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for all the stores.18 Another reason is that shipping costs and sales taxes depend on the state

in which the consumer lives, which makes it difficult to compare total prices. However, for

robustness purposes, we estimated the model neglecting sales taxes but using the shipping

costs as if we were living in New York. Since a store not providing shipping cost information

cannot be considered to ship for free (otherwise they would announce it as a promotional

strategy), we attributed average shipping costs to the missing values. The qualitative nature

of the results did not change.

Some of the variation in prices may be due to store differentiation. Consumers might view

some stores more appealing than others and base this view on observable store characteristics

like firm reputation, return policies, stock availability, order fulfillment, payment methods,

etc. Unfortunately, we do not have information on all of these indicators. But we do have

information on whether the item was in stock or not, on whether firms disclosed shipping

cost on shopper.com or not and on the CNET certified ranking of a store, which is a store

quality index computed by CNET on the basis of consumer feedback. To see the impact of

these (observable) variables on the prices of each memory chip in our data set, we estimated

the following model:

PRICEjt = β0 + β1 · RATINGjt + β2 · SHIPjt + β3 · STOCKjt + εjt, (13)

where, for each product, PRICEjt is the list price of store j in week t, RATINGjt is the

CNET certified ranking of store j in week t, SHIPjt is a dummy for whether shop j disclosed

shipping cost in week t, and STOCKjt is a dummy for whether shop j had the item in stock

in week t. We estimated equation (13) by OLS. The resulting R-squared values indicate that

only between 6% and 17% of the total variation in prices can be attributed to observable

differences in store characteristics.19 This suggests that the rest of the price variation can

18Actually stores may choose to report blank in the shipping and handling cost field of the price feed form.
As a result, shopper.com reports “See Site” in the shipping and handling column for that particular store.

19For all memory chips, the OLS estimates of the coefficient of SHIPjt are negative and highly significant.
The estimates of the coefficient of RATINGjt are positive and significant on a 1% level for the KTDINSP8200
chip, significant on a 10% level for the KTT3614 and KTD4400 chips and not significant for the KTD8300
chip. The coefficient of STOCKjt was not significant for any of the products, but this could be due to
the lack of variation of this variable in our data (upon reporting on shopper.com, almost all stores had the
product in stock).
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be due to strategic price setting in the presence of search costs.

One could argue that differences in marginal costs between the stores, or unobserved

heterogeneity across shops (e.g. branding) play an important role in explaining the prices.

In principle, this can be tested by adding firm dummies to equation (13). However, doing this

is not very meaningful here because, as argued above, for some stores we do not observe much

variability in the prices they charge over time. Including store dummies in the regression

equation would lead to significant dummies but we would not be able to distinguish whether

this is because of the short period of data gathering or because of unobserved heterogeneity

between stores. Moreover, the finding that quite a few stores do change their price often

and also that store rankings change from week to week already gives an indication that store

heterogeneity cannot be the most important factor in explaining price setting behavior.

5.2 Estimation results

The estimation results for the four different memory chips are presented in Table 5. An

interesting observation is that even though the products differ in their characteristics, the

estimates are quite similar across memory chips. This suggests that the consumers acquiring

these products have similar search cost distributions.

KTT3614 KTDINSP8200 KTD4400 KTD8300
p 115.00 109.20 96.00 102.00

v 208.90 200.50 170.50 182.50
N 25 24 24 23
M 179 174 174 162
q1 0.22 (0.05) 0.29 (0.04) 0.24 (0.05) 0.30 (0.04)
q2 0.39 (0.15) 0.58 (0.02) 0.68 (0.01) 0.66 (0.03)
q3 0.31 (0.14) 0.00 0.00 0.00
q4 0.00 0.00 0.00 0.00
.
..

.

..
.
..

.

..
.
..

qN−1 0.00 0.00 0.00 0.00
qN 0.08 (0.07) 0.13 (0.05) 0.09 (0.05) 0.04 (0.01)
r 109.69 (1.43) 103.15 (0.84) 90.91 (1.16) 90.55 (1.91)
LL 715.42 677.81 644.64 616.39
KS 0 0 0 0
Notes:
Estimated standard errors in parenthesis. KS = 0 indicates that the
null hypothesis that both distributions (empirical and estimated price
cdf) are the same cannot be rejected.

Table 5: Estimation results

The estimates of the share of consumers who search once, q1, range from 22% to 30%
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and are all highly significant.20 These consumers do not compare prices and thus confer

monopoly power to the firms. Firms compete for the rest of the consumers, who happen to

search for 2 or 3 prices or for all the prices in the market. In particular, the estimates of

q2 range from 39% for the KTT3614 memory chip to 68% for the KTD4400 chip and are

highly significant as well. The KTT3614 has also a sizable share of consumers comparing

three prices, about 31%. For all the products, the estimates of parameters q4 till qN−1 are

all approximately zero. Finally, the estimates of the fraction of consumers comparing all the

prices in the market, qN , range from 4% to 13% and are, except for the KTD3614 memory

chip, significant at a 5% level.21

These results suggest a clear picture of consumer search costs. The entire consumer

population can roughly be grouped into three subsets: buyers who do not search, buyers

who compare at most three prices and buyers who compare all the prices in the market.

This is consistent with the view that consumers have either quite high search costs or quite

low search costs.

The estimated cut-off points of the search cost distribution, ∆i, with corresponding stan-

dard errors are presented in Table 6. All the cut-off points are highly significant and notice

again that there is very little variation in the estimates across products. The estimated

critical search cost values in combination with the estimated shares of consumers searching

i times allow us to construct estimates of the search cost distributions underlying firm and

consumer behavior.

Figure 5 gives the estimated cumulative search cost distributions for the four memory

chips. For example for the KTT3614 memory chip we see that around 22% of the consumers

have search costs higher than 12.26 US dollars; these costs are so high that these consumers

only search once in equilibrium. Around 70% of the consumers have search costs in between

2.21 and 12.26 US dollars and for these consumers it is worth to search 2 or 3 times. Finally,

around 8% of the buyers have search costs that are at most 9 dollar cents; these costs are

so low that these buyers check the prices of all vendors. In sum, these estimates imply that

20To be able to calculate the standard errors, we deleted the columns and rows of the Hessian for which
the corresponding parameter estimates were zero.

21In a study of the consumer click-through behavior online, Johnson et al. (2004) also point out that many
consumers search quite little.
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KTT3614 KTDINSP8200 KTD4400 KTD8300
∆1 12.26 (1.42) 10.94 (0.28) 8.34 (0.47) 9.76 (0.28)
∆2 4.41 (1.19) 4.25 (0.27) 2.91 (0.32) 3.49 (0.17)
∆3 2.21 (0.81) 2.37 (0.20) 1.50 (0.20) 1.78 (0.10)
∆4 1.34 (0.58) 1.59 (0.16) 0.96 (0.14) 1.10 (0.07)
∆5 0.92 (0.44) 1.19 (0.13) 0.69 (0.11) 0.77 (0.05)
∆6 0.68 (0.35) 0.94 (0.11) 0.54 (0.09) 0.58 (0.04)
∆7 0.53 (0.29) 0.78 (0.09) 0.44 (0.07) 0.46 (0.03)
∆8 0.43 (0.24) 0.67 (0.08) 0.37 (0.06) 0.38 (0.02)
∆9 0.36 (0.21) 0.58 (0.07) 0.32 (0.06) 0.32 (0.02)
∆10 0.31 (0.18) 0.51 (0.06) 0.28 (0.05) 0.28 (0.02)
∆11 0.27 (0.16) 0.45 (0.06) 0.24 (0.04) 0.24 (0.02)
∆12 0.24 (0.15) 0.41 (0.05) 0.22 (0.04) 0.22 (0.01)
∆13 0.21 (0.13) 0.37 (0.05) 0.20 (0.04) 0.19 (0.01)
∆14 0.19 (0.12) 0.33 (0.04) 0.18 (0.03) 0.17 (0.01)
∆15 0.17 (0.11) 0.30 (0.04) 0.16 (0.03) 0.16 (0.01)
∆16 0.16 (0.10) 0.28 (0.04) 0.15 (0.03) 0.15 (0.01)
∆17 0.14 (0.09) 0.26 (0.03) 0.14 (0.03) 0.13 (0.01)
∆18 0.13 (0.08) 0.24 (0.03) 0.13 (0.02) 0.12 (0.01)
∆19 0.12 (0.08) 0.22 (0.03) 0.12 (0.02) 0.11 (0.01)
∆20 0.11 (0.07) 0.20 (0.03) 0.11 (0.02) 0.11 (0.01)
∆21 0.11 (0.07) 0.19 (0.02) 0.10 (0.02) 0.10 (0.01)
∆22 0.10 (0.06) 0.18 (0.02) 0.10 (0.02) 0.09 (0.01)
∆23 0.09 (0.06) 0.17 (0.02) 0.09 (0.02) -
∆24 0.09 (0.06) - - -
Notes:
Estimated standard errors in parenthesis.

Table 6: Estimated critical search cost values

typical consumers have either very high search costs or very low search costs.

In spite of having more than 20 stores operating in each of the markets, we observe

that market power is substantial. The estimates of r indicate that unit costs are between

50% and 53% of the value of the product so the average price-cost margins range between

23% and 28%.22 This is of course the consequence of search costs, suggesting that demand

side characteristics might be even more important than supply side ones to assess market

competitiveness (Waterson, 2003).

We finally test the goodness of fit of the model. To see how well the estimated price

density function fits the data, we use the Kolmogorov-Smirnov test (KS-test) to compare

the actual distribution to the fitted distribution. The KS-test is based on the maximum

difference between empirical cumulative distribution and the hypothesized estimated cumu-

lative distribution. The null hypothesis for this test is that they have the same distribution,

the alternative hypothesis is that they have different distributions. As Table 5 shows, for

all four memory chips we cannot reject that the price observations are drawn from the es-

22These margins are similar to those found in the book industry (Clay et al. 2001).
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(a) KTT3614 (b) KTDINSP8200

(c) KTD4400 (d) KTD8300

Figure 5: Estimated search cost cdf
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(a) KTT3614 (b) KTDINSP8200

(c) KTD4400 (d) KTD8300

Figure 6: Estimated and empirical price cdf

timated price cumulative distribution.23 The goodness of fit of the model to the data can

be visualized in Figure 6. A solid curve represents an empirical price distribution, while a

dashed curve represents an estimated one.

6 Conclusions

Consumer search models have shown for example that, depending on the nature of search

in the market, an increase in the number of firms can increase or decrease the price levels

and price dispersion. Since competition policy recommendations may depend on the nature

23Because some of the parameters that enter the test are estimated we also calculated the Rao-Robson
Statistic, which is a kind of chi-squared test corrected for the uncertainty involved in estimating some of the
parameters of the distribution that has to be fitted (for more details see Moore, 1986). The Rao-Robson
statistics for two of the four products are below their corresponding critical values (KTT3614 and KTD4400),
which means that for these products we cannot reject the null hypothesis that the estimated and empirical
price cdf are the same.
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of the search cost distribution, there is a need to develop methods to identify and quantify

search costs.

Hong and Shum (forthcoming) were the first to exploit the restrictions equilibrium search

models place on the joint distribution of prices and search costs to structurally estimate

unobserved search cost parameters. In this paper we have extended their approach to the

oligopoly case and we have proposed a method to obtain maximum likelihood estimates of

the search cost distribution.

Our method has two important features. One, if N firms operate in the market we can

estimate N cut-off points of the search cost distribution. In this way, we also learn about

the extent of thorough search in markets and about the height of the search costs faced by

the consumers who search intensively. Indeed, using a data set of prices for four memory

chips we find that between 4% and 13% of the consumers search for all prices in the market.

These consumers have a search cost of at most 17 US dollar cents and obtain sizable gains

relative to buying from one of the firms at random, namely, from 21 to 33 US dollars. The

second feature is that our method yields maximum likelihood estimates of the search cost

distribution, which allows for standard asymptotic theory and hypothesis testing.

Our estimates of the consumer search cost density underlying the price observations for

the memory chips suggest that consumers have either quite low or quite high search costs.

Search costs confer significant market power to the firms. The estimates reveal that average

price-cost margins range from 23% to 28%. Finally, according to the Kolmogorov-Smirnov

goodness-of-fit test, we cannot reject the null hypothesis that the price observations were

drawn from the distribution functions specified by the theoretical search model.
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