
Estimation of Search Costs∗
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Abstract
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sion and consumer search. We then argue that optimal design of competition policy
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1 Introduction

Since the seminal article of Stigler (1961) on the economics of information, a great deal

of theoretical and empirical work has revolved around the existence of price dispersion in

homogeneous product markets. The theoretical work, probably inspired by Rothschild’s

(1973) criticism on Stigler’s partial-partial equilibrium approach, first focused on finding a

rationale for price dispersed equilibria. In later work, researchers focused on the properties

of markets with search costs, including how prices and price dispersion depend on market

characteristics like the height of search costs or the number of firms. The early empirical

work focused on documenting the scope of price dispersion, in particular in markets for goods

that are seemingly standardized; in later work, applied economists tried to test some of the

predictions obtained from consumer search theory. We will explain in some detail a number

of important theoretical and empirical contributions to the consumer search literature in

Section 2.

In spite of the relatively large body of theoretical and empirical work, somewhat surpris-

ingly, very little attention has been given to the identification and measurement of search

costs in real-world markets. We will argue that this is a serious omission in Section 3. The

reason is that the predictions of various theoretical models are quite sensitive to the details

of the search cost distribution. As a matter of fact, competition policy recommendations

might depend on the nature of search costs. As a result, there is a need to develop methods

to quantify the search cost distribution. Later in the section, we will review the emerging

empirical literature trying to cover this gap by providing methods to identify and estimate

search costs. In Section 4, we will offer some concluding remarks.

2 Related literature

Stigler’s seminal article spawned a great deal of theoretical work that focused on finding

conditions under which price dispersed equilibria can be sustained in markets for homoge-

nous goods. Following his ideas, an explanation that gained interest quickly was based on
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consumer costly search.1 Some authors considered sequential consumer search, i.e., a search

strategy by which a consumer decides in a initial stage whether to observe a first price or

not and then, after seeing the first price, whether to continue searching or not, and so on.

Reinganum (1979) presents a simple model of sequential consumer search where a contin-

uum of firms with heterogeneous costs quotes prices to consumers. Consumers engage in

costly sequential search to discover prices. Reinganum proves that an equilibrium with price

dispersion can be sustained whenever consumers hold elastic demands; in equilibrium each

firm’s profit-maximizing price is a constant markup over its cost and this induces a distrib-

ution of prices in the market. In Reinganum’s model the source of price dispersion was thus

marginal cost heterogeneity across firms.

Stahl (1989) also studied a model of sequential consumer search but his explanation for

price dispersion relied on consumer search costs variation. In his model, some consumers

search at no cost while others have positive search costs. In equilibrium, firms randomize

their prices in an attempt to appeal to both types of consumers and positive search cost

consumers do not search. One of the most interesting results in his paper is that entry of

firms is anti-competitive. As expected, increases in search costs lead to higher prices. Stahl

makes the assumption that consumers obtain the first price quotation for free. Janssen,

Moraga-González and Wildenbeest (2005) show that when sequential search is truly costly,

an equilibrium need not involve full consumer participation. If this is the case, somewhat

counter-intuitively, then search cost increases can lead to price reductions.

Burdett and Judd (1983) were the first to show that price dispersion can arise in a model

with no ex-ante heterogeneity whatsoever. The key assumption is that consumers search non-

sequentially. Under non-sequential search a consumer decides once and for all how much to

search. This search procedure differs from sequential search in that the consumer does not

condition his/her decision to continue searching or not on the outcome of previous searches.2

1The literature has offered at least three other explanations for price dispersion in homogeneous product
markets. One, price dispersion arises in models where firms engage in costly price advertising (see Butters,
1977; Stahl, 1994). Two, price dispersion is also an equilibrium phenomenon in “clearinghouse models”, i.e.,
where some consumers gain access to a list of prices and others do not (e.g., Varian, 1980; Rosentahl, 1980;
Salop and Stiglitz, 1977; Baye and Morgan, 2001). Three, price dispersion arises in Bertrand competition
models with unknown costs of production (Spulber, 1995).

2Non-sequential search is also called fixed-sample-size search in the literature. Morgan and Manning
(1984) show that optimal search strategies are typically a hybrid of sequential and non-sequential.
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Burdett and Judd show that an equilibrium must necessarily involve consumer randomization

so that, ex-post, some consumers observe one price quotation and some consumers observe

two price quotations. As a response to such consumer behavior, firms find it optimal to

mix in prices so price dispersion materializes in equilibrium. Janssen and Moraga-González

(2004) also study non-sequential search but their focus is on how search intensity and the

equilibrium price distribution depend on the number of firms in the market. They find that

the effects of entry on search behavior, expected prices, price dispersion and welfare are

sensitive to the status quo number of firms. For example, more firms around results in more

intensive search and lower prices when the number of competitors in the market is low to

begin with, but in less search and higher prices when the number of competitors is large.

The theoretical literature on consumer search is by now extensive and the reader is

referred to McMillan and Rothschild (1994) for a survey. In more recent research, search

costs have been proven to have a bearing on an array of other issues, including wage and

technology dispersion (Burdett and Mortensen, 1997; Acemoglu and Shimer, 2000), excessive

product diversity (Anderson and Renault, 2000; Wolinsky, 1984), inefficient investments

(Wolinsky, 2005), asymmetric price-cost adjustments (Lewis, 2003), and the likelihood of

different price institutions (Bester, 1994).

The early empirical work focused first on documenting the existence of price dispersion

in homogeneous product markets, and second on explaining it on the basis of consumer

search. Stigler (1961) provided himself a couple of examples, one on 27 prices for Chevrolets

in the Chicago area and another on 14 prices for anthracite coal delivered in Washington. In

his own words, “in both cases the range of prices was significant on almost any criterion.”

As a matter of fact, the coefficient of variation for the Chevrolets was 1.72 while that for

anthracite was 6.8.

Marvel (1976) is one of the first studies of price dispersion in retail markets; using gasoline

pump prices collected by US officials for use in preparation of the Consumer Price Index,

he found that price ranges vary significantly across cities, more than what could reasonably

be attributed to differences in market structures and taxes across cities. Pratt, Wise and

Zeckhauser (1979) made perhaps the earliest systematic documentation of price dispersion

in seemingly competitive markets. The authors compiled a sample of 39 randomly chosen
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products from the Yellow Pages in the Boston area. Prices for these goods were collected

by making phone calls to the list of sellers that appeared in the phone directory. For all

products, they found substantial price differences, being the maximum price over twice the

lowest price for 18 of the 39 items.

Carlson and Pescatrice (1980) tested one of Stigler’s propositions that goods that are

frequently purchased should have smaller price differentials as compared to goods more

seldomly bought. The statement was borne out by their data. Dahlby and West (1986)

studied the prices of automobile insurance in Alberta (Canada) from 1974 to 1981. They

concluded that observed price dispersion could be based on costly consumer search. In

particular, they found that insurance premiums are less dispersed in driver classes where

search intensity is likely to be high. Van Hoomissen (1988) studied prices for 13 goods

sold in Israel from 1971 to 1984. She argued that actual or perceived differences in stores’

quality, location, after-sale service, etc. could not explain price differentials across outlets

in these markets so she concluded that price dispersion in her sample was strongly based on

the existence of an unequal distribution of information in the market, which is consistent

with search theory. More recently, Sorensen (2000), in a study of a market for prescription

drugs, also presents evidence that mean prices and price dispersion are sensitive to the

characteristics of the drug therapy in the way search theory suggests. In particular, mean

prices and price dispersion of long (multi-month) prescriptions are lower than those of regular

drug therapies because the incentives to search for prices in the former category of goods are

larger than in the later.

Consumer search models have produced price dispersion based on pure-strategy equilibria

or price dispersion based on mixed strategy equilibria. Some authors have argued that if

price dispersion is permanent, pure-strategy equilibria cannot be the explanation for it.

This is because if some stores permanently charge lower prices than other stores, as it would

happen in a pure-strategy equilibrium, consumers would learn which stores offer discounts

and therefore the persistence of price dispersion would not sustain. By contrast, if observed

price dispersion is the result of firms playing mixed strategies, then consumers would not

be able to learn too much from experience. This is simply because by the time a consumer

returns to a shop the information he/she might have collected has probably expired. In this
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situation, price dispersion is expected to persist over time.

To the best of my knowledge, Lach (2002) was the first to study the persistence and the

nature of price dispersion over time. He argued that price dispersion based on pure-strategy

equilibria could not be what we observe in real-world markets. Using a data set of prices of

four homogeneous goods (chicken, coffee, flour and a refrigerator) sold in Israel from January

1993 to June 1994, Lach found that price dispersion exists and prevails over time. Further,

he noticed that the position of a typical store in the price ranking changed up and down so

knowledge of a store’s price position in a given month was not useful to predict the store’s

price position 6 months later. As a result, he concluded that consumers learning about which

stores have consistently low prices is rather limited so the data seems to be consistent with

stores’ use of mixed strategies.

With the arrival of the Internet, the collection of price data in online markets has become

quite easy. As a result, studies of price competition in electronic markets have proliferated.

One of the most researched themes is the impact of the Internet on competitiveness. The

Internet, supposedly, reduces search costs significantly, so several authors have tried to trace

out its effects from price data. The results of these studies are somewhat mixed. Researchers

do not seem to agree on whether competition has weakened or strengthened with the intro-

duction of the Internet. In fact, concerning price levels in electronic markets, some studies,

for instance Bailey’s (1998) on books and CDs, find that they are higher than correspond-

ing prices in conventional markets. Other analyses on book markets, namely, Friberg et

al. (2000) and Clay et al. (2000a), report that prices in on-line and physical stores are

similar. Finally, Brynjolfsson and Smith (1999) in a study on books and CDs find lower

prices in electronic markets. In the market for life insurance policies, Brown and Goolsbee

(2000) argue that there is no evidence that Internet usage reduced prices before comparison

websites emerged and proliferated. On price dispersion, the effect of moving markets on-line

also seems to be ambiguous empirically.
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3 Estimation of search costs

In spite of the large body of theoretical and empirical work, somewhat surprisingly, very little

attention has been given to the identification and measurement of search costs in real-world

markets. From a practical point of view, this is a serious omission because the predictions of

the various theoretical models are quite sensitive to the details of the search cost distribution.

For example, in Janssen and Moraga-González (2004) mergers of firms may increase prices

and price dispersion if the cost of search is high; otherwise they lead to lower prices. From

this observation it follows that competition policy recommendations might depend on the

nature of search costs; as a result, there is a need to develop methods to quantify the search

cost distribution.

At the time of writing this survey, to the best of our knowledge, there are only three

papers dealing with this issue.3 Hong and Shum (forthcoming) were the first to develop a

structural methodology to retrieve information on search costs. They focus on markets for

homogeneous goods, with sequential as well as with non-sequential search. One of their main

messages is that price data alone may suffice for the estimation of search cost parameters.

Since data on market shares are often hard to obtain, this finding is of great importance.

Moraga-González and Wildenbeest (2006) extend the approach of Hong and Shum to the

oligopoly case, arguably a more relevant market structure when it comes to antitrust ap-

plications, and they provide a maximum likelihood estimate of the search cost distribution.

Hortaçsu and Syverson (2004) show that when price and quantity data are available, this

methodology can be extended to industries where search frictions coexist with (vertical)

product differentiation.

In the remainder of this section, we will describe these contributions in some more de-

tail. Hong and Shum (forthcoming) examine two distinct models of firm competition under

consumer search. In their first model consumers search non-sequentially while in their sec-

ond model consumers search sequentially. We concentrate here on the nonsequential search

model of Hong and Shum because Hortacsu and Syverson (2004) also consider a model with

3To be sure, Sorensen (2001) also tries to estimate search costs but he uses a model of consumer choice
where the supply side is exogenous.

7



sequential consumer search and we will discuss it later.

3.1 A model of non-sequential search and oligopolistic pricing

The model of Hong and Shum (forthcoming) generalizes the non-sequential consumer search

model of Burdett and Judd (1983) by adding consumer search cost heterogeneity. The

details of the model are as follows. Assume there are infinitely many retailers selling a

homogeneous good with a common unit selling cost denoted by r. There is a very large

number of consumers; assume that the number of consumers per firm is µ. Consumers hold

inelastic demands, i.e., each buyer demands one unit of the good or nothing. All consumers

place the same value on the good, denoted p. Consumers obtain the first price quotation

for free but further price information only comes at a search cost c per price quote. Buyers

differ in their search costs. Assume that the cost of a consumer is randomly drawn from a

distribution of search costs Fc(c). A consumer with search cost c sampling ` firms incurs a

total search cost `c.

Denote the symmetric mixed strategy equilibrium by the distribution of prices Fp(p),

with density fp(p). Let p and p be the lower and upper bound of the support of Fp(p). Given

firm behavior, the number of prices i(c) a consumer with search cost c observes must be

optimal, i.e., it must be the solution to the problem of minimizing the total pay for the item:

i(c) = arg min
i>1

c(i− 1) +

∫ p

p

ip(1− Fp(p))i−1fp(p)dp. (1)

Since i(c) must be an integer, the problem in equation (1) induces a partition of the set of

consumers into subsets of size qi, i = 1, 2, ...,∞, with
∑∞

i=1 qi = 1; thus, the number qi is the

fraction of buyers sampling i firms.

This partition is calculated as follows. Let Ep1:i be the expected minimum price in a

sample of i prices drawn from the price distribution Fp(p). Then

∆i = Ep1:i − Ep1:i+1, i = 1, 2, ...,∞ (2)

denotes the search cost of the consumer indifferent between sampling i prices and sampling
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i+1 prices. Note that ∆i is a decreasing function of i. Using this, the fractions of consumers

qi sampling i prices are simply

q1 = 1− Fc(∆1); (3)

qi = Fc(∆i−1)− Fc(∆i), i = 2, 3, ...,∞. (4)

Given consumer search behavior it is indeed optimal for firms to mix in prices. The upper

bound of the price distribution must be p because a firm which charges the upper bound

sells only to the consumers who do not compare prices (consumers in q1), who would also

accept p. The equilibrium price distribution follows from the indifference condition that a

firm should obtain the same level of profits from charging any price in the support of Fp(p),

i.e.,

(p− r)

[
∞∑
i=1

iqi(1− Fp(p))i−1

]
= q1(p− r). (5)

From equation (5) it follows that the minimum price charged in the market is

p =
q1(p− r)∑∞

i=1 iqi

+ r. (6)

Hong and Shum (forthcoming) show how to use equations (2) to (6) to estimate the search

cost distribution using only price data. This is certainly good news given the fact that

quantity information is often very hard to obtain.

The first problem one encounters when taking the model to data is that, typically, there

is a finite number of firms operating in a market. Suppose one observes N firms selling the

product in a market, and the prices they charge. Let F̂p(p) be the empirical distribution of

prices. Ordering the prices in ascending order we have

p = p1 < p2 < ... < pN = p (7)

Let K be the maximum number of firms sampled by a consumer (in principle, one would
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expect that K should be equal to N). Then the indifference condition (5) becomes

(pj − r)

[
K∑

i=1

iqi(1− F̂p(pj))
i−1

]
= q1(p− r), j = 1, 2, ..., N − 1. (8)

Using the observed prices, these equations can be used to obtain estimates of the para-

meters {q1, q2, ..., qK} of the price distribution. For example, if one knows the marginal cost

of the firms, then using the fact that qK = 1−
∑K−1

i=1 qi, the expressions in (8) form a system

of N − 1 equations that can be used to estimate (by OLS) the rest of the unknowns of in-

terest in the price distribution, namely, {q1, q2, ..., qK−1}. Alternatively, if we don’t know the

marginal cost r, then we can isolate it from the equation in (8) obtained when j = 1, which

gives r = (p
∑N

i=1 iqi−q1p)/
∑N

i=2 iqi, and plug it into the rest of the equations in (8). In this

case we lose one equation so we need to assume that K ≤ N−1 and use the N−2 equations

left in (8) to estimate (by non-linear least squares) the parameters {q1, q2, ..., qK−1}.

Hong and Shum proceed differently and formulate the estimation of the parameters of the

price distribution as an empirical likelihood problem. They argue that once the estimates of

the qi’s are obtained, one can use the empirical distribution of prices in (2) to get the cut-off

points ∆i. The collection of points {∆i, qi} yields an estimate of the search cost distribution,

which can be constructed by using some interpolation method. This way, their estimate of

the search cost distribution is a hybrid of empirical likelihood and kernel nonparametric for

the cutoff points.

To obtain minimum variance estimates, Moraga-González and Wildenbeest (2006) have

proposed a maximum likelihood estimation method. Their procedure has the advantage

that the asymptotic theory for computing the standard errors of ∆i and for conducting

tests of hypotheses remains standard. To estimate the search cost distribution by maximum

likelihood, we rewrite ∆i as a function of the ML estimates of the parameters of the price

distribution. To do this, we first rewrite the cut-off points as (by integration by parts)

∆i =

p∫
p

Fp(p)(1− Fp(p))idp, i = 1, 2, . . . , N − 1. (9)

10



Using the inverse of the price distribution

p(z) =
q1(p− r)∑N

i=1 iqi(1− z)i−1
+ r. (10)

a change of variables in equation (9) yields:

∆i =

1∫
0

p(z)[(i + 1)z − 1](1− z)i−1dz, i = 1, 2, . . . , N − 1. (11)

If we obtain ML estimates of r, p, p and qi, i = 1, 2, . . . , N, then we can use equations (10)

and (11) to calculate ML estimates of the cut-off points of the search distribution so we

obtain a ML estimate of the search cost distribution Fc(c).

We now discuss how to estimate r, p and qi, i = 1, 2, . . . , N by maximum likelihood,

assuming that only price data are available. Since the price density cannot be obtained in

closed form, we apply the implicit function theorem to equation (5), which yields

fp(p) =

∑N
i=1 iqi(1− Fp(p))i−1

(p− r)
∑N

i=1 i(i− 1)qi(1− Fp(p))i−2
. (12)

Moraga-González and Wildenbeest (2006) assume the researcher observes the prices firms

charge over some period of time. Let {p1, p2, . . . , pM} be the vector of observed prices.

Without loss of generality, let p1 < p2 < . . . < pM . Following Kiefer and Neumann (1993)

we take the minimum price in the sample p1 and the maximum one pM to estimate the

lower and upper bounds of the support of the price distribution p and p, respectively. These

estimates of the bounds of the price distribution converge super-consistently to the true

bounds. Using the estimates of p and p, equation (6) can be solved to obtain the marginal

cost r as a function of the other parameters:

r =
p1

∑N
i=1 iqi − q1pM∑N

i=2 iqi

. (13)
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We then can solve the maximum likelihood estimation problem

max
{qi}N

i=1

M−1∑
`=2

log fp(p`; q1, q2, ..., qN) (14)

s.t.
N∑

i=1

qi = 1, (8) and (13), (15)

numerically, which yields the desired ML estimates.45

Moraga-González and Wildenbeest (2006) apply their method to a data set of prices for

four personal computer memory chips. Prices were obtained from cnet.com, an American

web-based search engine.6 For all the products, observed price dispersion, measured by the

coefficient of variation, was significant. To give an idea of the extent of price dispersion,

on average, relative to buying from one of the firms at random, the gains from being fully

informed in these markets are sizable, ranging from 21.56 to 32.89 US dollars. Their estimates

of the parameters of the price distribution yield an interesting finding: consumers either

search for all prices in the market (between 4% and 13% of the consumers) or search very

little, namely for at most three prices. Almost no consumer searches for an intermediate

number of prices. The search cost distribution consistent with these estimates implies that

consumers have either quite high or quite low search costs. The estimates suggest that the

search cost of consumers who sample all prices in the market is at most 17 US dollar cents.

Given that quite a few consumers search so little, buyer behavior must confer a significant

amount of market power to the firms. Their estimates of the average price-cost margins range

between 23% and 28%. Note that these price-cost margins are quite high from the perspective

that there were more than 20 firms quoting prices in each of the markets studied. Moraga-

González and Wildenbeest (2006) conduct Kolmogorov-Smirnov tests of the goodness of

4Note that since the estimate of r is obtained from equation (13) as a function of the estimates of the
other parameters, this procedure introduces some dependence between the price observations. This is not
a problem because the upper and lower bounds of the price distribution converge to the true values at a
super-consistent rate.

5The standard errors of the estimates of qi, i = 1, 2, . . . , N − 1 can be calculated by taking the square
root of the diagonal entries of the inverse of the negative Hessian matrix evaluated at the optimum. The
standard error of the estimate of qN can be calculated using the Delta method and the same applies to the
standard errors of the estimates of the marginal cost r and the ∆i’s.

6Non-sequential search is not perhaps the most appropriate search protocol to describe search on the
Internet. Nonetheless, the model fits the data pretty well.
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fit to check the validity of the theoretical model. According to their test results, the null

hypothesis that price data are generated by the model cannot be rejected. This implies

that the non-sequential search model works quite well when it comes to predicting prices in

markets for homogeneous goods.

3.2 A model of sequential search and oligopolistic pricing

Hortacsu and Syverson (2004) propose a model of sequential consumer search to study search

costs and price dispersion in the mutual fund industry. In their model, consumers are

all identical except in search costs, which are drawn from a common distribution G(c).

Consumers search sequentially, i.e., a consumer decides in a initial stage whether to observe

a first price or not and then, after seeing the first price, whether to continue searching or not,

and so on. Depending on the assumptions made, sequential search may make computations

quite complicated; to make things relatively accessible, they assume that consumers search

with replacement and, more importantly, that consumers know the distribution of realized

utilities before any search is actually conducted.7

In their model, there are N firms offering vertically differentiated products. All firms

produce with a constant returns to scale technology but firms’ unit costs need not be the

same. They assume that observed prices and quantities are the outcome of Nash equilibrium

strategies: that is, an individual firm sets its price to maximize profits, taking other firms’

prices as well as consumer search behavior as given. Likewise, consumers continue searching

till the expected gains from search fall short of search costs.

Let the consumer’s utility from buying good j at price pj be

uj = Wjβ − pj + ξj (16)

where Wj denotes a vector of observable product attributes and ξj denotes an unobservable

(by the econometrician) attribute.

A consumer’s decision is a stopping rule. Consider a consumer i who has found so far

7This assumption is somewhat dubious because it assumes that consumers have a lot of information
without having yet engaged in actual search.
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a good providing utility u∗. Let H(u) be the distribution of product utilities, with support

[u, u]. Then buyer i’s optimal search rule implies to continue searching as long as

ci ≤
∫ u

u∗
(u− u∗)dH(u) (17)

Assuming that consumers know the empirical distribution of utilities offered in the mar-

ket, we can, without loss of generality, order the utilities offered by the different goods as

follows: u1 < u2 < u2 < ... < uN . Then the empirical distribution of product utilities is

H(u) =
1

N

N∑
j=1

I{uj ≤ u} (18)

Consider a consumer who has sampled product j. This consumer will continue searching

if cj ≤
∑N

k=j k(uk − uj)/N. Therefore we can find the search cost of that consumer who is

indifferent between stopping searching and searching further once he/she has found product

j. This reasoning gives us N cut-off points of the search cost distribution

cj =
N∑

k=j

1

N
(uk − uj), j = 1, 2, ..., N (19)

If the econometrician observed utilities, we could compute these cutoff points directly. How-

ever, in general, the researcher ignores utilities.8

In what follows we show how Hortacsu and Syverson use prices and market shares to

estimate the search cost distribution. First, we show how quantities identify the height of

the search cost distribution at the critical points {cj}N
j=1; then, we describe how to estimate

these critical points.

Consider the firm offering the lowest utility product: product 1. The market share of

this firm is given by those consumers who happen to find product 1 at first and who happen

8There is one case where we can use this equation to calculate the cutoff points directly: the homogeneous
goods case. In that case utility from product j equals v− pj so we have cj =

∑N
k=j

1
N (pk − pj) and then we

can calculate the cj ’s from observed prices.
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not to find worthwhile to continue searching. Therefore:

q1 =
1

N
(1−G(c1)) (20)

For product 2 demand is made up of consumers whose search cost is above c1 and find

product 2 in their first search, plus consumers whose search cost lies in between c2 and c1

and happen to visit firm 2 at first, or visit firm 2 after sampling first firm 1, or visit firm 2

after sampling firm 1 two times, or three times and so on. Therefore:

q2 =
1

N

[
1−G(c1) +

(
1 +

1

N
+

1

N

1

N
+ ...

)
(G(c1)−G(c2))

]
(21)

=
1

N

[
1 +

1
N

G(c1)

1− 1
N

− G(c2)

1− 1
N

]
(22)

And so on and so forth, for product j we get:

qj =
1

N

[
1 +

1
N

G(c1)

1− 1
N

+
1
N

G(c2)

(1− 1
N

)(1− 2
N

)
+

j−1∑
k=3

1
N

G(ck)

(1− k−1
N

)(1− k
N

)
− G(cj)

(1− j−1
N

)

]
(23)

j = 3, 4, ..., N .

If we observe market shares q1, q2, ..., qN we can use the above linear system of equations

to estimate (by OLS) the heights of the search cost distribution evaluated at the cutoff points

cj’s, i.e., {G(c1), G(c2), ..., G(cN−1)}.

Due to the fact that we have truly differentiated products, we need to use firms’ optimal

pricing decisions to identify the cutoff points cj’s. Taking the first order conditions, we get

qj(·) + (pj −mc)
∂qj

∂pj

= 0 (24)

where

∂qj

∂pj

= −
( 1

N
)3g(c1)

1− 1
N

−
( 1

N
)3g(c2)

(1− 1
N

)(1− 2
N

)
−

j−1∑
k=3

( 1
N

)3g(ck)

(1− k−1
N

)(1− k
N

)
−

( 1
N

)N−j+1g(cj)

1− j−1
N

(25)

j = 1, 2, ..., N .

15



Assuming that we know the unit cost of the firms, and assuming a value for g(cN) = g(0)

(the density at zero search costs), the first order conditions in (24) constitute a linear system

of equations that can be used to estimate (by OLS) the density of the search cost distribution

evaluated at the cutoff points cj’s, i.e., {g(c1), g(c2), ..., g(cN−1)}.

Once we have the cdf and pdf values G(cj)’s and g(cj)’s, we can calculate the cutoff

points cj’s as follows. Note that

G(cj−1)−G(cj) =

∫ cj−1

cj

g(c)dc (26)

which can be approximated by the trapezoid method:

G(cj−1)−G(cj) =
1

2
[g(cj−1) + g(cj)](cj−1 − cj) (27)

so we get

cj−1 − cj =
2G(cj−1)−G(cj)

g(cj−1) + g(cj)
(28)

Once we have got the cutoff points cj’s and the heights G(cj)’s, we can construct an estimate

of the search cost distribution by spline interpolation.

Interestingly, after we have obtained the cutoff points cj’s, using the expression

cj =
N∑

k=j

1

N
(uk − uj), j = 1, 2, ..., N (29)

we can estimate non-parametrically the utilities uj’s. Finally, using the estimate of the util-

ities, the coefficients of the observable characteristics can be estimated from the regression:

uj + pj = Wjβ + ξj (30)

Hortacsu and Syverson (2004) apply the estimation methods described above to a data

set of prices and quantities for S&P 500 index funds. Price dispersion in the mutual fund

industry and in the S&P 500 index funds in particular is significant; for example, in 2000 the

highest-price fund charged annualized fees nearly 30 times higher than the lowest-price fund.
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As argued by Hortacsu and Syverson, all funds in this sector try to imitate the financial

performance of the S&P 500 index. As a result, price dispersion should not be the result of

portfolio differentiation but differentiation in other attributes.

Their results confirm that relatively low search costs and vertical product characteristics

play an important role in explaining the large variation in observed prices. Further, their

estimates of the search cost distributions suggest that consumers’ search costs have changed

over time, in particular, search costs have fallen in the lower three quartiles of the distribution

and increased in the upper quartile during the period 1996-2000. Hortacsu and Syverson

argue that this might have been due to the change in the relative composition of demand

driven by entry of many novice mutual fund investors during the period under study.

4 Conclusions

Theoretical work on consumer search suggests that meaningful competition policy measures

(such as the challenge of a merger, the introduction of price controls or, more generally, the

liberalization of a market) in environments where search costs are important must be based

on accurate and reliable information on search costs. This leads to the question how to

identify and estimate consumer search costs.

This paper has surveyed the recent work on search cost estimation using demand and

supply equilibrium models. An important feature of estimated demand and supply models is

that one can easily simulate counterfactuals, which helps design optimal competition policy

measures. It has been shown that in homogeneous product markets, price information suffices

to estimate search costs. In markets with (vertical) product differentiation, by contrast, a

combination of price and quantity data are required. In spite of the fact that the models

discussed here are relatively simple, they seem to explain the data relatively well.

Firm interaction in real-world markets involves a number of interesting features not ac-

counted for in the models considered here. For example, in real-world markets we observe

marginal cost heterogeneity, heterogeneous consumer valuations, multi-product firms, dy-

namic interaction, etc. Further research should extend the models presented here in those

directions.
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