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Sorensen: “Price Dispersion in Retail Markets for Prescription 
Drugs,” JPE 2000

Wanted to examine price dispersion where 
perfect competition might be expected.
Retail prescription drugs were attractive for 
several reasons:
• Simple identical products fit Bertrand.

(Insurance was uncommon.)
• Large number of drugs gives degrees of

freedom.
He focused on two mid-sized towns in New 
York, Middletown and Newburgh.
• The cities can be treated as well-defined

markets.
• A New York regulation facilitated

collecting prices.

This was part of Alan’s thesis. The towns are not far from I-84. He drove there and collected data by hand.
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“Price Dispersion in Retail Markets,” Sorensen

Motivations for the study design include:
• The prescription drugs themselves are

identical across pharmacies.
• We can identify all stores in each

market.
• New York required that pharmacies

display a poster with prices for 200+
prescription drugs.

• Cross-drug analyses can examine how
dispersion relates to drug
characteristics.

• Pharmacy amenities are plausibly
common across drugs.

Can treat each drug as a separate market, since no cross elasticity.
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“Price Dispersion in Retail Markets,” Sorensen

Results:
1. There is substantial price dispersion.  The difference between the highest and

lowest price for a drug across the drugstores in each town is about $13 for the
average drug. The range is $5 for the 10th percentile drug and $25 for the 95th

percentile drug.  (The towns have about ten drugstores each.)
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“Price Dispersion in Retail Markets,” Sorensen

Results:
2. Price dispersion does not

appear to be due to pharmacy
amenities:
• Most pharmacies are in the top

third for many drugs and in the
bottom third for many others.

• Pharmacy fixed effects explain
about one-third of the residual
variance in a model with drug and
city fixed effects.

• Pharmacy fixed effects do not
align with a casual assessment of
pharmacy amenities.
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“Price Dispersion in Retail Markets,” Sorensen

Alan-assessed
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“Price Dispersion in Retail Markets,” Sorensen

4. The magnitude of the price dispersion for a drug is related to a measure of search costs:
drugs that tend to be purchased multiple times, e.g. anti-hypertensives, have lower
dispersion than single-use drugs, e.g. antibiotics. 
Consumers can amortize their search costs over multiple purchases.

5. Average markups are also lower for
frequently purchased drugs.

6. Drugs with unexpectedly high
average markups have unexpectedly
high dispersion.

measured four ways
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Stango and Zinman, “… Price Dispersion and Shopping Behavior 
in the US Credit Card Market,” RFS 2016

Stango and Zinman are motivated more by their application.
Most Americans have some credit card debt. Many make large interest payments. 
Ausubel (AER 1991) noted that rates seem high despite large number of competing 
firms. Reported rates are fairly uniform across banks and insensitive to changes in 
interest rate.
Stango and Zinman get individual-level data from a panel of 4,312 consumers for 
2006-2008. The data include transaction level activity, interest and fees paid, and 
consumer credit scores.
• There is tremendous raw heterogeneity in interest rates across consumers. The

interquartile range in rates paid is 800 basis points. (This omits anyone on teaser
rates and those who pay in full.)

• Default risk explains about 40% of the interest-rate variation. Other factors, e.g.
offsetting rewards, demographics, explain little.

• There is substantial within-consumer variance in offers received. This could lead
to substantial dispersion in rates paid, especially if search effort is heterogeneous.
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Stango and Zinman, “… Price Dispersion and Shopping Behavior 
in the US Credit Card Market,” RFS 2016

There is a lot of 
heterogeneity in credit 
card use.

Many people make large 
interest payments.
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Stango and Zinman, “… Price Dispersion and Shopping Behavior 
in the US Credit Card Market,” RFS 2016

There is a lot 
of heterogeneity 
in interest rates,
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Stango and Zinman, “… Price Dispersion and Shopping Behavior 
in the US Credit Card Market,” RFS 2016

Differences in credit 
scores and other 
observables account for 
less than half of the 
observed variation.
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Stango and Zinman, “… Price Dispersion and Shopping Behavior 
in the US Credit Card Market,” RFS 2016

Regressions have many 
unreported RHS variables.

The OLS-IV gap seems 
large.

They also try to directly tie dispersion to search intensity.
The data also include a survey question asking consumers about how 
likely they are to look at credit card offers they receive in the mail.
In an IV regression (using gender and marital status as instruments for 
search intensity) they find that self-reported search intensity is a strong
predictor of the lowest APR a consumer could pay given the cards they 
hold.
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Ellison and Ellison: “Search, Obfuscation, and Price Elasticities 
on the Internet,” Econometrica 2009

How will search costs change in the Internet era? What effects might this have on 
retail and other markets?
Price search engines have taken hold in a few markets, e.g. flights, hotels, rental 
cars. If search becomes very efficient and prices drop toward marginal cost, it is 
unclear how firms in many markets would cover their fixed costs.
To explore these issues, we examine an unusual corner of the Internet where an 
early price search engine achieved a dominant position.
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The Pricewatch Universe
Pricewatch was a simple database-based search engine that became popular among 
hobbyists and IT professionals interested in purchasing computers and computer parts.

This is what we studied.

Courtesy of Jonathan Cohen on flickr. License: CC-BY-NC. 
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The Pricewatch Universe

© PriceWatch.com. All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/
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The Pricewatch Universe

© PriceWatch.com. All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/
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The Pricewatch Universe

screenshot from 
1999---price-sorted 
list of 128MB 
PC100 memory 
modules for sale

(This is actually 
our data, as well.  
We have these 
hourly for a year.)

© PriceWatch.com. All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/
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The Pricewatch Universe

There was a great deal of competition on Pricewatch, and prices were low, but it was 
clearly not the frictionless ideal.

Two experiences were common:
• Websites with complicated, annoying pages that made it time-consuming to

determine what the price really was
• Websites that pushed add-ons or upgrades

Note also that the Bertrand paradox had not arisen. Markups were low, but firms were 
apparently doing well enough so that there were a large number of competitors in 
many of the product categories.
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The Pricewatch Universe
For instance, you might have to manually 
choose which of these upgrades to accept or 
reject.

© PriceWatch.com. All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/
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The Pricewatch Universe

And here is 
website seemingly 
designed to 
encourage consumers 
to upgrade, without 
helping one assess 
if improvements 
were worthwhile.

CAS 2.5 or 3.0 
latency?  4 layer 
versus 6 layer?

© PriceWatch.com. All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/

 
                                                                   20

https://ocw.mit.edu/help/faq-fair-use/


Obfuscation
We will argue that a potential explanation for what we are observing is that the price 
reductions that might otherwise occur are being partially offset by increases in 
obfuscation. 

Obfuscation could increase prices via multiple channels:

• It could be similar to raising the per-visit search cost s in a standard search model.

• It could involve changing the form of competition from a standard single-good
Bertrand-like environment to an environment with add-on pricing.
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“Search and Obfuscation,” Ellison and Ellison

We focus on four categories of memory modules:  128MB PC100, 128MB PC133, 
256MB PC100, and 256MB PC133. 
Within each category modules can differ in quality. Quality is many dimensional 
and hard to align across retailers. Our retailer sells three products in each category. 
We call them Low, Medium, and High quality.
The lowest 12-24 prices in each category were downloaded from Pricewatch at 
hourly frequency from May 2000 – May 2001. (All prices are presumably for low-
quality modules.)
Quantity and additional price data were obtained from one retailer that owns 
websites A and B.
Cost data were obtained from the same retailer.

We have used these data now on several projects.  
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“Search and Obfuscation,” Ellison and Ellison

Prices volatile, 
but dropping 
throughout most 
of this period.  
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“Search and Obfuscation,” Ellison and Ellison

Mostly sold low-quality modules, but some upgrades.  And, as we will see, those upgrades were crucial to 
profits because the low-quality modules were being sold at such thin margins.
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“Search and Obfuscation,” Ellison and Ellison
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“Search and Obfuscation,” Ellison and Ellison

Very elastic 
demand for low 
quality---as high 
as -33!!
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“Search and Obfuscation,” Ellison and Ellison

Low ranks (from 
low prices for low-
quality) also lead to 
higher demand for 
medium- and high-
quality---evidence of 
loss-leader effect.  
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“Search and Obfuscation,” Ellison and Ellison

But the effects 
are not as strong 
as for the low-
quality---evidence 
of adverse selection
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“Search and Obfuscation,” Ellison and Ellison

Overall strong 
price effects
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“Search and Obfuscation,” Ellison and Ellison

With these 
demand estimates, 
we can compute 
elasticity 
matrices---let’s 
focus on the 
128MB PC100 
modules.
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“Search and Obfuscation,” Ellison and Ellison
You get this 
unusual pattern of 
cross-price 
elasticities of 
very similar 
goods---negatives 
on diagonal, 
mostly positives 
on off-diagonal, 
except these two 
spots.  This is 
the loss-leader 
effect working.
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“Search and Obfuscation,” Ellison and Ellison
You get this 
unusual pattern of 
cross-price 
elasticities of 
very similar 
goods---negatives 
on diagonal, 
mostly positives 
on off-diagonal, 
except these two 
spots.  This is 
the loss-leader 
effect working.

Adverse selection effect is evident from the fact that those two off-diagonals are smaller than the own-price for low q. 
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“Search and Obfuscation,” Ellison and Ellison

Note also:
super price-
sensitive low-
quality, and 
medium- and 
high-quality less 
price-sensitive.
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“Search and Obfuscation,” Ellison and Ellison
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“Search and Obfuscation,” Ellison and Ellison

Using daily 
invoices for the 
wholesale cost of 
these memory 
modules (unusual), 
we could compute 
markups.  Again 
we focus on the 
128MB PC100.
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“Search and Obfuscation,” Ellison and Ellison

We found the 
low-quality markup 
to be slightly 
negative, on 
average.  Others 
were substantial.
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“Search and Obfuscation,” Ellison and Ellison

How does the 
overall markup 
compare with what 
we would expect if 
1) we computed 
markups based on 
overall ε and 2) 
we took into 
account the 
adverse selection 
effect?    
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“Search and Obfuscation,” Ellison and Ellison

The overall 
markup is 7.7%, 
higher than you’d 
naively expect 
given the 
elasticity, and close 
to what we would 
expect with 
adverse selection.
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“Search and Obfuscation,” Ellison and Ellison

We estimated demand without making any use of supply-side first order conditions.
A comparison of actual and predicted markups is consistent with the demand 
estimation having worked well and the add-on pricing model capturing the 
equilibrium effect of unobserved add-ons. 
1. Observed average markups are very close to the markups that one would predict 

given the demand estimates.
2. The model calculations indicate that the adverse selection effect in demand is 

roughly doubling average markups.
3. Markups for low-quality products are very low.
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Galenianos and Gavazza, “Regulatory Intervention in 
Consumer Search Markets: The Case of Credit Cards,” 2020

G & G use a macro-style calibration to investigate the degree to which the price 
dispersion in the Stango-Zinman data appears to be due to limited consumer search 
versus heterogeneity in costs, tastes, etc.
Buyers are assumed to have values 𝑧𝑧~𝑀𝑀 on [𝑧𝑧, �𝑧𝑧].

Lenders of mass L have costs k~𝐺𝐺 on [𝑘𝑘, �𝑘𝑘].
Buyers who exert effort s receive a Poisson(sL) random number of quotes.

Buyer i’s payoff from card j is vij = zi – (Rj + εij) with Rj the interest rate. Define cij = Rj + εij. 
Write Fc for the CDF of a random draw of c given the equilibrium interest rate 
distribution. (This reflects equilibrium price dispersion and shocks εij~Fe.)
A seller’s payoff is π(Ri) = P(Ri) (Ri(1-ρ(Ri)) – k), where P(R) is the probability that each 
consumer chooses the card and ρ is the repayment probability. 
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Galenianos and Gavazza, “Regulatory Intervention in 
Consumer Search Markets: The Case of Credit Cards,” 2020
The Poisson search model is surprisingly tractable. Search effort can be a continuous 
variable rather than the discrete choice that prevents one from taking FOCs in other 
models. 
There are closed forms for the probability that a customer of type z accepts an offer 
with cost c:

Integrating over the possible c and z they derive expressions for the probability that an 
offer at an interest rate of R will be accepted.
This lets them characterize a pure-strategy dispersed price equilibrium in which buyers 
of type z choose search effort s(z) and sellers with cost k choose interest rate R(k).
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Galenianos and Gavazza, “Regulatory Intervention in 
Consumer Search Markets: The Case of Credit Cards,” 2020
G & G assume parametric forms for the various primitives, e.g. they assume that the 
buyers value distribution is lognormal with parameters to be estimated.
The ability to quickly find the equilibrium lets them calibrate the 11 model parameters 
to match 15 moments as closely as possible.

 
                                                                   42



Galenianos and Gavazza, “Regulatory Intervention in 
Consumer Search Markets: The Case of Credit Cards,” 2020
The calibration suggests that buyers have high (and dispersed) valuations, that they 
exert minimal search effort, leading to inelastic demand and substantial markups.
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Galenianos and Gavazza, “Regulatory Intervention in 
Consumer Search Markets: The Case of Credit Cards,” 2020
They use the estimated parameters to discuss a pair of counterfactuals.
One considers the effect of a regulation capping interest rates at 22.5%. Theorists have 
noted that the effect of such a policy is ambiguous. It can reduce interest rates. But it 
could also raise equilibrium rates as the price cap reduces dispersion, reducing the 
incentive to search, leading to higher prices.
At the estimated parameters some credit card issues do drop out of the market, but we 
are in the more intuitive situation where interest rates are substantially reduced.
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Next week Jean Tirole will be giving a pair of theory-focused 
guest lectures on platform competition.

Tobias returns on the following Monday. He’ll talk more about 
search empirics, including structural work on the topic.

See you then!

Reminder: The midterm exam will be in class on Wed. Oct. 26 
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