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Abstract

The internet has facilitated the creation of new markets characterized by improved

measurement, increased customization, rapid innovation and more conscious market

design. I describe these changes and some of the economic theory that has been use-

ful for thinking about online advertising, retail and business-to-business platforms, job

matching, �nancial exchanges and other online markets. I also discuss the empirical ev-

idence on the operation and e¢ ciency of these markets and some of the open questions

for theoretical and empirical research.
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1 Introduction

Technological changes often lead to the creation of new markets. A recent and striking

example has been the emergence of internet markets or platforms for search, retail commerce,

job matching, social networking, �nancial trading, and other purposes. The growth of these

platforms has been dramatic. Amazon opened in 1995 and its sales are currently around

twenty-�ve billion dollars a year. China�s Taobao started in 2003 and today has two hundred

million active users. Facebook, founded a year later, has over �ve hundred million users.

Over the same period, the number of Google searches, and the revenue Google generates

from its advertising auctions, has doubled roughly every eighteen months.1

This growth of internet markets has generated considerable attention from economists,

and a great deal of recent research. Some of this work has focused on the market structure

of platform industries, and the strategic issues that arise when platforms compete for users.

Other strands of research have focused on novel market institutions, such as the keyword

auctions run by the major search engines, eBay�s consumer marketplace, and the retail

competition created by price comparison sites. In this paper, I try to collect and tie together

some of the lessons from these di¤erent lines of research, and identify some of the interesting

open questions.

I begin the paper by describing some of the features of internet markets that I view as

particularly salient and distinctive. One reason to start with this is that, after all, there

is nothing new about platforms for bringing together buyers and sellers. Shopping malls,

trade shows, and newspaper circulars did the same forty years ago. Merchant fairs did so

four hundred years ago. Nevertheless, technology does facilitate changes in the way that

markets can operate. One such change relates to scale. The internet makes it possible, and

often cost-e¤ective, to operate markets with millions of participants, and perhaps millions

of products, drawn from around the world. Of course, just because this is possible does not

mean it had to happen, so one goal of recent research has been to identify ways in which

increasing returns might arise in operating a platform or marketplace.

1These numbers are taken from company annual reports, and in the case of Google (where the available
numbers are imprecise) from comScore. Ellison and Ellison (2005) point out that to reach a billion dollars
in sales, it took Amazon just �ve years, compared to nineteen for Walmart.
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A second change is the ability to customize individual experiences, which derives from the

low cost of changing displayed information, and the ability to capture and utilize detailed

market data. So for instance, a retail platform such as Amazon can customize product

recommendations based on consumer buying patterns, search engines can deliver results

tailored to current and past queries, and advertising platforms can deliver ads targeted to

a user�s recent browsing behavior. The ability to customize, and to measure the resulting

user behavior, gives rise to another distinctive feature of internet markets, which is the

potential for experimentation and innovation. In many traditional markets, �rms shy away

from running controlled experiments because it is costly or because feedback arrives too

slowly to be useful. In contrast, the internet makes it relatively easy to try out and test new

ideas and make changes in response, creating the possibility of relatively rapid innovation.

I describe these characteristic features of internet markets in more detail in Section 2.

I use the remainder of the paper to discuss three related strands of recent research. The

�rst, which I consider in Section 3, is work in industrial organization on how platforms

compete to attract users. The unifying idea in this work is that platforms are characterized

by network e¤ects. Network e¤ects can be direct, as in the case where users sign up for a

social network to interact with their friends, or indirect, as in the case where employers post

vacancies on a job matching site because they expect workers to respond, and workers search

the site because they expect to �nd job listings. Theoretical models that incorporate these

e¤ects help illuminate some intuitive points about platform strategy, such as why platforms

might want to cross-subsidize users depending on the value they create for other users, or

why tensions can arise between short-term pro�tability and longer-term value creation. The

theory is also useful for thinking about the market structure of platform industries, and the

conditions under which network e¤ects might favor the emergence of dominant platforms.

The standard models of platform competition tend to abstract from the details of how

platforms facilitate user interaction and try to create e¢ cient and adaptable marketplaces.

In Section 4, I discuss work on mechanisms that platforms use to match users with trading

opportunities. A leading example is the auction used by search engines to allocate display

space following a user query. The problem is more general, however, in that many internet

platforms � not just search engines, but platforms for e-commerce, job matching, social
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networking, dating and so forth � are centered around a search function that helps people

locate and evaluate products or opportunities. While structuring matching processes falls

partly into the domain of statistics (e.g. data-mining techniques to predict relevant matches),

it also raises new issues for market design. As examples, I discuss the pricing systems used

for e-commerce listings, and the organization of markets for targeted advertising.

The �nal section of the paper, Section 5, considers a third strand of work on competition

and consumer behavior within internet markets. Much of this research has centered on

novel market institutions such as price comparison engines, consumer auction platforms, and

online recommendation and reputation systems. A main lesson is that while the internet has

reduced certain frictions such as the cost of search, or of running auctions, or of aggregating

user feedback, the results have not always been predictable. For example, the evidence

suggests that price comparison engines can create strong incentives for obfuscation, that the

initial excitement over consumer auctions has been waning, and the reputation systems can

fall prey to strategic manipulation. In this sense, internet markets have been an interesting

laboratory for learning about consumer and �rm behavior, and about how to design well-

functioning marketplaces.

I should emphasize that this paper is a fairly selective survey. I focus on a particular set

of related issues: how internet platforms try to attract users, how they match participants to

create exchange opportunities, and how they foster competition and enable trade. In doing

this, I put aside many interesting questions about how internet markets have impacted

traditional industries, about regulatory policy toward internet platforms, and about their

social implications. Each of these topics easily could sustain its own survey.

2 Technology and Internet Markets

The internet reduces a number of traditional costs associated with organizing markets. It

is easier for users to visit an online market and search for trade opportunities, easier to

update displayed information, and easier to capture and utilize market data. Much of the

early economic research on internet markets emphasized the direct e¤ects of these changes

� for example, the idea that lower search costs would increase retail competition, or that
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lower costs of assembling consumers would facilitate the use of auctions (see e.g. Hall, 2002;

or Ellison and Ellison, 2005). In this section, I highlight how these cost reductions have

enabled the three features of internet markets mentioned above: scale, customization, and

the potential for innovation.

Many internet platforms operate at very large scale. On a given day, the eBay marketplace

has around two hundred million product listings, Google runs several billion sponsored search

auctions, and around two hundred million users log in to Facebook. That this is even possible

is the result of conscious engineering. Most platforms are designed so that they can scale at

relatively low cost. Facebook, for example, employs less than one engineer for every million

users.2 Of course, the fact that a platform can scale to accommodate millions of users doesn�t

mean that they will show up. This raises the question of why certain types of activity become

concentrated on particular platforms, or in particular marketplaces.

Most explanations involve some form of increasing returns. One potential source of

increasing returns derives from the cost structure of operating an internet platform. In-

vestments that increase quality and e¢ ciency, such as improving site design, collecting and

analyzing data on user behavior, or undertaking experiments to test innovations, involve

costs that are relatively �xed, but bene�ts that are scalable. These activities may also be

cumulative, or involve a certain amount of learning by doing. A second potential source of

increasing returns, and the one that economists have tended to emphasize, is network exter-

nalities. Network externalities, which I discuss in the next section, be a convincing source

of increasing returns in many cases (say, in the case of social networks), but arguably a less

obvious source in some others (say, in local markets for jobs or real estate).

A second distinctive feature of internet markets is the degree to which user experiences

can be customized. In traditional markets, it tends to be costly to personalize individual

experiences. So every visitor to the mall sees the same displays, and everyone listening to

a radio show hears the same commercials. On the internet, users are shown search results

tailored to speci�c queries, o¤ered recommendations based on past behavior or expressed

preferences, or provided with information about the experiences of similar consumers. From

2�Scaling Facebook to 500 Million Users and Beyond,�blog post by Robert Johnson (July 21, 2010) at
http://www.facebook.com/note.php?note_id=409881258919.
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an economic perspective, one way to think about this is from the perspective of matching:

customization facilitates a more e¢ cient matching of users and opportunities. The research

that I discuss in Section 4 focuses on the use of market mechanisms designed for this purpose.

The ability to customize is also a function of the available data. Virtually every internet

platform collects extraordinarily detailed data on user behavior and activity,3 which can be

mined to identify potentially successful matches. This is the idea that underlies Amazon

or Net�ix�s recommendation functions, Google�s search algorithms, Facebook�s friend �nder,

and targeted advertising. The collection of user data, and more generally the ability to mea-

sure behavior, also has other economic implications. For instance, Varian (2010) describes

how it enables new forms of contracting, such as �per click�payments for advertising, and

Acquisti and Gross (2009) considers some of the privacy concerns that it raises.

The third feature of internet markets that I want to emphasize, and one has received

less attention, relates to innovation. By innovation, I have in mind both the creation of

new products and ideas, and the gradual re�nement of things like search algorithms, the

information displayed to users, market rules, pricing mechanisms and so forth. The same

technological changes that reduce the costs of customization also reduce the cost of adapta-

tion over time. Making quick adaptations, however, is only useful if information arrives on

a similar time-scale. A striking feature of many successful internet platforms is their use of

randomized experiments to improve the �ow of information. Economists are often puzzled

(and empiricists frustrated) by how little systematic experimentation occurs in traditional

markets. But as I suggested above, experiments can costly and the feedback loop can be too

slow to generate bene�ts. When a few lines of code result in di¤erent groups of users seeing

di¤erent displays or facing di¤erent prices, and the results are measured instantaneously, it

becomes much easier to use experiments to facilitate adaptation and innovation.

Finally, one additional feature of internet markets that makes them interesting for econo-

mists is the extent to which platforms can control di¤erent aspects of exchange, from struc-

turing user search, to controlling and monitoring transactions, to experimenting with market

3As this data becomes more broadly available, it is likely to be a rich source for economists interested
in a wide range of market and non-market questions. Some recent examples of the latter include Ariely,
Hitsch and Hortacsu (2009), who estimate consumer preferences based on their internet dating choices, and
Gentzkow and Shapiro (2010), who estimate ideological segregation based on internet browsing patterns.
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rules and parameters. The result is that internet markets often involve more conscious and

detailed market design than is typical of many traditional marketplaces. It also provides

economists with the ability to study aspects of pricing, or matching, or competition, or con-

sumer behavior in relatively structured settings where there is extremely rich and �ne-grained

data.

3 Competition for Platform Users

The economics of platforms has been one of the most active areas of research in industrial

organization over the last decade (see e.g. Caillaud and Jullien, 2003; Rochet and Tirole,

2003, 2006; and Armstrong, 2006).4 This work was motivated initially by an interest in pay-

ment systems such as Visa and Mastercard, and other �two-sided�businesses such as yellow

pages and newspapers. Similar to internet platforms, these businesses intermediate between

multiple user groups (consumers and merchants, or readers and advertisers), charging fees

for platform activity. Importantly, they also feature network e¤ects. Di¤erent types of users

join the platform to interact with other users, so the value that a platform creates depends

on the size and composition of its user base. The research I describe below starts from this

basic observation and tries to identify its implications for platform strategy, and for market

structure.

3.1 Price Theory of Platforms

In this section, I sketch a basic model of platform pricing that is useful for highlighting

some of the strategic issues that platforms face in trying to simultaneously attract users and

generate revenue. The model is taken from Weyl (2009), who builds on Rochet and Tirole

(2003, 2006) and Armstrong (2006).

Consider a single platform with K groups of potential users. Each potential user has to

4See Evans, Hagiu and Schmalensee (2006) Rysman (2009) for informal overviews. The recent literature
builds in part on earlier work on network e¤ects, summarized for example in Farrell and Klemperer (2007).
The modeling approach I discuss below is also relates to work on contracting with externalities (Segal, 1999).
One di¤erence is that in Segal�s model, a principal can o¤ers distinct contracts to individual agents, whereas
in the platform model I describe below the platform can only distinguish between user groups, leading to a
more standard price theory analysis.
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choose whether or not to join the platform. The bene�ts of joining depend on the overall

participation. Let xk denote the fraction of group k users who choose to participate, and

x = (x1; :::; xK). For an individual in group k, the payo¤ from joining is uk (x; �)�pk, where

� are the individual�s characteristics, and pk is the fee that the platform requires of group k

users. The payo¤ from not participating is zero. The platform also incurs costs from serving

its users: if participation is x, the platform�s costs are C(x).

In this model, all of the details of what the platform does, and how users interact, are

incorporated in the payo¤ functions uk, and the cost function C. Even platform fees have no

direct e¤ect on user interactions. If there are distinct groups of buyers and sellers, imposing

a fee on sellers only a¤ects buyers if it causes some sellers to exit the market. So we are

abstracting from issues around market organization and e¢ ciency that I address later, and

focusing squarely on network e¤ects and user participation.

Continuing with the model, we derive user demand for the platform. Let pk (xk; x̂)

denote the highest price at which a fraction xk of group k users will participate, given

expected participation x̂. The inverse demand pk (xk; x̂) will be decreasing in xk, but may

be increasing or decreasing in x̂ depending on the sign of the network e¤ects. We can also

let Pk (x) � pk (xk;x) be the maximum price that can be charged to group k if the platform

implements the allocation x = (x1; :::; xM).

The pro�t maximizing participation level solves:5

max
x

X
k

xkPk (x)� C (x) : (1)

The �rst order conditions for this problem equate the marginal revenue for each user group

k = 1; :::; K, or Pk (x)+
P

j xj � @Pj (x) =@xk; with the marginal cost MCk (x) = @C(x)=@xk.

It is more insightful, however, to express these conditions in a way that distinguishes the usual

trade-o¤ in maximizing pro�t against a downward-sloping demand curve from considerations

5There also may be a question of how a platform can implement a given participation level x. If it sets
prices for di¤erent user groups equal to P1 (x) ; :::; PK (x), there may be multiple participation equilibria,
including an equilibrium in which participation is in fact x, but perhaps also including other equilibria
with lower (or higher) participation. A platform can uniquely implement x by making prices contingent on
realized participation. One way to do this is to say that if realized participation rates are x̂, then group k
users must pay pk (xk; x̂) � Weyl (2009) refers to this as the �insulating tari¤�.
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involving network e¤ects. Holding expected participation �xed at x̂, the marginal revenue

for group k is

MRk (xk; x̂) =
@

@xk
(xkpk (xk; x̂)) = pk (xk; x̂) + xk

@pk
@xk

(xk; x̂) : (2)

The platform�s �rst order conditions then be re-arranged to yield:

MRk (x;x) =MCk (x)�
X
j

xjE
�
@uj
@xk

(�; x) j uj (�; x) = Pj (x)
�
: (3)

So the platform�s optimal strategy equates the marginal revenue obtained under a �xed

(and rational) expectation about participation with the marginal cost of additional users,

where the marginal cost is augmented to re�ect the fact that when an additional user joins,

this alters the value of marginal participants, allowing for a price o¤set.

The analysis helps illuminate several intuitive points. One is that platforms should

subsidize users who create value for other users. Search engines, for example, subsidize

consumers by providing free search results and additional services such as email and content.

They generate revenue from advertisers and, as I discuss below, typically use a pricing

mechanism that penalizes less desirable or relevant ads. Financial exchanges engage in

similar cross-subsidization. They typically o¤er low fees, or even payments, to traders who

post limit orders and provide market liquidity, while charging higher fees for crossing orders

that reduce the depth of the order book.

A second point is that there can be tensions between current pro�tability and long-run

value creation. Suppose, for example, that the initial platform adopters are relatively price-

inelastic, and that the platform cannot o¤er discounts to new users. In the short-run, the

platform may bene�t from raising fees (or making equivalent strategic changes) to extract

revenue, even if this slows the growth of the platform. This is a standard temptation in

switching cost models, but it has an added element here because strategies that reduce the

user base can degrade the quality of the platform for continuing users.

The model also highlights two familiar distortions from pro�t-maximization (Weyl, 2009).

The platform internalizes the marginal revenue from additional users rather than their mar-

ginal surplus, and it focuses on the externality that they impose on marginal rather than
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average participants. At an e¢ cient allocation, we would have

Pk (x) =MCk (x)�
X
j

xjE
�
@uj
@xk

(�; x) j uj (�; x) � Pj (x)
�
; (4)

so that group k is charged the marginal cost MCk (x) minus the externality they impose on

other users.6

As I have described the model, it provides insight into the overall fees a platform should

charge to di¤erent user groups, but not into the fee structure, which can be an important

consideration. In e-commerce, for example, some platforms such as the Alibaba charges sell-

ers an annual fee. Other platforms, such as Craigslist, requires a payment for certain listings.

Yet another approach is to charge sellers for clicks (common on price comparison sites), or

a sales commission (the model used by Amazon, eBay, Etsy and others). These di¤erent

pricing structures have di¤erent informational requirements � charging a commission, for

instance, requires the platform to monitor transactions � but they also create very di¤erent

incentives for sellers. This aspect of pricing, which I discuss in the next section, is more

easily captured in a model where users make decisions about the nature and intensity of

platform use rather than a binary participation decision.

A related set of issues pertain to user heterogeneity. On an e-commerce site such as

eBay, sellers range from professional businesses to individuals emptying their garages. In

some cases, these users might be identi�ably di¤erent (i.e. belonging to di¤erent groups),

but in other cases the distinction may be less clear. Similarly, on a job matching or dating

platform, some candidates will inevitably be more attractive. Although platform pricing

may be one instrument to favor or discriminate between di¤erent users, screening decisions

or the design of the search process may be equally or even more important . These issues

of user heterogeneity are likely to be particularly important if researchers begin to bring

empirical methods to bear on studying platform pricing decisions or estimating the size and

6To see how this expression is derived, let Vk (x) =
R
1fuk (x; �) � Pk (x)guk (�; x) dFk (�) denote the

gross surplus generated by group k users if the total participation is x, and let V (x) =
P

k Vk (x). The
equation in the text come from re-arranging the �rst-order condition for an e¢ cient allocation, namely that
@V (x) =@xk =MCk (x) (see Weyl, 2009, for more detail). Note that one might question whether the �Spence
distortion�of focusing too much attention on how changes a¤ect marginal users is really empirically relevant,
or is outweighed by the ability of dedicated users to exert in�uence in ways that do not involve threatening
to exit.
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scope of network e¤ects. So far there has been very little of this in the context of job search

sites, e-commerce platforms, advertising exchanges, or electronic �nancial markets, but there

would seems to be many promising opportunities given the potentially available data.

3.2 Platform Competition and Market Tipping

The model above provides a useful starting point for thinking about what happens when

multiple platforms compete to provide the same or similar services. Recent research has

emphasized how, in addition to typical competitive factors such as the intrinsic appeal of

the platforms and their cost structure, competitive outcomes can depend on the strength of

network e¤ects and the extent to which users �multi-home�. For example, in internet search,

consumers might tend to use a single search engine, while advertisers might be willing to

multi-home and advertise on several platforms. Armstrong (2006) and others have pointed

out that in this type of setting, competition can be asymmetric: platforms have an incentive

to compete aggressively for single-homing users, but then enjoy a monopoly over these users

when they are setting prices for the multi-homing side of the market.

Perhaps the central question in thinking about platform competition is whether network

e¤ects (or alternatively, cost economies) will lead to activity becoming highly concentrated,

and how this concentration might a¤ect prices and long-term innovation. It is easy to identify

examples of (at least temporary) market tipping. In the U.S., eBay quickly captured the

consumer auction market despite the presence of many competing platforms, and Google has

retained roughly two-thirds of the internet search market despite aggressive investment by

Yahoo!, Microsoft and others. In China, the respective markets are dominated by Taobao

and Baidu. But there are also examples to the contrary. Prior to the advent of electronic

trading, the New York Stock Exchange and Nasdaq played a relatively dominant role in the

trading of US public equities. Indeed nearly 80% of trades in NYSE-listed equities took place

on the exchange �oor. Today, with the entry of new electronic markets, no exchange has

more than a 20% share of trades in registered equities. Moreover, even in industries where

one might expect agglomeration, such as social networking, it is easy to point to examples

of successful entry (such as Twitter) or rapid decline (such as MySpace).

Theoretical models can suggest factors that might favor market tipping, but the pre-
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dictions are not necessarily that sharp. For instance, strong positive network e¤ects and a

preference for single-homing should favor concentration. But in practice the most obvious

network e¤ects may be geographically local, or con�ned to users with particular needs or

interests, and particularly on the internet where switching costs are often quite low, pref-

erences for single-homing may not be that strong. (For precisely this reason, one probably

needs to be cautious in generalizing lessons about long-term lock-in from industries with

both network e¤ects and high switching costs to the case of internet platforms.) In addition,

positive network e¤ects can be o¤set by congestion. In Ellison and Fudenberg�s (2003) model

of competing buyer-seller platforms, buyers bene�t from additional sellers, but su¤er from

having to compete with other buyers. In their setting, multiple platforms can co-exist so

long as they have approximately equal buyer-seller ratios.

This suggests that an empirical approach is needed to understand the extent to which

network e¤ects, or other factors such as increasing returns in the cost structure of platforms,

favor a concentrated market structure. A recent paper by Brown and Morgan (2009) makes

a start in this direction by using �eld experiments to compare the experience of auction

sellers on eBay and Yahoo!. At the time the experiments were conducted, eBay�s platform

was roughly ten times the size of Yahoo!�s. Brown and Morgan use their experiments to test

if sellers on the two platforms can expect to receive similar numbers of bidders and similar

prices, as one should expect if the markets were in a co-existing equilibrium. Instead they

�nd that prices are 20-70% higher on eBay, and eBay auctions attract 50% more buyers.

Their study is interesting not just for its �ndings but because it illustrates the relative ease

of using experiments to measure quantities of interest in online markets.

4 Structuring Search and Matching

The platform model described above takes a high-level approach by specifying user bene�ts

as a function of the number and composition of other users. In practice, aggregating users

creates potential gains from trade, but to realize these gains users must be able to iden-

tify and assess relevant opportunities. In this section, I describe research that focuses on

the problem of how platforms can e¤ectively match users with opportunities. I start with
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the auctions used by search companies to allocate display space, and then discuss related

matching problems that arise in e-commerce and online advertising markets.

4.1 Sponsored Search Auctions

Sponsored search advertisements appear on search engine pages along with the standard

algorithmic results. These advertising opportunities are valuable because when an user enters

a query, say �hard drive recovery,�he or she reveals a particular interest at a particular time.

The major search engines take a market-based approach to �guring out which ads should

be shown in response to which queries. They ask advertisers to specify keywords against

which they would like their ads to be shown and, building on an approached pioneered in

the mid-1990s, run an auction to determine which ads will be shown in di¤erent positions.

The evolution of keyword auctions is an interesting case study in market design. An initial

innovation, made by the �rm GoTo (later Overture), was to have advertisers pay for clicks

rather than for display space, as was done in early internet advertising. Clicks are a useful

metric in that they provide an �exchange rate�between positions on a web page (Varian,

2010). Even if advertisers would insist on paying di¤erent amounts for di¤erent positions,

they may be willing to o¤er a single per-click price.7 A subsequent innovation, by Google,

was a new second price auction format. In Overture�s initial auctions, winners paid their

bids on a per-click basis. The auction proved to be unstable, with bids sometimes cycling

over the course of minutes (Edelman and Ostrovsky, 2006), leading Google to try something

new. Economic theory helps explain why the pay-your bid auction was problematic � it

generally has no pure strategy equilibrium, as bidders try to o¤er the minimum increment

above the bidder below them � and as I discuss below, why the second price format has

been more successful.8

7Milgrom (2009) has shown that simplifying bidding in this way can have substantial advantages in terms
of increasing competition and eliminating undesirable auction outcomes, particularly if bidding is costly.

8Bulow and Levin (2006) analyze the mixed strategy equilibrium of a closely related position auction.
They �nd that it can come quite close to achieving e¢ cient outcomes, although that does not help to solve
the instability problem if bidders can change their bids in real time.
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4.1.1 The Position Auction Model

Two papers by Edelman, Ostrovsky and Schwarz (2007) and Varian (2007) set out a basic

assignment model of sponsored search.9 In their model, there are N advertisers who value

clicks at v1 � ::: � vN . Their ads can be placed in M positions, and the positions receive

clicks with frequency x1 > ::: > xM regardless of which ad is shown. If advertiser i is placed

in position j and pays p per click (or t = pxj for the placement) its payo¤ is vixj � t.

The e¢ cient assignment (in terms of maximizing advertiser surplus) is assortative; it places

advertiser 1 in the top position, then advertiser 2 and so on.

The e¢ cient assignment can be supported with competitive prices if we treat each position

as a separate good. A set of position prices t1; ::; tM will clear the market if and only if for

each advertiser k, and each j 6= k,10

vkxk � tk � vkxj � tj: (5)

The model has several appealing properties. First, it is su¢ cient to consider only the

local equilibrium conditions, namely that each advertiser k prefers position k to positions

k� 1 and k+1. Second, market-clearing prices always exists, and there is always a market-

clearing price vector that is component-wise maximal, and another than is component-wise

minimal.11 Third, prices must be increasing, on a per-click basis, as one moves from lower

to higher positions. To see why, note that advertiser k must be willing to pay for the extra

xk � xk+1 clicks obtained in position k relative to position k+1, but not for the extra clicks

obtained in position k�1. So the incremental cost of clicks must be increasing as one moves

to higher positions.

In practice, one way a platform could set prices would be with a Vickrey auction. In a

9In parallel with the research in economics kicked o¤ by these papers, sponsored search auctions have
inspired a large literature in computer science. Lahaie, Pennock, Saberi and Vohra (2008) is a fairly recent
survey that covers this work.
10To make this precise, suppose that N > M (without loss of generality because some advertisers can

have zero value), and that xj = tj = 0 for j > M .
11For instance, suppose there are two positions that receive 200 and 100 clicks, and three advertisers with

per-click values 3,2, and 1. The price of the lower position must be at least 100 to deter the lowest value
bidder, but no more than 200. Similarly, the incremental price of the top position must be between 200 and
300 to ensure the market clears. So the lowest equilibrium prices are (300, 100) and the highest are (500,
200).
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Vickrey auction, advertisers are asked to report their per-click values as bids b1; :::; bn. The

auctioneer implements an e¢ cient allocation given these reported values, and payments are

set so that each bidder pays an amount equal to the externality he imposes on lower-ranked

bidders by displacing them one position. If we order the bids such that b(1) � ::: � b(n),

the payment for position k is tk =
P

j�k+1 b
(j) (xj�1 � xj). This payment rule makes it a

dominant strategy to report one�s true valuation. So the equilibrium payments in the Vickrey

auction are tk =
P

j�k+1 vj (xj�1 � xj). These payments correspond exactly to the lowest

market clearing position prices.

The major search engines instead use a �Generalized Second Price�(GSP) auction that

has similarities to the Vickrey auction but is not the same. The bidders make per-click bids

and are assigned to positions on the basis of these bids, but the bidder in position k pays the

k+1st highest bid. With this payment rule, it is no longer a dominant strategy to bid one�s

value. Instead, a Nash equilibrium of the GSP auction can involve bids above, at, or below a

bidder�s value.12 Nevertheless, the analyses of Edelman et al. and Varian help explain why

this auction might work well. Both papers focus on a re�ned subset of Nash equilibria in

which no bidder would like to �trade positions�with the bidder above or below. That is, no

bidder wants to assume a competitor�s position and pay the price it is currently paying.13

These re�ned equilibria correspond in a precise way to the competitive equilibria described

above. The assignment of bidders to positions is e¢ cient, and the equilibrium GSP payments

coincide with the payments in some competitive equilibrium. Moreover, for any competitive

equilibrium, there is a re�ned equilibrium of the GSP with the same payments.

12In the numerical example in Footnote 11, there is a GSP auction equilibrium in which the bidders bid
their true values 3, 2 and 1, but also other equilibria including one with bids equal to 4, 2.5 and 2, and
another with bids equal to 2, 1 and 1. The last of these has equilibrium payments that correspond to the
Vickrey payments, but the others have higher payments and auction revenue.
13Edelman et al. refer to these equilibria as �locally envy free�, while Varian calls them �symmetric�. To

understand how it works, suppose that b(1) � ::: � b(n) is a bid vector and v(k) is the valuation of the kth
highest bidder. The bids constitute a Nash equilibrium if for all k,

�
v(k) � b(k+1)

�
xk �

�
v(k) � b(k+2)

�
xk+1

and
�
v(k) � b(k+1)

�
xk �

�
v(k) � b(k�1)

�
xk�1. The re�nement strengthens the second condition to require�

v(k) � b(k+1)
�
xk �

�
v(k) � b(k)

�
xk�1. But this means that the conditions for a re�ned equilibrium are

identical to the conditions for a competitive equilibrium with per-click prices pk = b(k+1) or position prices
tk = b

(k+1)xk.
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4.1.2 Connecting the Theory to Data

Several recent papers, including Varian (2007, 2009), Borgers, Cox, Pesendorfer and Petricek

(2008), and Athey and Nekipelov (2010), describe how the position auction model can be

applied to search engine data. The idea is to use bidders�revealed preference to infer their

valuations. Suppose a bidder with per-click value v, by bidding b can expect to receive X (b)

clicks and pay C(b). If we think of the bidder as choosing a quantity of expected clicks x

(i.e. by making a bid b such that X(b) = x), then its choice problem is maxx vx � c (x),

where c(x) � C (X�1(x)). Assuming that the cost function is well behaved (i.e. smooth and

convex) the optimum satis�es v = c0(x).14 The bidder should buy clicks up to the point at

which the marginal cost of clicks equals its click value. So if we can estimate X (b) and c (x),

we can �nd the click values that rationalize di¤erent bids by using the �rst order condition.

Figures 1 and 2 demonstrate the approach using data derived fromGoogle�s online bidding

tool.15 Figure 1 shows the expected cost curve c(x) for three di¤erent keywords. The

marginal cost of clicks reported by Google is generally but not always increasing, so the

�gure also shows a �tted cost curve that imposes convexity.16 Figure 2 plots the expected

cost on a per-click basis (i.e. c(x)=x) along with the click values that rationalize the purchase

of each expected quantity (i.e. the value v such that v = c (x)).

The analysis is meant to be illustrative, but in principle this type of approach can be used

to address a set of important questions, such as the extent to which search engines are able

to appropriate the surplus created by matching advertisers and users. The data in Figure 2

suggest that for bids in the displayed ranges, the platform�s share of the surplus is on the

order of 15-35%. Varian (2009) reports similar numbers based on internal Google data. He

notes that the platform�s share is greater for keywords in high demand. Athey and Nekipelov

14In the perfect information model above, the cost function a bidder faces in equilibrium is convex (i.e. has
increasing marginal cost of clicks) but is not continuous. Intuitively, a small amount of uncertainty should
smooth the discontinuity, and indeed Athey and Nekipelov present a version of the model with imerfect
information in which bidders have a continuously increasing and convex cost of clicks in equilibrium.
15Google�s Tra¢ c Estimator is available on the Google Adwords site. The tool allows one to input candidate

bids and obtain the estimated clicks and cost per day. Google provides the estimate in the form of an
interval. I used the midpoint of the range. The data were downloaded in May 2010. The keywords are
"Auto Insurance", "VOIP phone" and "Mesothelioma". Mesothelioma is a rare form of cancer caused by
exposure to asbetos, and a keyword that is in high demand from plainti¤ lawyers.
16The �tted curve is the piecewise linear convex curve that is minimizes squared deviations from the data

(see, e.g. Dent, 1973).
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(2010) report a wide range of estimates for selected keywords, but their mean estimate of

the platform�s share also appears to be on the order of 30%. Their econometric approach

is considerably more sophisticated that what I have described, in that they write down an

explicit model of bidding under imperfect information, and prove that its equilibrium �rst

order conditions identify the bidder values.

4.1.3 Extensions of the Sponsored Search Model

Several aspects of the sponsored search problem can be tied back to the discussion of network

e¤ects and platform strategy. First, the sponsored search model focuses on the relationship

between the platform and advertisers. Chen and He (2006) and Athey and Ellison (2009),

however, have developed extensions of the model that explicitly incorporate consumer choices

(see also Gomes, 2009). In Athey and Ellison�s model, consumers want to match with a

compatible product, and given the ads displayed by the platform, they search rationally.17

This type of model provides a framework to think about how the platform�s market design

choices impact users. For instance, Google historically showed more �white space� (i.e.

blank positions) than Yahoo! or Microsoft. While one e¤ect of limiting the available space

might be to raise the price for advertisers, doing so can also create value for consumers by

�ltering out irrelevant ads. Athey and Ellison observe that reserve prices sometimes can be

welfare-enhancing for a similar reason. (See also Ostrovsky and Schwarz, 2010, for a revenue

perspective on reserve prices.)

A key insight from previous section was that platforms should reward users that create

value for others. One way that search engines do this in practice, while at the same time

trying to promote e¢ cient matching, is to promote more relevant ads. Suppose that adver-

tiser i�s relevance is captured by a parameter �i, so that if ad i is placed in position j it will

receive �ixj clicks. Then i�s value for position j is vi�ixj, and the e¢ cient assignment ranks

advertisers by their impression values vi�i, rather than their click values. In a weighted GSP

auction, the bids are multiplied by the relevance scores and ranked according to bi�i. The

17In equilibrium, consumers search sequentially starting with the top position. An interesting feature of
their model is advertisers now care about the other ads that appear on the page. Jeziorski and Segal (2009)
provide some empirical evidence on consumer behavior that supports the idea that an ad�s click rate depends
on the other ads on the page.
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weighting allows high quality advertisers to pay less per click for any given position. The

resulting GSP equilibria are also e¢ cient, though the revenue may be reduced relative to

an unweighted auction.18 For example, if the high value bidders are also the most clickable,

then weighting relaxes the competitive pressure on the winning bidders and lowers prices.19

An interesting feature of sponsored search that is not captured in the position model is

that each search query triggers a new auction, and bidders have the opportunity to frequently

update their bids. Why use a real-time market? One reason is that there is variation in

the number and type of searches, so advertisers attempting to allocate a budget across

keywords will want to optimize dynamically, and prices should be similarly adjusted. An

alternative explanation is that bidders are uncertain about their values or quality scores,

or the behavior of their competitors, and are continuously updating about these variables.

Some recent papers show that the GSP loses some of its appealing properties � for instance,

a pure-strategy equilibrium may not exist � when there is uncertainty about bidder values

(Gomes and Sweeney, 2009), or residual supply (Hashimoto, 2010). So this raises an empirical

question of whether search auctions are in fact relatively stable, and adjust smoothly to

variations in demand and supply, or whether real-time bidding introduces some strategic

volatility as in the pay-your-bid auctions discussed above.

4.2 Structuring Search in e-Commerce

The matching problem faced by e-commerce sites is similar in many ways to sponsored

search, and interacts with both platform pricing and the nature of competition between

sellers. At one extreme are cases in which users have identi�ed a speci�c product (say, a

particular make and model of digital camera), and want to �nd the best price from a reliable

seller. A number of papers (e.g. Baye and Morgan, 2000; Baye, Morgan and Scholten,

18Quality adjustment in the GSP means that advertisers are asked to pay the minimum bid that would
ensure their position. So advertiser in position k position pays pk per click, where pk�(k) = b(k+1)�(k+1),
where b(k) is the bid of the kth-ranked bidder and �(k) her quality score.
19In a GSP auction with quality weighting the equilibrium payments correspond to market clearing position

prices. With no quality weighting, the equilibrium payments correspond to market clearing prices in the
market for positions if each position has a price per click rather than an lump-sum price. To see why click-
weighting can reduces revenue, suppose bidder 1 has the highest value and click rate, then bidder 2, and so
on. The minimum position prices that clear the market are tk =

P
j�k+1 vj�j (xj�1 � xj). The minimum

per-click prices that clear the market are p�k =
P

j�k+1 vj (xj�1 � xj) =xk, which translates into position
payments t�k =

P
j�k+1 vj�k (xj�1 � xj) : As the qualities �k are decreasing in k, we have tk < t�k.
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2004; Ellison and Ellison, 2009) have studied price comparison websites, where retail listings

are ranked according to quoted prices, typically with some additional information displayed

about shipping costs or seller quality. One insight of this research, which I discuss in the

next section, is that sellers have a strong incentive to manipulate or interfere with the search

process in order to soften price competition.

A somewhat higher level problem arises when user interests are less speci�c, or retailers

are o¤ering di¤erentiated products. This is the problem faced by platforms such as Amazon,

eBay, Alibaba or Taobao, who want to make it easy for buyers to �nd relevant products, while

charging sellers for access to buyers. These platforms frequently rely on a combination of

factors to generate listings, including the likely relevance of each seller�s product, prices, and

seller quality. eBay is an interesting example, because it initially ordered its search results

by auction ending time � prioritizing sales that were about to �nish, and giving all sellers

an opportunity to be listed �rst � before moving to a �best match�ranking. With more

complex ranking systems, an immediate issue is that the mechanism for assigning priority

a¤ects seller incentives. Greater transparency sharpens the incentives, but also expands the

scope for ine¢ cient gaming.20 Perhaps in response to this, many platforms appear to use

relatively opaque ranking systems.

The organization of consumer search also interacts with the way that platforms structure

their prices. For instance, some platforms such as eBay and many job search engines, charge

a listing fee. A high listing fee discourages sellers from creating listings that are unlikely to

generate sales, reducing the burden on the platform of trying to identify and demote low-

quality listings. In contrast, platforms such as Amazon charge a sales commission, which

arguably aligns the platform�s incentives with those of sellers. Price comparison engines tend

to follow the sponsored search approach and charge sellers per click, although they also may

have mechanisms that allow sellers to pay for featured placements. In practice, all of these

pricing systems have potential drawbacks in term of aligning incentives. Dellarocas (2009)

and Aggarwal, Athey and Yang (2009) discuss some of the problems created by charging

sales commissions or payments for �conversions�. Similarly, Hagiu and Jullien (2010) argue

20Examples of gaming can include attempts to manipulate quality or feedback scores, substituting shipping
costs for item prices, and various �bait-and-switch�, add-on, or obfuscation strategies.
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that many fee structures leave platforms with insu¢ cient incentives to guide consumers

toward most likely match. This leads to �search diversion,�in which a platform �rst steers

consumers toward a less likely option, hoping to bene�t from a repeat search.

4.3 Matching in Online Advertising

Many internet sites for traditional and social media are at least partly advertising supported.

An interesting feature of the advertising markets that support these sites is that online

advertising often can be targeted or matched very speci�cally to individual consumers. While

viewers of a television show see the same commercials, viewers of a web page may see di¤erent

advertisements depending on their demographics or their past internet browsing behavior.21

This is an example of the type of customization discussed in Section 2. It also has similarities

to the matching problem in sponsored search although the broader advertising market is less

structured and the opportunities for advertisers are in many cases less clearly de�ned.22

The ability to target advertising in principle allows for more e¢ cient matching, but it

also creates some interesting, and relatively unsettled, market design challenges. The reason

is that there can be a trade-o¤ between allowing advertisers to �exibility customize their

purchases, and imposing a degree of standardization that might lead to a better functioning

market. Even in the sponsored search market, where advertisers can bid separately for

millions of individual keywords, there is a certain amount of standardization because bids

are submitted on a per-click basis that applies to all positions, and in certain cases bids for

a particular keyword may be applied to a larger group of similar, but non-identical search

queries.

Levin and Milgrom (2010) point out that standardization or �con�ation�helps to address

at least two problems associated with excessive targeting. One is adverse selection. If certain

advertisers are better informed or more sophisticated, allowing them to cherry-pick the best

opportunities can make the market unsafe or raise costs for less sophisticated advertisers.

21Relatedly, the internet also allows for improved measurement of advertising e¤ectiveness because ad-
vertisers can use their targeting ability to run controlled experiments and track the subsequent outcome of
advertising exposure. Lewis and Reiley (2010) is an innovative �rst paper in this area.
22The organization of display advetising markets is also very di¤erent from the sponsored search environ-

ment. Display advertising is sold through both negotiated contracts in which publishers guarantee advertisers
a �xed number of impressions, and through real-time auction marketplaces.
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A second problem is that targeting can lead to thin markets and reduced competition,

particularly in contrast to standardized products that con�ate, or adjust mechanically for

�ne distinctions. Bonatti and Bergemann (2010) illustrate this point in an elegant model

where increasing the degree of targeting leads advertisers to specialize and lowers seller

revenue. McAfee, Papineni, and Vassilvitskii (2010) suggest an innovative way to both

protect buyers and create competition in advertising marketplaces by allowing advertisers to

buy �representative�bundles, and using automated algorithms to adjust the bundles slightly

based on realizations of demand and supply.

5 Competition and Consumer Behavior

The previous section explored the problem of matching buyers to sellers in online markets.

In this section, I discuss issues related to competition and consumer behavior in internet

markets. I start with the question of how reduced search costs have a¤ected pricing and

purchasing behavior. I then discuss the extent to which the internet tends to favor di¤er-

ent types of pricing mechanisms than o ine markets. Finally, I brie�y issues related to

reputation and product evaluation in online markets.

5.1 Search Costs and Price Competition

One of the prominent ideas in the early days of online markets was that reduced search costs

would intensify competition and reduce or even eliminate price dispersion. This prediction

has generated a signi�cant body of empirical work, and more recently, some new theory. An

early study by Brynjolfsson and Smith (2000) looked at the prices of books and CDs, con-

cluding that online prices were roughly ten percent lower, but featured signi�cant variation

across retailers, up to 30% of the average price. Baye, Morgan and Scholten (2004) used a

larger and more systematic dataset from a price comparison engine to study consumer elec-

tronics. In their data, price di¤erences in markets with just a few sellers were around 20%.

In markets with many sellers (e.g. over a dozen), the gap between the top few prices was rel-

atively narrow, although the spread between the highest and the lowest price remained over

30%. They frame the results in terms of Baye and Morgan�s (2001) model of price search. In
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Baye and Morgan�s model, retailers set a single price that applies on the comparison engine

and for consumers who come directly to the retailer�s website. Some �direct�shoppers do

not check other prices, leading to equilibrium price dispersion.

Ellison and Ellison�s (2009) study of price comparison engines is noteworthy because they

combine data from the comparison site with proprietary data from a large seller that allows

them to see how listing position relates to sales volume.23 They �nd that the returns to being

the low price seller are very high, because demand falls o¤ sharply with a seller�s position.

This leads to intense competition to state low prices, at least for low-quality products. It

also gives sellers an incentive to use various �loss leader�or �bait and switch�tactics that

divert consumers who have clicked on listing toward products with higher margins. Ellison

(2005) provides a theoretical model which captures the idea that add-ons can soften price

competition, while Ellison and Wolinsky (2009) study a more traditional model in which

�rms soften competition by �obfuscating�and increasing consumer search costs.

In the models just described, consumers �nd it costly to search, but their search behavior

is sophisticated. A number of recent papers argue that a lack of consumer sophistication

helps to explain various features of online pricing and competition. For example, Hossain

and Morgan (2006), and Brown, Hossain and Morgan (2009) investigate whether consumers

on eBay place the same weight on price and shipping fee. They �nd that in certain cases

auction prices do not fully compensate for di¤erences in shipping fees. Lee and Malmendier

(2010) is another behavioral paper that focuses on eBay. They study an episode in which a

particular board game was simultaneously o¤ered at a posted price and by auction. Although

the average auction price was quite similar to the posted price, the game sold for $10 or more

above the posted price in about a quarter of the auctions. Based on this �nding, they argue

that at least some buyers engage in insu¢ cient search.

These studies mainly focus on consumer demand for individual goods. There is also

a related question of whether reducing search costs re-allocates demand across products.

Some in�uential early papers argued that lower search and display costs online would shift

demand toward so-called �tail�products. For instance, Brynjol¤son, Hu and Smith (2003)

23Ghose and Yao (2009) point out that one limitation with most studies of price comparison engines is
that they look for dispersion in posted prices, rather than in transaction prices. They provide evidence from
the GAO�s procurement marketplace, showing that transaction prices feature much lower dispersion.
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estimated that of the roughly two million book titles o¤ered by Amazon, the top 100,000

� which would be roughly the number of titles available at a Barnes and Noble superstore

� accounted for only about 70% of total sales (see also Chevalier and Goolsbee, 2003).

While the proliferation of products online seems hard to debate, the �long tail� e¤ect is

less obvious. One reason is that if a certain product become successful in a certain market,

the internet o¤ers an opportunity to expand rapidly. Elberse and Olberhozer-Gee (2008)

argue that online markets have the reverse e¤ect of channeling demand toward �superstar�

products, and provide some evidence of this from the video rental business. Given the

wealth of data available about online purchasing decisions, this debate seems ripe for further

empirical analysis.

5.2 Auctions and Posted Prices

Another in�uential idea in the early days of internet markets was that lower transaction costs

would facilitate the use of dynamic pricing mechanisms such as auctions (Reiley, 2001; Hall,

2002; Bajari and Hortacsu, 2004). Generally speaking, auctions have the virtue that they

encourage buyer competition for scarce goods and facilitate price discovery. But they tend

to involve higher transaction costs than posted prices because a seller has to assemble and

coordinate competing buyers to run an auction. Internet auction platforms such as eBay

reduce these costs by allowing bidders to bid remotely using a proxy mechanism.24 But

because the internet also reduces the cost of �nding prices for comparable items, it seems

possible that it would also reduce the need for price discovery. Einav, Knoep�e, Kuchler

and Levin (in progress) note that in the eBay marketplace, which was once dominated by

ascending auctions, posted prices constitute around 80% of current listings.

To see how the trade-o¤ between pricing mechanisms might work, consider a seller with

a single item and a cost of selling equal to c. Suppose there is a set of buyers who have

identical value v for the seller�s item. The seller is uncertain about the value buyers assign

to the object, and views it as a random variable. For concreteness, let�s assume a uniform

24Many studies have pointed out that even though eBay�s auctions are technically ascending often, bids
often come in close to the end, so that in practice they can sometimes be more similar to second-price sealed
bidding (e.g. Bajari and Hortacsu, 2003, 2004; Roth and Ockenfels, 2002).
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distribution on [0,1]. Now imagine that the seller can either post a price p, or run an auction

with some reserve price r. The drawback to running an auction is that it inconveniences

buyers, an e¤ect we can capture in shorthand by assuming their value is reduced by an

amount �. Now, if the seller sets a price p, the item will sell if v � p, or with probability

1�p. If instead the seller runs an auction with reserve price r, the item will sell if v�� � r,

and if it does sell, competition between buyers will drive the price to v � �.

In this very simple model, an auction provides an e¤ective means to sell with high prob-

ability (by setting a low reserve price) while ensuring buyer competition and price discovery.

On the other hand, the higher transaction cost makes it a less desirable way to maintain

a relatively high price.25 This is illustrated in Figure 3, which shows the �price-quantity�

pairs that are attainable through di¤erent choices of posted price p or reserve price r (plotted

assuming that c = � = 1=3).26 Einav et al. provide evidence on the listing choices of eBay

sellers, and the resulting sale outcomes, that is consistent with this trade-o¤ and some of

its implications, such as the idea that posted prices should become more attractive when

sellers have thinner margins, or less uncertainty about buyer valuations. They argue that

the trade-o¤ between price discovery and transaction costs also helps to explain why eBay�s

market transitioned from auctions to posted prices as the market matured.

For certain types of goods, auctions can play a role in allocating last-minute or remnant

inventory. Sweeting (2010) provides an interesting example in studying the market for base-

ball tickets on StubHub and eBay. He �rst shows that prices adjust downward as the game

approaches, and relates this to the predictions of dynamic pricing models. In many such

models, the opportunity cost of selling a perishable good falls as the �expiration date�ap-

proaches, leading to falling prices. Of course, this prediction can depend on whether buyers

anticipate price declines and time their purchases strategically. Board and Skrzypacz (2010)

show how the optimal sales strategy for a perishable goods seller with strategic buyers can

involve dynamic price adjustment followed by a last-minute auction. This pattern is at least

qualitatively consistent with internet sites conducting �last-minute�auctions for plane and

25The qualitative point is not speci�c to the numerical example, although in general it relies on the
distribution of consumer values being log-concave.
26The �gure also show the optimal posted price p� = (1 + c) =2, which results in pro�t �P = (1� c)2 =4,

and the optimal auction reserve price is r� = c, which leads to expected pro�t �A = (1� c� �)2 =2. For the
parameters in Figure 3, both mechanisms have the same maximum pro�t, equal to 1/18.
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hotel reservations, and with a �nding of Sweeting that baseball tickets are increasingly sold

by auction close to game day.27

5.3 Reputation and Evaluation Mechanisms

A characteristic feature of online markets is that buyers typically cannot inspect goods,

which creates opportunities for misrepresentation and even outright fraud. A nice illustra-

tion of this is provided by Jin and Kato (2006), who purchased ungraded baseball cards

both online and o ine and found that the cards purchased online, though advertised sim-

ilarly, were substantially lower quality when they were subsequently graded. Problems of

misrepresentation can become more acute as marketplaces expand, and there is perhaps less

repeat trade. Platforms frequently try to address these issues either through some process

of certi�cation, or through a reputation feedback system that elicits information from users

and then aggregates and displays the information to others.28 There is now a substantial

body of research on this topic, which is surveyed by Dellarocas (2006).

Many studies, starting with Resnick and Zeckhauser (2001), have looked at eBay�s repu-

tation system, generally �nding that sellers with higher feedback scores enjoy some modest

bene�ts. A typical concern in these studies is that the feedback users give is overwhelmingly

positive. Bolton, Greiner and Ockenfels (2009) address the last point by focusing on the

design of eBay�s system. They point out that eBay�s original mechanism su¤ered from a

severe incentive problem. Because sellers could retaliate after receiving negative feedback,

there was little reason for buyers to ever give negative reviews. Bolton et al. use laboratory

experiments to demonstrate how the incentives for honest reporting can be dulled by retal-

iation, and show that eBay�s decision to eliminate seller feedback led to more informative

reports.

27Another example of where online markets have fostered innovation in pricing is in �nancial trading. A
common issue in real-time �nancial markets is that at any given time there is limited demand and supply,
so a large order can have a substantial price impact. Moreover, strategic traders can take advantage of this
by �front-running� or trading ahead of a large order. As a result, traders can be hesitant to place large
orders in an electronic order book, or may spend considerable resources trying to break up or time the order.
In the last few years, however, competition between electronic trading platforms has led to considerable
innovation so that exchanges are beginning to allow orders that are partially concealed, or bundled orders
(Macri-Lassus, 2010).
28Lewis (2010) also provides evidence on the use of seller disclosure strategies to reduce problems of

asymmetric information in the online sale of used cars.
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The design of systems to aggregate user reviews or product evaluations is closely related

to the design of reputation mechanisms. Avery, Resnick and Zeckhauser (2001) is an early

study of recommender systems that focuses on how to structure the timing of evaluations

and payments to consumers. Many of the mechanisms currently in use on platforms such as

Net�ix or Amazon or consumer review sites do not use payments, although users perhaps

enjoy status bene�ts from posting informative evaluations. The design and incentives of

these systems, and their e¤ects on consumer purchasing patterns, have not received that

much attention from economists, although they have been active topics of research in both

computer science and marketing.

6 Conclusion

This paper has discussed the economics of internet markets and some of the research on

this topic from the last decade. The development of these markets has o¤ered an exciting

opportunity to study how changes in technology a¤ect economic activity and the e¢ cient

organization of markets. Many internet markets also provide novel environments for apply-

ing and testing economic theories about platform competition and market design, and for

analyzing competition and consumer behavior in relatively structured, controlled environ-

ments with extraordinarily detailed data. Though the pace may not match the growth rates

I referred to at the beginning of this essay, I expect to see many more research advances in

this area over the next decade.
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Figure 1: Estimated Cost of Selected Keywords

Figure 2: Estimated Cost per Click and Implied Value per Click

Notes: Figure 1 shows estimated clicks and cost per day for selected keywords from Google’s Traffic Estimator, accessed in 
May 2010. The fitted curves in are the piecewise linear convex curves that minimize the sum of squared deviations from the data.
Figure 2 shows the cost per click for each quantity, c(x)/x, and the implied value, v=c’(x), for a bidder purchasing that number of
clicks, both obtained from the fitted cost curve c(x) in Figure 1. 
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Figure 3: “Price-Quantity” Pairs for Auctions and Posted Prices
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Notes: Figure shows the market demand curve for a posted 
price seller, and a plot of probability of sale against expected
price for auctions with different reserve prices. Point A results
from and optimal auction, and B from an optimal posted price.


