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ABSTRACT

The thesis consists of three studies in empirical industrial organization. The
first chapter examines how consumers choose eco-labeled products. It argues that
eco-labels transform ordinary products into impure public goods: next to the usual
product characteristics they offer consumers the possibility to contribute to reduced
environmental pollution. As such, eco-labeled products are policy experiments in
the private provision of public goods. Accordingly, when estimating the effect of
an eco-label the consumer choice model has to incorporate various explanations for
the private provision of public goods: pure altruism, warm glow and conditional co-
operation. It is shown that conditional cooperation implies a demand system with
interdependent preferences that transforms the usual discrete choice model into a
discrete game. This modified demand system is identified based on the assumption
of no conspicuous consumption. The model is estimated for the German eco-label
the "Blauer Engel" using a household panel sample of toilet paper purchases. The re-
sults show that conditional cooperation is important in explaining consumer choices,
although the effect of the Blauer Engel label is close to zero on average.

The second chapter contributes to the disaggregated evidence about asymmetric
price transmission. It studies how station-level retail prices respond to wholesale

price changes in the Hungarian gasoline market. The estimates show that although
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retail price changes are almost symmetric on average, there is a subset of stations
that follow an asymmetric pricing strategy. Having a closer look at station charac-
teristics reveals that asymmetric pricing is a brand property and that these brands
have small market share (below 10%) and are not vertically integrated. Other ob-
servables, like the number or the types of competitors do not explain the asymmet-
ric retail price response. These results imply that in the same local market there
are firms that price symmetrically and firms that price asymmetrically. This find-
ing does not support collusion and search based explanations of asymmetric price
transmission, because these are based on market level interactions among firms and
consumers. Instead, it points towards the role of adjustment costs as an explanation
for asymmetric retail price responses. Moreover, the result that the number and the
types of competitors does not explain asymmetric pricing lends additional support
to the claim that pricing asymmetry does not necessarily imply collusive behavior.

The third chapter applies difference-in-differences methods to identify the price
effects of simultaneous mergers in the Hungarian retail gasoline market and to sep-
arate the different effects on the prices of the buyer and seller firms and on the
prices of their respective competitors. The difference-in-differences approach ex-
ploits variation in the presence of merging firms across local markets to form differ-
ent treatment-control group pairs in order to estimate separate effects for each type
of firms affected by the mergers. This ex-post evaluation shows that both mergers
resulted in a significant and positive but economically negligible price effect. Sepa-
rating the simultaneous merger effects also reveals that the first merger affected only
the prices of buyer firm’s stations, the second had an effect on the prices of seller’s
stations and of its competitors. These results are not sensitive to the assumed dates

when the mergers effectively change the firms’ pricing policy.
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Introduction

The thesis consists of three empirical studies in the field of empirical industrial
organization and uses econometric tools to analyze the behavior of consumers and
firms. The first chapter looks at the demand for eco-labeled products, with the aim
of describing consumer behavior in these situations and estimating the willingness
to pay for the German eco-label ‘Blauer Engel’. In contrast to this demand side
study, the following two chapters focus on the supply side and analyze firms’ pric-
ing decisions. The second chapter compares how gasoline stations change prices in
increasing and decreasing wholesale price periods and tests the popular belief that re-
tail prices increase faster and decrease slower in the respective periods. The analysis
focuses on how such asymmetric pricing behavior varies with station characteristics
with a view to differentiate among various existing explanations. Finally, the third
chapter analyzes two, nearly simultaneous mergers and their effect on prices. The
objective here is to differentiate among the different type of price effects predicted
by economic theory.

The variety of topics in the thesis implies that the econometric methods used
in the thesis cover a broad range as well. The first chapter is a study in structural
estimation: a formal model of consumer behavior is derived and the parameters
of this behavioral model are estimated. In the empirical industrial organization
literature this structural approach is the most wide-spread, given its strong links

to theory. The econometric method of the second chapter is most closely related
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to classical reduced form analysis: a flexible specification is estimated for a simple
relationship of retail and wholesale prices and the results are compared to predictions
from economic theory. The chapter goes one step further, however, and also discusses
how far the estimated relationship can have a structural interpretation. Finally, the
econometric approach of the third chapter follows the program evaluation literature
and is based on the quasi experimental nature of mergers.

A major contribution of the thesis lays in the unique micro-datasets that were col-
lected and assembled for the analysis. Chapter one is based on a German consumer-
level panel data provided by the market research firm GfK Germany. This dataset
is merged with information about the German eco-label 'Blauer Engel’ made avail-
able by RAL, the German eco-labeling agency. Combining these two datasets gives
unique information about the consumption of Blauer Engel-labeled products. The
second and the third chapters are based on a station-level panel about the Hungar-
ian gasoline retail market. This dataset was collected by the author from the online
price comparison website “holtankoljak.hu”.

The contribution of the first chapter is threefold. First, it shows that eco-
labels imply a specific demand structure where consumer choices are interdependent.
Building on the model of Kotchen (2006) I argue that eco-labeled products are im-
pure public goods, because the eco-label is de facto a tool that makes contribution
to a public good (reduced environmental pollution) possible. I extend this model
by incorporating the result from experimental economics (summarized in Fehr and
Fischbacher, 2003) that public good contributions are usually explained by norms
and reciprocity as well as by egoistic motivations (warm glow giving) or pure altru-

ism. I show that incorporating such behavioral motives into the consumer choice
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model results in a demand system where the individual is influenced by the average
expected choices of the others.

The second contribution of the chapter is that it suggests ways to identify the
effect of other consumers on individual choices. As it is shown in the literature
on discrete choice models with strategic interactions (Manski, 1993 and Brock and
Durlauf 2001, 2003) as well as by the literature on static games (Bajari, Hong,
Krainer, and Nekipelov, 2010, Seim, 2006 and Sweeting, 2009), the demand system
with interdependent preference suffers from an endogeneity problem. I show that
the standard restrictions used in discrete choice demand models are sufficient to
solve this endogeneity. In addition, I also use geographic heterogeneity to separate
the endogenous demand effect from the eco-labeling decisions made by firms.

The third contribution of the chapter is that it gives an estimate of the willing-
ness to pay for the Blauer Engel eco-label, based on the unique consumption data.
The estimates show that expectations about fellow consumers’ behavior matter: in
low expectation environments consumers are willing to pay 30% less, while in high
purchase environments they are willing to pay 30% more for eco-labeled products.
These results suggest that the success of such "self-regulation" is heavily dependent
on the norms and beliefs of market participants.

The contribution of the second chapter is that it provides evidence on how asym-
metric pricing behavior depends on observable characteristics of gasoline stations.
Moreover, it shows how these findings can be used to differentiate between exist-
ing explanations for asymmetric pricing. This is made possible by the station-level
micro dataset and there are still only a few studies that provide such evidence (for

example Verlinda, 2008 and Faber, 2009). The chapter demonstrates that average
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pricing behavior might mask important heterogeneities and that pricing decisions
should be analyzed at firm level.

The estimates show that although retail price changes are almost symmetric
on aggregate, there is a subset of stations that follow an asymmetric pricing strat-
egy. Station characteristics reveal that asymmetric pricing is a brand property:
there are four brands that change prices with sizeable asymmetry. The brands that
price asymmetrically have small market share (below 10%) and are not vertically
integrated. These results imply that in the same local market some firms price
symmetrically and some price asymmetrically.

This finding differentiates among theoretical models of asymmetric pricing. It
does not support collusion and search based explanations that depend on market
level interactions among firms and consumers. Instead it points towards the role of
adjustment costs as an explanation for asymmetric retail price responses. Moreover,
the result that the number of competitors and type of competitors does not explain
asymmetric retail price responses lends additional support to the claim that pricing
asymmetry does not necessarily imply collusive behavior. From a competition policy
perspective it is important to determine whether the asymmetric retail price response
is a result of anti-competitive behavior of firms or it can be explained by firms’ costs
and consumer behavior. The results support the latter.

The third chapter is joint work with Gergely Csorba and D&vid Farkas. It
shows how the difference-in-differences method can be used to separate heteroge-
neous merger effects. The first contribution is that different effects are estimated for
the two simultaneous mergers, for buyer and seller firms in the respective mergers
and also for the competitors of the merging firms. Separating these merger effects

enables one to test some important predictions of academic and antitrust literature,
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which argue that a merger can result in different price changes for different firms,
depending on their role in the merger. First, the most robust prediction is that a
merger will result in a larger change in merging firms’ pricing than in competitor
firms’ pricing as the former can fully internalize the effect of eliminating the com-
petitive constraint (externality) the two firms had on each other before the merger.
Second, in mergers with local markets, a larger price increase is expected on mar-
kets where both merging firms are present (or are closer competitors to each other),
since the merger removes a direct competitive constraint between their respective
outlets. Third, a merger might have a different effect on the two firms involved, as
the business policies and supply conditions of the firms will likely converge towards
each other, and the change is usually conjectured to be larger for the case of the
acquired firm than for the buyer firm.

The base result is that neither merger contributed substantially to retail price
increases, as all estimated price changes are less than one percent. Most importantly,
the two mergers had different effects on the merging firms depending on their role
in the merger. These differences are broadly in line with the theoretical predictions.
For the Agip/Esso merger, there are significant effects on the pricing of the acquired
Esso stations and their competitors, and the price change is larger at Esso stations
than at competitors’ stations (although the difference is not significant). For the
Lukoil/Jet merger own effects are larger than competitor effects, but a significant
effect is found only for the buying firm’s stations.

The second contribution of the chapter is that it discusses in detail the validity of
difference-in-differences methods for merger effect estimation. An increasing number
of studies (for example Hastings, 2004) began to use this estimation method, but

they usually do not discuss whether the assumptions of this method are satisfied or
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not. However, this question is important, because mergers are not standard quasi
experiments for the following reasons. First, most likely the merger decisions are
endogenous since they are not independent of retail price decisions. Second, in most
mergers only the clearance date is known, but not the date of the actual behavioral
change. Therefore the definition of the periods before and after the merger depends
on the judgment of the researcher and results can be sensitive to this judgment if
the time series is not long enough. Third, through the price equilibrium the merger
affects also the competitors of the merging parties. These market interaction effects
become problematic if there are more mergers taking place parallel in the same
market: without further assumptions the difference-in-differences estimator is not
valid. The chapter addresses each of these problems and shows the sensitivity of the

results to them.
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CHAPTER 1
How much does your environment matter? Estimating the

effect of the Blauer Engel eco-label
1.1. Introduction

Can voluntary actions of market participants successfully reduce environmental
pollution? Eco-labels are based on the assumption that they can. These labels —
the EU-wide Eco-label, the Blauer Engel in Germany or the Nordic Swan in the
Scandinavian countries — indicate that the company adopted a voluntary standard
in order to reduce the environmental impact of its product. This information enables
consumers to pay directly for a cleaner environment by purchasing these eco-labeled
products. In turn, producers are expected to label more and more products if they
see that, everything else equal, consumers pay more for eco-labeled than for non-
eco-labeled products.

It is uncertain, however, whether such "self-regulation" can work in practice.
When the consumer purchases an eco-labeled product he does not only pay for the
usual characteristics but also contributes to a public good: reduced environmental
pollution. Therefore, the question is whether the private provision of such an impure
public good is likely or not. Classical consumer theory suggests that there should be
no positive contributions, because individual purchases are negligible compared to
the size of the market and therefore individual actions have zero marginal environ-
mental impact. Behavioral theory and economic models of moral behavior, on the

other hand, suggest that positive utility is attached to the purchase of eco-labeled
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goods regardless of their environmental impact. This can be explained either by the
strong personal motivation of the consumer (due to 'warm glow’ giving or moral
commitment) or by conditional cooperation that assumes consumers reciprocating
the positive contributions by other consumers.

In markets with eco-labeled products one observes the choices of consumers,
which allows the researcher to infer contributions to this public good. This paper
provides such marketplace-based evidence by studying the effect of the German
eco-label Blauer Engel using consumer choice data.

In order to estimate the effect of an eco-label on consumer decisions the alterna-
tive theoretical explanations for consumer choices over impure public goods has to
be incorporated into an empirical choice model. The chapter shows that conditional
cooperation implies that individual decisions will be interdependent: the effect of
the eco-label will depend on whether other consumers are purchasing such goods
or not; that is, whether they are contributing to the public good or not. Such a
choice structure presents a challenge for identification since it will be difficult to
separate individual decisions from average outcomes. The paper discusses the as-
sumptions necessary for identification and applies the two step estimator of Bajari,
Hong, Krainer and Nekipelov (2010) to overcome this problem.

The paper focus on the willingness to pay (WTP) for the eco-label when dis-
cussing the results. The WTP quantifies the value of the public good contribution
in a straightforward manner: it gives the money value of the eco-label. As such, it
is an important information for firms that plan to adopt eco-labels. If the WTP is
negative or zero the eco-label adoption is not profitable and one cannot expect that
eco-labeled products to spread in that market. Therefore, the WTP can also be a

useful guide to the potential success of such voluntary regulation policies.
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Although there are many experimental and contingent valuation studies on con-
tributions to public goods, marketplace evidence is still quite rare. Contingent
valuation studies, including Roe et al. (2001) on "green" electricity and Blend and
Ravenswaay (1999) on eco-labeled food, usually provide evidence for positive willing-
ness to pay for the environmental characteristic of the products. These studies also
point out, however, that survey evidence is likely to overstate actual willingness to
pay. Accordingly, marketplace evidence is more controversial. Bjgrner, Hansen and
Russell (2004) use Danish data and estimate that labels raise the willingness to pay
by 13-18% percent of the retail price. On the contrary, Nimon and Beghin (1999)
use apparel catalogue data and do not find any evidence for positive willingness to
pay.

The results show that conditional cooperation is important: in low expectation
environments consumers require a discount of around 30% in terms of the average
price, while in high expectation environments they are wiling to pay roughly 30%
for eco-labeled products. The overall average effect of the eco-label in this market
is, however, close to zero and consumers who do not expect anybody else to buy eco-
labeled product require a large discount. Both of these findings suggest that purely
egoistic explanations for eco-labeled product choice is unlikely to be sufficient.

The paper is structured as follows. First, the consumer choice model is discussed
showing how eco-labeled products can be interpreted as non-pure public goods and
derives a discrete choice demand model based on it. Second, the identification
problem is discussed. Third, the unique household panel dataset is introduced.

Finally, the results are presented.
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1.2. Consumer choice and eco-labels

1.2.1. Eco-labeled products as impure public goods

Consumption of eco-labeled products can be described by a discrete choice model.
In such a model consumers choose among several products and purchase exactly one
product at a time. Following Lancaster (1971) and McFadden (1974, 1981), discrete
choice models describe products as bundles of characteristics, and consumer prefer-
ences are defined over these characteristics. Eco-labels can be incorporated in this
framework by adding an additional characteristic to the product: its environmental
impact that expresses the pollution emitted during the production, consumption
and disposal of the product.

The environmental impact, however, is not a standard characteristic like color,
packaging or size. First of all, it is not directly observable for the consumer, because
much of the pollution is generated during the production and the disposal process.
Eco-labels address exactly this imperfect information problem by signaling the oth-
erwise unobservable environmental impact to consumers. Although the eco-label is
awarded by fulfilling a well-defined list of criteria, consumers are unlikely to keep
the exact details in mind. Therefore, the eco-label will be a noisy signal, but will
indicate the firm’s effort to reduce pollution.

The second specific aspect of the environmental impact of a product is that it
is a public good (bad). The consumer usually lives far away from the factories that
generate the pollution and makes her choice after the product was already manu-
factured. Therefore, consumers are only indirectly affected by the environmental
impact of their own choices. It is, nevertheless, plausible to argue that if everybody

would choose products with reduced environmental impact each consumer would be
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better off. These two aspects make the environmental impact of the product a classi-
cal case for a public good (bad). Given that products also have other characteristics
than their environmental impact, eco-labeled products can be best described as im-
pure public goods. This perspective also allows to regard "green markets" (markets
with eco-labeled products) as policy experiments in the private provision of public
goods.

Kotchen (2006) presents a model where choices over eco-labeled products are
interpreted as choices over impure public goods. In his model the public good
aspect is the reduced environmental impact signalled by the eco-label. I re-interpret
the model of Kotchen (2006) in a discrete choice framework. Instead of looking
at decisions about the quantities of a pure public good, a pure private good and
an impure public good, I define consumer choices over a set of products that have
different characteristics (including their environmental impact). Moreover, I also
move beyond Kotchen’s model by including other motivations than pure altruism in
explaining consumer decisions.

A long line of research in behavioral economics (summarized for example in Fehr
and Fischbacher, 2003) analyzes how subjects behave in public good experiments and
provides strong evidence that people are not exclusively motivated by the immediate
individual payoffs. Fehr, Fischbacher and Géchter (2001) show that experimental
subjects are "conditional cooperators" who are willing to contribute to a public
good if they expect others to do so as well. Fehr and Géchter (2002) and Rege (2004)
point out the importance of punishments and the expression of social disapproval in
maintaining such behavior. Theories that explain such behavior cover a wide range
from social norms (Bernheim,1994, Brock and Durlauf, 2001 or Brekke, Kverndokk

and Nyborg, 2003) to reciprocity (Sugden, 1984 or Fehr and Gichter, 2000).
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"Warm glow giving" (Andreoni, 1990) or "unconditional cooperation" is another
alternative explanation for private contributions to a public good. This explanation
relies on the egoistic motivation of consumers and assumes that the act of giving
itself is valuable to them, even if nobody else contributes to the public good. In
order to capture these different motivations, I incorporate into the consumer choice

model both conditional and unconditional cooperation as well as pure altruism.

1.2.2. The consumer choice model

Assume that there are ¢ = 1...N individuals who choose one product out of j = 1....J
alternatives. These choices are indicated by the binary variable y;; that takes the
value of one if individual 7 chooses product j and zero otherwise. A product type j
is characterized by a vector of K characteristics, x; = [21;, T2, ..., Zk;], and a public
good contribution g;, which is implied by the consumption of product j. Accordingly,
the public good contribution of individual i can be expressed as ¢; = Z Yij9;-To keep
J
notation simple, it is assumed that x; includes income of ¢ minus price of product
j as well. The public good aspect of the alternatives implies that consumer choices
are influenced not only by the product characteristics x; and g; but also by the
total provision of the public good by other consumers, which will be denoted as
G_; = z#: gn- DBesides these deterministic components, discrete choice models of
consumer behavior account also for factors that are unobservable for the researcher
but influence consumer choices by including a random utility component ¢;; with

joint probability distribution F'(g;, ...,£;s). Assuming that the random component

enters additively, individual ’s indirect utility function can be expressed as:

Uij = Vi(%j, g5, G—i) + €45 (1.1)
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In (1.1) the individual indirect utility, V;(x;, g;, G_;), depends on other consumers’
choices (y;) through G_; = > > y,;9;. These choices are stochastic and the
n#i J

individual indirect utility, V;(x;, g;, G_;) is probabilistic as well. Therefore the con-

sumer’s decision will be based on the expected representative utility:

Vixig) =D oo D 0> oo 3 L Pr (g = x5, 95) Vil 95, G—). - (1.2)

7 Ji-1 Jit+1 JN n#i
where jj, is the product choice index of individual k£ and Pr(yx; = 1]x;, ¢;) is the
probability that individual k& chooses alternative j given the product characteristics.
Then the consumer’s utility maximizing choices will be described by the following

probabilities:
Py = Pr(ei — €ij < Vi(xk, gr) — Vi(x5, 9;), Yk # j). (1.3)

These probabilities form a demand system for the .J different alternatives in which
only utility differences among alternatives matter for the consumer’s decision.

In order to derive such a demand system, one has to specify V;(x;, g;, G_;) and
therefore one has to consider carefully the explanations of consumer choices regard-

ing the public good provision. Three cases will be considered:

(1) Pure altruism, which is the classical assumption in the public good lit-
erature. It implies that it is the aggregate contribution G; = g¢; + G_;
that matters for the individual' resulting in the indirect utility specifica-
tion: V;(x;,g; +G_;). In this case individual i’s contribution and the other

consumers’ contributions to the public good are perfect substitutes.

INote that usually total contribution Y = y; + y_;, and does not vary with j. This is so because
mostly it is assumed that the consumer optimizes over the quantity of her contribution y;, implicitly
through Y. In the current case, however the consumer can choose among j different type of
contributions y; by choosing one of the products.
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(2) Warm glow or strong personal ideals, which imply that only the individ-
ual’s own contribution g; matters in her decision, yielding the indirect util-
ity form: Vj(x;,g;). Warm glow giving is used to describe the case when
decision-makers derive utility from the simple fact of giving (Andreoni,
1990) and do not care about the actions of other decision-makers.

(3) Conditional cooperation, which implies that individual contributions are
complements to other consumers’ contributions. There are several theo-
ries that belong to this category, for example conformity to social norms
or reciprocity. These two can be captured with the utility formulation
Vi(x, gj%) that assumes that individual contributions and the average

contribution are complements.

Formally, the impure altruism concept of Andreoni (1989) that specifies the
individual utility as V;(x;, g; + G_;, g;) is able to encompass all three indirect utility
specifications. Therefore, the empirical model of this paper can be regarded as an
application of this concept.

In the discrete choice demand literature a linear specification is assumed for
Vi(x;,9;,G_;) in most cases (see for example Ackerberg et al, 2007). Although this
formulation seems to be innocent, it implies relatively strong assumptions about the
separability of the different behavioral motivations. In the pure altruism case the

linear specification implies that the representative utility is:

Vi(xj,9; + G_i) = B;ix; + 0i(g; + G), (1.4)

where vector 3, and scalar 6; are individual specific parameters. Because only
utility differences matter for the consumer’s decision and 0;G_; is constant across

alternatives the pure altruism case is observationally equivalent to the warm glow
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specification (V;(x;, g;) = B;x; + 0,9;). To differentiate between the two cases com-
plementarity of the product characteristics and the public good contributions has

to be assumed. An example for such a specification for pure altruism is:
Vi(xj, 95 + Gi) = B0i(g; + G-i)x; (1.5)

where the term 3,0,G_;x; will distinguish pure altruism from the warm glow specifi-
cation. However, to keep the empirical specification comparable to previous studies,
complementarity will not be introduced.

The third case, conditional cooperation, is the following under the linear utility

assumption:

Vi(xj, 95, G-i) = B;x; + 0:G_igj, (1.6)
which can be distinguished from the other two cases without any further assump-
tions.

In order to incorporate all three cases of behavioral motivation, the following
specification is suggested:

G-
Vi(xj,95,G-i) = Bix;j + Ong; + 92im9j- (1.7)

Q

—1

The choice of average contribution by other consumers (=) over total contributions

=

reflects the assumption that it is reciprocity or social norms that steer individual
behavior rather than preferences over the aggregate level of the public good. This
is plausible since the reduction in environmental impact is difficult to quantify for

the consumer.
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The discussion so far assumed that the contribution of each product to the public
good is directly observable, that is, that consumers have preferences directly over g;
and G_;. As it was pointed out, however, consumers observe only a simple signal:
whether product j is eco-labeled or not. This binary signal will be denoted by the
indicator variable L; that takes the value of 1 if j has the eco-label. Throughout the
paper I will assume that the eco-label is a standardized environmental improvement
across all products. Moreover, I will also assume that the signal it conveys to the

consumer is fully credible. These assumptions imply that

where ¢ is the standardized environmental improvement. Substituting this expres-

sion into (1.7) yields the following utility function:

OL_;
‘/i(Xj, Lj, L—z) = 5iX]‘ + 011‘5[/]‘ + egimélﬁ, (19)

where L_; = Y > yn;L; is the number of environmentally labelled products pur-
n#i j
L_;

+—7 is the fraction of eco-labeled products pur-

chased by consumers other than 7 and
chased by consumers other than i. Taking expectations over other agents’ choices,

the expected representative utility for individual ¢ is:

L_;
V;'(Xj, LJ) = ﬂin + Qli(SLj + 921'(52E (N — 1) Lj (110)

where

L_; 1
E (N — 1) = N1 > > E(y)Li =) Plys; = x5, Ly, 0)L; = P* (1.11)
j j

ki
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is the aggregate probability that an eco-labeled product will be chosen given the
product characteristics and the taste parameters 6 =[3,, 01;, 02;, 6], which is nothing
else than the expected market share of eco-labeled products. This probability will
be denoted as P’ in the following. Because ¢ cannot be identified, it will be assumed
to be 1, that is the 0q;-s and 0;-s will take up its effect.

The final aspect of the utility function specification that is left unresolved is the
treatment of individual heterogeneity. So far it was only assumed that individual
specific parameters express taste differences across consumers. Nevertheless, an es-
timable empirical specification requires either an assumption about the theoretical
distribution of these parameters, or has to use a proxy for them based on observable
individual attributes. In this paper the latter strategy is used. Denote the vec-
tor of individual 4’s attributes by z; = [21;, 22, ..., 2ri|, then the individual specific

parameter #;; will be modelled as:

R
b1 = Zeh«Zm (1.12)
r=1

and all other individual specific parameters in @ are modelled this way.
Finally, a relatively simple logit specification will be assumed for the random
part of the utility:

eij ~ iid Type I Extreme value, (1.13)

which assumes that unobserved utility components are uncorrelated across individ-

uals and products. This yields the following choice probabilities:

Py = A (B:x; + 01:L; + 02, P"L;) (1.14)
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where A denotes the logit function. This specification allows for observed individ-
ual heterogeneity in the utility attached to the eco-label. Therefore, the effect of
conditional cooperation can be individual specific as well. Moreover, by introducing
product specific constants in the vector of product characteristics (x;), this model
also allows for a simple form of unobserved product heterogeneity.

The main difference between (1.14) and a usual discrete choice demand system
is the term 6y, P*L;. Aggregating the choice probabilities across individuals and
labelled products shows the implications of this additional term for the identification

of the demand system:
PL = Z Lj /A (ﬁin + 011‘(5[/]’ + GQiPLLj) f (Zi’Xj> dZZ'. (115)
J

This expression defines an implicit equilibrium condition for P*. This equilibrium
condition and the individual conditional choice probabilities (1.14) jointly specify
the demand system. As (1.15) shows, the equilibrium beliefs (P¥) about the mean
choice probability of eco-labeled products is endogenously determined in this demand
system. This implies that in the individual choice specification the interaction terms
involving P% will be endogenous. In fact, taking into account conditional cooper-
ation as an explanation for the private provision of a public good transforms the
logit demand system into a discrete game: individual choices will depend on the

equilibrium belief about the fraction of eco-labeled product in the market.

1.3. Identification

There is a well developed body of literature on the identification of discrete choice
models like the one described by equations (1.14) and (1.15). In the literature on

peer effects, Manski (1993) and Brock and Durlauf (2001, 2003) discuss identification
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of choice models with strategic interactions. In the empirical industrial organization
literature, Bajari, Hong, Krainer, and Nekipelov (2010), Seim (2006) and Sweeting
(2009) discuss identification of static games and provide examples for estimation.
There is also a large literature on the identification of dynamic games, examples
include Rust (1994), Aguirregabiria and Mira (2007), Pesendorfer and Schmidt-
Dengler (2003). Bajari, Hong and Nekipelov (2010) provide a recent review of the
literature.

The demand system in the current paper is most closely related to the multino-
mial choice model with strategic interactions of Brock and Durlauf (2003) and the
static game studied by Bajari, Hong, Krainer, and Nekipelov (2010). It incorporates
a relatively simple form of strategic interactions, because in (1.14) the equilibrium
beliefs are homogenous (PL) and only their contribution to the individual utility
varies across individuals (0;). However, the choice situation described in the pre-
vious section is observed repeatedly in the data. Therefore, the individual choice

probabilities in (1.14) are modified to take into account this time series aspect:

k=1 r=1

K R
Pjr=A (912‘th + 02 PF Ly +> ) 5kr2rit$kjt> : (1.16)

where t indexes time. As a consequence, the expected market share of eco-labeled
products (PF) will be also time specific.

Assuming that one observes variation in individual choices and average choices,
the identification problem can be summarized as follows. Can one conclude that
variation in individual choices is due to variation in the average choice or variation
in the expected choice is simply a consequence of the variation in individual choices?

As the question already suggests, identification is possible if there are covariates
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that shift the equilibrium belief, but do not influence the individual choices directly
(only through the equilibrium). This implies exclusion restrictions on the individual
choices: some information about the choice situation should only enter through the
equilibrium term. One example for such an exclusion restriction is that average
information about observables do not enter individual choices directly.

This identification problem was first described by Manski (1993) in the context
of social interactions, who referred to it as the reflection problem. He pointed out
that there are three explanations for similar average behavior, which in the consumer

choice context are the following:

(1) Endogenous effects that are based on expected behavior of other consumers.
In case of the choice model described by (1.16): 09 PFLj;.

(2) Contestual effects that capture the influence of different average individual
attributes. Such effects are not included in the choice model described
by (1.16). Examples for these include: interactions of mean individual
attributes and product characteristics: Zle Zle BkTE (Zrit|Xjt) Trje-

(3) Correlational effects that are observed or unobserved effects common to all
individuals at time ¢. Examples for this are: the average effect of the label
dummy (64,L;;) or the unconditional mean effects of product characteristics

(Zle Bj2rjt), which are incorporated in (1.16).

As one can see, the choice specification in (1.16) includes both endogenous and
correlational effects, but excludes contextual effects. This exclusion restriction is
quite standard in demand models and it is reasonable as long as consumers are not
willing to pay more for products just because these are more likely to be chosen by

certain socioeconomic groups. The assumption that consumption does not signal
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social status is plausible for some goods (for example toilet paper) and less plausible
for others (for example cars). However, even in markets with conspicuous consump-
tion, if there is enough information on individual attributes, it will be plausible to
assume that some of these attributes are unrelated to social status (like number of
kids) and therefore their average can be excluded from the demand specification.

The exclusion of contextual effects is important for the identification of endoge-
nous effects. This way the equilibrium beliefs (1.15) are conditional on the average
individual attributes, but individual choice probabilities are not directly influenced
by them (only through the equilibrium beliefs). Therefore shifts in the average
attributes shift the equilibrium independently from changes in individual choices.
The identification strategy is therefore built on the standard assumption that the
consumer’s own individual attributes enter their utility functions so that other con-
sumers’ attributes do not influence individual choices. This assumption allows one
to use moments of the income, schooling etc. distribution to predict expectations
about the market share for eco-labeled products at different points in time. Of
course, this requires that these distributions vary through time for consumers who
buy eco-labeled products.

A simple example gives more insight into the role of excluding contextual effects.
Assume that instead of the logit specification in (1.14) a linear probability model is

chosen and the eco-label effects are uniform across individuals:

K R
Py = 01Lj + 92PtLth + Z Z BlrZritThijt (1.17)

k=1 r=1

Pijt = VYijt — Wi,
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where the binary variable y;;; indicates that consumer ¢ purchased product j in time
t and wu;j; is a disturbance. In this setting Pj;; is treated as a latent variable. For

such a linear model the equilibrium condition (1.15) becomes:

K R
tL = Z th [/ (91th + 92PtLth + Z Zﬂkrzm'txkjt + uijt) f (Zit|xjt) dZit] )
J

k=1 r=1

61 Z L]t + QQP Z L]t + Z th Z Z Bkr Zm‘t|th) xkjta (118)
k=1 r=1
Z L]tE th’X]t) xkjt
PL = Lyj+-—=0 . ,
t 1—922 L‘,tZ at 1—922L ZZ k >, L

]tklrl

where step two assumes [ i f (2i|x;:) dz;; = 0. Assuming that 1 — 63 i Ljt #£0

and plugging (1.18) back to (1.17) yields the following reduced form equation:

O
1—025, Ly

0 L KB E (zrit|xj0)
i 22] Jt ZZ Jt t| Jt) kjt th—i-
L= 0,3, Ly & > Ly

K R
+ Z Z By 2ritThjt-

k=1 r=1

P Lj + (1.19)

(1.19) makes two important points about the identification of #; and 6,:

225 LjtE(zrit|xj¢) Tt

(1) 64 isidentified by the variation in the average interaction terms ( > L
and the number of labeled products (3_; Lj;). The first requires time varia-
tion either in the average individual attributes of consumers who purchase
labelled products. Note also that 65 enters the regression in a non-linear
manner.

(2) 0, is not separately identified from 65, which is the result of the model
structure since #; measures label effects for the hypothetical case when

PE=0.
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This example highlights that excluding contextual effects - the conditional means

of individual attributes - is important to identification, because they capture the

. . . . . > Lit E(zritl %) Thje -
same variation in average interaction terms as =i > th . Bajari, Hong,
]

Krainer, and Nekipelov (2010) stress exactly this condition: for some attributes
only the individual specific variables should enter the individual utilities, without
any average measure based on other consumers’ attributes.

Next to the exclusion of contextual effects, the non-linearity of the discrete choice
demand system can also be a potential source of identification. As it is originally
pointed out by Manski (1993), the non-identification of endogenous effects in a
linear regression follows from the linear functional form. Even without the exclusion
restrictions discussed above, endogenous effects are identified in non-linear models.
Brock and Durlauf (2003) show that in this case sufficient (time) variation in PF
identifies endogenous effects. However, such identification always depends on the
specific functional form chosen for the choice probabilities. Moreover, in the Blauer
Engel case PF varies between 19% and 23% and in this range the logit function is
close to linear. Therefore, non-linearity should not be relied upon for identification.

The exclusion of average individual attributes uses the time series dimension of
the data to identify the conditional cooperation effect. Unfortunately, in the Blauer
Engel dataset there is choice set variation through time: more and more products
are eco-labeled. Such choice set variation raises two issues for identification. First,
increasing the number of eco-labeled products in the choice set creates a spurious
relationship between average choices and individual choices. Even if consumers
choose purely randomly the individual will choose an eco-labeled product with higher
probability simply because there are more eco-labeled product. On aggregate this

translates to an increasing market-share of eco-labeled products and therefore one
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will find a positive relationship between the two. This way the choice set variation
works as a classical confounding factor. Second, choice set variation is endogenous.
Firms decide whether to adopt the eco-label based on their expectations about the
demand for eco-labeled products.

Both problems suggest that time series variation in the market share of eco-
labeled products should not be used to identify the effect of the equilibrium beliefs.
Therefore, I will use geographic heterogeneity in individual attributes for identi-
fication instead of the time series dimension. Mor precisely, the difference of the
geographic unit from the overall trend will be used. Geographic units are defined
by the 41 German regions, thus expectations about the public good provision will
be region specific: Pk where h indexes the regions. This amounts to assuming that
consumers care about the region specific total amount of the public good rather
than the national one. Identification will then be based on the difference Pk — PF.
In order to compare results, I will also report estimates based on the time series
identification.

An alternative way to overcome the endogeneity problem in the system (1.14)
and (1.15) is to use the lagged values of expected market share (for example PL )
as an instrument for the equilibrium beliefs in period ¢ . This strategy avoids the
problem of simultaneity of individual choices and the equilibrium, by predicting
the latter from past values of the observed eco-labeled market share. This type of
instrumentation can be combined with both the time series and the cross-sectional
identification proposed in the preceding paragraphs.

I will use a two step method to estimate the demand system in (1.16). Two step
estimation is frequently applied to estimate strategic interactions of which Bajari,

Hong, Krainer and Nekipelov (2010) is an example. In the first step the aim is
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to give a flexible approximation of the individual choice probabilities that can be
aggregated into an estimate of the equilibrium beliefs. For the demand system in
(1.16) this amounts to estimate PF (or Pk if also regional variation is allowed)
in a flexible way. In principle this could be done by estimating the logit demand
model with all covariates and a flexible basis function, or even by a linear probability
model if covariates are discrete.? However, the logit specification simplifies the first
step condsiderably in the present case, because it effectively matches the predicted
averages individual probabilities to the observed market shares if product specific
dummies are included in the estimation. Therefore, the market share for the eco-
labeled products can be used as an estimate for the equilibrium beliefs in this case.
If regional variation in the expectations is allowed, then the regional market shares
are used.

The second step plugs in these estimated beliefs into the structural equation
in order to estimate the structural parameters by pseudo maximum likelihood. If
the first step is consistent, then the second step will also yield consistent estimates.
Standard errors for the strategic interaction effect will have to be bootstrapped
generally. However, given the large sample size in the present analysis (340000
observed choices, which accounting for the choice set imply around 17000000 binary
decisions), I will continue to use the asymptotic standard errors of the standard
logit.

This two step method is facilitated by two assumptions. The first is that the
random component of the utility function (g;;) is private information. This is a
quite standard and plausible assumption for a discrete choice demand model. The

second is that only one equilibrium is observed in the data., which rules out multiple

2In this case the linear probability model estimates the "cells" of the conditional distributions.
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equilibria. This is the stronger assumption of the two, given that I observe choices
over time and across regions. Period by period estimation (as opposed to pooling
all the observations) can make this assumption less strong because it only assumes
the poolability of the cross section observations by estimating (1.16) separately for

each period.

1.4. Data

The dataset is a unique sample that combines information on toilet paper prod-
ucts labeled with the German eco-label "Blauer Engel" and consumer choice data.
The toilet paper market was chosen, because paper products are relatively homoge-
nous, so observable characteristics are likely to capture product heterogeneity well.
It is important to control for product heterogeneity in order to measure the label
effects in a reliable manner. Moreover, no conspicuous consumption assumption is
unlikely to be problematic for these products.

The consumer choice data was provided by GfK Germany, a market research
company. It is a household panel dataset, which is a representative sample of German
households and contains repeated observations on toilet-paper purchases at a daily
frequency for the years 2003-2006. The unit of observation is a daily purchase of a
household, and altogether there are 346,320 purchase observations in the dataset.

The consumer choice dataset was in turn merged with data about introduction
dates of the national eco-label "Blauer Engel". This allows one to observe the
date when a given product was eco-labeled or when the eco-label was removed,
making it possible to compare eco-labeled and non-eco-labeled purchases through
time and across products. The label information was provided by RAL, the institute

responsible for the certification process of these labels.
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The combined dataset contains the following product characteristics: purchased
quantity, price, shop type, promotion, brand, Blauer Engel label, packaging, color,
decoration, layers, fragrance. Table 8 in the Appendix gives a detailed summary of
the product characteristics. To draw an aggregate picture of eco-labeled products
Table 1 shows the market shares of these products for each sample year. One can
observe a slight increase through time, both in the market share and the number
of labelled products. This might suggest that consumers value environmental labels

and slowly these products gain in market share.

Table 1: Market share of eco-labeled products

2003 2004 2005 2006

Number off brands 24 29 30 35
Sharc.ofiecodabeled o 00 500000 217006 22.20%
products

Number of 03148 94941 117759 139484
observations

How do eco-labeled products compare to the other products? In order to answer
this question, Table 2 compares the modal products with and without eco-label. In
terms of observable characteristics, there is almost no difference between eco-labeled
and normal products, except for their color and pack size. The important difference
is in the prices: the typical eco-labeled product is cheaper than the typical non-eco-
labeled product. This might indicate that consumers treat recycled products being
of inferior quality, or might simply show the cost advantage of firms from using

recycled paper.
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Table 2: Average price of modal product in EUR cents/roll*

Without Blauer Engellabel With Blauer

Engel
notltecycling  nottecycling recycling
noladditives noadditives  noladditives
white white natural
normal price  normalprice  normalprice
Year 3layers 3layers ATayers
nofragrance  nolfragrance  nolfragrance
noldecoration noldecoration noldecoration
tissue tissue tissue
8toll perpack 10tollperipack 8tollper pack
2003 3 24 22
2004 30 24 22
2005 28 23 19
2006 28 23 19

*Thd modal product ¢changed for non Blauerd Engellabeled products, price
ofl thelmodal product isindicated by bold.

However, comparing the shop type of the purchase observations, as reported in
Table 3, shows that eco-labeled toilet paper was mostly purchased in discount stores.
This implies that eco-labeled products compete in a rather different market than the
average non-eco-labeled products, where prices are generally lower. Therefore, it is
somewhat misleading to compare the modal products simply based on the narrowly
defined product characteristics. This cautions against simple price comparisons
that do not take into account all the relevant characteristic of the products. The
econometric estimation will help to make the proper comparison and provide a

ceteris paribus WTP estimate for the Blauer Engel eco-label.

Table 3: Share of shops in Blauer Engel labeled purchases

Shopltype Share
Hypermarket 18
DM 8
Supermarket 5
Discount store 66
Largelsupermarket 3
Other 0
Department store 0
C&C 1
Internet 0
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For the identification strategy to work one also needs sufficient time variation
in the individual attributes of consumers who buy eco-labeled products. Table 4
reports the changes in the net earnings distributions for the four sample years.
Generally, consumers with higher income have a larger share in all purchases in the
last two years. Similar changes can be observed for the other individual attributes
as well. This suggests that time variation in these attributes can be indeed used to

instrument for the endogenous label effect.

Table 4: Change in the earnings distribution of consumers

who purchased eco-labeled products

Netl earningslin

eurolperinonth 2003 2004 2005 2006
uplio[499 4.9 55 44 4.9
5001624 6.4 6.6 6.5 52
62511749 17.1 15.1 14.3 13.2
750011874 9.3 9.5 9.2 8.3
875111999 11.7 12.7 12.4 12.0
10001101124 11.5 10.3 10.8 10.7
112500111249 9.9 9.9 10.6 10.1
125011374 8.9 9.1 8.5 10.3
13751111499 6.2 6.5 6.2 6.7
15000111749 53 5.8 6.1 6.1
1750111999 4.3 4.6 5.8 6.7
2000And more 4.5 4.5 5.3 5.9

1.5. Empirical specification and results

1.5.1. First stage

The aim of the first stage is to give an estimate of the equilibrium beliefs P (or P}
if also regional variation is allowed) using all available information. This estimate
will be denoted by IgtL (E%)and will be used in the second stage to proxy for the

equilibrium beliefs. The equilibrium belief is the average conditional probability
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that a labeled product is chosen at time ¢ in region r:

1 A~
~ N, Z sz‘jt (Zit, Xje, @), (1.20)
i

and
Nip

P = Ny, Zzpzyt Zit, Xjt, Q) . (1.21)

where D;;; denotes the estimated probability that individual ¢ chooses product j at
time ¢ conditional on the individual attributes, z;; the characteristics of the product,
x;; and the parameter vector a. N; and N, denote the number of consumers in time
t and in region r in time ¢ respectively. The aim of the first stage is to estimate the
individual choice probabilities, p;;:, in a flexible way, in order to give a consistent
estimate of PL and PL. Given that the individual choice probabilities are specified
as a logit model in (1.14), this can be achieved by estimating a logit with a flexible
basis function for example. However, the logit specification also offers a much simpler
solution to estimating ]%L and P\tﬁ If the parameter vector contains an alternative
specific constant for each period, o, then the predicted probabilities from the logit
will be 'right” on average: the predicted aggregate logit probabilities will equal the
observed market shares. Therefore the conditional predicted market shares will
equal the unconditional market shares in case of the logit. This property allows one
to use the observed market shares of eco-labeled products as the estimates for ﬁtL
and ﬁtﬁ Thus if y;;; = 1 if individual ¢ chooses product j at time ¢ and y;;; = 0

otherwise then

1
Pl = N, Z Zyithjt, (1.22)
i
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and
Nin

P = Nith XZ: Zj: YijiLjt- (1.23)

The unit of observation is daily purchase of a household. If a household bought
more products at the same time, it will be treated as two separate observations.
This simplification assumes that repeated product choices are independent from
each other. In order to have a more robust estimate for the equilibrium beliefs, ]3tL

and lBt],;I, are calculated as monthly averages.

Graph 1: Market shares of eco-labeled product

o4

2003m1 2004m1 2005m1 2006m1 2007m1

- Regional market shares Market share

Graph 1. shows the evolution of the eco-labeled market share and its regional
variation. The graph demonstrates that there is significant variation in predicted
probabilities both through time and across regions. Regional variation, expressed
in standard deviation, is almost three times higher than time series variation. The
ranges also differ: P varies from 2% to 47%, while PL from 18% to 26%. The shift
in the predicted probability in the beginning of 2004 reflects the adoption of the
Blauer Engel label by a large retailer that sells products under its own brand.

The baseline specification will use ]35 and ]3} to capture equilibrium beliefs. In

addition, however, I will also instrument these probabilities with their lagged values
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]/%L_ 1 and lBtL_ - Lagged probabilities are pre-determined in time ¢ and therefore

offer an alternative solution to the endogeneity problem.

1.5.2. Second stage

In the second stage the goal is to estimate the individual demand functions in
order to identify the different label effects. The specification is based on (1.14) and
includes two types of endogenous effects: the average market share for each period,
ﬁtL and a time demeaned regional market share, PL — PE. Products (indexed by
j) are defined by their name and the type of the shop where they were bought.
Therefore shop choice decisions are implicitly incorporated in the demand model.
As usual, the choice set available to different consumers is not observed and it is
defined as the products observed in a given month in a given geographical area.
Furthermore, individual heterogeneity is captured by the variation in net income
categories (z;+, where r indexes the categories in this case). In principle, the second
stage should control for the same type of unobserved product heterogeneity as the
first stage through introducing alternative specific dummies. However, due to the
large dataset and the large number of observed alternatives (approximately 800) this
is not feasible. Thus the individual choice specification takes the following form:

Zf: elrzirtL it + Zf: 92,2,-”]3’:[, i+
Pijt = A ! / 1 t J ) (124)

R 5 5 K R
+ Zr:l 937“21'” (PtLh - PtL> th + zkzl Zrzl ﬁkzirtxkjt
The parameters of interest are 64,, 05, and f3,.. The 0,,-s are the parameters
on the simple eco-label dummy and correspond to the hypothetical situation when
nobody except consumer ¢ is expected to buy an eco-labeled product. Since this

situation is not observed it is an out of sample prediction of the model. 6y,-s identify
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the endogenous eco-label effect based on time variation. As discussed in the section
on identification this can be problematic, because of the choice set variation and the
endogenous adoption of eco-labels by firms. Therefore 03,-s identify the endogenous
eco-label effect purely from cross-sectional variation, based on the zero mean E%—EL
variable.

Table 5 reports the mean parameter estimates of the label effects (51, 52 and
53). Also the coefficients for price per roll and the number of layers variables for
comparison. Both the baseline estimates and the time lag instrumented estimates
are reported for the endogenous eco-label effects. The two set of estimates are
not significantly different from each other. The estimation includes other product
characteristics as well to control for additional product heterogeneity: decoration

and price type.

Table 5: Parameter estimates

Variable . Lagged market
Baseline  shardinstruments
Blauer Engel dummy (01) [1.223 [1.078
0.049 0.048
Endogenous_éffects
Timel variation (02) 5.219 4.642
0.208 0.203
Crosslsectional yariation (63) 3.227 3.3601
0.081 0.100
Price 0.033 0.033
0.000 0.000
Layers 0.273 0.273
0.004 0.004
Otheﬁ_ctont.rolstoerroduct decoration, riceliype
heterogeneity

The coefficient of the Blauer Engel dummy (51) has a negative sign. This means
that if the consumer thinks that he is the only one buying such products then his
demand for an eco-labeled product is actually less than for non-eco-labeled products.

This estimate corresponds to the 'warm glow’” and pure altruism explanations for
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public good contribution. Although these explanations cannot be separated within
the estimation framework the large negative coefficient implies that their combined
effect is negative on consumer demand. The magnitude of the estimated parameter
has to be treated cautiously, nevertheless, because in the sample there are no periods
with zero share of eco-labeled products.

The estimates of the endogenous eco-label effect (52 and 53) have a positive sign
and are statistically significant confirming the hypothesis that conditional cooper-
ation is an important explanation for the private provision of a public good. In
both specifications the parameter identified from the time variation (52) is higher
than the one identified from the cross-sectional variation (53) Endogenous eco-label
effects are important, since they change the coefficient of the eco-label dummy con-
siderably. Taking Pk — PE at its 10th percentile gives a coefficient of -0.25 for the
endogenous effect in the baseline specification, while at the 90th it gives 0.28. These
are of the same magnitude as the parameter on the number of layers. Similarly,
adding 51 and 52 at the 10th and 90th percentile of f’tL yields a combined coefficient
of -0.23 and 0.13.

It is important to stress that the interpretation of 6, is different compared to
a specification without endogenous effects. Without endogenous effects the Blauer
Engel dummy captures the average effect of the eco-label on consumer choice. Nat-
urally, this average effect can be calculated also from the endogenous-effect specifi-
cation by combining the coefficients of the Blauer Engel dummy and the endogenous
effects (taken at its average 0.243). For the baseline specification this average value
is approximately 0.046. Comparing this average coefficient to the one on the number
of layers shows that, on average, the Blauer Engel label has virtually no effect on

demand compared to this product characteristic.
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Specification (1.24) assumes that in each period the same equilibrium is played,
because it restricts parameters to be homogenous through time. It is possible to
argue, however, that each period a different equilibrium is played with different set
of parameters. This implies a period by period estimation of (1.24). In this case
endogenous effect is identified automatically from the cross-sectional variation since

the data is not pooled across time periods.

Graph 2: Period by period parameter estimates of the endogenous label effect
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Graph 2 reports the estimated parameters for the endogenous eco-label effect
that were estimated separately for each month. Clearly, there is a regime change
after 2004, with parameters higher estimates in the first period and lower in the
second. The average parameter in the first regime is 4.0, while it is only 1.5 in the
second regime. This suggests that a different equilibrium is realized in these two
periods. This change has to be taken into account when evaluating the willingness
to pay for the eco-label.

Although the parameter estimates already show the signs and magnitudes of
the eco-label effect, on their own they are not very informative for firms or policy-

makers. In order to express the effect of the Blauer Engel label in monetary terms
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one can translate the parameters to willingness to pay (WTP) terms. As Bjgrner,
Hansen and Russell (2004) show, WTP in logit models can be calculated based on
the ratio of the eco-label parameters and the price parameter. I will calculate three
WTP measures. The first is the gross WTP, which is based on all three eco-label

estimates:
0, + 0P + s (Ptg - P})

~price )

B

the second is the WTP based on the endogenous effect identified from time variation:

WTP(Gross) = — (1.25)

~ ~ =5
0, + 0,P;
~price ’

B

WTP(Time variation) = — (1.26)

and the third is based on the on the endogenous effect identified from Regional

heterogeneity:

0y Pk — PF)

~price

WTP(Regional heterogeneity) = — (1.27)

The second and the third WTP measures basically decompose the gross measure.
Table 6. presents these WTP measures as percentage of the average price for
three possible values of the predicted label choice probabilities: 10th and 90th per-
centiles and means of the predicted equilibrium beliefs. Since (ﬁtﬁ - ]3tL ) is defined
in a way that its mean is zero there is no mean WTP calculated for this case. This
property also implies that the mean values are the same for the other two WTP
measures. The results are shown for both the baseline and the lag-instrumented
specification. The two set of estimates are very close to each other. Under the

"Regional heterogeneity" heading the period by period estimates are presented in
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the last three columns. These are the averages of the period by period estimates:

the overall average and the averages for the two regimes indicated by Graph 2.

Table 6:. Willingness to pay for environmental labels (% of average price per roll)

Valueloflendogenous

Gross TimelVariation Regional heterogeneity
effect
Periodlby
. Lagged . Lagged ) Lagged . . .
Baseline Baseline v Baseline v petiod  Regimel Regime2
average

10thlpercentile 57% [54% [27% [23% 29% 30% [42% [69% [12%

s.e. 2% 2% 1% 1% 1% 1%
Mean 1.6%  [0.3% [1.6%  [0.3% . . [1.4% [3.5% 1.0%

s.c. 0.7% 0.7% 0.7% 0.7%
90thl percentile 48% 49% 15% 15% 33% 34% 35% 54% 13%

s.c. 1% 1% 1% 1% 1% 1%

First, I discuss the pooled estimates. All three WTP measures indicate that in
an environment where consumers’ expectations are low (lower 10th percentile of the
predicted probabilities) their WTP for eco-labeled products is actually negative. The
values range from -23% to 57% of the average price, which is a significant discount.
The regional heterogeneity based estimates imply a slightly larger discount. On
the contrary, in a high expectation environment (90th percentile of the predicted
probabilities) the WTP turns positive due to the endogenous effects and reaches 15%
in case of the time variation estimates and 33% in case of the regional heterogeneity
estimates. On average the WTP in the sample is essentially zero: at the average
value of the predicted probabilities it is only -1.6% of the average price in the baseline
specification. Finally, it is also possible to calculate the hypothetical WTP for the
simple eco-label dummy estimate /9\1. This value is -150%, which indicates a huge
discount required by consumers if they don’t expect other consumers to buy the

eco-labeled products. Although this result should be taken with a grain of salt it
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suggests that pure altruism and warm glow effects are unlikely to create significant
demand for eco-labeled products.

On average, the period by period estimates show similar WTP values as the
pooled, except for indicating a larger discount for low expectation environments.
This suggest that pooling does provide a reasonable approximation about the av-
erage effects. The two regimes are characterized by sharply differing endogenous
effects, nonetheless. In Regime 1 the endogenous effect is roughly twice as large as
for the pooled regional heterogeneity estimates. In Regime 2, however, they are only
about the third of the pooled estimates. This finding implies that one should not

treat endogenous effects as stable through time.

1.6. Conclusion

I argued in this paper that markets with eco-labeled products are examples for
the private provision of impure public goods since they also offer the consumer to
contribute to a public good, reduction in environmental pollution, next to the usual
product characteristics. Therefore these markets can provide market evidence for
public good contributions. If one observes consumer choices in such markets one can
estimate a discrete choice demand system and provide an estimate for the influence
of eco-labels on individual choices. This paper presents a unique dataset containing
information about toilet paper products with the German eco-label, the Blauer
Engel, and consumer purchases for a representative sample of German households.

However, the public good aspect means that a model of consumer choice in
these markets has to incorporate standard explanations for public good provision:
pure altruism, warm low and conditional cooperation. It is shown that conditional

cooperation implies interdependent consumer choices: a consumer’s willingness to
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contribute to reduced environmental pollution depends on the expected behavior of
other consumers. This transforms the usual discrete choice demand system into a
game where individual demands are dependent on an aggregate equilibrium condi-
tion that defines the expected aggregate probability of eco-labeled purchases. Iden-
tification of this modified demand system with endogenous effects is based on the
inherent non-linearity of the discrete choice model and the assumption that the con-
sumer does not care who else is buying eco-labeled products and are only concerned
about the fraction of the population that buys such products.

The results show that in the sample period the average effect of the Blauer
Engel label was practically zero. This questions the role of eco-labels as effective
instruments for voluntary reduction in environmental pollution. However, the re-
sults also point out that endogenous effects alter the impact of the Blauer Engel
label significantly providing evidence that conditional cooperation is important in
markets with eco-labels. Consequently focusing exclusively on average effects can
be misleading in evaluating eco-labels. This result seems to be robust across differ-
ent specifications. It also implies, however, that WTP for the Blauer Engel label
can be negative as well. Moreover, the period by period estimates suggest that the
endogenous eco-label effect is not stable through time.

From the perspective of environmental policy the significance of endogenous
effects is an ambiguous finding. It suggests that eco-labels can indeed influence
demand, but only if there is already a ’critical mass’ of consumers buying such
products. As a consequence small scale adoption of eco-labels by producers is un-
likely to be effective. Finally, regime changes in the endogenous effect suggest that

eco-labels can not be regarded as a robust policy instrument.
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Table 7: Descriptive statistics of product characteristics

1.7. Appendix

Variable Varieties  Frequency %
Packaging plastic 437,852 99.04
paper 4,262 0.96
Decoration with 67,588 15.31
without 373,798 84.69
Fragrance with 13,517 3.1
without 422166 96.9
. yes 209,709 47.09
Privatelabel = 235,623 52.91
1 6,653 1.5
2 32,576 7.3
Layers 3 308,697 69.3
4 96,038 21.6
5 1,364 0.3
T tissue 439,176 98.9
ype crepe 4,889 1.1
none 428,993 96.81
Additive chamomile 12,079 2.73
aloelvera 2,043 0.46
white 311,811 71.61
Color natural 89,958 20.66
colored 33,198 7.62
other 445 0.1
1 415 0.1
2 6,084 1.4
4 1,388 0.3
6 15,200 34
8 205,859 46.2
9 2,637 0.6
10 164,342 36.9
1 5 0
Packlsize 12 23,366 53
15 72 0
16 15,848 3.6
18 2,335 0.5
20 2,223 0.5
23 433 0.1
24 5,087 1.1
30 31 0
64 7 0
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Table 8: Descriptive statistics of demographical variables

Variable Classification Frequency %
<19 218 0.05
20024 7,620 1.71
25[29 24,413 5.48
30034 42,654 9.58
35039 60,865 13.67
Agelofthe 40044 60,622 13.62
primary(@arner 45049 52,755 11.85
50054 46,948 10.55
5559 34,960 7.85
60C64 34916 7.84
6569 34,367 7.72
70074 25,051 5.63
75< 19,803 4.45
pensioner 108,479 24.36
skilled tnanual 58,289 13.09
low/middlel ¢ivil 15,068 338
servant
qualifiedl¢lerical 115,147 25.86
worker
clerical worker 26,692 5.99
unemployed 19,822 4.45
leading civil servant 5,206 1.17
gehobend beamte 12,666 2.84
. housewife 4,002 0.9
Occupation . nager 25.699 5.77
highlyskilled'manual 4,509 1.01
unskilled'manual 16,134 3.62
selfl employed 17,879 4.01
professional 3,702 0.83
farmer 667 0.15
student 6,014 1.35
WldO\.V /widowet hon| 2366 053
working
unpaid leave 1,888 0.42
apprentice 1,103 0.25
<499 14,489 3.25
5001624 20,005 4.49
62511749 53,903 12.1
75011874 34,756 7.8
Netincome 575011999 52,857 11.87
petpersonin 1000111124 48,943 10.99
EUR 1125[1111249 46,837 10.52
12501111374 47,927 10.76
137511499 34,259 7.69
150001111749 29,118 6.54
175011999 32,168 7.22
>2000 30,070 6.75
elementary school
without 15,469 3.47
apprenticeship
cl.ementaryi_d?ho()l. 119,173 26.76
with apprenticeship
vocational training 6767 152
school
vocational training
Educationlof schoolwith 113,501 25.49
thel primary apprenticeship
earner .
vocational secondary 55,430 1245
school
G.C.I_E.\A'Vlth()ut N 5,818 131
occupational training
GCRiwih 27,073 6.08
occupational training
college /university 102,099 22.93
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CHAPTER 2
Not an average story: Asymmetric price transmission in the

Hungarian gasoline retail market
2.1. Introduction

Gasoline is one of the basic commodities in modern economies. Therefore, price
movements in this market attract the attention of both consumers and policymakers.
One common concern is the asymmetric retail price response to wholesale price
changes. In this case, gasoline retail prices rise faster after a cost increase than
they decline after a cost reduction. Such an asymmetric retail price response implies
that consumers are saving less on a price drop than their additional costs are due
to an equivalent price increase. Since gasoline expenditure is a sizeable fraction of
households’ budget, they can be sensitive to such asymmetries. From a competition
policy perspective it is important to determine whether the asymmetric retail price
response is a result of anti-competitive behavior of firms or it can be explained by
firms’ costs and consumer behavior.!

Empirical evidence on pricing asymmetries based on cross-sectional information
about firms and markets is relatively scarce. The current paper contributes to this
type of disaggregated evidence. It studies how station-level retail prices respond

to wholesale price changes in the Hungarian gasoline market. To have a first quick

1Besides the gasoline market, asymmetric price transmission was studied in a wide range of other
markets and at the aggregate level as well. For example Meyer and Cramon-Taubdel (2004) review
the literature focusing on the agricultural sector, while Peltzman (2000) and Alvarez et al (2006)
provide evidence for asymmetric price adjustment across various products and sectors. For Hungary
Reiff and Karadi (2007) provide evidence of asymmetric inflation response to VAT changes.

42
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look at the possible pricing asymmetry, Graph 1 shows the ratio of the retail and
the wholesale price change. The distribution of this ratio is depicted separately for
increasing and decreasing wholesale price periods.? Both distributions are centered
around one, though the distribution of the negative wholesale price changes is bi-
modal and there is significant mass concentrated around 0.7. This suggest that a
sizeable fraction of the gasoline stations set prices asymmetrically, though no aggre-
gate asymmetry is expected. These two stylized facts will serve as the null hypothesis

of the paper.

Graph 1: Ratio of retail and wholesale price change, distribution over all

observations

In order to determine what explains asymmetric pricing an error correction model
is estimated with different set of parameters for increasing and decreasing wholesale
price periods. The station level data allows to explore how the pricing asymmetry

depends on station specific observables (location, brand, number of competitors,

2For ease of comparison, the price changes for the decreasing wholesale price periods are multiplied
by minus one. A value below unity indicates that the retail prices changes less than the wholesale
price change.
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type of competitors). Linking station characteristics and pricing behavior can also
shed light on the possible explanations behind pricing asymmetries.

Explanations for the pricing asymmetry in gasoline retail markets fall into four
categories: tacit collusion models, inventory or related adjustment cost models,
search models with frictions and price cycle models. The first explanation was
traditionally the main interest of the literature, since in this case, asymmetries
might signal collusive behavior. As summarized by Borenstein and Shepard (1996),
collusion is usually modelled in a trigger strategy framework, where firms charge
a collusive price until one of them deviates, which starts an undercutting phase
towards the Bertrand price equilibrium. Negative wholesale price changes can start
an undercutting phase, but due to collusion, firms wait for some periods before
deviation begins. Wholesale price increases, however, do not have such an effect
on collusion if margins are small enough for cost increases to bite instantaneously.
Therefore, collusion based on a trigger strategy can lead to an asymmetric retail
price response.

The inventory cost based argument for price asymmetry is based on the non-
negativity constraint on inventories. Nonnegative inventories imply that the cost of
decreasing inventories has to increase sharply below some threshold, which is not
necessarily the case for increasing inventories. This inventory cost asymmetry can
then translate to asymmetry in retail prices. Examples for such models include
Reagan and Weitzman (1982) or Borenstein and Shepard (2002).

Search models also offer an explanation for pricing asymmetries. Costly search
might prevent consumers from making optimal decisions. Therefore, they might
choose higher prices even if costs decreased and are likely to accept higher prices

more easily when costs increase. Alternatively, as Lewis (2011) explains, search
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frictions can also be generated by consumers who base their decisions on reference
prices and therefore are less price sensitive for downward price movements.

Finally, price cycles - even if unrelated to wholesale changes - can also explain
the evidence on asymmetric transmission. Following Maskin and Tirole (1988),
price cycles are modelled by firms that set their price above marginal costs and then
gradually decrease it to a point when they restart the cycle even at the cost of current
period losses rather than to continue the undercutting phase. This data-generating
process creates more observations with decreasing prices in smaller increments and
fewer increases in larger increments. Therefore, downward retail price changes will
have a weaker correlation with cost shocks that are otherwise unrelated to the price
cycle. As Eckert (2002) points out, this behavior can produce asymmetric dynamics
that is nevertheless unrelated to cost shocks. Furthermore, price cycles can also
interact with cost related price asymmetry. Lewis and Noel (2011) find that the
pass-through of cost changes to retail prices is 2 to 3 times faster in cycling markets
than in non-cycling markets. This implies that markets in which there are frequent,
non-cost related retail price changes, cost related price changes happen faster.

Geweke (2004) stresses that there is no reliable identification strategy to dif-
ferentiate among these explanations. Indeed,the central reference of the literature,
Borenstein, Cameron and Gilbert (1997, hereafter BCG), finds evidence for collu-
sion, inventory constraint and search-cost explanations as well. Similarly, Lewis
(2011) provides evidence for a reference price search model and Eckert (2002) for
alternating pricing regimes that generate price cycles. The main difficulty in iden-

tification is that the same station-specific observables can be related to more than
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one theoretical explanation. Moreover, it is unclear whether the observables cap-
ture station specific cost heterogeneity or they truly identify proposed explanations
behind the asymmetric pricing patterns.

The results of this paper based on the Hungarian sample confirm the stylized
fact displayed by the retail-wholesale price change ratios in Graph 1. The estimates
show that although retail price changes are almost symmetric on aggregate, there is a
subset of stations that follow an asymmetric pricing strategy. On average, these sta-
tions earn 0.5 HUF on each 1 HUF wholesale price increase compared to a wholesale
price reduction in the first three weeks following the wholesale price change. While
such a difference is substantial when compared to the average markup (above 10%),
it is negligible for consumers. Having a closer look at station characteristics reveals
that asymmetric pricing is a brand property: there are four brands that change
prices with sizeable asymmetry. The brands that price asymmetrically have small
market share (below 10%) and are not vertically integrated. Other observables, like
the number of competitors or types of competitors do not explain asymmetric retail
price response.

These results imply that in the same local market there are firms that price
symmetrically and firms that price asymmetrically. This finding does not support
collusion and search based explanations that depend on market level interactions
among firms and consumers. Instead it points towards the role of adjustment costs
as an explanation for asymmetric retail price response. Moreover, the result that
the number of competitors and type of competitors does not explain asymmetric
retail price responses lends additional support to the claim that pricing asymmetry

does not necessarily imply collusive behavior. Finally, regarding price cycles, the
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Hungarian dataset is not suitable to make any conclusions, because the data is not
recorded at high enough frequency.

An important and unique feature of the Hungarian data is that the dominant
wholesaler in the market leaks each week by how much it will change the list whole-
sale price. This public wholesale price information has three major implications.
First of all, it allows one to observe the actual cost shock to gasoline stations.
Other European studies usually proxy wholesale prices by the Rotterdam spot mar-
ket price, which can be a quite rough approximation to the actual cost shock of
gasoline stations. For example, in the Hungarian market the list price follows the
market price with considerable lag in most periods (as shown by Graph 10 in the
Appendix). Second, the fact that wholesale price changes are announced at a reg-
ular weekly schedule ensures that the wholesale price changes are observed at the
same frequency as retail prices. Third, this public price information suggests that
competitors and consumers are well informed in this market, which is consistent
with finding no retail price asymmetry.

The paper is organized as follows. First, the findings of the existing literature is
discussed focusing on explanations for asymmetric price transmission and estimation
methods. Second, the market structure and the pricing behavior in the Hungarian
gasoline market is described and the dataset is introduced. Third, the empirical
methodology is discussed focusing on the question how far it can be interpreted
as a reduced form price equilibrium. Fourth, the results are presented. Finally,
the conclusion discusses their implications for possible theoretical explanations of

asymmetric retail price response.
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2.2. Evidence on asymmetric price transmission in gasoline retail

markets

Generally, three price transmission channels are investigated following BCG
(1997):
(1) transmission of crude oil to wholesale prices; examples include Borenstein
and Shepard (2002), Bachmeier and Griffin (2003);
(2) transmission of wholesale to retail prices; for example Eckert (2002), Deltas
(2008), Lewis and Noel (2010), Asplund, Erikson and Freiberg (2000);

(3) transmission of crude oil to retail prices, like in Radchenko (2005).

The present paper focuses exclusively on the second channel, the wholesale-
retail price transmission.® The third transmission channel contains the first two
channels and therefore it is unclear whether transmission asymmetry along this
channel derives from the sluggish response of wholesale or retail prices. In order
to differentiate between these two possibilities, one has to focus on the first two
channels, which assume that the researcher is able to obtain a good measure of
wholesale prices. For this, many studies for the US use unbranded rack prices that
are prices of unbranded gasoline at the local distribution terminal. Alternative
measures are dealer tank wagon prices and bulk spot market prices. Starting form
Bacon (1991), European studies, like Grasso and Manera (2007), use the Rotterdam
spot market price as a wholesale price measure. Although retail prices are in general
easily observable, there are examples for using list or recommended retail prices

instead of observed ones, for example in Asplund, Erikson and Freiberg (2000) and

Bettendorf, van der Gees and Varkevisser (2003).

3As Graph 11 in the appendix suggests that there is some indication of wholesale price smoothing
by the largest retailer, MOL, when compared to the oil price (Ural (Med)).
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Traditionally, asymmetric price transmission in gasoline markets was studied in
a time series framework. In these studies the question is how the average price
in a market responds to cost changes. Most studies report slower downward price
adjustment. As reviewed by Frey and Manera (2007), the most commonly applied
methodology is some variant of an error correction model (ECM) with retail and
wholesale prices forming a long-run equilibrium relationship. These models are
sometimes generalized to multi-equation vector auto regression or include regime
switching as well. Estimation methods for the ECM vary from Engel-Granger two-
step, through Stock and Watson (1993) to Johanssen’s maximum likelihood method.
The frequency of the series ranges from monthly to daily, though many studies
(for example Asplund, Erikson and Freiberg, 2000) point out that observational
frequency should correspond to the wholesale price setting frequency in the market.
Even the choice of the day when prices are observed may not be innocuous as
Bettendorf, van der Gees and Varkevisser (2003) demonstrate.

Recently, a series of papers analyze firm level panel data instead of single time
series: Verlinda (2008), Faber (2009) and to some extent Lewis (2011). These studies
concentrate on the price response of firms to cost changes. Contrary to time series
studies such disaggregated perspective allows one to estimate not only the average
effects.but also how the asymmetry depends on observable features of stations or
local markets. These studies found differences in the retail price transmission ac-
cording to market and station characteristics. Using data from Southern California,
Verlinda (2008) finds that transmission asymmetry depends on the brand of the sta-
tion, proximity of competing stations and local market features. Another example
is Deltas (2008), who shows that transmission dynamics depends on margins, an

indicator for the intensity of competition.On the contrary, using Dutch data, Faber
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(2009) finds that asymmetry is unrelated to station characteristics. Although Lewis
(2011) uses a panel dataset as well, he estimates the price-cost equation on a time
series and uses the panel dimension only to estimate the correspondence between
price dispersion and margin or prices.

Another advantage of station level data is that it corresponds better to theoret-
ical objects of interest. The theoretical models connect prices of a firm to its costs
and market specific variables like the number of competitors. Firms optimize based
on these variables. Station level data allows to observe exactly these objects, while
aggregate data allows to observe only average variables that are not the outcome
of any optimization process. Hence it is more plausible to interpret the long run
price equation in the ECM as a reduced form price equilibrium. In the section on
empirical specification I discuss in detail how the ECM specification corresponds to
different models of price equilibrium.

Station level data, however, also raises the question of how to incorporate station
specific heterogeneity into the traditional ECM framework. Such heterogeneity can

enter all three components of the ECM:

(1) the equilibrium pricing equation: the equilibrium price can be firm or sta-
tion specific, due to differences in costs and local demand conditions;

(2) the dynamic adjustment model: the response of prices to cost changes
may be also station-specific due to varying local competition structures
and brand-specific pricing strategies.

(3) the error-correction mechanism: the speed of adjustment towards the equi-

librium price might differ across different pricing regimes and stations types.
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Verlinda (2008) estimates both a specification with homogenous parameters
and one with station-specific random parameters. The latter is estimated in a
hierarchical-Bayes framework and takes into consideration both observed and unob-
served heterogeneity in all three components of the ECM. He finds that the response
to negative shocks is slower: after a negative shock it takes around 6 weeks to make
the same adjustment as in the case of positive shocks. Faber (2009) presents both
pooled and station by station Engel-Granger two-step estimates, but does not in-
corporate directly station or market level observables into the estimation. Both
estimations yield very similar results, with asymmetry lasting for 2 days on average
in both cases, which is very weak evidence for asymmetric transmission. The station
by station estimates also reveal that only 38% of the stations price asymmetrically.
Lewis (2011) only allows for heterogeneity between high and low mark-up regimes
in the error-correction specification by estimating a threshold ECM.

The current paper uses station level data to estimate the pricing asymmetry and
uses two different estimators. The first is the mean group estimator, which allows
for station-specific parameters, and its treatment of heterogeneity is similar to that
of Verlinda (2008). However, this specification assumes away variation in time.
Therefore a second estimator is also proposed, where station-specific heterogeneity
is modelled by observable characteristics that can vary through time. This second
estimator imposes restrictions on cross-station heterogeneity but allows for time

variant heterogeneity.

2.3. Market structure and data

In the Hungarian gasoline market vertical integration is a dominant feature since

all wholesalers are also active on the retail market. There are eight major brands,
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the others are treated as white (unbranded) stations during the analysis (and receive
brand code 1 in graphs and tables). The wholesale market is extremely concentrated:
the largest firm on the wholesale market (MOL) serves approximately 80% of the
stations from its two refineries in Szdzhalombatta (Hungary) and Bratislava (Slo-
vakia) (OECD, 2008), while the second (OMV) and third (Lukoil) largest firms on
the wholesale market serve predominantly their own retail chains and control 10%
and 5% respectively. Other integrated firms have negligible share in the wholesale
market.

Compared to the wholesale market, the retail market is less concentrated, with
the four main players (MOL, OMV, Shell and Agip) owning almost 70% of petrol
stations. Three other international brands were also present in 2007: Esso (Exxon),
Jet (ConocoPhillips) and Lukoil. From the early 2000s onwards supermarket chains
(mainly Tesco) began opening discount stations, and there has been a large number
of independent retailers (white pumps). Since 2007, the Hungarian retail market saw
two mergers: in February 2007 Lukoil took over Jet’s and in July 2007 Agip took
over Esso’s network of stations. Table 1 shows the market shares of the eight largest
brands before and after the mergers in the total number of observations. These
figures indicate that the market structure did not change significantly besides the
mergers. Also the market share of small brands and non-branded 'white’ stations
is stable around little more than 20% of the market. This part of the market is
important since it is expected to include the most competitive firms in terms of

prices.
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Table 1: Brands: market shares and margins

Market share ~ Market share ~ Average margin

Brand 2007 2008 2007-2008
Small or non-branded 20.9 23.1 4.5
Agip 8.4 10.6 5.7
Esso 2.7 3.9
Jet 2.3 5.8 3.6
Lukoil 3.6 3.6
MOL 30.8 28.0 6.1
oMV 10.5 13.0 5.9
Shell 17.1 15.9 5.9
Tesco 3.7 3.6 5.0

Competitors can have a strong influence on price setting. However, there are
several ways to define the competitors of a station. I use a geographic market
definition based on the statistical municipalities defined by the Hungarian Central
Statistical Office (KSH). These geographic units are defined as distinct geographical
areas where inhabitants perform the majority of their social and economic activities.
Panel A of Table 2 shows that most stations have many (10 or more) competitors and
monopoly markets have relatively small share. Looking at Panel B shows that each
large brand (MOL, OMV, Shell and the non-branded stations) is a competitor of
approximately 60% of the stations. Nonetheless, even the small brands are relatively
frequently competitors of other stations. The geographic distribution of stations is
fairly even across counties as shown in panel C of Table 2. There are only two
concentrated areas: the capital (county code 5) and its surrounding county Pest
(county codel4).

The sample used in this paper is a unique panel of petrol stations with weekly
observations of retail prices, station characteristics and wholesale prices for 68 weeks
in 2007 and 2008. In total, there are 83387 observations for 1291 petrol stations,

which cover more than 95% of stations in Hungary. The structure of the dataset
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is hierarchical. First, there is the level of stations that are the basic units of ob-
servation. Second, there are local markets, defined by the statistical municipalities.
Competitors are defined at this level, and generally market structure variables refer
to this level of observation. Finally, there is the country level that is the collection
of all stations. At this level brands are the relevant unit of observation both in
the retail and at the wholesale market. The source of the retail data is a private
gasoline price comparison website - www.holtankoljak.hu (Where To Fill Up?) -
that makes price data publicly available. The website collected the data between
Wednesday and Friday each week and refreshed the data continuously. The retail

price observations in the sample were downloaded each Friday.

Table 2: Distribution of station characteristics

A: Number of competitors coii)ifiilcgelgighe ;)f;\t/::(;rin q C: County

Competitors % Brand % County %  County %
0 1.3 Small or 64.0 1 6.4 11 3.6
1 4.8 non-branded ' 2 4.2 12 3.4
2 3.7 Agip 56.0 3 3.9 13 1.7
3 6.8 Esso 35.0 4 5.5 14 11.3
4 7.5 Jet 37.9 5 14.3 15 3.5
5 5.7 Lukoil 41.7 6 4.6 16 4.1
6 7.1 MOL 66.4 7 4.5 17 3.2
7 5.8 oMV 57.1 8 4.7 18 4.1
8 3.9 Shell 60.4 9 4.9 19 4.6
9 2.0 Tesco 43.1 10 3.9 20 3.4

10 or more 51.3

An important feature of the dataset is that the wholesale list prices of the largest
wholesaler, MOL, are publicly observable. Each Monday the online media reports
the expected list price change of this wholesaler. Changes are effective from 12:00
p-m. that Wednesday and the price comparison website collects information from all
stations by Thursday. During the sample period the pre-announced price changes

always coincided with actual ones (which are made public as well). The timing
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of the wholesale price announcements also implies that wholesale price changes are
pre-determined with respect to retail prices that are observed each Friday. Given the
high market share of this wholesaler in the upstream market (80%), its list wholesale
price is a good measure for all retail stations in the market. It is quite telling that the
media interprets the wholesale price changes as changes in the price of gasoline as
such, implying the same changes to retail prices. Nevertheless, the actual wholesale
price paid by retailers may vary due to discounts that are not observed. This has
to be controlled in the econometric specification.

Table 3 reports the descriptive statistics for the price variables separately for
increasing, decreasing and no change periods. In total there are 25 weeks when
wholesale prices increased, 6 weeks when they decreased and 37 weeks when there
was no change. Mean retail and wholesale prices differ across these categories. Prices
are on average the highest in decreasing periods, followed by no change and increas-
ing periods. These differences are due to the trending nature of the price series:
prices grew approximately by 20% in the sample period. Nevertheless, average re-
tail price changes in decreasing and increasing periods are almost the same and the
same holds for wholesale price changes as well.

As it was already mentioned in the introduction, the ratio of the retail and
wholesale price changes can serve as a simple indicator of relative change. Table 3
shows the average ratio, which is smaller for decreasing periods, but this difference
is very small and statistically insignificant. The standard deviation of the average
ratio is quite large for both decreasing and increasing periods. This suggests size-
able heterogeneity in the wholesale price transmission. The mark-up can be another
indicator of transmission asymmetry, if it is higher in decreasing wholesale price pe-

riods. If the mark-up is higher in decreasing periods it can also indicate transmission
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asymmetry. This is indeed the case here, although once again the variation in these
averages is too large and the difference is not significant. Both the retail-wholesale
ratio and the mark-up suggest that the average asymmetry is small, but there can
be large differences among stations. The empirical analysis tests this hypothesis and

connects the variation in the asymmetry to station and market characteristics.

Table 3: Descriptive statistics of price variables

Variable Direction of Mean Sd. Obs.
wholesale change

Retail price

Decreasing 2977 8.6 7,021
Increasing 286.2 17.0 27,520
No change 289.2 17.2 41,576

Wholesale

price Decreasing 282.2 7.2 7,658
Increasing 271.7 15.8 30,376
No change 274.6 16.0 45,353

Retail price

change Decreasing -3.6 2.2 6,661
Increasing 3.8 1.8 26,233
No change -0.0 09 39,657

Wholesale

price change Decreasing -39 21 7,658
Increasing 3.9 1.3 30,376
No change 0.0 0.0 45,353

Ratio of

changes Decreasing 0.95 0.39 6,661
Increasing 0.98 0.37 26,233
No change

Markup
Decreasing 154 44 7,021
Increasing 147 4.8 27,520
No change 147 4.7 41,576

2.4. Empirical specification

2.4.1. Controlling for station level heterogeneity in the ECM

Following the literature I use an error correction model to estimate the wholesale-

retail price transmission asymmetry. The error correction model combines a static
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price equilibrium and a dynamic adjustment to deviations from this equilibrium.
This dynamic response, however, is not explicitly modelled within the price equi-
librium. It is rather a statistical relationship that describes the response of retail
prices to a change either in the factors that determine the equilibrium (mainly the
wholesale price) or to a random shock that moves prices out of equilibrium.
Assuming that the sample is a panel of stations (indexed by i = 1, .., N) that are
observed through time (indexed by ¢t = 1,..,T) with their retail (p;;) and uniform

wholesale (¢;) prices the standard specification of the equilibrium retail price is:

pit = Ouct + Vi, (2.1)

where 0;; is a station-time specific parameter that expresses the long term pass-
through and v;; is the disturbance. The linear specification allows one to study
the price-cost correspondence as a cointegrating relationship in case p; and c¢; are
non-stationary. (2.1) is essentially a reduced form of a first order condition derived
from the firm’s profit maximization problem and it is supposed to characterize retail
prices in equilibrium. Since the Hungarian price data is non-stationary, this price
equilibrium is assumed to follow a cointegrating relationship.

The dynamic adjustment describes the relationship between retail and wholesale
price changes and therefore it is the primary interest for the estimation of price
asymmetries. A characteristic feature of the ECM model is that only shifts in the
explanatory variables change the equilibrium relationship, random disturbances are
eliminated through the equilibrium adjustment mechanism. For asymmetric price
transmission this implies that wholesale and retail prices cannot drift apart even

if there is a pricing asymmetry. The ECM is specified as a distributed lag model
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supplemented by an equilibrium correction term that describes the adjustment to

the static price equilibrium in case of a random shock:

J J
Apy = Z BaiATcry + Zﬁi_tjA_Ct—j + Ait (Pie — g — Oiper) + war, (2.2)

Jj=0 J=0

where (3,,.-s are parameters on contemporaneous and lagged changes of wholesale

it
prices (the number of lags is J), while \;-s show the speed of adjustment of the
equilibrium correction term (p; — o — 0¢¢). The '+’ (°-’) superscript denotes a
positive (negative) wholesale price change and its corresponding parameter. This

separation of the (3,.-s allows to identify the asymmetric price transmission. The

itj
disturbance of the dynamic model is u;. Compared to standard specifications (2.2)
does not contain lagged values of retail prices. These autoregressive terms are omit-
ted here for two reasons. First, in the sample there is almost no change in retail
prices except when there is a wholesale price change. Therefore, lagged retail price
changes are almost perfectly collinear with lagged wholesale price changes and the
two separate sets of parameters would not be possible to identify. Second, given
the price setting game observed in this specific market, wholesale price changes are
predetermined with respect to retail price changes, so there is no need to include
lagged retail price changes on endogeneity grounds.

In (2.1) and (2.2) the parameters [0, B4, By, Ait| are described as station and
time specific and therefore have to be restricted in order to estimate them using panel
data. Three restrictions will be applied, each of which makes different assumptions
about the unobserved station level heterogeneity. The first parameter restriction

assumes that both the price equilibrium and the dynamic adjustment is the same

for all firms:
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0, = 0, (2.3)
;gj - ;_7

ﬁi_tj = 5]'_7
At = A

(2.8) implies homogenous parameters for all stations in both regressions and I will
refer to this specification as ’homogenous panel’. In this specification, station level
heterogeneity is captured only by the disturbance, which is described as a classical

panel fixed effect model for both the price equilibrium and the dynamic adjustment:

Vit = Q4+ €t (2.4)
uy = Po; + €,
where «; and 3, are fixed effects and €;; and ¢;; are i.i.d. random components.
This homogenous specification can capture the mean price equilibrium, the average
adjustment dynamics and give an estimate of the average asymmetry in the market.
The results can be easily compared to those of aggregate time series studies, but they
provide no evidence about the differences in the two relationships among stations.
This lack of cross-sectional comparison also means that this estimation does not
provide any direct information about the source of price asymmetry.
The second restriction assumes that parameters are station-specific in both the

price equilibrium and the dynamic adjustment equations:

T = BF
it) 177

)\it - Az
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This specification will be referred to as 'unobserved heterogeneity’, because it
allows for unobserved heterogeneity in the parameters. Practically this specifica-
tion implies a station by station estimation, which means that the disturbances are
described by the same station specific fixed effect as in (2.4).

The third restriction assumes that heterogeneity in the parameters can be ac-

counted for by the following station level observables:

brand of the station (brand),

number of competitors (number _competitors),

e competitor brands within the local market (brand _competitor),

e county in which the station is located (county).

All these characteristics are categorical variables and therefore their combina-
tions effectively identify different groups of stations. Therefore ;; will be modelled

as follows:

8

0;; = 91bmndit—i-ﬁgnumber_competitorsit—i-Z O3brand__competitor, +0county;,,
" (2.6)

and the B -s, 3;-s, \y-s are expressed similarly. This restriction allows for both
time and station specific variation in the parameters by pooling observations across
stations. In comparison the unobserved heterogeneity specification allows only for
station specific variation although along this dimension it is less restrictive than
the observed heterogeneity specification because it only uses the time dimension

of the data. The observed heterogeneity specification also includes fixed effects as

described in (2.4).
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Similarly to classical time series studies the homogenous panel specification yields
one aggregate (market level) set of parameters. However, the unobserved and ob-
served heterogeneity specifications provide a distribution for each parameter. These
distributions provide information not only about the aggregate pricing behavior but
also about the importance of observed characteristics in explaining pricing asym-
metries. In order to summarize the estimation results, I will present aggregate
estimates, conditional parameter distributions and partial effects of observed char-
acteristics. As to the latter, it is straightforward to calculate partial effects for
the observed heterogeneity specification and therefore an aggregate estimate can be
given as the mean partial effect. In case of the unobserved heterogeneity specifica-
tion both the aggregate estimates and the partial effects of the characteristics are
estimated using a mean group estimator, which is basically an unweighted average

of the estimated parameter distribution.

2.4.2. The ECM as a reduced form price equilibrium

Although the ECM as presented in (2.1) and (2.2) is a reduced form system, it
is worthwhile to discuss briefly the interpretation of the equilibrium price equation
(2.1) in order to clarify how this widespread empirical specification corresponds to
a theoretically plausible notion of price equilibrium. The differentiated Bertrand
oligopoly is a good starting point for this exercise, since this model captures the
pricing behavior of a gasoline station and its local competitors quite well. In the
gasoline retail market product differentiation is due to differences in stations’ loca-
tions and characteristics, like brand, the presence of a shop etc. In the differentiated
Bertrand oligopoly station i faces the residual demand D;; (pi, p—i) in time ¢ that

depends both on its own price, p;; and its local competitors’ prices, p_;;. If marginal
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costs of station i are CY, (D; (pit, p—i)) , then the first order condition in equilibrium
(me p*,l-t) is the following;:

ODut (Piv, P~ir) +Di(pi =) (27)

0 = [p;‘t - C, (Dit (p;‘kwp*—it))}

Ipit
* ¥ ¥ !
Py = Cl/t (Dit (pit’p*it)) N aDit(p;’p*—it)ﬁ
it\ PPy
Opit —

The empirical specification (2.1) can be derived from (2.7) by assuming that

(1) Equilibrium prices are observed with an i.i.d. error: p;; = pfy + vy,

(2) For each station the marginal cost is proportional to the observed wholesale
price and does not depend on the equilibrium quantity: C, (Dit (pft, piit)) =
Oict,

(3) The semi elasticity of station i’s demand does not depend on the equilibrium

1

9Dyt (pft’piz‘t)

price vector and is a station specific constant: — - = ;.
Dit (pft*p*—it)
Opit

These assumptions imply that unlike the differentiated Bertrand oligopoly, the
price equilibrium implied by (2.1) is not a strategic one. Instead, it captures the
behavior of a monopolist with constant semi-elasticity of demand and constant mar-
ginal cost in time ¢. The most general specification and therefore its restricted ver-
sions can simply be interpreted as reflecting monopoly pricing at different levels of
heterogeneity: stations, groups of stations defined by observables and market level.
Nevertheless, empirical and theoretical papers typically describe the gasoline retail
market by some form of Bertrand competition with varying degree of local market
power. Verlinda (2008) for example suggests that interacting station characteris-

tics with cost and price changes in the ECM captures the effect of market power
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on pricing asymmetry. Such an interpretation is only valid if one is willing to as-
sume restrictions on the parameters that separate station heterogeneity from market
specific variables that aim to capture the strategic effects of competition.

To do this, however, one needs to put some functional form on (2.7) by assuming
an explicit form for the demand and the marginal cost function. An example of this
could be the Bertrand—Shubik demand system in which equilibrium prices for each

station 7 in time ¢ can be expressed as (see for example Wang and Zhao, 2007):

Py = Oy (i, i) Vii" + 0 (i viy ) €+ 03 (0, 7iy) cars (2.8)

where 01,05,053 are non-linear functions of n;, the number of i’s competitors and
Y., & demand parameter. Vj; is the total demand in station ¢’s local market, ¢;; is
the average marginal cost in station i’s local market and c;; is station ¢’s marginal
cost. nly, v, Vi and ¢}} are all market specific variables, therefore they are the
same for all stations in market m. These variables could be used to identify the
competitive effects in this model, because station specific heterogeneity is confined
to the station-specific marginal cost ¢;. Unfortunately, v;, and Vj; are unobserved
and in practice only a uniform wholesale price is observed: ¢; = ¢;; = ¢;;. If one
assumes that station i’s marginal cost can be expressed as ¢; = d;c¢;, then the
problem of identifying competitive effects boils down to how to separate d; (station
heterogeneity) and 63 (nl},v%) (market structure parameters).

The three specifications outlined previously offer different solutions to the iden-
tification problem. The fully heterogenous estimation uses the two step mean group
estimator. In the first step, station by station regressions are estimated. In the

second step, these parameter estimates are regressed on market and station specific
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categorical variables to provide mean estimates for the groups defined by these vari-
ables. The observed heterogeneity specification makes much stronger restrictions
by assuming that it is possible to separate individual heterogeneity and competitive
effects into two sets of linear parameters: the first related strictly to firm specific
observables (brand) and the second related to market specific observables (number
of firms, type of competitors). The first set is interpreted to capture individual
heterogeneity, while the second set is interpreted as indicating competitive effects.
Finally, the homogenous panel specification simply cannot address this issue since it
does not allow for any heterogeneity in the wholesale price parameter. However, it
serves as a useful benchmark that can be compared easily with classic results based
on time series data.

There is no unique way to separate individual heterogeneity from market level
competitive effects. Verlinda (2008) estimates a random parameter version of (2.2),
in which mean parameters are shifted by market level observables (for example the
number of firms). These mean effects are interpreted to capture effects of com-
petition (market power). Comparing this paper’s empirical strategy to Verlinda’s
(2008) method boils down to a trade off between a semiparametric two stage estima-
tion (mean group estimator) and a parametric joint estimation (hierarchical-Bayes

estimator) that relies on a normality assumption for the random parameters.

2.5. Estimation and results

Results are presented in four steps. First, the equilibrium pricing relationship
estimates are introduced briefly. Second, the aggregate results are discussed to
confirm whether the hypothesis of no asymmetry holds at the market level. Third,

the heterogeneity of the retail price response in the week of the wholesale price
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change is studied. This instantaneous response is likely to be the most relevant for
consumers, because the bulk of the adjustment takes place within this first week.
Finally, the heterogeneity in the full dynamic response is analyzed by comparing

cumulative response functions following BCG (1997).

2.5.1. The equilibrium pricing relationship

The equilibrium pricing relationship describes the static price setting behavior of
stations and it is estimated as a cointegrating relationship. Table 4 presents the
average estimated coefficients for the three specifications. These are calculated as
the average marginal effects of the wholesale price for the observed heterogeneity
panel estimates and as the unweighted average of the estimated parameters for
the station by station regressions. This latter is also referred to in the literature
as the mean group estimator (Pesaran and Smith, 1995).* All three specifications
are estimated by dynamic OLS using one lead and two lags in order to control for
autocorrelation in the disturbance. Moreover, the panel estimators also include fixed

effects.

Table 4: Aggregate price equilibrium parameters

Fully

Observed Unobserved
homogenous heterogneity heterogeneity (1)
panel gnelty g Y
Wholesalepricel ¢oefficient 1.02%* 1.01%* 1.02%*
Number bf stations 1291 1291 1291
Numbet 6fl bbservations 53685 53685 53685
R2 (within) 0.99 0.99 0.99

Fixedleffects,  Fixedléffects,

7 i OL.
dynamiclOLS  dynamicOLS DynamidOLS

Estimator

(1)IMeanl group éstimator.

4Standard errors are clustered by stations for the homogenous panel and observed heterogen-

o~

ity estimations. The variance of the mean group estimator (gmg) is caclulated as var(Gmg) =

1 N ~ ~mg 2
mzz':1 (071*9 ) :
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The mean estimates are practically the same in all three specifications and indi-
cate full long term pass-through. They are also consistent with evidence from aggre-
gate data (for example BCG,1997) that other station-level studies (Lewis, 2004 or
Verlinda, 2008) could not replicate. The mean coefficient of one is consistent both
with a pricing strategy that sets a constant mark-up over the wholesale price.

Although the mean coefficients in all three specifications are the same, there
is sizeable heterogeneity at lower levels of aggregation. This dispersion is demon-
strated best with the station by station estimates of the unobserved heterogeneity
specification. Graph 2 shows the parameter distribution of this estimation, which
is remarkably close to normal, except for the concentration of estimates at unity.
Most estimates range from 0.8 to 1.2. This variation can reflect the unobserved het-
erogeneity both in the true wholesale costs of stations and in the residual demand

they face.

Graph 2: Wholesale price parameter distribution - unobserved heterogeneity

estimates

Density
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2.5.2. Aggregate asymmetry

The error correction model is estimated based on the Engel-Granger two step pro-
cedure, where the error correction term is the residual of the price equilibrium re-
gression. The descriptive statistics and the public information about the wholesale
prices both suggested that there should be no sizeable asymmetry in retail price
responses. Table 5 shows the average estimates of asymmetry parameters from the
three ECM specifications. Similarly to the price equilibrium regressions, average
coefficients are the average marginal effects in the sample for the panel estimates
and the mean group estimates for the unobserved heterogeneity specification.” Es-
timates of the average asymmetry parameters are remarkably close to each other in

all three specifications.

Table 5: Aggregate price asymmetry estimates

Fully
- Observed Unobserved
homogenous heterogneity heterogeneityl(1)
panel gheity genelty
Positivelswholesalelchange 0.99** 0.99** 0.98**
lagl 0.016%* 0.022%* 0.011
lag2 0.007** 0.009** 0.005
Negativelwholesalel ¢hange 0.92%* 0.93** 0.92%*
lagl 0.009* [0.010%* [0.015
lag2 [0.013** [0.008** [0.008
ECMterm [0.17+* [0.20%* [0.27
Number off stations 1,289 1289 1287
Number offl observations 51719 51719 51717
R2 (within) 0.87 0.88 0.93

(1)[(Meanlgrouplestimator.

The results from the ECM-s imply that on average there is a statistically sig-
nificant but economically unimportant asymmetry among retail price responses to
positive and negative wholesale price shocks. While the retail price adjusts virtu-

ally instantaneously to a positive wholesale price change, negative shocks are not

Standard errors are the same as in the equilibrium price regressions.
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passed on fully in the same week. Moreover, while for positive changes the lagged
responses suggest some slight overshooting, for negative changes they indicate slow
adjustment.

The speed of adjustment parameter is of similar size as the largest lagged effects
of wholesale price changes. They imply that the half life of a random shock is 2 to
4 weeks. The unobserved heterogeneity average estimate implies the fastest conver-
gence to equilibrium, while the homogenous panel estimate implies the slowest. The
speed of adjustment parameter is not significant for the unobserved heterogeneity

specification, showing that the mean group estimator is less efficient.

Graph 3: Distribution of the instantaneous asymmetry parameter

There is nevertheless substantial heterogeneity behind these aggregate results.
Graph 3 draws the histograms of positive and negative instantaneous response para-
meters, from the unobserved heterogeneity specification. The two distributions are
significantly different, based on a Kolmogorov-Smirnov test one can reject the null

hypothesis of equal distributions with probability 1. Moreover, the graph replicates
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the insight for the retail-wholesale price change ratios: the parameter distribution
of the negative response is bimodal. There are stations (centered around 1) that
do not show any sign of asymmetry, there are however others (centered around 0.8)
that show significant asymmetry. The aggregate result for the negative transmission
parameter is basically the average of these two groups. The next section tries to

separate these two groups based on the observable characteristics of stations.

2.5.3. Instantaneous response parameters: brand matters

Since most of the retail price adjustment takes place within the week of the whole-
sale price change, this section focuses on the heterogeneity in the instantaneous
response parameters. First, the distribution of negative and positive wholesale price
parameters is shown for different characteristics using the unobserved heterogeneity
estimates. The aim is to see whether there is a characteristic that separates clearly
the stations around the two modes of the negative wholesale price change parameter
distribution. Graph 4 shows the parameter distributions by brand. For small brands
and non-branded stations, Lukoil, OMV and Shell, there is no difference between
positive and negative parameter distributions and there is no bimodality. For Agip,
Esso, and MOL there is a clear mean shift between the negative and the positive
parameter distributions and there is a slight sign of some bimodality. Jet and Tesco
are a less clear-cut case.

The instantaneous parameter distributions conditioned on the number of com-
petitors (Graph 5) or on counties (Graph 6) does not show a similarly clear pattern.
Most of these conditional distributions show the same bimodality as the uncondi-
tional distributions in Graph 3 and none of them demonstrates a clear mean shift

between positive and negative parameter distributions.



Graph 4: Distribution of the instantaneous asymmetry parameter by brand
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Graph 6: Distribution of the instantaneous asymmetry parameter by county
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Looking at these conditional parameter distributions, however, gives only a crude
assessment about the relative importance of these different characteristics. There-
fore, Table 6 presents the partial effects of observed characteristics for both the ob-
served and the unobserved heterogeneity specifications. These partial effects show
how the characteristics modify the instantaneous price response to a 1 HUF whole-
sale price change. The comparison group is a non branded station in county 1
without any competitors. This base group does not show any sign of asymmetry.
In order to compare these estimates to the aggregate results, the first line of the
table repeats the latter for the asymmetry in the instantaneous response. The first
two columns for each specification show the partial effects of the positive and the
negative wholesale price changes. The third column shows the differences of these
parameters as an indicator for the size of the asymmetry. For the observed hetero-

geneity specification the parameters are the interactions between the instantaneous
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wholesale price change and the characteristics. For the unobserved heterogeneity
specification these parameters are the results of the second stage regression. Stan-
dard errors are clustered by stations for the observed heterogeneity specifications

and are heteroscedasticity robust standard errors for the unobserved heterogeneity

specification.
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Table 6. Partial effects of observed characteristics

Positive Negative Positive Negative
wholesale  wholesale[price Asymmetry wholesalelprice wholesaleprice Asymmetry
price change change change change
Overall average 0.985 0.928 0.06 (.984** 0.920%* 0.06
Brand
Agip 0.04** [0.10* 0.14 0.06** [0.13%* 0.18
Esso 0.10%* [0.15*% 0.25 0.17%* [0.18** 0.29
Jet 0.08** [0.06* 0.13 0.05%* [0.04 0.09
Lukoil 0.05%* 0.03 0.02 0.05%* 0.04*¢ 0.01
MOL 0.04** [0.11* 0.14 0.04** [0.12%* 0.16
oMV 0.04** 0.08* [0.04 0.04** 0.08** [0.04
Shell 0.05%* 0.08* [0.03 0.06** 0.08%* [0.02
Tesco 0.05%* 0.03 0.02 0.05%* 0.05%* 0.00
Numbet of
competitors
1 0.03 0.01 0.02 0.02 0.00 0.03
2 0.02 [0.02 0.04 0.00 0.00 0.01
3 0.01 [0.01 0.02 0.01 0.00 0.01
4 0.02 [0.01 0.03 0.01 0.00 0.01
5 0.02 0.00 0.02 0.00 [0.01 0.01
6 0.01 0.00 0.01 [0.01 0.01 [0.02
7 0.01 0.02 [0.01 0.01 0.00 0.01
8 0.03 [0.05 0.08 0.02 [0.04 0.06
9 0.01 0.03 [0.03 0.01 0.00 0.01
10 0.00 [0.05 0.04 [0.02 [0.03 0.01
Type of
competitor
Smallbrand /
non branded 0.00 0.00 0.00 0.00 0.00 0.00
Agip 0.00 0.03** .03 0.01 0.02%* 0.02
Esso 0.00 0.04%* [0.04 0.00 0.00 0.00
Jet 0.00 [0.01 0.01 [0.02%* 0.00 [0.02
Lukoil 0.00 [0.01 0.01 [0.01 [0.01 0.00
MOL [0.01 0.01 [0.02 0.01 [0.01 0.02
oMV 0.01 0.00 0.01 0.02%* 0.01 0.01
Shell 0.01 0.00 0.00 0.02%¢ 0.00 0.02
Tesco 0.00 [0.02 0.02 0.01 [0.01 0.02
County
2 0.03 [0.01 0.03 0.00 [0.03 0.03
3 0.00 0.04 [0.04 [0.02 0.02 [0.05
4 [0.02 0.00 [0.02 [0.02 [0.01 (0.02
5 0.03 [0.05 0.08 0.01 [0.02 0.04
6 [0.01 [0.01 [0.01 [0.04* [0.02 (0.02
7 [0.01 0.00 [0.01 [0.03* [0.03** 0.00
8 0.03 0.01 0.02 [0.01 [0.01 0.00
9 0.02 0.03 [0.01 0.01 0.02 [0.01
10 [0.04** 0.06** [0.10 [0.03* 0.05%* [0.08
11 0.00 0.03 [0.04 [0.02 0.01 [0.04
12 0.00 0.00 0.01 [0.01 [0.03%* 0.02
13 [0.02 0.08* [0.10 [0.04** 0.04 [0.08
14 0.01 0.00 0.01 [0.01 0.00 0.00
15 [0.02 0.00 [0.02 [0.03* 0.01 [0.03
16 [0.02 0.01 0.04 [0.03%** 0.00 0.03
17 0.03 0.01 0.03 0.00 [0.03 0.03
18 [0.02 0.00 [0.02 [0.04** 0.00 [0.04
19 0.00 0.02 [0.02 [0.01 0.01 [0.02
20 [0.02 0.01 [0.03 [0.02 0.00 [0.02
Numbet of
stations 1289 1289
Numbet of
observations 51719 51717
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In line with the evidence from the conditional distributions, some brands (brand
Agip, Esso, Jet and MOL) show much higher asymmetry in the instantaneous re-
sponse than the aggregate. They indicate that in response to a 1 HUF wholesale
price decrease, the instantaneous retail price reductions are 13 to 25% (9 to 29%)
smaller than the corresponding increases. These are magnitudes that are of eco-
nomically significant size. Taking the average wholesale price change of 4 HUF the
largest asymmetry (25%) implies that stations of brand 3 decrease prices only with
3 HUF while they increase prices with 4 HUF in the first week. This 1 HUF dif-
ference is approximately 7% of the markup, which is arguably a significant amount
for the firm. Compared to the average prices, however, even these asymmetries are
irrelevant. The importance of the brand of the stations in explaining the variation
in asymmetry is not straightforward to interpret. The brand of a station can cap-
ture many unobserved features of a station and therefore it is an ideal control for
heterogeneity.

While partial effects of brands can be estimated precisely, most parameters of
the other characteristics are not significantly different from zero. The partial effects
are small for the competition related variables (number of competitors and type of
competitor). The effect of geographic location, which is mostly capturing demand
heterogeneity, is on average the same size. However, two counties (10 and 13) have

relatively large dampening effect on asymmetric behavior.

2.5.4. Dynamic adjustment

While the instantaneous response captures the largest part of the retail price ad-
justment, the full extent of asymmetry can only be judged based on the dynamic

response to a unit change in the wholesale price. The previous section indicated that
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it is the brand of the stations that influences this adjustment the most, therefore
the dynamics are presented separately for each brand.

The adjustment path is shown in Graph 7 that presents the cumulative response
functions (CRF). The CRFs show the evolution of the retail price in response to
a 1 HUF wholesale price increase/decrease. To ease comparison, for negative price
changes the absolute values are depicted. The CRF's are based on the partial effects
estimated from the second stage of the unobserved heterogeneity specification (as
shown in the Appendix, results are practically the same when using the observed
heterogeneity estimates). Therefore, the differences among the CRF are due to
brand differences while holding other observable characteristics unchanged. The
comparison group is the average unbranded station, which is presented in the first

panel.

Graph 7: Cumulative response functions - unobserved heterogeneity
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The dominant feature of the CRFs is the quick adjustment in the first week
and the convergence to the long term equilibrium, which is 1 in this case. There
are noticeable differences between the adjustment paths for positive and negative
wholesale changes for Agip, Esso, Jet and Tesco. MOL is the only one that shows
sizeable overshooting for negative wholesale changes. Complete convergence takes
place in about 16 weeks for most brands. It is useful to keep in mind though that
on average there was a price change every third week in the sample (vertical line),

therefore it is unlikely that the full adjustment path is completed.

Graph 8 Difference between negative and positive response functions - unobserved

heterogeneity
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While the CRF graphs are informative about the dynamic adjustment in general,
it is not straightforward to read the size of the asymmetry from them. Therefore

Graph 8 shows the difference between the positive and the negative CRFs. Agip,
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Esso, Jet and Tesco show sizeable asymmetry in the first weeks following the whole-
sale price change. Asymmetry values for all these brands reach 0.2 and stay above
0.1 within the first three weeks. Agip and Tesco reach the peak in week 3 while Esso
and Jet are reducing their asymmetry after the first and second week respectively.
Tesco did not show sizeable instantaneous asymmetry but the CRF reveals that in
case of negative wholesale shocks there is a reversal towards higher prices between
the first and the third week. Conversely, MOL is characterized by relatively large
instantaneous asymmetry, but Graph 8 shows that there is a strong reduction in
this asymmetry that even reaches negative values for the third week.

The CRF differences clearly show that for four brands asymmetry is sizeable in
the first weeks following a wholesale price change. To see what the hypothetical
economic cost of these asymmetries is, Graph 9 presents the integrals of the CRF
differences. These describe for each week the cumulative difference between the
CRFs and express how much more a consumer paid for a unit price increase than
what he saved on a unit price decrease (assuming he buys gasoline each week).
Or from the firm’s perspective, how much more it earns on a unit price increase
compared to a unit price decrease. For brands Agip, Esso, Jet and Tesco this
cumulative difference converges to approximately 1 HUF. However, this level is
unlikely to be reached, since on average the wholesale price changes faster than
convergence could play out. After three weeks, which is the average duration between
wholesale price changes, the cumulative difference is approximately 0.5 HUF for
these brands. This magnitude means that compared to the instantaneous response,
the transmission asymmetry doubles to 14% of the markup during the first weeks of
dynamic adjustment. Asymmetry is, nevertheless, still tiny compared to consumer

prices.
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Graph 9: Integral of the difference between negative and positive response

functions - unobserved heterogeneity
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2.5.5. Brands that price asymmetrically

The results indicated that it is the Agip, Esso, Jet and Tesco stations that adjust
retail prices asymmetrically. Looking back at Tables 1 and 2 in the data description
part, one can see that these brands had market shares below 10% in 2007. Their
average margins, however, differ quite substantially: Agip is a high margin brand
with 5.7%, while Esso and Jet are among the lowest margin brands. If one is
willing to assume that margins indicate demand elasticities, then this latter finding
means that these brands face quite different residual demands. Therefore, demand
heterogeneity is unlikely to explain why this group of brands prices asymmetrically.

These brands also differ in how often they are competitors of other stations: while
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64% of the stations have an Agip competitor, only 35% and 38% have Esso or Jet
competitors respectively. This suggests that also the competitive position of these
brands is quite different. Tesco’s characteristics are between these two extremes.
One possible explanation for the similarity in pricing behavior would be that
these brands are competitors of each other. Table 7 shows the percentage of sta-
tions within a brand (rows) that have a given brand as a competitor (columns). The
last row shows the average percentage of stations that have an other given brand as
competitor. The Esso (row) - Agip (column) cell indicates that 88% of Esso stations
have an Agip station as competitor. Comparing this to the last figure in the same
column (61%) reveals that compared to the average Esso stations are more likely
to have an Agip competitor. The same is true for Jet stations but not for Tesco
stations. For Agip all other asymmetrically pricing brands are relatively infrequent
competitors, while Jet and Esso are each others’ most frequent competitor. Gener-
ally if one looks at the differences of competitor frequency by brand from the overall
average frequency, it turns out that Agip and Tesco are located in less populated
markets and therefore have on average less competitors from each brand than the

average, while the opposite is true for Esso and Jet.

Table 7. Percentage of stations within a brand that have a given brand as a

competitor
Brand of station / . .
. Non-branded Agip Esso Jet Lukoil MOL OMV Shell Tesco
brand of competitor

Non-branded . 49 27 29 33 91 60 67 32
Agip 76 . 34 37 42 94 60 69 39
Esso 98 88 . 73 69 100 96 96 59
Jet 97 83 59 . 55 97 92 98 60
Lukoil 77 56 21 26 . 92 57 73 38
MOL 80 57 31 33 39 . 60 68 40
oMV 93 75 55 56 58 97 . 86 59
Shell 89 71 49 51 54 96 75 . 60

Tesco 82 56 23 24 29 97 58 80 .
All stations 84 61 36 39 43 95 64 73 45
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2.6. Conclusion

The paper estimated an ECM model using gasoline station level panel data from
Hungary to provide additional evidence on asymmetric pricing practices in gasoline
retail markets. The main results are the following. Wholesale price changes are fully
passed through to retail prices in the long run, since the wholesale price parameter
estimate in the pricing equation is 1. This means that in the long run, mark-ups
are independent of wholesale prices in this market. This finding is consistent with
constant mark-up pricing or monopoly pricing as well.

When looking at the dynamic adjustment of retail prices to wholesale price
changes one finds that on aggregate there is no pricing asymmetry. Therefore,
retail prices practically increase at the same speed in response to a wholesale price
increase as they decrease when the wholesale price is decreasing. Moreover, on
average, almost all of the adjustment takes place in the first week. The finding of
no pricing asymmetry on aggregate confirms the null hypothesis that was based on
the publicly available wholesale price information.

The aggregate result of no asymmetry, however, masks significant heterogeneity
at station level. A sizeable fraction of stations does price asymmetrically and these
stations earn on average 0.5 HUF more on every unit of wholesale price increase
compared to a reduction. This asymmetric pricing is explained by the brand of
the station, which is the level of price setting in this market. Brands that price
asymmetrically have small market shares and are not vertically integrated. Brands
with large market share, vertically integrated brands and non-branded stations do
not price asymmetrically. Other, local market specific variables like number of

stations or type of competitors do not explain asymmetric pricing.
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Which theoretical explanations are supported by these results? Table 8 gives
an overview of this question. The discussion on identification suggested that the
brand of a station is best thought of as a proxy that captures unobserved station
heterogeneity. It can proxy both unobserved marginal cost differences of firms and
unobserved taste heterogeneity that can influence marginal costs through the equi-
librium quantity demanded. The fact that this variable is key in explaining pricing
asymmetries underlines the importance of controlling for unobserved heterogeneity
in studies using station level data. Furthermore, the finding that the asymmetrically
pricing brands are small, are not vertically integrated and their average margins dif-
fer considerably suggests that the explanation for the asymmetric pricing could be
related to the cost structure of these brands. Small brands with low station den-
sity can have higher transportation costs and inventory adjustment cost than larger
brands because of the indivisibility in transportation loads.Nevertheless, verifying
this hypothesis would require more detailed data on the cost structure of gasoline
stations and information about quantities.

Tacit collusion and search-based explanations are not supported by the results.
The significant asymmetry appears to be not at market level, but at brand level:
in the same market there are brands that price asymmetrically and brands that do
not. Therefore tacit collusion type explanations that focus on market interaction
are rejected by the results. Also the finding that market structure variables do not
explain asymmetries and that the brands with the largest market shares set prices
symmetrically provides additional evidence against tacit collusion type explanations.
The search friction explanation would imply aggregate retail price asymmetry since

search frictions are not confined to specific local markets. However, the results do
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not support this prediction. Moreover, search frictions are unlikely to be brand-
specific either, therefore search based models are also not supported by the result

that asymmetric retail price adjustment is confined to specific brands.

Table 8. Theories and findings

. . I t -
Theory/Result Tacit collusion o O / Search frictions
adjustment costs
No aggregate 0 + _
asymmetry

Small brands

. . +
price asymmetrically
Large brands

. . +
price symmetrically
Number and type 0
of competitors irrelevant

+: consistent with the theory, -: does not support the theory, 0: no prediction from
theory,

To sum up, the results draw attention to the heterogeneity in asymmetric pric-
ing behavior across brands. This finding rejects collusion and search model based
explanations, but is consistent with explanations related to the gasoline retail firm’s
adjustment costs (transportation and inventories). The importance of the firm’s
costs different from the wholesale price suggests that future research should focus
on collecting more information about these costs in order to provide more robust

evidence on asymmetric retail price responses.
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2.7. Appendix

Graph 10: List wholesale price of MOL and the market wholesale price, HUF/1

(deviations from the respective averages)
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Graph 11: List wholesale price of MOL and the oil price (Ural), HUF/1

(deviations from the respective averages)
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Graph 12: Cumulative response functions - observed heterogeneity
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Graph 13: Difference of negative and positive response functions - observed

heterogeneity
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Graph 13: Integral of the difference between negative and positive response

functions - observed heterogeneity
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CHAPTER 3
Separating the ex post effects of mergers: an analysis of

structural changes on the Hungarian retail gasoline market

Joint with Gergely Csorba! and Dévid Farkas®

3.1. Introduction

From the late 1990s, there has been a growing need to evaluate the performance
of antitrust policies, and especially whether mergers contributed to the observed
price increases in their respective industries.®> The goal of ex post merger evaluation
is to identify the price change due to the merger itself and separate it from the price
effect of any other economic factors such as changes in demand and cost conditions.
The central question of most previous studies was to find the total (average) price
effect attributed to the merger, but less attention has been given to analyzing the
difference in the effects a merger can have on the various firms affected by the
mergers. In this paper, we apply difference-in-differences methods to identify the
price effects of simultaneous mergers, and break down the total effect of each merger
by separating the effects on the prices of the buyer and seller firms and on the prices

of their respective competitors.

'Hungarian Competition Authority (GVH) and Institute of Economics (Hungarian Academy of
Sciences)

?Hungarian Competition Authority (GVH)

3See the LEAR (2006) report prepared for the DG Competition European Commission, Office of
Fair Trading and Competition Commission (2005) and contributions to the "Measuring the Eco-
nomic Effects of Competition Law Enforcement" conference organized by the Dutch Competition
Authority (NMa) in 2007, which were published in the December 2008 issue of De Economist.

86
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Graph 1 illustrates the eight different merger effects we aim to separate in our

ex post evaluation of two mergers.

Graph 1. The different merger effects to separate
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Separating these effects enables us the testing of some important predictions of
academic and antitrust literature, which argue that a merger can result in different
price changes for different firms, depending on their role in the merger. First, the
most robust prediction is that a merger will result in a larger change in merging
firms’ pricing than in competitor firms’ pricing as the former can fully internalize
the effect of eliminating the competitive constraint (externality) the two firms had
on each other before the merger.? Second, in mergers with local markets, a larger
price increase is expected on markets where both merging firms are present (or are
closer competitors to each other), since the merger removes a direct competitive

constraint between their respective outlets.” Third, a merger might have a different

4See the classical Davidson and Deneckere (1985) price competition model with differentiated
products or Vives (1999) on more general results in various oligopolistic settings.

"Levy and Reitzes (1992) develop a merger model of spatially differentiated firms leading to this
result.
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effect on the two firms involved, as the business policies and supply conditions of the
firms will likely converge towards each other, and the change is usually conjectured
to be larger for the case of the acquired firm than for the buyer firm.5

In this paper, we provide an ex post assessment of two mergers on the Hungarian
retail gasoline markets, which happened almost simultaneously: the acquisition of
Jet by Lukoil in February 2007 and the acquisition of Esso by Agip in July 2007.7
Our detailed panel on station-level prices offers an intuitive way to estimate the price
effects of the two mergers with difference-in-differences methods, where we exploit
the variation in the presence of merging firms across local markets. Because we
observe almost all possible combinations of the four firms’ stations in distinct local
markets, we can form different treatment-control group pairs to identify separate
effects for each merging firm and their competitors.®

As a preliminary illustration of our results, Table 1 shows the mergers’ partial
effects on the retail prices of different parties, estimated under the initial assumption

that the change in the firms’ pricing policies all took place in January 2008.°

Table 1. Illustrative results for separate merger effects

Agip/Esso  Lukoil/Jet

Ownleffect onlbuyer firm'sStations 0 0.80%
Ownlé¢ffect onldcquired firm'slstations 0.70% 0
Competitor_ effect onl stations in buyer's vicinity 0 0
Competitot effect onl stations in acquirer's vicinity 0.50% 0

6Although there is no theoretical model backing this last result, this conjecture is based on the
fact that it is usually the management of the buyer firm that takes over the business and pricing
decisions of the acquired firm. We can also have more reason to believe that the buyer firm already
had a more successful business strategy in place.

"Both mergers were of moderate size, the fifth and fourth biggest firm taking over the stations of
the seventh and sixth firm, respectively.

8For this reason, our methodology cannot be used for the ex post evaluation of a merger affecting
all (product or geographical) markets in the same way, or when there are too few distinct markets.
9The positive elements are parameters significant even at 1%, zero elements indicate parameters
that are not significant at 5%.
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Our first result is that neither merger contributed substantially to retail price
increases, as all estimated price changes are less than one percent. Second, the two
mergers had different effects on the merging firms depending on their role in the
merger. These differences are broadly in line with the theoretical predictions. For
the Agip/Esso merger, there are significant effects on the pricing of the acquired
Esso stations and their competitors, and the price change is larger at Esso stations
than at competitors’ stations (although the difference is not significant). For the
Lukoil /Jet merger, we also find that own effects are larger than competitor effects,
but a significant effect is found only for the buying firm’s stations. These different
patterns of price effects for the two mergers may be explained by the difference in
the merging firms’ pricing policies and possible efficiency effects.

Unfortunately, the date when a merger effectively has an actual economic effect
on the respective firms (the so-called effective merger date) is usually unknown to
researchers, and changes in pricing policies might even be gradual. Therefore, great
care should be taken when selecting the effective merger date to use in estimating
the price effects of mergers, as this choice my have large impact on results. We apply
several methods to show that the qualitative results discussed above emerge robustly
when different effective merger dates are assumed. The magnitude of the estimated
effects can change, but the estimated price changes due to the two mergers always

remain negligible.

3.2. Overview of the relevant literature

The number of ex post merger evaluations (or so called merger retrospectives)

has been growing considerably since 2000, partly because of an increased need to
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evaluate the performance of antitrust policies.!” The principal statistical method
used in these studies was difference-in-differences estimation, as is typical in program

evaluation literature.'!

These ex post evaluations mostly studied transactions in
industries with high merger activity, where price changes affected a wide range of
consumers (and interested a lot of politicians and policy makers): hospital services,'?
airline ticketing,'® banking products, basic consumer goods (typically food),'* and
gasoline.

Gasoline markets have always received attention, in particular during the recent
years of large price changes, as fluctuations in petroleum prices were often followed
by quick reactions in retail prices. Therefore, it was questioned whether the changes
in wholesale conditions offered the only plausible explanation or whether certain

5

anticompetitive practices also played a role.’® A restructuring has taken place in

many countries by a series of acquisitions on all supply levels, and therefore it is
crucial to determine how the price effects of changes in wholesale conditions can be
separated from changes in retail market structure.'® Mergers involving companies
with production facilities have always received more attention because of their ability
to affect wholesale prices, but retail mergers are typically easier to analyze due to
the availability of a larger amount of more transparent price data and variation in

local market structure.

10Weinberg (2008) and Hunter et al (2008) provide two comprehensive reviews on ex post merger
evaulations. Weinberg also discusses alternative methods to difference-in differences estimations.
HUmbens and Wooldrige (2009) give a detailed general review on the methodological problems
arising in program evaluation.

1286e Farrell et al (2009) for a recent overview on hospital merger retrospectives.

13See Armantier and Richard (2008).

14See Ashenfelter and Hosken (2008) for the ex post evaluation of five mergers in this sector.
15Gee for example the questions raised by the US Congress to the Federal Trade Commission in 2004.
The summary of the FTC’s view can be found at http://www.ftc.gov/opa/2004/07/gastest2.shtm
16The US Government Accountability Office reports 2600 mergers in the petroleum industry from
1990 till 2004. The GAQO’s econometric models analyzed the effects of the eight biggest transactions
in detail. The report can be downloaded from http://www.gao.gov/products/GAO-04-96
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A widely-cited paper by Hastings (2004) uses a simple difference-in-differences
estimator to analyze how the acquisition of an independent station network by a
branded network affected local retail prices in different geographic areas. She finds
that removing an independent station raises retail prices significantly, but the in-
crease in the share of branded (so called company-operated) stations alone does not
explain higher prices. Hastings thus concludes that the identity of competitors is as
important as their number in determining market conduct, which she interprets as
support for a model with some product differentiation and brand loyalty on retail
gasoline markets.!” However, Hastings analyzes only the change in the pricing of
competing stations to derive conclusions on the effect of the merger,'® while the-
ory suggests — and our paper also demonstrates — that the change in the pricing of
acquired stations may be larger.

Taylor and Hosken (2007) use an approach similar to Hastings’s in measuring the
effect of a joint venture, but find no retail price increases resulting from the change
in market structure.! The paper also illustrates some important implications for
further ex post reviews: (1) it is more important to analyze the merger effects on
retail prices than rack (wholesale) prices, (2) variation in gasoline supply should be
taken into account whenever possible, and (3) the estimated effects can depend on
the control regions used, therefore robustness checks are crucial when selecting the

counterfactual.?’ The substantive difference between Taylor and Hosken’s paper and

"This paper was criticized by Taylor et al (2010) both from a theoretical and empirical point
of view. They failed to reproduce her results by using alternative data and also showed that
her empirical result would not lead to unambiguous welfare effects in the underlying model she
assumes.

18Not enough data was available on the acquired stations, as this was a random sample on prices
in which minor brands and independent stations were underrepresented.

19 Another merger concerning the same firm Marathon-Ashland was similarly analyzed by Simpson
and Taylor (2008), and this study found no ex post evidence of a price increase either.

20Choné and Linnemer (2010) also use various local market definitions in order to find the robust
ex post effect of a merger between two large parking companies.



CEU eTD Collection

92

ours is that while Taylor and Hosken examine the overall effect of the merger on
city-level (average) prices, our paper takes a further step by separating the different
effects a merger may have on various market players in each market.

The few studies analyzing the merger effects on rivals’ prices used it to answer
different research questions than we do. Kim and Singal (1993) find larger price
effects for competitor airlines than for the merging airlines, which they attribute to
merger-specific efficiencies passed on to consumers. In studying hospital mergers,
Dafny (2009) argues that researchers should look at the effect on competitor prices
particularly if it can be conjectured that the merger event might be correlated with
the unobserved characteristics of the acquired hospitals, in order to avoid selection
bias. However, as we have already mentioned, if there are no efficiencies realized by
the merger, then these outsider effects provide only a lower bound for the insider

effects.

3.3. Structural changes on the Hungarian retail gasoline market

The Hungarian retail gasoline market is moderately concentrated, with five main
international oil companies (OMV, Shell, Agip (Eni), Lukoil and Hungary-based
MOL) owning almost 75% of petrol stations and likely accounting for an even higher
share of revenues. MOL’s market share is the largest in terms of stations and it also
has a leading role at the wholesale level with an upstream market share of at least
70%.

In 2007, Agip and Lukoil acquired all retail stations of the other two interna-
tional oil companies present in Hungary, Esso (Exxon) and Jet (ConocoPhillips)

respectively.”! Both acquisitions were part of large transactions involving business

21The publicly available decisions can be downloaded from
http://ec.europa.eu/competition/mergers/cases/decisions/m4723 20070724 20310 _en.pdf
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activities in multiple countries.?? Table 2 summarizes the key facts concerning the
two mergers.

Table 2. Summary of the two mergers analyzed

Agip/Esso Lukoil/Jet

Case‘humber COMP/M.4723 COMP/M.4532
Stations sold in countrics Belgmrn,@:zech[Repubhc,[]Fn.ﬂand, Czech[Repubhc.,

Hungary,Poland/Slovakia Hungary[Slovakia
Numbet of stations'and

1 2 0 0, 2 0, 0

market shares in' Hungary 02(9%)[/[36L(3%) A2 (4%)/130(3%)
Transaction date 27/04/2007 18/12/2006
Notification date 19/06/2007 17/01/2007
Clearanceldate 24/07/2007 21/02/2007
Fms@ubhc@lgn@)ﬂlhange Nov 07 Nov 07
infHungary

Note that before receiving the clearance decision, the merging companies should
act independently of each other. The change in business and pricing policies due to
the merger usually takes place some months after the clearance, but this so-called
effective merger date is not publicly known. The only publicly observable fact in our
case is the date when the acquiring firms started repainting the acquired stations to
their brand colors, which happened in November 2007 for both mergers.

Apart from the branded stations mentioned, the remaining 25% of stations are
owned by a large number of small competitors. Only three chains had a larger than
1% market share based on the number of its stations in the relevant period of 2007-
2008, and all three faced major changes during this time. The previously largest
entrant Tesco continued to build new stations till the end of 2008.2*> The alliance

of independent (white) stations Klub Petrol exited the market at the end of 2007

and http://ec.europa.eu/competition/mergers/cases/decisions/m4532 20070221 20310 en.pdf
respectively.

22For this reason, the mergers were notified to the European Commission, which investigated and
cleared them in quick Phase I investigations.

ZLater in 2009, Tesco stations were acquired by Shell. This long-term lease agreement was cleared
by the Hungarian Competition Authority (GVH), case number Vj-17,/2009.
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due to financial difficulties. Finally, a new alliance of independent (white) stations
named Avia entered in 2008; several former Klub Petrol stations joined this alliance.

The evolution of the relevant firms’ shares in station numbers is summarized
in Table 3. The number of independent white pumps, indicated in the table as
"Other stations’, is slightly uncertain, as their presence is not properly reported at

the beginning of the observation period.

Table 3. Changes in station shares in 2007-2008

Station/shares Station/shares

2007001 2008712

MOL 29% 28%
Shell 16% 15%
oMV 14% 13%
Agip 9% 12%
Esso 3%

Lukoil 4% 7%
Jet 3%

Tesco 3% 4%
KlubPetrol 3% 0%
Avia 0 3%
Othetf stations 16% 18%
Total $tation humber 1229 1335

3.4. Price data and stylized price developments

We analyze a panel database containing daily retail gasoline prices from the
beginning of January 2007 till the end of December 2008. The database contains
the price of 95-octane gasoline only, but 96% of gasoline sales are of this type.
The source of our data is a public website helping consumers to compare gasoline
prices: www.holtankoljak.hu (Where Should I Refuel?), run by a private company.*!

We analyze retail prices on Fridays, as the Hungarian wholesale price changes each

24The company conducting the price comparisons is independent of the retail firms, and is financed
by online advertisements placed primarily by car manufacturers and insurance companies.
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Wednesday morning,?® and therefore most retail price changes occur on Wednesday
and Thursday.?® In total, we have 81253 price observations in 96 weeks for 1303
gas stations, more than 95% of stations in Hungary.?” The panel is unbalanced, but
there is no pattern in the missing data and the majority of the missings corresponds
to the fringe white stations that are less relevant for our analysis.

In the observed period, the price of gasoline fluctuated between 230 and 310
Hungarian Forints (HUF), with an average of 281 HUF.?® In order to filter out
common shocks (particularly the change of the wholesale price), Graph 2 shows the
differences between firm-specific average price and the national average price. Note
that here the brand of the station refers to its original brand at the beginning of
the observation period before either merger, so there is no composition effect in the
changes.

These price differences show that the three largest firms (MOL, OMV and Shell)
were able to maintain slightly higher prices than their competitors,> and Agip’s
prices gradually became closer to them in 2008. There is also a visible change in
the pricing of Esso stations acquired by Agip in the middle of 2007, as their prices

increased from the level of low-pricing firms to the national average. On the other

25Strictly speaking this is only the price change of the dominant wholesale company (Hungary-
based firm MOL), but it supplies at least 70-80% of gasoline sold in Hungary. The change in the
wholesale price is made public the previous Monday.

26Data gathered is based on the self-reporting of the stations by phone, and the biggest inquiry
conducted is on Wednesday and Thursday. Therefore the Friday data are expected to be the most
accurate, and we also have the most observations for Fridays.

2TThe missing stations are all white stations or belong to small brands with few stations. Price
data are not reported for 8 weeks, which was because of holiday periods and a shutdown problem
of the website.

28The exchange rate also fluctuated during these two years, but one can make easy conversions
with the approximation of 250 HUF = 1 Euro.

29The graph shows the average of the top 3 firms’ prices together as no substantial differences can
be observed between their average prices.
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hand, Lukoil and Jet stations appear to have maintained their low-pricing policies,

although Lukoil’s prices increased slightly starting from the second part of 2007.

Graph 2. Monthly differences between firm-level and national average price
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Although we cannot observe the individual costs of retail firms, we do have a
good proxy for the wholesale price of gasoline we can use. Each Monday, the change
in MOL’s wholesale list price becomes publicly known, and as MOL serves most
retailers and has significant market power upstream, we believe that the change of
this wholesale price can serve as a good indicator of the change in marginal costs.
Therefore, we will refer to MOL’s wholesale list price as the wholesale price, and
define the margin of a brand or station as the simple difference of the respective
retail price and the wholesale price. The average margin varies between 10 and 18
HUF with an average of 15 HUF, which is about 5% of the retail price.

We should note that both the retail prices observed at the stations and the
wholesale price are only list prices, while most retailers offer loyalty discounts in the

form of loyalty cards or fleet programs. If larger retailers offer larger discounts,*

30T his conjecture is hard to test correctly, because the discounts often do not take the form of a
direct price decrease for gasoline, but for example bonus points (price discounts) for shop purchases.
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the actual price differences between smaller and larger retailers might be smaller
than shown in Graph 2. Similarly, at the wholesale level retailers receive individual
discounts from the list price, which are not observed. However, assuming the size of
these discounts remains stable over the observed period, these measurement errors
are mostly taken care of by the difference-in-differences estimation method we use.
Of course, it might be the case that a merged firm achieves a larger quantity discount
due to increased sales or changes its consumer discount policy, but this change will

be captured by our estimated merger-specific effects.

3.5. Local markets and characteristics of local competition

In order to analyze the effect of structural changes on local prices, we should
first define the areas where a given station’s pricing policy might constrain other
stations’ pricing, and therefore a structural change concerning the given station
would have an effect on the other stations. This approach to delineating local
markets is very similar to the usual first step in competition policy of "defining the
relevant markets", where the competitive assessment should be carried out.*!

In this paper, we use an economically reasonable proxy for local markets: the 168
statistical municipalities defined by the Hungarian Central Statistical Office (KSH).
The statistical municipalities are delineated by various survey techniques as distinct
geographical areas where inhabitants perform the majority of their social and eco-
nomic activities (such as traveling, working and shopping), so it seems reasonable

to assume that consumers shop around primarily in this area and retailers consider

3INote, however, that competition policy cases analyzing retail gasoline markets took a rather
conservative approach by defining the relevant geographical market as national. It was only
in a recent merger case in 2008 where DG Competition took the view that although the
market is defined as national, the competitive assessment should take local aspects into ac-
count — see COMP/M.4723 StatoilHydro/ConocoPhillips decision §26-29, downloadable from
http://ec.europa.eu/competition/mergers/cases/decisions/m4723 20070724 20310 _en.pdf
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the stations in the municipality as their main local competitors.®?> It might be of
course the case that two competitors in the same local area do not exert the same de-
gree of competitive pressure on a given station due to the varying distance between
the stations, but further station-level controls in our estimations can partially take
care of this problem. Similar proxies for local markets were used in several papers.
Hortacsu and Syverson (2007) for example use the regional economic areas defined
by the Bureau of Economic Analysis (BEA) to delineate cement markets in the
USA; Focarelli and Panetta (2003) and Sapienza (2002) delineate Italian provinces
as relevant geographic markets for bank deposits.

The shortcoming of the statistical municipality proxy is that it defines borders
that separate markets. Competitors of a given station will be all other stations
in the statistical municipality, but stations in another statistical municipality, no
matter how close they are to this given station, will be not. This 'border effect’ can
lead to questionable classification of competitors near the borders of the statistical
municipality and therefore some misclassification of treatment and control units.

An alternative way to delineate local markets would be to define a catchment
area around each station, in which the given station provides a viable alternative to

33

consumers visiting the other stations.”” Note, however, that the choice of driving

time / distance used in these delineations that defines how much overlap there will

be among local markets remains arbitrary. Moreover, the stations falling in the same

32There are two further practical advantage of using statistical municipalities. First, the ZIP code
of each station can be automatically linked to a municipality, which ensures that local markets
do not overlap and their number can be kept at a tractable level. Second, the Statistical Office
also discloses economic indicators (such as population, number of cars, taxable income) for each of
them, which can be used to control for local differences in our estimations.

33For example, Hastings (2004) uses circles of a one-mile radius around each gasoline station, but
estimates some of her results by using different radiuses. It is also possible to work with different
measures of distances, like traveling time, which is more typical in analyzing supermarket mergers
for example (see for example Ashenfelter et al (2006)).
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catchment area are still assumed to exert the same competitive constraint, so the
shortcomings of the previous approach are not completely solved.3!
We do not include gasoline stations located on highways in our analysis, because

substitution possibilities and therefore competitive conditions are markedly different

35

at these stations.” The capital of Hungary (Budapest) with its 183 stations is

defined as one statistical municipality, and therefore this outlier is also excluded.

Descriptive statistics of the remaining 167 statistical municipalities seem to in-
dicate oligopolistic market structures with a few market players, which might signal
that these municipalities constitute indeed a good approximation of local markets.>
The average number of differently branded stations (major firms) in a local market is
3.2 (standard deviation 1.8), while the average number of stations in a local market
is 6.3 (standard deviation 6.7).%"

On top of the variance between the average characteristics of local markets,
the major firms are also differently distributed among these markets, and it is this
variance in market structure that we will heavily exploit. Table 4 and 5 illustrates
the overlap of the merging firms in local markets and shows a different geographical

pattern emerge for the two mergers to be analyzed.

34Note also that distance might not be the only source of horizontal differentiation between stations.
35In Hungary, highways can be entered only after paying the toll, and exits can be quite far from
each other. Therefore it seems unlikely consumers would enter and exit the highway for the sake
of a potentially lower pump price. The average price at petrol stations on highways is only 3-
4% higher than at other stations, but we see a slightly different trend in highway prices than in
off-highway prices. Because of these facts, it is usual to define gasoline stations on highways as
different geographical markets.

36Bresnahan and Reiss (1991) studied oligopolistic markets with entry costs and analyzed the
relationship between local market size and the number of sellers (see also Campbell and Hopenhayn
(2005)), and they found similar distributions of firms in some industries to ours - see especially
the distribution of automobile dealers in their Table 2, which probably has the closest connection
to the gasoline market in their sample. We can also check in our case that the number of firms is
strongly correlated with indicators proxying local market size (0.96 with taxable income, 0.97 with
population).

37Note that firms (brands) can have multiple stations in some local markets (usually in the larger
ones), and we include white stations as well when looking for the total number of stations.
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Table 4. Number of local markets where Agip and Esso are present

Essolpresent  Essolnot present Total

Agip present 12 52 64
Agipl hot present 4 96 87
Total 16 135

Table 5. Number of local markets where Lukoil and Jet are present

Jetpresent Jetthot present Total

Lukoil present 6 32 38
Lukoil hot present 11 115 113
Total 17 134

Esso stations acquired by Agip were direct competitors of Agip in 75% of the
local markets where Esso is present, while this overlap is only 35% for the Lukoil/Jet
merger. On the other hand, the acquisition of Jet stations increased Lukoil’s presence
on local markets by almost 30%, but this expansion is only 6% for Agip. Therefore,
the acquisition of Esso by Agip can be seen more as a merger with a direct competi-
tor, while the Lukoil/Jet merger resulted more in market expansion. This may lead
to a conjecture of a larger price effect resulting from the Agip/Esso merger, which
may look consistent with the evolution of average prices at the firm-level presented
on Graph 2.

However, the analysis of descriptive data can give only preliminary conjectures
on merger effects. Definitive results can only be obtained by the thorough analysis

of changes in local prices while controlling for other factors affecting the prices.

3.6. Estimation method and identification of ex post merger effects
3.6.1. Estimation of merger effects

Our main aim is to differentiate among eight types of price effects resulting from the

two mergers, as demonstrated by Figure 1 in the Introduction. Naturally, we want
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to separate the price effects of the two mergers (Agip/Esso and Lukoil/Jet effects).
However, theory suggest that price effects are heterogeneous and therefore we want
to estimate four separate effects for each merger. First, we want to differentiate
between the direct effects on the prices of the merging parties and the indirect effect
on the prices of their respective competitors (own versus competitor effect). Second,
we also want to separate the price effects associated with the two different parties
in each merger (buyer and seller effects).

The eight merger effects are estimated with a difference-in-differences estimator.
We chose the difference-in-differences estimator, because we have only few observ-
ables to account for differences in station characteristics and the double differencing
removes the time invariant differences among stations affected and unaffected by the
mergers. Moreover, it also controls for time trends that are not related to the merg-
ers. Since we track stations over the sample period, the difference-in-differences
estimator is implemented in a panel regression framework with station and time

fixed effects. Our estimated equations take the following standard form:

Yie = E Qg ;0Wn i + (3.1)
j€Agip,Esso,Lukoil,Jest

+ E aigjcompetitor i +
JjE€Agip,Esso,Lukoil,Jest

-+ Z Breontroly + w; + vy + €,
k

where a-s and f3-s are parameters to be estimated, i indexes stations, ¢ indexes
time and j indexes the merging parties. The dependent variable y;; is the outcome
variable of interest, which can be the price or the price-cost difference in absolute

margin) or in relative terms (markup). Dummy variables own ;; capture the merger
g y j g
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effect on merging parties and take the value of one after the merger for the stations
of each merging firm and zero otherwise. Variables competitor;; capture the merger
effect on competitors and take the value of one if station 7 has merging party j as
a competitor after the merger and zero otherwise. Depending on additional data
possibilities and considerations, we can add further variables (summarized now in
controly;;) to the model to control for other, possibly time variant factors that can
affect price changes. Finally, the error component u; is the station fixed effect, v, is
the time fixed effect and ¢;; is the disturbance term.

The inclusion of station and time fixed effects basically transform the data into
differences from the respective means. This ensures that the parameters of the
own;; and competitorj; indicator variables are indeed the difference-in-difference
estimates: they capture the difference in the margins between stations affected by
the merger and take their difference before and after the merger. Moreover, station
fixed effects control for unobserved heterogeneity, which is important in our case
because we do not fully observe all relevant characteristics of different stations and
the size of local demand for gasoline. Time fixed effects control for changes in

common unobservable variables to all stations in a given period.

3.6.2. Identification of the eight merger effects: treatment and control

groups

Although the specification in (3.1) is quite standard, it is worthwhile to discuss
identification of the merger effects a bit more in detail. The main question is whether
the estimated parameters can be interpreted as the causal effects of the merger on
firms’ margins. We argue that this is the case if the merger effects can be interpreted

as average treatment effects with the merger being the treatment. In order to see
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whether such interpretation is valid, we have to clarify how the merger effects in
(3.1) compare the margins of merging stations and their competitors to margins of
all other stations.

A merger can be interpreted as a natural experiment, because the stations’ in-
dividual prices are usually set at firms’ headquarters, so it is reasonable to assume
that the merger changes the pricing policy of the firm itself. This policy change af-
fects stations of merging parties and their competitors after the merger date, while
it does not influence all other stations’ behavior. We can then estimate the average
change in the realized station-level prices after the adjustment in firms’ behavior
took place.®

Any natural experiment defines a treatment group, which in the present case is
the set of stations affected by the merger. Obviously stations belonging to the four
merging parties were affected by the merger and therefore belong to the treatment
group. However, through the price equilibrium, also competitors are affected by
the merger and should form part of the treatment group. Defining competitors
of merging stations is not straightforward. Our choice is to define them as the
stations that are present in the same local market as any of the merging parties.
This definition implies that the treatment group is effectively defined over the local
markets. Following from the treatment group definition the control group is the set
of stations that are located in markets where no merging station is present.

Natural experiments can be exogenous or endogenuous. In the merger context

the first implies that the price outcomes of stations before and after the merger

38 A structural model of horizontal differentiation could for example lead to an equilibrium pricing
condition for a firm that sets a uniform price P with the condition that any station should decrease
its local price by X if firm A is present and Y if firm B is present. The merger can change the
parameters in this equilibrium price setting rule to X’ and Y’, which could imply different price
changes for two stations of the same firm, as they face different competitors on their local markets.
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are independent of the merger decisions themselves, i.e. there is no selection bias.
The Hungarian acquisitions formed only small parts of larger transactions involving
stations in multiple countries, and all Esso and Jet stations in Hungary were sold
to their respective buyers. Both factors considerably decrease the chance for a
selection bias. This is an advantage compared to other studies that observe mergers
initiated in the observed market. The difference-in-differences estimator can be
unbiased even if the merger decision is endogenuous (not independent of the post
merger outcomes given the observables), but exogenous merger decisions make our
estimation potentially more robust.

The difference-in-differences estimator compares the average margin of the treat-
ment group (stations taking part in the merger and their competitors) and the con-
trol group (all other stations) before and after the merger. The motivation behind
the difference-in-differences comparison is that observations on unaffected stations
(the control group) can form a counterfactual by informing us about what would
have happened to the merged stations had the merger not taken place. Controlling
for additional factors like demand and market structures ensures that we compare
as similar subjects as possible.

Since the treatment group is based on the different presence of merging stations
in local markets, the treatment group will be heterogenous. For example, there will
be local markets where only Esso is present, markets where both Esso and Agip
are present and also markets where Esso and Lukoil are present etc. Overall there
are 16 possible presence combinations, which implies 16 different treatment group
types. The central question of identification is how price information on stations
in these different treatment types are combined to produce the eight merger effect

estimates specified in (3.1).
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Table 6. Control / treatment groups identifying Esso own and competitor effects

Numbetf off station Wweek observations

Pres.enc.e Numbetlof
combination local narkets . . Control§[}’
(AEL]) Agip Esso  Lukoil  Jet  Nonmerging Total
competitors
0C0C0C0 75 0 0 0 0 20,191 20,191
1707000 37 3,866 0 0 0 13,955 17,821
OC10m0 3 0 130 0 0 1,558 1,688
00100 16 0 0 1,571 0 7,694 9,265
(URONUN! 4 0 0 0 290 2,625 2,915
1010000 4 338 224 0 0 2,374 2,936
100100 10 1,006 0 1,040 0 4,244 6,290
100001 3 398 0 0 364 3,149 3911
01 1 0 124 0 40 587 751
oromm 1 0 0 86 31 489 606
1000 2 241 221 218 0 2,075 2,755
170001 3 373 211 0 266 3,670 4,520
100010 2 432 0 331 215 2,367 3,345
110101 3 652 204 349 275 4,227 5,707

Out of the 16 possible treatment types we observe only 14 in the sample as
demonstrated by Table 6. In this table the 4-digit code indicates the respective
presence of Agip, Esso, Lukoil and Jet stations in a local market, where 1 indicates
the presence of the respective firm and 0 its absence. For example, in treatment type
1010 Agip and Lukoil are present with Esso and Jet absent, while in treatment type
1110 one or more Esso stations are present as well. For each treatment type Table 6
shows the number of local markets with such treatments, the number of station-week
observations for each merging brand and the number of station-week observations
for non-merging competitors in those markets. For example the treatment type 1010
is found in 10 local markets and contains.1006 observations on Agip stations, 1040
observations about Lukoil stations and 4244 observations about other non-merging
competitors. The control group (0000) is indicated in the first line of the table with
75 markets and 20191 observations. Most treatment types are less frequent, however,

and are observed in less than five local markets. Only three treatment types with
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Agip and Lukoil presence consist of ten or more markets. The median treatment
type contains around 3000 station-week observations.

Most of the treatment observations belong to competitors (median treatment
type contains 2374 cometitors).>® In order to see clearly how many observations
there are in total on the different merging parties, Table 7 summarizes the number
of markets and station-week observations of each merger effect. As one can see, the
number of observations on smaller merging parties is still adequate to estimate the
merger effects. In Table 7 the competitor stations are double counted: in a market
with both Agip and Lukoil presence all other station are added both to Agip and
Lukoil competitor categories. This allows one to see exactly how many competitor

observations each merging party has in total.

Table 7. Treatment and control groups identifying all own and competitor effects

Treatment groups
Nolof Tocal Nolof stations week
markets observations
Own Competitor
stations stations
Agip 59 7306 39979
Esso 16 1114 (17243
Lukoil 34 3595 24373
Jet 17 (1481 20274

The difference-in differences estimator as specified in (3.1) estimates the eight
merger effects based on the double difference of the treatment group observations
and the control group observations before and after the merger dates. For example,
the estimate of the Esso own effect combines the margin difference of Esso stations
in treatment group 0100 and the control group with the difference of Esso stations
39The much larger number of observations to identify competitor effects might lead researchers to

rely on them more in estimating merger effects (see for instance Hastings (2004)), but as we will
see from our results, competitor effects are only a lower bound for own effects.
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in treatment group 0110 and the control group. In fact, for each merger effect there
are eight possible presence combinations (treatment group types) that are used for
identification.

0 such pooling of different treatment

Aslong as one estimates only the own effects
types can be allowed to estimate a reduced number of merger effects. The merger
effect estimates can still be interpreted as the average treatment effect of the mergers.
However, including competitor effects implies that in treatment group 0110 the Esso
station receives a double treatment: one from its own merger and one from being
the competitor of a Lukoil station that also participated in a merger. This violates
the Stable-Unit-Treatment-Value- Assumption of the quasi-experimental design since
treatments received by another unit (station) influence the outcome of another unit
(station). As a result, these two effects cannot be identified separately in general.
Nonetheless, competitor effects are important, because they express the simple fact
that stations interact with each other through the market. The specification in (3.1)
circumvents this identification problem by imposing an additional assumption: both
own and competitor merger effects are linearly additive. This additional assumption
allows one to use also the multiple presence treatment types to identify the merger
effects, given that the single presence treatment types identify the merger effects even
without this assumption. Additiv linearity is a quite strong assumption, however.

Therefore, among the robustness checks we also include an alternative merger effect

definition where such treatments are excluded from the identification.

40This is the case for example in Prager and Hannan (1998) who compare interest rates of banks
in regions where both merging firms compete to regions where they do not, or in Vita and Saches
(2001) who compare hospitals with a similar number of beds, size and location differing only in
whether they were present in a county where the merger occurred or not.
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A matching estimator could be an alternative to the difference-in-differences
method. Such an estimator looks attractive if one looks at the normalized differences
of covariates between the treatment groups and the control group. As Table 8
demonstrates, these differences generally exceed one quarter, which suggests poor
covariate overlap among control and treatment groups.*! Unfortunately, we do not
have sufficiently rich station characteristics for proper matching, and the difference-
in-differences estimator can overcome this shortcoming of our dataset by the double
differencing. Of course, poor overlap is not good news even from the difference-in-
differences perspective: the parallel trends condition may not be met. Panel data,
however, allows to test for some restrictions imposed by the difference-in-differences
estimator: one can compare the pre-treatment averages of control and treatment
groups, which should not differ statistically.

Another argument against a matching estimator is that the unconfoundedness
or the selection on observables condition, which is required for this estimator, is
most likely not met. Although the mergers are exogenous to the Hungarian mar-
ket, the treatment groups (local markets) are not selected at random: stations are
located in markets based on pervious optimizing decisions of firms. There are many
aspects of these location decisions that are unobserved. Margins after the merger
can be functions of these unobservables that also affect the assignment to treatment
status. For example, based on information unobservable to us, Esso could have
bought a station at a good location knowing that it can earn high markups by doing
so. Therefore, a high markup station is selected to be an Esso station and part

of the treatment based on unobservables. Consequently, assignment to treatment

“mbens and Wooldridge (2009) suggest this rule of thumb to evaluate the normalized differences.
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status and outcomes in terms of the margin are not independent. This violates the

matching estimator’s assumptions.

Table 8: Normalized difference of covariates from control group

Numbetf of Carsper Taxbase per

Treatment competitors capita capita
Agiplown 0.86 0.67 0.66
Essoldwn 1.28 1.15 1.67
Lukoil own 0.52 0.46 0.23
Jetown 0.99 1.16 1.41
Agiplcompetitor 1.04 0.98 1.14
Essol¢ompetitor 1.25 1.10 1.44
Lukoil competitor 1.22 1.00 1.19
Jet competitor 1.19 1.10 1.36

A final issue to clarify is the sensitivity of results to the specific market defini-
tion, since treatment and control unit definitions depend on the definition of local
markets. A catchment area type market definition would clearly categorize stations
into treatment and control units somewhat differently. Catchment areas are usually
defined to be smaller than our statistical municipality proxy, which would imply
the following differences in control and treatment unit definitions. First of all, us-
ing a catchment area definition, even within the same statistical municipality there
would be control units - stations that do not belong to any of the distance based
local markets. This would, ceteris paribus, increase the number of control units
with observations that are potentially affected by the merger, which would reduce
the difference between control and treatment units. Second, along the borders of
two statistical municipalities - one treated and one non-treated municipality - con-
trol stations from the non-treated municipality would be redefined as treated. This
would reduce the number of control stations with units that are most likely affected

by the merger. As a consequence one would expect the treatment-control difference
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to increase. These two definitional changes move estimates into opposite directions
and the end result is ambiguous. Third, there would be much more competitors
belonging to only one merging station. This reclassification of competitors could
potentially have the largest effect on the estimates, although its overall effect is un-
clear. These three differences in control and treatment unit definitions show that it

is not clear-cut which market definition is better.

3.7. Estimated ex post merger effects by assuming a known treatment

date

3.7.1. Baseline estimation

When we estimate the price effects of mergers in this Section, we make an assumption
on the exact time when the two mergers started to affect the pricing of each firm,
and that it takes place as one discrete change with immediate effect for all firms.
We set this so-called effective merger date at the first day of January 2008 for both
mergers, implying that we have exactly one year before the treatment and after
the treatment. In the next Section, we discuss how to relax this assumption and
the effect it has on our results, and also explain why January 2008 can be a good
candidate for both effective merger dates.

We estimate the following version of Equation (1):

Y = Z Q1;0WNji¢ + (3.2)

j€Agip,Esso,Lukoil,Jest

+ E agjcompetitor i +
j€Agip,Esso,Lukoil,Jest
12
Bo + Bysizei + Bysizey + E ﬁ?,jtypeit + My + Ui + UVt Eit
k=3
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Although our main variable of interest is the price and the price effects, we will
use the margin - the absolute difference of retail price and cost (wholesale price)
- as our dependent variable. The main reason to do so is that prices are non-
stationary while margins are, but we will show that running estimations on prices
and controlling for costs does not change our results considerably. However, with the
margin as a the dependent variable, the estimated values of a can be still interpreted
as price effects if the wholesale price does not change due to the merger. Even if
the merger does affect the firm-specific wholesale price (due to a volume discount
for example),’? the change in costs is passed on almost completely to retail prices
(as our later estimations will show), so it can be interpreted as a price effect.

We take into account changes in market structure other than the two mergers by
including the number of stations (size; and also its square) and indicator variables
for the ten largest firms’ presence in the same local market (type;;) in the regressions.
The main condition for the validity of the difference-in-differences estimator is that
there should be no differential trend among control and treatment stations. In order
to control more strictly for common time variation we also use county-time fixed
effects (cmy). "

Table 9 shows our estimation results. Of the control variables, we only provide

results for those that we interpret later. 4

42As we do not observe the firm-specific wholesale price at which the retailer buys the gasoline it
resells, but only a publicly observable proxy, we cannot test this hypothesis.

43There are 19 counties in Hungary, each containing 8 local markets (municipalities) on average.
4“The estimated controls for the presence of merging firms are not significant, so there is no need
to correct the estimated merger effects accordingly.
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Table 9. Results of estimating Equation (2)

Dependent variable Margin (inf HUF)
Merger effects
TAgiplown 0.10
[TAgipl¢competitor 0.15
[Essolown 1.78%*
[Essolcompetitor 1.24**
[Lukoil dwn 1.95%*
[Lukoil competitor 0.20
[Jet own [0.43
{Jetl competitor 0.00
Controlsl (selected)
[Mesco [1.04**
[KlubPetrol [0.71**
TAvia 0.48%*
[INolof stations 0.08
[INolof stations
squared L0.002%*
Numbettof
observations 82701
Within R2 0.27

* significant at 5% level, ** significant at 1% level

The estimated merger effects are only significant for Lukoil and Esso. In order to

see the magnitude of these price effects, we show the relative change in retail prices

and firm-level margins (in parentheses) in Table 10.

Table 10. Relative price (margin) changes due to different merger effects

Agip/Esso Lukoil /Jet
Ownl effect on buyert firm'slStations 0 +0.8%l(+13.1%)
Ownl ¢ffect onldcquired firm's stations +0.7%L(+11.4%) 0
Competitor effect onl stations inl buyer's.¥icinity 0 0
Competitotl éffect dnl stations inl acquiret's Vicinity +0.5%0[(+8.7%) 0

The results show that both mergers had a positive but non-substantial effect on

retail prices, as all significant effects are less than 2 HUF that is less than 1% of

the average price. In terms of margins, however, the mergers provided a substantial

change in Esso and Lukoil stations’ margins and also for stations in Esso’s vicinity.
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In line with our initial expectations, we see that both mergers resulted in different
effects on the various firms, depending on their role in the merger. The Agip/Esso
merger increased the prices of the seller’s stations and also of their competitors,
but the Lukoil/Jet merger had a positive effect on the prices of the buyer’s stations
only. Concerning the main theoretical prediction, the own effect is indeed signifi-
cantly larger from the competitor effect in the case of the Lukoil/Jet merger. For
the Agip/Esso merger, the point estimates also indicate a larger own effect than
competitor effect, but this difference is not statistically significant.

We can provide a possible economic interpretation of the two transactions that
may also explain why different patterns emerge in the price effects of the two mergers.
In the case of the Agip/Esso merger, it is likely that the acquisition of Esso did not
change the potential competitive pressure on Agip from low-pricing brands,* which
can support why the Agip effects are not significant. On the other hand, the Esso
stations became part of a larger firm with a reputation for higher quality, so the
price increase on Esso stations (and therefore of its local competitors) can be likely
attributed to an upwards brand repositioning of the Esso stations.

The acquisition of Jet expanded Lukoil’s presence and recognition considerably,
providing a plausible explanation for the increase in Lukoil prices.*s However, no
significant effect is found on the Jet stations, despite both firms having a similar
pricing profile before the merger. A possible explanation could be that as Lukoil

is a vertically integrated company, the marginal cost of the Jet stations could have

45As it can be computed from Table 6 listing the treatment and control groups, the low-pricing
brands Lukoil or Jet are also present in 8 of the 12 markets where both Agip and Esso are present.
46T, ukoil competitor effects are significant at the 10% level, but are non-substantial.
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decreased because of the emerging self-supply opportunities. Therefore, an efficiency
effect might have cancelled the otherwise positive price effect on Jet.”

The difference-in-differences approach also allows us to interpret some of the
control variables as the effects of actual entry and exit of stations during the observed
period.*® The parameter estimate of the Tesco dummy for example indicates that
the entry of a Tesco station to a given local market decreased prices by 1 HUF.
The parameter estimate for Klub Petrol should be interpreted as the exit of a Klub
Petrol station increasing prices by 0.7 HUF. Surprisingly, the entry of an Avia
station increased prices by 0.5 HUF, but as a good part of bankrupt Klub Petrol’s
stations joined the Avia alliance, they likely could not sustain the very low prices
they charged before.?* A change in the number of stations in a given local market
does not have a substantial price effect either (the squared variable is statistically

significant, but very small).”®

3.7.2. Separating the effect of local competitive interactions between

merging parties

An additional important theoretical prediction to consider is that a merger may
lead to larger price effects on those local markets where the two merging firms’

stations were direct competitors of each other before the merger compared to those

4TUnfortunately, our data does not allow to separate efficiency effects as we do not observe firm-level
costs (input price).

483uch methods are usually called event or shock analysis. Ashenfelter et al (2007) discuss the
pros and cons of using these techniques by presenting the econometric methods used in the famous
Office/Staples merger. For a more general overview, see Davis and Garces (2010, Chapter 5).
49When they were still active, the average price of Klub Petrol stations was 7 HUF below the
average national level (Lukoil’s and Jet’s average prices were about 5 HUF below national average).
50T this price-concentration relationship, theory predicts that the entry of a new firm has a negative
effect on price, but this price effect is smaller in absolute value when there are more firms on the
market. So the parameter of station number is expected to be negative, but the parameter of the
squared number is expected to be positive.
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where only one was present. Testing this hypothesis requires the separation of yet
another set of effects: eight effects if the respective firm is without its merging party
("alone") in the local market, and eight effects if both merging firms are present in
the local market.

Table 6 shows that there is enough variation in the composition of merging firms
in distinct local markets for the formation of different treatment-control group pairs
to identify each effect. We then estimate Equation (2) with sixteen treatments and
report the results in the first two columns of Table 11. The third column of Table 10
contains the effects without taking into account the sole or joint presence of merging
firms (our first estimates from Table 8), which are naturally the weighted averages

of parameters in the first and the second column.

Table 11. Estimation results separated by sole/joint presence of merging firms

Effectif Effectiffboth  Overall

presentdlone present effect
Agiplown 0.23 [0.41 0,10
Agiplcompetitor 0.26 0.00 0,15
Essolbwn 2,91+ 1,25%* 1,78%*
Esso_¢ompetitor 1.57%* 1.15%* 1,24%*
Lukoil own 1.99%* 1.54%* 1,95%*
Lukoil ¢competitor 0.26 0.00 0,20
Jetown [1.03 0.71 [0,43
Jetd competitor 0.17 0.01 0,00

* gignificant at 5% level, ** significant at 1% level

Our first result is that the set of significant effects does not change if we sepa-
rate the effects by the sole and joint presence of the merging firms (Esso own and

competitor effects and Lukoil own effect). Second, the parameter estimates for the
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respective effects are in most cases not significantly different from each other sta-
tistically depending on whether only one or both merging firms are present. The
exception being the Esso own effects and Jet own effects (the latter only at 10%).

In the case of the Esso own effect, a significantly larger price effect can be
observed for those Esso stations with no Agip stations in the same local market.
While this result may seem counterintuitive at first, it can support our previous
discussion that the price increase at Esso stations was not caused by the elimination
of a previously existing competitive pressure between Agip and Esso. On the local
markets where Agip was not present before, the larger change may well have been
due to the emergence of a more recognized brand.

In the case of Jet own effects, the point estimates show a negative effect on those
markets where a Lukoil station was also present and a positive effect where there
was not. This weakly significant difference is also consistent with the conjecture
presented before that while the merger removed some competitive pressure exerted
by Lukoil, Jet stations without the presence of Lukoil could have decreased their
prices. Overall, the positive price effect was offset by an opposite effect that can be
attributed to efficiencies.

To sum up, the separation of effects based on the sole and joint presence of merg-
ing firms in local markets does not bring strong evidence for the "significant lessening
of competition". This is consistent with our previous result of non-substantial price
effects and the fact that the Hungarian mergers only formed parts of large inter-
national transactions, and were not necessarily aimed to take over a strong local

competitor.
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3.7.3. Estimating alternative specifications

We now check whether alternative specifications of our estimated equation substan-
tially modify our results. Table 12 shows the estimates of the eight merger effects
for six different specifications.

The first three columns demonstrate how additional control variables affect our
results. Specification (I) is the basic form of Equation (1) with only the necessary
treatment dummies and standard cross-section and time fixed effects. In specifica-
tion (II), we add controls for local competitors (number and type of rival stations),
and also add time-county fixed effects in specification (IIT), which is the previously
estimated and discussed Equation (2). These results demonstrate that the qual-
itative results do not change substantially, the statistically significant parameters
are the Esso own and competitor effects and the Lukoil own effect. As the added
controls are significant and the estimates provide economically sensible results, we

include both sets of controls in all of our subsequent estimations.

Table 12. Estimated effects for various specifications of Equation (1)

0 (1 (11 av) W) VD)
Dependentlvariable ~ Margin Margin Margin Price Log(Price) Matkup
Agiplown 0,03 0,20 0,10 010 0,0002 0,0003
Agip.competitor 0,01 0,15 0,15 0,15 0,0004 0,0004
Essolown 1,49%¢ 1,10* 1,78%* 1,78%* 0,0080%F  0,0082**
Essol¢ompetitor 1,05%* 0,67+* 1,24%% 1,24%* 0,0052%F  0,0054**
Lukoillown 1,98%* 2,04%* 1,95%* 1,95%* 0,0082%F  0,0086**
Lukoil ¢competitor 0,19 0,20 0,20 0,20 0,0009 0,0010
Jetown 0,04 (0,16 0,43 (0,43 [0,0003 [0,0004
Jet competitor 0,39* 0,30 0,00 0,00 0,0004 0,0004
Competitor ¢controls  No Yes Yes Yes Yes Yes
Timel eounty fixed
effects No No Yes Yes Yes Yes
Within R2 0,17 0,19 0,27 0,99 0,99 0,46

* significant at 5% level, ** significant at 1% level
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The last three columns demonstrate the results of estimating the merger effects on
other dependent variables: the price and the markup. As neither of these variables are
stationary, we should treat these estimation results with reservations. It is worth not-
ing, however, that the regressions on price (specification IV) and the logarithm of price
(specification V) produce similar results to estimates from our Equation (2). In these
specifications, we include the cost (wholesale price) on the right-hand side as a control.”!
Specification (VI) shows the change in the markup (the price-cost difference divided by
the price, also called the Lerner-index). This estimation is also in line with the margin

estimate from Equation (2): a 0.8 percentage points change in the markup for Esso station

corresponds to an increase of 13%.52

3.7.4. Alternative merger effect definitions

While discussing identification we pointed out that our specification assumes that merger
effects are linearly additive so that all treatment observations can be used for the estima-
tion. However, this assumption is quite strong. Therefore, we also present the results with
alternative merger effect definitions. Table 13 presents the estimates where own effects are
estimated only from markets where stations from one or the other merger were present
(markets 1000, 1100, 0100 for the Agip-Esso merger and 0010, 0011, 0001 for the Lukoil-Jet
merger) and competitor effects are estimated only from markets where a single merging
firm was present. This way merger effects satisfy the conditions of quasi-experimental
comparison without any further assumptions. We can use double presence markets for
the identification of own effects, because after the merger stations of the merging parties
do not compete with each other, therefore there is no competitor effect to be taken into
account.

lIn specification (IV), the estimated cost parameter is not significantly different from 1, which

signals an (almost) complete pass-through at the retail level.
92The average markup is about 6% at the retail level.
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Margin
Dependent variable (HUF)
Merget éffects
[IAgiplown 0.41*
[IAgip competitor 0.32%*
[Essolown 1.45%
[[Essolcompetitor 1.15%*
[(Lukoil own 1.970%*
[(Lukoill¢competitor 0.31
(et dwn [1.34
(et competitor 0.60
Numbetlof
observations 82701
Within[R2 0.27

119

* gignificant at 10% level, ** significant at 5% level, *** significant at 1% level

The results do not change significantly using the alternative merger effect definitions.
The magnitudes are somewhat smaller for the Esso and Lukoil point estimates and they are
also less precise (except for the Lukoil own effect). The only important difference is that
the Agip effects are also statistically significant at the 10% level in this specification. The
magnitudes of these merger effects are, nonetheless, very small. All in all these findings

suggest that the additive linearity assumption holds in our case.

3.8. Sensitivity to the effective merger dates

Up to this point, we made strong assumptions on the effect mechanism of the mergers.
First, we assumed that the effective merger date — that is the date the merging firms
actually change their business and pricing policies — can be observed by the researcher,
which is hardly ever the case. Typically, the only public information concerns the clearance
date of the merger after which the merging firms are allowed to coordinate their business
policies, but the change in firm’s actual pricing may take several months. Some observable

information may be available on firing managers or on rebranding decisions, but these are
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imperfect proxies of the effective merger date.’® Second, we assumed that the change in
pricing policy is a sudden discrete jump that is simultaneously happening for all firms,
but adjustments could be gradual and competitors may not instantaneously react. It is
therefore crucial to test the sensitivity of our results with regards to these assumption.
Initially, we analyze only the case when the two mergers takes effect at unobservable
and potentially different dates, yet the effects are immediate. In our application, we
estimate the merger effects in Equation (2) by gradually changing the effective merger
date month-by-month from the first week of August 2007 till April 2008 for the Agip/Esso
merger, and from the first week of March 2007 till March 2008 for the Lukoil /Jet merger.®
Graphs 3 and 4 show the own and competitor effects for Agip/Esso and then Lukoil /Jet
for a range of effective merger dates, keeping the respective other effective merger date

constant at January 2008.° We show only those estimates that are significant at 5%.

Graph 3. Significant Agip and Esso results for Agip/Esso effective merger dates
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%In our case, the only information is that both Agip and Lukoil started to repaint the acquired
stations in November 2007, but the brand of some stations was changed only several months later.
% Agip/Esso was cleared at 24-07-2007, Lukoil/Jet at 17-02-2007.

9Changing the Agip/Esso effective merger dates does not change substantially the estimated
effects for Lukoil and Jet and vice versa, so we do not show results for all possible pairs of effective
merger dates.
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Graph 4. Significant Lukoil and Jet results for Lukoil/Jet effective merger dates
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In the case of the Agip/Esso merger, the own and competitor effects are always signif-
icant and positive for Esso, but never significant for Agip.’® For this merger, the choice of
the effective merger date does not change the qualitative results, but the estimated effects
almost double if the merger is assumed to make an effect six months after clearance rather
than immediately. In the case of the Lukoil/Jet merger, however, we find only negative
Lukoil competitor effects with effective merger dates before June 2007 and only positive
Lukoil own effects with effective merger dates after this time. Therefore, for the second
merger we may reach different qualitative conclusions if the effective merger date lies close
to the clearance date, and the quantitative changes can be higher as well (the Lukoil own
effect almost triples if effective merger date is December 2007 instead of June 2007). We
see that all effects increase if we start to move the effective merger date from the clearance
date, and the point estimates reach their peaks between December 2007 and February
2008.

We may use the above results for a speculative reasoning on the effective merger date.
If the treatment indeed causes a discrete and immediate price increase and there are no

%The own effect is also always larger than the competitor effect, although the difference is not
statistically significant.
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other shocks affecting the industry, then the estimates for the assumed effective merger
dates should be increasing before the actual effective merger date and decreasing after.
Therefore, if we observe a (statistically significant) peak in the pattern of estimated merger
effects then the date of this peak can be a candidate for the effective merger date. This is
what we have done in Section 7 by pinning down both effective merger dates to January
2008 and even these estimates showed negligible price effects for both mergers. Note that
one should be cautious with this approach of selecting the effective date, but we can use
the results to find an upper bound for the effects of a merger.

We now turn to the second potential issue, namely that the change due to the merger
can be gradual, because of lengthy adjustment periods or differences in firms’ reaction
time. In this case, some observations fall in an intermediate period, and it might be
beneficial to exclude this "window" period from the before-after comparisons.’” In our
application, we estimate Equation (2) by excluding a window starting from September
2007 for the Agip/Esso merger and July 2007 for the Lukoil /Jet merger,”® and change the

end of the window month-by-month till March 2008.

Graph 5 Significant effects for different Agip/Esso window end dates
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STFor the same reasons, Ashenfelter and Hosken (2008) estimate merger effects by leaving out
observations within 3 months of the clearance date.

81f we start the Lukoil/Jet window before June 2007, only the Lukoil competitor effects will be
significant.
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Graph 6. Significant effects for different Lukoil/Jet window end dates
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Graphs 5 and 6 show the significant effects (at 5%) of the respective merger for different
window end dates, by keeping the other effective merger date at January 2008. The
qualitative results do not change significantly on whether we include a window period or
not: the set of significant effects remain the same and the effects are always larger when

fewer observations from 2007 belong to the "after treatment" regime.

3.9. Control-treatment margin differences

As a final sensitivity check we look at the margin differences between control and treat-
ment groups throughout the full sample period. More precisely we estimate the monthly
price differentials for the stations of the four merging firms and of their competitors with
the specification of Equation (2) and we normalize the monthly price differentials to zero
in the month of the clearance for the firms affected by the respective merger, (February
2007 for Lukoil/Jet and July 2007 for Agip/Esso). Graphs 7 and 8 show the evolution of
the margin differentials, where we plot only parameter estimates that are significant at
5%.

These normalized control-treatment differences are informative in two respects. First,
they offer a way to test for the validity of the assumptions behind the difference-in-
differences estimator. As Imbens and Wooldridge (2009) point out, this normalized differ-

ence should be zero in the pre-merger periods if the difference-in-differences assumptions
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are valid. Looking at the graphs shows that on average this condition is satisfied for all
merger effects but the Lukoil competitor effects. This suggests that the Lukoil competitor
estimates should be interpreted carefully, since the estimator might be biased. We did
not have significant estimates for this effect, however, therefore our core results are not

affected by this finding.

Graph 7. Significant monthly differentials of treatment and control stations for Agip and

Esso and their competitors
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Graph 8. Significant monthly differentials of treatment and control stations for Lukoil

and Jet and their competitors
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Second, the normalized differences provide further insight on the merger date choice,

because they basically show what the ’before’ and ’after’ averages are calculated from: the
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standard difference-in-differences estimator of any merger effect is the difference between
the average of the respective monthly differentials in months before and after the effective
merger date. The results show a visible difference emerging between the prices of treatment
and control stations for both mergers from the end of 2007. In the case of the Agip/Esso
merger, the price differentials are steadily increasing for the treatment group belonging
to Esso own and competitor effects, which can be consistent with the gradual brand
repositioning explanation we discussed earlier. In the case of stations used in estimating
the Lukoil own effect, however, there is a discrete jump in the monthly price differentials
between stations in the treatment and control group, which can indicate a sharp change
in the firms’ pricing policy.

The graphs show why some results are more sensitive to the choice of the effective
merger date than others. For example, as the monthly differential is almost never signifi-
cant in the case of Jet, the difference-in-differences estimator robustly shows zero Jet own
and competitor effects to all effective merger dates; while the increase of Esso monthly
differentials explains why we estimate larger Esso effects if the effective merger date lies

further away from the clearance date.

3.10. Conclusion

This paper showed how to separate the ex post effects of simultaneous mergers on
the prices of buyer and seller firms and their competitors. We exploit variation in the
combination of affected firms’ presence in distinct local markets to identify and estimate
these effects by difference-in-differences methods. The separation of these effects enables
us the testing of previous theoretical predictions of the merger literature explaining how
the firms’ different role in the merger may result in different price changes after the merger.

As an application, we used a sufficiently rich panel database of station-based prices
to analyze two almost simultaneous mergers in the Hungarian retail gasoline market. We

concluded that a positive but negligible price effect can be attributed to both mergers,
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but one merger resulted in higher prices for the buyer firm’s stations only, while the other
increased prices of seller’s stations and of its competitors. We also checked whether these
results were sensitive to the (unobservable) dates when the mergers effectively changed
the firms pricing, and found that our qualitative implications emerge robustly.

Our method for separating the different price effects of mergers can be applied to any
merger where there is some variation in the activities of the affected firms among distinct
local markets (or in some cases, among distinct products). Therefore, given appropriate
data, one could use this approach in the ex post evaluation of airline, hospital or supermar-
ket mergers, which typically attract public and political attention. The method can also
be modified to study research questions emerging from the specific needs of a policy case.
In our application, for example, we could have easily studied how the mergers affected
the pricing of stations owned by vertically integrated companies and individual stations
differently by appropriately selecting the local markets identifying this effect.

In the future, we plan to complement our database with data on driving distances
between stations. This feature will allow us to fine-tune the local market approach we
have been working with, and check the robustness of our results in this respect. We can
also add a further set of station characteristics to control for additional services like dining
or car wash facilities, which could shed further light on the competition between leading

brands offering a full range of services and discount stations supplying only gasoline.
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