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1 Introduction

In many markets, such as those for automobiles, electronics, computers, and clothing, consumers typically
have to visit stores to find out which product they like most. Though basic information about products sold in
these markets is usually easy to obtain either from television, the Internet, newspapers, specialized magazines,
or just from neighbors, family, and friends, consumers search because some relevant product characteristics
are difficult to quantify, print, or advertise. In practice, since visiting stores involves significant search costs,
most consumers engage in a limited amount of search.!

Earlier work on the estimation of demand models (Berry et al., 1995, 2004; Nevo, 2001; Petrin, 2002)
has proceeded by assuming that consumers have perfect information about all the products available in the
market. In markets like those referred to above, the full information assumption is, arguably, unrealistic.
This paper adds to the literature on the structural estimation of demand models by presenting a discrete
choice model of demand with optimal sequential consumer search. To the best of our knowledge our paper
is the first to do this in a Berry et al. (1995) (BLP hereafter) framework. The distinctive feature of the BLP
framework is that a product’s utility depends on a structural error term, which is known as an unobserved
product characteristic in this literature, and is crucial for modeling price endogeneity. The key difference
between our demand model and that in BLP is that in our model consumers do not know all the relevant
information about the products available and have to search in order to evaluate them. Because consumers
choose to visit distinct sellers even if they have similar preferences, substitution patterns across products are
not only driven by product differentiation but also by the variation in consumer information sets generated
by costly search.?

We develop our search model in Section 2. In our model, consumers search for differentiated products. We
assume consumers have prior information on some of the characteristics of the products, but have to search to
figure out whether a product is a good match. Weitzman (1979) has shown that in such a setting the optimal
solution to the search problem is to rank sellers in terms of reservation utilities, to visit them in descending
reservation utility order, and to stop search when the highest observed utility is above the reservation utility
of the next option to be searched. When the number of alternatives is large, applying Weitzman’s solution
becomes intractable because the number of ways in which a consumer may end up buying a particular
product increases factorially in the number of alternatives. For example, with just three alternatives, there
are eleven distinct search paths a consumer may follow before deciding to buy a given product, while with

ten alternatives there are close to nine million search paths.?> To address this dimensionality problem, we

ISeveral recent empirical papers have found that consumers search relatively little. For instance, Honka (2014) reports that
consumers obtain an average of 2.96 quotes when shopping for car insurance. De los Santos et al. (2012) find that over 75
percent of consumers visited only one online bookstore before buying a book online, whereas De los Santos et al. (2017) find
that the mean number of online retailers searched is less than 3 for MP3 players. Some other examples of markets in which
search frictions are found to be non-trivial are S&P 500 index funds (Hortagsu and Syverson, 2004), automobiles (Moorthy et
al., 1997; Scott Morton et al., 2011), and the retail market for illicit drugs (Galenianos and Gavazza, 2017).

2Sovinsky Goeree (2008) provides an alternative way to obtain variation in information sets in a BLP-type framework by
linking consideration sets to advertising.

3Let A, B, and C be the three alternatives. Conditional on buying a specific alternative (let’s say A), the eleven different
search paths (in order of search) are then A, AB, AC, BA, CA, ABC, ACB, BAC, BCA, CAB, and CBA. More generally, if
there are n alternatives, then the number of search paths for each alternative is given by (n — 1)! Z;S (n—k)/k! (see footnote
4 of Choi et al., 2018).



leverage recent findings from the theoretical search literature that make it possible to compute the purchase
probability of a given alternative without having to go explicitly through the myriad of possible ways in which
a consumer may end up considering the alternative in question. More specifically, following Armstrong (2017)
and Choi et al. (2018) we express a consumer’s search and purchase decision as a discrete choice problem
in which a consumer chooses the alternative that offers the highest minimum of the reservation value and
realized utility among all available alternatives. We show how to derive purchase probabilities for general
search cost distributions, but, because these expressions are generally not closed form and therefore difficult
to calculate, we propose a parametric specification for the search cost distribution that generates closed-form
expressions. We do this by solving the model backwards: starting from a Type I Extreme Value distribution
for the minimum of the reservation value and realized utility, we derive the unique parametric specification
for the search cost distribution that rationalizes this distributional assumption. We refer to this search cost
distribution as the Gumbel preserving search cost distribution.

We discuss identification and estimation of the model in Section 3. Because both search costs and
preferences enter the choice probabilities additively, search costs and preferences are not identified without
imposing additional restrictions. One way to achieve identification of search costs is by assuming search costs
only depend on variables that are excluded from the utility specification. This approach has the advantage
that, conditional on having appropriate instruments, the model can be estimated using aggregate data but
a disadvantage is that only variation in search costs is identified and not the level of search costs. Using
insights from search theory we propose an alternative strategy that is based on using individual-level data
on search behavior. Because the reservation values that guide search decisions respond differently to changes
in utility covariates than to changes in search cost covariates, variation in observed search and purchase
decisions allows us to separately identify the effect of a covariate on utility and on search costs. Intuitively,
a high market share for the outside option could be driven by a high utility for the outside option relative
to the inside goods, or, alternatively, by relatively high search costs. Without observing search decisions we
cannot distinguish between the two. However, search data reveals how much search was done by consumers
who end up not buying—if these consumers searched a lot it must be that search costs are low and the utility
for the outside option is high; if they did not search that much, it must be that search costs are high.

We propose a method to estimate the model using aggregate data on characteristics and market shares, as
well as individual-level data that contains information on purchases and related search behavior. Following
Berry et al.’s (2004) two-step procedure, we use the aggregate data to obtain mean utilities of the products.
These mean utilities and the individual-level data are used to estimate the nonlinear parameters of the model,
which include random coefficients as well as the parameters of the search cost specification. The moments
that we use to estimate the nonlinear parameters are defined as the difference between a variety of predicted
and observed purchase and search probabilities. In a second step we estimate the mean utility parameters
from the estimated mean utilities, using an instrumental variables approach to deal with price endogeneity.
As pointed out by Berry et al. (2004), an advantage of using the two-step procedure is that instruments are

not needed when estimating the nonlinear parameters of the model, which makes estimation of our model



less susceptible to misspecification bias.

In Section 4 we apply our model to the Dutch market for new cars. The automobile market is precisely
a market in which advertisements, reports in specialized magazines, television programs, and the Internet
convey much but not all the relevant information about the models available. As a result, a great deal of
new car buyers visit dealerships to view, inspect, and test drive cars. Our data, which supplements the usual
aggregate product-level data with survey data that contains information on purchases and searches, reveal
two important facts. First, consumers visit a limited number of car dealers before buying a car—on average
two for new car purchases—and the number of visits varies substantially across consumers. Second, a great
deal of the dealer visits involve test driving cars.* We interpret these two facts as being consistent with our
search model. We also provide some reduced-form evidence that search behavior is related to demographics
such as income, family size, age, and distances to dealerships. Section 4 also discusses the estimation results
for our model. Our search cost estimates are precisely estimated and suggest consumers’ search costs are
affected by distances to dealership and other demographics such as income, age, and household composition.
Moreover, taking into account search costs leads to less elastic demand estimates and higher estimates
of price-cost margins compared to the standard BLP setting. According to our estimates, substitution
patterns are not only driven by car characteristics but also by search costs, and cross-distance elasticity
estimates indicate that consumers are relatively more likely to substitute towards similar brands when a
brand’s dealerships are located further away from consumers. Moreover, due to search costs consumers are
far more likely to switch within brand than across brands—in a full information model it does not matter
for substitution patterns whether models are sold together or not, so a similar pattern does not arise. We
conclude that accounting for costly search and its effects on generating heterogeneity in consumer choice sets
is important for explaining variability in purchase patterns.

Our model follows most of the consumer search literature in assuming that deviations from equilibrium
prices are not observed before searching (e.g., Diamond, 1971; Burdett and Judd, 1983; Wolinsky, 1986). Since
consumers’ search decisions are based on expected equilibrium prices, this implies that firms are tempted
to hold up visiting consumers by raising prices. This is reminiscent of the mechanism behind the Diamond
paradox, which in case of homogeneous products may lead to a collapse of the market (Diamond, 1971).
Although product differentiation keeps the market from collapsing in our model, in Section 5 we show that
this Diamond-type hold-up problem nevertheless has important implications for counterfactuals in which
dealership networks change. Specifically, we study the role of exclusive dealing, which is the prevalent form
of automobile distribution in the European Union and allows manufacturers to put restrictions on how many
brands are offered in dealerships. We first show that manufacturers face little incentive to create multi-
brand dealerships that sell cars of brands that are part of the same business group—in this case substitution
towards other brands owned by the same firm re-enforces the Diamond-type incentives to hold up visiting
consumers, which results in substantial price increases that ultimately lower profits. In contrast, when

a brand unilaterally adds cars of rival brands to its dealership locations, substitution towards competing

4 According to survey data discussed in Section 4, respondents that were looking to buy a new car made a test drive in 45
percent of dealer visits, and 69 percent made at least one test drive at one of the visited dealerships.



brands weakens the hold-up incentive enough to lead to a reduction in prices, with higher profits as a result.
Although this creates an incentive for individual firms to start selling competing brands in their dealerships,
we show that if the industry collectively adopts these arrangements, industry profits go down substantially.
Exclusive dealing regulation could prevent this from happening, with firms benefitting at the expense of
consumers who face higher search costs and prices than would be the case with multi-brand dealerships.

Our paper builds on the theoretical and empirical literature on consumer search. At least since the
seminal article of Stigler (1961) on the economics of information, a great deal of theoretical and empirical
work has revolved around the idea that the existence of search costs has nontrivial effects on market equilibria.
Early contributions focused on the effects of costly search in homogeneous product markets (see for instance
Burdett and Judd, 1983; Stahl, 1989), whereas more recent work has focused on costly search in markets
with product differentiation (see Wolinsky, 1986; Anderson and Renault, 1999; Bar-Isaac et al., 2012). Our
search model is most closely related to the framework of Wolinsky (1986) but we allow for asymmetric
multi-product firms and consumer heterogeneity in preferences and search costs.

A number of recent papers present related models of search and employ micro- or aggregate-level data
on search behavior to estimate preferences as well as the costs of searching (Kim et al., 2010, 2017; De los
Santos et al., 2012; Seiler, 2013; Honka, 2014; Koulayev, 2014; Pires, 2016; Honka et al., 2017; Seiler and
Pinna, 2017; Dinerstein et al., 2018; Jiang et al., 2021). An important difference between these papers and
ours is that they do not model unobserved product characteristics and hence they do not allow for price
endogeneity.” Most of these papers assume search is sequential.® In sequential search models search decisions
depend on search outcomes, which complicates the estimation of such models and typically leads to high-
dimensional integrals for choice and search probabilities. While this may be manageable in applications with
a small number of products or search decisions (as in Koulayev, 2014), the approach we use in this paper
reduces this dimensionality problem by integrating out different search paths that lead to a purchase decision
and is therefore useful for larger choice sets. Kim et al. (2017) propose an alternative method that avoids the
use of high-dimensional integrals and estimate their probit choice model by maximum likelihood using view
rank and sales rank data for camcorders sold at Amazon.com. Another alternative approach is put forward
in Jolivet and Turon (2018), who derive a set of tractable inequalities from Weitzman’s optimal sequential
search algorithm that can be used to set-identify demand-side parameter distributions; they estimate their
model using individual purchase data for CDs sold at a French e-commerce platform.

Our paper also fits into a broader literature that estimates demand for automobiles, which includes BLP,
Goldberg (1995), Petrin (2002), and Berry et al. (2004).” As in Petrin (2002) and Berry et al. (2004) we

use a combination of micro and aggregate data. Our estimation procedure is most similar to Berry et al.

5Honka et al. (2017) use a control function approach to address advertising endogeneity in a three-stage structural model
(consisting of awareness, consideration, and choice).

6 A computational advantage of non-sequential search (De los Santos et al., 2012; Honka, 2014; Moraga-Gonzélez et al., 2015;
Murry and Zhou, 2020) is that consumers’ search decisions are determined before any search activity takes place, and therefore
do not depend on realized search outcomes. This allows one to formulate the search and purchase decision as a two-stage problem
in which the consumer selects products in the first stage, and then makes a purchase decision from products that appear in this
choice set. A complicating factor is that without restrictions on the number of choice sets, there is a dimensionality problem,
and the literature has focused on various ways to deal with this when estimating such models.

7See Murry and Schneider (2016) for an overview of studies on the economics of retail markets for new and used cars.



(2004), but instead of using moments based on second-choice data we use moments based on purchases and
search behavior of individuals. Recent papers in this literature have studied car dealership locations and
how this affects consumer demand and competition. For instance, Albuquerque and Bronnenberg (2012) use
transaction level data as well as detailed data on the location of consumers and car dealers to estimate a
model of supply and demand and find that consumers have a strong disutility for travel. In a related paper,
Nurski and Verboven (2016) focus on dealer networks to study whether the exclusive contracts often used in
the European car market act as barrier to entry. The most important difference between these papers and
our paper is that they assume consumers have perfect information about all the alternatives in the market.
This means that distance from a consumer to a car dealer is interpreted as a transportation cost, that is,
distance is treated as a product characteristic that enters directly in the utility function. In contrast, in our
paper distance enters as a search cost shifter in addition to entering as a utility shifter and as such generates
variation in the subsets of cars sampled by consumers. This is important if consumers prefer to have their
cars serviced at the dealer, so distance would enter the model through search costs as well as through
the indirect utility function. In Section 3 we discuss how sequential search theory allows for the separate
identification of the effects of distance on utility and search costs when using data on search behavior. We
compare the two approaches when estimating the model in Section 4 and show that the elasticity estimates
and markups from the search cost model are quite different from those obtained from the transportation
cost model. Moreover, unlike in a full information model, pricing decisions in our search model are affected
by within-dealer substitution patterns across car models. This has implications for our main counterfactual
in which we look at the competitive effects of exclusive dealing: although our results for the case in which
rival brands are added confirm Nurski and Verboven’s (2016) main finding that there is a collective incentive
for exclusive dealing regulation despite unilateral incentives to sell multiple brands, we find the effects on

prices, profits, and welfare to be much larger in our search model.

2 Economic Model

2.1 Utility and demand

We consider a market where there are J different products (indexed j = 1,2,...,J) sold by F different firms
(or sellers) (indexed f =1,2,...,F). We shall denote the set of products by J and the set of firms by F.

The indirect utility consumer 4 derives from product j is given by:
uij = 0j + cipj + B + eij, (1)

where 5j = ap; + x; B+ &; is the mean utility for product j, the variable p; denotes the price of product j,
the vector (x;,&;,¢;;) describes different product attributes from which the consumer derives utility, o and
[ are scalar and vector coefficients, respectively, that capture the mean marginal utility of price and other

product attributes, and «; and [3; capture consumer heterogeneity in tastes for price and product attributes.



We assume that the consumer observes the product attributes contained in z; and &; without searching,
which in the case of cars could include characteristics such as horsepower, weight, transmission type, ABS,
air-conditioning, and number of gears. Information on these characteristics is readily available from, for
instance, the Internet, specialized magazines, and consumer reports. The variable €;;, which is assumed to
be independently and identically Type I Extreme Value (TIEV) distributed across consumers and products,
is a match parameter and measures the “fit” between consumer 7 and product j. We assume that e;; captures
“search-like” product attributes, that is, characteristics that can only be ascertained upon close inspection
and interaction with the product, like comfort, spaciousness, engine noise, and gearbox smoothness in the
case of cars.® We assume that the econometrician observes price p; and the product attributes contained in
x; but cannot observe those in &; and ¢;;. The variable ; is often interpreted as (unobserved) quality, and,
since quality is likely to be correlated with the price of a product, this will lead to the usual price endogeneity
problem.

To capture that consumers differ in the way they value price and product characteristics, we follow
Nevo (2001) in letting the distribution of consumer heterogeneity for product attributes be a function of
demographic variables and standard normal draws, i.e., 8; = IID; + Yv;, where D; is a d x 1 vector of
demographic variables, IT is a (K + 1) x d matrix of parameters that measures how the marginal valuation
for the K attributes varies with demographics, v; is a (K + 1) x 1 vector of standard normal draws, and X
is a scaling matrix so that covariances are equal to zero. Note that in our application, we set several of the
parameters in IT and on the main diagonal of ¥ equal to zero. Because income might affect price sensitivity,
by for example facilitating access to credit, we let the price coefficient be inversely proportional to consumer
i’s yearly income y;, that is, a; = &/y;.°

The utility from not buying any of the products is u;9g = €;9. Therefore, we regard product j = 0 as
the “outside” option; this includes the utility derived from not purchasing a new product. We allow for
multi-product firms: firm f € F supplies a subset Gy C J of all products. In the car industry dealers
typically sell disjoint sets of products, so we shall assume that Gy NG, = @ for any f # g, f,g € F.

We assume consumers must visit firms to find out the exact utility they derive from the products.
We define a search as a trip from home to a single dealer and we assume that consumers then learn the
utility they obtain from each of the products available at the firm visited.'® Search is sequential, ordered,
and consumers have costless recall. After each visit to a firm consumers decide whether to buy any of the
inspected products so far, to opt for the outside option, or to continue searching. We assume that a consumer

i before searching knows (4) the location of and the subset of products available at each firm, (ii) product

8The term €47 might also include other information that can be retrieved from visiting a dealer, such as how much the dealer
offers for a trade-in.

9 As shown by Grigolon et al. (2018), for small capitalized car expenditures relative to capitalized income this specification
approximates the Cobb-Douglas utility function used in BLP, i.e., &log(y; — p;) ~ alog(y;) — ap;/y;. Note that &log(y;) is
common to all alternatives, so it drops out of the purchase probabilities.

10Tn general, one can distinguish between store search and brand search. In our model search is across different brands, which
is different from searching across stores. Note that dealers of different brands often cluster—although our search model could
be reformulated such that consumers search across clusters of brands instead of brands, a limitation of the survey data we use
for estimation of the model is that it only contains information on which brands are visited and not which clusters (see Murry
and Zhou, 2020, for a model in which consumers search across clusters in the context of a non-sequential search model). Also
note that our assumptions imply that in our model a consumer would visit only one dealer for the same brand.



characteristics z; and ; as well as the equilibrium price p; for each product j, (i) the distribution F' of
match values €;;, and (4v) the utility of her outside option ¢;9. This means we follow most of the consumer
search literature (cf. Diamond, 1971; Wolinsky, 1986; Anderson and Renault, 1999) in assuming consumers
have correct conjectures about equilibrium prices while they search, but they may find a deviation price
upon visiting a dealer. This assumption has implications for the supply side of the model, which we discuss
in detail in Section 2.6 as well as when discussing the counterfactuals in Section 5.

Let c;5 denote the search cost of consumer ¢ for visiting firm f. We assume that search costs vary across

consumers and firms.!!

Let Fj; be the cumulative distribution of consumer i’s cost of searching firm f,
which we allow to depend on certain search cost covariates (see Section 2.4), and has corresponding density
fff We allow the search cost distribution to have full support, although, as we explain in Section 2.3, only

the non-negative part affects search behavior (see also footnote 16).

2.2 Optimal sequential search

The utility function in equation (1) can be rewritten as u;; = &;;+¢;;, where §;; = 6;+a;p; +a’;3; is the mean
utility consumer ¢ derives from product j. Because consumers have correct conjectures regarding equilibrium
prices and observe x; and &;, they know d;; at equilibrium. However, consumers have to search to discover €;;
and, since actual prices can deviate from equilibrium prices, deviations from d;; at equilibrium. The distribu-
tion of consumer #’s utility u;; from a given product j is given by F;;(z) = F(z—d;;) = exp (—exp (8;; — 2)),
that is, the distribution of u;; is Gumbel with location parameter ¢;; and scale parameter 1.12

Since search happens at the firm level, indexed by f, it is useful to define the random variable Uy as the
highest utility consumer i gets from the products sold by firm f, that is, U;jy = maxjeqg, {ui;}. Denoting

the distribution of U;s by Fir, we get

Fiy(2) =PrUiy <zl = [ Fiy(z) = [] F(z=8i;) = F(z = 6iy), (2)
JEGt JEGy

where, by the max-stability of the TIEV distribution, d; = log (Zher exp(éih)).

We now turn to describing consumer 4’s optimal search strategy. Since dealers sell disjoint sets of products
with match values that are independent across consumers and products, utility draws (conditional on the
part of utility known to consumers ¢;;) are independent across consumers and dealers as well.13 This means
we can apply the Weitzman rule to characterize optimal consumer search. To apply this rule, we first define

the expected gains to consumer ¢ from searching for a product at firm f when the best utility the consumer

HWe allow for the possibility that a consumer has zero search cost for one or more products; if a consumer has zero search
cost for a specific product this means that she knows the match utility she derives from the product in question ex-ante.

2Throughout the paper, when we refer to the Gumbel distribution, we mean the distribution with CDF exp(—exp(—(z —
m)/b)), where m is a location parameter and b is a scale parameter. When we refer to the TIEV distribution we mean the
distribution with CDF exp(— exp(—z)) (sometimes referred to as the standard Gumbel distribution).

13Note that if the dealers would be selling overlapping sets of products, Weitzman’s rule would not apply since the information
obtained at one dealer would be informative about other dealers selling the same products as well. We also note that the
observable characteristics are allowed to be correlated, but because consumers observe them before initiating a search, this does
not affect the applicability of Weitzman’s rule.



has found so far is r:

)= [ (o= nare) 3)

If consumer ¢’s expected gains are higher than the cost ¢;¢ she has to incur to search the products of firm f,
then she should pay a visit to firm f. Correspondingly, we define the so-called reservation value r;; as the
solution to equation

Hif(r) —cip =0 (4)

in r. Notice that H,; is decreasing and strictly convex so equation (4) has a unique solution. Therefore
rig = H i}l (cig). Note that ;¢ is a scalar, and that for each consumer i there is one such scalar for every
firm f.

Weitzman (1979) demonstrates that the optimal search strategy for a consumer ¢ consists of visiting sellers
in descending order of reservation values r;; and stopping search as soon as the best option encountered so
far (which includes the outside option) gives a higher utility than the reservation value of the next option
to be searched. The following result, proven in Appendix A, decomposes the reservation value into a utility

component and a search cost component:

Lemma 1 Under the assumption that the €;;’s are IID TIEV-distributed, Hi}l(cif) = &ip + Hy''(cip), so

consumer i’s reservation value for firm f can be written as

rif = 0i + Hy ' (cif),

where Ho(r) = [ (z — r)dF(z).

This lemma shows that there are two sources of variation in the consumer reservation values: they vary

because utility distributions differ across sellers and because the costs of searching distinct sellers also differ.

2.3 Buying probabilities

Because we allow for both consumer and firm heterogeneity, Weitzman’s (1979) solution is extremely hard
to implement in our setting. To solve this problem, we next utilize a recent finding by Armstrong (2017) and
Choi et al. (2018), which consists of a methodology for the computation of the purchase decisions without
having to take into account the different search paths consumers may possibly follow.'*

For every consumer i and seller f, let us then define the random variable
wif:min{rif,Uif}:min{rif,max{uij}}. (5)
]GGf

Armstrong (2017) and Choi et al. (2018) show that the solution to the sequential search problem (searching

across firms in descending order of reservation values and stopping and buying the best of the observed

14See also Armstrong and Vickers (2015) for an earlier account of the fact that sequential search models produce demands
consistent with discrete choice.



products when its realized utility is higher than the next highest reservation value) is equivalent to picking
the firm with the highest w;¢ from all the firms and choosing the product with the highest utility from that
firm. Accordingly, the conditional probability that buyer ¢ buys product j, where the conditioning is on the

part of utility observed by consumers and the search cost covariates, is given by

sij = Piji s Pifs (6)
where
Pij=Pr (uij > hrré%); uih> (7)
and
Pr=P if = ig | - 8
! r(wf_ge%%ﬁfwg> (8)

Here Pj;; denotes the probability of picking product j out of the Gy products of firm f while Py is the
probability of buying from firm f.

Now we turn to computing the probabilities in equations (7) and (8). Since ¢;; is an IID draw from a
TIEV distribution, P;j; in equation (7) has the familiar closed form:

exp (51']') B exp(éij)

Pr= )
M S ea, oo (@) exp(diy)

We now derive the probability P;s. Since ;7 and U;s are independent conditional on d;y, the distribution of
w;y = min {r;y,U,;s} can be obtained by computing the CDF of the minimum of two independent random

variables. This means that

Fj(2) = 1= (1= F}(2) (1= Fiy (2) = Fj(2)(1 = Fiy(2)) + Fip(2), (9)

where Fi (z) is the CDF of U;y given in (2) and F}} and F}; are the CDF’s of w;; and r;r, respectively.

To obtain the distribution of the reservation values, we can use equation (3):

Fiy (2) = Pr(riy < z) =Pr[Hiy (rig) > Hiy (2)] = Preiy > Hip (2)] = 1 = F} (Hif (2)) .

K3

Substituting this into equation (9) gives

Fij (2) = 1= Fj (Hip (2)) (1 = Fiy (2)) - (10)

Equation (10) provides a relationship between the search cost distribution and the distribution of the w’s
and, because the gains from search H;; can only be positive, shows that even if we allow F}; to have
negative support, only the distribution for positive values matter. This means that the part of the search
cost distribution that has negative support behaves like an atom at zero.

To obtain the probability that consumer ¢ buys from firm f, we can use that conditional on the part

10



of utility observed by consumers and search cost covariates the w;4’s in equation (8) are independent. We
therefore take the product of each Fjy evaluated at w;f to get the CDF over all g # f, which, after integrating

out w; s, gives this expression for P;y:

ry= [T 75 | £5 (e (1)

9g#f

2.4 Computation and distributional assumptions

To compute the buying probabilities in equation (6), we need to calculate the probabilities P;;; and Py,
which are given in equations (7) and (11), respectively. The main difficulty here is that there is no closed-
form solution for the probability P;; in equation (11) for arbitrary search cost distributions. Although we
can compute P;; by first plugging equation (3) into the distribution of w given in equation (10), deriving
the density f;7, and then performing the integration in equation (11) numerically, this approach makes the
estimation of the demand model somewhat slow because in every iteration the integral in equation (11) needs
to be computed. Although we can cope with these issues (see our estimates for normally distributed search
costs in Section 4.2), it is nevertheless desirable to reduce the computational complexity of our model for
further work and future applications. In what follows we propose an alternative to numerical integration
of equation (11) that significantly speeds up the estimation of the model. The idea is to use a search cost

distribution for which we obtain a closed-form expression for equation (11).

Proposition 1 For search costs that are distributed according to the CDF

o = 1—exp (—exp (—Hy '(c) — piy))

I exp(—exp(—H, (@) 12)

where p;¢ s a consumer-firm specific location parameter of the search cost distribution, the CDF of w;y is

gien by a Gumbel distribution with location parameter 6;¢ — p;f, that is,

Fi(2) = exp(—exp (—(z — (i — pif))))- (13)
As a result, the probability that individual i purchases product j is equal to

exp (055 — piy)

= , (14)
1+ S5 exp (i — pig)

Sij

The proof of this proposition, which can be found in Appendix B, builds on the idea that according to equation
(10) there is a one-to-one relationship between the search cost distribution and the distribution of the random
variable w that determines the buying probabilities. Proposition 1 then shows how an appropriate assumption
on the search cost CDF produces closed-form expressions for the conditional purchase probabilities, which
makes the estimation of the search model of similar difficulty as most standard discrete choice models of

demand. Since the search cost distribution in equation (12) ensures that w is also Gumbel distributed (as is

11



utility), we refer to this distribution as a Gumbel preserving search cost distribution.

F(c) [
1ok 05
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0.6F 03
“‘ Gumbel (min)
0.4} 0.2F
Gumbel Gumbel
preserving um ?
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(a) Search cost CDF (b) Search cost PDF

Figure 1: Search cost distribution for p;; = 2

Notice that a positive p;f is necessary for cmf(c) to be a proper distribution, which can be achieved
by letting u;y be a function of search cost shifters according to a log-exp functional form, that is, p;y =
log {1 + exp (t;f)\)}, where the vector ¢;; may include a constant as well as search cost shifters that are
consumer and/or firm specific, such as the distance from the household to the seller, the household’s income
and other demographics, and a standard normal distributed random constant, and A is a vector of search cost
parameters. Given this, it is straightforward to verify that the Gumbel preserving search cost distribution
given in equation (12) is increasing in ¢ and takes value 1 when ¢ approaches infinity. Moreover, it has an
atom at zero, that is F%(0) = exp(—p;r), which conveniently allows for a fraction of consumers to know
their match values with the products sold by firm f ex-ante; as y;5 increases, this share becomes smaller and
becomes negligible as p;; grows large.!® Finally, we observe that, on the positive support, the distribution
given by equation (12) has a shape relatively similar to the normal distribution. To see this, we plot in
Figure 1 the Gumbel preserving CDF and the corresponding density for p;y = 2. Also shown is a normal
distribution and density with mean p;; = 2 and variance set equal to 1.64 (in red), which is the variance of
the Gumbel preserving distribution. Note that the two distributions are relatively similar on the positive real
line.!6 The dashed green curves in Figure 1 are for a Gumbel distribution (for the minimum) with location
parameter p;y = 2 + v = 2.577 and scale parameter set to one, so the mean and variance correspond to the
other two distributions.'” This particular distribution is useful as a comparison because it is closed form
and has a shape similar to the Gumbel preserving distribution.

The probability s; that product j is purchased can be obtained from s;; in equation (6) by integrating out

the consumer-specific variables. Denoting by 7; the vector of all consumer-specific variables in s;; (i.e., income

15The estimated probability of the atom according to our estimates presented in Section 4.2 is rather small: it has mean
0.020 (with standard deviation 0.101) and median 0.000 across consumers and dealers.

16Note that in our model there is no loss of generality by allowing consumers to have negative search costs for some products.
This is because if there were consumers with a negative cost of searching a particular firm, they would behave exactly in the
same way as consumers with zero search cost. As a result, without loss of generality, we can allow for search cost distributions
with full support, such as the normal distribution.

17The Gumbel distribution for the minimum is the mirror image of the Gumbel distribution. It is used to model the minimum
of a number of draws from various distributions and has CDF 1 — exp(— exp((z —m)/b)).
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y; and other demographic characteristics that are contained in D; and #;f, as well as the standard normal
draws contained in v; and t;¢) with corresponding CDF F, the probability that product j is purchased is
the integral

55 = /SideT(Ti)' (15)

2.5 Search probabilities

As we explain in Section 3 when discussing estimation and identification, we supplement aggregate data with
individual-specific search data. In particular, we use data on the shares of consumers not searching as well
as searching once, where we aggregate these shares over various observed demographic variables. Below we
present the expressions for consumer i’s search probabilities (which are conditional on the observed part of
utility and search cost covariates), that are needed to obtain predicted shares (see Appendix C for further

details). The probability that consumer ¢ does not search is

mo= [ I FaGG (16)

—0 k=0

The probability that consumer ¢ searches once is
=Y [ EW - F) F 00+ Y [ @F@) @), (17)
frme £
where F/'_, and f;'_; are the CDF and PDF of maxyo, {ri}

2.6 Supply side

Although we do not include the supply side when estimating the model, we do need to specify a supply side
model for calculating elasticities, profits, and markups implied by our estimates, as well as for several of the
counterfactual simulations that are part of Section 5. We assume firms maximize their profits by setting
prices, taking into account prices and attributes of competing products as well as the locations of all sellers
and the search behavior of consumers. Let p* denote the vector of Nash equilibrium prices. Assuming a

pure strategy equilibrium exists, any product j should have a price that satisfies the first order condition'®

07+ 3 = me) 5

regy

In computing these first order conditions we note that consumers’ search behavior is not affected by deviation

prices but purchasing decisions are. This is a distinctive feature of consumer search models and implies that

18Note that what makes this search model different from a Varian-type of search model (Varian, 1980) is that products are
differentiated. This distinction is important because Wolinsky-type search models (Wolinsky, 1986) usually have pure-strategy
equilibria, while Varian-type search models usually have mixed-strategy equilibria.
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firms have an incentive to hold up consumers that visit them, which, reminiscent of the Diamond paradox,
leads to equilibrium prices that are higher than when price deviations are observed, as in full information
models (see also Section 5). Details on the computation of the market share derivatives for our search model
are given in Appendix D. To obtain the price-cost markups for each product we can rewrite the first order
conditions as p* — mc = A(p*)” 's(p*), where the element of A(p*) in row j column 7 is denoted by Ajy

and A, = —0s,/0p; if r and j are produced by the same firm and zero otherwise.

3 Estimation

In this section we present our methodology to estimate the theoretical search model discussed in Section
2. Proposition 1 shows that for the Gumbel preserving distribution given by equation (12), the expression
for the buying probabilities given by equation (14) is similar to that of a BLP-type full information model,
except that search costs enter the expression through p;y. However, this expression also shows that the part
that reflects the observed part of utility (d;;) is not separately identified from the part that reflects search
costs (i r) since both §;; and p;; enter the buying probabilities additively. One way to achieve identification
of search costs is to assume that variables that enter the search cost specification do not also enter the utility
specification. For instance, one could assume that distance from a consumer to the nearest dealer affects
search costs, but does not directly affect utility. As we discuss in more detail in Section 3.3, an advantage
of excluding search cost covariates from utility is that the model can be estimated using aggregate data, as
in BLP. However, while it might be possible to argue that this restriction holds for search cost shifters such
as distance, it also applies to the search cost constant, i.e., a search cost constant term is not separately
identified from the utility constant. This means that the level of search costs is not identified, but only the
variation in search costs that is due to the excluded search cost shifters. We show that a solution to these
identification issues is to use individual-specific search data. As we will explain in more detail in Section 3.3,
even though we can only identify the combined effect of common shifters using purchase data, variation in
observed search decisions allows us to separate the combined effect into an effect due to search costs and an
effect due to preferences.

We will incorporate information on search through moments based on survey data. Our estimation
procedure closely resembles Berry et al. (2004), who use a combination of micro and aggregate data to
estimate a differentiated products demand system. However, whereas Berry et al. (2004) use moments based
on second-choice data, we use moments based on search and purchase data, which allows us to explicitly
take consumers’ search behavior into account. We first give a brief outline of the estimation procedure and
then discuss the calculation of the moments we use for estimation in more detail. We finish with an informal

discussion of the identification of the key parameters of the model.
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3.1 Outline of the estimation procedure

Our goal is to estimate the parameters of the model, which include the mean utility parameters 6; =
(a, B) and the utility parameters that capture consumer heterogeneity as well as search cost parameters
02 = (&, 11,2, \). Following standard practice in the literature (see, e.g., Nevo, 2001), we will refer to the
components of 0, as the nonlinear parameters. As shown by Berry et al. (2004) in the context of a full
information model, micro data allows for estimation of choice-specific constants that capture product j’s
mean utility Sj, so one approach is to first estimate the vector (J,6;) followed by using the estimated gj’s
to estimate the mean utility parameters #; in a second step (see also Goolsbee and Petrin, 2004; Train
and Winston, 2007). Alternatively, if we have a set of instruments z that satisfy the conditional moment
restriction E[¢|z] = 0, we could estimate (61,602) directly instead of (J,602). In what follows, we use the
two-step procedure. Even though we lose efficiency by not imposing such moment restrictions on £ when
estimating 65, the main advantage of using the two-step procedure is that we do not lose consistency if
the restrictions are not correct. This is especially important in our setting because the unobserved quality
variable £ is not only expected to be correlated with prices, but also potentially correlated with distances
from consumers to sellers. This means that the joint estimation of #; and 05 requires an instrument for
distance, which may be difficult to obtain in practice.'®

We use aggregate (product-level) data on sales, prices, and other product characteristics, combined with
micro (individual-specific) data on purchases and search behavior. In the first step of the procedure, we
estimate (J;,62) by generalized method of moments (GMM) using three sets of moments. The first set of
moments relates demographic information to buying decisions and is useful for estimating the parameters
that capture consumer heterogeneity in the utility function (&, IT, and ¥). The second set of moments relates
demographic information to search decisions, which allows us to estimate the search parameters of the model
(). We estimate &; by using a third set of moments that match the observed market shares to the model’s
predicted market shares. Finally, in a second step we use the Sj’s estimated in the first step to estimate «

and 8 by two-stage least squares, using cost shifters as instruments for price.

3.2 Moments and GMM estimation

In this section, we describe how we compute the moments we use for estimation. We use aggregate and micro
moments. As shown by Berry et al. (2004), the aggregate moments (G3(-) below) can be used to concentrate
out § from the GMM objective function, which decreases the dimensionality of the GMM minimization
problem, since we then only have to search over the nonlinear parameters 65. Specifically, for given 65, we
can obtain ¢ as the vector that sets the difference between the observed market shares and the predicted
market shares equal to zero. For this we use the result in Berry (1994) and BLP that § can be computed

as the unique fixed point of a contraction mapping. The fact that this mapping is also a contraction in our

19Since dealers may prefer to locate in areas where there is most demand for their cars, distances from consumers to car
dealers are potentially correlated with unobserved quality differences captured by £. In an earlier version of this paper we did
jointly estimate 61 and 62 using variables that relate to the cost of operating a dealership (variation in property values and
local taxes) as instruments for distance from consumers to dealerships.
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search model follows from the fact that the first order derivatives of the market shares with respect to the
unobserved characteristics have the same form as in BLP (see Appendix E for more details).?° Since the
predicted market shares cannot be computed directly, we follow BLP and most of the subsequent literature
in estimating these using Monte Carlo methods. Specifically, we jointly draw income y;, the demographic
characteristics used in D; and ¢, and the standard normal variables used in v; and ¢;; of, say, ns consumers
from regional demographic data provided by Statistics Netherlands (see Section 4.1 for details), and then
compute s;; for each simulated consumer ¢ = 1,...,ns. This means in practice we compute 9 as the vector
that sets the difference between the observed market shares and the Monte Carlo estimator of the predicted

market shares, i.e.,
ns

S obs 1
G3(9275) = Sjb T s Zs’ijv (18)
1=1

equal to zero, where s;; in this moment is given by equation (14).

In order to describe the computation of the moments that relate demographic information to buying
decisions in the micro data, it is useful to introduce some notation. Suppose in the micro data we observe
the demographic characteristics and purchase decisions of N consumers. We follow Petrin (2002) in using

moments based on the following type of conditional expectations:

E|1{a; € T}|D{ € Ry], k=1,2 where R ={Ry,Rs}. (19)
In this expression, 1{a; € T} is an indicator for the event that consumer ¢ € {1,..., N} makes choice
a; € {0,1,...,J} from a certain group