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1 Introduction

The dissertation is a collection of three essays on discrete choice models of product di¤er-

entiation. The �rst two essays focus on demand modeling, with the �rst one also assessing

implications for competition policy. The third essay applies the modeling techniques to

assess state aid granted to the car market during the crisis.

In the �rst essay we start from an aggregate random coe¢ cients nested logit (RCNL)

model to provide a systematic comparison between the tractable logit and nested logit (NL)

models with the computationally more complex random coe¢ cients logit (RC) model. We

�rst use simulated data to assess possible parameter biases when the true model is a RCNL

model. We then use data on the automobile market to estimate the di¤erent models, and

as an illustration assess what they imply for competition policy analysis. As expected, the

simple logit model is rejected against the NL and RC model, but both of these models are

in turn rejected against the more general RCNL model. While the NL and RC models result

in quite di¤erent substitution patterns, they give robust policy conclusions on the predicted

price e¤ects from mergers. In contrast, the conclusions for market de�nition are not robust

across di¤erent demand models. In general, our �ndings suggest that it is important to ac-

count for sources of market segmentation that are not captured by continuous characteristics

in the RC model.

In the second essay I draw lessons from the �rst one for the substitution patterns exhibited

by the RC and NL models. The NL model exhibits substitution within segments, while the

RC model exhibits much larger substitution to neighboring segments. But the RC model

is computationally complex. For this reason, I introduce a new discrete choice model of

demand, the Ordered Nested Generalized Extreme Value (ONGEV) model. This model

allows for segmentation in markets with di¤erentiated products where consumers are likely

to substitute to neighboring segments. The model represents a tractable extension of the NL

model, in which substitution patterns across all segments, neighboring or not, are instead

symmetric. I apply the model to the automobile market where segments are ordered from

small-size to luxury. The NL model is rejected against the ONGEV model. The implied

substitution patterns illustrate the presence of relevant neighboring segment e¤ects when

consumers substitute outside their segment.

In the third essay we examine state aid granted to the car industry. During the cri-

sis governments granted large amounts of public support to save their national automobile

producers. We develop a framework to assess whether state aid was warranted. We �rst esti-

mate a demand model with product di¤erentiation. We then perform policy counterfactuals

to assess the consequences of alternative plausible scenarios absent state aid. We simulate



mergers, �rm restructuring and bankruptcy of the ailing �rm. We apply the analysis to sev-

eral aid recipients, with a focus on Opel. We �nd that state aid is warranted when it avoids

dramatic reductions in product variety or the bankruptcy of the ailing �rm. In contrast,

state aid is mostly not warranted when we balance its cost with the loss of welfare caused

by mergers. Our �ndings suggest that the European Commission�s decision to relax state

aid control rules during the crisis may not have been justi�ed.
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Part I

Nested logit or random coe¢ cients
logit? A comparison of alternative
discrete choice models of product
di¤erentiation





1 Introduction

Discrete choice models of product di¤erentiation have gained considerable importance in

empirical work. Because they treat products as bundles of characteristics, they o¤er the

possibility to uncover rich substitution patterns with a limited number of parameters. Berry

(1994) developed a framework to estimate a class of discrete choice models with aggregate

sales data. His framework includes the logit and nested logit models, and the full random

coe¢ cients logit model of Berry, Levinsohn and Pakes (1995) (hereafter BLP).

The logit and nested logit models have been popular because of their computational

simplicity, since they can be transformed to simple linear regressions of market shares on

product characteristics. At the same time, they have long been criticized because they yield

too restrictive substitution patterns. The logit model assumes that consumer preferences are

uncorrelated across all products, implying symmetric cross-price elasticities. The nested logit

model allows preferences to be correlated across products within the same group or �nest�. It

thus entails a special kind of random coe¢ cients on group dummy variables (Cardell, 1997).

It allows products of the same group to be closer substitutes than products of di¤erent

groups, but the aggregate substitution patterns remain restrictive: cross-price elasticities

within the same group are still symmetric, and substitution outside a group is symmetric

to all other groups. In contrast, BLP�s full random coe¢ cients logit model incorporates

random coe¢ cients for continuously measured product characteristics (and not just for the

group dummy variables in the nested logit model). This creates potentially more �exible

substitution patterns, where products tend to be closer substitutes as they have more similar

continuous characteristics. However, the random coe¢ cients model is computationally more

demanding, and several recent papers have studied a variety of problems relating to its

numerical performance; see Knittel and Metaxoglou (2012), Dubé, Fox and Su (2012) and

Judd and Skrainka (2011).

Against this background it is a particularly timely question whether and when the popular

logit and nested logit models can be used as reasonable alternatives to the computationally

more demanding full random coe¢ cients logit model. In this paper we provide a systematic

comparison between these demand models, and as an illustration assess how they perform

in competition policy analysis. To accomplish this, we start from a general random coe¢ -

cients nested logit model (RCNL) that covers the logit, nested logit (NL) and full random

coe¢ cients logit (RC) as special cases. The RCNL model thus includes both the random

coe¢ cients for continuously measured characteristics as in the RC model, and the random

coe¢ cients or �nesting parameters�for the group-speci�c dummy variables of the NL model.

The RCNL model serves as a benchmark to assess the relative performance of the RC and
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NL models.

To motivate our analysis, we set up two groups of Monte Carlo experiments. In the

�rst one we assess the role of the di¤erent distributional assumptions to model consumer

heterogeneity taken by the NL and RC model. In the second group of experiments we

study the most general RCNL model. Monte Carlo results are, by de�nition, design-speci�c,

but in all the studied cases we found the following. First, the di¤erent assumptions of

the NL and RC models to model heterogeneity do not matter much: we always obtain

reasonable substitution patterns from the misspeci�ed model that approximate the true

ones. But omitting heterogeneity, as in the Logit model, produces unreasonable substitution

patterns. Since it is usually preferable to use analytic integration rather than simulation,

the computationally tractable NL is a pragmatic alternative to a RC model with random

coe¢ cients on dummies. Second, we obtain precise estimates of the RCNL model using

an accurate estimation procedure (analytical derivatives and a tight contraction mapping

convergence criterion). Third, the RC model provides the most accurate approximation

of the substitution patterns implied by the correctly speci�ed model, but with consistent

underestimation of cross-substitution within a group and overestimation across groups.

We then turn to our main empirical analysis. We collected a unique dataset on the au-

tomobile market for nine European countries covering around 90% of the car sales in the

European Union during 1998�2006. The market is commonly classi�ed in various di¤erent

segments (subcompact, compact, intermediate, standard, luxury, SUV and sports) and car

manufacturers typically promote their models as belonging to one of these segments. Hence,

the segments may proxy for observed product characteristics such as the size, engine perfor-

mance and fuel e¢ ciency. But it is also possible that they capture intrinsically unobserved

features shared by di¤erent car models. Our dataset is therefore particularly interesting to

compare the performance of the logit, NL, RC and RCNL models. Consistent with earlier

�ndings, the logit model is rejected against both the NL and RC models. More importantly,

in the general RCNL model the nesting parameters become quantitatively smaller (consis-

tent with the results of our simulation experiment), but they remain highly signi�cant and

economically important. Furthermore, the random coe¢ cients relating to car size become

insigni�cant, while the random coe¢ cients relating to engine power and fuel e¢ ciency re-

main signi�cant. These various �ndings suggest that the nesting parameters may proxy for

random coe¢ cients of some of the observed continuous characteristics, but also capture other

unobserved dimensions of consumer preferences.

To illustrate the implications of our �ndings, we present own- and cross-price elasticities

for the di¤erent models, and we perform policy counterfactuals common in competition pol-

icy: market de�nition and merger simulation. In terms of substitution patterns, the NL and
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RC model yield quite di¤erent results. In particular, there is much stronger substitution

within segments in the NL model and much larger substitution to other (especially neigh-

boring) segments in the RC model. Despite these di¤erent substitution patterns, merger

simulations of two domestic mergers yields fairly robust conclusions across di¤erent demand

models: while the simple logit clearly appears inappropriate, the NL, RC and RCNL all tend

to give robust conclusions. In sharp contrast, the conclusions for market de�nition are not

robust: the RC suggests a wide market de�nition at the level of all cars (similar to the logit),

whereas the NL and RCNL suggest a more narrow de�nition at the level of the segments.

We draw two implications for competition policy. First, the lack of robustness in market

de�nition should not be attributed to the RC model per se, but rather to the arbitrariness

in selecting candidate markets (as segments) in the market de�nition approach. Second, the

robustness in merger simulation suggests the simple NL model can be su¢ cient to obtain

reliable policy conclusions, despite the di¤erent substitution patterns from the RC model.

More generally, one can draw two implications for the choice of demand model in ap-

plied work. First, the choice between the tractable NL model and the computationally more

complex RC model may depend on the application. In our analysis of hypothetical domestic

mergers consumer heterogeneity regarding the cars domestic/foreign origin is particularly

relevant, and the NL model captures this reasonably well. In other applications, the most

relevant aspects of consumer heterogeneity may not be captured well by nesting parameters

for groups or subgroups. In these cases, it is appropriate to estimate RC models with random

coe¢ cients for the most relevant continuous characteristics.

Second, our results imply that it can be important to account for sources of market seg-

mentation that are not captured by continuously measured product characteristics. Adding

a nested logit structure to BLP�s random coe¢ cients model is a tractable way to accomplish

this, since it gives closed-form expressions for the integrals in the choice probabilities. But

one may also consider other tractable models from McFadden�s (1978) generalized extreme

value model (GEV). Examples are Small�s (1987) model of ordered alternatives and Bres-

nahan, Stern and Trajtenberg�s (1997) �principles of di¤erentiation model�, which allows

for segmentation in more than one dimension without imposing a hierarchical structure. In

principle, BLP�s framework can of course also incorporate random coe¢ cients on group dum-

mies. But this is more complicated because it increases the dimensionality of the integrals

that need to be simulated, and in practice it often proves di¢ cult to estimate the coe¢ cients

as precisely as in the closed form GEV models. For example, Nevo (2001) estimates a rich

demand model for the U.S. cereals market. His model includes three random coe¢ cients for

the segments (all-family, kids and adult), but two of these are estimated rather imprecisely.

Our comparison of alternative discrete choice models is timely for several related rea-
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sons. First, a few recent papers have thoroughly studied several (often commonly known)

numerical di¢ culties with the aggregate random coe¢ cients model. Knittel and Metaxoglou

(2012) mainly focus on global convergence problems, in particular the role of starting values

and di¤erent optimization algorithms. Dubé, Fox and Su (2012) focus on the properties of

BLP�s �inner loop�contraction mapping algorithm for inverting the market share system.

They stress the importance of a tight convergence criterion for the contraction mapping,

and suggest a mathematical program with equilibrium constraints (MPEC) as an alterna-

tive approach. Reynaerts, Varadhan and Nash (2010) explore alternative algorithms to the

contracting mapping to invert the market share system. Judd and Skrainka (2011) focus on

problems of pseudo-Monte Carlo integration to compute the aggregate market share system,

in particular without variance reduction methods. They consider a variety of alternative in-

tegration methods. We draw from these �ndings in our own empirical analysis, by cautiously

considering multiple starting values, using a tight inner loop contraction mapping and taking

a large number of Halton draws for approximating the integrals.1

Second, there is a large and rapidly growing empirical literature estimating aggregate

discrete choice models of product di¤erentiation, with applications in industrial organiza-

tion, international trade, environmental and public economics, marketing, �nance, etc. A

complete review of the applied aggregate discrete choice literature is beyond the scope of this

introduction, so we limit attention here to early work. Much of this work has actually also

looked at automobiles. Bresnahan (1981) and Feenstra and Levinsohn (1995) are important

contributions preceding the seminal work of Berry (1994) and BLP. Verboven (1996a) and

Fershtman and Gandal (1998) are early applications of Berry�s (1994) aggregate nested logit

model. Nevo (2001), Petrin (2002) and Sudhir (2001) are early applications with interesting

extensions of BLP�s full random coe¢ cients model. In recent years, academic work appears

to focus more exclusively on the random coe¢ cients models, whereas competition policy

practitioners often use the logit and nested logit models. Our �ndings on the automobile

market suggest that the nested logit model may not only be a reasonable approximation

in competition policy, but also in other applications where the market segments are the

most relevant di¤erentiating dimensions, for example an analysis of trade liberalization. In

contrast, applications on quality discrimination or environmental policy would warrant esti-

mating BLP�s random coe¢ cients logit model, since the relevant random coe¢ cients (engine

power and fuel e¢ ciency) are not well-captured by the nesting parameters.2

1We do not however consider Dubé, Fox and Su�s (2012) alternative MPEC approach, because we have
a large number of products/markets, implying a large number of nonlinear constraints in their constrained
optimization algorithm. Nor do we pursue Judd and Skrainka�s (2011) alternative integration methods here.

2Wojcik (2000) also compares the NL and RC model. She claims the NL model is likely to be superior,
but Berry and Pakes (2001) raise serious methdological problems with her comparison. Our approach is
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The rest of this paper is organized as follows. Section 2 presents the model and con-

ducts Monte Carlo experiments. Section 3 uses the dataset for the European car market to

estimate the logit, NL, RC and RCNL models and the implied price elasticities. Section 4

draws implications for competition policy analysis, applying market de�nition and merger

simulation. Conclusions follow in section 5.

2 The model

2.1 Demand

We consider a random coe¢ cients nested logit model (RCNL) that contains the logit, nested

logit (NL) and random coe¢ cients logit (RC) as special cases. There are T markets, t =

1; : : : ; T . In each market t there are Lt potential consumers. Each consumer i may either

choose the outside good 0 or one of the J di¤erentiated products, j = 0; : : : ; J . Consumer

i�s conditional indirect utility for the outside good is ui0t = "i0t. For products j = 1; : : : ; J it

is

uijt = xjt�i + �jt + "ijt; (1)

where xjt is a 1�K vector of observed product characteristics (including price), �i is a K�1
vector of random coe¢ cients capturing the individual-speci�c valuations for the product

characteristics, �jt refers to unobserved product characteristics (to the econometrician), and

"ijt is a remaining individual-speci�c valuation for product j.

The random coe¢ cients vector, �i, can be speci�ed as follows. Let � be a K � 1 vector
of mean valuations of the characteristics, � be a K � 1 vector with standard deviations of
the valuations, and �i be a K � 1 vector with standard normal random variables. We then

specify

�i = � + ��i; (2)

where � is a K � K diagonal matrix with the standard deviations � on the diagonal.3

The individual valuations for the products j, "ijt, may be modeled as iid random variables

with an extreme value or �logit� distribution, as in BLP. Here, we suppose that the "ijt
follow a more general �nested logit�distribution, which allows preferences to be correlated

across products in the same group or segment. More speci�cally, following Berry�s (1994)

rather di¤erent from Wojcik since we start from a more general model that covers the NL and RC models
as special cases. Furthermore, we follow prediction excercises in the spirit of those advocated by Berry and
Pakes (2001). Our conclusions are much more nuanced since we focus on identifying circumstances where
the NL may, or may not, be a reasonable alternative.

3In principle, one may also specify non-zero o¤-diagonal elements in � to allow consumer valuations to
be correlated across characteristics.
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discussion of Cardell (1997), suppose we can assign each product j to a group g, where

the groups g = 0; : : : ; G are collectively exhaustive and mutually exclusive and group 0 is

reserved for the outside good 0. Write

"ijt = � igt + (1� �)"ijt; (3)

where "ijt is iid extreme value and � igt has the (unique) distribution such that "ijt is extreme

value. The parameter � is a �nesting� parameter, 0 � � < 1; � igt can be interpreted as

random coe¢ cients on group-speci�c dummy variables. The distribution of � depends on �;

which proxies for the degree of preference correlation between products of the same group.4

As � goes to one, the within-group correlation of utilities goes to one, and consumers perceive

products of the same group as perfect substitutes relative to other products. As � goes to

zero, the within-group correlation goes to zero, and the model reduces to the simple logit.

Using (2) and (3) and de�ning the mean utility for product j, �jt � xjt� + �jt, we can
write consumer i�s conditional indirect utility (1) as

uijt = �jt + xjt��i + � igt + (1� �)"ijt:

Indirect utility can thus be decomposed as the sum of three terms: a mean utility term �jt
common to all consumers; an individual-speci�c term xjt��i relating to continuous product

characteristics xjt; and an individual-speci�c term � igt+ (1� �)"ijt relating to the products�
discrete characteristics, the groups or nests. If �k = 0 for all elements in � (or in �), we

obtain the standard nested logit model. If � = 0, we obtain BLP�s random coe¢ cients logit

model. And if all �k = � = 0, the simple logit model results.

Each consumer i in market t chooses the product j that maximizes her utility. The

aggregate market share for product j in market t is the probability that product j yields

the highest utility across all products (including the outside good 0). The predicted market

share of product j = 1; : : : ; J in market t, as a function of the mean utility vector �t and the

parameter vector � = (�; �; �), is the integral of the nested logit expression over the standard

normal random variable vector �i:

sjt(�t; �) =

Z
�

exp ((�jt + xjt��) = (1� �))
exp (Ig= (1� �))

exp Ig
exp I

�(�)d�; (4)

4One can extend the nested logit model to group-speci�c nesting parameters �g, g = 1; : : : ; G.
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where Ig and I are McFadden�s (1978) �inclusive values�de�ned by

Ig = (1� �) ln
XJg

k=1
exp ((�kt + xkt��) = (1� �)) ;

I = ln
�
1 +

XG

g=1
exp Ig

�
;

and Jg is the number of products in segment g (such that
PG

g=1 Jg = J). If � = 0, we obtain

BLP�s random coe¢ cients logit model:

sjt(�t; �) =

Z
�

exp (�jt + xjt��)

1 +
PJ

k=1 exp (�kt + xkt��)
�(�)d�:

We approximate the integral over �i in (4) by simulating R draws over the density of �:

sjt(�t; �) =
1

R

XR

i=1

exp ((�jt + xjt��i) = (1� �))
exp (Ig= (1� �))

exp Ig
exp I

: (5)

To estimate the demand parameters �, we follow Berry (1994), BLP and the subsequent

literature. We equate the observed market share vector (i.e. unit sales per product divided

by the number of potential consumers Lt) to the predicted market share vector, st = st(�t; �).

We solve this system for �t in each market t, using a slight modi�cation of BLP�s contraction

mapping for the nested logit model; see Brenkers and Verboven (2006). Since the error

term enters additively in �t, this gives a solution for the error term �jt for each product

j = 1; : : : ; J in market t. We can then interact this with a set of instruments providing the

moment conditions to proceed with GMM, as we discuss in more detail in section 3.

2.2 Monte Carlo experiments

We set up two groups of Monte Carlo experiments. In the �rst one we assess the role of the

di¤erent distributional assumptions to model consumer heterogeneity taken by the NL and

RC model. In the second group of experiments we study the most general RCNL model. In

all the experiments we mainly focus on the consequences of estimating misspeci�ed models

on the substitution patterns. We also take the opportunity to comment on the numerical

performance of the di¤erent models in light of the recent literature on these issues. Monte

Carlo results are, by de�nition, design-speci�c, but in all the studied cases we found the

following. First, the di¤erent assumptions of the NL and RC models to model heterogeneity

do not matter much: we always obtain reasonable substitution patterns from the misspec-

i�ed model that approximate the true ones. But omitting heterogeneity, as in the Logit

model, produces unreasonable substitution patterns. Since it is usually preferable to use an-
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alytic integration rather than simulation, the computationally tractable NL is a pragmatic

alternative to a RC model with random coe¢ cients on dummies. Second, we obtain precise

estimates of the RCNL model using an accurate estimation procedure (analytical derivatives

and a tight contraction mapping convergence criterion). Third, the RC model provides the

most accurate approximation of the substitution patterns implied by the correctly speci-

�ed model, but with consistent underestimation of cross-substitution within a group and

overestimation across groups.

The common settings for all the experiments are the following. Each simulated dataset

consists of T = 50 independent markets and J = 25 products per market. Each product j

in each market t has one continuous characteristic, x1jt and one discrete characteristic, djt,

a dummy variable referring to the product�s group or nest (either group 0 or group 1). So

the observed product characteristics vector is xjt = (1; x1jt; djt): a constant, a continuous

characteristic and a dummy. Each product has an unobserved product characteristic �jt
which is drawn from a standard normal distribution. We assume that �jt is uncorrelated with

x1jt: hence, all the observed product characteristics are exogenous. Since we are interested

in comparing the performance of the models, we abstract from the issue of endogeneity of

product characteristics (typically the price variable), which would be common to all the

models, and the appropriate instrumentation for it.5 At the same time, x1jt is drawn from a

lognormal distribution which mimics the distribution of prices in an empirical dataset: we

will interpret the elasticities with respect to x1jt as a sort of price elasticities.

It will be convenient to treat the group dummy variable djt as the realization of a latent

continuous variable d�jt. Assume that: 
lnx1jt
d�jt

!
s N

 
0

0
;
1 &xd

&xd 1

!
;

and djt = 1fd�jt>cutoffg.

Note that in the design of the Monte Carlo experiments we can vary both the correlation

between d�jt and x
1
jt (&xd) and the cuto¤ point (d

�
jt > cutoff). Di¤erent correlation levels

between d�jt and x
1
jt will vary the extent to which the product�s group is informative about the

continuous characteristic. Di¤erent cuto¤ points will vary the number of products allocated

in group 0 and group 1 (and, to a lesser extent, will also indirectly change the correlation

between d�jt and x
1
jt). We will check the robustness of our conclusions against di¤erent Monte

Carlo designs.

5For a recent discussion on the role of instruments in the GMM context, see Armstrong (2012) and
Reynaert and Verboven (2012).
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The simulation study is carried out with 1000 Monte Carlo datasets for each data generat-

ing process (DGP). For each dataset, we use GMM to estimate both the correctly speci�ed

model and the misspeci�ed models. In all cases we generate the set of instruments from

within the model, following following Chamberlain�s (1987) approach as applied in Berry,

Levinsohn and Pakes (1999). Given the demand parameters � = (�; �; �), this instrument

vector is the expected value of @�jt(�)=@�
0.6 This includes the characteristics vector itself

(xjt) and nonlinear functions of the characteristics and the parameters.

For the approximation of the market share integral in (4), we use an accurate polynomial-

based Sparse Grid quadrature rule as suggested by Judd and Skrainka (2011):

sjt(�t; �) �
XN

i=1
'i
exp ((�jt + xjt��i) = (1� �))

exp (Ig= (1� �))
exp Ig
exp I

(�); (6)

where we use 9 nodes appropriately weighted by 'i: we can accurately approximate the

integral in the market share equation with a relatively low number of nodes.7 Since our

focus is not on numerical integration error, we use the same set of nodes and weights to

compute the market share in the DGP and the estimation. Finally, for all the estimations

we draw from the recent literature on the numerical problems with the aggregate random

coe¢ cients model and consider 5 starting values, a state-of-the-art optimization algorithm

(Knitro 8.0) and a tight inner loop contraction mapping.

For each of the two groups of Monte Carlo experiments (set-up 1 and set-up 2) we specify

di¤erent designs to check the robustness of our results. Space constraints do no allow us

to report the results for all the di¤erent DGPs; table 1 reports a summary of the designs

speci�c to each DGP that are reported in the text.

Set-up 1 In set-up 1 we consider the RC and NL model. The RC model can allow for

heterogeneity on both discrete and continuous product characteristics, while the NL model

allows for heterogeneity only on discrete product characteristics. An RC model can then

approximate the substitution pattern of a NL model by specifying the coe¢ cient on the

dummy variables to be random: preferences will be correlated between products within a

group and uncorrelated between products in di¤erent groups. But the two models are not

exactly the same because of the di¤erent distributional assumptions to model heterogeneity:

unobserved utility in the NL model follows a generalized extreme value distribution which

cannot be obtained in the standard RC model. This leaves room for experimenting on the

role of di¤erent distributional assumptions in a Monte Carlo setting. We specify two sets of

6If the true DGP is the RC model, � is set to 0. If the true DGP is NL, � is set to 0.
7With 9 nodes the unidimensional integral is exact at accuracy level 17.
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Table 1: Summary of Monte Carlo designs in set-up 1 and set-up 2

True DGP RC NL RCNL
Table 2 panel a 2 panel a 2 panel a 2 panel b 2 panel b 2 panel b table 3 table 4
�0 -1 -1 -1 -1 -1 -1 -1 -1
�d -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -2 -2
�x1 -2 -2 -2 -2 -2 -2 -3 -3
� 0 0 0 0.1 0.3 0.5 0.5 0.3
�d 1 2.5 5 0 0 0 0 0
�x1 0 0 0 0 0 0 0.5 1
&xd 0 0 0 0 0 0 0 0.9
cutoff 0 0 0 0 0 0 0 1

The table reports a summary of the designs speci�c to each DGP that are reported in the text, with
the indication of the table number. For each DGP design, we estimate 1000 datasets of 50 markets
and 25 products.

DGPs on the basis of di¤erent assumptions on the distribution of "ijt:

A. an RC model in which we add a random coe¢ cient �d on the dummy variable and "ijt
is modeled as iid random variables with a logit distribution (� = 0). In practice we set

up the RC model as an analog to the NL model. As in most applications using the RC

model, we assume that �i has an iid standard normal distribution across individuals.

The parameter �d corresponds to the magnitude of correlation between products within

a group and plays an analogous role to the nesting parameter � in the NL model;

B. the reverse of the above: the true DGP is a NL model in which "ijt follows a nested

logit distribution. There are no random coe¢ cients in the true DGP of this model

(�d = 0).

We specify consumer preferences for the vector of product characteristics xjt = (1; x1jt; djt)

as follows. We set the mean valuations to � = (�1;�0:5;�2) for both groups of DGPs.8

Given the di¤erent distributional assumptions, it is not easy to compare the relation between

the magnitude of �d and �: we consider then several values for �d and �. In the �rst set of

DGPs, where RC is the true DGP, we simulate a DGP for each of the following values of

�d: �d = (0:5; 1; 1:5; 2; 2:5; 3; 3:5; 4; 4:5; 5). We generate 1000 Monte Carlo datasets for each

DGP. For each dataset, we use GMM to estimate the correctly speci�ed RC model and the

two misspeci�ed models, Logit and NL. For the approximation of the market share integral,

both in the DGP and the estimation, we use the quadrature rule in (6) with 9 nodes and

� = 0.

8The settings of the Monte Carlo, and speci�cally the choice of the mean valuations �, are based on
obtaining a realistic setting, in which the outside market share varies between 0.10 and 0.70 under the
di¤erent DGPs.

14



In the second set of DGPs, where NL is the true DGP, we simulate a DGP for each

of the following values of �: � = (0:10; 0:15; 0:20; 0:25; 0:30; 0:35; 0:40; 0:45; 0:50). Again,

we generate 1000 Monte Carlo datasets for each DGP. For each dataset, we use GMM to

estimate the correctly speci�ed NL model and the two misspeci�ed models, Logit and RC.

Since the true DGP is the NL model, the market share integral has a closed-form solution

and simulation is not necessary. For the approximation of the market share integral in the

RC estimation, we use the quadrature rule in (6) with 9 nodes and � = 0.

In both sets of DGPs, we present the results for &xd = 0 (the correlation between d�jt and

x1jt), and cutoff = 0 (djt = 1fd�jt>0g). This is the most standard choice. We experimented

with di¤erent values and combinations of &xd and cuto¤ points. Results were robust across

di¤erent designs.

Results set-up 1 Figure 1 compares the RC and NL model under the two groups of DGPs.

Panel A shows the results of the �rst set of DGPs, in which RC is the true base DGP and

DGPs are generated with �d = (0:5; 1; 1:5; 2; 2:5; 3; 3:5; 4; 4:5; 5). The �gure plots the true

parameter values of �d from the RC model against the mean of the estimated � from the

misspeci�ed NL model. The parameter � increases as �d increases; the size of the increase

in � is smaller with respect to one in �d because of the di¤erent distributional assumptions:

� should lie in the unit interval to be consistent with random utility maximization. Panel

B of the �gure shows the reverse situation, in which NL is the true base DGP and DGPs

are generated with � = (0:10; 0:15; 0:20; 0:25; 0:30; 0:35; 0:40; 0:45; 0:50). The �gure plots the

true parameter values of � from the NL model against the mean of the estimated �d from

the misspeci�ed RC model. Note the same monotonically increasing relationship between

�d and �.

Table 2 shows more details on the results from estimating the two groups of DGPs. Panel

A reports the results from the �rst set of DGPs for three values of �d = (1; 2:5; 5). Panel

B reports the results from the second set of DGPs for three values of � = (0:1; 0:3; 0:5).

For each panel, the table reports: (i) the mean and the standard deviation of the parameter

estimates for heterogeneity (� in the NL model and �d in the RC model) as obtained from the

1000 di¤erent datasets. Numbers in bold indicate that the parameter estimate is signi�cantly

di¤erent from the true value. In the �rst set of DGPs, the true value of � is equal to 0. In the

second set of DGPs, the true value of �d is equal to 0; (ii) the mean and standard deviation of

the product-level own and cross elasticities with respect to x1jt. We interpret these elasticities

as price elasticities since x1jt is drawn from a lognormal distribution mimicking a realistic

distribution of prices. The table shows product-level price elasticities for T = 1 averaged

by segment. We distinguish between cross-price elasticities with respect to other products
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in the same group and in the other group; (iii) two information criteria, GMM-BIC and

GMM-AIC, applied to each dataset to compare the performance of the models and check

whether the true DGP is correctly detected. These criteria are the analogues to the BIC

and AIC criteria developed in the GMM framework by Andrews (1999).

We discuss the results reported in panel A. We look at the parameter estimates for het-

erogeneity. The misspeci�ed logit model does not estimate a parameter for the heterogeneity

in preferences. The parameter � of the misspeci�ed NL model is upward biased (signi�cantly

di¤erent from 0) when �d is su¢ ciently high (�d = 2:5; 5). The parameter � clearly captures

the analogous parameter �d in the RC model. The parameter �d of the correctly speci�ed RC

model is very close to the true parameter value and well identi�ed. The Quantile-Quantile

plot suggests that the distribution of the means of �d is normal (not shown).

Consider now the substitution patterns implied by the parameter estimates. The own

elasticities are well approximated in all models because price endogeneity is not modeled.

We focus then on the cross elasticities. The logit model does not model heterogeneity: this

has two consequences. The �rst one is the symmetry in the substitution patterns of cross

elasticities: for example, the average cross-price elasticity within group 0 is equal to the

average cross-price elasticity of group 1 with respect to group 0. In contrast, both in the NL

and in the RCmodels the cross-price elasticities within a group are larger than the cross-price

elasticities with respect to products in a di¤erent group. The second consequence relates to

the bias of the average elasticities of the Logit model with respect to the correctly speci�ed

RC model, which is always larger with respect to the NL model: the NL model e¤ectively

accounts for heterogeneity through the parameter �. In particular, when heterogeneity is

low (�d = 1), the NL model approximates the true substitution patterns very well. When

heterogeneity is higher (�d = 2:5 or 5), the bias increases but the approximation is still quite

accurate. When �d = 1, also the model selection criteria have di¢ culties in distinguishing

between the NL and RC models: both the GMM-AIC and GMM-BIC model information

criteria incorrectly pick the NL model as the true DGP in 26% of the cases. When �d =

2:5 or 5, both GMM-AIC and GMM-BIC correctly detect that the true DGP is the RC

model in almost all cases. In sum, for low levels of heterogeneity di¤erent distributional

assumptions do not matter. As heterogeneity increases, di¤erent distributional assumptions

on heterogeneity matter more, but the NL model can accurately capture heterogeneity.

We turn now to panel B, where the NL model is the correct base DGP. The parameter

�d of the misspeci�ed RC model is upward biased (signi�cantly di¤erent from 0) when � is

su¢ ciently high (� = 0:3; 0:5): the parameter �d captures the analogous parameter � of the

NL model. As a consequence, similar conclusions as above can be drawn for the substitution

patterns.
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Figure 1: Modeling heterogeneity in the RC and NL model

Panel A: RC versus NL Panel B: NL versus RC

The Figure represents the relationship between the parameter � of the NL model and �d of the RC
model. Panel A shows the results of a �rst set of DGPs, in which RC is the true base DGP and
DGPs are generated with �d = (0:5; 1; 1:5; 2; 2:5; 3; 3:5; 4; 4:5; 5). The true parameter values of �d
are plotted against the mean of the estimated � from the misspeci�ed NL model. Panel B shows
the results of a second set of DGPs, in which NL is the true base DGP and DGPs are generated
with � = (0:10; 0:15; 0:20; 0:25; 0:30; 0:35; 0:40; 0:45; 0:50). The true parameter values of � are plotted
against the mean of the estimated �d from the misspeci�ed RC model.

We conclude that the di¤erent assumptions of the NL and RC models to model het-

erogeneity do not matter much to obtain reasonable substitution patterns. But omitting

heterogeneity, as in the Logit model, produces unreasonable substitution patterns. While a

RC logit can be speci�ed to approximate a NL model, doing so would not be necessary: it is

usually preferable to use analytic integration rather than simulation. So the computation-

ally tractable NL model should be used instead of an RC model with random coe¢ cients on

dummies unless there are compelling reasons to the contrary.

Set-up 2 In set-up 2 we consider the RCNL model. We assume a DGP according to

the most general RCNL model and estimate the logit, NL, RC and RCNL model on the

generated datasets. We specify consumer preferences for the vector of product characteristics

xjt = (1; x1jt; djt) as follows. We set the mean valuations to � = (�1;�2;�3) and their
standard deviations to � = (0; �x1 ; 0).9 In practice we have a random coe¢ cient �x1 on

the continuous variable (we assume that the distribution for the coe¢ cient is normal) and a

nesting parameter � approximating for the degree of preference correlation between products

of the same group.

9The settings of the Monte Carlo, and speci�cally the choice of the mean valuations �, are based on
obtaining a realistic setting, in which the outside market share varies between 0.20 and 0.83 under the
di¤erent DGPs.
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Table 2: Monte Carlo Set-up1: comparison of RC and NL models

Panel A True �d = 1 True �d = 2:5 True �d = 5
Logit NL RC Logit NL RC Logit NL RC

� (NL) and �d (RC) n/a 0.09 1.00 n/a 0.27 2.54 n/a 0.42 5.05
St. Dev. (0.08) (0.36) (0.09) (0.34) (0.12) (0.45)

Own elast. group 0 -2.58 -2.58 -2.58 -2.56 -2.58 -2.57 -2.56 -2.57 -2.57
St. Dev. (0.61) (0.61) (0.61) (0.60) (0.61) (0.61) (0.60) (0.61) (0.61)

Own elast. group 1 -2.63 -2.63 -2.63 -2.61 -2.62 -2.60 -2.60 -2.61 -2.59
St. Dev. (0.60) (0.60) (0.60) (0.59) (0.59) (0.59) (0.59) (0.59) (0.59)

Cross elast. in group 0 0.04 0.05 0.05 0.04 0.06 0.05 0.04 0.06 0.06
St. Dev. (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.01) (0.03) (0.02)

Cross elast. in group 1 0.03 0.04 0.04 0.04 0.05 0.07 0.04 0.07 0.08
St. Dev. (0.02) (0.02) (0.02) (0.01) (0.02) (0.03) (0.02) (0.03) (0.04)

Cross elast. group 0 to 1 0.03 0.03 0.03 0.04 0.03 0.02 0.04 0.02 0.01
St. Dev. (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.00)

Cross elast. group 1 to 0 0.04 0.04 0.04 0.04 0.03 0.02 0.04 0.02 0.01
St. Dev. (0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.00)

Model selection: DGP is RC
GMM-AIC 1 263 736 0 25 975 0 6 994
GMM-BIC 2 262 736 0 25 975 0 6 994
Panel B True � = 0:1 True � = 0:3 True � = 0:5

Logit NL RC Logit NL RC Logit NL RC
� (NL) and �d (RC) n/a 0.11 1.09 n/a 0.30 2.67 n/a 0.50 4.73
St. Dev. (0.08) (0.59) (0.06) (0.71) (0.05) (1.08)

Own elast. group 0 -2.86 -2.87 -2.86 -3.66 -3.68 -3.68 -5.11 -5.13 -5.15
St. Dev. (0.67) (0.68) (0.68) (0.86) (0.87) (0.87) (1.21) (1.21) (1.22)

Own elast. group 1 -2.93 -2.93 -2.92 -3.74 -3.75 -3.73 -5.22 -5.23 -5.20
St. Dev. (0.66) (0.67) (0.67) (0.85) (0.85) (0.85) (1.19) (1.19) (1.19)

Cross elast. in group 0 0.05 0.05 0.05 0.05 0.08 0.07 0.07 0.12 0.09
St. Dev. (0.02) (0.02) (0.02) (0.03) (0.03) (0.03) (0.04) (0.06) (0.05)

Cross elast. in group 1 0.03 0.04 0.04 0.04 0.07 0.08 0.05 0.11 0.13
St. Dev. (0.02) (0.02) (0.02) (0.02) (0.03) (0.04) (0.03) (0.07) (0.07)

Cross elast. group 0 to 1 0.03 0.03 0.02 0.04 0.02 0.02 0.05 0.02 0.02
St. Dev. (0.02) (0.02) (0.01) (0.02) (0.02) (0.01) (0.03) (0.02) (0.01)

Cross elast. group 1 to 0 0.05 0.04 0.04 0.05 0.04 0.03 0.07 0.04 0.03
St. Dev. (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.04) (0.02) (0.02)

Model selection: DGP is NL
GMM-AIC 7 726 267 0 775 225 0 862 138
GMM-BIC 15 718 267 0 775 225 0 862 138

The table reports the results generated using the true values of an RC model in Panel A and an NL model in
Panel B. Panel A reports the results from the 3 DGPs in which �d = (1; 2:5; 5). Panel B reports the results
from 3 DGPs in which � = (0:1; 0:3; 0:5). For each panel, the table reports: (i) the mean and the standard
deviation (in parenthesis) of the parameter estimates for heterogeneity (�d in the RC model and � in the NL
model); (ii) the average product-level own- and cross- elasticities with respect to x1jt for T = 1 averaged by
segment and the standard deviation; (iii) two information criteria, GMM-BIC and GMM-AIC. The estimates
are based on 1000 random samples of 50 markets and 25 products for each DGP. Elast.: elasticity.
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We consider di¤erent designs of the Monte Carlo experiments by varying �x1 and � : (i)

�x1 = 1 and � = 0:3: consumers are relatively heterogeneous for the continuous characteristic

x1jt (through the random coe¢ cient �x1) and for the discrete characteristic djt (through the

nesting parameter �, and not through a �BLP-type�random coe¢ cient �d as in set-up 1).

In this case we would expect a better performance of the RC model with respect to the

NL model; (ii) �x1 = 0:5 and � = 0:5: consumers are relatively homogeneous for x1jt, but

relatively heterogeneous for djt. In this case we would expect a better performance of the

NL model with respect to the RC model.

We also consider di¤erent combinations of correlation between d�jt and x
1
jt; where &xd = 0

or 0:9 and the cuto¤ point is equal to 0 or 1 (djt = 1fd�jt>0g or djt = 1fd�jt>1g). Recall that

x1jt is drawn from a lognormal distribution. When &xd = 0, groups are not informative about

the continuous characteristic. When &xd = 0:9, we are grouping the products according to

the value of x1jt: the groups are homogenous. In practice, group 0 is the group in which x
1
jt

assumes low values (the group of cheap products), and group 1 is the group in which x1jt
assumes high values (the group of expensive products). The cuto¤ point equal to 0 yields

to two groups that have the same number of products. The cuto¤ point equal to 1 yields to

a group 0 which is more crowded with respect to group 1. Take for example &xd = 0:9 and

djt = 1fd�jt>1g. Group 0 will include 84% of the products (the cheapest products) and group

1 the remaining 16% of the products (the expensive products). The example is a realistic

setting that approximates our empirical dataset on the car market, in which the distribution

of prices and product characteristics is approximately lognormal. Products are divided into

segments (groups) that are de�ned according to common characteristics, such as price, size

and performance: cars from the same group are perceived as similar by consumers. Low

segments are usually more crowded by a large number of products than premium segments.

As before, the simulation study is carried out with 1000 Monte Carlo datasets for each

DGP. For each dataset, we use GMM to estimate the correctly speci�ed RCNL model and

the three misspeci�ed models, Logit, NL and RC. For the approximation of the market share

integral in (4), we use the quadrature rule in (6) with 9 nodes.

To summarize, we generate 1000 datasets under eight designs:

1. �x1 = 0:5; � = 0:5; &xd = 0:0; djt = 1fd�jt>0g;

2. �x1 = 1:0; � = 0:3; &xd = 0:0; djt = 1fd�jt>0g;

3. �x1 = 0:5; � = 0:5; &xd = 0:9; djt = 1fd�jt>0g;

4. �x1 = 1:0; � = 0:3; &xd = 0:9; djt = 1fd�jt>0g;

5. �x1 = 0:5; � = 0:5; &xd = 0:0; djt = 1fd�jt>1g;

6. �x1 = 1:0; � = 0:3; &xd = 0:0; djt = 1fd�jt>1g;

7. �x1 = 0:5; � = 0:5; &xd = 0:9; djt = 1fd�jt>1g;
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8. �x1 = 1:0; � = 0:3; &xd = 0:9; djt = 1fd�jt>1g.

We present and discuss the results related to design 1 and 8, but we will comment on the

results that are robust across all designs. In design 1 consumers are relatively homogeneous

regarding x1jt and relatively heterogeneous regarding djt. For design 8 the heterogeneity goes

vice versa. Design 1 is the most standard choice for &xd and the cuto¤ point. If &xd = 0 and

djt = 1fd�jt>0g, the products�group djt is not informative about x
1
jt: a probit regression of djt

on x1jt implies 50.1% of correct classi�cations, which corresponds to a random classi�cation

rule. Design 8 is the most realistic setting that mimics our empirical dataset. If &xd = 0:9

and djt = 1fd�jt>1g, djt is most informative about x
1
jt: the same probit regression would imply

88.4% correct classi�cations.

Results set-up 2 Table 3 and 4 show the results from estimating the correctly speci�ed

RCNL and the three misspeci�ed models under design 1 and 8. For each design, we present (i)

the mean and the standard deviation of the parameter estimates (as obtained from the 1000

di¤erent datasets). Numbers in bold indicate that the parameter estimate is signi�cantly

di¤erent from the true value; (ii) the average product-level own and cross elasticities with

respect to x1jt. As in set-up 1, we interpret these elasticities as price elasticities. The tables

show product-level price elasticities for T = 1 averaged by segment and the bias, which is

the average mean elasticity minus the mean elasticity of the correctly speci�ed model. We

distinguish between cross-price elasticities with respect to other products in the same group

and with respect to products in the other group; (iii) two information criteria, GMM-BIC

and GMM-AIC.

We �rst look at the parameter estimates of the correctly speci�ed RCNL model. For both

designs the parameter estimates are close to the true parameters, their standard deviations

are small and the distribution of the means is normal as con�rmed by the Q-Q plots (not

shown). This con�rms that our estimation procedure, with analytical derivatives and a tight

contraction mapping criterion, works well in practice.

The parameter estimates for the logit, NL and RC model give interesting results on the

e¤ects of estimating misspeci�ed models. In both designs the NLmodel, which imposes �x1 =

0 and thus ignores consumer heterogeneity for the continuous variable, presents parameter

biases on both the mean valuation of x1jt and �, which is upward biased. In design 1, where

the omitted �x1 = 0:5, � = 0:65 > 0:5. In design 8, where the omitted �x1 = 1; the

overestimation is intuitively more pronounced, � = 0:88 > 0:3. Similarly the RC model,

which imposes � = 0 and thus ignores consumer heterogeneity for groups, overestimates

the standard deviation of the valuation of x1jt. In design 1, where the omitted � = 0:5,

�x1 = 0:94 > 0:5. In design 8, where the omitted � = 0:3, �x1 = 1:30 > 1.
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Now we turn to the substitution patterns implied by the estimates. We �rst discuss the

results that are robust to all the designs and then we focus on design 8, which mimics our

real dataset.

The logit model underestimates the own-price elasticities with respect to the true value

implied by the correctly speci�ed RCNL model. The NL model also underestimates the

own-price elasticities, even though the bias is smaller. But the RC model provides the best

approximation of the own-price elasticities.

The true cross-price elasticities with respect to products of the same group are higher

than the cross-price elasticities with respect to products of the other group. The logit model

does not capture this pattern: as explained in set-up 1, the functional form assumptions

of the logit model imply symmetric substitution patterns: the average cross-price elasticity

within group 1 is equal to the average cross-price elasticity of group 1 with respect to group

0 and vice versa. In contrast, the NL provides a good approximation of the cross-price

elasticities within a group, especially when the heterogeneity for the continuous variable

is low (�x1 = 0:5). The NL model consistently underestimates the cross-elasticities across

groups: the overestimated nesting parameter � implies excessive within group substitution.

In contrast, the RC logit consistently underestimates the cross-price elasticities within a

group and overestimates the cross-price elasticities across groups. But the approximation is

quite accurate in all cases (only less so if the omitted � is relatively high, � = 0:5).

Finally, we consider a feature of the elasticities that is speci�c to design 8. This realistic

setting approximates our empirical dataset on the car market, in which products are divided

into segments (groups) that are de�ned according to common characteristics and low seg-

ments are usually more crowded by a large number of products than premium segments.

The average �price�(x1jt) in group 1 is 2.7 times higher in group 1 than in group 0. Note that

own-price elasticities tends to increase more or less proportionally with x1jt as one moves from

group 0 to 1; in the Logit model the increase of the elasticities is proportional and results

from the functional form assumptions of the model. The NL, RC and RCNL models show

a less proportional increase; for the RC model the increase is much less than proportional

when �x1 is higher (not shown). We will keep in mind the proportionality relation when

commenting on the product-level price elasticities using the car dataset.

Both GMM-AIC and GMM-BIC correctly detect that the true DGP is the RCNL model

in all cases: both sources of heterogeneity (on the continuous variable and on the group

dummy) should be taken into account.
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Table 3: Monte Carlo Set-up 2, design 1: comparison of RCNL model against the
misspeci�ed Logit, NL and RC

Parameter True Value Logit NL RCL RCNL
�x1 = 0:5; � = 0:5; &xd = 0; djt = 1fd�jt>0g

�0 -1 -2.34 -1.24 -1.44 -1.00
St. Dev. (0.10) (0.12) (0.13) (0.08)

�d -2 -1.99 -2.00 -1.99 -2.00
St. Dev. (0.14) (0.08) (0.14) (0.06)

�x1 -3 -4.38 -1.59 -5.86 -2.99
St. Dev. (0.06) (0.28) (0.18) (0.25)

� 0.5 n/a 0.65 n/a 0.50
St. Dev. (0.06) (0.04)

�x1 0.5 n/a n/a 0.94 0.50
St. Dev. (0.06) (0.05)

Own elast. group 0 -5.68 -5.77 -7.57 -7.70
St. Dev. (1.33) (1.36) (1.80) (1.83)

Own elast. group 1 -5.83 -5.88 -7.80 -7.87
St. Dev. (1.31) (1.34) (1.78) (1.80)

Cross elast. in group 0 0.07 0.13 0.12 0.18
St. Dev. (0.04) (0.07) (0.06) (0.08)

Cross elast. in group 1 0.01 0.12 0.02 0.14
St. Dev. (0.01) (0.07) (0.02) (0.08)

Cross elast. group 0 to 1 0.01 0.00 0.02 0.01
St. Dev. (0.02) (0.00) (0.02) (0.01)

Cross elast. group 1 to 0 0.07 0.03 0.12 0.06
St. Dev. (0.04) (0.01) (0.06) (0.03)

Model selection: DGP is RCNL
GMM-AIC 0 0 0 1000
GMM-BIC 0 0 0 1000
% correctly classi�ed 50.04

The table reports (i) the empirical means and standard deviations (in parentheses) of the estimated parame-
ters. Biased parameter estimates (signi�cantly di¤erent from the true value) appear in bold. The estimates
are based on 1000 random samples of 50 markets and 25 products, generated using the true values of the
RCNL model with �x1 = 0:5; � = 0:5; &xd = 0; djt = 1fd�jt>0g; (ii) the average product-level own- and
cross- elasticities with respect to x1jt for T = 1 averaged by segment and the standard deviation; (iii) two
information criteria, GMM-BIC and GMM-AIC. Elast.: elasticity.
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Table 4: Monte Carlo Set-up 2, design 8: comparison of RCNL model against the
misspeci�ed Logit, NL and RC

Parameter True Value Logit NL RCL RCNL
�x1 = 1; � = 0:3; &xd = 0:9; djt = 1fd�jt>1g

�0 -1 -2.89 -0.16 -1.60 -1.00
St. Dev. (0.06) (0.20) (0.09) (0.16)

�d -2 -0.44 -5.66 -0.86 -2.01
St. Dev. (0.15) (0.46) (0.12) (0.30)

�x1 -3 -1.94 -0.31 -4.06 -2.99
St. Dev. (0.06) (0.13) (0.16) (0.27)

� 0.3 n/a 0.88 n/a 0.30
St. Dev. (0.07) (0.07)

�x1 1 n/a n/a 1.30 1.00
St. Dev. (0.06) (0.08)

Own elast. group 0 -2.00 -2.82 -4.11 -4.32
St. Dev. (0.33) (1.34) (0.67) (0.72)

Own elast. group 1 -5.49 -5.72 -11.07 -10.60
St. Dev. (1.03) (2.93) (1.97) (2.07)

Cross elast. in group 0 0.03 0.05 0.08 0.09
St. Dev. (0.01) (0.03) (0.02) (0.02)

Cross elast. in group 1 0.00 1.75 0.21 0.90
St. Dev. (0.00) (1.43) (0.28) (0.52)

Cross elast. group 0 to 1 0.00 0.00 0.02 0.02
St. Dev. (0.02) (0.00) (0.03) (0.02)

Cross elast. group 1 to 0 0.03 0.01 0.14 0.10
St. Dev. (0.01) (0.00) (0.05) (0.03)

Model selection: DGP is RCNL
GMM-AIC 0 0 0 1000
GMM-BIC 0 0 0 1000
% correctly classi�ed 88.41

The table reports (i) the empirical means and standard deviations (in parentheses) of the estimated parame-
ters. Biased parameter estimates (signi�cantly di¤erent from the true value) appear in bold. The estimates
are based on 1000 random samples of 50 markets and 25 products, generated using the true values of the
RCNL model with �x1 = 1; � = 0:3; &xd = 0:9; djt = 1fd�jt>1g; (ii) the average product-level own- and
cross- elasticities with respect to x1jt for T = 1 averaged by segment and the standard deviation; (iii) two
information criteria, GMM-BIC and GMM-AIC. Elast.: elasticity.
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3 Empirical analysis

3.1 Dataset for the European car market

We make use of a unique dataset on the automobile market maintained by JATO. The data

are at the level of the car model (e.g. VW Golf) and include essentially all passenger cars

sold during nine years (1998�2006) in nine West-European countries. This covers around

90% of the sales in the European Union. The countries are Belgium, France, Great Britain,

Germany, Greece, Italy, Portugal, Spain, and the Netherlands. For each model/country/year

we have information on sales, de�ned as total new registrations. For models introduced or

eliminated within a given year, we know the number of months with positive sales in the

given year. We exclude the models with extremely small market shares, e.g. Bentley Arnage

or Kia Clarus. This results in a dataset of 18,643 model/country/year observations or on

average about 230 models per country/year.

We combine the sales data with information on the list prices and various characteristics

referring to the base model: vehicle size (curb weight, width and height), engine attributes

(horsepower and displacement) and fuel consumption (liter/100km or e/100 km). We start

from JATO�s classi�cation to assign each model to one of seven possible marketing segments:

subcompact, compact, intermediate, standard, luxury, SUV and sports. Furthermore, we

assign the models to their brands�perceived country of origin. For example, the Volkswagen

Golf is perceived of German origin even if produced in Spain. We construct a dummy

variable for whether a model is of foreign or domestic origin in each country. Our two-level

nested logit model will use the marketing segments and foreign origin dummy to de�ne the

groups (e.g. subcompact) and subgroups (e.g. domestic subcompact, foreign subcompact).

Table 5 provides summary statistics for sales, price and the product characteristics used

in our empirical demand model. We show the summary statistics for all countries and for

France and Germany separately (since we will focus on these countries when we present our

counterfactuals).

Since our empirical analysis will focus on comparing the nested logit and random coef-

�cients logit models, it is informative to provide background on how the continuous char-

acteristics relate to the marketing segments. Table 6 (top panel) shows summary statistics

for our four characteristics by marketing segment. Cars belonging to the same marketing

segment tend to have similar horsepower, fuel consumption, width, and height. Horsepower

and fuel consumption show a higher dispersion within a segment than width and height, but

their segment averages also vary more widely. For example, average horsepower varies from

48.7kW in the subcompact to 134kW in the luxury segment, whereas average width varies

from 162.5cm in the subcompact to 182.3 in the luxury segment. Table 6 (bottom panel)
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Table 5: Summary Statistics

All countries France Germany

Mean St. Dev. Mean St. Dev. Mean St. Dev.

Sales (units) 5,785 14,694 8,440 19,931 11,432 21,074
Price/Income 1.19 0.94 0.90 0.53 0.95 0.63
Horsepower (in kW) 88.8 40.9 87.7 37.4 92.8 44.6
Fuel e¢ ciency (e/100 km) 8.4 2.1 8.5 2.3 8.8 2.6
Width (cm) 173.0 8.5 173.1 8.5 173.4 8.6
Height (cm) 148.3 13.8 149.2 14.2 148.2 14.1
Foreign (0-1) 0.92 0.28 0.86 0.35 0.71 0.45
Months present (1-12) 9.89 2.55 9.70 2.65 9.77 2.56

The table reports means and standard deviations of the main variables. The total number of
observations (models/markets) is 18,643, where markets refer to the 9 countries and 9 years.

summarizes how well the four characteristics predict to which segment each model belongs.

For each segment pair (e.g. subcompact�compact) we estimate a probit explaining segment

assignment as a function of the four characteristics, and we ask how often the probit correctly

classi�es the di¤erent car models. The table shows that the continuous variables predict the

SUV extremely well, with over 95% correct classi�cations with respect to any other segment.

Classi�cation is also quite accurate for most other segments, for example for the luxury seg-

ment there are over 89% correct classi�cations with respect to any other segment. The lowest

number of correct classi�cations occurs for a few �neighboring segments�(on the diagonal),

e.g. 76.6% correct classi�cations between compact and intermediate, 77.9% between inter-

mediate and standard. But even in these instances the characteristics predict the segments

quite well.

In sum, this preliminary evidence indicates that a limited number of characteristics

(horsepower, fuel consumption, width and height) have quite good, but not perfect pre-

dictive power for the classi�cation in marketing segments. We will bear this in mind when

comparing the NL and RC models.

3.2 Speci�cation

To estimate the logit, NL, RC and RCNL demand models we slightly modify the model

discussed in section 2: (i) we treat price separately since it is an endogenous characteristic

and since we allow its random coe¢ cient to follow the empirical distribution of income; (ii)

we consider a two-level instead of one-level nested logit; and (iii) we allow the error term to
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Table 6: Summary Statistics by Segment

Segment Subc Comp Interm Stand Lux SUV Sport

Mean of the characteristics

Sales (units) 11,155 7,450 5,009 4,632 2,889 2,205 1,517
Price/Income 0.55 0.81 1.04 1.39 2.13 1.61 1.85
Horsepower (in kW) 48.7 70.1 84.6 99.6 134.0 113.7 126.6
Fuel e¢ ciency (e/100 km) 6.4 7.2 8.0 8.7 10.4 11.2 9.6
Width (cm) 162.5 171.4 175.3 175.1 182.3 179.4 175.1
Height (cm) 149.1 144.2 144.9 142.6 145.3 175.9 133.6
Foreign (0-1) 0.92 0.92 0.93 0.91 0.89 0.96 0.86
Months present (1-12) 9.72 9.87 9.88 9.77 9.94 10.11 10.03
Number of observations 3,788 4,095 2,656 1,711 1,764 2,521 2,108

Correct classi�cations into di¤erent marketing segments (in percent)

Subcompact - 93.7 99.4 99.9 100.0 95.5 97.6
Compact - 76.6 91.1 97.7 99.7 92.8
Intermediate - 77.9 91.4 99.7 91.0
Standard - 90.0 99.9 84.4
Luxury - 99.7 88.9
SUV - 99.9
Sports -

The top panel of the table reports means of the main variables per segment in the top panel. The bot-
tom panel of the table reports the percentage of correctly classi�ed car models, based on binary pro-
bit of a segment dummy per pair on four continuous characteristics (i.e. horsepower, fuel e¢ ciency,
width and height). Subc=subcompact, Comp=compact, Interm=intermediate, Stand=standard,
Lux=Luxury, SUV=Sport Utility Vehicle.
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include �xed e¤ects for the car models and markets.

First, we start from the following version of the above utility speci�cation (1):

uijt = xjt�i � �ipjt + �jt + "ijt:

The vector of observed product characteristics, xjt, includes horsepower, fuel e¢ ciency,

width, height and a dummy variable for the product�s country of origin (domestic or foreign).

The corresponding random coe¢ cients are speci�ed as before, i.e. �ik = �k + �k�ik for

characteristic k. Price pjt enters slightly di¤erently: its random coe¢ cient is speci�ed as

�i = �=yi, where yi is the income of individual i. In the RC and RCNL model we treat yi as

a random variable with a known distribution equal to the empirical distribution of income.

In the NL model we treat yi as non-random and set it equal to mean income in market t,

yi = yt. In sum, for the non-price characteristics we estimate both the mean valuations

�k and the standard deviations �k; for price we only estimate � so that heterogeneity in

willingness to pay follows the empirical distribution of income.10

Second, the product-speci�c taste parameter "ijt follows the distributional assumptions

of the two-level nested logit model (instead of the one-level nested logit of section 2). The

upper level consists of the above seven di¤erent market segments (subcompact, compact,

standard, intermediate, luxury, SUV and sports) and one separate segment for the outside

good. The lower level divides every segment in two subsegments according to the models�

country of origin (domestic or foreign). In four countries there are only foreign cars, so the

subsegments of domestic cars are empty (Belgium, Greece, Portugal and the Netherlands).

There are now two nesting parameters, � = (�1; �2). The nesting parameter �1 measures

correlation of preferences across cars of the same subsegment, and �2 measures correlation

of preferences across subsegments of the same segment. For the model to be consistent with

random utility maximization, 0 � �2 � �1 < 1. If �1 = �2, the model reduces to a one-level
nested logit where the segments are the nests; if �1 > �2 = 0, the model reduces to a one-level

nested logit where the subsegments are the nests. If �1 = �2 = 0, the model reduces to a

simple logit. Assuming that consumers choose the product that maximizes utility, we obtain

a two-level nested logit version of the aggregate market shares (4).

Finally, we exploit the panel features of our data set to specify the error term, capturing

unobserved product characteristics. More precisely, we assume that �jt = �j + �t + ��jt,

where �j re�ects time-invariant car model �xed e¤ects, �t captures country-speci�c �xed

10This utility speci�cation approximates BLP�s Cobb-Douglas speci�cation � ln(yi � pj) when the price
is small relative to (capitalized) income. It is particularly convenient when studying countries with di¤erent
exchange rates, since local price is simply expressed relative to local income; see Goldberg and Verboven
(2001).
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e¤ects, interacted with a time trend and squared time trend, and ��jt captures remaining

unobserved characteristics. Since our data are at the annual level, we also include a set of

dummy variables for the number of months each model was available in a country within a

given year (for models introduced or dropped within a year).11

3.3 Identi�cation and estimation

To estimate the demand parameters � = (�; �; �; �), we follow Berry (1994), BLP and the

subsequent literature. As discussed above, we solve the system st = st(�t; �) for �t in each

market t, to obtain a solution for the error term ��jt for each product j = 1; : : : ; J in market

t:

�jt(st; �; �; �) = xjt� + �j + �t +��jt: (7)

In the (two-level) NL model the left-hand side has an analytic solution,

�jt(st; �; �; �) = ln sjt=s0t � �1 ln sjjhgt � �2 ln shjgt + �pjt=y;

so that a linear estimator can be used. In the RC and RCNL model �jt(st; �; �; �) should

be computed numerically by solving the system st = st(�t; �) for �t, which makes estimation

considerably more complex.

For all models, we can proceed with GMM by interacting the error term with a vector of

instrumental variables zjt that is uncorrelated with the error term. Since there are 2K + 3

parameters (K mean valuations �k, K standard deviations �k, the price parameter � and

the two nesting parameters �1 and �2), we need at least 2K +3 instruments in zjt. Price pjt
does not qualify as an instrument since it is likely to be correlated with ��jt. For example,

a positive demand shock for product j in market t will not only increase the demand for

the product, but it may also induce the �rm to raise its price. Failure to account for this

endogeneity issue will lead to an estimated price coe¢ cient (�) that is downward biased. Our

identi�cation assumption is that the observed product characteristics xjt are uncorrelated

with the unobserved product characteristics ��jt (which is weaker than the often adopted

assumption that xjt is uncorrelated with �jt). As discussed in BLP, one may use alternative

functions of these characteristics as instruments to estimate the 2K + 3 parameters. More

speci�cally, following previous practice, our vector of instrumental variables zjt includes: (i)

the vector of product characteristics xjt; (ii) the sum of the characteristics of other products

of competing �rms, (iii) the sum of the characteristics of other products of the same �rm.

11Market and time �xed e¤ects capture preferences for cars relative to the outside good and can thus
account for di¤erent regulations that may favor domestic producers and drive preferences towards domestic
cars.
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For the NL and RCNL model we also include these sums over products belonging to the

same subsegment and segment, following Verboven (1996a).12

The GMM objective function includes a weighting matrix to account for heteroskedas-

ticity (obtained from the residuals using a two-step procedure). To minimize the GMM

objective function with respect to the parameters � = (�; �; �; �) we �rst concentrate out

the linear parameters � (which includes a set of dummy variables for the market �xed e¤ects

�t). We do not directly estimate the more than 200 car model �xed e¤ects �j, but instead

we use a within transformation of the data (Baltagi, 1995). Standard errors are computed

using the standard GMM formulas for asymptotic standard errors.

A few recent papers have studied several numerical di¢ culties with estimating the RC

model (and a fortiori the RCNL model): global convergence problems and the role of starting

values and di¤erent optimization algorithms (Knittel and Metaxoglou, 2012), problems with

numerically solving �t using BLP�s contracting mapping (Dubé, Fox and Su, 2012), and

problems with approximating the integral over the logit probabilities using simulation (Judd

and Skrainka, 2011).

We draw lessons from this recent literature and proceed as follows. First, to approximate

the integral (4) using the simulator (5), we make use of Halton draws over the density

N(0; 1). This provides a more e¤ective coverage of the density domain than pseudo-random

draws. In particular, we take a large number of 500 Halton draws for each of the 81 markets

(country/years).13 Second, to ensure the GMM objective function is smooth, we use a tight

tolerance level of 1e�12 to invert the shares using BLP�s contraction mapping. This tolerance

level is considerably stricter than typically used in the literature.14 Third, we program

analytic derivatives of the gradient of the objective function. While this is particularly tedious

for the RCNL model, it greatly improves accuracy and computation time. Finally, even if the

GMM objective function is smooth, it may not be globally convex. To minimize the function

with respect to the nonlinear parameters (�; �; �), we use di¤erent starting values, using

a stringent convergence criterion of 1e�6 and carefully examining the gradient the solution

path and the Hessian eigenvalues. We use a BFGS algorithm, which is an e¢ cient procedure

that uses information at di¤erent points to obtain a sense of the curvature of the objective

function. We usually obtain the same optimum, except for very high or low starting values

but in these cases the value of the objective function at convergence is always higher.15

12Weak instruments tests show that the instruments are jointly signi�cant.
13Halton draws can be very e¤ective compared to pseudo-random draws. For example, Bhat (2001) and

Train (2000) report that the simulation variance in the estimated parameters is lower with 100 Halton draws
than with 1000 pseudo-random draws.
14For the NL and RCNL we use a slightly modi�ed version of BLP�s contraction mapping; see Brenkers

and Verboven (2006).
15The log condition number of the Hessian matrix is, at worst, 1.9, which means that only 2 (of a total
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3.4 Parameter estimates

Table 7 shows the parameter estimates for the four di¤erent demand models. The logit model

imposes � = � = 0 and yi = yt. The NL model assumes � = 0 and yi = yt and estimates �.

The RC model assumes � = 0, estimates � and allows yi to follow the empirical distribution

of income. Finally, the RCNL estimates both � and �, and allows yi to follow the empirical

distribution of income.

In the simple logit model both the price parameter (�) and the mean valuation para-

meters (�) have the expect signs and are all signi�cantly di¤erent from zero. However, as

is well-known, the model is very restrictive since it imposes symmetric cross-price elastic-

ities. Furthermore, demand is inelastic for almost 20% of the car models across countries

and years. This is inconsistent with oligopolistic pro�t maximizing behavior unless marginal

costs would be negative.

In the NL model the upper nest level consists of the seven marketing segments and the

lower nest level consists of the segments and origin (domestic/foreign). The price parameter

(�) and the mean valuation parameters (�) again have the expected sign and are signi�cantly

di¤erent from zero, with the exception of the parameter for width, which is now insigni�cant.

The nesting parameters are estimated very precisely, �1 = 0:65 and �2 = 0:48. Their magni-

tudes are consistent with the requirements of random utility maximization (0 � �2 � �1 < 1)
and imply that consumer preferences show the strongest correlation across cars from both the

same marketing segment and origin (domestic/foreign), and show weaker but still important

correlation across cars from the same segment but a di¤erent origin. This is consistent with

earlier work for a more limited set of countries (Goldberg and Verboven, 2001 and Brenkers

and Verboven, 2006).16 As documented below, this implies more plausible cross-price elastic-

ities than the simple logit model. Furthermore, the implied own-price elasticities are higher

than in the simple logit: demand is now inelastic for only 3% of the car models. This may

seem surprising at �rst, since the price coe¢ cient � is closer to zero than in the simple logit

model. However, the elasticities do not only depend on � but also on the nesting parameters

�1 and �2.

In the RC model we estimate the price parameter (�) and the means (�) and standard

deviations (�) for the valuations of the other characteristics (including the constant). The

price parameter (�) is again signi�cantly estimated with the expected sign (negative e¤ect).

Consumers have a negative and signi�cant mean valuation for fuel consumption, and hetero-

of 16) decimal places of accuracy are being lost in the calculation of the Hessian, thus suggesting accurate
results.
16We also estimated a two-level NL model with the reverse nesting structure, where origin de�nes the

upper level and origin/segment the lower level of the nests. This led to estimates of �1 and �2 inconsistent
with random utility maximization, in line with the results of other studies on the car market.
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geneity is limited so that almost all consumers dislike fuel ine¢ cient cars. Consumers have

a positive and signi�cant mean valuation for width, and the standard deviation implies that

about 10% of consumers dislike large cars. Consumers have a negative mean valuation for

cars from foreign origin. The standard deviation is relatively large, so that 25% of consumers

actually prefer foreign cars. The mean valuation for height is insigni�cantly di¤erent from

zero, and the mean valuation for horsepower is unexpectedly negative. However,for both

characteristics we �nd substantial and signi�cant heterogeneity: about 50% of consumers

have a positive valuation for height and about 30% have a positive valuation for horsepower.

Finally, we estimate a signi�cant standard deviation for the constant, indicating there is

signi�cant heterogeneity in the valuation of new cars relative to the outside good. Over-

all, the random coe¢ cients show evidence of signi�cant consumer heterogeneity in several

dimensions, in particular height, horsepower and foreign origin. Yet it is striking that the

random coe¢ cients are estimated much less precisely than the two nesting parameters in the

NL model.

In the RCNL model we combine the previous two models, so we include both the nest-

ing parameters and the random coe¢ cients. Both the price parameter (�) and the mean

valuation parameters (�) have the expected signs and are estimated signi�cantly with the

exception of the horsepower parameter, which is insigni�cant. The most interesting �ndings

relate to the estimated nesting parameters (�) and random coe¢ cients (�) in comparison

with the NL and RC models.

First, compared with the NL model, the nesting parameters remain highly signi�cant, but

their magnitude becomes smaller. This is consistent with the results from our Monte Carlo

study, where we found an overestimate of the nesting parameters if the random coe¢ cients

are important and the groups are correlated with the characteristics for the omitted random

coe¢ cients. Furthermore, we can no longer reject the hypothesis that �1 = �2 (P-value

0.0967) and the random coe¢ cient for foreign origin is insigni�cant. So the model reduces

to a one-level nested logit with no need to divide the seven segments into domestic and

foreign subgroups, and it seems at �rst that there is no longer consumer heterogeneity for

foreign origin. However, the subsegment parameter �1 captures similar e¤ects as the random

coe¢ cient for foreign origin, suggesting it is not sensible to include both. Indeed, in a one-

level nested logit where we constrain �1 = �2 (so that the subgroups are no longer relevant),

the random coe¢ cient for foreign origin becomes signi�cant again (as in the RC model). We

show these results in Table A.1 in the Appendix.17

17In this case, the one-level nested logit with a random coe¢ cient for foreign origin seems preferable to a
two-level nested logit model, since it does not impose the consumer heterogeneity to enter in a hierarchical
way. Nevertheless, we base our subsequent discussion on the two-level nested logit. The implied price
elasticities and competition policy counterfactuals are very similar in the one-level nested logit model (not
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Second, compared with the RC model, the random coe¢ cients for horsepower and fuel

e¢ ciency remain signi�cant, but this is no longer the case for width, height and the constant.

Intuitively, the nesting parameter for the segments captures a lot of the heterogeneity relating

to the car dimensions and the outside good, but not much of the heterogeneity relating to

horsepower and fuel e¢ ciency.

Table 7: Parameter Estimates for Alternative Demand Models

Logit Nested Logit RC Logit RC Nested Logit

Param. St. Er. Param. St. Er. Param. St. Er. Param. St. Er.

Mean valuations for the characteristics in xjt (�)

Price/income -1.76 0.17 -1.00 0.03 -5.52 0.66 -2.75 0.18
Horsepower (kW/100) 2.30 0.24 1.34 0.08 -3.67 1.86 0.57 0.77
Fuel (e/10,000 km) -11.48 1.43 -6.13 0.52 -20.77 3.06 -4.68 0.73
Width (cm/100) 2.51 0.55 -0.10 0.29 3.64 0.83 1.26 0.50
Height (cm/100) 3.46 0.35 1.17 0.19 0.27 1.32 2.12 0.46
Foreign (0/1) -1.21 0.03 -0.47 0.04 -3.66 0.89 -0.57 0.14

Standard deviations of valuations for the characteristics in xjt (�)

Horsepower (kW/100) n/a n/a 4.67 0.83 0.92 0.41
Fuel (e/10,000 km) n/a n/a 1.15 1.69 1.66 0.57
Width (cm/100) n/a n/a 1.93 0.71 0.10 1.74
Height (cm/100) n/a n/a 4.83 0.55 0.15 1.11
Foreign (0/1) n/a n/a 5.46 1.05 0.22 0.84
Constant n/a n/a 1.18 0.43 0.21 3.00

Nesting parameters (�1 and �2)

Subsegment �1 n/a 0.65 0.03 n/a 0.57 0.03
Segment �2 n/a 0.48 0.03 n/a 0.47 0.07

Model �xed e¤ects Yes Yes Yes Yes
Market �xed e¤ects Yes Yes Yes Yes
Income distribution No No Yes Yes
Random coe¢ cients No No Yes Yes
# inelastic demands 3,514 (19%) 556 (3%) 0 0
�2 test �1 = �2 n/a 83.04 n/a 2.76
Prob.>�2 (0.00) (0.10)

The table shows the parameter estimates and standard errors for the di¤erent demand models. The logit
and NL models assume equal income (��=yt), the RC and RCNL models allow for heterogeneous income
(��=yi). The total number of observations (models/markets) is 18,643, where markets refer to the 9
countries and 9 years.

Since the logit, NL and RC are all restricted versions of the RCNL model, we can compare

shown).
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Table 8: Likelihood Ratio Tests for Alternative
Demand Models

Logit Nested Logit RC Logit

Logit �

Nested Logit 584.08 �
(0.0000)

RC Logit 34.08 n/a �
(0.0000)

RC Nested Logit 534.10 30.61 423.84
(0.0000) (0.0002) (0.0000)

The table reports �2 statistics and P-values (in parentheses) of
likelihood ratio tests for di¤erent model pairs.

their statistical performance using likelihood ratio tests adapted to the GMM context.18

Table 8 reports LR values and asymptotic P-values for all pairs of models, except the NL

and RC which are not nested in each other. Each restricted model is rejected against the more

general models. The logit is clearly rejected against any other model. More interestingly, both

the NL and RC models are rejected against the more general RCNL model. In fact, the NL

appears to provide a better �t than the RC logit relative to the RCNL, since the �2 statistic

is lower for the NL than the RC model (30.61 versus 423.84). We already observed above

that the individual random coe¢ cients in the RC model are much less precisely estimated

than the two nesting parameters in the NL model. The likelihood ratio tests thus indicate

that the random coe¢ cients of the RC model are also jointly less signi�cant than the nesting

parameters of the NL model.

Summary We can summarize our empirical results in the following four points. (i) It

appears important to include the nesting parameter relating to the seven marketing seg-

ments since it remains highly signi�cant after including the random coe¢ cients. (ii) It does

not seem appropriate to include an additional subnesting parameter relating to the origin

within each segment, since the random coe¢ cient for origin captures this well. (iii) It is

18Following Hayashi (2000), we de�ne the likelihood ratio statistic (LR) as the di¤erence between the
value of the objective function of the restricted model (re-estimated using the second-stage weighting matrix
of the unrestricted model) and the value of the objective function of the unrestricted model. Under the null
hypothesis, the statistic is asymptotically �2 distributed with degrees of freedom equal to the number of
restrictions.
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relevant to include random coe¢ cients for horsepower and fuel e¢ ciency, but not those for

the dimensions width and height since these are captured well by the marketing segments.

(iv) It is striking that the nesting parameters (re�ecting heterogeneity regarding segments

and subsegments) are estimated much more precisely than the random coe¢ cients (re�ect-

ing heterogeneity regarding continuous characteristics). While these �ndings apply to our

dataset of the European car market, they can be useful as a guide for interpretations also in

other applications.

3.5 Substitution patterns

We have already commented on the number of inelastic own-price elasticities implied by our

estimates. We now provide a more systematic discussion on the substitution patterns. We

consider own-price and cross-price elasticities at the level of the individual products and at

the level of the entire segments.

Product-level price elasticities First consider the product-level own- and cross-price

elasticities. We average these by segment, and distinguish between cross-price elasticities

with respect to other products in the same subsegment, in a di¤erent subsegment within the

same segment, and in a di¤erent segment. Table 9 shows these average product-level elas-

ticities for Germany in 2006 (the largest country in the most recent year of our dataset). In

the logit and NL model the own-price elasticities tend to increase more or less proportionally

with price as one moves to higher segments, resulting in an average own-price elasticity that

is almost 4 times higher in the luxury than in the subcompact segment. The near propor-

tional relationship follows from the functional form assumption: price enters utility linearly

with a homogeneous valuation across consumers (��=yt). In contrast, in the RC and RCNL
models the price elasticities increase much less than proportionally, by a factor of 2.2 and

2.3 in the respective models. This follows from the less restrictive functional form: price

still enters utility linearly, but consumer valuations are heterogeneous (��=yi). Hence, price
insensitive consumers are more likely to purchase high priced cars.

The cross-price elasticities show even more striking di¤erences across the estimated mod-

els. In the logit model, they are extremely small even with respect to cars from the same

subsegment or segment (always <0.01). In contrast, in the NL and RCNL models the cross-

price elasticities are quite high with respect to products of the same subsegment (about

0.1�0.4) and they are still relevant with respect to products of other subsegments in the

same segment (about 0.05). In the RC model, the cross-elasticities with respect to products

of the same subsegment are still sizeable, mainly because of the magnitude and signi�cance
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of the foreign ownership random coe¢ cient. But they are negligible with respect to products

of other segments within the same segment (usually <0.01). These �ndings illustrate the

importance of accounting for consumer heterogeneity relating to the marketing segments (as

done only in the NL and RCNL models) and the domestic/foreign origin (as done in all

models except the simple logit).

Segment-level price elasticities Now consider the segment-level price elasticities, i.e.

the e¤ect of a joint 1% price increase of all cars in a given segment on demand in the

various segments. Table 10 reports these segment-level own- and cross-price elasticities.

We can summarize these results as follows. First, as is well-known, both the logit and NL

model imply fully symmetric substitution patterns at the segment-level (i.e. identical cross-

elasticities per row). For example, a price increase of all compact cars by 1% raises the

demand in all other segments by 0.02% (more precisely, by 0.017%). In sharp contrast, the

RC model implies more intense substitution to �neighboring segments�. Taking the same

example, a price increase of all compact cars by 1% has the highest e¤ect on the demand for

subcompact (+0.76%) and intermediate cars (+0.66%), and lowest e¤ects on the demand

for luxury (0.26%) and SUV cars (+0.39%). Finally, the RCNL model implies cross-price

elasticities somewhere in between the NL and RC model, though closer to the NL model:

the cross-price elasticities to other segments are fairly (but not completely) symmetric, and

they are somewhat higher than in the NL model, but not nearly as high as in the RC model.

We stress that, even though the substitution patterns of the most general RCNL model

appear to be better approximated by the NL model than by the RC model, this does not

necessarily mean that the NL model should be preferred over the RC model. The main

message is that it is important to account for consumer heterogeneity regarding the marketing

segments. The NL model is one simple way to capture this, but there may be alternative

ways. For example, one may consider adding random coe¢ cients for the segments at an

increased computational cost.

Summary We can summarize the di¤erences in the estimated substitution patterns across

models as follows. First, the own-price elasticities at the product level increase roughly

proportionally with price in the logit and NL model, but less than proportionally in the RC

and RCNL model. This is because the latter two models allow for consumer heterogeneity

in the price parameter. Second, the product-level cross-price elasticities show that products

of the same segment are strong substitutes in the NL and RCNL model, but not in the logit

and RC models. Finally, the segment-level cross-price elasticities show that there is quite

strong substitution across segments (especially the neighboring ones) in the RC model, but
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Table 9: Product-level Price Elasticities in
Germany for Alternative Demand Models

Own- Cross-price elasticity
Segment same same di¤er

subseg seg seg
Logit

Subcompact -0.76 <0.01 <0.01 <0.01
Compact -1.09 <0.01 <0.01 <0.01
Intermediate -1.49 <0.01 <0.01 <0.01
Standard -1.94 <0.01 <0.01 <0.01
Luxury -2.94 <0.01 <0.01 <0.01
SUV -2.32 <0.01 <0.01 <0.01
Sports -2.73 <0.01 <0.01 <0.01

Nested Logit
Subcompact -1.23 0.02 0.01 <0.01
Compact -1.74 0.03 0.02 <0.01
Intermediate -2.38 0.05 0.03 <0.01
Standard -3.04 0.13 0.05 <0.01
Luxury -4.64 0.17 0.07 <0.01
SUV -3.73 0.05 0.04 <0.01
Sports -4.40 0.08 0.03 <0.01

RC Logit
Subcompact -2.85 0.03 <0.01 <0.01
Compact -3.66 0.02 <0.01 0.01
Intermediate -4.38 0.03 <0.01 0.01
Standard -4.96 0.04 0.01 0.01
Luxury -6.24 0.06 0.03 0.01
SUV -5.67 0.04 <0.01 0.01
Sports -6.13 0.02 <0.01 0.02

RC Nested Logit
Subcompact -2.57 0.03 0.03 <0.01
Compact -3.33 0.05 0.05 <0.01
Intermediate -3.90 0.06 0.06 <0.01
Standard -4.54 0.15 0.09 <0.01
Luxury -5.75 0.17 0.11 <0.01
SUV -5.01 0.07 0.06 <0.01
Sports -5.42 0.10 0.05 <0.01

The table reports product-level own- and cross-price
elasticities, based on the parameter estimates in Table
7. Elasticities are averages by segment for Germany
in 2006. Cross-price elasticities are averaged across
products from the same subsegment, from a di¤er-
ent subsegment within the same segment, and from
di¤erent segments.
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Table 10: Segment-level Price Elasticities in Germany for Alternative
Demand Models

Segment Subc Comp Interm Stand Lux SUV Sport

Logit

Subcompact -0.77 0.02 0.02 0.02 0.02 0.02 0.02
Compact 0.02 -1.12 0.02 0.02 0.02 0.02 0.02
Intermediate 0.01 0.01 -1.41 0.01 0.01 0.01 0.01
Standard 0.01 0.01 0.01 -1.75 0.01 0.01 0.01
Luxury 0.01 0.01 0.01 0.01 -2.59 0.01 0.01
SUV 0.01 0.01 0.01 0.01 0.01 -2.24 0.01
Sports <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 -2.05

Nested Logit

Subcompact -0.44 0.01 0.01 0.01 0.01 0.01 0.01
Compact 0.01 -0.64 0.01 0.01 0.01 0.01 0.01
Intermediate <0.01 <0.01 -0.81 <0.01 <0.01 <0.01 <0.01
Standard <0.01 <0.01 <0.01 -1.00 <0.01 <0.01 <0.01
Luxury <0.01 <0.01 <0.01 <0.01 -1.48 <0.01 0.01
SUV <0.01 <0.01 <0.01 <0.01 <0.01 -1.28 <0.01
Sports <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 -1.17

RC Logit

Subcompact -1.72 0.67 0.47 0.19 0.07 0.33 0.29
Compact 0.75 -2.77 0.66 0.54 0.26 0.39 0.41
Intermediate 0.29 0.39 -3.47 0.43 0.30 0.45 0.42
Standard 0.12 0.32 0.44 -3.55 0.56 0.43 0.45
Luxury 0.05 0.16 0.32 0.61 -4.05 0.86 0.67
SUV 0.15 0.18 0.37 0.43 0.92 -4.13 0.75
Sports 0.08 0.11 0.20 0.25 0.42 0.49 -4.36

RC Nested Logit

Subcompact -1.08 0.04 0.04 0.04 0.04 0.04 0.04
Compact 0.04 -1.42 0.05 0.06 0.06 0.06 0.05
Intermediate 0.03 0.03 -1.65 0.04 0.04 0.04 0.04
Standard 0.03 0.03 0.04 -1.90 0.05 0.05 0.05
Luxury 0.03 0.04 0.05 0.06 -2.37 0.08 0.07
SUV 0.03 0.04 0.05 0.06 0.08 -2.12 0.07
Sports 0.02 0.02 0.03 0.03 0.04 0.04 -2.03

The table reports the segment-level own- and cross-price elasticities (when
all products in the same segment raise their price by 1%), based on the
parameter estimates in Table 7. The elasticities refer to Germany in
2006. Subc=subcompact, Comp=compact, Interm=intermediate, Stand=standard,
Lux=Luxury, SUV=Sport Utility Vehicle.
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only weak (and symmetric) substitution in the logit, NL and RCNL models.

4 Implications for competition policy analysis

The previous section showed how the di¤erent demand models generate quite di¤erent sub-

stitution patterns. But how relevant are the found di¤erences for applications in industrial

organization or related �elds? To address this question, we consider two areas of competition

policy, market de�nition and merger simulation, and we ask whether the di¤erent demand

models yield robust conclusions.

Much of competition policy still heavily relies on market de�nition and an assessment

of the �rms�market shares within the de�ned market. It is simple and widely applicable

to mergers and horizontal or vertical agreements because it makes few assumptions about

oligopoly behavior. However, the choice of candidate relevant markets can often be quite

arbitrary and arti�cial. Furthermore, because it is not based on a speci�c model of oligopoly

behavior, it cannot make precise predictions about market power e¤ects, and it cannot in-

corporate other considerations in an integrated framework. In merger cases, one increasingly

resorts to simulation analysis to assess market power e¤ects and incorporate e¢ ciencies or

other elements; see e.g. Werden and Froeb (1994), Hausman, Leonard and Zona (1994), Nevo

(2000) and Peters (2006). While merger simulation may in principle extend to other types

of competition investigations, this is di¢ cult in practice because it requires the speci�cation

of an appropriate oligopoly model for the speci�c competition issue under investigation.

These relative advantages and disadvantages of market de�nition and merger simulation

have been widely discussed. We will instead look at this from a di¤erent angle: we ask to

which extent both approaches are sensitive to the adopted demand model. If one approach

gives more robust conclusions across demand models, this provides a new motivation to

prefer it over the other approach.

4.1 Market de�nition

Market de�nition in the European car market is not only relevant for the evaluation of

mergers, but also for the implementation of the Block Exemption Regulation for the selective

and exclusive distribution system. According to this Regulation, automobile manufacturers

may impose selective or exclusive distribution to their dealers, provided they have market

shares below 30% or 40%. Some niche manufacturers such as Mercedes or BMW may meet

these thresholds if markets are de�ned widely to include all cars, but not if they are de�ned

narrowly at the level of the marketing segments. Hence, it is important to know whether
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the segments by themselves can be considered relevant markets.

According to the SSNIP test, the relevant market is the smallest group of products for

which a hypothetical monopolist could pro�tably impose a small, non-transitory but signi�-

cant increase in price (typically 5%-10%). Since the pro�tability of a price increase depends

on the extent of substitution to other goods, the estimated demand model is of central im-

portance. We will apply the SSNIP test to the various estimated demand models and ask

whether the seven marketing segments can be considered as separate relevant markets, or

whether a broader market de�nition is appropriate. For each of the four estimated demand

models, we �rst compute all products�implied marginal costs assuming multiproduct price-

setting �rms (following BLP, Nevo, 2000 and others). Given the estimated demand systems

and the marginal costs, we then ask whether a 10% price increase by all products in a given

marketing segment raises total pro�ts in the considered segment.

Table 11 shows the SSNIP-test results for France and Germany in 2006. The logit model

suggests that none of the seven marketing segments can be considered as separate relevant

markets. For example, a joint 10% price increase in the compact segment in France reduces

pro�ts by 0.6%. The RC model yields a similar conclusion: only the subcompact segment

can be de�ned as a relevant market in both France and Germany. In sharp contrast, the NL

and RCNL model imply that all marketing segments constitute separate relevant markets.

A joint 10% price increase in the compact segment in France would raise pro�ts by 7.21%

according to the NL model and even by 10.84% according to the RCNL model. This narrow

market de�nition follows, of course, from the high signi�cance of the nesting parameter for

the segments in the NL and RCNL models.

Should we conclude that the RCmodel fails to de�ne the markets narrowly at the segment

level, in contrast with the more general RCNL model against which it was rejected? The

answer may be yes, since we found that the RCmodel omits important unobservables relating

to the marketing segments that are captured in the more general RCNL. However, proper

caution is warranted. First, the RCNL model is itself restrictive since it imposes largely

symmetric substitution across the segments. For example, a variant of the RCNL model

where consumers would be more likely to substitute to neighboring segments might lead one

to conclude that market de�nition should include the neighboring segments. Second, the RC

model itself also gives rise to �narrow�market de�nitions, albeit not at the �segment-level�.

We experimented by considering the relevant market of a popular model belonging to

the compact segment, a VW Golf hatchback. Table 12 shows that a candidate market

formed by the VW Golf itself and its 10 closest competitors constitutes a separate relevant

market for the RC model in Germany but not in France (where one would need the 14

closest competitors to constitute a separate relevant market). The 10 closest competitors
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Table 11: Relevant Market De�nition in France and Germany

Segment Logit Nested Logit RC Logit RC Nested Logit

France Germany France Germany France Germany France Germany
Subcompact -0.1 -0.2 5.0 6.7 4.5 4.9 8.8 11.0
Compact -0.6 -0.5 7.2 8.7 -5.1 -1.4 10.8 12.6
Intermediate -1.0 -1.0 7.4 8.4 -8.6 -5.3 10.4 10.4
Standard -1.6 -1.5 13.5 11.1 -7.8 -5.1 16.3 13.3
Luxury -3.4 -3.2 16.2 15.0 -9.5 -5.9 16.6 15.2
SUV -2.4 -2.6 16.5 15.7 2.9 -5.9 18.1 16.0
Sports -1.4 -2.4 10.1 13.9 -11.2 -9.1 12.6 14.2

The table reports percentage pro�t increases implied by a joint 10% price increase of all prod-
ucts in the same segment, based on the parameter estimates in Table 7 and assuming marginal
costs implied by multiproduct Bertrand competition. The e¤ects refer to France and Germany in
2006. Subc=subcompact, Comp=compact, Interm=intermediate, Stand=standard, Lux=Luxury,
SUV=Sport Utility Vehicle.

for each model are reported in the Appendix (Table A.5). The Logit model implies that

the closest competitors of a VW Golf are cars with similar market shares (top sold models)

but dissimilar characteristics and segments. The 10 closest substitutes of the RC model are

instead cars with similar characteristics, in the same segment in 5 cases and in neighboring

segments (subcompact and intermediate) in the other 5 cases. The NL and RCNL model

predict almost the same closest competitors, apart from one case; they are all cars from the

compact segment.

We also checked the minimum number of products among the closest competitors of a

car that form a separate relevant market. The RC model implies a rather narrow market

de�nition for the most popular cars (10 to 15 vehicles), but in general the number of products

are even less for the NL and the RCNL models. Note that such a market de�nition process

becomes somewhat tedious.

As another simpler example, one may de�ne two neighboring segments as the relevant

market in the RC model (as suggested by the above cross-price elasticities). Our SSNIP-test

results at the level of neighboring segments (not shown) con�rm that neighboring segments

constitute relevant markets in the RC model: a joint 10% price increase raises pro�ts for

compact+intermediate (+1.6%) but not for, e.g., compact+luxury (�1.2%).
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Table 12: Relevant Market De�nition for a VW Golf in France and Germany

VW Golf + 10 closest competitors France Germany

Logit -0.4 -1.0
Nested Logit 4.5 6.8
RC Logit -1.6 2.6
RC Nested Logit 6.0 8.3

The table reports percentage pro�t increases implied by a joint 10% price increase for a candidate
market formed by a VW Golf hatchback and its 10 closest competitors, based on the parameter
estimates in Table 7 and assuming marginal costs implied by multiproduct Bertrand competition.
The e¤ects refer to France and Germany in 2006.

4.2 Merger simulation

We consider the e¤ects of two hypothetical mergers. The �rst merger is between the two

French manufacturers PSA (Peugeot and Citroën) and Renault, and the second merger is

between the two German manufacturers BMW and Volkswagen (Volkswagen, Audi, Seat

and Skoda). As shown in Table 13, PSA and Renault are strong in their home market

France, with a combined market share of 56% (mainly due to the mass segments). BMW

and Volkswagen are slightly less strong in their home market Germany, with a combined

market share of 41%. But they have a particularly strong presence in speci�c segments, i.e.

the standard segment (71%) and the luxury segment (58%).

We �rst compute the products�marginal costs assuming multiproduct price-setting �rms,

as we also did to implement market de�nition. Given the estimated demand systems and

the marginal costs, we then predict the new Nash equilibrium resulting from the changed

ownership structure after the merger. Intuitively, a merger will entail high price e¤ects if the

merging �rms sell close substitutes with respect to each other (low cross-price elasticities)

and weak substitutes with respect to outsider �rms (low own-price elasticities).

Table 13 shows the predicted price e¤ects of the two mergers in the �rms�home markets.

We also brie�y comment on the e¤ects in the foreign markets, and show these results in Table

A.3 of the Appendix. We show the percentage price increases both for the entire market

and for each of the seven marketing segments (using price indices, where postmerger market

shares are the weights).

For both mergers, the logit model predicts very small domestic price e¤ects, despite the

merging �rms�strong domestic market presence. In sharp contrast, the NL, RC and RCNL

models give robust conclusions. The PSA�Renault merger would result in large aggregate
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price increases in France (between 8.3% and 20.2%).19 The BMW�VW merger entails more

modest price increases in its home country Germany, but the results are again robust across

all models except the logit model (between 1.9% and 3.0%). In particular, the predicted

price increases are the largest in the standard segment, where the German producers have

the strongest presence (between 4.9% and 10.0%). While the NL, RC and RCNL give

robust conclusions regarding the predicted merger e¤ects, the NL model gives more precise

predictions than the RC model, as shown by the smaller con�dence intervals in Table A.3 of

the Appendix. This follows from the fact that the nesting parameters were estimated more

precisely than the random coe¢ cients.

The predicted price e¤ects in the foreign markets are much smaller. But there is again a

notable di¤erence between the logit model and the other three models (where the predicted

e¤ects are between 0.4% and 0.6% for the BMW�VW merger in France, and between 0.2%

and 0.4% for the PSA�Renault merger in Germany).

In sum, these �ndings show that it is clearly inappropriate to use a simple logit model with

its symmetric substitution patterns. But it does not appear important whether to generalize

the model to a NL, RC or RCNL model, since they give robust conclusions.

4.3 Summary

We can summarize our �ndings on market de�nition and merger simulation as follows.

Merger simulation yields fairly clear conclusions across di¤erent demand models: the sim-

ple logit model is clearly inappropriate, but a generalization to the NL, RC or RCNL gives

robust conclusions. In contrast, market de�nition depends more heavily on the adopted de-

mand model. In particular, the RC model suggests a too wide de�nition at the level of all

cars (similar to the logit model), whereas the NL and RCNL models suggest a more narrow

de�nition at the level of the segments. We discussed that this lack of robustness should not

be attributed to the RC model per se, but rather to the arbitrariness in selecting candidate

relevant markets in the market de�nition approach.

5 Conclusion

We started from a general aggregate RCNL model to provide a systematic comparison be-

tween the simple logit and NL models and the computationally more complex RC model.

We �rst used simulated data to document parameter biases from estimating a NL or RC

19The overall predicted price increases are most close for the NL and the RC model (15.5% and 20.1%).
They are somewhat lower for the RCNL model (20.2%), but the bootstrapped 95% con�dence intervals show
a small overlap, as shown in Appendix in Table A.3.
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Table 13: The E¤ects of Two Hypothetical Mergers in France and
Germany

France All Subc Comp Interm Stand Lux SUV Sport

PSA�Renault merger in France

Domestic market shares (in percent)

PSA 33.4 35.3 38.8 46.0 - 19.1 - 37.3

Renault 22.7 29.8 20.9 17.8 - 9.5 - 13.5

Predicted domestic price increase (in percent)

Logit 0.9 1.6 0.9 0.75 0.0 0.2 0.0 0.5

Nested Logit 15.5 31.2 13.5 12.8 0.0 2.1 0.0 7.0

RC Logit 20.2 37.1 22.6 24.1 0.6 4.8 0.1 14.0

RC Nested Logit 8.3 15.9 8.0 8.2 -0.1 1.5 -0.1 4.5

Germany VW-BMW merger in Germany

Domestic market shares (in percent)

BMW 10.6 2.1 7.9 - 39.6 25.3 15.2 10.8

VW 30.8 23.1 36.3 53.8 31.3 32.4 12.0 21.4

Predicted domestic price increase (in percent)

Logit 0.3 0.3 0.4 0.3 0.6 0.3 0.2 0.2

Nested Logit 2.9 0.6 2.8 0.1 10.0 4.3 1.6 1.1

RC Logit 2.2 0.6 2.0 1.8 4.9 3.2 1.7 1.5

RC Nested Logit 1.9 0.6 1.8 0.5 5.8 3.0 1.1 0.9

The table reports percentage price increases for two hypothetical mergers, PSA�
Renault and BMW�VW, in their domestic markets France and Germany, based
on the parameter estimates in Table 7 and assuming multiproduct Bertrand
competition. The e¤ects refer to France and Germany in 2006. 95% con-
�dence intervals, based on a bootstrapping procedure, are shown in Appen-
dix in Table A.4. For example, the 95% con�dence interval for the over-
all predicted price increase after the PSA�Renault merger is [0.7�1.8]% for the
logit, [12.5�18.3]% for the NL, [14.6�27.2]% for the RC and [5.4�15.7]% for
the RCNL model. Subc=subcompact, Comp=compact, Interm=intermediate,
Stand=standard, Lux=Luxury, SUV=Sport Utility Vehicle.

43



model, when the true model is in fact a RCNL model. We then use data on the automobile

market to estimate the di¤erent models, and as an illustration assess what they imply for

competition policy analysis. Our main �ndings on the advantages and disadvantages of the

NL and RC model can be summarized as follows.

In terms of the statistical performance, both the NL and the RC model are rejected

against the more general RCNL model. The NL model appears to be less strongly rejected

(much lower �2) than the RC model, and the nesting parameters of the NL model (�) drop

by only a modest amount after including random coe¢ cients on continuous variables (�) in

the RCNL model. Furthermore, the nesting parameters are estimated more precisely than

the random coe¢ cients, suggesting that the marketing segments capture a substantial part

of consumer heterogeneity.

In terms of substitution patterns, the NL and RC model yield quite di¤erent results.

The own-price elasticities increase nearly proportionally with price in the NL model and

less than proportionally in the RC model, because the latter model allows for consumer

heterogeneity in the price parameter. Furthermore, products within the same segment are

much closer substitutes in the NL model, whereas there is strong substitution to other

segments (especially to neighboring ones) in the RC model.

Despite the rather di¤erent substitution patterns the NL and RC model generate quite

robust conclusions on the predicted price e¤ects from mergers. In sharp contrast, the con-

clusions for market de�nition are not robust: markets are de�ned narrowly at the segment

level in the NL model, and at the wider level of all cars in the RC model (similar to the

logit). This suggests two implications for competition policy. First, the lack of robustness

in market de�nition should not be attributed to the RC model per se, but rather to the

arbitrariness in selecting candidate relevant markets. Second, the robustness in merger sim-

ulation suggests the simple NL model can be su¢ cient to obtain reliable policy conclusions,

despite the di¤erent substitution patterns.

More generally, one can draw two implications for the choice of demand model in applied

work. First, the choice between the tractable NL model and the computationally more com-

plex RC model may depend on the application. In our merger analysis we considered two

domestic mergers. A particularly relevant aspect of consumer heterogeneity is then the cars�

domestic/foreign origin, which the NL model captures reasonably well. In other applications,

the most relevant aspects of consumer heterogeneity may not be captured well by nesting

parameters for groups or subgroups. In these cases, it is appropriate to estimate RC models

with random coe¢ cients for the most relevant continuous characteristics.

Second, our �ndings show that it is important to account for sources of market segmen-

tation that are not captured by the continuously measured characteristics in the RC model.
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We established this by adding a nested logit structure to BLP�s random coe¢ cients model.

But in future research one may also consider other tractable models.
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A Appendix

Table A.1: Parameter Estimates for Constrained One-Level RCNL model

Constrained One-Level RCNL

Param. St. Er.

Mean valuations for the characteristics in xjt (�)

Price/income -2.73 0.06
Horsepower (kW/100) 1.20 0.29
Fuel (e/10,000 km) -0.45 0.03
Width (cm/100) 0.12 0.01
Height (cm/100) 0.20 0.01
Foreign (0/1) -0.67 0.03

Standard deviations of valuations for the characteristics in xjt (�)

Horsepower (kW/100) 0.50 0.23
Fuel (e/10,000 km) -1.49 0.19
Width (cm/100) n/a
Height (cm/100) n/a
Foreign (0/1) 0.55 0.05
Constant n/a

Nesting parameters (�1 = �2)

Segment �1 0.56 0.01

Model �xed e¤ects Yes
Market �xed e¤ects Yes
Income distribution Yes
Random coe¢ cients Yes
# inelastic demands 0

This table shows the parameter estimates and standard errors for a constrained version of the
RCNL of Table 2. We constrain �1 = �2.(so there is only one level of nesting) and the standard
deviations for the valuations of width, height, and the constant are set equal to 0. The total
number of observations (models/markets) is 18,643, where markets refer to the 9 countries and
9 years.
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Table A.2: Product-level Price Elasticities
in France for Alternative Demand Models

Own- Cross-price elasticity
Segment same same di¤er

subseg seg seg
Logit

Subcompact -0.73 <0.01 <0.01 <0.01
Compact -1.14 <0.01 <0.01 <0.01
Intermediate -1.39 <0.01 <0.01 <0.01
Standard -1.94 <0.01 <0.01 <0.01
Luxury -2.97 <0.01 <0.01 <0.01
SUV -2.22 <0.01 <0.01 <0.01
Sports -2.15 <0.01 <0.01 <0.01

Nested Logit
Subcompact -1.18 0.02 0.01 <0.01
Compact -1.81 0.04 0.03 <0.01
Intermediate -2.21 0.06 0.04 <0.01
Standard -3.08 0.11 0.11 <0.01
Luxury -4.63 0.19 0.09 <0.01
SUV -3.59 0.06 0.06 <0.01
Sports -3.43 0.07 0.05 <0.01

RC Logit
Subcompact -2.99 0.05 <0.01 <0.01
Compact -3.64 0.03 <0.01 0.01
Intermediate -4.11 0.02 <0.01 0.01
Standard -5.33 0.03 0.03 0.01
Luxury -5.52 0.05 0.03 0.01
SUV -4.55 0.03 0.03 0.01
Sports -5.20 <0.01 <0.01 0.02

RC Nested Logit
Subcompact -2.48 0.03 0.03 <0.01
Compact -3.43 0.06 0.07 <0.01
Intermediate -4.02 0.09 0.09 <0.01
Standard -5.08 0.17 0.17 <0.01
Luxury -6.73 0.23 0.16 <0.01
SUV -5.61 0.09 0.09 <0.01
Sports -5.21 0.10 0.09 <0.01

The table reports product-level own- and cross-price
elasticities, based on the parameter estimates in Ta-
ble 2. Elasticities are averages by segment for France
in 2006, instead of for Germany as in Table 9 of the
main text. Cross-price elasticities are averaged across
products from the same subsegment, from a di¤erent
subsegment within the same segment, and from dif-
ferent segments.
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Table A.3: The E¤ects of Two Hypothetical Mergers in France and
Germany - Foreign Market

France All Subc Comp Interm Stand Lux SUV Sport

BMW�VW merger in France

Foreign market shares (in percent)

BMW 3.1 0.9 2.7 - 29.2 15.8 7.9 5.6

VW 11.8 7.8 16.1 20.2 28.3 19.4 5.6 11.3

Predicted foreign price increase (in percent)

Logit 0.0 0.0 0.1 0.0 0.2 0.1 0.0 0.0

Nested Logit 0.6 0.2 0.6 0.0 4.7 1.5 0.2 0.6

RC Logit 0.5 0.3 0.5 0.4 1.8 1.0 0.6 0.5

RC Nested Logit 0.4 0.2 0.5 0.1 2.7 1.1 0.2 0.4

Germany PSA-Renault merger in Germany

Foreign market shares (in percent)

PSA 6.1 11.3 4.3 5.7 - 0.9 - 13.8

Renault 4.2 8.3 4.1 2.3 - 0.2 - 5.0

Predicted foreign price increase (in percent)

Logit 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0

Nested Logit 0.4 1.5 0.4 0.2 0.0 0.0 0.0 0.6

RC Logit 0.2 0.9 0.2 0.1 -0.0 0.0 -0.0 0.2

RC Nested Logit 0.2 0.6 0.2 0.1 0.0 0.0 0.0 0.3

Similar to Table 13, the table reports percentage price increases for two hypo-
thetical mergers, BMW�VW and PSA�Renault, but now in their respective for-
eign markets, France and Germany, instead of the domestic markets. The re-
sults are based on the parameter estimates in Table 2 and assuming multi-
product Bertrand competition. The e¤ects refer to France and Germany in
2006. Subc=subcompact, Comp=compact, Interm=intermediate, Stand=standard,
Lux=Luxury, SUV=Sport Utility Vehicle.
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Table A.4: The E¤ects of Two Hypothetical Mergers in France and Germany - Con�dence
Intervals

France All Subc Comp Interm Stand Lux SUV Sport

PSA�Renault merger in France

Domestic market shares (in percent)

PSA 33.4 35.3 38.8 46.0 - 19.1 - 37.3

Renault 22.7 29.8 20.9 17.8 - 9.5 - 13.5

95 % Con�dence Interval for predicted domestic price increase

Logit 0.7;1.8 1.3;1.9 0.7;1.1 0.6;0.9 0.0;0.0 0.1;0.2 0.0;0.0 0.4;0.6

Nested Logit 12.5;18.3 24.9;37.2 11.1;15.9 10.2;15.4 0.0;0.0 1.5;2.7 0.0;0.0 5.3;8.6

RC Logit 14.6;27.2 28.3;48.7 15.6;31.2 14.8;35.3 0.3;0.9 2.9;7.3 0.0;0.3 9.8;19.0

RC Nested Logit 5.4;15.7 10.2;30.7 5.2;16.1 5.3;16.7 -0.3;0.0 0.9;3.04 -0.2;0.0 2.8;9.3

Germany VW-BMW merger in Germany

Domestic market shares (in percent)

BMW 10.6 2.1 7.9 - 39.6 25.3 15.2 10.8

VW 30.8 23.1 36.3 53.8 31.3 32.4 12.0 21.4

95 % Con�dence Interval for predicted domestic price increase

Logit 0.3;0.4 0.2;0.3 0.3;0.5 0.2;0.3 0.5;0.8 0.3;0.4 0.2;0.2 0.2;0.2

Nested Logit 2.7;3.0 0.5;0.6 2.6;3.0 0.1;0.1 9.5;10.5 4.1;4.5 1.3;1.7 1.0;1.2

RC Logit 1.9;2.5 0.5;0.8 1.7;2.4 1.6;2.1 4.2;5.8 2.7;3.8 1.5;2.0 1.3;1.8

RC Nested Logit 1.6;2.4 0.4;0.8 1.4;2.3 0.2;0.8 5.0;7.0 2.6;3.6 0.8;1.6 0.7;1.1

The table reports the 95 percent con�dence intervals for the percentage price increases reported in Ta-
ble 13 for two hypothetical mergers, PSA�Renault and BMW�VW, in their domestic markets France and
Germany, based on the parameter estimates in Table 2 and assuming multiproduct Bertrand competition.
The 95% con�dence intervals are based on a bootstrapping procedure. Subc=subcompact, Comp=compact,
Interm=intermediate, Stand=standard, Lux=Luxury, SUV=Sport Utility Vehicle.
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Table A.5: 10 closest competitors of a VW Golf hatchback in Germany (compact segment)

Logit Nested Logit RC Logit RC Nested Logit
VW Passat (Inter) Audi A3 (Comp) VW Polo (Subc) Audi A3 (Comp)

Audi A4 (Stand) Mercedes A Class (Comp) Ford Fiesta (Subc) Mercedes A Class (Comp)

Audi A6 (Lux) BMW 1 (Comp) VW Passat (Inter) BMW 1 (Comp)

Mercedes E class (Lux) GM Astra wagon (Comp) Mercedes A Class (Comp) GM Astra wagon (Comp)

BMW 3 wagon (Stand) GM Astra (Comp) Audi A3 (Comp) GM Astra (Comp)

BMW 3 sedan (Stand) Ford Focus wagon (Comp) GM Corsa (Subc) Ford Focus wagon (Comp)

Audi A3 (Comp) Ford Focus sedan (Comp) GM Meriva (Subc) Ford Focus sedan (Comp)

Mercedes A Class (Comp) VW Golf wagon (Comp) GM Astra (Comp) VW Golf wagon (Comp)

BMW 1 (Comp) VW Golf sedan (Comp) GM Astra wagon (Comp) VW Golf sedan (Comp)

VW Polo (Subc) GM Astra cabrio (Comp) BMW 1 (Comp) Mazda 3 (Comp)

The table reports the 10 closest competitors of a VW Golf hatchback in Germany in 2006. The results of the SSNIP
test applied to a candidate relevant market formed by a VW Golf and the 10 closest competitors are reported in
Table 12. Subc=subcompact, Comp=compact, Interm=intermediate, Stand=standard, Lux=Luxury, SUV=Sport
Utility Vehicle.
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Part II

A discrete choice model for ordered
nests





1 Introduction

Discrete choice models are frequently used in empirical industrial organization to estimate

demand for di¤erentiated products. Because of their strong theoretical properties they can

be �exibly adapted to capture various settings. McFadden (1978) has proposed a family

of discrete choice models known as the Generalized Extreme Value (GEV) model, which

is consistent with random utility theory and yields to a tractable closed-form for choice

probabilities. Berry (1994) has provided a framework to estimate, using market-level data,

two special members of this family: the logit and the nested logit model. Apart from these

two models, only a few other members of the GEV model family have been exploited so far,

especially with market-level data. One notable exception is the principle of di¤erentiation

model by Bresnahan et al. (1997).

In this paper I present a new member of the GEV model family that captures a particular

feature of di¤erentiated product markets. The starting point is the fact that often these

markets present a form of segmentation which can be ordered in a natural way. I consider

here the car market. It can be naturally ordered from subcompact to luxury according

to important product characteristics, such as price, size, engine performance, comfort and

prestige. Products belonging to the same segment tend to share similar characteristics and

be closer substitutes to each other than products belonging to other segments. At the same

time, these characteristics gradually increase from one segment to the other, such that a

premium subcompact car can be a potential substitute for a cheap compact car. Thus,

segments tend to overlap with their neighbors. A price shock to a compact car may raise

the desirability, �rst, of other compact cars and, next, of subcompact and intermediate cars

rather than luxury cars.

Is asymmetric substitution towards neighboring segments captured by the demand mod-

els we use? In the nested logit model (Williams, 1977; Daly and Zachary, 1977; McFadden,

1978), often used to estimate the degree of segmentation in a market because of its compu-

tational simplicity, neighboring segment e¤ects are ruled out by construction. The model

requires the stochastic components of utility attached to the segment choice to be inde-

pendent. Therefore, while preferences can be correlated across products within the same

segment (or nest), substitution outside a segment is symmetric to all other segments.

In contrast, the random coe¢ cients logit model by Berry et al. (1995) has the potential

to generate more �exible substitution patterns, where products tend to be closer substitutes

as they share similar observed continuous characteristics. For example, in the �rst essay I

simulate the e¤ect of a joint 1% price increase of all cars in a given segment and show that

the random coe¢ cients logit model yields to more intense substitution towards neighboring
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segments. However, the model does not yield to a closed-form for choice probabilities and

requires the use of computationally demanding techniques. Problems related to its numerical

performance have been studied by several papers; see Knittel and Metaxoglou (2012); Dubé

et al. (2012); Judd and Skrainka (2011).

I specify a new application of the GEV class of models denominated Ordered Nested

Generalized Extreme Value (ONGEV) model. The ONGEV model explicitly recognizes the

natural segment ordering by allowing correlation in unobserved utility between neighboring

segments. It is a combination of the ordered generalized extreme value (OGEV) by Small

(1987) and the nested logit model. Small�s (1987) OGEV model has been developed in

settings where a limited number of alternatives have a natural order so that correlation in

unobserved utility between two alternatives depends on their proximity in the ordering. The

ONGEV model extends the OGEV model to a framework with numerous alternatives where

the grouping of these alternatives, rather than the alternatives as such, can be naturally

ordered. In the car market, for example, ordering around 170 car models would prove

impossible, while ordering grouping of cars, the segments, is a sensible strategy to obtain a

tractable model and �exible substitution patterns.

The ONGEV model is appealing for three reasons. First, it provides a modeling theory

that is more consistent with the particular structure of choices in some segmented mar-

kets, such as cars or hotels, than a simple nested logit model. It creates the potential for

neighboring segment e¤ects, or, more precisely, asymmetric substitution patterns across seg-

ments. Second, the ONGEV model permits the presence of overlapping nests in a closed

form solution. It relaxes the hierarchical nesting structure imposed by the nested logit model

while avoiding the burdensome simulation techniques and numerical problems of the ran-

dom coe¢ cients logit model. As every random utility model, the ONGEV model could be

approximated by a random coe¢ cients logit model (McFadden and Train, 2000), but doing

so would imply the use of simulation techniques and a consequent reduction in tractability.

Third, the ONGEV model has the nested logit and the logit as special cases. It can thus

serve as a test for the validity of the constraints imposed by the nested logit and, a fortiori,

the logit model.

I implement the ONGEV model using a unique dataset on the car market that covers

nine European countries between 1998 and 2009. I model and estimate car demand in three

ways: (i) a one-level nested logit model where consumers choose one of �ve segments and

then the speci�c car; (ii) a two-level nested logit where consumers choose between �small�and

�large�segments, then the speci�c segment and car; (iii) an ONGEV model where consumers

choose one of �ve segments, as in model (i), but segments can overlap with the neighboring

ones. The �rst model, the one-level nested logit, is the simplest model to capture market
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segmentation but imposes restrictions that rule out neighboring segment e¤ects. The second

model, the two-level nested logit, is an approximation of the ONGEV model where segments

are grouped into two arbitrary nests (small and large), such that correlation between pairs

of segment within a nest is not zero. But the segment grouping is arbitrary and can only

partially solve the problem of estimating neighboring segment e¤ects because it does not

allow correlation between all neighboring segments. The third model is the ONGEV model

embodying correlation between all neighboring segments.

The demand estimates of the ONGEV model clearly indicate a rejection of the one-level

nested logit model: correlation in car choices is present not only within a segment, but also

between neighboring segments. Robustness checks using di¤erent instrument sets indicate

that the between e¤ect is always present. The demand estimates have striking implications

for the substitution patterns. I examine the e¤ect of a 1% price increase of all cars in a given

segment on the demand in the various segments. The cross-price elasticities substantially

di¤er across the three speci�cations. The ONGEV model shows a large substitution e¤ect to

the neighboring segments. The one-level nested logit model yields to symmetric substitution

across segments, where the amount of substitution towards other segments is very low. The

two-level nested logit model only partially captures neighboring segment e¤ects but not the

full pattern of between segment correlation.

The ONGEV model is a closed-form discrete choice model that enhances the �exibility of

the nested logit model. Several authors have noticed the limitation of the nested logit model

consisting of unambiguous assignment of alternatives to only one nest. Small�s (1987) OGEV

model was probably the �rst closed-form GEV model that allows overlapping nests. Other

closed-form models have been developed, especially in the transportation literature; see Chu

(1989); Vovsha (1997); Ben-Akiva and Bierlaire (1999). Small (1994) and Bhat (1998) have

extended the OGEV model to a nested logit model for the higher-level choice decision and

the OGEV model formulation for the lower choice decision. The most �exible model in this

literature is the generalized nested logit model by Wen and Koppelman (2001), where an

alternative can be a member of more than one nest to varying degrees. Finally, Bresnahan

et al. (1997) develop a principle of di¤erentiation model which is an example of closed-form

GEV model applied to market-level data and a numerous number of alternatives.

The remainder of the paper is organized as follows. Section 2 discusses the ONGEV

model. Section 3 describes the dataset and the econometric procedure, including the iden-

ti�cation issues. Section 4 shows the empirical results and the implied price elasticities.

Section 5 concludes.
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2 The ordered nested generalized extreme value model

I estimate the demand for cars at product level within the random utility framework as

developed in the GEV class of models proposed by McFadden (1978).

There are T markets, t = 1; ::; T . In each market t there are Lt potential consumers. I

suppress the market subscript t for the moment, since consumers are assumed to purchase

the car only in the market where they are located. Consumer i chooses the speci�c car j,

j = 0; : : : J . The outside good includes only the option �do not buy a car�, j = 0, for which

consumer i�s indirect utility is ui0 = "i0. For cars j = 1; : : : ; J , consumer i�s indirect utility

is:

Uij = xj� + �pj + �j + "ij

� �j + "ij;

where xj is a vector of observed product characteristics, including size, horsepower, fuel

e¢ ciency and country of origin; pj is the price; �j is the unobserved product characteristic,

including style, image or comfort.1 The coe¢ cient of price, �; is speci�ed as �=y, where

y is equal to income per capita.2 Following Berry (1994), I decompose Uij into two terms:

�j, the mean utility term common to all consumers and "ij, the utility term speci�c to each

consumer.

In particular, "ij is an individual realization of the random variable ". The distribution of

" is determinant for the shape of demand and the implied substitution pattern. I assume that

segments are ordered from the outside good segment (the �inferior quality�good) to the luxury

segment according to observable characteristics, such as price, size, engine performance and

fuel e¢ ciency, and other unobservable characteristics, such as comfort, prestige or safety.

The modeling strategy takes into account that if cars j and k belong to the same segment

or to a neighboring segment, a consumer�s draw of "ij can be correlated with "ik.

McFadden (1978) has proposed a GEV class of random utility model in which such

correlation can be modeled in di¤erent ways. A GEV model is derived from a function

G = G(e�0;:::;�J ) which is a di¤erentiable function de�ned on RJ+ which is: (i) non-negative;
(ii) homogeneous of degree 1; (iii) tending toward +1 when any of its arguments tend

toward +1; (iv) whose nth cross-partial derivatives with respect with respect to n distinct
1Since my data are at the annual level, I also add controls for the number of months each car is available

in a country within a given year (for cars introduced or dropped within a year).
2This utility speci�cation approximates Berry et al.�s (1995) Cobb-Douglas speci�cation � ln(y�pj) when

the price is small relative to (capitalized) income. It is convenient when studying countries with di¤erent
exchange rates, since local price is simply expressed relative to local income; see Goldberg and Verboven
(2001).
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e�j are non-negative for odd n and non-positive for even n.

According to the GEV postulate, the choice probability of buying car j is:

sj =
e�j �Gj(e�0;:::;�J )
G(e�0;:::;�J )

; (1)

where sj if the equation for the market share of car j and Gj is the partial derivative of G

with respect to e�j .

To make the logic of the modeling strategy more clear, consider the G function associated

with a traditional speci�cation, the nested logit model, in which the ordering of the segments

is not explicitly modeled. I present �rst a one-level nested logit model, in which correlation

between segments is ruled out by construction. Then I present a two-level nested logit model,

in which correlation between segments is partially modeled. Finally I turn to the ONGEV

model. The three models are represented in Figure 1.

One-level nested logit model In the one-level nested logit model, the segment ordering

does not matter. The model incorporates potential correlation among products only within

a nest (segment), not between (panel a of Figure 1). The J alternatives are grouped into S

nests (segments) labeled S1; :::; SS. The G function takes the form:

G = e�0 +
SX
r=1

 X
j2Sr

e
�j

1��s

!1��s
; (2)

where �s captures correlation among products within the same nest. Consistency with

random utility maximization requires �s to lie in the unit interval. As �s goes to 0, the

expression in (2) simpli�es to the G function associated with a logit model, where each

element of " is independent. As �s goes to 1, the error term becomes perfectly correlated, so

that the probability of choosing an alternative dominated by another alternative (j�jj > j�kj)
in the same nest is 0.

Two-level nested logit model One could think about more complicated nesting struc-

tures to capture neighboring substitution e¤ects within the modeling framework of tradi-

tional nested logit models. For example, a two-level nested structure could combine the

segments into two nests: a �small�nest, including subcompact and compact segments and a

�large�nest, including intermediate, standard and luxury segments (panel b of Figure 1). In

practice, the J alternatives are grouped into 2 nests, small and large, labeled B1(small) and

B2;(large) and S sub-nests (segments), labeled S1; :::SS.The two-level nested logit formula

57



of the G function is the following:

G = e�0 +

SX
r=1

8><>:
24 X

j2B1;Sr

e
�j

1��g

! 1��g
1��s

+

 X
j2B2;Sr

e
�j

1��g

! 1��g
1��s

351��s
9>=>; ; (3)

where �s captures the correlation of preferences within a speci�c sub-nest (segment) and

�g the correlation of preferences within a grouping of segments (B1, small and B2, large).

A price shock to a compact car would determine, �rst, substitution within the compact

segment and, next, within the small group, towards the subcompact segment. But this

speci�cation assumes away potential correlation in " towards the other neighboring segment,

the intermediate one. Segments could be grouped in di¤erent ways, but no two-level nested

logit speci�cation can fully parameterize the neighboring segment e¤ects. I turn to the

ONGEV model to better accommodate this e¤ect.

The ONGEV model Assume that the 5 + 1 segments are ordered as follows: S0, the

outside good; S1, subcompact; S2, compact; S3, standard; S4, intermediate; S5, luxury. The

ordering corresponds to an increasing value of important characteristics such as price. The

outside good segment is, thus, the segment with the �inferior quality�good.

Assume the following G function within the GEV class:

G =
S+1P
r=0

2641
2

0@ X
j2Sr�1

e
�j

1��s

1A
1��s
1��n

+
1

2

 X
j2Sr

e
�j

1��s

! 1��s
1��n

375
1��n

; (4)

where �s captures correlation of preferences within a speci�c nest (segment) and �n corre-

lation of preferences between neighboring segments. Consistency with random utility max-

imization requires 0 � �n � �s < 1. These restrictions on the values of �n and �s are

necessary to satisfy the four conditions for function G to belong to the GEV family. The

Appendix provides the proof in paragraph B.1.

The shape of the demand function crucially depends on the two parameters, �s and

�n, that parameterize the cumulative distribution of the error term ". The �rst one, �s,

corresponds to a pattern of dependence in " across products sharing the same segment. The

second one, �n, corresponds to a pattern of dependence in " across products belonging to

neighboring segments. Consider the e¤ect of a price shock to a speci�c compact car. The

dependence in " measured by �s determines that a share of consumers, who had initially

chosen a compact car, will switch to another compact car. The dependence in " measured by
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�n determines that a share of consumers will switch to a subcompact or an intermediate car

(the neighboring segments). In other words, if the values of �s and �n are su¢ ciently high,

products belonging to the same segment or to neighboring segments will be closer substitutes

compared to products belonging to further segments (panel c of Figure 1). I formalize the

argument by looking at the correlation between "�s for two cars that (i) belong to the same

segment; (ii) belong to neighboring segments; (iii) belong neither to the same segment nor

to neighboring segments. The Appendix in paragraph B.2 provides these expressions.

If the random components follow the G function in (4), by GEV postulate in (1) the

choice probability of buying car j is:

sj =

e
�j

1��s �
�P
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�j

1��s
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�
"�P
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� 1��s
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#1��n : (5)

If �n = 0, the expression boils down to the one-level nested logit choice probability:

sj =

e
�j

1��s �
�P

j2Sr e
�j

1��s

���s
PS

r=0

"�P
j2Sr e

�j
1��s

�1��s# : (6)

Compare the market shares of the ONGEV model in (5) with the corresponding shares

of the one-level nested logit model in (6). Similarly to the one-level nested logit model, in

the ONGEV model sj is diminished by the presence of attractive alternatives within a nest.

Di¤erently from the nested logit model, sj is also diminished by the presence of attractive

alternatives in neighboring nests, because the denominator will increase. Ceteris paribus,

this e¤ect is increasing in �n.

Compare the ONGEV model with the two-level nested logit model. In the two-level

nested logit model, segments can be paired in di¤erent ways, but no speci�cation can fully pa-

rameterize the neighboring segment e¤ects as in the ONGEV model. Note that the ONGEV

model does not imply the estimation of a greater number of parameters with respect to the

two-level nested logit, but simply accommodates neighboring e¤ects in a more appropriate

way.
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Figure 1: The nested logit models versus the ONGEV model

(a) One-level nested logit

(b) Two-level nested logit

(c) ONGEV

This �gure represents the three model speci�cations based on McFadden�s (1978) GEV model: the
one-level nested logit that ignores neighboring segments, the two-level nested logit that partially
models neighboring segments, and the ONGEV model, that �exibly models neighboring segments.
Note that in the ONGEV model each segment overlaps with two neighbors, apart from the extreme
segments (outside good and luxury).
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3 Data and identi�cation

3.1 Data

I use a unique dataset on the automobile market maintained by JATO. The data are at the

level of the car model (e.g. VW Golf ) and include essentially all passenger cars sold between

1998 and 2009 in nine West-European countries, which include Belgium, France, Germany,

Greece, Italy, the Netherlands, Portugal, Spain and the UK. For each model/country/year,

I build a dataset including information on sales and list prices and various characteristics

such as vehicle size (curb weight, width and height), engine attributes (horsepower and

displacement) and fuel consumption (liter/100 km or e/100 km). I assign each model to

the brands�speci�c perceived country of origin. Models sold under the brand of Citroën,

Peugeot and Renault are perceived as French cars, even though the production can take place

in di¤erent locations. The dataset is augmented with macro-economic variables including the

number of households for each country, the population size and GDP. The resulting dataset

consists of 18,624 model/country/year observations or, on average, about 172 models per

country/year. A more detailed description of the dataset for a shorter number of years

(1998-2006) is provided in the �rst essay of the dissertation. Table 1 provides summary

statistics for sales, price and the other product characteristics used in our empirical demand

model. In my counterfactual I report substitution patterns for one country, Germany, so I

report summary statistics for that country as well.

Starting from JATO�s classi�cation, I attribute each model to a marketing segment.

There are �ve marketing segments: subcompact, compact, standard, intermediate, luxury.3

Since my empirical analysis focuses on the ordering of the segments from subcompact to

luxury, I provide more details on how the characteristics relate to neighboring segments.

Table 2 presents, on the top panel, the mean for each characteristic per segment. The mean

values of price, horsepower, fuel consumption and width increase from subcompact to luxury.

Height shows neither a clearly increasing nor a clearly decreasing trend. Segment averages of

price, horsepower and fuel consumption vary more widely with respect to width and height

between segments. On the bottom panel, the table presents a non-parametric test on the

probability that a randomly-chosen value of, say, horsepower from the subcompact segment

has a higher value than a randomly-chosen value of horsepower of the compact segment.

The test is useful to illustrate both the segment ordering and the extent of overlap of the

characteristics between neighboring segments. Results con�rm that all characteristics tend

to increase when switching from one segment to the neighboring one (probability < 50%)

3Other segments that are present in the car market, such as SUV, sports and minivan, are not considered
here because di¤erent characteristics would suggest di¤erent ordering of the segments.
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Table 1: Summary Statistics

All countries Germany

Mean St. Dev. Mean St. Dev.

Sales (units) 6,759 16,048 13,872 23,299
Price/Income 1.01 0.76 0.79 0.47
Horsepower (in kW) 81.3 35.4 82.7 36.6
Fuel e¢ ciency (e/100 km) 8.8 2.5 9.0 2.2
Width (cm) 172.4 8.2 172.6 8.2
Height (cm) 146.2 6.8 146.4 6.9
Foreign (0-1) 0.9 0.3 0.7 0.4
Months present (1-12) 9.7 2.6 9.7 2.5

The table reports means and standard deviations of the main variables. The total number of
observations (models/markets) is 18,624, where markets refer to the 9 countries and 12 years.

with the exception of height. This partial measure of size should not be taken into account

in the ordering because smaller cars often tend to compensate their reduced size in terms of

width and length with height.

Neighboring segments also present di¤erent degrees of overlap depending on the charac-

teristic. Fuel e¢ ciency tends to overlap across neighboring segments more than price and

horsepower. For example, while the average fuel e¢ ciency increases from the intermediate

(9:2) to the standard segment (9:9), the probability that a randomly chosen value of fuel

e¢ ciency from the intermediate segment has a higher value than a randomly-chosen value

of fuel e¢ ciency of the standard segment is very high (42%). Probabilities across all charac-

teristics suggest that the border between compact-intermediate and intermediate-standard

is less de�ned compared to the border between subcompact-compact and standard-luxury.

3.2 The estimation procedure

The estimation procedure for the ONGEV model follows the methodological lines of Berry

(1994), Berry et al. (1995) and the subsequent literature. Following the �rst essay of the

dissertation, I exploit the panel features of the dataset to specify the error term capturing

unobserved product characteristics. For this purpose, I reintroduce the market subscript t.

Speci�cally, I model the product-related error term as follows: �jt = �j + �t + ��jt, where

�j is a �xed-e¤ect for each car model, �t is a �xed-e¤ect for each country interacted with a

time trend and squared time trend. ��jt is the remaining product-related error term.

I follow a two-step procedure. First, I numerically solve for the error term ��jt as a
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Table 2: Summary Statistics by Segment

Segment Subc Comp Interm Stand Lux

Mean of the characteristics xjt
Price/Income 0.528 0.792 1.023 1.378 2.162
Horsepower (in kW) 50.1 71.7 87.5 102.8 142.1
Fuel e¢ ciency (e/100 km) 7.2 8.3 9.2 9.9 12.0
Width (cm) 163.2 172.5 176.5 176.0 183.1
Height (cm) 149.4 145.2 145.6 142.9 145.8

% overlap between neighboring segments

Price/Income - 20 26 25 24
Horsepower (in kW) - 8 17 25 16
Fuel e¢ ciency (e/100 km) - 33 36 42 29
Width (cm) - 7 23 54 9
Height (cm) - 65 46 70 26

Number of observations 5,165 5,352 3,572 2,159 2,376

The top panel of the table reports means of the �ve continuous characteristics (i.e. price/income,
horsepower, fuel e¢ ciency, width and height) by segment. The bottom panel of the table reports
a non-parametric test on the probability that a randomly-chosen value of a characteristic from
segment r � 1 has a higher value than a randomly-chosen value of the characteristic from segment
r. Subc=subcompact, Comp=compact, Interm=intermediate, Stand=standard, Lux=Luxury.
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function of the vector of parameters. Second, I interact ��jt with a set of instruments to

form a generalized method of moments (GMM) estimator.

Consider the solution of��jt �rst. In the nested logit model��jt has an analytic solution.

In the ONGEVmodel��jt is the numerical solution of the system s = s(�(�; �s; �n); �; �s; �n).

In contrast with the random coe¢ cients logit model, the numerical procedure is well-behaved

because the market share function is expressed in closed-form.4

Let c�� be the sample analogue of the vector ��, and Z the matrix of instruments. The
GMM estimator is de�ned as:

min
�;�s;�n

d��0(Z
Z 0
)c��;

where 
 is the weighting matrix. To minimize the GMM objective function with respect

to the parameters �; �s; �n, I �rst concentrate out the linear parameters �. Also, I do

not directly estimate the more than 150 car model �xed e¤ects �j, but instead use a within

transformation of the data (Baltagi, 1995). Standard errors are computed using the standard

GMM formulas for asymptotic standard errors.

3.3 Identi�cation

The GMM estimator requires an instrumental variable vector Z with a rank of at least K+3

(K is the dimension of the � vector; the price parameter �; the two nesting parameters �s
and �n). The interpretation of ��jt as unobserved product quality disquali�es price pjt as

an instrument since it could imply a positive correlation with ��jt. There are two main

reasons for this positive correlation. First, if an unobservable characteristic, for example

comfort, rises with price, consumers will avoid expensive cars less than they would without

that characteristic. Second, if adding comfort is costly for the manufacturer, the price of

the car is expected to re�ect this cost. A similar argument holds for the correlation between

the shares within a segment (or within neighboring segments) and ��jt. This calls for

instrumentation of the share terms to avoid an upward bias on the parameters �s and �n.

Following Berry et al. (1995), I assume that the observed product characteristics xjt are

uncorrelated with the unobserved product characteristics ��jt. Note that this assumption is

weaker than the often adopted assumption that xjt is uncorrelated with �jt. We can therefore

include xjt in the matrix of instruments. I also use functions of these characteristics as

instruments to estimate the K +3 parameters. Speci�cally, I include: (i) counts and sum of

4I use a modi�ed version of Berry et al.�s (1995) contraction mapping: �k+1 = �k + [1 � max(c�s;c�n)]
�[ln(s) � ln(s(�k))]. If one does not weigh the second term by [1 � max(c�s;c�n)] the procedure may not
lead to convergence; see Brenkers and Verboven (2006). Following the insights of the literature on random
coe¢ cients logit models, particularly by Dubé et al. (2012), I use a tight tolerance level of 1e� 14 to invert
the shares using Berry et al.�s (1995) contraction mapping.
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the characteristics of other products of competing �rms by segment; (ii) counts and sum of

the characteristics of other products of the same �rm by segment; (iii) counts and sum of the

characteristics of other products of competing �rms by neighboring segments; (iv) counts

and sum of the characteristics of other products of the same �rm by neighboring segments.

These instruments originate from supply side considerations, where I assume that �rms set

prices according to a Bertrand-Nash game. When the number of products in one segment,

or in the neighboring segments increases, demand should become less elastic and this should

a¤ect prices and shares. Similarly, if one �rm produces many products in one segment or in

neighboring segments, sales and prices should be higher.

4 Results

4.1 Demand estimates

Table 3 shows the parameter estimates for the three alternative demand models. The �rst

one is the one-level nested logit model, which imposes �n = 0. The second one is the two-

level nested logit model, which is an approximation of the ONGEV model which assumes

away potential correlation between " among compact and intermediate segments. Again in

this model �n = 0, but two ��s are estimated: �s corresponding to the speci�c segment

(sub-nest) and �g corresponding to the higher level in which segments are grouped into two

nests, small and large. The third one is the ONGEV model, where both �s and �n are

estimated.

In all three models, the price parameter (�) and the parameters of the characteristics

(�) have the expected sign and are all signi�cantly di¤erent from zero. Most parameter

estimates have also roughly the same magnitude.

I now examine the nesting parameters. In the �rst model, the nesting parameter for the

segment is estimated very precisely: �s = 0:84. The magnitude is consistent with random

utility maximization (0 � �s < 1) and implies that consumer preferences are strongly corre-
lated within a segment. This is consistent with earlier �ndings by Goldberg and Verboven

(2001) and Brenkers and Verboven (2006).

In the second model, the two nesting parameters are again very precisely estimated:

�s = 0:89 and �g = 0:69. Their magnitude is also consistent with random utility maximiza-

tion (0 � �g � �s < 1). They imply that consumer preferences are more strongly correlated
across cars from both the same segment grouping (small and large) and sub-grouping (seg-

ment) rather than merely from the same grouping. However, correlation within a grouping

of segments (small and large) is still important. Neighboring segment e¤ects are therefore
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present.

In the third model, the ONGEV model, we estimate both �s and �n signi�cantly di¤er-

ent from zero. The parameter measuring correlation within segments, �s, is very precisely

estimated, �s = 0:85. The parameter measuring correlation between neighboring segments,

�n, is less precisely estimated, �n = 0:72. Nevertheless, correlation between neighboring

segments is strongly supported by the data since �n is signi�cantly higher than zero and has

a high magnitude: the one-level nested logit assuming �n = 0 is rejected against the ONGEV

model. The magnitude of the parameters is consistent with random utility maximization

(0 � �n � �s < 1).
Table 4 presents alternative estimations on the ONGEV model with di¤erent instrument

sets to check the robustness of the parameter estimates. The �rst column reports the baseline

ONGEV. In the second column I remove half of the instruments, speci�cally the ones based

on the neighboring segments. In the third column I remove the other half of the instruments,

the ones based on the segments. The magnitude of the parameters is stable, where the

hypothesis that �n = 0 is always rejected. Note a reduction in the measured precision of the

important parameters, �, �s and especially �n, which is, however, not dramatic.

Table 3: Parameter Estimates for Alternative Demand Models

One-level Nested Logit Two-level Nested Logit Ordered Nested Logit

Param. St. Er. Param. St. Er. Param. St. Er.

Mean valuations for the characteristics in xjt (�)

Price/income -1.26 0.02 -0.94 0.02 -1.08 0.05
Horsepower (kW/100) 1.24 0.04 0.91 0.03 1.04 0.06
Fuel (e/10,000 km) -3.06 0.34 -1.93 0.25 -2.28 0.29
Width (cm/100) 7.01 1.78 5.42 1.30 7.16 1.49
Height (cm/100) 11.70 1.32 9.39 0.97 10.24 1.11
Foreign (0/1) -0.27 0.03 -0.16 0.02 -0.24 0.03

Nesting parameters (�s; �n; �g)

Segment �s 0.84 0.02 0.89 0.02 0.85 0.02
Neighboring segment �n n/a n/a 0.72 0.21
Group of segments �g n/a 0.69 0.02 n/a

Model �xed e¤ects Yes Yes Yes
Market �xed e¤ects Yes Yes Yes

The table shows the parameter estimates and standard errors for the three di¤erent demand models.
The nested logit models assume �n = 0, while the ONGEV model estimates �n. The total number of
observations (models/markets) is 18,624, where markets refer to the 9 countries and 12 years.
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Table 4: Alternative Treatment of the Instrument Matrix

Baseline ONGEV No neighboring seg. IV No segment IV

Param. St. Er. Param. St. Er. Param. St. Er.

Mean valuations for the characteristics in xjt (�)

Price/income -1.08 0.05 -1.02 0.06 -1.24 0.05
Horsepower (kW/100) 1.04 0.06 0.98 0.08 1.23 0.07
Fuel (e/10,000 km) -2.28 0.29 -2.14 0.30 -3.00 0.32
Width (cm/100) 7.16 1.49 9.27 1.73 7.82 1.74
Height (cm/100) 10.24 1.11 11.04 1.20 11.00 1.25
Foreign (0/1) -0.24 0.03 -0.31 0.04 -0.24 0.03

Nesting parameters (�s; �n)

Segment �s 0.85 0.02 0.80 0.03 0.84 0.02
Neighboring segment �n 0.72 0.21 0.73 0.24 0.71 0.26

Model �xed e¤ects Yes Yes Yes
Market �xed e¤ects Yes Yes Yes

The table shows the parameter estimates and standard errors for the ONGEV model with di¤erent
instrument sets. The �rst model is the baseline one. The second model excludes: (i) counts and sum of
the characteristics of other products of competing �rms by neighboring segments; (ii) counts and sum
of the characteristics of other products of the same �rm by neighboring segments. The third model
excludes: (i) counts and sum of the characteristics of other products of competing �rms by segment; (ii)
counts and sum of the characteristics of other products of the same �rm by segment. The total number
of observations (models/markets) is 18,624, where markets refer to the 9 countries and 12 years.

4.2 Substitution patterns: segment-level price elasticities

The implications of the ONGEV model are clearly illustrated by the substitution patterns. I

consider own- and cross-price elasticities at the level of an entire segment. These elasticities

represent the e¤ect of a joint 1% price increase of all cars in a given segment on the demand

in the various segments. Table 5 shows the segment-level own- and cross-price elasticities.

The table reports both the point estimates and the bootstrapped 95% con�dence interval.

The own-price elasticities across the three models are very similar in terms of magni-

tude and often overlap in the con�dence intervals. The own-price elasticities of the second

model, the two-level nested logit model, tend to be higher, especially for the most-expensive

classes. This proportional relationship between own-price elasticity and price is a result of

the functional form assumption of the nested logit model, since price enters utility linearly.

The proportionality is a common feature of all three models, but the higher values of the

nesting parameters for the second model make it more evident.

The cross-price elasticities are the most interesting. By construction, the one-level nested
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logit model implies a fully symmetric substitution pattern, namely identical cross-price elas-

ticities in each row. The two-level nested logit model retains the same feature, but within

each sub-nest. Thus, a 1% price increase to the intermediate segment raises the demand in

the standard and luxury segments by the same amount, 0.73%. In addition, a price increase

in the intermediate segment implies a very small increase in the demand of compact cars, a

segment that belongs to another grouping (small). This counterintuitive result is the con-

sequence of the inability of the model to represent the overlapping segments. Similarly, a

price increase in the compact segment implies a strong substitution e¤ect to the subcompact

segment, but not to the intermediate one, which attracts demand in the same proportion of

the luxury segment.

By contrast, the ONGEV model seems to capture substitution to neighboring segments

well. Taking the same example, i.e. a price increase in the compact segment, note the

high e¤ect on the demand of the two neighboring segments, subcompact (+0.14%) and

intermediate (+0.13%). These numbers are lower, but comparable to the ones reported in

the �rst essay of the dissertation in the analysis of the segment-level price elasticities for

the random coe¢ cients logit model. The fact that between segment correlation, �n, is less

precisely estimated than within segment correlation, �s, leads to larger con�dence intervals

for the point estimates of the cross-price elasticities compared to the own-price elasticities.

Note that the distribution of the elasticities tends to be skewed to the left, so that the point

estimates are higher than their expected value.

The ONGEV model is parsimonious in the number of parameters, so that only the imme-

diately proximate segments (on the left and on the right) are the neighboring ones. Outside

the neighboring segments, the ONGEV model still retains the modeling assumptions of the

nested logit model. Thus, substitution patterns are symmetric outside the neighboring seg-

ments. This constitutes a limitation of the model which is especially evident for the segments

allocated at the beginning and at the end of the ordering. For example, one could imagine

that a price increase to luxury cars would imply higher substitution e¤ects towards standard

cars and, to a lesser extent, towards intermediate cars. Now substitution towards the inter-

mediate segment is very small and identical to the one towards the compact and subcompact

segments. Modeling further neighboring segments could be an interesting extension of this

work.

5 Conclusion

I present a new member of the GEV model family denominated ordered nested generalized

extreme value (ONGEV) model. The ONGEV model is particularly suitable for markets of
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Table 5: Segment-level Price Elasticities in Germany for Alternative
Demand Models

One-level Nested Logit
Subcompact Compact Intermediate Standard Luxury

Subcompact -0.50 0.02 0.02 0.02 0.02
-0.51;-0.48 0.02;0.02 0.02;0.02 0.02;0.02 0.02;0.02

Compact 0.02 -0.76 0.02 0.02 0.02
0.02;0.02 -0.79;-0.74 0.02;0.02 0.02;0.02 0.02;0.02

Intermediate 0.01 0.01 -1.07 0.01 0.01
0.01;0.01 0.01;0.01 -1.11;-1.04 0.01;0.01 0.01;0.01

Standard 0.01 0.01 0.01 -1.36 0.01
0.01;0.01 0.01;0.01 0.01;0.01 -1.40;-1.32 0.01;0.01

Luxury 0.01 0.01 0.01 0.01 -1.99
0.01;0.01 0.01;0.01 0.01;0.01 0.01;0.01 -2.05;-1.92

Two-level Nested Logit
Subcompact -0.70 0.53 0.01 0.01 0.01

-0.76;-0.65 0.46;0.61 0.01;0.01 0.01;0.01 0.01;0.01

Compact 0.56 -1.35 0.01 0.01 0.01
0.49;0.64 -1.47;-1.23 0.01;0.01 0.01;0.01 0.01;0.01

Intermediate 0.03 0.01 -1.89 0.73 0.73
0.02;0.03 0.01;0.01 -2.06;-1.73 0.63;0.84 0.63;0.84

Standard 0.03 0.01 0.86 -2.46 0.86
0.02;0.03 0.01;0.01 0.74;0.99 -2.68;-2.25 0.74;0.99

Luxury 0.03 0.01 0.77 0.77 -4.05
0.02;0.03 0.01;0.01 0.66;0.88 0.66;0.88 -4.43;-3.68

Ordered Nested Logit
Subcompact -0.52 0.14 0.01 0.01 0.01

-0.56;-0.44 0.02;0.19 0.01;0.01 0.01;0.01 0.01;0.01

Compact 0.14 -0.86 0.13 0.01 0.01
0.02;0.19 -0.96;-0.68 0.01;0.21 0.01;0.02 0.01;0.02

Intermediate 0.01 0.05 -1.49 0.48 0.01
0.01;0.01 0.01;0.08 -1.75;-1.07 0.11;0.85 0.01;0.01

Standard 0.01 0.01 0.53 -1.94 0.37
0.01;0.01 0.01;0.01 0.13;0.87 -2.36;-1.28 0.01;0.56

Luxury 0.01 0.01 0.01 0.32 -2.19
0.01;0.01 0.01;0.01 0.01;0.01 0.01;0.48 -2.52;-1.74

The table reports the segment-level own- and cross-price elasticities (when all prod-
ucts in the same segment raise their price by 1%), together with the percent con�-
dence intervals, based on a bootstrapping procedure. The elasticities are based on
the parameter estimates in Table 2. They refer to Germany in 2009.
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di¤erentiated products that present a form of segmentation which can be ordered in a natural

way. The model relaxes the assumption of independent and identically distributed random

errors between segments of the nested logit. In the nested logit framework, the assumption

implies symmetric elasticities outside a segment. In contrast, the ONGEV model allows

for asymmetric elasticities, where consumers subject to a price increase for alternatives in

one segment favor alternatives in neighboring segments rather than in further segments.

Flexibility in substitution patterns is accomplished with a closed-form solution that avoids

the numerical problems of the random coe¢ cients logit model.

I apply the ONGEV model to the car market which is classi�ed into segments that are

naturally ordered from subcompact to luxury. Results show that neighboring segment e¤ects

are strongly supported in the data.

The speci�c modeling strategy I adopt here seems to be a promising starting point to cap-

ture neighboring segment e¤ects. One could extend the model to capture further neighbors,

rather than just the proximate ones. Also, other industries could bene�t from this modeling

strategy when ordering a high number of alternatives would prove impossible, but ordering

grouping of these alternatives represents a sensible way to obtain �exible substitution pat-

terns in a tractable setting. Take for example the hotel market, where hotel categories are

naturally ordered from motel to luxury according to several characteristics such as price,

comfort or number of available facilities (Venkataraman and Kadiyali, 2005).
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B Appendix

B.1 Proof GEV

Proof. I show that under the assumption 0 � �n < �s < 1, the G function in (4) veri�es

the four properties of GEV generating functions. To simplify the notation, let e�j = Yj.

1. G is obviously non-negative since Yj 2 R+8j.
2. G is homogeneous of degree 1, that is G(�Y0; :::; �YJ) = �G(Y0; :::; YJ). Indeed:

G(�Y0; :::; �YJ) =
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= �G(Y0; :::; YJ):

3. The limit property obviously holds.

4. The property of the sign of the derivatives holds if 0 � �n < �s < 1. The �rst

cross-derivative Gj is given by:
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where Ar and � are de�ned as follows:
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Gj � 0 as required.
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The second cross-derivative is given by:
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where � is de�ned as follows:
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Gji � 0 as required. Higher cross-partials are calculated similarly.

B.2 The error term "

I formally show that the ONGEV model implies correlation among unobserved random

utility components for segments that are close on the ordering. I look at the bivariate

marginal cumulative distribution function (CDF) and, if possible, at the correlation of any

two stochastic elements (") for two cars that (i) belong to the same segment; (ii) belong to

neighboring segments; (iii) belong neither to the same segment nor to neighboring segments.

The following function represents the cumulative extreme-value distribution of ":

F ("11; :::; "1J ; :::; "I1; :::; "IJ) = exp
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The marginal CDF of each stochastic element "ij is univariate extreme-value as follows:

F ("ij) = exp

�
�2�n

�
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"ij
1��s

�1��s�
:

The bivariate marginal CDF for two cars j and k belonging the same segment is the following:

H("ij; "ik) = exp

�
�2�n

�
e�

"ij
1��s + e�

"ik
1��s

�1��s�
: (7)

CDF (7) generates correlation between utilities that corresponds to the nested logit
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model:

Cor("ij; "ik) = �s

The bivariate marginal CDF for two cars j and k0 belonging to neighboring segments but

not to the same segment depends on �s and �n as follows:

H("ij; "ik0) = exp

(
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(8)

Correlation between cars belonging to neighboring segments computed from the CDF (8)

cannot be written in closed-form, but it is di¤erent from 0 and intuitively increasing in �n.

The bivariate marginal CDF for two cars j and k00 that do not belong to the same segment

or to neighboring segments is the product of the corresponding univariate CDF�s because

the random elements attached to di¤erent segments are independent:

H("ij; "ik00 ) = exp

�
�2�n

��
e�

"ij
1��s

�1��s
+
�
e�

"ik00
1��s

�1��s��
: (9)

Correlation between cars that do not belong to the same segment or to neighboring

segments computed from CDF (9) is simply 0:

Cor("ij; "ik00) = 0:
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Part III

State aid in times of crisis: is it
always good aid? The case of the
European automobile market





1 Introduction

In 2008 and 2009 the European economy experienced a severe recession sparked by the global

�nancial crisis. The �nancial and economic crisis was tackled by a large use of public support

in form of state aid, which member states regarded as the quickest and most e¤ective policy

instrument. With the adoption of a new legislative instrument aimed at the real economy and

denominated Temporary Framework, the European rules on state aid control were de facto

relaxed for a limited period to allow member states to grant state aid through simpli�ed and

faster procedures.1 The relaxation seems to have reversed a decade of claims on the need to

enhance the state aid control system to encourage �good aid�, namely a good use of taxpayers�

money on projects that best strengthen the economy without distorting competition.2

The automotive industry received the largest share: at least e 9 billion were spent in

loans and guarantees for car manufacturers, an amount equivalent to roughly 40% of the

total support to the real economy.3 Peugeot-Citroën (PSA) and Renault, in France, and

Opel, in Germany, were among the main aid recipients. O¢ cially, schemes approved under

the Temporary Framework had a short term horizon, to provide liquidity for �nancially weak

companies, and a long term horizon, to support the continuity of investments. We examine

counterfactuals related to the three aid recipients since they were all in severe �nancial

distress during the crisis. But the most realistic counterfactuals are perhaps the ones related

to Opel, which at the time was at the verge of bankruptcy because of losses that the crisis

exacerbated, but did not create. In contrast, PSA and Renault did not enter the crisis in

di¢ culty, but su¤ered from the credit squeeze especially for the continuity of investments in

the long term, for example to develop new models.

A key question for policymakers is whether public intervention was warranted. This

question is particularly relevant to the car sector. Despite the severity of the recession, during

the crisis no major carmaker exited, no major restructuring through mergers and acquisitions

took place, nor a noticeable shrink in the model range of the aided �rms was observed:

this may be attributable to public intervention. In absence of aid, major adjustments and

restructuring may have been likely and could have a¤ected the long term structure of the

industry.

This background serves as a guide for our empirical analysis on the consequence of public

support which heavily interferes with the competitive forces shaping the structure of an eco-

nomic sector. We collected a unique dataset on the automobile market which consists of all

1Communication from the Commission - Temporary Community framework for State aid measures to
support access to �nance in the current �nancial and economic crisis, 2009 O.J. C 16/01.

2European Competition Forum, Brussels, 2 February 2012: http://ec.europa.eu/competition/.
3This calculation is based on European Commission (2011).
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car models sold in nine European countries between 1998 and 2009 and covers 90% of the car

sales in the European Union. We �rst estimate a demand model with product di¤erentiation.

Then, we combine the demand model with a model of oligopoly pricing to perform a coun-

terfactual analysis by focusing on three possible scenarios of intra-sector restructuring that

would have been likely in absence of aid. These scenarios involve the three most important

recipient �rms, PSA, Renault and Opel. The �rst scenario is a merger between manufactur-

ers, which causes a reduction in the number of competitors and, consequently, weaker price

competition. We consider several merger scenarios between players which were hypothesized

in the media, on the basis of more or less concrete talks between the involved parts, during

the crisis or afterwards. These mergers involve both European and Asian players.4

The second scenario is a restructuring of the ailing �rms. We simulate a reduction in

product variety caused by the decision of the �rm to restrict the product range and cut

investments related to: (i) model and brand advertisement; (ii) the development of new

models or platforms; (iii) the maintenance of obsolete platforms.

With regard to model advertisement, �rms may want to cut their investments in models

marketed in segments where they do not have a strong image or recognition by customers.

This is particularly relevant to producers in mass segments such as PSA and Renault, who

have, rather unsuccessfully, tried to enter the luxury or Sport Utility Vehicles (SUV) seg-

ments. This strategy makes sense as the latter segments are more pro�table, but the process

of entering can take decades and implies very high �xed costs, as witnessed in the Audi case

(The Economist, 2012). With regard to brand advertisement, focusing on fewer brand can

be another restructuring possibility to save on costs. An example of reduction in brand port-

folio is the dismissal of Talbot, which was taken over by PSA in the late 70�s, but gradually

phased out by the end of the 80�s.

With regard to the development of new models or platforms, �rms could also counter

the economic downturn by delaying the launch of new models, while losing market shares

on the obsolete models. For example Fiat, which did not receive public support under the

Temporary Framework, decided to stop the development of new models during the crisis.

The decision had severe consequences for the �rm in terms of loss in market shares because

of the general obsolescence of its product range (The Economist, 2012).

Finally, with regard to the maintenance costs of obsolete platforms, carmakers may re-

design the product portfolio to reduce the number of platforms, which are the common

4This counterfactual is also based on past experiences in the sector, in which several mergers have been
witnessed. In particular, it is common for large size �rms to take over smaller competitors in �nancial
di¢ culties. Examples are Ford�s takeover of Volvo, Jaguar and Land Rover or General Motors�acquisition
of Saab and Daewoo.
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mechanical underpinning (chassis and other components) for a range of vehicles.5 Those

platforms involve high development costs, but can be carried over to subsequent model gen-

erations. Reducing the number of platforms spreads the total development costs over a higher

number of models, while increasing plant productivity due to a reduction in the number of

di¤erences between models. In particular, obsolete platforms can imply higher maintenance

costs or be in�exible because of their incompatibility to changes that are necessary to keep

the products up to date. Some �rms, such as Toyota, have been very successful in developing

long lasting platforms, while other �rms, such as General Motors, appear to have problems

in reducing the complexity in product range.

The third scenario is the exit of the ailing �rm and is applied to Opel. In this scenario,

we assume that all the business assets are completely depreciated and eliminated from the

market. This implies both a concentration in the sector because of the reduction in the

number of competitors and a loss in product variety. While past experience suggests that

exit with a complete loss of product variety is rare in this sector, the severity and scope of

the crisis justi�es our counterfactual for Opel, at least as a worst case scenario.6 Investments

may be delayed because of the prolonged uncertainty over the destiny of the �rm, with a

consequent depreciation of the assets, which could be eliminated from the European market

and scrapped or production could move to other developing markets, such as Latin America,

India and China. The expectation of bankruptcy can lead to a drop in demand because

of the reduction of the value of the car for forward-looking consumers, who value after-sale

service provisions (warranties, spare parts). Using US data on prices of used cars, Hortaçsu

et al. (2010) �nd strong evidence of this e¤ect. The case of Saab case is an illustration of

market exit: the company �led for bankruptcy in December 2011 and all Saab models will

be taken out of the market and its assets scrapped.7

We complete the counterfactual analysis of state aid by assessing the balance between

the intended bene�ts of state aid, namely consumer and total welfare losses avoided thanks

to the aid, and the direct cost of such aid. This is in the spirit of the balancing test, which

has been formalized by the European Commission as a conceptual framework to implement

state aid control using a re�ned economic approach.8

5Both Ford and General Motors have announced plans to drastically reduce the number of vehicle plat-
forms. General Motors: http://www.autoweek.com/article/20110809/CARNEWS/110809876
Ford: www.autonews.com/article/20120111/OEM09/120119943
6Notable cases of exit from the market are the ones of the Dutch manufacturer DAF, the ine¢ cient and

obsolete Eastern German �rm Trabant and more recently the Swedish auto company Saab.
7http://www.topgear.com/uk/car-news/saab-bankrupt-2011-12-19
The parent company, General Motors, did not want to allow the sale of Saab to a Chinese buyer to avoid

copyright infringements linked to the fact that Saab vehicles share many fundamental mechanical components
with General Motors�models.

8The balancing test was �rst introduced in 2005 in the State Aid Action Plan Less and better targeted
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Our �ndings are mixed. If state aid primarily serves to prevent mergers, we �nd that

it is in most cases not warranted or only mildly warranted. While consumers su¤er from

an increase in market concentration, in most cases the loss of consumer and total welfare is

outweighed or in line with the direct cost of aid.

If state aid primarily serves to prevent restructuring and corresponding loss in product

variety, we �nd that it is not warranted or only mildly warranted in case of exit of com-

mercially unsuccessful models, since a rationalization in the product range would not a¤ect

neither consumer nor total welfare. State aid is instead warranted in case of harsh, but

probably less likely, restructuring operations, for example when popular models or all the

models belonging to a certain brand are eliminated in the counterfactual.

If state aid primarily serves to prevent a worst case scenario, namely to avoid the exit of

the ailing �rm, Opel, we �nd that it is warranted from the German consumers�point of view.

Interestingly, 88% of the losses in consumer surplus following the exit of Opel are due to the

decrease in product variety, while only 12% are due to higher prices following the increased

concentration in the market.

With regard to the single recipient �rms, our �ndings suggest that, under the most

realistic counterfactual scenarios, aid to Renault and PSA is not warranted or only mildly

warranted. In contrast, aid to Opel is most probably warranted given the large consequences

that several plausible counterfactual scenarios exhibit on consumer or total welfare. The

situation of the company was particularly di¢ cult and state aid may have served to avoid

dramatic e¤ects on the industry structure, namely a bankruptcy or relevant losses in product

availability for consumers.

In sum, the European Commission�s decision to allow Member States to extensively use

the Temporary Framework to support the automotive sector may not have been justi�ed.

While state aid measures, and in particular bailouts, are subject to ex-ante control to ensure

that they do not distort competition and trade, the Temporary Framework exempted the

Commission from this control. Thus, it is not clear how the Commission followed and

evaluated countries�choices to save their domestic producers. An objective of bailout control

in non-crisis times is to correct a market failure, namely the creation of market power through

a merger wave or the exit of the ailing �rms absent aid.9 In the few cases this justi�cation

was used, the Commission did not explicitly analyze the existence or the potential creation

of an oligopolistic situation.10 Our paper shows that an explicit empirical assessment of state

state aid: a roadmap for state aid reform 2005�2009 Consultation document, 2005 COM (2005)107.
9Community guidelines on State aid for rescuing and restructuring �rms in di¢ culty, art. 8, 2004 O.J.

244/02.
10Commission Decision of 1.12.2004 in case C 10/2004, Bull, O.J. 2005 L 342/81; and Commission Decision

of 30.7.1996 in case C 60/1995, HTM, O.J. 1997, L 25/26.
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aid measures on the competitive structure of the market is not only feasible, but can also be

used in certain sectors as it is now in merger and antitrust cases.

In this paper we focus on the e¤ects of public support on the competitive structure of the

market. The e¤ects of these measures on the production side are also relevant when analyzing

state intervention. The industry in question su¤ers from signi�cant overcapacity problems

due to a productivity growth that surpasses consumer demand. But car manufacturers are

large regional employers, not only for direct employment in the assembly plants, but also

for indirect employment in the supply chain. Governments have been willing to grant public

subsidies to avoid the closure of large plants and serious ripple e¤ects throughout the involved

region. Absent state aid, capacity reductions would have been likely both in Germany and

in France, which are high cost countries. The question on the impact of state aid on the

production side is certainly a relevant objective for future research, especially to understand

the regional spillover e¤ects of state aid.

Empirical assessments on bailouts approved by the European Commission are mainly

reduced-form analysis of factors in�uencing survival possibilities after the bailout (Chin-

dooroy et al., 2007, Glowicka, 2008, Oxera, 2009). The simulation study developed by

Neven and Seabright (1995) is the most similar in spirit to our approach. They develop a

model to study the e¤ect of government subsidies to Airbus. Using calibration techniques,

they simulate a counterfactual in which, absent the subsidy, Airbus would not have entered

the market. They conclude that the consumer surplus argument is only weakly supported.

In contrast, the presence of Airbus determines a large pro�t shift from the US to Europe,

such that Airbus has a large negative impact on world welfare but a positive impact on the

European one. In our work, thanks to the extensive data availability, we can estimate rather

than calibrate the demand model and use simulation techniques to provide an empirical

analysis of the consequences of state aid, but we can draw conclusions only for the welfare of

European consumers. Finally, our paper belongs to the literature of models of discrete choice

between di¤erentiated products, in particular to applications related to mergers (Nevo, 2000

and Capps, Dranove and Satterthwaite, 2003) and welfare gains from the introduction (or

loss) of product variety (Petrin, 2002, Berry et al., 2004 and Eizenberg, 2012).

The remainder of the paper is organized as follows. Section 2 discusses the regulation

for state aid during the crisis and the relevance of this type of support for the car market.

We also provide an outline of the aid measures for each recipient �rm. Section 3 develops

a model of demand and pricing. Section 4 presents the data, the estimation issues, and the

results of the demand estimation. Section 5 shows the counterfactual analysis to assess the

e¤ects of state aid. Section 6 concludes.
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2 State aid to the European automotive sector during

the crisis

The European car industry and the Temporary Framework Public intervention

in the automotive industry has a long history in Europe. The willingness to support this

industry in Europe clearly unveiled, once again, during the 2008-2009 crisis. Car manufac-

turers, like all producers of expensive durable goods, were hardly hit by the crisis for at

least two reasons. The �rst is that consumers may delay the purchase of durables, including

cars, because of the reduction of available liquidity and the higher probability of rejection of

credit �nancing. Panel (a) of Figure 1 shows this e¤ect. The recession period, characterized

by a negative GDP growth, is denoted by the shaded areas. Already before the beginning of

the recession, new car registrations dropped with respect to the same period of the previous

year. This decrease was particularly pronounced in the second quarter of 2008. However,

car sales started to recover before the end of the recession period.

The second reason, from the perspective of �rms, is due to the dependency of this sector

on �nancing, both in the short term, because of its cash �ow dynamics linked to consumers�

purchases, and in the long term, because of the necessity to invest in innovation, for example

to meet stricter environmental standards. In sum, the car sector has a strongly cyclical

pro�le, but the crisis may have negative implications on the sector beyond the short term.

State intervention during the crisis took a variety of forms, including state aid granted

under the Temporary Framework, and sector-speci�c measures such as scrapping schemes.

We focus on the Temporary Framework. The framework is a legislation in derogation to the

existing regulations on state aid. To understand the importance and extent of the derogation,

we �rst illustrate how state aid is disciplined in the European Union. In principle, state aid

is forbidden by the European competition law, but can be granted according to a number of

exemptions. To assess the compatibility of state aid, the Commission carries out an economic

analysis denominated balancing test. The test tends to establish, on the one hand, whether

the state aid e¤ectively alleviates a market failure or addresses an objective of common

interest, and, on the other hand, whether the distortions in competition and trade caused

by the aid are su¢ ciently limited so that the overall balance is positive (Friederiszick et al.,

2008). In normal circumstances the compatibility assessment is carried out before granting

the aid, so all relevant state aid measures should be noti�ed to the Commission ex ante. The
assessment foresees the analysis of counterfactual scenarios, namely what would happen if

state aid is not granted.

The Temporary Framework introduced greater �exibility to provide public support to

companies experiencing temporary �nancial problems caused by the crisis. Car producers
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had access to public funds without the usual procedural and substantial requirements. From

a procedural point of view, the Temporary Framework allowed member states to notify only

national schemes aimed at all sectors in di¢ culty (horizontal schemes). Once the schemes had

been authorized by the Commission, aid to individual �rms could be granted without further

individual noti�cations or requirements. From a substantial point of view, the Commission

did not carry out a compatibility assessment. The only substantial check performed by the

Commission on the schemes was on the presence of discriminatory conditions, such as the

imposition of requirements that aided activities should be carried out exclusively in a certain

state.

While state aid schemes noti�ed under the Temporary Framework formally complied with

the requirement of horizontal application, some member states used them to target only the

automotive sector. The most prominent examples are the loans granted to PSA and Renault

by the French government and to Opel by the German government.

State aid granted by the French government to PSA and Renault During the

crisis the situation of the two French car manufacturers, PSA and Renault, was critical,

both from a �nancial and an industrial point of view. The accounting statements of the

companies highlight that in the �rst half of 2009 the automobile division of PSA generated

losses amounting e 1 billion, mainly due to a decline in sales which was, at worst, equal

to 28% with respect to the corresponding month of the previous year, as depicted in panel

(b) of Figure 1.11 This decline is however only a slight underperformance compared to the

market average. The Renault group also presented losses amounting to e 2.7 billion. But

when looking at the changes in sales depicted in panel (c) of Figure 1, Renault does not

underperform with respect to the market average.

The French programme, denominated �Le pacte automobile�, was approved in February

2009 and contained: (i) a subsidized loan amounting to e 6.5 billion to the domestic car

producers, PSA and Renault, to deal with the �nancial and industrial crisis and promote

the development of green products; (ii) a subsidized loan of e 2 billion to the internal banks

of PSA and Renault; (iii) guarantees and funds for automobile suppliers.12

The loans to PSA and Renault had a duration of 5 years with 6% interest rate during

the �rst two years, which could be raised to 9% afterwards. In that period, the rather low

credit rating of both companies (BB+) would have implied an interest rate of around 8%

for a loan with the same duration in the �nancial market.13 In return, car companies had

11All the information on the �nancial situation of the companies are retrieved from the �nancial reports
published by PSA, Renault and General Motors.
12http://www.gouvernement.fr/gouvernement/le-pacte-automobile
13Source: fair value corporate corporate curve (Industrial) by Bloomberg.
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to maintain their employment levels in France, invest in green technology and not close any

assembly plant in France for the duration of the loan. Renault and Peugeot received the

loans in April 2009 but already repaid them by April 2011, possibly due to the fact that the

level of remuneration required was quite high and constituted an incentive to exit (European

Commission, 2011).

In panel (b) and (c) of Figure 1, we observe that after the approval of these measures,

denoted by the red horizontal line, Renault�s sales increase with respect to the correspond-

ing month of the previous year. In general, after the loan Renault outperforms the market,

while for PSA there is no clear e¤ect. While we obviously cannot infer any causality rela-

tion, especially because in that period other demand-speci�c measures, such as scrapping

schemes, were introduced, the aid may have contributed to restore customers�con�dence

and facilitated the access to credit, especially since it was also aimed at the internal banks

of the �rms.

State aid granted by the German government to Opel Opel is the main European

subsidiary of General Motors.14 The situation of Opel was already di¢ cult before the crisis,

with sales lagging behind the average of the market, as shown in panel (d) of Figure 1.

Already in 2008 the losses amounted to e 2.8 billion, and increased by an additional e 2

billion in the �rst quarter of 2009.

Support to the German car industry was included in the general economy stimulus pro-

grams of the German government, denominated �Konjunkturpaket I&II�in December 2008

and February 2009, respectively. The German government took unprecedented actions to

protect Opel from bankruptcy. Around May 2009, Opel received a bridging loan of e 1.5

billion for six months at 6.5% interest rate in the context of the Temporary Framework af-

ter the parent company, General Motors, had �led for bankruptcy (European Commission,

2011). In those circumstances, the market would have been very reluctant to provide a

loan to Opel. The loan allowed Opel to develop a restructuring plan. In September 2009,

under the pressure of the German government, General Motors manifested the intention to

sell Opel. Media speculated on several buyers, among which Fiat and Asian �rms such as

Hyundai. Fiat and China�s Beijing Automotive put a bid, but the most concrete o¤er was

by a consortium led by Magna, a Canadian auto parts supplier. The European Commission

intervened in the negotiations ex-o¢ cio, to assure the further state aid promised by the Ger-

man government was not tied to the location of production activities or the winner of the

auction. However, in November 2009 the parent company cancelled the sale to Magna and

14Opel vehicles are sold in the UK under the brand Vauxhall. In the paper, we refer to Opel including
also Vauxhall Motors, which together form General Motors Europe.
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Figure 1: Year-on-year changes in sales

a) All including aid recipients b) PSA vs All excluding aid recipients

c) Renault vs All excluding aid recipients d) Opel vs All excluding aid recipients

The Figure reports the year-on-year changes in monthly vehicle sales. Shaded areas denote the crisis
period. The red bar denotes the year/month when the aid was granted. For the Opel case, the loan
was repaid within the considered period, hence the second red bar to indicate the end of the grant.

the loan to the German government was repaid.15 In Figure 1, we notice that Opel, after

heavy losses in terms of sales with respect to the previous year, seems to outperform the

market and recover, in terms of sales, between June and November, during the duration of

the loan. One of the reasons of recovery could be the success of the new Opel model called

Insignia (a follower model of Opel Vectra).

15http://online.wsj.com/article/SB125728725957326159.html

85

http://online.wsj.com/article/SB125728725957326159.html


3 The model

3.1 Demand

We consider T markets, t = 1; : : : ; T . In each market t there are Lt potential consumers.

Each consumer imay either choose the outside good 0 or one of the J di¤erentiated products,

j = 0; : : : ; J . We suppress the market subscript t from the utility formula for the moment,

since consumers are assumed to purchase the car only in the market where they are located.

Consumer i�s conditional indirect utility for the outside good is ui0 = "i0. For products

j = 1; : : : ; J it is:

uij = xj� � �ipj + �j + "ij:

The vector of observed product characteristics, xj, includes horsepower, fuel e¢ ciency,

width, height and a dummy variable for the product�s country of origin (domestic or foreign).

The price parameter �i is speci�ed as �=yi, where yi is the income of individual i. yi

is a random variable following a known distribution equal to the empirical distribution of

income.16

The product speci�c taste parameter "ij is a �love for variety� taste term. The error

term follows the distributional assumptions of the two-level nested logit model. Following

Verboven (1996b), we interpret this nesting structure as localized competition: vehicles

belonging to the same nest may be closer substitutes than vehicles belonging to di¤erent

nests. Product variety serves two functions. On the one hand, consumers love variety

because of the greater breadth of choices to �nd the product matching their preferences. On

the other hand, �rms prefer to di¤erentiate because they can relax the aggressive competition

that would arise from selling identical products. But products can only be di¤erentiated up

to a certain extent. Localized competition is modeled in the nested logit model by observing

that consumer�s valuation for one model conveys information about his valuation for another

model, unlike the traditional logit model which assumes that the taste term is independent

and identically distributed across products and consumers.

Following Goldberg and Verboven (2001), we use the insights from the marketing litera-

ture to establish the dimensions of di¤erentiation characterizing the car industry, namely (i)

market segment and (ii) country of origin. Speci�cally, the upper level of the nesting struc-

ture consists of seven di¤erent market segments (e.g. compact or luxury) and one separate

segment for the outside good. Each nest (except the one for the outside good) is subdi-

vided in two sub-nests according to the model�s origin (domestic or foreign). Countries with

16This utility speci�cation approximates Berry et al.�s (1995) Cobb-Douglas speci�cation � ln(yi � pj)
when the price is small relative to (capitalized) income.
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domestic cars are France, Germany, Italy, Spain and the UK. The remaining countries, Bel-

gium, Greece, Portugal and the Netherlands, do not have a domestic brand, so the sub-nests

of domestic cars are empty.

Given this set of assumptions, we obtain the following choice probability of individual i

for product j, conditional on the empirical distribution of income yi:

sij(p) =
exp

��
xj� � �ipj + �j

�
= (1� �hg)

�
exp (Iihg= (1� �hg))

� exp(Iihg= (1� �g))
exp(Iig= (1� �g))

� exp Iig
exp Ii

(1)

where Iihg, Iig; Ii are McFadden (1978) individual �inclusive values�de�ned by:

Iihg = (1� �hg) ln
XJhg

j=1
exp

��
xj� � �ipj + �j

�
= (1� �hg)

�
;

Iig = (1� �g) ln
XHg

h=1
exp (Iihg= (1� �g)) ;

Ii = ln
�
1 +

XG

g=1
exp Iig

�
:

Following Brenkers and Verboven (2006), the unconditional aggregate market share of

car model j is obtained by averaging the choice probabilities over the number of individuals

drawn from the empirical distribution of income yi.

The resulting model is a special case of a random coe¢ cients model estimated by Berry

et al. (1995). On the one hand, we allow the market segment and origin dummy variables,

assigning products to mutually exclusive nests, to take on the nested logit form, and, on the

other hand, we interact the price variable with income, drawn from the empirical distribution,

to account for heterogeneity in preferences on a variable which is very important to obtain

reasonable substitution patterns.

Finally, following the �rst essay of the dissertation, we exploit the panel features of the

dataset to specify the error term capturing unobserved product characteristics. For this

purpose, we reintroduce the market subscript t. Speci�cally, we assume that the product-

related error term follows the following structure: �jt = �j + �t +��jt, where �j represents

time-invariant car model �xed e¤ects, �t re�ects the country-speci�c �xed e¤ects, interacted

with a time trend and squared time trend, and ��jt captures remaining unobserved char-

acteristics. Since our data are at annual level, we also control for the number of months

each model was available in a country within a given year for models introduced or dropped

within a year.
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3.2 Oligopoly pricing

We use a multi-product Bertrand pricing assumption to recover marginal cost. As before,

the market subscript t is suppressed. Formally, the general pro�t maximization problem of

a multi-product �rm f using prices as its control variable is:

max
fpf2Rfg

�f (p) = �j2RfL � sj(p) � (pj �mcj);

where Rf is the set of all goods produced by �rm f , �f is the pro�t function for �rm f , L

is the potential market size, sj(p) is the share of model j which depends on the vector p of

prices of all di¤erentiated models in the market, mcj is the constant marginal cost. Each

�rm sets prices to maximize pro�ts, taking the prices set by other �rms as given.17 The

necessary �rst order conditions form a system of equations which is simultaneously solved

by all �rms:

sj(p) + �k2Rf
@sk(p)

@pj
(pk �mck) = 0: (2)

This system of equations can be written in matrix form and inverted to solve for the

marginal costs as follows:

mc = p+ (�F � [rps(p)]
0
)�1s(p); (3)

where p, mc and s are J � 1 vectors of prices, marginal costs and quantities, while �F is the
manufacturing �rms�product ownership matrix whose typical ij element is one if products i

and j are produced by the same �rm, and zero otherwise, and rps(p) is the J � J Jacobian
matrix of �rst derivatives.

All the elements but marginal costs in (3) are observed (prices and shares), or derived

from the estimation of the demand function (cross price derivatives inrps(p)). The marginal

cost vector can thus be identi�ed from the �rst order conditions of the pro�t maximization

problem using the estimated demand coe¢ cients.

17State aid can a¤ect the objective function of �rms, which could change from pro�t to output maxi-
mization, such that the company becomes �too big to fail�. The issue is discussed in Cheng and Cayseele
(2011). In the paper the authors do not reject the hypothesis that receiving state aid triggers a conduct
prone to moral hazard. If the objective function changes form pro�t to output maximization, in this type of
models with constant marginal cost one would obtain that �rms will just want to produce as much variety
as possible and there would be no price e¤ect in removing products, but just a variety e¤ect. Since we �nd
that variety e¤ects are very relevant, our estimates are probably conservative if indeed state aid causes a
change in the objective function.
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3.3 Welfare analysis

We use equation (3) to solve for new equilibrium price vectors. De�ne pcf as the new price

vector obtained under the di¤erent counterfactuals. The new equilibrium price vector is

obtained under the counterfactual ownership matrix, in case of merger, or the counterfactual

choice set excluding the designated car models in case of restructuring or exit. The new price

vector is used to compute:

(i) the change in variable pro�t for each �rm �PSf = �f (pcf ) � �f (p0), where p0 is the
initial set of prices;

(ii) the change in consumer surplus, which is obtained by averaging the individual change

in consumer surplus �CSi =
Ii(pcf )

�i
� Ii(p0)

�i
over the drawn individuals;

(iii) total expected welfare change �Welf which is the sum of the change in total consumer

surplus and �rm variable pro�ts.

4 Data and estimation

4.1 Data

We use a unique dataset on the automobile market maintained by JATO. The data are at

the level of the car model (e.g. VW Golf ) and include essentially all passenger cars sold

between 1998 and 2009 in nineWest-European countries: Belgium, France, Germany, Greece,

Italy, the Netherlands, Portugal, Spain and the UK. For each model/country/year, we build

a dataset including information on sales and list prices and various characteristics such as

vehicle size (curb weight, width and height), engine attributes (horsepower and displacement)

and fuel consumption (liter/100 km or e/100 km). Starting from JATO�s classi�cation, we

attribute each model to a marketing segment. Speci�cally, we have seven marketing segments

(subcompact, compact, standard, intermediate, luxury, SUV and sports). Moreover, we

assign each model to the brands�speci�c perceived country of origin. Models sold under

the brand of Citroën, Peugeot and Renault are perceived as French cars, even though the

production can take place in di¤erent locations. Audi, BMW, Ford, Mercedes, Opel, Porsche

and Volkswagen are all German brands, Alfa Romeo, Ferrari, Fiat and Lancia are Italian

brands, Seat is a Spanish brand and Jaguar, Land Rover, Mini and Vauxhall are British

brands. Finally, the dataset is augmented with macro-economic variables including the

number of households for each country, the population size and GDP. The resulting dataset

consists of 25,903 model/country/year observations or on average about 240 models per

country/year.
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Table 1: Summary Statistics

All countries France Germany

Mean St. Dev. Mean St. Dev. Mean St. Dev.

Sales (units) 5,350 13,876 7,799 18,852 10,776 20,145
Price/Income 1.21 0.96 0.97 0.60 0.98 0.69
Horsepower (in kW) 94.6 46.9 93.8 43.8 98.6 50.1
Fuel e¢ ciency (e/100 km) 9.7 3.3 9.8 2.8 10.0 3.2
Width (cm) 174.3 8.9 174.5 9.1 174.7 9.1
Height (cm) 149.1 13.8 149.8 13.9 148.9 14.2
Foreign (0-1) 0.92 0.27 0.86 0.34 0.70 0.46
Months present (1-12) 9.82 2.60 9.67 2.66 9.80 2.55

The table reports means and standard deviations of the main variables. The total number of
observations (models/markets) is 25,903, where markets refer to the 9 countries and 12 years.

A more detailed description of the dataset for a shorter number of years (1998-2006) is

provided in the �rst essay of the dissertation. Table 1 provides summary statistics for sales,

price and the other product characteristics used in our empirical demand model. The table

reports the summary statistics for all countries and for France and Germany separately. Our

counterfactuals will focus on state aid granted by France and Germany. We will consider both

the consumer and total expected welfare e¤ects on these countries, in which the taxpayers

directly contributed to the aid, and the spillover e¤ects that aid have on the other European

consumers.

4.2 Estimation

The estimation of the demand parameters follows Berry et al. (1995). After solving for the

error term ��jt; we interact ��jt with a vector of instrumental variables zjt that is uncor-

related with the error term. These instruments are essential to account for the correlation

between the error term, on the one hand, and price and the conditional market share terms

on the other hand. The instruments follow Berry (1994)�s discussion, and include the vector

of product characteristics and (i) the sum of the characteristics of the other products of the

same �rm, (ii) the sum of the characteristics of the other products of the same nest and (iii)

the sum of the characteristics of the other products of the same sub-nest.

GMM estimation of the demand parameters using the moment conditions follows the

method suggested by Berry et al. (1995) and detailed in the �rst essay of the dissertation to

ensure a correct execution of the optimization procedure and the correction for heteroskedas-
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ticity.

4.3 Demand estimates

In the estimation, we use a �xed nesting parameter for each of the two nesting layers. We

use a parsimonious speci�cation in which the nesting parameter �g is constrained to be the

same for all nests, indicating identical correlation in each of the market segments (nests), and

the sub-nesting parameter �hg is constrained to be the same across all sub-nests, indicating

identical correlation in each of the origin sub-nests.

Results are reported in Table 2. The price parameter and the mean valuation parameters

have the expected sign and are all signi�cantly di¤erent from zero. In terms of magnitude,

�g = 0:41 and �hg = 0:45, which is consistent with the requirement of random utility max-

imization (0 < �g < �hg � 1). Alternative nesting speci�cations did not lead to estimates

consistent with the requirements of random utility maximization. The hypothesis that the

nesting parameters are equal is rejected at 5% signi�cance level. The results imply that

consumer preferences are more strongly correlated across vehicles belonging to the same

marketing segment and origin rather than cars belonging to the same marketing segment

but di¤erent origins. Results are in line with the ones of the �rst essay of the dissertation,

with the same set of countries but a shorter time span which did not include the years of the

crisis. The two-level nesting structure is however not as strongly supported in the data as

it was in previous work (Goldberg and Verboven, 2001 and Brenkers and Verboven, 2006).

While during the 2008-2009 crisis the market size shrank for all producers, European �rms

have been losing market shares relatively more than the non-domestic �rms (essentially Asian

�rms).

5 The e¤ect of state aid

We examine the impact of state aid by performing several counterfactuals. The counterfac-

tual scenarios are grouped into three parts, corresponding to the three aid recipient �rms,

PSA, Renault and Opel. For each �rm, we �rst consider the e¤ects of mergers between

the recipient �rms and other players over which there has been some debate in the media

during or after the crisis (since state aid may have merely postponed those mergers). Then

we consider a restructuring scenario of the recipient �rm, which implies several possibilities.

One consists in eliminating models that require high investments related to advertisement

costs, development costs for new vehicles launched during the crisis or maintenance costs

because of the obsolete platforms on which they are based. For PSA we consider a radical
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Table 2: Parameter Estimates for Two-level Nested Logit Demand Model

Param. St. Er.

Price/income - 2.51 0.11
Horsepower (kW/100) 1.10 0.06
Fuel (e/10,000 km) - 1.91 0.34
Width (cm/100) 2.10 0.21
Height (cm/100) 1.87 0.17
Foreign (0/1) - 0.64 0.03

Subsegment �hg 0.45 0.03
Segment �g 0.41 0.03

Model �xed e¤ects Yes
Market �xed e¤ects Yes
Income distribution Yes
# inelastic demands 0
�2 test �hg = �g 6.024
Prob.>�2 0.014

The table shows the parameter estimates and standard errors for the nested logit demand model with
income distribution. The total number of observations (models/markets) is 25,903, where markets refer
to the 9 countries and 12 years.
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form of restructuring, i.e. we simulate the reduction of the �rm to only one brand. For Opel,

we consider the exit of the entire �rm.

A word of caution on the restructuring counterfactuals at model level is warranted. A

perhaps more realistic way to simulate restructuring would consist in estimating demand

using controls for the age of each model. In the counterfactual analysis, we could extend the

life of incumbent models, rather than just eliminating newmodels. This requires further work

on the dataset, that has high priority in our research agenda, to extract the information on

model age. The e¤ect of model age on sales has been investigated by Moral and Jaumandreu

(2007) for the Spanish market.

First, we present a summary table to document the size of the analyzed �rms and their

most important competitors both in their domestic and non-domestic markets (Table 3).

After, we present a separate table to show the e¤ects of the counterfactual scenarios for each

manufacturer. The structure of each table is identical. For each scenario, the left hand side

of the table reports the e¤ects on consumers in terms of predicted price e¤ects and consumer

surplus change for each household in the domestic market of the recipient �rm and in the

rest of Europe. In case of restructuring, we also provide a decomposition of the e¤ects on

consumers (and producers in the Appendix) into two elements. The �rst element is related

to changes of consumer welfare due to changes in price, holding the counterfactual choice set

constant. The second element is the change of consumer welfare due to changes in the choice

set holding prices constant. The two elements add up into the total consumer welfare.

The right hand side reports the e¤ects of the counterfactuals on aggregate measures of

consumer surplus, pro�t and welfare. These numbers, which represent the bene�t implied by

state aid (or, equivalently, costs that would have arisen absent state aid), can be compared

against the cost of state aid, as quanti�ed for each recipient �rm. For the loans granted to the

three producers, which were applied at advantageous conditions with respect to the market

loans, we calculated the aid element (or, equivalently, the direct cost for the taxpayer) on the

basis of the practice of the Commission when the aid element is not provided by a member

state in its annual report on aid expenditure to the Commission. In practice, we consider

15% of the total amount of the loan as a proxy for the aid element.18

While in merger analysis consumer welfare is the yardstick that the authority applies when

deciding to allow a merger, in the �eld of state aid the welfare standard is not established

(Friederiszick et al., 2008), so we will balance this cost of aid against both consumer and

total welfare changes. Note that the cost of aid should comprehend not only the direct cost

of the subsidy, but also the deadweight losses due to the distortions provoked by the act

18We refer to the Commission�s documentation titled "Scoreboard - Conceptual and methodological re-
marks", available at http://ec.europa.eu/competition/state_aid/studies_reports/conceptual_remarks.html
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Table 3: Market shares by �rm and by country

Belgium France Germany Greece Italy Netherlands Portugal Spain UK
BMW 8.0 3.5 8.3 3.7 4.9 4.1 6.0 5.0 7.8
Daimler 3.9 2.0 6.8 3.8 4.0 1.7 5.5 2.6 3.6
Fiat 4.5 5.1 5.1 7.0 29.2 5.0 6.8 2.8 3.8
Ford 11.5 6.7 8.7 8.2 12.0 11.7 9.3 10.3 18.2
Hyundai 4.6 2.3 4.3 8.9 1.0 5.2 3.3 3.6 5.8
Nissan 2.4 1.9 1.6 4.8 2.4 2.0 2.0 3.4 3.1
Opel 9.4 4.6 9.6 10.2 6.8 7.0 9.1 9.8 13.0
PSA 14.8 31.6 5.7 6.0 10.2 11.4 13.5 16.4 7.5
Renault 8.2 21.8 5.1 1.8 4.4 5.2 11.7 9.3 2.9
Toyota 4.9 4.2 4.2 11.8 6.5 15.3 5.8 5.5 5.4
Volkswagen 21.6 12.8 33.6 19.2 12.7 24.6 21.3 24.5 16.7
Others 8.7 5.4 8.6 19.5 8.3 8.8 7.7 10.1 15.3

The table reports percentage market shares by �rm for the 9 European countries in our sample.

of raising public funds. In the public economics literature, the cost of public funds, and

the magnitude of deadweight loss in particular, is a fundamental issue. Deadweight losses

can be substantial, with a range between 15 and over 300% of tax revenues, depending on

the type of taxation (corporate, income, labour) and on the modeling framework (partial

or general equilibrium).19 In conclusion, one should be cautious in drawing conclusions on

whether state aid is warranted in cases where the direct aid costs and the bene�ts are almost

in balance.

5.1 The PSA case

In the PSA case we analyze the implications of the following counterfactuals absent state aid:

(i) two possible mergers, with Opel and Fiat; (ii) a partial restructuring of the �rm by the

removal of certain models; (iii) a radical restructuring of the �rm by the removal of all the

models marketed under the Citroën brand. Table 4 reports the result of the counterfactuals

applied to the PSA case. In the Appendix, Table C.1 and Table C.2 report further detail on

the e¤ects on consumers and producers by country and �rm.

For the cost-bene�t analysis, the direct cost element of the aid granted to PSA ranges

between 450 and 600 million, depending on whether we consider only the loan of around e

3 billion to the automotive division, or also the loan of e 1 billion to the internal bank of

the company.

19Economists have attempted to estimate the distortions created by income taxes since Harberger�s seminal
paper on deadweight loss. See Auerbach and Hines (2002) for a review of the literature.
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Merger With regard to the �rst merger, PSA-Opel, the two companies have recently

formed an alliance to develop vehicles together and reach a critical scale to compete with

Volkswagen.20 A merger could have been a possibility during the crisis absent state aid.

PSA is a strong incumbent in the domestic market, France, with a market share of 32%.

On the contrary, the market share of Opel in France is rather small (around 5%). For this

reason, the merger entails only modest price increases (less than 1%), amounting to a loss

of consumer surplus equal to e 23 per household.

We now turn to the right hand side of the table. If we balance the cost of aid and

consumer welfare losses (e 586 million), state aid does not seem to be warranted, both

because the e¤ective cost of aid can be higher than the bene�t of avoiding the welfare losses

implied by the merger, and because the indirect aid cost is not accounted for.

Gains in industry pro�ts amount to e 84 million, so that the total welfare decrease from

the merger amounts to e 503 million. On balance, if we consider total welfare, state aid is

even less warranted.

The second merger involves Fiat. Media have also speculated about a partnership between

PSA and Fiat, which could be likely since the two �rms have already engaged in industrial

agreements to co-develop some vehicles (The Economist, 2012). Fiat detains only a slightly

higher market share with respect to the Opel. Hence, predicted price increases and consumer

surplus losses are in line with the �rst merger and the same conclusions can be drawn.

Interestingly, the merger also implies relevant international e¤ects, in particular in the

domestic market of Fiat, Italy. In this country, the price index would increase by more than

1% and consumer surplus would decrease by e 1,017 million, or e 43 per household. The aid

granted by the French government, even if only mildly warranted from the French taxpayer�s

point of view, could avoid a harmful concentration in another country and have indirect

bene�cial e¤ects for other European consumers.

Restructuring of the model range In the simulation of partial restructuring of PSA,

we consider the removal of models which (i) are commercially unsuccessful, (ii) based on

obsolete technology and (iii) in most cases marketed in segments such as SUV and luxury,

while PSA is mostly focused on mass segments. In some cases the removal is an anticipation

of a rationalization in the product range that we have observed after the end of the public

subsidies. In the Appendix, Table C.7 presents the full list of models marketed by the �rm

and details the reason for each removal choice. The removal implies a loss of 1.3% of the

product varieties available for consumers.

20http://www.bloomberg.com/news/2012-03-02/gm-peugeot-pact-heightens-pressure-on-opel-s-limbo-
plants.html
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This partial restructuring would not lead to dramatic consequences from a consumer�s

point of view, as consumer welfare would decrease by e 9.5 per household. This decrease is

due only to the reduction in product variety, since the price e¤ect is practically not di¤erent

from zero. At aggregate level, state aid would not be warranted even after considering the

decrease in variable pro�ts su¤ered by the producers.

Restructuring of the brand portfolio Finally, we consider the removal of one of the

two PSA brands, Citroën, which implies a reduction of product variety amounting to around

3.4% of the total available models. A precedent of this hypothetical counterfactual dates

back to the late 70�s, when PSA �rst acquired Talbot from Chrysler Europe and, a few years

later, decided to drop this brand. Some Talbot models were rebadged as Peugeot, but most

of them were just eliminated. Talbot accounted for less than a third of PSA�s sales at the

time of acquisition. In our case, the situation is not very di¤erent since Citroën accounts

for 36% of PSA sales. But many Citroën models share the same platforms and components

with Peugeot models. In this sense, this scenario is perhaps unrealistic, but constitutes a

useful illustration of the possible e¤ects of a radical restructuring prompted by the crisis and

avoided by state intervention.

The removal of Citroën would substantially decrease consumer welfare by e 157 per

household. Because of the heterogeneity in price sensitivities introduced by income distri-

bution, price would actually slightly decrease, with a positive e¤ect for consumer welfare,

which would increase by e 5.9 per household. But the positive e¤ect is largely outweighed

by the negative change in consumer surplus caused by reduction in product variety (e 163).

At aggregate level, the dramatic shrink in product variety determines dramatic losses of

welfare for consumers (e 4.1 billion) and in total (e 7 billion), such that state aid would

clearly be warranted under this worst case scenario.

At international level, Belgian consumers would mostly su¤er from Citroen�s exit, with

a loss of e 100 per household.

5.2 The Renault case

In the Renault case, we analyze the implications of several possible counterfactuals absent

state aid, namely (i) two possible mergers, with Opel and Fiat, the same ones simulated in the

PSA case; and (ii) a partial restructuring of the �rm with the removal of certain models. We

do not simulate brand restructuring because Renault does not have separate brands, apart

from Dacia, an Eastern European brand whose models are produced in Romania. Table

5 reports the result of the counterfactuals applied to the Renault case. In the Appendix,
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Table 4: PSA Case

Consumer e¤ects Total e¤ect

Avg. � Price Avg. �CS of which �CS �PS �Welf.
(%) /househ. (e) price (e) (106e) (106e) (106e)

Merger PSA + Opel

Domestic 0.75 -22.6 -586 84 -503
Other Europe 0.45 -14.1 -1,591 219 -1,373
Total Europe 0.48 -15.0 -2,178 302 -1,876
Non-Europe 82

Merger PSA + Fiat

Domestic 0.79 -23.7 -617 70 -547
Other Europe 0.37 -11.7 -1,636 213 -1,423
Total Europe 0.41 -13.0 -2,253 283 -1,970
Non-Europe

Partial restructuring PSA = model exit

Domestic 0.02 -9.5 -0.5 -246 -181 -428
Other Europe 0.01 -2.9 -0.2 -325 64 -261
Total Europe 0.01 -3.7 -0.3 -571 -117 -689
Non-Europe 27

Radical restructuring PSA = brand exit

Domestic -0.24 -157.3 5.9 -4,091 -2,907 -6,998
Other Europe 0.05 -50.0 -1.4 -5,420 859 -4,562
Total Europe 0.02 -62.0 -0.6 -9,512 -2,048 -11,560
Non-Europe

The table reports the e¤ects of several counterfactuals absent state aid for PSA. On the left hand
side, the table reports the e¤ects on consumers in terms of predicted industry price changes and
consumer surplus change for each household in the domestic market of the recipient �rm (France)
and in the rest of Europe. When applicable, we show the e¤ects due to changed prices. The right
hand side reports the e¤ects on total consumer surplus, pro�ts and welfare. CS = Consumer Surplus;
PS = Producer Surplus; Welf.=Total Welfare.
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Table C.3 and Table C.4 report further detail on the e¤ects on consumers and producers by

country and �rm.

For the cost-bene�t analysis, consider the direct cost element of the aid granted to Renault

roughly equal to the one of PSA.

Merger With regard to the merger scenarios, we consider that same possible partners as

in the PSA case since both �rms are focused in the same mass segments and present similar

characteristics in terms of production location. Renault is smaller with respect to PSA, with

a market share of 22% in France.21 Intuitively, the Renault-Opel merger and the Renault-

Fiat merger will entail more modest price increases with respect to the corresponding mergers

involving PSA. In sum, state aid seems not to be warranted under these counterfactuals.

Restructuring of the model range We also consider the possibility of a partial restruc-

turing of the �rm. We remove two models that (i) are based on old technology, (ii) are not

commercially successful, and (iii) belong to a marketing segment which is not in the focus

of Renault, namely an SUV, Renault Koleos, and a luxury model, Renault Vel Satis. In the

Appendix, Table C.8 presents the full list of models marketed by the �rm and details the

reason for each removal choice.

The impact of the removal is very limited from the consumer point of view. Consumer

welfare would decrease by only e 5 per household. This decrease is only due to the reduction

in product variety, since the price e¤ect is practically not di¤erent from zero. As in the PSA

case, at aggregate level, state aid would not be warranted even after considering the decrease

in variable pro�ts su¤ered by the producers.

5.3 The Opel case

In the case of Opel, we discuss the following counterfactuals. First, we examine mergers

with three possible partners: Fiat, Volkswagen and an Asian player, Hyundai. Then we

investigate the possibility of a rationalization of the product range of Opel. Finally, we

examine the e¤ect of the bankruptcy of Opel, implying the removal of all the products of the

�rm from the European market. Table 6 reports the result of the counterfactuals applied to

the Opel case. In the Appendix, Table C.5 and Table C.6 report further detail on the e¤ects

on consumers and producers by country and �rm.

21Renault has an industrial and commercial alliance with Nissan. In 2011 the Renault-Nissan group was
the third-world biggest carmaker (behind General Motors and Volkswagen). Those may be the reasons why
no concrete partners have been discussed in response to the crisis.
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Table 5: Renault Case

Consumer e¤ect Total e¤ect

Avg. � Price Avg. � CS of which � CS � PS � Welf.
(%) /househ. (e) price (e) (106e) (106e) (106e)

Merger Renault + Opel

Domestic 0.51 -15.0 -389 63 -327
Other Europe 0.25 -7.7 -902 139 -763
Total Europe 0.28 -8.5 -1,291 202 -1,089
Non-Europe 50

Merger Renault + Fiat

Domestic 0.55 -16.3 -424 57 -367
Other Europe 0.17 -5.4 -719 106 -613
Total Europe 0.21 -6.6 -1,143 164 -979
Non-Europe 41

Partial restructuring Renault = model exit

Domestic 0.01 -5.3 -0.3 -137 -141 -278
Other Europe 0.00 -2.6 -0.1 -303 54 -249
Total Europe 0.00 -2.9 -0.1 -440 -87 -526
Non-Europe 29

The table reports the e¤ects of several counterfactuals absent state aid for Renault. On the left hand
side, the table reports the e¤ects on consumers in terms of predicted industry price changes and
consumers surplus change for each household in the domestic market of the recipient �rm (France)
and in the rest of Europe. When applicable, we show the e¤ects due to changed prices. The right
hand side reports the e¤ects on total consumer surplus, pro�ts and welfare. CS = Consumer Surplus;
PS = Producer Surplus; Welf.=Total Welfare.
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For the cost-bene�t analysis, the direct cost element of the aid granted to Opel amounts

to roughly e 220 million.

Merger With regard to the merger between Fiat and Opel, recall that Fiat was one of the

potential buyers of Opel when, in July 2009, the parent company General Motors �led for

bankruptcy and concretely considered the possibility of selling Opel. Opel is present in two

domestic markets, Germany and the UK, with a market share of 10 and 13%, respectively,

while Fiat detains only a limited market share of 5 and 4%, respectively. Conversely, Fiat

exhibits a strong presence in its domestic market, Italy, with a market share of 29%, where

Opel detains 7% of the market.

The merger entails modest price increases (less than 1%), both in the domestic market

and in the whole of Europe. This is con�rmed by the modest loss in consumer surplus,

which amounts to e 8 per household. The biggest price increase and, correspondingly, loss

in consumer welfare, is veri�ed in Italy, where the concentration of market shares of the

merging �rms is the highest.

We now turn to the right hand side of the table. If we balance the cost of aid (around e

220 million) and consumer welfare losses (e 322 million), one could conclude, at �rst sight,

that state aid is warranted since consumer surplus losses, absent state aid, are higher than

the e¤ective aid cost. But the balance is too narrow to draw this conclusion, especially when

considering the indirect costs of raising public funds. Gains in industry pro�ts amount to e

106 million, so that the decrease of total welfare amounts to e 216 million. On balance, if we

consider total welfare we can conclude that state aid was not warranted in this counterfactual

scenario.

Finally, since this is a merger between �rms having a relevant presence in di¤erent coun-

tries, we brie�y consider its international e¤ects. The merger would have relevant e¤ects in

the domestic market of Fiat, Italy. In this country, consumer welfare would decrease by e

650 million. In this sense, the aid granted by the German government, even if not warranted

from the German taxpayer�s point of view, could avoid a harmful concentration in another

country with an indirect bene�cial e¤ect for other European consumers.

With regard to the merger Opel-Volkswagen, speculations have recently centered on a

possible take over of Opel by Volkswagen. This counterfactual is also interesting in compar-

ison with the �rst merger, because both manufacturers are German. Opel and Volkswagen

detain a combined market share of 43% in Germany, and 30% in the UK. In both markets,

the merger involves the �rst and the second biggest seller.

Notwithstanding the market concentration, according to our simulations the merger

would not be blocked by the Commission, since it would imply a price increase equal to
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around 1.6% in the domestic market (Germany). Correspondingly, consumer losses per

household would amount to e 60. Given the size of the German population, the overall

consumer losses are relevant (e 2.3 billion). The size of pro�t gains is relatively small, so

total welfare losses are roughly equivalent to consumer welfare losses (e 1.9 billion).

If we balance the cost of aid with the gains from avoiding welfare losses due to mergers,

state aid would be more clearly warranted with respect to the previous merger under both

consumer and total welfare standards.

Finally, international e¤ects of this merger are more limited relatively to the �rst merger.

In other words, in the �rst merger the domestic welfare e¤ect accounts for around 18% of

the total welfare change, whereas in the second merger the domestic welfare e¤ect accounts

for around 48% of the total welfare change.

The third merger with the Asian �rm Hyundai, including the Kia brand, was speculated

both in 2009 and more recently in 2011 as problems for Opel seem to persist. The merger

entails a moderate concentration in the German market, with a combined market share of

the two �rms before the merger of 14%. Intuitively, price increases are modest and state aid

is not warranted in this counterfactual scenario. The European e¤ects of the merger are also

limited.

Restructuring of the model range We also consider the possibility of a partial restruc-

turing of the �rm. As we did for PSA and Renault, we remove two models that are based

on old platforms and developed (or co-developed) by Opel. We also remove a model family

constituted by Opel Vectra and its successor Opel Insignia. This is a popular model for

Opel. Since we are interested in understanding the impact of the crisis on Opel, we use the

example of Opel Insignia to simulate the impact of postponing the launch of new models

due to the crisis, where at the same time the obsolete Opel Vectra remains unsold. The

example is mainly illustrative, since Opel Insignia was mostly developed before the crisis.

In the Appendix, Table C.9 presents the full list of models marketed by the �rm and details

the reason for each removal choice.

The e¤ects of this counterfactual are quite dramatic, especially if we consider that it

entails a loss of only 3% of the total product availability. Consumer welfare decreases in

Germany by e 1.5 million (e 39 per household), and total welfare losses amount to e 2.6

million. State aid would clearly be warranted under this counterfactual scenario.

The international e¤ects of Opel�s model range restructuring are also quite strong, with

around 70% of the loss in total European consumer welfare occurring abroad, especially in

the UK.
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Exit Finally, we simulate the bankruptcy of Opel, which implies the removal of all the

models marketed by Opel under the counterfactual choice set. This is a worst case scenario

implying a dramatic reduction in product variety (roughly 8% of available models in the

choice set) where we assume that all business assets are completely depreciated and scrapped

or moved to developing countries.

Compared to the merger or restructuring simulation, the exit of Opel causes both a

reduction in the number of competitors and in product variety. Consumer surplus would

decrease by e 172 per household. Price increases, deriving from the decreased number of

competitors present in the market, account only for a small part of the loss in consumer

welfare (e 21 per household). The biggest part of the decrease in consumer surplus is due

to the reduction in product variety (e 151).

At aggregate level, the dramatic shrink in product variety determines dramatic losses of

welfare for consumers ( e 6.7 billion) and in total (e 11.1 billion). State aid would clearly

be warranted under this counterfactual scenario.

The international e¤ects of Opel�s exit are also quite strong. The loss per household

caused by reduced product variety in the UK (e 195) is even higher than in Germany.

6 Conclusion

In this paper we examine the consequence of public aid granted during the crisis to the

automobile sector. We are especially concerned about how state aid interfered with the

competitive forces shaping the structure of the sector. We quantify how welfare would have

been a¤ected in absence of state aid under several counterfactual scenarios involving the

three main aid recipient producers, PSA, Renault and Opel, where counterfactuals for Opel

are probably the most realistic ones. We balance the cost of aid against the welfare losses

provoked by mergers, restructuring and bankruptcy of the recipient �rms.

Our results are mixed. In case of merger, state aid would be clearly warranted in only one

merger case between two domestic producers. Under this counterfactual, the Commission�s

decision to allow member states to save their domestic producers may still be motivated

by considerations that are closer to equity rather than e¢ ciency. In particular, both the

Commission and the national governments may have been willing to avoid the closure of

large plants in disadvantaged regions, where often car plants are located.

In case of restructuring, state aid would be warranted only if the restructuring implies

removing popular models or an entire brand. In case of bankruptcy, state aid would be more

clearly warranted.

With regard to the single producers, in the cases of PSA and Renault, state aid does
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Table 6: Opel Case

Consumer e¤ect Total e¤ect
Avg. � Price Avg. � CS of which � CS � PS � Welf.

(%) /househ. (e) price (e) (106e) (106e) (106e)
Merger Opel + Fiat

Domestic 0.23 -8.2 -322 106 -216
Other Europe 0.26 -7.9 -1,060 83 -977
Total Europe 0.26 -8.0 -1,382 189 -1,193
Non-Europe 56

Merger Opel + VW
Domestic 1.61 -59.6 -2,340 375 -1,965
Other Europe 0.75 -23.0 -2,249 192 -2,057
Total Europe 0.88 -27.1 -4,589 567 -4,023
Non-Europe 176

Merger Opel + Hyundai
Domestic 0.19 -6.9 -272 84 -188
Other Europe 0.15 -4.5 -436 39 -397
Total Europe 0.16 -4.8 -708 123 -585
Non-Europe 28

Partial restructuring Opel = model exit
Domestic 0.19 -38.7 -6.8 -1,518 -1,063 -2,581
Other Europe 0.11 -34.8 -3.1 -3,619 189 -3,430
Total Europe 0.12 -35.2 -3.5 -5,137 -875 -6,011
Non-Europe 182

Opel exit
Domestic 0.63 -172.2 -21.2 -6,759 -4,385 -11,144
Other Europe 0.39 -123.1 -10.8 -13,747 929 -12,818
Total Europe 0.42 -128.6 -11.9 -20,507 -3,455 -23,962
Non-Europe 720

The table reports the e¤ects of several counterfactuals absent state aid for Opel. On the left hand
side, the table reports the e¤ects on consumers in terms of predicted industry price changes and
consumer surplus change for each household in the domestic market of the recipient �rm (Germany)
and in the rest of Europe. When applicable, we show the e¤ects due to changed prices. The right
hand side reports the e¤ects on total consumer surplus, pro�ts and welfare. CS = Consumer Surplus;
PS = Producer Surplus; Welf.=Total Welfare.

103



not seem to be entirely warranted. In the case of Opel, state aid would be warranted under

several reasonable counterfactuals, but not under all of them.

Our analysis reveals several policy insights regarding the impact of aid on the European

internal market. In particular, giving aid in one location may have positive spillovers on

consumers in the other European locations. This is especially important in view of the

fact that the Commission intends to refocus state aid control on cases that have a strong

impact on the internal market while simplifying the procedural treatment of state aid cases

implying only local e¤ects. According to our results, the aid to Opel seems to have bene�tted

all consumers across Europe, while the aid to PSA and Renault have mainly prevented losses

to local (French) consumers.

Our paper shows that an explicit empirical assessment of state aid measures on the

competitive structure of the market is feasible. We conclude that this assessment should

also be applied during the exceptional circumstances of the crisis to ensure that competitive

forces are not distorted by public intervention in a way that is detrimental for consumer and

total welfare.
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Table C.1: Details on Consumer Surplus (Delta CS/household) for the PSA case speci�ed
by country

� Price � CS � CS due � CS at const.
(%) /househ (e) to prices (e) prices (e)

Merger PSA + Opel
Belgium 0.66 -30.9
France 0.75 22.6
Germany 0.28 9.9
Greece 0.24 -6.3
Italy 0.36 -10.5
Netherlands 0.38 -9.6
Portugal 0.42 -10.0
Spain 0.64 -21.4
UK 0.52 -13.8

Merger PSA + Fiat
Belgium 0.31 -14.7
France 0.79 -23.7
Germany 0.18 -6.4
Greece 0.18 -4.7
Italy 1.41 -43.1
Netherlands 0.29 -7.4
Portugal 0.30 -7.2
Spain 0.17 -5.7
UK 0.17 -4.4

Partial restructuring PSA = model exit
Belgium 0.01 -8.5 -0.6 -7.9
France 0.02 -9.5 -0.5 -9.0
Germany 0.01 -2.4 -0.2 -2.2
Greece 0.00 -1.3 -0.1 -1.2
Italy 0.01 -3.3 -0.3 -3.0
Netherlands 0.01 -2.2 -0.2 -2.0
Portugal 0.00 -0.8 -0.1 -0.7
Spain 0.01 -3.6 -0.3 -3.3
UK 0.00 -1.4 -0.1 -1.3

Radical restructuring PSA = brand exit
Belgium 0.03 -100.3 -1.3 -99.1
France -0.24 -157.3 5.9 -163.3
Germany 0.06 -28.5 -2.0 -26.5
Greece 0.01 -20.2 -0.3 -19.9
Italy 0.13 -61.9 -3.8 -58.1
Netherlands 0.07 -41.8 -1.6 -40.2
Portugal 0.05 -43.9 -1.3 -42.6
Spain 0.01 -78.3 -0.4 -77.9
UK 0.03 -25.5 -0.7 -24.7

This table reports the detail by country of the consumer e¤ects under di¤erent
counterfactual scenarios absent state aid for the PSA case. The �rst column reports
the change of the industry price index. The second column reports the change of
the consumer surplus per household (� CS). Changes in consumer surplus are split
into a change due to changed prices and a change at constant prices (product variety
e¤ect). 106



Table C.2: Details on Producer Surplus e¤ects for the PSA case speci�ed by �rm

� PS � PS due � PS at const.
(106e) to prices (106e) prices (106e)

Merger PSA + Opel
PSA + Opel 38
BMW 17
Daimler 8
Fiat 37
Ford 57
Hyundai 17
Renault 51
Toyota 28
Volkswagen 94
Others 27

Merger PSA + Fiat
PSA + Fiat 52
BMW 15
Daimler 11
Ford 53
Hyundai 14
Opel 37
Renault 51
Toyota 33
Volkswagen 64
Others 23

Partial restructuring PSA = model exit
PSA -191 1 -192
BMW 12 1 11
Daimler 9 1 9
Fiat 3 0 3
Ford 12 1 12
Hyundai 4 0 4
Opel 4 0 3
Renault 10 0 10
Toyota 6 0 6
Volkswagen 23 1 22
Others 16 1 15

Radical restructuring PSA = brand exit
PSA -3,166 23 -3,189
BMW 56 1 56
Daimler 30 1 28
Fiat 141 0 142
Ford 182 3 178
Hyundai 46 0 46
Opel 141 4 137
Renault 269 -21 289
Toyota 102 1 101
Volkswagen 309 -3 311
Others 92 3 89

This table reports the detail by �rm of the producers�e¤ects under di¤erent coun-
terfactual scenarios absent state aid for the PSA case. The �rst column reports the
change of the producer surplus (� PS). This change in producer surplus is split into
a change due to changed prices and a change at constant prices (product variety
e¤ect).
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Table C.3: Details on Consumer Surplus (Delta CS/household) for the Renault case
speci�ed by country

� Price � CS � CS due � CS at const.
(%) /househ (e) to prices (e) prices (e)

Merger Renault + Opel
Belgium 0.36 -16.9
France 0.51 -15.0
Germany 0.25 -8.9
Greece 0.07 -1.8
Italy 0.15 -4.4
Netherlands 0.16 -4.1
Portugal 0.37 -8.8
Spain 0.34 -11.4
UK 0.19 -5.1

Merger Renault + Fiat
Belgium 0.17 -7.7
France 0.55 -16.3
Germany 0.11 -4.0
Greece 0.05 -1.2
Italy 0.54 -16.6
Netherlands 0.11 -2.8
Portugal 0.25 -6.1
Spain 0.09 -3.0
UK 0.06 -1.5

Partial restructuring Renault = model exit
Belgium 0.00 -6.8 -0.1 -6.7
France 0.01 -5.3 -0.3 -5.0
Germany 0.00 -1.7 -0.1 -1.6
Greece 0.00 -0.9 -0.1 -0.8
Italy 0.00 -4.1 0.0 -4.1
Netherlands 0.00 -1.9 -0.1 -1.8
Portugal 0.00 -0.2 0.0 -0.2
Spain 0.00 -3.4 -0.2 -3.3
UK 0.00 -1.5 0.0 -1.5

This table reports the detail by country of the consumer e¤ects under di¤erent
counterfactual scenarios absent state aid for the Renault case. The �rst column re-
ports the change of the industry price index. The second column reports the change
of the consumer surplus per household (� CS). Changes in consumer surplus are
split into a change due to changed prices and a change at constant prices (product
variety e¤ect).
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Table C.4: Details on Producer Surplus e¤ects for the Renault case speci�ed by �rm

� PS � PS due � PS at const.
(106e) to prices (106e) prices (106e)

Merger Renault + Opel
Renault + Opel 18
BMW 11
Daimler 4
Fiat 19
Ford 31
Hyundai 12
PSA 52
Toyota 15
Volkswagen 67
Others 16

Merger Renault + Fiat
Renault + Fiat 21
BMW 7
Daimler 5
Ford 25
Hyundai 8
Opel 19
PSA 52
Toyota 16
Volkswagen 35
Others 12

Partial restructuring Renault = model exit
Renault -148 -148 0.2
BMW 9 9 0.3
Daimler 7 6 0.3
Fiat 2 2 0.1
Ford 12 11 0.4
Hyundai 5 5 0.2
Opel 3 3 0.2
PSA 7 7 0.2
Toyota 6 6 0.2
Volkswagen 20 20 0.4
Others 18 17 0.4

This table reports the detail by �rm of the producers�e¤ects under di¤erent counterfactual scenarios
absent state aid for the Renault case. The �rst column reports the change of the producer surplus
(� PS). This change in producer surplus is split into a change due to changed prices and a change
at constant prices (product variety e¤ect).
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Table C.5: Details on Consumer Surplus (Delta CS/household) for Opel case speci�ed by
country

� Price � CS � CS due � CS at const.
(%) /househ (e) to prices (e) prices (e)

Merger Opel + Fiat
Belgium 0.18 -8.1
France 0.13 -3.7
Germany 0.23 -8.2
Greece 0.25 -6.4
Italy 0.91 -27.8
Netherlands 0.15 -3.8
Portugal 0.19 -4.6
Spain 0.10 -3.3
UK 0.22 -5.8

Merger Opel + VW
Belgium 0.88 -41.0
France 0.27 -7.8
Germany 1.61 -59.6
Greece 0.94 -24.7
Italy 0.42 -12.5
Netherlands 0.82 -21.4
Portugal 0.64 -15.6
Spain 0.90 -30.5
UK 1.14 -30.4

Merger Opel + Hyundai
Belgium 0.19 -8.8
France 0.05 -1.5
Germany 0.19 -6.9
Greece 0.27 -7.1
Italy 0.03 -1.0
Netherlands 0.15 -3.7
Portugal 0.09 -2.2
Spain 0.12 -4.0
UK 0.30 -8.1

Partial restructuring Opel = model exit
Belgium 0.11 -57.8 -5.0 -52.8
France 0.07 -18.0 -1.9 -16.1
Germany 0.19 -38.7 -6.8 -31.9
Greece 0.23 -43.0 -5.8 -37.2
Italy 0.09 -34.7 -2.5 -32.1
Netherlands 0.14 -36.8 -3.4 -33.4
Portugal 0.06 -17.0 -1.4 -15.6
Spain 0.06 -25.9 -1.9 -24.0
UK 0.12 -45.1 -3.1 -42.0

Opel exit
Belgium 0.38 -198.7 -16.6 -182.1

France 0.30 -71.5 -8.3 -63.2
Germany 0.63 -172.2 -21.2 -151.1
Greece 0.43 -118.8 -10.5 -108.3
Italy 0.39 -108.7 -10.9 -97.8
Netherlands 0.37 -91.0 -8.9 -82.1
Portugal 0.26 -74.8 -5.8 -69.0
Spain 0.32 -126.3 -10.1 -116.3
UK 0.63 -195.1 -15.1 -180.0

This table reports the detail by country of the consumer e¤ects under di¤erent counterfactual sce-
narios absent state aid for the Opel case. The �rst column reports the change of the industry
price index. The second column reports the change of the consumer surplus per household (� CS).
Changes in consumer surplus are split into a change due to changed prices and a change at constant
prices (product variety e¤ect).
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Table C.6: Details on Producer Surplus e¤ects Opel case speci�ed by �rm

� PS � PS due � PS at const.
(106e) to prices (106e) prices (106e)

Merger Opel + Fiat
Opel + Fiat 26
BMW 11
Daimler 8
Ford 38
Hyundai 10
PSA 37
Renault 19
Toyota 21
Volkswagen 50
Others 18

Merger Opel + VW
Opel + VW 150
BMW 61
Daimler 29
Fiat 46
Ford 132
Hyundai 36
PSA 87
Renault 59
Toyota 50
Others 71

Merger Opel + Hyundai
Opel + Hyundai 8
BMW 8
Daimler 3
Fiat 11
Ford 22
PSA 17
Renault 12
Toyota 10
Volkswagen 41
Others 14

Partial restructuring Opel = model exit
Opel -1,586 3 -1,589
BMW 29 3 26
Daimler 20 2 18
Fiat 48 3 45
Ford 167 17 150
Hyundai 17 1 15
PSA 98 10 88
Renault 42 5 37
Toyota 69 9 61
Volkswagen 304 17 287
Others 91 11 81

Opel exit
Opel -6,356 0 -6,356
BMW 237 24 213
Daimler 108 12 96
Fiat 259 25 234
Ford 549 54 495
Hyundai 136 16 119
PSA 424 42 382
Renault 246 31 215
Toyota 222 25 196
Volkswagen 1,068 62 1,006
Others 285 33 252

This table reports the detail by �rm of the producers�e¤ects under di¤erent coun-
terfactual scenarios absent state aid for the Opel case. The �rst column reports the
change of the producer surplus (� PS). This change in producer surplus is split into
a change due to changed prices and a change at constant prices (product variety
e¤ect). 111



C.1 Selection of model families in the restructuring analysis

The PSA case Restructuring of PSA consists in dropping the following model families,

which are listed in Table C.7:

1. Citroën C-Crosser and Peugeot 4007: both vehicles are based on a Mitsubishi platform.

The vehicles are commercially unsuccessful. They both belong to a marketing segment

(SUV) in which PSA�s brands are not strongly recognized by consumers;

2. Citroën C6: this is an old vehicle (launched in 2005) which is commercially unsuccess-

ful. It belongs to a marketing segment (luxury) in which PSA�s brands are not strongly

recognized by consumers. The platform is in common to Citroën C5, a successful in-

termediate vehicle, but economies of scale are limited since the two vehicles belong to

di¤erent segments and are characterized by di¤erent body styles;

3. Peugeot 1007: this is an old vehicle (launched in 2004) which is commercially un-

successful. The platform is in common to Citroën C1 and C2 and Peugeot 207, but

economies of scale are limited since it presents unique features in terms of body style

with respect to the other models. The vehicle was phased out in 2010;

4. Peugeot 607: this is an old vehicle (launched in 2000) which is commercially unsuccess-

ful. It is based on an obsolete platform. It belongs to a marketing segment (luxury) in

which PSA�s brands are not strongly recognized by consumers. The vehicle was phased

out in 2011. The successor is a vehicle belonging to the intermediate segment, rather

than the luxury one.
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Table C.7: Models marketed by PSA in 2009

Model family Model Segment % �rm Quartile Platform Model Platform
variants sales segm. sales year year

Citroen C-Crosser C-Crosser SUV 0.5 1 Mitsubishi GS 2007 2003

Citroen C1 C1 Subc. 8.6 2 Toyota NBC 2005 1998

Citroen C2 C2 Subc 3.3 1 PF1 2003 2001

Citroen C3 C3, C3 Classic, C3 �rst Subc/ 11.5 2/3 PF1 2009 2001
C3 pluriel, Saxo Sports

Citroen C4 C4, Xsara, ZX Comp 6.6 2 PF2 2004 2001

Citroen C5 C5, Xantia Interm. 5.8 2 PF3 2008 1999

Citroen C6 C6 Lux 0.1 1 PF3 2005 1999

Peugeot 1007 1007 Subc 0.4 1 PF1 2004 2001

Peugeot 107 106, 107 Subc 8.5 2 Toyota NBC 2005 1998

Peugeot 207 205,206, 206+ Subc/ 32.7 4 PF1 2006 2001
206SW, 207 Sport

Peugeot 308 3008, 306, 307 Comp/ 18.9 3 PF2 2007 2001
307SW, 308, RCZ Sport

Peugeot 4007 4007 SUV 0.5 1 Mitsubishi GS 2007 2003

Peugeot 407 405, 406 Interm/ 2.5 1/2 PF3 2004 1999
407, 407 SW Sport

Peugeot 607 605, 607 Lux 0.1 1 XM/605/Z8 2000 1999

This table reports all the model families marketed by PSA in 2009 with their share with respect to the total �rm�s
sales and the share of sales within the marketing segment to which each model belongs to. The table also reports infor-
mation the automobile platform on which the model is built and the year of launch of the model. Subc=subcompact,
Comp=compact, Interm=intermediate, Stand=standard, Lux=Luxury, SUV=Sport Utility Vehicle. The model fam-
ilies that are removed in our simulation are reported in italic.

The Renault case Restructuring of Renault consists in dropping the following model

families, which are listed in Table C.8:

1. Renault Koleos: this is a vehicle co-developed between Renault and Nissan. It is

commercially unsuccessful. It belongs to a marketing segment (SUV) in which Renault

is not strongly recognized by consumers;

2. Renault Vel Satis: this is an old vehicle (launched in 2000) which is commercially

unsuccessful. It is based on an obsolete platform. It belongs to a marketing segment

(luxury) in which Renault is not strongly recognized by consumers. The vehicle was

phased out in 2010.
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Table C.8: Models marketed by Renault in 2009

Model family Model Segment % �rm Quartile Platform Model Platform
variants sales segm. sales year year

Dacia Logan Logan Comp 0.7 1 X85/B 2004 2002

Dacia Sandero Sandero Comp 10.7 2 X85/B 2007 2002

Renault Clio Clio Subc 34.8 4 X65, X85, 2006 2002
X85B

Renault Koleos Koleos SUV 2.2 2 X84/C 2008 2002

Renault Laguna Laguna Interm 5.6 2 D 2007 1993
Nevada

Renault Megane 19, Fluence Comp/ 24.8 3 X84/C 2008 2002
Megane Sports

Renault Twingo Twingo Subc 21.0 3 X65 2007 2004

Renault Vel Satis Vel Satis Luxury 0.1 1 X73/81/74 2000 2000

This table reports all the model families marketed by Renault in 2009 with their share with respect
to the total �rm�s sales and the share of sales within the marketing segment to which each model
belongs to. The table also reports information the automobile platform on which the model is built
and the year of launch of the model. Subc=subcompact, Comp=compact, Interm=intermediate,
Stand=standard, Lux=Luxury, SUV=Sport Utility Vehicle. The model families that are removed
in our simulation are reported in italic.

The Opel case Restructuring of Opel consists in dropping the following model families,

which are listed in Table C.9:

1. Opel Agila: this vehicle is co-developed between Opel and Daewoo. It is commercially

unsuccessful both in Europe and in Asia;

2. Opel Captiva: vehicles belonging to this model family are co-developed between Opel

and Daewoo. They are commercially unsuccessful both in Europe and in Asia;

3. Opel Vectra: this model family is constituted by Opel Vectra and its successor Opel

Insignia. This is a popular model for Opel. In a situation of crisis, �rms may tend to

postpone the launch of new models because of the development costs. Since we are

interested in understanding the impact of the crisis on Opel, we use the example of

Opel Insignia to simulate the impact of postponing the launch of a new model due to

the crisis, where at the same time the obsolete predecessor Opel Vectra, dating back

to 2002, remains unsold. Opel Insignia was developed on a new platform and the

production started at the end of 2008. The example is mainly illustrative, since Opel

Insignia was mostly developed before the crisis.
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Table C.9: Models marketed by Opel in 2009

Model family Model Segment % �rm Quartile Platform Model Platform
variants sales segm. sales year year

Opel Agila Agila Subc 6.4 1 Suzuki YP/YN platform 2008 2003

Opel Astra Astra/Za�ra Comp/ 28.1 4 3000/3300(old) 2009 2002/
Sports Global Delta platform (new) 2008

Opel Vectra Vectra Interm 14.1 4 Epsilon platform 2002 2001
Insigna Global Epsilon 2009 2008

GM Captiva Antara/Captiva SUV 2.6 2 Theta platform 2006 2001

Opel Corsa Corsa/Meriva/ Subc/ 36.4 4 FIAT/GM 199/4400 2005 2005
Tigra Sports

GM Cruze Cruze Comp 1.2 1 Global Delta platform 2008 2009

GM Epica Epica/Evanda Interm 0.3 1 Daewoo V200 2006 1999

GM Kalos Aveo/Kalos/ Subc 3.7 1 Daewoo T200 2002 2002
Lanos

GM Lacetti Aranos/Lacetti/ Comp 0.7 1 Global Delta platform 2008 2009
Nubira

GM Matiz Matiz/Spark Subc 4.7 1 GM Global Gamma 2009 2009

GM Solstice GT Sports 0.2 1 GM Kappa platform 2005 2003

Saab 9-3 9-3, 9-3X, 900 Std/ 1.5 1 GM Epsilon platform 1998 1995
Sports

Saab 9-5 9-5, 9000 Lux 0.1 1 GM2900 platform 1997 1988

This table reports all the model families marketed by Opel in 2009 with their share with respect to the total �rm�s
sales and the share of sales within the marketing segment to which each model belongs to. The table also reports infor-
mation the automobile platform on which the model is built and the year of launch of the model. Subc=subcompact,
Comp=compact, Interm=intermediate, Stand=standard, Lux=Luxury, SUV=Sport Utility Vehicle. The model fam-
ilies that are removed in our simulation are reported in italic.
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