkets and are present in only a number of selected locations (see panels c,
d, e, g and k of Figure 2.3).

2.4 Construction of Local Choice Sets

This section describes the construction of local choice sets and compares them to

the global choice set.

The maps in Figure 2.3 show that the retailer landscape is heterogeneous and
characterised by very strong local differences. Modelling the choice process with a
global choice set ignores this and implicitly assumes that consumers have access to
all 13 retailers. This is particularly unrealistic for smaller retailers operating only
a few of supermarkets in some locations. But even some relatively large retailers
focus their business activities on some parts of Rhineland-Palatinate and are not

available to consumers living in other areas.

29The shape-file was downloaded from https://www.suche-postleitzahl.org.
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To capture the presence (and absence) of retailers and their products when mod-
elling the choice process, I construct local choice sets containing only the products of
retailers with a supermarket within a reasonable distance from the household’s loca-
tion. Research on shopping behaviour has shown that the travel distances for grocery
shopping depend on numerous factors such as the type and size of the supermarket,
the means of transport used/available, the population density and household char-
acteristics such as age.?® Taking all these aspects into account would complicate the
construction of local choice sets tremendously and is beyond the scope of this paper.
Recalling that the main purpose of this paper is to illustrate the overall effects of
relaxing the global choice set assumption in favour of local choice sets, rather than
computing very precise elasticities and choice parameters, it is in order to construct
local choice sets according to a simple rule: Only the products of retailers with at
least one supermarket within a 10-kilometre radius of the approximated household

location are included in the household’s local choice set.?!

The radius of 10 kilometres is, however, not arbitrary and reflects the research
results on actual distances travelled for grocery shopping. Moreover, it seems to
be a good compromise between including too many retailers by drawing too large

circles and excluding too many retailers by drawing too narrow circles.??

Constructing local choice sets according to the 10-kilometre-rule3?, T find that
approximately 96 per cent of the observed product choices were actually made at
retailers which are included in the choice set. I.e. 4 per cent of the purchases were
made at retailers that where not captured by the 10-kilometre-rule. Because the
data reveals that the household visited a supermarket of a certain retailer, all other
products held by this retailer were added to the choice set for this particular choice

occasion.

The global choice set contains all top 100 products held by the 13 retailers
studied. The number of retailers and products with local choice sets is summarised
in Table 2.4 below. The households have, on average, access to 8 rather than all

13 retailers. The average number of products to choose from drops from 100 to 68.

30Gee Kriiger et al. (2013) for a very detailed research on factors driving supermarket choice.

31T have also constructed choice sets with a 5 km and 20 km radius. Not surprisingly, the results
with 5 km deviate even more strongly from global choice sets, and those with a 20 km radius are
closer to them compared to the 10 km rule used here.

32Gee the results on distances travelled for grocery shopping in Kriiger et al. (2013).

33To identify all retailers within a 10-kilometre radius of a household, I use the Haversine formula
for great-circle distances, which computes the distances between locations based on their latitudes
and longitudes. The all-to-all matrix of distances between the 1406 panel households and the 3601
retailer locations in Rhineland-Palatinate and neighbouring 2-digit postcode areas was obtained
using the haversine library for Mata (Zeigermann 2025).
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High standard deviations on both further indicate a strong variation between the

local choice sets of the panel households.

Mean Std. Dev. Min. Max.

# retailers  8.471 2.095 1 13
# products 67.702 1777 4 100
N 21592

Table 2.4: Average number of products and retailers in local choice sets

The heterogeneity in the local supplier structure is also reflected in the total
number and the percentage of local choice sets a retailer is contained in, see Table
2.5.

Freq. Percent
Retailer 1 21219 98.27
Retailer 2 21069 97.58
Retailer 3 6935 32.12
Retailer 4 6856 31.75
Retailer 5 8932 41.37
Retailer 6 21386 99.04
Retailer 7 2793 12.94
Retailer 8 19686 91.17
Retailer 9 16088 74.51
Retailer 10 17250 79.89
Retailer 11 11760 54.46
Retailer 12 18609 86.18
Retailer 13 10315 47.77

Table 2.5: Presence of retailers in local choice sets

A retailer is, on average, present in approximately 65 per cent of the local choice
sets. The large retailers 1, 2 and 6, which have by far the most supermarkets, are
almost always present. The smallest, i.e. retailer 7, is contained in only 13 per cent

of the local choice sets.

As discussed earlier, another important factor driving cross-price elasticities be-
tween products held by two competing retailers is the number of choice occasions
where both are present at the same time. Table A2.1 in the appendix gives the
percentage of common local choice sets for all retailer pairs. The average retailer
pair is present in only 43.4 per cent of the choice sets. However, there is variation
across retailers. The lowest number of choice sets share retailers 4 and 7. In only 6.5
per cent of the 21,592 choice occasions, decision-makers can choose between both.

The largest number of shared choice occasions is between retailers 1 and 6 (97.7
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per cent). These figures reflect the uneven distribution of supermarkets by retailers
across Rhineland-Palatinate. For an illustrative example, consider retailers 3 and 4.
They are very similar in terms of presence in choice sets (32.15 vs 31.75 per cent),
but retailer 4 focusses its business on the north while retailer 3 has a similar number
of supermarkets in the north and the south. As a consequence, retailer 13, which
is not at all present in the north, shares around 17 per cent of the choice sets with

retailer 3, but only 10 per cent with retailer 4.

2.5 Results

This section compares estimation results and price elasticities between both choice

set specifications, and analyses the factors driving the differences.

2.5.1 Demand Estimation

The conditional logit demand model is estimated by maximum likelihood using
Stata’s clogit command. Product characteristics entering the utility function are
the price®*, the fat content, two dummy variables for fresh and organically sourced

products, and a set of retailer and brand fixed effects®.

The demand model is estimated conditional on buying, i.e. I model the observed
choices, but do not consider that a household might have opted not to buy any of the
fluid milk products. I refrain from modelling the possibility of not buying, which is
commonly referred to as an outside option in the literature, for the following reasons.
Allowing for an outside option adds further complexity, requires strong assumptions
on consumer demand, raises the requirements regarding the completeness of the
data (which is potentially not satisfied by the GfK consumer panel) and - most
importantly - does not affect the key results of this paper3®.

34Some unobserved product characteristics might be correlated with the price, e.g. product
advertising, and hence give rise to biased estimates. A common approach to tackle this issue
would be the widely used control function approach proposed by Petrin and Train (2010). In this
paper, I do not correct for a potential bias in the price coefficient for the following reasons: the
control function approach hinges on a number of critical assumptions, raises data requirements
and adds further complexity. Most importantly, a potential bias would be similar for global and
local choice sets and thus not systematically distort the results relevant in this paper.

35Retailer 1 acts as the baseline for the retailer fixed effects and private labels act as the baseline
for the brand fixed effects.

36Not allowing for an outside option similarly affects the results obtained under both types of
choice sets, so it does not substantially affect the relative differences between them.
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The logit demand estimates with global (left) and local (right) choice sets are
presented in Table 2.6.

(1) (2)
global CS local CS

chosen

price -0.0589***  (-49.21) -0.0590"** (-49.20)
fat 0.0311**  (4.29)  0.0314**  (4.33)
fresh -0.386***  (-26.17) -0.386™*  (-26.19)
organic 0.436*** (8.57) 0.441* (8.66)
ret 2 -1.896***  (-64.36) -1.923*  (-64.77)
ret 3 -1.862***  (-16.60) -0.535"*  (-4.74)
ret 4 -3.604**  (-47.80) -2.377*  (-31.21)
ret 5 -2.197*  (-65.78) -1.175"™*  (-33.84)
ret 6 -0.146**  (-7.21)  -0.171**  (-8.35)
ret 7 -3.029***  (-24.29) -0.762**  (-6.04)
ret 8 -1.718**  (-65.40) -1.614™* (-61.05)
ret 9 -2.382**  (-54.71) -2.102"*  (-47.95)
ret 10 -1.882***  (-54.04) -1.628"*  (-46.38)
ret 11 -2.010**  (-67.18) -1.291™*  (-41.79)
ret 12 -1.819***  (-58.85) -1.684™*  (-53.80)
ret 13 -3.338***  (-46.34) -2.589™*  (-35.73)

brand 1 0.620  (3.08)  0.634*  (3.15)

brand 2 2537 (15.57)  2.552*  (15.64)
brand 3 1.174**  (16.17) 1.183**  (16.26)
brand 4 0.963**  (5.33)  0.982**  (5.43)

brand 5  0.634**  (5.78)  0.637**  (5.80)

brand 6 0124  (1.07) 0136  (1.18)

brand 7  -0.395  (-1.85)  -0.379  (-1.78)
brand 8  0.375"*  (4.46)  0.399**  (4.72)

brand 9  3.253**  (17.76)  3.263**  (17.80)
brand 10 -1.884** (-11.44) -1.873*** (-11.37)
brand 11  0.0989  (1.07) 0104  (1.13)

brand 12 -1.823**  (-8.19) -1.811***  (-8.13)
N 2159200 1461814

t statistics in parentheses
*p<0.05 " p<0.01, ™ p <0.001

Table 2.6: Conditional logit demand estimates with global and local choice sets

In both specifications, almost all variables entering the model are highly statis-
tically significant. The price coefficient is negative, as expected. Consumers value
a higher fat content and organically sourced products, and prefer UHT products to
fresh milk. All retailer dummies are negative indicating that retailer 1, the baseline,

is the most popular. Moreover, there is a considerable degree of heterogeneity in the
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magnitude of the retailer fixed effects, showing strong differences in the popularity
of retailers. The brand fixed effects, which are mainly positive, reveal that branded
products are generally preferred over private labels, which serve as the baseline.

Here again, we observe substantial variation between the different brands offered.

Comparing parameter estimates across specifications, we make two observations.
First, the coefficients on price, fat, fresh, organic and the brand fixed effects are
almost identical across both specifications.?” Second, retailer fixed effects decrease
in absolute terms and are severely affected by how choice sets are formed. This
result makes sense intuitively because the differences in choice sets between both
specifications are on retailer level and are therefore fully captured by the retailer
fixed effects.

For closer inspection, retailer fixed effects for both specifications and the differ-

ence between them are given in Table 2.7.

coeff global coeff local difference

Retailer 2 -1.896 -1.923 -0.027
Retailer 3 -1.862 -0,535 1.327
Retailer 4 -3.604 -2.377 1.2270
Retailer 5 -2.197 -1.175 1.022
Retailer 6 -0.146 -0.171 -0.025
Retailer 7 -3.029 -0.762 2.267
Retailer 8 -1.718 -1.614 0.104
Retailer 9 -2.382 -2.102 0.280
Retailer 10 -1.882 -1.628 0.254
Retailer 11 -2.010 -1.291 0.719
Retailer 12 -1.819 -1.684 0.135
Retailer 13 -3.338 -2.589 0.749

Table 2.7: Retailer fixed effects with global and local choice sets

With global choice sets, the estimated fixed effects indicate a generally higher
popularity of larger retailers which are present in a larger fraction of the 21,592
choice sets, see left panel of Figure A2.2 in the appendix. I.e. the model explains
the lower market shares of smaller retailers to a large degree by their lower popular-
ity among the decision-makers. This relationship disappears with local choice sets.
The right panel of Figure A2.3 in the appendix illustrates that the positive corre-
lation between a retailer’s fixed effect and its choice set presence no longer exists

with local choice sets. L.e., consumers generally do not dislike smaller retailers, but

3TRe-estimating both specifications with product prices artificially set to the yearly average
yields identical parameter estimates for all variables but the retailer fixed effects confirming that
the small differences observed are solely driven by slight variations in price over time.
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limited availability prevents many consumers from buying their products. In Figure
A2.4 in the appendix, the absolute differences in fixed effects between choice sets
specifications are plotted against the percentage of choice sets the respective retail-
ers is included in. The graph shows that the differences in the fixed effect between
choice set specifications is strongest for the smallest retailers which are included in

the fewest choice sets and zero for large retailers.

2.5.2 Predicted Probabilities and Market Shares

The parameter estimates presented above are used to compute predicted probabil-
ities for all 100 alternatives on each of the 21,592 choice occasions, which are then
aggregated into market shares. Summary statistics are given in Table 2.8. The
average market share, i.e. the average predicted choice probability over the entire

sample of 21,592 choice occasions by retailer, is identical across both specifications.?®

The individual choice probabilities, however, differ strongly between the two
scenarios. With global choice sets, the variance of predicted individual probabilities

is very low.%

This changes dramatically with local choice sets. As we have seen before, local
choice sets are very heterogeneous both in size and composition, which leads to
strong variations in the choice probability of an alternative across choice sets. For
illustration, consider retailer 1. The mean choice probability of its products is about
5.96 per cent and identical across specifications, but the standard deviation is larger
by a factor of 40 if choice sets are local. With global choice sets, the average choice
probabilities of retailer 1’s products lie in a narrow range between 5.87 and 6.03.
With local choice sets, we observe choice probabilities between zero (if retailer 1 and

its products were not in the local choice set) and almost 17 per cent.

2.5.3 Elasticities

Using the predicted parameters from both specifications and the individual choice
probabilities, I compute market share elasticities as described above. With 100
products, we will obtain 10,000 values in total for each specification: 100 own-price

elasticities and 9,900 cross-price elasticities.

38Running a two-sided t-test on the market shares of the top 100 products confirms that there
is no statistically significant difference between the predicted market shares of both specifications.

39The variation is caused by the slight variation in the monthly prices. With prices constant
over time, predicted choice probabilities would be identical across all 21,592 choice occasions.
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Variable Mean Std. Dev. Min. Max.
Retailer 1:  share global  5.957 0.045 5.874  6.03
share local 5.957 1.612 0 16.825
Retailer 2:  share global  0.58 0.034 0.548 0.678
share local 0.58 0.281 0 4.586
Retailer 3:  share global  0.586 0.016 0.559 0.613
share local 0.586 0.867 0 5.048
Retailer 4:  share global  0.183 0.019 0.161 0.24
share local 0.183 0.278 0 1.357
Retailer 5:  share global  0.589 0.064 0.544  0.779
share local 0.589 0.724 0 5.955
Retailer 6:  share global  3.331 0.037 3.265  3.394
share local 3.331 1.052 0 16.667
Retailer 7:  share globall 0.153 0.01 0.14  0.172
share local 0.153 0.404 0 1.945
Retailer 8:  share global  0.912 0.019 0.884 0.954
share local 0.912 0.351 0 4.268
Retailer 9:  share global  0.666 0.007 0.648 0.679
share local 0.666 0.463 0 7.483
Retailer 10: share global  1.096 0.009 1.075  1.106
share local 1.096 0.638 0 25
Retailer 11: share global  0.471 0.031 0.428 0.554
share local 0.471 0.449 0 3.464
Retailer 12: share global  0.495 0.006 0.483  0.506
share local 0.495 0.3 0 4.313
Retailer 13: share global  0.237 0.005 0.226  0.244
share local 0.237 0.273 0 4.261
N 21592

Table 2.8: Predicted market shares by retailer with global and local choice sets
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To make the results more comprehensible and comparable between choice set
specifications, I proceed in three steps. First, I present own-price elasticities. Sec-
ond, I show and compare intra-retailer cross-price elasticities between products held
by the same retailer. Third, I discuss inter-retailer cross-price elasticities between

products sold by two competing retailers.

Own-price elasticities Summary statistics for own-price elasticities of all top 100
products with global and local choice sets are given in Table 2.9. Average own-price

elasticities by retailer are provided in Table A2.2 in the appendix.

Variable Mean Std. Dev. Min. Max.
own_global -4.071 1.252 -8.449 -2.626
own_ local  -4.046 1.255 -8.428 -2.601

N 100

Table 2.9: Average own-price elasticities with global and local choice sets

In both specifications, own-price elasticities average around -4, ranging between
-2.6 and -8.4. Pairwise comparison shows that own-price elasticities are uniformly
larger in absolute terms with global choice sets.*® However, the difference is negli-

gible and almost zero.

Cross-price elasticities More interesting and insightful is the comparison of
cross-price elasticities. First, consider intra-retailer cross-price elasticities, i.e. for

product pairs sold by the same retailer.

The average intra cross-price elasticity over the 864 product pairs rises strongly
from 0.026 to 0.042, see Table 2.10. Average intra-retailer cross-price elasticities by
retailer are given on the diagonal of the Tables A2.3 and A2.4 in the appendix for

global and local choice sets, respectively.

40 Assume for illustration that a product i has a market share of 1 per cent. Let there be
N = 100 household making a single choice each. With global choice sets, there are identical choice
probabilities for all consumers. The marginal effect is then & S°0_| PG (1—P%,) = 11:(100%0.01%
0.99) = 0,0099. With local assume now that only 50 households can choose product i. To obtain an
overall market share of 1 per cent, the individual choice probabilities of those 50 consumers must be
2 per cent. The direct marginal effect is then +- 27]:]:1 P& (1=P%,) = 155 (50%0.02%0.98+50x0%0) =
0,0098.
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Variable Mean Std. Dev. Min. Max.
cross_intra_global  0.026 0.037 0.001 0.285
cross_intra_local 0.042 0.044 0.001  0.305

N 864

Table 2.10: Average intra-retailer cross-price elasticities with global and local choice
sets

Pairwise comparison shows that intra-retailer cross-price elasticities uniformly
increase with local choice sets. This result is driven by two factors. The first is
technical, and results from the logit model used. Recall the expression for market
share elasticities F;; = 153—3%% nNzl Zthl —aP,; P,ji. As we have seen before, the
predicted market share, s;, the average price, p;, and the estimated price coefficient
« are identical across specifications. The difference must thus result from the mul-
tiplicative term of individual choice probabilities, i.e. P,;FP,;;. Note that although
the average choice probability (i.e. the market share) is identical, this term is larger
when the individual choice probabilities are high for some decision makers and zero
for others (which is the case with local choice sets) compared to the situation, where
all decision-makers have almost the same choice probability (which is the case with

global choice sets).*!

The second factor directly results from how local choice sets are constructed.
Because products sold by the same retailer are always present in the same local
choice sets, while products of other retailers are only present in some, the former
necessarily become a relatively more important alternative following a price increase

in one product compared to the choice situation with the global choice set.

The average percentage increase in intra cross-price elasticities is as high as 85.4
percent and varies strongly between just 7.1 per cent and 693.3 percent, see Table
2.11. The average percentage changes of intra-retailer cross-price elasticities by

retailer are displayed on the diagonal of Table A2.5 in the appendix.

“1¥or illustration, assume two products ¢ and j held by the same retailer, which have a market
share of 3 and 5 per cent, respectively. Let there be N = 100 households making one choice
each. In our setting with global choice, choice makers have individual choice probabilities that are
identical across all consumers. In this case, & S0 PSP, = 155(100  0.03  0.05) = 0.0015.
Now assume that with local choice sets, only 50 households have access to both products. For the
overall market share to be 3 and 5 per cent, respectively, their individual choice probability must

be 6 and 10 per cent. Then ZnNzl PnLitP,,fjt = 105(50 % 0.06 x 0.1 + 50 % 0 % 0) = 0.003.
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Variable Mean Std. Dev. Min. Max.
cross_intra_change 85.376 77.602 7.084 693.299
N 864

Table 2.11: Percentage change in average intra-retailer cross-price elasticities be-
tween choice set specifications

To better understand the factors driving the difference in intra-retailer cross-
price elasticities, I regress the percentage difference in elasticities on the share of
local choice sets in which the respective retailer is contained. To allow for a non-
linear relation, I also include a squared term. The regression results are presented
in Table 2.12 below.

%-change cross_intra
ishare  -11.647"  (-58.80)
isharesq ~ .067** (44.86)
__cons 527.391**  (90.39)
N 864
R? 0.948

t statistics in parentheses
*p<0.05, % p<0.01, *** p < 0.001

Table 2.12: Regression results for intra-retailer cross-price elasticity differences be-
tween choice set specifications

The results show that the percentage change in intra-retailer cross-price elastic-
ities decreases in the share of choice sets a retailer is contained in. I.e. the change
is largest for small retailers with few supermarkets. The positive coefficient on the
squared term indicates convexity, i.e. the percentage change decreases at a decreas-
ing rate. The very high R? of 0.95 indicates that almost the entire variation in the
percentage change between specifications can be explained by the share of choice

sets in which a retailer is present.

In the next step, I turn to the remaining 9,036 inter-retailer cross-price elasticities
computed for product pairs held by competing retailers. Under both specifications,
the average inter cross-price elasticity is almost identical at approximately 0.03, see
Table 2.13. Average inter-retailer cross-price elasticities by retailer are given in the
off-diagonal elements of the Tables A2.3 and A2.4 in the appendix.
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Variable Mean Std. Dev. Min. Max.
cross_inter global  0.034 0.050 0.001 0.286
cross_inter local 0.032 0.048 0.001  0.295

N 9036

Table 2.13: Average inter-retailer cross-price elasticities with global and local choice
sets

While the average decrease in inter-retailer cross-price elasticities is only about
4.2 per cent, the percentage change between different retailer pairs ranges from -50
to 95 per cent. The average percentage change of inter-retailer cross-price elasticities

by retailers is given in the off-diagonal elements of Table A2.5 in the appendix.

Variable Mean Std. Dev. Min. Max.
%-change cross_inter -4.244 12.194 -49.203 94.991
N 9036

Table 2.14: Percentage change in average inter-retailer cross-price elasticities be-
tween choice set specifications

In stark contrast to intra-retailer effects, inter-retailer cross-price elasticities be-
tween different retailers do not change uniformly and go in either direction. To

understand this result, it is insightful to highlight two counteracting factors.

For the multiplicative in the expression for cross-price elasticities,
B, = %%%Zgﬂ Zthl —aP,iPji, to be non-zero, both products need to be
present in a decision maker’s choice set. Contrary to the global choice sets sce-
nario, this is not always the case with local choice sets. For decision makers who
have access to only one of the two relevant retailers, or to neither, there is no sub-
stitution between products ¢ and j. Therefore, allowing for local choice sets has a
decreasing effect on inter-retailer cross-price elasticities. The fewer the number of
supermarkets that retailers r; and r; have, the less often they should be included in
the same choice set. In the most extreme case with no local choice set containing

both retailers, inter-retailer cross-price elasticities drop to zero.

However, for those individuals whose choice sets contain both alternatives ¢ and
7, the multiplicative term will be higher for local choice sets compared to the global
choice set scenario for the same reasons discussed in the context of intra-retailer
cross-price elasticities. Therefore, allowing for local choice sets will result in stronger

inter-retailer substitution for those consumers that have access to both retailers.
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The overall effect will depend on the combined impact of both factors. To shed
light on these opposing effects driving the differences in inter-retailer cross-price
elasticities, I regress the percentage change both on the share of choice sets retailer
i is contained in and the share of choice sets rival j is contained in. To account
for the fact that substitution between two products sold by competing retailers is
only possible in the context of local choice sets when both are contained in the same
choice set, I also include the percentage of local choice sets both retailers considered
have in common. As before, I add squared terms of all variables entering the model

to allow for non-linearity. The estimation results are given in Table 2.15.

(1)

%-change cross_inter

ishare 3.052  (-66.13)
isharesq 0.014*** (49.18)
jshare -3.052*  (-66.14)

jsharesq 0.014* (49.22)
ijshare 3.928%*  (70.37)
ijjsharesq  -0.018**  (-53.12)
_cons 133.7468**  (72.37)
N 9036

R? 0.5344

t statistics in parentheses
* p <0.05,** p<0.01, ** p <0.001

Table 2.15: Regression results for inter-retailer cross-price elasticity differences be-
tween choice set specifications

As expected, the difference in inter-retailer corss-price elasticities is, ceteris
paribus, decreasing in the share of local choice sets an alternative is contained in.
Hence, the increase in elasticities is strongest for the smallest retailers that are rep-
resented in the fewest local choice sets. The results further confirm that, ceteris
paribus, the percentage change between choice sets specifications increases in the
share of common choice sets of the two respective retailers. In other words, the
percentage change between specifications is rising in the share of choice sets the two

respective retailers share.

The R? indicates that a substantial amount of the variation between choice sets
is explained by the choice set presence of the two respective retailers and the fraction
of choice sets they share. However, there are additional factors that are driving the

effects that are not captured. These are, for example, the size of the choice sets
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both retailers are represented in and their composition, i.e. the other alternatives

to choose from.*?

2.6 Conclusion

In this paper, I demonstrate how relaxing the common - and often implicit - as-
sumption of a global choice set for all decision-makers in favour of local choice sets
reflecting the retailer landscape impacts the demand estimation results and elastic-

ities based thereon.

For this purpose, I combine the 2010 GfK consumer panel, which includes in-
formation on the approximate household location, and a comprehensive list of su-
permarket addresses in Germany. The product category under study is fluid milk.
As a fast-moving consumer good with high purchasing frequencies and quantities,
and clear product characteristics, it is ideal for modelling the choice process. To
lower the computational burden and to capture that fluid milk products are often
regional products, I restrict the analysis to the German federal state of Rhineland-
Palatinate. Its key advantage over other German federal states it the fairly small
size of its five-digit postcode areas which helps to obtain accurate approximations

of household locations, as they are only disclosed at postcode level.

While the global choice sets contains the top 100 products for all decision makers,
local choice sets are constructed by a simple rule: only products held by retailers
with a supermarket within a radius of 10 kilometres of the approximated household
location are contained in the local choice set. Applying this rule, the average number
of retailers available drops from 13 to 8, and the number of products to choose from

decreases by 32 per cent on average.

Comparing the logit demand estimates between both specifications shows that
the differences are fully captured by the retailer fixed effects. With global choice sets,
fixed effects for large retailers that operate many supermarkets all over Rhineland-
Palatinate are the largest. This indicates that, ceteris paribus, consumers prefer
these large retail chains to their smaller competitors. However, once the assumption
of global presence of all retailers and their products is relaxed, this result changes
fundamentally. Now, smaller retailers can be just as popular, if not more so, among
consumers who have access to them. The lower market share of smaller retailers is

thus to a large extent simply due to their lower availability.

42E.g. if the two retailers are both contained in large choice sets with many rival retailers, the
multiplicative term P, Pp;¢ is smaller than if the two smaller choice sets with higher predicted
choice probabilities for both relevant products.
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These effects on demand estimates carry over to elasticities of demand, which
are computed on the basis of predicted choice probabilities. Own-price elasticities
uniformly fall, but only by a negligible amount. The impact on cross-price elasticities

is, however, substantial.

Intra-retailer cross-price elasticities, i.e. between the products held by the same
retailer, rise uniformly with local choice sets. The increase between the different
product pairs ranges from just 7 per cent to almost 700 per cent in the example.
This result is driven by two factors. First, two products held by the same retailer
are present in the same choice sets. It is therefore always possible to substitute one
for the other in the case of a price increase, while products of rival retailers are
not necessarily available. Second, because there are generally fewer alternatives in
local choice sets, the choice probability of each product naturally increases, resulting
in larger cross-price effects. The increase in intra-retailer cross-price elasticities is
largest for retailers which are contained in the lowest number of local choice sets,

while the effect on large retailers with many supermarkets is small.

The second effect giving rise to higher elasticities with local choice sets also holds
for inter-retailer cross-price elasticities between products held by competing retailers.
However, inter-retailer cross-price elasticities with local choice sets also depend on
the number of choice sets both alternatives are contained in. As smaller retailers
are included in fewer choice sets, their products are less likely to be substitutes
for each other. Hence, introducing local choice sets also has a decreasing effect on
inter-retailer cross-price elasticities. Therefore, the overall effect of introducing local
choice sets on cross-price elasticities between alternatives offered by different retailers
is ambiguous and goes in either direction. In the empirical example, the change in
inter-retailer cross-price elasticities following the introduction of local choice sets
ranges from a decrease of almost 50 per cent to an increase of 95 per cent. The
percentage change is c.p. largest for smaller retailers that are contained in fewer

choice sets and increases c.p. in the number of choice sets common to both retailers.

These results demonstrate that, despite their efforts to develop increasingly so-
phisticated logit demand models, researchers risk obtaining biased demand estimates

and elasticity when ignoring choice set heterogeneity in their empirical approach.
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Appendix

S

Five-digit postcode areas in Germany (left panel) and Rhineland-

Palatinate (right panel)*3

Figure A2.1
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global CS local CS

R1  -3.33 -3.32
R2  -4.69 -4.68
R3 -4.10 -4.04
R4 -3.97 -3.95
R5 -3.87 -3.83
R6  -3.95 -3.94
R7  -4.53 -4.48
R8  -3.90 -3.89
R9  -3.07 -3.05
R10 -3.05 -3.04
R11 -4.30 -4.28
R12 -4.68 -4.67
R13 -3.34 -3.32

Table A2.2: Average own-price elasticities with global and local choice sets
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Chapter 3

Retail Merger Screening with Local
Choice Sets
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3.1 Introduction

Grocery retailing is one of the most intensively researched industries in the empir-
ical economic literature. Especially structural econometric models (of demand and
supply) have become very popular over the past decades. The reason for their pop-
ularity is that structural econometric models are very powerful and versatile tools
that can be used to i) compute unobserved parameters (such as demand elastici-
ties, marginal costs, bargaining power), ii) conduct counterfactual analysis (such as
merger or policy simulations) or iii) test the predictive performance of rival theories

(e.g. different models of competition).!

The empirical literature on grocery retailing has addressed a wide range of re-
search questions. Summarising the entire literature of structural econometric models
in retailing is beyond the scope of this paper and the following contributions are just
a selection of examples for the three different uses of structural models identified
by Reiss and Wolak (2007).? For example, Draganska et al. (2010), Bonnet and
Bouamra-Mechemache (2016), Richards et al. (2011) and Berto Villas-Boas (2007)
use structural models to compute (unobserved) measures of bargaining power and
profit sharing between retailers and manufacturers. Examples of counterfactual
analysis are Bonnet et al. (2013) and Bonnet and Requillart (2013) who analyse the
effects of potential upstream cost shocks and taxes on consumer prices. Examples
of studies that use structural models to infer the pricing strategy used in vertical
relations between manufacturers and retailers are Bonnet and Dubois (2010) and
Haucap et al. (2021).

These selected examples show that the empirical literature on grocery retailing
has made tremendous efforts to advance structural modelling by using increasingly
sophisticated demand models, adding more and refined structure on the supply side
and using richer datasets that have become available in recent years. However,
the literature estimating some form of discrete choice demand model relies - often
implicitly - on the strong global choice set assumption3: All consumers are assumed

to choose from an identical choice set that contains all alternatives.

In the context of grocery retailing, the global choice set assumption is only

satisfied when all consumers have access to all retailers and can choose between all

! This classification of the use cases of structural econometric models goes back to Reiss and
Wolak (2007).

2Bonnet et al. (2020) review the relevant literature focusing on important issues such as un-
derstanding of vertical relationships in food markets, price formation, competition issues, environ-
mental and nutritional policies.

3The literature also refers to the universal choice set.
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products they offer. This is, however, very often not the case. Studies have shown
that consumers visit supermarkets close to where they live and usually do not travel

> For this reason, the global choice set assumption is

far for grocery shopping.*
violated for people in rural areas with access to a very limited number of different
retailers. But even in urban areas, not necessarily all retailers are available. This is
the case because some retailers focus their business activities on some regions and

are not present in others.

It is well established that ignoring variations in choice sets can give rise to biased
demand estimates and measures derived from them, see e.g. Bronnenberg and Van-
honacker (1996); Bajari and Benkard (2005); Goeree (2008); Draganska and Klapper
(2011). Hence, falsely assuming access to all retailers and their products in the de-
mand estimation independent of where the consumers live, we risk obtaining biased
demand estimation results that will carry over to the outcome of structural models

based on them.

The goal of this paper is to demonstrate how relaxing the global choice set
assumption in favour of more realistic local choice sets reflecting the retail landscape
impacts the results of a structural model of supply and demand. In particular, I
show how the outcome of potential retail mergers is affected by the definition of
choice sets. Rather than performing a full-blown merger simulation, I make use of
the popular and widely used upward pricing pressure (UPP) proposed by Farrell

and Shapiro (2010a) as a screening tool for the initial price effects of a merger.

I use two datasets: the GfK (Gesellschaft fiir Konsumforschung) consumer panel
data on milk purchases for the federal German state of Rhineland-Palatinate that
also contains the approximate household locations and a comprehensive address
dataset comprising all supermarket addresses provided by Wer-zu-Wem GmbH. Lo-
cal choice sets are then constructed by a simple rule. A household’s local choice
set only contains the products offered by retailers that have a supermarket within a
distance of 10 kilometres of the household’s approximate place of residence. To keep

the model tractable, I restrict my analysis to federal state of Rhineland-Palatinate.

I estimate two logit demand models, one with global and one with local choice
sets. The first insight is that demand estimates are severely affected by choice set
specification. With global choice sets, retailer fixed effects indicate that smaller

retailers are less popular than their larger rivals. This result vanishes once local

4Kriiger et al. (2013) study travel distances for grocery shopping in Germany and show that
most consumers buy close to their homes.

5Qther reasons for deviations from a global choice set are limited availability of products due
to assortment decisions, temporary stock-out, or limited knowledge about available alternatives,
see Hickman and Mortimer (2016).
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choice sets are being used. Then smaller retailers are equally or even more popular,

and their lower market share is simply due to their limited availability.

Using the demand estimation results, I compute UPP with both global and local
choice sets for all potential mergers between the 13 retailers included in the data.
Under both specifications, UPP is higher when the merging partner is large in terms
of market shares. However, closer inspection of the results reveals that ignoring
local heterogeneity in choice sets by assuming a global choice set severely affects the
results. Percentage changes in UPP between retailer pairs resulting from introducing
local choice sets range between -46 and 117 per cent. The relative differences in UPP
between choice set specifications are largest for mergers involving smaller retailers,
i.e. when the absolute UPP is fairly small, and the potential anticompetitive effect
is limited. For potential mergers with large competitors that give rise to competitive

concerns, UPP is similar under both choice set specifications.

The remainder of this paper is structured as follows. In Section 3.2, I derive
upward pricing pressure (UPP) from pre- and post-merger first-order conditions.
Section 3.3 presents the logit demand model, derives diversion ratios - the first
building block of the UPP formula - and highlights the differences between global
and local choice sets. In the following Section 3.4, T demonstrate how mark-ups
- the second building block of UPP - can be inferred from the underlying supply
model and the demand estimation results. Sections 3.5 and 3.6 summarise the data
and show how local choice sets deviate from the global choice set. The demand
estimation results and UPP for all potential mergers obtained under both choice set

specifications are presented and compared in Section 3.7. Section 3.8 concludes.

3.2 UPP as a Merger Screening Tool

In this section, I outline the concept underlying upward-pricing pressure (UPP) and

provide a formal definition.

There is a long tradition in the economic literature to simulate the (price) effects
of mergers. However, a full-blown merger simulation is a challenging task that
is non-trivial to implement and has fairly high data requirements. For antitrust
authorities it is necessary to predict the outcomes of potential mergers or at least
identify potentially harmful mergers without having the time or the data to perform
a merger simulation. For this reason, a number of simpler alternative approaches

for evaluating potential merger effects have been developed. One of them is upward-

6Budzinski and Ruhmer (2009) review the merger simulation literature.
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pricing pressure or UPP, formally introduced by Farrell and Shapiro (2010a).” UPP
has gained considerable relevance in antitrust analysis® and is included in merger
guidelines of several countries, including the US, the UK, France and Brazil, see
Dutra and Sabarwal (2020).

The idea behind UPP is simple. It quantifies the incentive of the merging firm to
raise prices after the merger by comparing two countervailing effects: its incentives
to raise prices due to lost competition and its incentives to lower prices because of

cost reductions through synergies.

Since the release of the first version of Farrell and Shapiro (2010a) in 2008, UPP
has been modified and extended in a number of papers, see e.g. the gross upward
pricing pressure index (GUPPI) proposed by Shapiro (2010) and Hausman et al.
(2011). Others advocate modifying the UPP by relaxing some of its restrictive
assumptions, thus bringing it closer to merger simulations and increasing its com-
plexity and data requirements. Examples are Simons and Coate (2010) and Jaffe
and Weyl (2013) who introduce pass-through terms, or Schmalensee (2009) who
suggests accounting for cost-synergies in both merging parties’ products. Initially
constructed for Bertrand competition with single-product firms, UPP has been gen-
eralised to allow for multi-product firms (Jaffe and Weyl 2013), Cournot competition
(Moresi 2009a), bidding competition (Moresi 2009b), and two-sided markets (Affeldt
et al. 2013).

The seminal paper by Farrell and Shapiro (2010a) has spurred a vivid and con-
troversial debate as to whether UPP itself is indicative of the magnitude of price
change following a merger or merely of the sign of the expected price effect (Bailey
et al. 2010; Farrell and Shapiro 2010b; Schmalensee 2009; Epstein and Rubinfeld
2010). The predictive accuracy of UPP has also been addressed empirically in a
number of Monte Carlo studies. E.g. Miller et al. (2017) conclude that - depending
on the demand system - UPP provides fairly precise post-merger prices. Cheung
(2016) also finds that with structurally estimated price elasticities, UPP has high
predictive accuracy, while simpler demand-side inputs give rise to mispredictions.
Dutra and Sabarwal (2020) show that modifications of the initial UPP that incor-
porate cost efficiencies guided by theory can substantially improve the prediction of

post-merger prices.

"Farrell and Shapiro (2010a) build on earlier works using first-order approaches to assess merger
effects, see e.g. Hausman et al. (1994) and Werden (1996).

8See for example Baltzopoulos et al. (2015) who review five cases of the Swedish competition
authority that rely on some form of UPP analysis.
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To avoid the discussion of whether UPP can or cannot give precise predictions
of the price increases following a merger, I take a conservative approach in this
paper. I compute UPP without taking potential merger synergies into consideration
and interpret the magnitude of UPP as an indicator of how much anti-competitive

concern the merger should raise.”

3.2.1 Formal Derivation of UPP

Assume there are r = 1,..., R multi-product retailers. Each retailer r holds a set
of J" differentiated products denoted J" which is a subset of all products J =
{1,...,J} in the market. Each product j is sold by a unique retailer, i.e. J"NJ* =
(),Vr # s Finally, let the market size be M.

Pre-merger maximisation problem The profit function of retailer r is given
by
=Y (pj—c)si(P)M, (3.1)
JjeJr
where s;(p) is the market share of product j for a vector p of all product prices.'
Marginal costs of product j are denoted c; and assumed to be constant. Retailers

compete in prices a la Bertrand-Nash. Retailer r’s first-order conditions are

si(P)+ ) (m — Ck)a(z;(w =0,vjeJ" (3.2)

keJr

For convenience, the expression can be rewritten in matrix notation:

Os,(p)”
s (p) + (%) (pr —¢,) =0, (3.3)
—— P~ —_——
Jrx1 ijr—/ Jrx1

where s,, p, and c, denote the market share, price and marginal cost vectors of r,

respectively. For convenience, I rearrange the first-order conditions:

0s.(p)"\
gr(p) = - 9 Sr(p) + (pr - Cr) =0 (34)
Pr S~ Y/,
~ -~ 7 Jrx1 Jrx1
JrxJr

9The magnitude of the UPP gives an indication of how large merger-induced efficiency gains
need to be to offset the incentives for price increases.
0Vectors and matrices are in bold face.
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Post-merger maximisation problem Now assume retailer » merges with its
rival s offering the set of products J°. Let the merged retailer be denoted by
m. Often, efficiency gains due to reductions in marginal cost resulting from the
merger are also included. For simplicity, I do not consider possible merger-induced

efficiencies in what follows.!! The post-merger profit function of retailer m is then

Ty = Ty + Ty (3-5)
= Z (pj —¢j)sj(p)M + Z(pz —a)si(p) M. (3.6)
jeJgr legs

The profit maximising post-merger prices of the products initially held by retailer

r satisfy the following first-order conditions:

0 0
si(p)+ > (pr — cx) 55@ +) (p—a) ‘2@ —0,VjeJ (3.7)
keg" P legs P;

The third term reflects that now a pricing decision for a product j initially held
by retailer r no longer only affects the profits earned from the products in 7", but
also through additional profits gained from consumers that switch to products in
J*¢ initially held by retailer s. The first-order conditions for the products in J* are

analogue. Rewriting the post-merger first-order conditions in matrix notation yields

Os,(p)" Oss(p)T
s¢(p) + (%) (pr —c,)+ (%) (ps — cs) =0, (3.8)
Jrx1 N —~ ; ,  JrxJr JTX; Jsx1

which can be rearranged as follows:

o= (52 ) e () () e s 59

N o JTx1 N / Jsx1 Jrx1
~~ ~~ ~~
JrXJT JrxJT JrxJ

Upward pricing pressure The system of first-order conditions the merging and
the non-merging firms given by (3.4) and (3.9), respectively, could be used to simu-
late post-merger prices given sufficient information on marginal cost and a demand
system (Miller et al. 2017). The complexity of full-blown merger simulation arises
from the fact that not only the prices of the merging but also of the non-merging

firms re-equilibrate.

!1The UPP values can hence be interpreted as the required marginal cost reductions needed to
offset the price increase following a merger.
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Using the logit demand model and choice data described in section 3.5, it would
be possible to simulate the post-merger equilibrium. However, as the purpose of this
paper is to illustrate the effects of local choice sets on expected merger outcomes, it
is useful to refrain from the complexities of merger simulation in favour of a more
straightforward approach. This is particularly true because it would be infeasible to
simulate all potential mergers between the 13 retailers considered in the empirical

example provided later.

A simpler alternative proposed by Shapiro (2010) is to compute upward-pricing
pressure, which is the difference between pre-merger (3.4) and post-merger first-order

conditions (3.9).'2 UPP for retailer r is defined as follows

-1
ds:(p)” dss(p)”
UPPrzhr—grz—( Sa;p) > ( Zép) ) (s — cs) - (3.10)
) ) J5x1
J"'::JS Mark-ups of s

Matrix of diversion from r to s
UPP; is analogue.

The UPP formula for retailer r in (3.10) has two main building blocks: the
diversion matrix between retailers  and s and the mark-ups of the merging partner
s. The diversion matrix measures which proportion of sales lost due to a price
increase by r is recaptured by increased sales of retailer s. Multiplying the diversion
matrix by the mark-ups of retailer s yields the value of the sales shifted from r to s.
L.e., the incentive for r to raise its prices increases in the value of the sales diverted

to the merging partner s (Miller et al. 2013).

In what follows, I will first show how diversion matrices and mark-ups can be
derived from a logit demand model and the supply model of retail competition. For
both diversion ratios and mark-ups, I will highlight how relaxing the assumption
of a global choice set containing all j € J" products in favour of local choice sets

containing only a subset of all products affects the results.

3.3 Demand Model and Diversion Ratios

In this section, I will briefly present the conditional logit demand model (McFadden
1973) and derive diversion matrices from it. First, I will do so under the common

global choice set assumption, i.e. all decision-makers can choose from the exact same

12Cheung (2016) establishes the theoretical relationship between UPP and merger simulations.
She shows that UPP can be interpreted as a merger simulation solving for the change in the price
of one merging firm holding all other endogenous variables fixed, i.e. ignoring re-equilibration.
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set of products. Then, I will relax that assumption and allow for local differences in

choice sets reflecting the local retail landscape.

The conditional logit model has long been superseded by more complex logit
demand models that provide more realistic demand estimates and measures of sub-
stitution that are fundamental to structural modelling.!®* However, to demonstrate
how relaxing the common global choice set assumption in favour of more realistic lo-
cal choice sets impacts UPP, it is advantageous to use the traditional logit model. Its
simplicity and mathematical properties help tremendously to identify and illustrate

the effects resulting from different ways of constructing choice sets.

3.3.1 Conditional Logit Model

Assume there is a population of N decision-makers choosing one alternative in each
of the T periods.™ This implies that the size of the market M introduced earlier
equals N -T.

Let the indirect utility that consumer n obtains from buying product 7 in period

t be
Unit = aPnit + Xnit3 +€, (3.11)

Vit

where x,;; is a vector of observed product characteristics and p,;; denotes the price
of product ¢ at time ¢. The coefficients « is the disutility from price, and 3 is a
vector of taste parameters. Finally, ¢,; is a mean-zero, iid extreme value I dis-
tributed individual-specific random shock. For ease of notation, I will denote the

deterministic portion of the n’s utility from buying product i at time ¢ by V,,;;.

Global choice sets In a situation with global choice sets, all N decision makers
can choose from all J alternatives in all T" periods. Recalling from above that any
product j can only be purchased from one retailer, the global choice set assumption
amounts to assuming that all R retailers are available to all decision makers at any

time.

13Today, random coefficient or mixed logit models are frequently used. See Train (2009) for a
detailed description.

14Here, for simplicity, I assume the same number of repeated choices for all decisions. The
number of repeated choices may vary between decision-makers and does so in the application.
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The probability for consumer n of buying product ¢ in period ¢, i.e. U,y >
Unjt ¥V j # i, can then be written as

PG _ exXp ( Vnzt)

=S (V) (3.12)

where the superscript G indicates global choice sets. Note that the expression in
(3.12) is always positive, i.e. we obtain positive choice probabilities for all J alter-
natives in each choice situation. The sum over all J choice probabilities for each

individual at each choice occasion necessarily adds up to one.

The (predicted) market share of an alternative i is defined as the average choice
probability over the sample of all N individual decision-makers over all T' periods.

Formally, the market share of product i is given by

i > PG, (3.13)

n=1 t=1

1

G _

N[ =

Local choice sets Now, we drop the assumption of a global choice set in favour
of local choice sets. No longer, all R retailers are necessarily available, and the local
choice set of individual n, J", only consists of the alternatives offered by retailers

which are locally available. The expression for choice probabilities is then

eXP(th) VZ € jn
PL > e exp(Vaji) (3.14)

nit

0 otherwise,

where the superscript L indicates local choice sets. The choice probability of all
alternatives not available to n is necessarily zero. The sum of the choice probabilities

over all available alternatives in J™ is one.

The expression for the predicted market share of alternative ¢ with local choice

sets is given by the following expression:

sk = %%ZZP@. (3.15)

3.3.2 Diversion Ratios

Having derived expressions for predicted market shares with global and local choice

sets, we can compute diversion ratios for both specifications. Recall the expression
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for the diversion matrix from retailer r to retailer s:

The first right-hand side term is a J"xJ" square matrix of marginal effects of a price
change in retailer r’s prices on the market shares of its own products. The second
right-hand side term is J" x J° matrix of cross marginal effects on the market share

of s following a price increase by r.

Global choice sets Using the expression for the predicted market shares derived
under the global choice set assumption given in 3.13, the diagonal elements of the

square matrix in 3.16 are

0s¢
LI 1
p n=1 1t
11T
=57 > aPg,(1-PS). (3.18)
n=1 t=1
Similarly, the cross-effects between all products held by retailer r are then
5% 11 L IPC
R Ik jAke T 3.19
Opr, NT Zl ; Opr, ( )
11T
=57 Y —apg, P, (3.20)
n=1 t=1

Because predicted choice probabilities P,;; are always positive, all the individual

direct and indirect effects are non-zero.

The second right-hand side term of 3.16 is a J°zJ" matrix of indirect marginal
effects. As before, they measure the effect of a price change in the column-alternative
on the predicted market share of the row-alternative. However, this time, it is the
cross effect from price changes in retailer 7’s initial products on the predicted market

share of the product held by the other merging party, i.e. retailer s. Formally:
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0s¢ 11 K oPC
_J:__ZZ LYjegrleJ? (3.21)
opp NT n=1 t=1 Op
11 N T
=7 > —aprg,rs, (3.22)
n=1 t=1

Individual cross-effects are non-zero for all decision-makers since both PnGjt and P&,

are always positive.

Local choice sets Plugging in the expression for predicted market shares with
local choice sets given in 3.15, we obtain the following expressions for the diagonal

and off-diagonal elements of the first right-hand side matrix in 3.16:

Os; 11§\~ pr PR

ap. NT YD abPh(1-Py)Vied (3.23)
J n=1 t=1

0s) 11N~ i pls g ,

o  NT YD —aPuPL ik ked (3.24)

3
Il
—
-
Il
—

First, consider the expression for direct marginal effects. The individual direct
marginal effects are no longer necessarily non-zero for all choice situations but only
for consumers with access to retailer . The same holds for the expression for indirect
marginal effects. Since the heterogeneity in choice sets is driven by the availability
of retailers, P,; and P, are both positive for the subset of consumers who have

access to retailer r or are both zero for the remaining consumers with no access.

The second right-hand side term of 3.16 is given by

885 11 N L L . r s
o LSS e,
n=1 t=1

For the cross-effect of a decision maker ¢ to be non-zero, both retailers r and s
must be in that decision maker’s local choice set. Otherwise, the individual cross-
effect is zero. Therefore, the overall cross marginal effect does not only depend on
the predicted probabilities for the products considered but also on the number of
individuals who have both products j and % in their local choice set and can thus
substitute one for the other. In the extreme case that no consumer has access to

both retailers r and s, the overall cross-marginal effect is zero.
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3.4 Supply Model and Mark-ups

In this section, I establish how retailer mark-ups, the second building block of UPP

given in 3.10, can be recovered from the supply model.

Recall the pre-merger first-order conditions describing the Bertrand-equilibrium

written in matrix notation given in (3.3):

oo+ (B0 e o o0

Rearranging yields the vector of r’s mark-ups:

MU, = (pr - CT) - (%>_ Sr(p) (327)

Note that the first right-hand term is identical to the first right-hand side term
of the matrix of diversion ratios given in 3.16. Hence, the diagonal and off-diagonal
elements are those presented in (3.18) and (3.20) for global choice sets and in (3.23)
and (3.24) for their local counterparts. The second right-hand side terms, i.e. the
market shares, are given in (3.13) and (3.15) for global and local choice sets, respec-

tively.

3.5 Data

This section describes the two main data sources: the 2010 German GfK (Gesellschaft
fiir Konsumforschung) household panel and the Wer-zu-Wem address dataset for su-

permarkets in Germany.

3.5.1 GfK Consumer Panel

Retail choice data The GfK consumer panel dataset comprises actual purchases
made by the panel households who scan their receipts using home scanning devices.
The data contains information on the different products purchased, the actual price
paid (including discounts and promotions), the quantity, the retailer', the date of
purchase and product characteristics. While GfK has information on all products

purchased, only data on some selected product categories were available. For this

150nly the retailer’s name is given. The exact supermarket where the purchase was made is not
disclosed.
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study, the product category fluid milk was chosen because it is a fast-moving con-
sumer good with high purchasing frequencies and a low number of characteristics
that describe the different products offered. These product characteristics are the fat
content, the brand, and dummies for UHT, private labels!® and organically sourced
products. To keep the number of products tractable, I consider the 100 most often
chosen products. Following the convention in the literature, a product is defined as
the combination of a physical product and the retailer where it is sold.!” That is,
two products that are physically identical but sold by different retailers are treated

as distinct products.

For reasons explained in what follows, I restrict the analysis to the state of
Rhineland-Palatinate in the west of Germany. The total sales of the top 100 products
considered in Rhineland-Palatinate is 21,592. This is about 97 per cent of all fluid
milk purchases in the dataset; only around 3 per cent of all observations are dropped
by restricting the analysis to the top 100 products. The main product characteristics

are summarised in Table 3.1 below.

Variable Mean Std. Dev. Min. Max.
price 69.61 21.302 39 149
privlab (0=brand, 1=private label) 0.690 0.463 0 1
fat (per cent) 2.512 1.17 0.1 3.8
fresh (0=UHT, 1=fresh) 0.560 0.497 0 1
organic (0=conventional, 1=organic)  0.13 0.336 0 1
N 1200

Table 3.1: Top 100 product characteristics

Of the 100 products considered, 69 are private labels. The average price is
approximately 0.70 Euros, however, prices vary strongly ranging from 0.39 to almost
1.50 Euro.'® The mean fat content is 2.5 cer pent. There are 56 fresh and 44 UHT
products. Of the top 100 products, 13 products are organic.

The top 100 products are held by 13 different retailers, 5 being discount stores
and the remaining 8 being full-line distributors.’® Market shares by retailer in terms

of sales and the number of products per retailer are displayed in Table 3.2 below.

16Private label products are produced for and sold under a retailer’s brand.

1"Technically, the retailer selling the product is treated as a product characteristic.

18The GfK consumer panel only reports the price paid of the alternative the household actually
purchased. The prices for the non-chosen alternatives in the choice set are monthly averages over
the prices paid by other consumers. In very few cases where no price for a product for a given
month was observed, yearly averages were computed instead.

9Due to the confidentiality agreement with GfK, retailers cannot be named.



3.5. DATA 66

Format +# products Market share

Retailer 1 D 5 29.78
Retailer 2 FL 12 6.96
Retailer 3 FL 11 6.45
Retailer 4 FL 6 1.10
Retailer 5 FL 9 5.30
Retailer 6 D 6 19.98
Retailer 7 FL 2 31

Retailer 8 D 10 9.12
Retailer 9 D 4 2.66
Retailer 10 FL 4 4.39
Retailer 11 D 15 7.06
Retailer 12 FL 12 5.94
Retailer 13 FL 4 .95

Total 100 100

Table 3.2: Retail format, number of products and market share by retailer

Retailer market shares range from just 0.3 to almost 30 per cent. The aggregate
market share of the five discount supermarkets is approximately 65 per cent and
illustrates their strong position in the German grocery retailing market. The number

of products per retailer ranges between 2 and 15.

Household locations The GfK consumer panel also contains the five-digit postal
code?® of the household location.?!’ Due to the lack of more detailed information,
households are assumed to be located at the geographical centre of their respec-
tive postcode areas. For urban postcode areas, which tend to be fairly small, the
approximation of the actual household location is very precise. However, even in
rural postcode areas, we obtain fairly precise approximations of the true location of
panel households living in Rhineland-Palatinate. First, Rhineland-Palatinate is the
state with the smallest postcode areas in Germany except for the city-states (i.e.
Berlin, Hamburg and Bremen). Furthermore, the largest conurbations, in which the
majority of people reside, are typically located near the geographical centre of most

postcode areas.

Of the 651 postcode areas in Rhineland-Palatinate, 439 (i.e. 67.4 per cent) are
represented by panel households. To obtain the coordinates of the geographical
centre of those postcode areas, i.e. the longitude and latitude, I use opencagegeo,

an OpenStreetMap-based geocoding routine for Stata (Zeigermann 2016).

20Fjve-digit postcodes are the most granular postcode units in Germany.
21 For reasons of confidentiality, the exact household location is not disclosed.
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The locations of the 1,406 panel households are illustrated in Figure 3.1. The
size of the symbol indicates the number of households in the respective postcode

area.

Figure 3.1: Locations of panel households in Rhineland-Palatinate??

3.5.2 Retailer Location Data

Address data for supermarket locations is obtained from Wer-zu-Wem GmbH.%?
The dataset comprises around 27,000 retailer addresses of discounters and full-line
distributors in Germany as of early 2011.2* Because completeness is particularly
relevant for smaller retailers with few supermarkets, I have cross-checked the data
and, in a few cases, added entries from the German telephone book and the Yellow
Pages. The total number of supermarkets in Rhineland-Palatinate of the 13 retailers
considered is 1,218, however, there is considerable variation between retailers, see
Table 3.3 below.

To account for the fact that panel households living in Rhineland-Palatinate
may do their grocery shopping in the neighbouring states of Northrhine-Westfalia,
Hesse, Baden-Wiirttemberg and Saarland, supermarkets in all 2-digit postcode areas
along the border of Rhineland-Palatinate are added. The total number of retailers

included in the analysis thereby increases to 3,601.

22The shapefile was downloaded from https://www.suche-postleitzahl.org.

23] am indebted to Stefan A. Duphorn of Wer-zu-Wem GmbH for granting me access to the
data.

24This dataset has also been used by Burgdorf et al. (2014), Jiirgens (2012) and Neumeier
(2014).
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Freq. Percent Cum.
Retailer 1 190 15.60 15.60
Retailer 2 228 18.72 34.32

Retailer 3 11 0.90 35.22
Retailer 4 13 1.07 36.29
Retailer 5 21 1.72 38.01
Retailer 6 175 14.37 52.38
Retailer 7 3 0.25 52.63
Retailer 8 166 13.63 66.26
Retailer 9 75 6.16 72.41
Retailer 10 100 8.21 80.62
Retailer 11 22 1.81 82.43
Retailer 12 156 12.81 95.24
Retailer 13 58 4.76 100.00

Table 3.3: Number of supermarkets by retail chain

The supermarket locations in Rhineland-Palatinate are displayed in Figure 3.2.2°
The colour indicates the retailer a supermarket belongs to. Supermarkets in neigh-

bouring 2-digit postcode areas bordering Rhineland-Palatinate are not shown.

Figure 3.2: Supermarket locations in Rhineland-Palatinate?®

Comparing Figures 3.2 and 3.1 shows that supermarket density and variety cor-

relate with panel household density.

25 The retailer addresses were geocoded using opencagegeo (Zeigermann 2016). The exact loca-
tion of 86.9 per cent of the 3,601 supermarkets was identified. For the remaining 472 (13.1 per
cent) supermarkets, the street was found.

26The shapefile was downloaded from https://www.suche-postleitzahl.org.
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3.6 Local Choice Sets

This section describes the construction of local choice sets and compares them to

the global choice set containing all 100 products.

Figure 3.2 illustrates that the retailer landscape is very heterogeneous, exhibiting
very strong regional differences. Maintaining the standard assumption of a global
choice set, which implicitly assumes that consumers have access to all 13 retailers,
ignores that not all retailers have supermarkets within a reasonable distance of all
households. To capture the presence (and absence) of retailers and their products
when modelling the choice process, I construct choice sets according to a simple 10-
kilometre rule: Only the products of retailers with at least one supermarket within a
10-kilometre radius of the approximate household location are included in the choice

set.?”

To identify all retailers within a 10-kilometre radius of a household, I use the
Haversine formula for great-circle distances that computes the distances between
locations based on their latitudes and longitudes. The all-to-all matrix of distances
between the 1,406 panel households and the 3,601 retailer locations in Rhineland-
Palatinate and neighbouring 2-digit postcode areas was obtained using the lhaversine

library for Mata (Zeigermann 2025).

Constructing local choice sets according to the 10-kilometre rule, I find that
approximately 96 per cent of the observed product choices were actually made at
retailers that are included in the local choice set. I.e., only 4 per cent of the purchases
where made at a retailer not contained in the local choice set. Because the data
reveals that the household visited a supermarket of a particular retailer, all other

products held by that retailer were added to the local choice set.

The number of retailers and products contained in local choice sets is summarised
in Table 3.4 below. The households have, on average, access to 8.5 rather than all
13 retailers. The average number of products to choose from drops from 100 to 68.
High standard deviations on both further indicate a strong variation between local

choice sets.

The heterogeneity in the local retailing landscape is also reflected in the total

number and the percentage of choice occasions a retailer is present, see Table 3.5.

2TIn addition, choice sets with a radius of 5 and 20 kilometres have been constructed. Comparing
the results shows that the general effects remain the same, although they stand out most when a
small radius is chosen and the differences between the two choice set scenarios are strongest.
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Mean Std. Dev. Min. Max.

# retailers  8.471 2.095 1 13
# products 67.702 17.77 4 100
N 21592

Table 3.4: Average number of products and retailers in local choice sets

Freq. Percent
Retailer 1 21219 98.27
Retailer 2 21069 97.58
Retailer 3 6935 32.12
Retailer 4 6856 31.75
Retailer 5 8932 41.37
Retailer 6 21386 99.04
Retailer 7 2793 12.94
Retailer 8 19686 91.17
Retailer 9 16088 74.51
Retailer 10 17250 79.89
Retailer 11 11760 54.46
Retailer 12 18609 86.18
Retailer 13 10315 47.77

Table 3.5: Presence of retailers in local choice sets

The average retailer is present in approximately 65 per cent of the choice oc-
casions. Retailer presence varies strongly and ranges between 13 and 99 per cent.
Overall, the average retailer pair is present in only 43.4 per cent of the local choice
sets. This value shows substantial variation across retailers, see Table A3.1 in the
appendix. The lowest number of choice occasions share retailers 4 and 7. In only 6.5
per cent of the 21,592 choice occasions, decision-makers can choose between both.
The largest number of common choice occasions is between retailers 1 and 6 (97.7

per cent).

3.7 Results

In this section, I present the demand estimation results and UPP values for all
potential mergers between the 13 retailers under both choice set specifications, and

compare the results.
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3.7.1 Demand Estimation

The variables entering the logit demand model are the price, the fat content, a
dummy indicating if the product is fresh or UHT, and a dummy for organically
sourced products. Summary statistics are given in Table 3.1. T also include brand
and retailer dummies to account for the variation in popularity of different product
brands and retailers. The baseline for the product fixed effects are private labels,

and retailer 1, a large discounter, serves as the baseline retailer.

The demand model is estimated conditional on buying, i.e. I model the observed
choices, however, do not consider that a household might have opted not to buy
any of the fluid milk products at some choice occasions. I refrain from modelling
the possibility of not buying, which is commonly referred to as an outside option
in the literature, for the following reasons. First, allowing for an outside option
adds further complexity, requires strong assumptions about consumers, and raises
the requirements regarding the completeness of the data (which is not satisfied by
the GfK consumer panel data available for this paper). Second, for fluid milk, which
is a low-price fast moving consumer good and staple food, it is not very likely that
consumers refrain from buying because of the price. Hence, the exclusion of an
outside option seems justified. Third, the general results comparing UPPs under

global and local choice sets should not be affected by excluding an outside option.

An additional concern is that estimates might be biased as there can be correla-
tions between observed product characteristics and unobserved product character-
istics captured by the error term. For example, the price might be correlated with
advertising, which is not observed. This issue is commonly tackled through various
forms of instrumental variables (IV), e.g. the control function approach proposed
by Petrin and Train (2010). It is, however, often difficult to find valid instrumental
variables, and using unsuitable IV can also lead to severely biased estimates. Be-
cause the goal of this paper is to analyse relative changes in UPP values under two
different choice set specifications rather than computing the absolute price effects
resulting from potential mergers, it is in order to estimate the model without using

instrumental variables to correct for potentially biased parameter estimates.

The logit demand model results for both specifications are displayed in Table 3.6

below.
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0 )
global CS local CS
chosen
price -0.0589***  (-49.21) -0.0590*** (-49.20)
fat 0.0311**  (4.29)  0.0314**  (4.33)
fresh -0.386***  (-26.17) -0.386™*  (-26.19)
organic 0.436*** (8.57) 0.441** (8.66)
brand 1 0.620** (3.08) 0.634* (3.15)
brand 2 2.537%*  (15.57)  2.552"*  (15.64)
brand 3 1174 (16.17)  1.183"*  (16.26)
brand 4 0.963** (5.33) 0.982%* (5.43)
brand 5 0.634* (5.78) 0.637* (5.80)
brand 6 0.124 (1.07) 0.136 (1.18)
brand 7 -0.395 (-1.85) -0.379 (-1.78)
brand 8 0.375** (4.46) 0.399*** (4.72)
brand 9 3.253*  (17.76)  3.263**  (17.80)
brand 10 -1.884** (-11.44) -1.873** (-11.37)
brand 11  0.0989 (1.07) 0.104 (1.13)
brand 12 -1.823**  (-8.19) -1.811"** (-8.13)
ret 2 -1.896**  (-64.36) -1.923"*  (-64.77)
ret 3 -1.862***  (-16.60) -0.535"*  (-4.74)
ret 4 -3.604**  (-47.80) -2.377*  (-31.21)
ret 5 -2.197*  (-65.78) -1.175"*  (-33.84)
ret 6 -0.146**  (-7.21)  -0.171"**  (-8.3H)
ret 7 -3.029***  (-24.29) -0.762"**  (-6.04)
ret 8 -1.718**  (-65.40) -1.614™*  (-61.05)
ret 9 -2.382%**  (-54.71) -2.102"*  (-47.95)
ret 10 -1.882***  (-54.04) -1.628"**  (-46.38)
ret 11 -2.010"*  (-67.18) -1.291"**  (-41.79)
ret 12 -1.819**  (-58.85) -1.684™*  (-53.80)
ret 13 -3.338**  (-46.34) -2.589™*  (-35.73)
N 2159200 1461814

t statistics in parentheses

* p < 0.05, ** p<0.01, ** p<0.001

Table 3.6: Logit demand estimates with global and local choice sets

In both specifications, almost all variables entering the model are highly statis-

tically significant. The price coefficient is negative, as expected. Consumers value

a higher fat content and organically sourced products, and prefer UHT products to

fresh milk. All retailer dummies are negative, which indicates that retailer 1, the

baseline, is the most popular. Moreover, there is a considerable degree of hetero-

geneity in the magnitude of the retailer fixed effects, showing strong differences in

the popularity of retailers. The brand fixed effects, which are mainly positive, reveal
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that branded products are generally preferred over private labels which serve as the
baseline. Here again, we observe substantial variation between the different brands
offered.

Comparing parameter estimates across specifications, we make two observations.
First, the coefficients on price, fat, fresh and organic, as well as the brand fixed
effects, are almost identical across both specifications.?® Second, retailer fixed effects
decrease in absolute terms and are severely affected by how choice sets are formed.
This result makes sense intuitively since the differences in choice sets between both
specifications are on the retailer level and thus should be fully captured by the

retailer fixed effects.

Closer inspection of the retailer fixed effects reveals that the difference between
both choice sets specifications is most pronounced for small retailers that are only
contained in a smaller fraction of all local choice sets. With global choice sets, the
lower market shares of products of smaller retailers are partly attributed to the lower
popularity of those retailers compared to the large discounter, which is the baseline.
However, with local choice sets, the increase in the fixed effects shows that the lower
market share is not due to lower retailer popularity, but the fact that the products

of smaller retailers are available to a considerably smaller number of consumers.

3.7.2 Upward-Pricing Pressure

Using the demand estimates obtained, I compute UPP for all potential mergers.
With 13 retailers, this amounts to 78 mergers and consequently 156 UPP values. In
what follows, I first describe the outcomes under both choice set specifications and

then illustrate the relative differences between the two.

First, consider global choice sets. The average upward-pricing pressure by retailer
over all potential mergers with one of the 12 competitors is given in Table 3.7 below.

Average UPP values for each retailer pair are provided in Table A3.2 in the appendix.

28Re-estimating both specifications with product prices artificially set to the yearly average
yields identical parameter estimated for all variables but the retailer fixed effects. This result
confirms that the small differences observed are solely driven by slight variations in price over
time.
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Mean Std. dev. min max
Retailer 1 1.581 1.583 0.074 6.029
Retailer 2 1.724 2.236 0.056 7.728
Retailer 3 1.723 2.222 0.056 7.686
Retailer 4 1.713 2.060 0.053 7.272
Retailer 5 1.722 2.191 0.055 7.599
Retailer 6 1.695 2.385 0.065 8.986
Retailer 7 1.710 2.033 0.163 7.212
Retailer 8 1.725 2.291 0.057 7.913
Retailer 9 1.716 2.109 0.053 7.387
Retailer 10  1.720 2.162 0.054 7.520
Retailer 11  1.724 2.239 0.056 7.736
Retailer 12 1.722 2.207 0.055 7.643
Retailer 13 1.712 2.054 0.053 7.260

Table 3.7: Average UPP by retailer with global choice sets

UPP values are between close to 0 and almost 9, indicating that some potential
mergers are likely to create very little upward pressure on prices while others may
potentially lead to substantial price rises. To gain a better understanding of where
the strongest price increases are to be expected, it is insightful to relate the UPP

values to the market share of both merging parties, see Figure 3.3.

The graph illustrates the predicted upward effect on prices of retailer r’s products
following a merger with retailer s. The area of the circles is proportional to the UPP
values and hence indicates the magnitude of the expected upward pressure on the
price. The graph shows that the effect on the price of retailer » does not depend on
its own market size but critically hinges on the market share of the merging partner.
This result makes sense intuitively. A retailer’s incentives to raise its price increase
in the fraction of lost sales that are recaptured by the merging party. Hence, when
the merging party is big, it will recapture a larger portion of the lost sales, and

therefore the scope for profitably raising the prices is largest.



3.7. RESULTS

75

Market share of s

Figure 3.3: Relation between UPP and market shares with global choice sets
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Turning to UPP values obtained with local choice sets, the general results look

surprisingly similar at first glance. The average UPP values by retailer over the 12

potential mergers with rivals are given in Table 3.8. The average UPP values for

each retailer pair are provided in Table A3.3 in the appendix.

Table 3.8: Average UPP by retailer with local choice sets

Mean Std. dev. min max
Retailer 1 1.652 1.705 0.064 6.487
Retailer 2 1.799 2.385 0.046 8.155
Retailer 3 1.773 2.214 0.090 7.734
Retailer 4 1.776 2.071 0.062 7.395
Retailer 5 1.779 2.156 0.119 7.590
Retailer 6 1.774 2.574 0.055 9.668
Retailer 7 1.756 1.706 0.217 6.270
Retailer 8 1.802 2.432 0.054 8.430
Retailer 9 1.789 2.232 0.052 7.745
Retailer 10  1.791 2.239 0.060 7.849
Retailer 11  1.783 2.210 0.077 7.738
Retailer 12 1.791 2.274 0.054 7.769
Retailer 13 1.789 2.215 0.070 7.849

As with global choice sets, UPP values increase in the market share of the merg-

ing partner and do not depend on the retailer’s own market size with local choice

sets, see Figure 3.4.
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Figure 3.4: Relation between UPP and market shares with local choice sets

Despite the similarities between both specifications, closer inspection reveals
significant differences. Average percentage differences in UPP values by retailer
are given in Table 3.9. Table A3.4 in the appendix shows the differences between
global and local choice sets for all retailer pairs. In some cases, the figures reveal
substantial differences between both specifications. The percentage change in UPP
from replacing global by local choice sets ranges from a decrease of 47 per cent to

an increase of 117 per cent.

Mean Std. dev. min max
Retailer 1 2.322 5.652 -13.048  8.119
Retailer 2 0.909 8.871 -16.508 18.871
Retailer 3 9.445 19.698 -6.164  61.770
Retailer 4 41.262 21.964 -46.754  51.952
Retailer 5  18.753 34.723 -9.065 116.281
Retailer 6 1.232 6.882 -15.821  8.822
Retailer 7 18.507 39.102 -16.567 115.928

Retailer 8 2.989 3.954 -4.966 7.913
Retailer 9 1.860 6.489 -10.468  8.821
Retailer 10 5.661 3.663 -1.433  10.343

Retailer 11 10.038 12.661 -2.612  37.545
Retailer 12 2.281 8.066 -17.227  18.637
Retailer 13 1.341 19.646 -46.749  33.304

Table 3.9: Percentage change in UPP between choice set specifications by retailer
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To get a clearer picture of which UPP values are most severely affected by the
construction of choice sets, the percentage changes in UPP are plotted against the

market share of both merging partners in Figure 3.5.
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Figure 3.5: Differences in UPP between choice set specifications

The area of the circle indicates the percentage change in absolute values, i.e.
circles for a 50 per cent increase and a decrease by 50 per cent are identical in size.
The direction of change is marked by the respective colour. All cases where the UPP
value increased when the global choice sets were replaced by local choice sets are
plotted in red. The others cases, where the UPP value is higher with global choice

sets, are displayed in green.

The graph shows that the difference between both specifications is strongest for
mergers between smaller retailers with low market shares. Here, we observe the
most pronounced differences in both directions. Increases in UPP resulting from
local choice sets (red circles) are both larger in magnitude and more frequent than
lower UPP values with local choice sets (green circles). For mergers involving at least
one large retailer, UPP values with local choice sets usually increase (red circles),

but the percentage increase is fairly small.

In a final step, I combine the insights from above, i.e. that the UPP values for a
retailer - and hence the anticompetitive effects - increase in the market share of the
merging partner and that differences in UPP values between both choice set speci-

fications are largest when both merging parties are small. In Figure 3.6, percentage
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differences in UPP values between both choice set specifications are plotted against

absolute UPP values computed with global choice sets.

=
#Fuwo
= —
™
=]
=
= * *
o2 |
o
-
=]
=
m
m * *
oo ] = *

Ly
o »
o S
= L .
=
© ] . .

L J * e *
L » >
%c--l!. 1 2% s
=]
@ ‘ - *
L]
=
k]
z
(k]
Eo -
14 ]
T T T T T T
0 2 8 10

4 ]
LIPP_alobal

Figure 3.6: Relation between UPP with global choice sets and differences between
UPP between choice set specifications

The graph clearly illustrates that differences in UPP between choice set spec-
ifications are large where the magnitude of UPP is low, and hence do not raise
competitive concerns. The higher the UPP values and, therefore, the risk of rising
prices after the merger, the less pronounced are the effects of the choice set specifica-
tion on UPP values. In other words, using global choice sets can lead to significantly
biased UPP values. However, critical cases flag up in UPP merger screening, both

with global and local choice sets.

3.8 Conclusion

In this chapter, I show how relaxing the common assumption of a global choice set
in favour of local choice sets reflecting the actual retail landscape affects potential
price effects of retail mergers. For illustration, I use upward-pricing pressure - or

UPP - which is a widely used merger screening tool.

I use data on milk purchases from the 2010 GfK consumer panel for the German
federal state of Rhineland-Palatinate and a comprehensive list of supermarket ad-

dresses provided by Wer-zu-Wem GmbH. Local choice sets are generated by a simple
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rule: Only products held by supermarkets within 10 kilometres of the approximate

household location are included in the local choice set.

I estimate logit demand with both choice set specifications. Using the demand
estimates, I compute 156 UPP values under both specifications for all potential 78
mergers between the 13 retailers in the dataset and compare the results. Both with
local and global choice sets, the expected price rise is increasing in the market share
of the merging party. Not surprisingly, a retailer’s prices rise more strongly when
it merges with a large competitor because the lost sales following a potential price
increase are captured to a larger degree by additional sales of products by the newly
acquired former rival. A pairwise comparison of UPP values for all potential mergers
obtained with global and local choice sets reveals pronounced deviations in either
direction - the change in UPP values resulting from the introduction of local choice

sets is between -46 and 117 per cent.

Closer inspection of these differences between specifications shows that they are
strongest for mergers between retailers with smaller market shares. Mergers involv-

ing at least one larger retailer are less severely affected.

Combining the two key results, that mergers with larger competitors are po-
tentially more harmful to competition and that UPP values are hardly affected by
choice set specifications when at least one large retailer is involved, is great news for
practitioners and researchers. Mergers that are expected to be severely anticompet-
itive are detected, even if the local retail landscape is being ignored. Large relative
differences between UPP values only occur when the absolute UPP value is low, and

therefore do not raise anti-competitive concerns.
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Chapter 4

Mixlelast: Stata Module for Mixed
Logit Elasticities and Marginal
Effects
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4.1 Introduction

Mixed logit models have become very popular in discrete choice analysis. This is
due to their greater flexibility and the more realistic substitution patterns between
alternatives compared to simpler discrete choice models. Thanks to the excellent
user-written mixlogit by Hole (2007), it is fairly simple for the researcher to fit
mixed logit models in Stata. As there exists no straightforward interpretation for
the estimated parameters beyond their signs, researchers often compute elasticities
or marginal effects. In contrast to simpler logit models, computing elasticities and

marginal effects for mixed logit models is not trivial and requires simulation.

This chapter describes mixlelast, a post-estimation command after mixlogit,
which allows the user to obtain various forms of mixed logit elasticities and marginal

effects and to compute bootstrapped standard errors and confidence intervals.'

The remainder of this chapter is structured as follows: Section 4.2 briefly outlines
the mixed logit model. The various sorts of mixed logit elasticities and marginal
effects are discussed in sections 4.3 and 4.4. Section 4.5 deals with sample elasticities
and marginal effects in the case of heterogeneous choice sets.? A bootstrap procedure
for standard errors and confidence intervals is presented in section 4.6. Finally, the
syntax of mixlelast is described in section 4.7, and section 4.8 provides some

examples.

4.2 Mixed Logit Model’

Asin Revelt and Train (1998), I assume N decision-makers to choose among J alter-
natives on 7' choice occasions. The utility for individual n from choosing alternative

J on choice occasion ¢ is given by

/
Unjt = ﬁnxnjt + Enjt,

where 3, is a vector of individual-specific coefficients for decision-maker n and x,,;;
is a vector of attributes. The error term, €,;, is assumed to be independently and
identically distributed extreme value 1. The density of g is denoted f(/3|f), where 6

are the parameters of the distribution, i.e. the mean and the (co)variance.

!mixlelast is published in the the Boston College Statistical Software Components (SSC)
archive, see Zeigermann (2024).

2T.e. the size and composition of the choice set differ between choice occasions.

3This section draws heavily from Hole (2007). See Revelt and Train (1998) and Train (2009)
for an in-depth discussion of the model.
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The conditional probability, i.e. conditional on (,,, for decision-maker n of choos-
ing alternative ¢ on choice occasion t is
exp(B,Tnit)

Lmt(ﬁn) — Zj:1 egjp(ﬁ%xnjt) . (41)

Then, the conditional probability of the observed sequences of choices made by

decision-maker n is given by

T
Sn(ﬁn) = H Lm'(n,t)t(ﬁn)v
t=1

where i(n, t) denotes the alternative chosen by n on choice occasion t. The uncondi-
tional probability of the observed sequence of choices is the conditional probability

integrated over the distribution of 3:

P.(6) = / S.(819)£(8)dp

The researcher specifies the form of the density function f and estimates its param-

eters 6 by maximum likelihood. The log-likelihood function is given by

LL(#) = i In P,,(6). (4.2)

As no analytical solution exists for this expression, it needs to be approximated
using simulation techniques, see Train (2009). The simulated equivalent of (4.2) is

given by
N | B
SLLO)=) In|=> S.(67],
(6) nz:; [ R; (8 )]
where R is the number of draws and " is the rth draw from f(3]0).

The estimated parameters 6 have no straightforward interpretation beyond their
sign. Therefore, to obtain meaningful and interpretable results for discrete choice

models, researchers often compute elasticities or marginal effects of various kinds.

4.3 Elasticities

Elasticities are a unitless measure describing the relationship between a percentage

change in an attribute of an alternative and the percentage change in the choice
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probability, ceteris paribus. Elasticities can be differentiated on the basis of following

three categories, see Hensher et al. (2015).

First, we distinguish between direct and cross elasticities. The former quantify
the percentage change in the choice probability of an alternative resulting from a
percentage change in an attribute of the same alternative. A prominent example of
direct elasticities is own-price elasticities, i.e. the change in the choice probability
of an alternative when its own price changes. The latter, in contrast, describes
the change in the choice probability of one alternative with respect to a percentage
change in an attribute of a competing alternative. Here, cross-price elasticities are
a common example describing the change in the choice probability resulting from a

price change of a rival alternative.

Second, we differentiate between two calculation methods, namely the point and
the arc method. Point elasticities use differential calculus and evaluate a marginal
change in an attribute of one alternative. The arc method calculates the choice
probabilities before and after a (non-marginal) attribute change and evaluates the
difference. This allows the researcher to compute the effects of a discrete change in

an attribute, e.g. a price increase of 20 per cent or of a dummy variable change.

Third, there is a distinction between individual and sample elasticities. Data
on individual choices of decision-makers allows us to compute individual elasticities
for every alternative on every choice occasion. However, researchers are most often
more interested in some form of average elasticities over the entire sample. As
sample elasticities are (unweighted or weighted) averages of individual elasticities,

the latter will be discussed before turning to different ways of aggregation.

4.3.1 Individual Elasticities
Point elasticities

Point elasticities describe the percentage change in the choice probability given a
small change in one attribute. Recalling the s-shape of the logit curve makes it clear
why point elasticities are only valid for marginal changes at a specific point on the
logit curve. With a non-marginal change in an attribute, we move along the logit
curve and may encounter a considerably different slope compared to that at the
original attribute value. Ignoring the impact of the non-linearity of the logit curve

can give rise to substantially biased results.

It should be noted that calculating point elasticities only makes sense for contin-

uous variables. Although it is mathematically possible to compute point elasticities
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for integer or dummy variables, it is meaningless. The appropriate way to evaluate
the impact of a discrete change in an attribute is to use the arc method described

later.

Direct elasticities Stated formally, the direct point elasticity of alternative i of
decision-maker n for a marginal change in the mth attribute of the attribute vector

x is given by*

where
Py = / Lou(B)F(8)dB. (4.1)

Recall that L,; is the conditional probability of decision-maker n of choosing alter-
native 7 as given in (4.1). Taking the derivative of (4.4) with respect to zI: and
plugging into (4.3) yields

Im

Buiay, = 78 / B Lo (8)(1 — Lus(B))(8)dB, (4.5)

where 8™ is the mth element of vector .
The integral in (4.5) cannot be solved analytically and is therefore approximated

using simulation techniques. The simulated version is given by

m

mnj ]‘ - mr T r
Epigm &~ P (E;ﬁ Lui(B")(1 = Lni(8 ))) 3

where 3" denotes the rth draw from the distribution of 3, see Train (2009).

Cross elasticities The cross point elasticity of alternative ¢ for individual n given

a marginal change in the mth attribute of the rival alternative j is then

Ty 0Py,
nix™. — .
nJ Pnl 6%’%

Plugging in the first derivative of (4.4) with respect to x7; yields

Buiagy = =12 [ B Loi(8)Luy(8)1(5)d5. (4.6

4For ease of notation, I drop T in what follows. Le., I assume each of the N decision-makers
to choose only once.
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The simulated equivalent of (4.6) is then given by

R
1
Eni:pm. ~ —— Y mer " Ln "

Arc elasticities

In contrast to point elasticities, arc elasticities consider a discrete change in one
attribute rather than a marginal change.® Here, we calculate expected probabilities
both with the original attribute value and with the changed attribute value and
then evaluate the difference. This approach allows us to handle the non-linearity of
the logit curve, which affects our results once we consider non-marginal attribute

changes.

Direct elasticities Formally, the direct arc elasticity of alternative i for individual

n for a discrete change in the mth attribute is given by

1
Ty AP,
nix™ — .

mo P Azl

(4.7)

We first consider the second right-hand side term of (4.7). The numerator, AP,;,
is the difference in the choice probability for the attribute value before the change,

Zni, and after the change z,;, i.e.

The denominator, Az, is simply the difference between the original and the changed
attribute value:

_.m
Azpj =z — 2%

The first right-hand side term comprises the average choice probability before and

after the attribute change®

5The term arc elasticity is not used consistently in the literature. Sometimes, researchers refer
to arc elasticities when the first derivative is not multiplied by z/P, but by the average over the
value before and after the attribute change, i.e. Axz/AP. This approach can be seen as a linear
approximation that ignores the non-linearity of the logit curve.

6The approach followed here, i.e. taking the mean probability and mean attribute value, is
sometimes referred to as the midpoint method. Two alternatives not considered multiply by either
the original or the changed values and the respective predicted probabilities.
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and the attribute mean
" = (x4 a0) /2.

For integer variables, we can now specify & = x + a, where a can take any integer
value. By the same token, elasticities for dummy variables are calculated by setting

Zz =01if z = 1 and vice versa.

Cross elasticities FEquivalently, cross arc elasticities are given by

|
3

8
3

i AP,

m?
nj

>

T

n

where AP,; now denotes the difference between the choice probabilities for alterna-

m

tive ¢ with the original attributes of j, 7%, and the changed attribute m, z7".

Arc vs. point elasticities

Having established the two different methods, the question arises as to which is
the correct one to use. For dummy and integer variables, the answer is obvious,
as marginal changes are meaningless. In these cases, we always use arc elasticities.
For continuous variables, the answer depends strongly on the question we seek to
answer. If we want to evaluate the decision-makers’ sensitivity to attribute changes
and establish general substitution patterns across alternatives, the point method is
appropriate. If, in contrast, we want to evaluate how a substantial change in an
attribute, e.g. a price increase by 20 per cent, affects choice behaviour, we need to

compute arc elasticities.

Calculating arc elasticities for very small discrete attribute changes should gen-
erate results that are very close to point elasticities. Without any post-estimation
command available, this was a practicable solution to approximate point elastici-
ties.” With mixlelast, the researcher is strongly advised to use the point method
rather than calculating arc elasticities for very small changes. First, arc elastici-
ties for small changes are only an approximation of true point elasticities. Second,
calculating arc elasticities is more computationally intensive, which can result in
significantly longer computation times, particularly when working with large data

sets.

TCameron and Trivedi (2010) advocate calculating arc elasticities for a discrete change of a
one-thousandth of the standard deviation of the attribute to approximate point elasticities.
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Interpretation

Elasticities can take any value between infinity and minus infinity. Positive direct
elasticities indicate that an increase in an attribute of an alternative leads to an
increase in the choice probability of that alternative. For cross elasticities, positive
values indicate that an increase in an attribute leads to a higher choice probability

of the rival alternative. For negative elasticities, the effects are reversed.

If a one per cent change in an attribute results in a one per cent change in
the choice probability, we speak of unit elasticity. If the percentage in the choice
probability is smaller or larger than one, we speak about relatively inelastic and
relatively elastic elasticities, respectively. Two extreme cases are perfect inelasticity
and perfect elasticity. In the former case, an attribute change leaves the choice
probability unchanged. In the latter case, the choice probability will drop to zero
following an increase of one per cent in the attribute. The various types of elasticities

are summarised in Table 4.1 below.

Absolute Direct elasticity Cross elasticity
value
Perfectly inelastic | £ =0 no change in P, no change in P;
Relatively inelastic | 0 < £ < 1 change in F; less change in P; less

than one percent than one percent

Unit elastic E=1 one percent change one percent change
in P; in P
Relatively elastic 1< E<oo change in P; larger change in P; larger

than one percent than one percent

Perfectly elastic E=x change in P is oo change in P; is 0o

Table 4.1: Changes in the choice probability given a one per cent change in an
attribute of alternative i, adapted from Hensher et al. (2015)

Mixed vs. conditional logit elasticities

Having established expressions for individual direct and cross-point elasticities, we
can now compare mixed logit elasticities with those from standard conditional logit

models.
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The conditional logit formula (McFadden 1973) is

_exp(B'T)
nit — .

Sy exp(Ban)

In contrast to the mixed logit model, the 3 coefficients are assumed to be identical

for all decision-makers. Now, direct elasticities are given by

Epign. = “;f gf Z (4.8)
Taking the derivative in (4.8) yields
Enian, = 2 8Pu(1 — Pay),
which simplifies to
Eniam = 28(1 — Pp). (4.9)

Contrary to the complex mixed logit elasticity in (4.5) containing integrals that need
to be simulated, direct logit elasticities given in (4.9) are a simple function of the

attribute value, the estimated coefficient and the predicted choice probability.

More insightful, however, is the comparison of cross elasticities. Conditional logit

cross elasticities are given by

E S —— x:gl] 8P7’LZ
nizy’ Pm 81’%
Tnj
As before, P,; cancels out:

As we see in (4.10), cross elasticities for a marginal change in one attribute
are identical for all 7. Hence, a change in an attribute of j gives rise to the exact
same change in the choice probability of all rival alternatives. This property of logit
elasticities is sometimes referred to as "proportionate shifting".® While this may be
realistic for some choice situations, it is not in many others. If some alternatives
are similar to each, while others are very different, we would expect substitution

between the former to be stronger than between the latter.

8See Train (2009) for an in-depth discussion of the properties of logit elasticities.
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Here, the strength of mixed logit models comes into play. Recall the mixed logit

cross elasticities given in (4.6):

B = / B Lot (8) Loy (B) £ (B)d
TL’LInj Pnl n nj

This expression is different for each alternative i. The percentage change in the
probability P,; depends on the correlation of L,; and L,; over different realisations
of 5. For alternatives with positively correlated x™, substitution will be stronger
than for alternatives with no or negative correlation, see Train (2009). Therefore,
similar alternatives will exhibit much stronger substitution than those which are

very different.

The comparison also illustrates that using the more flexible mixed logit frame-
work does not come without costs. While there are simple closed-form solutions for
the logit model and its elasticities, simulation techniques are required for both the

estimation of the mixed logit model and the calculation of elasticities.

4.3.2 Sample Elasticities

The elasticities above are for one individual decision-maker on one particular choice
occasion. With J alternatives, this gives J? values on a single choice occasion: .J
direct elasticities and (J — 1) - J cross elasticities. For N decision-makers, this

amounts to N - J? values.?

Thus, the first obvious reason why researchers usually want to compute sample
elasticities is to reduce the amount of output produced and to make it readable.
Taking the sample averages reduces the number of values obtained by a factor of N
to J2. These can be practically displayed in a JxJ matrix with direct elasticities
on the diagonal. A second and equally important argument in favour of sample
elasticities is that the underlying model is estimated on a sample of choice data.
Therefore, meaningful elasticities can only be calculated for the sample as a whole,

rather than for each decision-maker separately, see Hensher et al. (2015).

Unweighted sample average

The most straightforward way of obtaining sample averages is to simply calculate
the mean over all decision-makers in the sample. Sample direct and cross elasticities

are then given by

9Tf we also consider T choice occasion, the number of values rises to 7' - N - J2.
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1 N
Eixm = X7 Enia:m
i N ; i
and

1 N
EZ:B;” = N ; Eni:p;.”

respectively, where Fj,m and Emgn can either be individual point or arc elasticities.

Probability weighted sample average

In the simple approach above, all elasticities enter with the same weight, regardless
of the contribution to the choice outcome of each alternative. Now, suppose an
alternative has a very high choice probability for one decision-maker, but a low one
for another.!® Simply averaging over the elasticities from those two choice occasions
ignores this and is sometimes referred to as "naive pooling", see Louviere et al.
(2000). To account for variations in individual choice probabilities for the same
alternative between different decision-makers, we can compute probability-weighted

sample averages using the decision-maker’s choice probabilities as weights.!!

Formally, probability-weighted sample elasticities are then

N N
n=1 n=1

and
N N
n=1 n=1

where Ei%’” and Eix;n can be calculated using the point or the arc method.

4.4 Marginal Effects

In contrast to elasticities, marginal effects describe a wunit change in the choice

probability given a unit change in an attribute.

10This situation can arise if the attribute values for the alternatives are different for the two
decision-makers or if the choice sets are not identical for both. The latter case is discussed in detail
in section 4.5.

HFor a discussion of these issues (in the context of the conditional logit model) see Louviere
et al. (2000).
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The direct marginal effect for decision-maker n and alternative ¢ with respect to

a unit change in 27" is given by

.
oz

M Epin, = (4.11)

Comparing (4.11) and the expression for direct point elasticities given in (4.3),
the difference between the two becomes obvious. It is the second term in (4.7),

xm / P,;, which transforms a marginal effect into an elasticity.

Equivalently, the cross marginal effect is given by

MEnixm- = .
nj 81.77’1

nj

For the same reason as for elasticities, we need to consider discrete changes
for discrete and dummy variables. In this context, is it more meaningful to refer
to incremental rather than marginal effects, as the impact considered here is not
marginal. However, to avoid further complication of the notation, I continue using

MFE in the following equations describing incremental effects.

Direct and cross-incremental effects for discrete and dummy variables using the

arc method are given by

AP,
ME, ;zm = m
" Axnz
and AP
MEniz"V - o )
nj Axm
nj
respectively.

The same methods of aggregation discussed in section 4.3.2 can be applied.

4.5 Heterogeneous Choice Sets

So far, we have implicitly assumed choice sets to be homogeneous across individuals,
ie. J" = J. With homogeneous choice sets, we get a full JxJ matrix of direct and
cross effects for all N decision-makers. However, it is possible that the availability
of alternatives differs across decision-makers.!? That is, only a subset J" of the J

alternatives is available to decision-maker n. Then, cross and direct effects are only

12The availability of alternatives might even differ across choice occasions faced by the same
decision-maker if we deal with panel data where individuals choose repeatedly.
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defined for the alternatives contained in J". That is, we get J" direct effects and

(J™ —1) % J" cross effects between all available alternatives.

Considering the entire sample of all N decision-makers, we obtain between one
and N individual direct effects for an alternative: N if the respective alternative is
contained in all choice sets and one if it is available on only a single choice occasion.
For cross effects between two alternatives to be defined, both need to be available
at the same time. The number of choice occasions for which this holds can range
between zero and N; it is zero if there is no choice set containing both alternatives,

and it is N if both are always available.

Now, the question arises of how to calculate average elasticities or marginal effects
over a sample of decision-makers that are heterogeneous regarding the alternatives
to choose from. In the subsequent section, I first discuss the aggregation of direct

effects before turning to cross effects.

4.5.1 Direct Elasticities

Two different ways of calculating sample averages for direct effects exist are described

below.

First, we consider all N decision-makers in the sample, ignoring whether the
respective alternative is available or not. That is, we also include those decision-
makers that do not react to the attribute change because the affected alternative is
not available to them and set their undefined choice probability to zero!3. This type

of aggregation shall be denoted type I

Second, we restrict our attention to those who can actually choose the alternative
and will hence be affected by an attribute change. This shall be referred to as
aggregation of type IT in what follows.

Unweighted sample averages Formally, unweighted sample averages of type I

are given by

I 1 =
Em;n = N 2} Em‘x;n-

13In this case, setting the choice probability to zero makes sense intuitively as the decision-
maker’s choice probability is zero before and after the attribute change.
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Type II unweighted sample elasticities are

1
11 E
Eix;" = ﬁ mel"v

neN?

where N* denotes the subset of decision-makers that hold alternative i in their choice

set.

Probability weighted sample averages Applying the same logic of aggregation
to probability-weighted sample elasticities, we get the following expression for type
I:

N N
I
n=1 n=1

The observant reader will have noticed that the choice probability P,; is not
defined if alternative 7 is not in n’s choice set. For convenience, we set it to zero,
indicating that alternative ¢ is chosen with zero probability. For this reason, type I

weighted sample averages are identical to their type II counterparts given by

wWEn = PriBnizn / > P

neN? neN?
4.5.2 Cross Elasticities

Regarding cross elasticities, we need to distinguish three cases denoted by type I,
I1a and IIb in what follows. First, type I aggregation considers all N decision-
makers no matter if alternative ¢ and/or j is present in the choice set. Second,
type 1la aggregates over all decision-makers with alternative ¢ in their choice sets
regardless of whether alternative j is also available. Third, type IIb only considers

decision-makers with both ¢ and j in their choice sets.

Unweighted sample averages Formally, unweighted average sample elasticities

of type I are given by

1 N
I _ = .
Bl =+ > Epian.
n=1
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Aggregation by type Ila and IIb yields

1
Ila __ E :

neN?

and
1
IIb 2
Eix;n — _N’L] ETL’L;E;"7
neN

respectively, where N denotes the subset of N where both alternatives are available.

Probability weighted sample averages Probability-weighted sample elastici-
ties of type I are given by

N N
E{xm = Z PniEm'j/ Z P
! n=1 n=1

Again, we set the choice probability and hence the weight to zero for all decision-
makers who do not have alternative ¢ in their choice set. For this reason, type I and

type Ila aggregation given below are identical:

EZIxI;% = Z PniEixr/ Z Pri

neN? neN?

Sample cross elasticities of type IIb are finally given by

neN neN
4.5.3 Choice of Aggregation Type

Having established different ways of aggregation, we need to determine which is the
correct one to use. Once again, the answer very much depends on the question we
are asking. If we are interested in a measure of how the entire sample of all decision-
makers - being affected or not - reacts to an attribute change, we need to use type
L. If, however, we care about those who can potentially choose alternative 7, type 11
is to be used instead. For cross-effects, we further need to decide if all individuals
holding alternative ¢ in their choice sets are the sub-sample of interest (i.e. type
ITa) or if we want to restrict our attention to those who could also choose the rival

alternative j (type IIb) and are therefore affected by an attribute change in j.
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4.6 Standard Errors and Confidence Intervals

Recall that when estimating a mixed logit model, we technically estimate the pa-
rameters of the distribution denoted 6, i.e. the mean and the (co)variance. In what
we have discussed so far, we simply take the point estimates 0 of 6 to simulate elas-
ticities and marginal effects as described above. This gives us sample effects and
standard deviations describing how much individual effects vary across the sample.
However, we have ignored the sampling variance W of the estimated 0. To obtain a
measure of precision of our average sample effects, i.e. standard errors or confidence
intervals, we need to incorporate the sampling variance of the estimated coefficients,

—

W, into our calculation of elasticities and marginal effects.

We can generally think of three different methods for generating standard errors
and confidence intervals. These are the non-parametric bootstrap, the parametric
bootstrap (Krinsky-Robb method) and the delta-method. In what follows, I present
the solution proposed by Krinsky and Robb (1986, 1990) as it does not require re-

estimating the model and is fairly easy to implement.'

The Krinsky-Robb-method involves the following four steps:

1. Compute the Cholesky-decomposition of the covariance matrix /V[7, yielding a

—~

lower triangular matrix L such that LL' = W, see e.g. Greene (2008).

2. Fort=1,...,T create a Kx1 vector of random draws from a standard normal
distribution, where K is the length of vector 6 and label it n*. Then create
0! =0 + L.

3. Fort =1,...,T use 6" to simulate elasticities or marginal effects as described

above.

4. Calculate the mean sample effect by averaging over the T" draws. To obtain
standard errors, compute the variance and take the square root. For the 95

per cent confidence interval, take the 0.025 and 0.975 percentile.

For the non-parametric bootstrap, we would need to re-estimate the model multiple times.
This is often far too time-consuming, and there is a risk that the model will not converge for some
subsamples. The delta method produces confidence intervals that are symmetric about the mean
by construction.
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4.7 Mixlelast

This section describes the syntax of mixlelast.

Syntax

mixlelast [if]| [in] , alternatives(uvarname) | for(varname)
marginaleffect percentchange(#) absolutechange(#) dummy weighted
nosd nrep(#) burn(7#) hettype() krobb(#) krse krlevel(#)
kruserdraws krburn(#) quietly |

Options

alternatives (varname) is required and identifies the alternatives. varname must

be numeric.

for (varname) specifies the variable for which the elasticities/marginal effects are

calculated. The default is the first variable specified in mixlogit’s rand option.

percentchange (#) allows the user to compute arc elasticities/marginal effects
for an attribute change of # per cent. This option cannot be combined with

absolutechange and dummy.

absolutechange (#) allows the user to compute arc elasticities/marginal effects
for an absolute attribute change of #. This option cannot be combined with

percentchange and dummy.

dummy allows the user to compute arc elasticities/marginal effects for dummy vari-

ables. This option cannot be combined with percentchange and absolutechange.

marginaleffect allows the user to obtain marginal effects. The default is elastici-

ties.

weighted specifies that probability-weighted sample averages are computed. The

default is unweighted sample averages.
nosd prevents mixlelast from computing and displaying standard deviations.

nrep(#) specifies the number of Halton draws used for simulation. The default is

the number specified for mixlogit, which has a default of 50.
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burn(#) specifies the number of initial sequence elements to drop when creating
the Halton sequences. The default is the number specified for mixlogit, which
has a default of 15.

hettype () allows the user to specify the type of aggregation when choice sets are
heterogeneous. The default is I for unweighted and ITa for probability-weighted

sample averages. hettype () cannot be specified if choice sets are homogeneous.

krobb(#) allows the user to obtain Krinsky-Robb-standard errors or confidence

intervals using # draws.
krse specifies that standard errors are computed. The default is confidence intervals.
krlevel (#) specifies the confidence level. The default is 95 per cent.

krburn(#) specifies the number of initial sequence elements to drop when creating

the Halton sequences for the Krinsky-Robb procedure.

kruserdraws allows the user to provide draws for the Krinsky-Robb parametric
bootstrap in a Mata matrix mixl_userdraws. The number of rows of the matrix
mixl_userdraws must equal the number of coefficients in the model, and the
number of columns must equal the number of choice occasions times the number
of repetitions.!® If userdraws is not specified, mixlelast will use Halton draws
if the number of coefficients is less or equal to 10 and standard normal draws if

it exceeds 10.16

quietly suppresses the output.

4.8 Examples

This section provides several illustrative examples of mixlelast both for homoge-

neous and heterogeneous choice sets.

15Here, the number of coefficients is the total number of coefficients estimated in mixlogit,
i.e. the variable(s) specified in the random() option count twice as the mean and the standard
deviation are two separate coefficients.

16For low dimensions, Halton sequences should be used. With dimensions above 10, pseudo-
random points outperform Halton draws, see Drukker and Gates (2006). More advanced proce-
dures, such as scrambled Halton sequences (Kolenikov 2012), can be implemented manually via
the kruserdraws option.
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4.8.1 Homogeneous Choice Sets

To illustrate mixlelast with homogeneous, I use an artificial data set of 100 indi-

viduals making 10 repeated purchasing decisions.
In the example, three attributes enter the choice model:
e price
e quality

e brand dummy

Following the notation of Hole (2007), gid identifies the alternatives in a choice
occasion, and pid identifies the choice occasion faced by a decision-maker. The
dependent variable y is 1 for the chosen alternative and 0 otherwise. The first 10

observations are listed below:

. use example_hom.dta

. list in 1/10,sepby(gid)

alt y price quality brand gid pid
1. Prod 1 0 1.308418 3 Brand A 1 1
2. Prod 2 0 2.357423 5 Brand A 1 1
3. Prod 3 0 3.380476 8 Brand A 1 1
4. Prod 4 1 4.414344 11 Brand B 1 1
5. Prod 5 0 8.617756 22 Brand B 1 1
6. Prod 1 0 .8786653 3 Brand A 2 1
7. Prod 2 0 1.99105 5 Brand A 2 1
8. Prod 3 0 3.536737 8 Brand A 2 1
9. Prod 4 0 4.295895 11 Brand B 2 1
10. Prod 5 1 8.679978 22 Brand B 2 1

We start by fitting a mixed logit model. The coefficient on price is assumed to

be normally distributed; those on quality and the brand dummy are fixed.
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. mixlogit y brand quality, rand(price) group(gid) id(pid)
Iteration O: log likelihood = -1386.9157
(output omitted)

Iteration 4: log likelihood = -1218.6785

Mixed logit model Number of obs = 5,000
LR chi2(1) = 635.40
Log likelihood = -1218.6785 Prob > chi2 = 0.0000
y Coef. Std. Err. z P>zl [95% Conf. Intervall]

Mean
brand .8389558 .1664776 5.04 0.000 .5126657 1.165246
quality . 7326987 .0890225 8.23 0.000 .5582178 .9071797
price -1.766318 .2272046 -7.77  0.000 -2.21163  -1.321005

SD

price .5507636 .0545198 10.10  0.000 4439067 .6576205

The sign of the estimated standard deviations is irrelevant: interpret them as

being positive
The SD coefficient is significant, indicating that preference heterogeneity is present.

We now compute unweighted sample point price elasticities.

. mixlelast, alternatives(alt)

Mixed logit sample elasticities

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5

Prod 1
Mean -1.583582 1.20702 1.234225 .5806123 1.160138
SD .5321263 .35009 .4233442 .2133211 .2015333

Prod 2
Mean .8620516 -2.993063 1.256074 .6522315 1.689042
SD .1310344 .6221173 .3964381 .226443 .2854372

Prod 3
Mean .6431518 .9099626 -4.794224 .7198147 2.664615
SD .1075382 .2245667 .6208259 .2306577 .4073909

Prod 4
Mean .4741855 .7339106 1.113647 -6.85574 3.730741
SD .0869767 .1709876 .2885865 .470882 .4400616

Prod 5
Mean .1097656 .2170911 .4650955 .4201686 -3.954723
SD .0208497 .0434097 .0906856 .1006895 .1834887

Calculated for a marginal change in price

The output table displays the mean direct and cross elasticities and their stan-
dard deviations. The elements on the diagonal are the direct elasticities, which are
all negative. Given a one per cent increase in price, the decrease in the choice prob-
ability ranges from 1.584 to 6.856 per cent. The off-diagonal elements are the cross
elasticities, where each entry describes the percentage change in the row alternative
given a one per cent change in an attribute of the column alternative. For example,

the choice probability of Prod 1 increases by 1.207 per cent when the price of Prod
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2 rises by 1 per cent. All cross-price elasticities are positive, indicating that the
demand for rival alternatives rises when the price of one alternative is increased.
Alternatively, we could compute probability-weighted sample averages. This

time, we use the nosd option that omits standard deviations.

. mixlelast, alternatives(alt) weighted nosd

Mixed logit probability weighted sample elasticities
Prod 1 Prod 2 Prod 3 Prod 4 Prod 5
Prod 1 -1.437372 1.129342 1.178512 .5706147 1.147615
Prod 2 .8389906 -2.795044 1.216929 .6372329 1.64468
Prod 3 .6416162 .8983047 -4.591341 .7086891 2.560194
Prod 4 .4834713 .7372868 1.113011 -6.706311 3.620954
Prod 5 .1108344 .2183731 .4632295 .4174095 -3.941572

Calculated for a marginal change in price

Instead of calculating price elasticities, we could also consider a change in the
quality variable. As price was the first (and only) variable set to be random in
mixlogit, we did not have to specify it in mixlelast. To obtain elasticities w.r.t.

quality, we need to use the elastvar option.

Quality is an integer variable, so computing a marginal change does not make
much sense. mixlelast will still produce results, but it detects that quality is an
integer variable and issues a warning. More meaningful, however, is to look at a

discrete change in the quality variable, e.g. by one.

. mixlelast, alternatives(alt) for(quality) absolutechange(1)
Mixed logit sample elasticities

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5

Prod 1
Mean 1.388182 -1.396422 -1.524345 -.7976167 -1.520772
SD .2607879 .4197096 .5221947 .2983788 .2449431

Prod 2
Mean -1.005672 2.624413 -1.615071 -.929526 -2.236142
SD .2040373 .388189 .513181 .3318357 .3566263

Prod 3
Mean -.8210379 -1.18665 4.448009 -1.079768 -3.60011
SD .1746568 .3130168 .459669 .3588448 .523858

Prod 4
Mean -.6550803 -1.018255 -1.592809 7.037799 -5.179757
SD .1483684 .2581882 .4276922 .3251452 .5807602

Prod 5
Mean -.1922135 -.367616 -.7905778 -.7807326 4.480929
SD .0462874 .0848141 .1714049 .2014827 .2330713

Calculated for an absolute change of 1 in quality

Contrary to price elasticities, we find positive direct and negative cross elasticities
for quality. This is due to the positive sign on the quality coefficient and makes sense

intuitively as an increase in quality makes a product more attractive.
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Finally, we could also look at the change in the brand variable, i.e. evaluate
the counterfactual situation where a product is sold under the rival’s brand. In this
case, we would use the dummy option to simulate hypothetical changes of the dummy

variable brand from zero to one and vice versa.

To obtain incremental effects instead of elasticities, we use the marginaleffect

option.

. mixlelast, alternatives(alt) marginal
Mixed logit sample marginal effects

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5

Prod 1
Mean -.2878743 .1365916 .0887652 .0314141 .0311034
SD .0313022 .0341118 .0318789 .0144679 .0097729

Prod 2
Mean .1365916 -.2766283 .0749002 .0286624 .0364741
SD .0341118 .0560073 .0303258 .0131542 .0110592

Prod 3
Mean .0887652 .0749002 -.2383686 .0268862 .0478171
SD .0318789 .0303258 .0612841 .0126498 .0115994

Prod 4
Mean .0314141 .0286624 .0268862 -.1184339 .0314712
SD .0144679 .0131542 .0126498 .0382954 .0084627

Prod 5
Mean .0311034 .0364741 .0478171 .0314712 -.1468658
SD .0097729 .0110592 .0115994 .0084627 .0136522

Calculated for a marginal change in price

Here, the columns (and rows) add up to zero, as the decrease in the choice
probability of one alternative must necessarily be compensated by an increase in the

sum of probabilities of choosing rival alternatives.

Finally, we look at a very small discrete change of 0.001 per cent and recompute

the marginal effects from above using the arc method.
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. mixlelast, alternatives(alt) marginal percentchange (0.001)

Mixed logit sample incremental effects

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5

Prod 1
Mean -.2878735 .1365904 .0887634 .031413 .0311024
SD .0313027 .0341119 .0318786 .0144675 .0097726

Prod 2
Mean .1365913 -.2766259 .0748988 .0286615 .0364732
SD .0341118 .0560079 .0303255 .0131538 .0110589

Prod 3
Mean .0887649 .0748996 -.2383644 .0268853 .0478164
SD .0318789 .0303257 .0612842 .0126495 .0115992

Prod 4
Mean .031414 .0286622 .0268857 -.1184302 .0314711
SD .0144679 .0131541 .0126497 .0382946 .0084626

Prod 5
Mean .0311032 .0364737 .0478164 .0314704 -.1468632
SD .0097729 .0110592 .0115994 .0084626 .0136522

Calculated for a change of .001 per cent in price

As expected, the results for sample averages and their standard deviations are
practically identical. Nonetheless, users are advised to only use the arc method
when necessary, as the computation is slower. The difference in computation time

is increasing in the number of alternatives and the number of choice occasions.

4.8.2 Heterogeneous Choice Sets

In the second data set, decision-makers live in one of three locations that differ
according to the set of products available. Individuals 1 to 50 live in location 1,
where all five products of both brands A and B are available. In location 2, where
individuals 51 to 75 live, only products of brand A are available, i.e. products 1, 2
and 3. Finally, only products 4 and 5 of brand B are in the choice sets of decision-
makers 75 to 100 living in location 3. Each decision-maker chooses ten times among

the available alternatives.

A representative choice set for each location is displayed below:
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. use example_het.dta

. list if gid == 1 | gid == 501 | gid == 751, sepby(gid)
alt y price quality brand gid pid 1location
1 Prod 1 0 1.308418 3 Brand A 1 1 1
2. | Prod 2 0 2.357423 5 Brand A 1 1 1
3. | Prod 3 0 3.380476 8 Brand A 1 1 1
4 Prod 4 1  4.414344 11 Brand B 1 1 1
5 Prod 5 0 8.617756 22 Brand B 1 1 1
2501. | Prod 1 0 1.356619 3 Brand A 501 51 2
25602. | Prod 2 1  2.180957 5 Brand A 501 51 2
2503. | Prod 3 0 3.14988 8 Brand A 501 51 2
32561. | Prod 4 1  4.398738 11  Brand B 751 76 3
3252. | Prod 5 0 8.765503 22 Brand B 751 76 3

As before, we estimate the mixed logit model.

. mixlogit y brand quality, rand(price) group(gid) id(pid)
Iteration O: log likelihood = -1094.6025

(output omitted)
Iteration 5: log likelihood = -930.11945

Mixed logit model Number of obs = 3,750
LR chi2(1) = 5569.92
Log likelihood = -930.11945 Prob > chi2 = 0.0000
y Coef. Std. Err. z P>|z]| [95% Conf. Intervall]

Mean
brand .9619626  .2485758 3.87 0.000 .474763 1.449162
quality .8084889  .1005983 8.04 0.000 .6113199 1.005658
price -1.926808  .2566438 -7.51  0.000 -2.429821  -1.423795

SD

price .6458248  .0680799 9.49 0.000 .5123906 .779259

The sign of the estimated standard deviations is irrelevant: interpret them as
being positive

First, we compute the unweighted sample elasticities of type I, i.e. over the entire

sample of 100 decision-makers.

. mixlelast, alternatives(alt) hettype(I) nosd
Mixed logit sample elasticities (type I)

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5
Prod 1 -1.249679 1.027456 1.100893 .2595871 .5574325
Prod 2 .7087478 -2.334087 1.184107 .3049821 .8680116
Prod 3 .4862719 .7379635 -3.355797 .3496448 1.460553
Prod 4 .2535825 .3996399 .6194909 -4.395615 3.301949
Prod 5 .0487804 .1000686 .2244125 .6515905 -2.76727

Calculated for a marginal change in price
Now, we restrict our attention to individuals with the product 7, i.e., the row

product in the table below, in their choice set (type IIa).



4.8. EXAMPLES 114

. mixlelast, alternatives(alt) hettype(IIa) nosd
Mixed logit sample elasticities (type IIa)

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5
Prod 1 -1.666239 1.369941 1.467857 .3461161 . 7432433
Prod 2 .9449971 -3.112116 1.57881 .4066428 1.157349
Prod 3 .6483625 .9839513 -4.474397 .4661931 1.947404
Prod 4 .33811 .5328532 .8259879 -5.86082 4.402598
Prod 5 .0650405 .1334248 .2992166 .8687874 -3.689693

Calculated for a marginal change in price

Comparing both tables shows that direct and cross elasticities have increased in
absolute values. This result is not surprising. For type I, we consider all individuals,
including those with zero individual effects. For ITa, we ignore all individuals who
could not choose the relevant product. For products 1, 2 and 3, we now look at
decision-makers in location 1 and location 2 only. Likewise, only decision-makers
in location 1 and location 3 are considered for products 4 and 5. That means, we
no longer consider individuals with zero individual direct effects, so direct sample

elasticities must rise in absolute value compared to type IIb.

For cross elasticities, we also reduce the number of decision-makers with zero
individual cross effects by excluding those who could not choose product i. Note,
however, that we still consider those instances of zero individual cross effects where

product ¢ is available, but product j, i.e. the column product, is not.

Finally, aggregation of type IIb considers only those individuals who are actually
affected by an attribute change, i.e. both alternatives ¢ and j are present in their

choice sets. These are only the decision-makers living in location 3.

. mixlelast, alternatives(alt) hettype(IIb) nosd
Mixed logit sample elasticities (type IIb)

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5
Prod 1 -1.666239 1.369941 1.467857 .5191742 1.114865
Prod 2 .9449971 -3.112116 1.57881 .6099641 1.736023
Prod 3 .6483625 .9839513 -4.474397 .6992897 2.921106
Prod 4 .507165 .7992798 1.238982 -5.86082 4.402598
Prod 5 .0975608 .2001371 .4488249 .8687874 -3.689693

Calculated for a marginal change in price

Comparing the results for type ITa and type IIb, we make three observations.
First, direct elasticities are identical. This is because the subset of individual direct
effects taken into consideration does not differ between type Ila and type IIb. Sec-
ond, cross elasticities between alternatives of the same brand also remain unchanged.
Recalling that the heterogeneity was on the brand level, there are no cases in which
one product of a certain brand is available and another product of the same brand

is not. Hence, regarding substitution patterns between alternatives within the same
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brand, there is no difference between type Ila and type IIb either. Third, for cross
effects across brands, only those decision-makers who have both products available
are considered. All individuals with zero cross effects are now excluded, which is

why the sample effects must increase in absolute value.

4.8.3 Standard Errors and Confidence Intervals

Finally, we want to compute confidence intervals and standard errors using the
Krinsky-Robb parametric bootstrap. For demonstration, we use the same data set

as in the first example (see subsection 4.8.1).

We now compute Krinsky-Robb standard errors with 100 replications using the

krse option.

. mixlelast, alternatives(alt) kr(100) krse
Mixed logit sample elasticities

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5

Prod 1
Mean -1.588732 1.209058 1.235619 .5851914 1.168598
SE .1741421 .1293064 .14276 .0947962 .2206916

Prod 2
Mean .8656952 -3.006101 1.258633 .657472 1.695867
SE .1059331 .3317349 .1474431 .1033878 .283632

Prod 3
Mean .6456213 .9128968 -4.814247 .7260494 2.669903
SE .076321 .1053874 .5710928 .1146381 .4180427

Prod 4
Mean .4762443 .7370268 1.118481 -6.881942 3.73549
SE .0566474 .0891121 .1443512 .8692364 .5892882

Prod 5
Mean .1115721 .2204908 .4716262 .4269033 -4.017563
SE .0207407 .0412111 .0887768 .0860485 . 7422291

Calculated for a marginal change in price
Means and standard errors by Krinsky-Robb parametric bootstrap with
100 repetitions

Alternatively, we could compute confidence intervals. The default is a 95 per
cent confidence interval. To set the confidence level, e.g. to 99 per cent, we use the

krlevel option.
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. mixlelast, alternatives(alt) kr(100) krlevel(99)
Mixed logit sample elasticities

Prod 1 Prod 2 Prod 3 Prod 4 Prod 5
Prod 1
Mean -1.588732 1.209058 1.235619 .5851914 1.168598
CI_lower -2.036889 .885817 .9136785 .390892 . 7357463
CI_upper -1.162032 1.540968 1.617532 .8230219 1.778616
Prod 2
Mean .8656952 -3.006101 1.258633 .657472 1.695867
CI_lower .594959 -3.751526 .9098775 .4391683 1.131964
CI_upper 1.192836 -2.167427 1.635249 .9178194 2.445996
Prod 3
Mean .6456213 .9128968 -4.814247 .7260494 2.669903
CI_lower .4488157 .6570522 -6.078871 .4858516 1.739164
CI_upper .8719096 1.181786 -3.407677 1.006442 3.725657
Prod 4
Mean .4762443 .7370268 1.118481 -6.881942 3.73549
CI_lower .3345948 .5277493 .T7T775908 -8.96048 2.333426
CI_upper .6314298 .95683172 1.492383 -4.728254 5.122632
Prod 5
Mean .1115721 .2204908 .4716262 .4269033 -4.017563
CI_lower .0712387 .141619 .2904997 .2830188 -6.543079
CI_upper .1802272 .3584905 .7616104 .6880237 -2.611262

Calculated for a marginal change in price
Means and 997 confidence intervals by Krinsky-Robb parametric bootstrap
with 100 repetitions

As we can see, none of the confidence intervals contains zero, i.e. all direct- and

cross-elasticities are statistically significantly different from zero at the 1 per cent

level. However, to obtain more robust results, we should use a much higher number

of draws.

4.9 Saved Results

mixlogit stores the following results to r():

Scalars
r(N)

r(N_group)
r(N_id)

r(N_alt)
r(het)

r(marginal)
r(weighted)

r(nosd)

number of observations

number of choice occasions
number of decision-makers

number of alternatives

1 if heterogeneous choice sets,
0 otherwise

1 if marginal effects, 0
otherwise

1 if probability weighted
effects, 0 otherwise

1 if no standard deviations,
0 otherwise

r(burn)

r(nrep)
r(krobb)

r(krlevel)
r(krse)

r(krburn)

r(kruser)

initial elements to drop when
creating Halton sequences

number of Halton draws

number of Krinsky-Robb
repetitions

Krinsky-Robb confidence level

1 if Krinsky-Robb standard
erros, 0 if confidence intervals

initial elements to drop when
Halton sequence for krobb

1 if user-provided random
numbers, 0 otherwise
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Macros
r(cmd)
r(subtitle)
r(subtitle2)

r(elastvar)

r(id)

Matrices
r(mean)
r (KRSE)

r (KR _upper)

mixlelast
subtitle in output table
subtitle of output for krobb

name of elastvar() variable
name of id() variable

sample elasticities/marginal effects
Krinsky-Robb standard errors

Krinsky-Robb upper
confidence bounds

r(title)
r(altid)
r(hettype)

r(group)
r(method)

r(sd)
r(KR_lower)

title in output table

name of altid() variable

type of aggregation for hetero-
geneous choice sets

name of group() variable

type of calculation method

standard deviations
Krinsky-Robb lower confidence
bounds
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Chapter 5

Opencagegeo: Stata Module for
Geocoding
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5.1 Introduction

Geocoded data is extensively used by researchers and practitioners in numerous
fields, and geocoding (and reverse geocoding) has become a common exercise.'
Geocoding is the process of converting an address into geographic coordinates. Re-

verse geocoding uses geographic coordinates to retrieve the postal address.

To facilitate geocoding for Stata users, several user-written geocoding routines
have been made available. All have in common that they use application program-
ming interfaces or APIs to access online geocoding services. These routines are (the
outdated) geocode (Ozimek and Miles 2011), its (no longer available) successor
geocode3 (Bernhard 2013) and the immediate command gcode (Ansari 2015) using
the Google Maps API, geocodeopen (Anderson 2013) using MapQuest’s API and
geocodehere (Hess 2015) using the API for Here Maps. However, the terms of use
of Google Maps, MapQuest, and Here Maps are very restrictive and prohibit data

storage, which render them unusable for many purposes.

This chapter describes opencagegeo, an alternative geocoding command for Stata
that uses the geocoding API of OpenCage Data which has very flexible terms of use.?
All data is jointly licensed under the ODbL and CC-BY-SA licenses® and OpenCage

Data does not restrict the use of geocodes.*

The syntax of opencagegeo is described in Section 5.2. Its immediate version
opencagegeoi is presented in Section 5.3. Two examples for illustration are given

in Section 5.4.

5.2 Opencagegeo

5.2.1 Syntax

opencagegeo [if ]| [in] [, key(string) number(varname) street(wvarname)
postcode (varname) city(varname) county(varname) state(varname)

country (varname) fulladdress(wvarname) latitude(varname) longitude(varname)

1For some interesting examples in the field of economics, see CESifo (2018).

2opencagegeo is published in the Boston College Statistical Software Components (SSC)
archive, see Zeigermann (2016).

3The ODbL and CC-BY-SA licences are available at http://opendatacommons.org/
licenses/odbl/summary/ and https://creativecommons.org/licenses/by-sa/2.0/.

4OpenCage Data’s terms of use are available at http://geocoder.opencagedata.com/faq.
html#legal.


http://opendatacommons.org/licenses/odbl/summary/
http://opendatacommons.org/licenses/odbl/summary/
https://creativecommons.org/licenses/by-sa/2.0/
http://geocoder.opencagedata.com/faq.html#legal
http://geocoder.opencagedata.com/faq.html#legal
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coordinates (varname) countrycode(varname or string) language(varname or string)

replace resume |

5.2.2 Options
General

key (string) is required and takes the OpenCage Data API key as input.

countrycode (varname or string) specifies the country code. countrycode() al-

lows either a string variable or a string as input.

language (warname or string) specifies the language in which the results are re-
turned. language() allows either a string variable or a string as input. The

default is en for English.

resume specifies that the process is continued after the rate limit was exceeded the

day before. resume may not be combined with replace.

Geocoding

number (wvarname) specifies the variable containing the house number.

street (warname) specifies the variable containing the street. varname must be
string.
postcode (varname) specifies the variable containing the post-code.

city (warname) specifies the variable containing the city, town or village. varname

must be string.

county (warname) specifies the variable containing the county. varname must be
string.

state (wvarname) specifies the variable containing the state. wvarname must be
string.

country (warname) specifies the variable containing the country. varname must

be string.

fulladdress (warname) specifies a single variable containing some or all of the
above options. varname must be string. fulladdress() may not be combined

with any of the options above.
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Reverse Geocoding

latitude(varname) specifies the variable containing the latitude. Values must lie
between -90 and 90.

longitude (varname) specifies the variable containing the longitude. Values must
lie between -180 and 180.

coordinates (varname) specifies the variable containing latitude longitude pairs.
Latitudes must lie between -90 and 90 and must be stated first. Longitudes must
lie between -180 and 180. Both values must be separated by a comma. varname
must be string. coordinates() may not be combined with latitude() and

longitude().

5.2.3 Remarks
General

opencagegeo requires an OpenCage Data API key, which can be obtained by sign-
ing up at https://geocoder.opencagedata.com/users/sign_up. The user can
choose among several customer plans with different daily rate limits. The free trial
plan allows 2.500 requests per day. If the rate limit is hit, opencagegeo will issue
an error message and exit. To continue the task the following day, the user may
add the resume option to the original specification. opencagegeo will automatically
detect which observations are still to be geocoded. The user is strongly advised not
to make any changes to the data until geocoding of all observations is completed.’
A new day begins at 00:00:00 Coordinated Universal Time (UTC).

If the output variables created by opencagegeo already exist, the user can specify
replace to overwrite existing observations.® If either in or if is specified, only the

selected observations will be replaced. resume and replace may not be combined.

The countrycode() option allows the user to specify the country of the loca-
tion. Providing a country code will restrict the results to the given country. If all
locations lie in the same country, the user may enter the country code directly into
countrycode (). Alternatively, if the locations are in more than just one country,

a variable containing the respective country codes must be specified. The coun-

5The resume option evaluates the output variable g_quality to select observations which have
not yet been geocoded.
6The variables created by opencagegeo are described in subsection 5.2.4.


https://geocoder.opencagedata.com/users/sign_up
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try code is a two-letter code defined by the ISO 3166-1 Alpha 2 standard.” If any

country code is invalid, opencagegeo will issue an error message and exit.

The language () option allows the user to specify the language in which the
results are returned. As with countrycode(), either a string or a string variable
can be specified. The language must be entered in IETF format language code.®
The default is English. If the language is set to native, the results will be returned in
the native language of the location, provided the underlying OpenStreetMap (OSM)
data is available in that language. Users of Stata 13 or earlier versions are advised to
carefully use the language () option as many languages other than English contain

special characters that cannot be displayed correctly.

opencagegeo requires two user-written Stata libraries, insheetjson and 1ibjson
(Lindsley 2012a,b), which are available at the Statistical Software Components
(SSC) archive.

Geocoding

Generally, there are two different ways of feeding addresses into opencagegeo. First,
by components using the street(), number(), postcode(), city(), county(),
state() and/or country() options. This is recommended if the location address
data is provided in separate variables. Not all options need to be specified at the
same time; they can be combined in any meaningful way. E.g. to obtain geocodes

of cities, you may use city(), state() and country().

Second, if the address is contained in a single string variable, the fulladdress ()
option must be used. The address should follow country-specific conventions, al-
though the OpenCage Geocoder allows some flexibility regarding address formats.

E.g. the two following well-formatted examples should give the same results:

"number street, city post-code, country"

"street number, post-code city, country"

Generally, the OpenCage Geocoder is not case-sensitive and can deal with the
most commonly used abbreviations. Running opencagegeo in Stata 14 (or newer)
allows the address variables to be in Unicode (UTF-8), i.e. address names may con-

tain accented characters, symbols and non-Latin characters. For older releases, the

TA comprehensive list of all ISO 3166-1 Alpha 2 codes is available at https://en.wikipedia.
org/wiki/IS0_3166-1_alpha-2.

8A comprehensive list of all IETF language codes is available at http://www.iana.org/
assignments/language-subtag-registry/language-subtag-registry.


https://en.wikipedia.org/wiki/ISO_3166-1_alpha-2
https://en.wikipedia.org/wiki/ISO_3166-1_alpha-2
http://www.iana.org/assignments/language-subtag-registry/language-subtag-registry
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input variables must not contain any special characters.® Otherwise, opencagegeo
will issue an error message and exit. opencagegeo is sensitive to spelling mistakes

and will return empty strings for misspelt addresses.

Reverse geocoding

As with geocoding, two options are available for reverse geocoding. If longitudes and
latitudes are contained in two separate variables, the latitude () and longitude()
options should be used. Alternatively, latitude-longitude pairs contained in one
variable may be fed into the coordinates () option. Latitudes must be stated first,

and both values must be separated by a comma.

Latitudes must be between -90 and 90, and longitudes must be between -180 and

180. Otherwise, opencagegeo will issue an error message and exit.

5.2.4 Output Variables

Running opencagegeo generates a set of 12 variables, all having g_ prefixes.!®

g_latitude and g_longitude contain the latitudes and longitudes retrieved.
The variables g_number, g_street, g_postcode, g_city, g_county, g_state and
g_country contain the respective information returned. If the information is missing
(e.g. the house number is not known) or not requested (number () was not specified,
or no information on the house number was contained in address variable fed into
the fulladdress() option), an empty string for the respective variable will be
returned. g_formatted contains a well-formatted place name generated by the
OpenCage Geocoder. In addition to the postal address, it might also have additional

information on the name of the building, institution, shop, etc., at that location.

Finally, g_confidence and g_quality are generated. The former provides a
measure of precision of the match generated by the OpenCage Geocoder. The con-
fidence value is calculated as the distance in kilometres between the south-east and

the north-west corners of the bounding box.

9Only ASCII printable characters, i.e. character codes 32-127, may be used in the input
variables.

10The JSON paths used to extract the results returned from the OpenCage Geocoder are given
in Table A5.1 in the appendix.
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Confidence levels are defined as follows:

0 = unable to determine bounding box
1 =25 km or more

2 = less than 25 km
3 = less than 20 km
4 = less than 15 km
5 = less than 10 km
6 = less than 7.5 km
7 = less than 5 km

8 = less than 1 km

9 = less than 0.5 km

10 = less than 0.25 km

The variable g_quality contains the accuracy level of the returned results and

is defined as follows:

0 = location not found

1 = country

2 = state

3 = county

4 = city

5 = postcode
6 = street

7 = number

If, for example, the user provides the full address, including street name and
house number, but the Opencage geocoder can only identify the postcode, the quality
level will be 5 (postcode). The highest quality level to be reached is determined by
the inputs; e.g. if the number () is not specified or no information on the house
number is contained in the variable fed into fulladdress(), the highest quality

level to be achieved is 6 (street).
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5.3 Opencagegeoi

5.3.1 Syntax

opencagegeoli #location

5.3.2 Remarks

The immediate command opencagegeoi takes its inputs from what is typed as
arguments rather than from data stored in the memory. Instead of creating output

variables, it immediately displays the results in the output window.

opencagegeoi requires the API key to be stored in a global macro mykey. The
location to be geocoded is then directly entered after opencagegeoi. For geocoding
an address, the input should be well-formatted as described above. For reverse
geocoding, opencagegeoi accepts a latitude-longitude pair as input. The latitude is

entered first, followed by the longitude. Both values must be separated by a comma.

The user may define a global macro language containing the language code in
which the result shall be returned. The default is English. Setting the global macro
language to native, the results are returned in the native language of the location.
Users of Stata 13 or older should be aware that special characters cannot be displayed

correctly.

5.3.3 Saved Results

In addition to displaying the well-formatted address returned from OpenCage and
the latitude and longitude values, opencagegeoi saves the following results to r().

Macros
r(input) address as typed by user r(formatted) well-formatted address returned from
OpenCage Geocoder
r(lat) latitude r(lon) longitude
r(conf) confidence level of result
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5.4 Examples

5.4.1 Opencagegeo
Geocoding

For example, consider the addresses of five Goethe Institutes in Europe, Mexico and
the United States.!! The data is displayed below.

. list
CITY POSTCODE STREET NUMBER COUNTRY
1. London SW7 2PH Exhibition Road 50 UK
2. Mexico City 06700 Tonala 43 Mexico
3. New York 10003 Irving Place 30 USA
4. Paris 75116 Avenue d "Iena 17 France
5. Rome 00198 Via Savoia 15 Italy

To geocode the five addresses given above, specify opencagegeo as follows:

. opencagegeo, key(YOUR-KEY-HERE) street(STREET) number (NUMBER) postcode (POSTCODE)
> country (COUNTRY)

OpenCage geocoded 1 of 5
(output omitted)
OpenCage geocoded 5 of 5

g_quality Freq. Percent Cum.

street 1 20.00 20.00

number 4 80.00 100.00
Total 5 100.00

Data generated is jointly licensed under the ODbL and CC-BY-SA licenses.

The output table produced by opencagegeo illustrates that four out of five addresses
were identified at the highest quality level, i.e. number. The exact house number

was not found for one location, and the resulting quality level is street.

!1The Goethe Institute is a not-for-profit German cultural organisation that promotes the Ger-
man language; the addresses were obtained from https://www.goethe.de/en/wwt.html.


https://www.goethe.de/en/wwt.html
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Reverse Geocoding

Now, the geocoding process is reversed to translate the latitude-longitude pairs
generated above back into addresses. First, rename the variables and then specify

opencagegeo using latitude(), longitude() and the replace option as follows:

. rename g_lat LATITUDE
. rename g_lon LONGITUDE
. opencagegeo, key(YOUR-KEY_HERE) latitude(LATITUDE) longitude(LONGITUDE) > replace

OpenCage geocoded 1 of 5
(output omitted)
OpenCage geocoded 5 of 5

g_quality Freq. Percent Cum.

street 1 20.00 20.00

number 4 80.00 100.00
Total 5 100.00

Data generated is jointly licensed under the ODbL and CC-BY-SA licenses.

Not surprisingly, four latitude longitude pairs are identified at the number and one

at the sireet level.

5.4.2 Opencagegeoi
Geocoding

If the user wants to geocode a single location rather than a data set containing
various geographic locations, the immediate version opencagegeoi should be used.
Note, however, that it is necessary to define a global macro mykey containing the

OpenCage key first.'2

. global mykey YOUR-KEY-HERE

To obtain the geographic coordinates of e.g. the Goethe Institute London, specify

opencagegeoi as follows:

12The global macro mykey needs to be specified only once when a new Stata window is opened.
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. opencagegeoi 50 Exhibition Road, London SW7 2PH, UK

ok Kok ok o ok Kok ok ok Kok ok ok ok ok ok ok ok ok ok o ok ok ok ok ok ok
*** (OpenCage Geocoder Results **x*

ok ok ok o ok Kok ok ok Kok ok ok ok ok o ok ok ok ok o ok ok ok K ok ok

Formatted address: Goethe Institute, 50-51 Exhibition Road, London SW7 1BF, UK
Latitude: 51.4994811

Longitude: -0.174013268370617

Reverse Geocoding

To retrieve the postal address from geographic coordinates - in this example of the

Goethe Institute in London - type:

. opencagegeoi 51.4994811,-0.174013268370617

ok Kok ok o ok Kok ok ok Kok ok ok ok ok ok o ok ok ok o ok ok ok ok ok ok
*** (penCage Geocoder Results *x*x*

ok ok ok o ok Kok ok ok Kok ok ok Kok ok ok ok ok ok ok ok K K ok

Formatted address: Goethe Institute, 50-51 Exhibition Road, London SW7 1BF, UK
Latitude: 51.4994811

Longitude: -0.174013268370617
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Appendix

The OpenCage Geocoder APT returns its results in JSON (JavaScript Object No-
tation) format. The respective information is then extracted and stored in the
variables described above (or displayed immediately for opencagegeoi). As the un-
derlying data (provided by OpenStreetMap (OSM) and other open data sources) is
maintained by many contributors, keys are not uniquely defined. The key leading to
e.g. the street name is not always streef, but may be street name, road etc. instead.
Unfortunately, no exhaustive list of all these aliases exists. However, opencagegeo
uses the most common ones to generate its output variables.'® The so-called JSON

paths used for extracting the data are listed in Table A5.1 below.

Variable JSON path
(aliases)

g latitude results:1:geometry:lat
g longitude | results:l:geometry:lng

g street results:1:components:street
(street _name, road, residential, footway, pedestrian)
g number results:1:components:house number
g postcode | results:1:components:postcode
g city results:1:components:city
(town, village, hamlet)
g county results:1:components:county
g state results:1:components:state
g country results:1:components:country

g formatted | results:1:components:formatted
g confidence | results:1:components:confidence

Table A5.1: JSON paths for extracting Opencage Data geocoding results

131f none of the keys used by opencagegeo leads to the requested information, an empty string
in the respective variable will be returned. However, the information will still be part of the
well-formatted address in g_formatted.
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6.1 Introduction

This chapter describes lhaversine!, a Mata library containing functions to com-
pute distance matrices (Section 6.2) and matrices indicating if a locations within a

specified distance from eachother (Section 6.3).2

All functions of lhaversine use the haversine formula that approximates ge-
ographic distances between two locations. It is a special case of a more general
formula in spherical trigonometry, the law of haversines, that calculates the great-

circle distance between two points from their latitudes and longitudes.?

Formally:
sin? (((2me0xdr) | oo p
2 p1 X dr)x
d = 2r arcsin
cos(py X dr) x sin? (W)
where

d = distance

r = radius

p1 = latitude of point 1 in degrees
po = latitude of point 2 in degrees
A1 = longitude of point 1 in degrees
Ao = longitude of point 2 in degrees
dr = m/180

6.2 Mata Functions for Distance Matrices

6.2.1 Syntax

real matriz  hav_dist (real colvector lat_ A, real colvector Ing A, real colvec-

tor lat_ B, real colvector lng B | , real scalar radius |

!1haversine is publised in the Boston Statistical Software Components (SSC) archive, see
(Zeigermann 2025).

21haversine draws heavily from geodist and geonear, two user-written Stata module to com-
pute geographical distances, see (Picard 2010a,b). Another related Stata module is geocircles,
see (Picard 2015).

3For an illustrative derivation and explanation of the haversine formula, see van Brummelen
(2013).
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The syntax of hav_distm() is analogue.

6.2.2 Description

hav_dist(lat A, Ing A, lat_ B, Ing B, radius) returns a matrix of distances
between each of the A locations specified by the vectors of latitudes (lat_A)
and longitudes (Ing A) and all B locations specified by lat B and Ing B. The
results are in kilometres. The argument radius is optional and allows the user
to set the earth radius. The default is 6,371 km.*

hav_distm() is analogue, but the results and radius are in miles. The default radius
is 3,958.76 miles.

6.2.3 Remarks

The input vectors (lat_ A, Ing A, lat_ B, Ing B) must be in degrees and allow values
between -90 and 90 for latitudes and values between -180 and 180 for longitudes.’

The default radius is the mean earth radius.

6.2.4 Conformability

hav_dist(lat_ A, Ing A, lat_B, Ing B, radius)

input:

lat_ A: nx 1

Ing A:nx1

lat_ B: kx1

Ing B: kx1

radius: 1 x 1 (optional)
output:

result: n X k

hav_distm() is analogue.

“The earth radius ranges from 6,357 km (3,950 miles) at the poles to 6,378 km (3,963 miles)
at the equator (https://en.wikipedia.org/wiki/Earth_radius).

SLatitudes and longitudes in radians can be easily transformed to degrees by multiplying by
180

T


https://en.wikipedia.org/wiki/Earth_radius
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6.2.5 Examples

For demonstration, define four column vectors containing the latitudes and longi-

tudes of two A locations and three B locations:

: lat_A = 53.1205306\53.2056589

: Ing A = 8.101857\8.2530387

: lat_B = 53.1479943\53.2450662\51.2082624

: lng B = 7.8664467\6.8423613\8.2001266

To obtain a matrix of the distances between the two A and the three B locations,

type:

: hav_dist(lat_A,lng_A,lat_B,lng_B)
1 2 3

1 15.99849446  85.06021874  212.7400776
26.55005308 94.00798103 222.129603

To obtain an all-to-all distance matrix for the B locations, type:

: hav_dist(lat_B,lng B,lat_B,lng_B)

[symmetric]
1 2 3
1 0
69.06623017 0
3 216.8843668  244.6240856 0

6.3 Mata Functions Indicating if Location is in Range

6.3.1 Syntax

real matriz  hav_inrange (real colvector lat_ A, real colvector Ing A, real
colvector lat_ B, real colvector Ing B, real scalar range) |, real
scalar radius |

The syntax of hav_inrangem is analogue.
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real colvector hav_ninrange(real colvector lat A, real colvector Ilng A, real
colvector lat_ B, real colvector Ing B , real scalar range) |, real

scalar radius |

The syntax of hav_ninrangem is analogue.

6.3.2 Description

hav_inrange(lat A, Ing A, lat B, Ing B, range) returns a matrix of ones and
zeros indicating which of the B locations are within a kilometre range specified

by range of each A location. The argument radius is optional. The default is
6,371 km.

hav_inrangem(lat A, Ing A, lat B, Ing B, range) is analogue but for miles.

hav_ninrange(...) returns a column vector containing the number of B locations
within a kilometre range specified by range of each A location. The argument
radius is optional. The default is 6,371 km.

hav_ninrangem(...) is analogue but for miles.

6.3.3 Conformability

hav_inrange(lat A, Ing A, lat B, Ing B, range, radius)
npult:
lat_ A: nx1
Ing A:nx1
lat_ B: kx1
Ing B: kx1
range: 1 x 1
radius: 1 x 1 (optional)
output:

result: n X k

hav_inrangem() is analogue.

hav_ninrange(lat A, Ing A, lat_B, Ing B, range, radius)
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mnput:

lat_ A: nx 1

Ing A:nx1

lat_ B: kx1

Ing B: kx1

range: 1 x 1

radius: 1 x 1 (optional)
output:

result: n x 1

hav_ninrangem() is analogue.

6.3.4 Examples

A matrix indicating which of the B locations lie within 90 km of each A location is

obtained by typing:

: range = 90

: hav_inrange(lat_A,lng_A,lat_B,lng_B,range)
1 2 3

To obtain a count of B locations which lie within the given range of each A
location, we type:

: hav_ninrange(lat_A,lng_A,lat_B,lng_B,range)
1
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This dissertation consists of five chapters. The first two illustrate the impact
of relaxing the common global choice set assumption in favour of local choice sets
reflecting the retailer landscape on demand estimation and retail merger screening
results. The remaining three describe routines written for the statistical software

package Stata.
Chapter 2, Estimating Retail Demand and Price Elasticities with Local

Choice Sets, analyses the effect of relaxing the common - and often implicit -
assumption of a global choice set in favour of more realistic local choice sets. Local
choice sets reflect the retailer landscape by only considering products of retailers
with a supermarket within a reasonable distance of the household. The results show
that both the logit demand estimates and the resulting elasticities are severely biased
if the differences in the local availability of retailers are ignored. This is particularly

true for smaller retailers operating a small number of supermarkets.

Chapter 3, Merger Screening with Local Choice Sets, builds on the pre-
vious. Tt shows how the effects of the simplifying assumption of a global choice set
for all consumers carry over to retail merger effects approximated by upward pricing
pressure (UPP) for all possible mergers between the 13 retailers in the dataset. The
results illustrate that UPP is severely affected by the choice set assumption, and that
the potential merger effects are overestimated in some cases and underestimated in
others when we ignore the local retailer landscape. However, the results also show
that for mergers with potentially large anticompetitive effects, the relative difference

in UPP between choice set specifications is fairly low.

Chapter 4, Mixlelast: Stata Module for Mixed Logit Elasticities and
Marginal Effects, describes a post-estimation command for mixlogit, a user-
written estimation command for mixed logit models discrete choice models. It en-
ables the user to obtain various forms of elasticities and marginal effects, including
standard errors and confidence intervals, without having to manually implement

complex simulation techniques required for their computation.

Chapter 5, Opencagegeo: Stata Module for Geocoding, presents a routine
for (reverse) geocoding. Geocoding is the process of converting an address into coor-
dinates, i.e. latitudes and longitudes. Reverse geocoding is the process of converting
latitudes and longitudes into addresses. The major advantage of this routine over
available alternatives is the very flexible terms of the web-geocoding service offered
by OpenCageData, which opencagegeo accesses via an application programming
interface (API).
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Chapter 6, Lhaversine: Mata Library for Distance Functions, describes
a library of distance functions for Stata’s matrix language. All functions use the
haversine formula for great circle distances. They allow the user to obtain a distance
matrix between many locations, and indicators of how many and which locations

are within a specified range. hlaversine takes latitudes and longitudes as inputs.

Summing up, the contribution of this dissertation is twofold. The Stata routines
provide researchers and practitioners with useful tools for making full use of geospa-
cial data and for computing various forms of mixed logit elasticities and marginal
effects (including standard errors), for which advanced programming skills would
otherwise be required. The chapters on retail demand and supply with local choice
sets serve as a warning, encouraging both researchers and practitioners to carefully
consider how choice sets should be constructed within the context of (grocery) retail-
ing. At the same time, the results are also reassuring for those who have relied on the
common global choice set assumption in their merger analysis. For critical mergers
that could potentially lead to significant anticompetitive effect, the two choice set
specifications produce fairly similar UPP values. Large differences between choice

set specifications only arise for potential mergers that do not raise serious concerns.

However, this final result critically hinges on the additional, often implicit, as-
sumption that retailers set uniform prices that do not reflect the local retail struc-
ture. If this does not hold, the above result is no longer valid, raising a new question
for further research: How can we advance our structural models of demand and sup-

ply to reflect local price setting?
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