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ABSTRACT Traditionally, price information has been provided for

) free to potential customers. Even in cases where price in-
Shopbots and Internet sites that help users locate the begormation was provided to customers through third parties,
price for a product are changing the way people shop byho would benefit from it, sellers did not have the techno-
providing valuable information on goods and services. This |ogical means to either charge these intermediaries for the
paper presents a first attempt to measure the value of ongyice information or prevent them from obtaining it. Fur-
piece of information: the price charged for goods and ser- thermore, today, it would be infeasible to charge the buyers
vices. We first establish a theoretical limit to the value of {5y price information, given the lack of a widespread micro-
price information for the first seller in a market that decides payment scheme.
to sell price information through a shopbot and quantify the However, in the future, we expect that buyers will em-

revenues that the seller can expect to receive. We also diS-p|0y software agents that will purchase physical goods on
cuss seller competition in selling price information and ana- panalf of their human owners. It would then be feasible
lyze the equilibria that our model predicts. We then demon- ¢, the shophots or the sellers themselves to charge buyer
strate how our analysis can be used to argue about the 'nforhgents for this information. The sellers of price informa-
matipn val_ue and pricing of other product attribqtes, such aStion must therefore know how much they can charge for it.
quality. Finally, we drop our model's assumptions to dis- |5 order for the buyer agent to know which price quotes to
cuss whether and how much of the theoretical value canprchase, it must also know the value of the price informa-
actually be realized in equilibrium settings, and the prac- jjon (g its human owner. It is thus important to explore how
tical problems and implications of our ideas. Our results jna can price price information.

give counterintuitive predictions about the future forms of
some electronic markets, including the possible collapse ofhe
the free shopbot model.

We argue that price information has economic value and
nce can be bought and sold. If shopbots that provide free
services and profit only by selling advertisement space do
not want to pass the cost of price information on to con-
1. INTRODUCTION sumers, they will have to share their advertising revenues
with demanding sellers. This will be an issue particularly

Shopbots and Internet websites that perform comparisond” Markets with high price dispersion and might lead to the

of prices and product characteristics change the way peopleF©!lapse of the free shopbot model (or, more accurately, the
shop for goods and servicéghey reduce search costs and constant cost model) for these markets. The incentives that

offer the potential for new forms of search and market struc- sellers have to start charging for price information cannot
tures for buying and selling information about products. be overlooked. We calculate below the extra revenues an

Even though the reduction of consumers’ search Costsonllne bookstore would have, had it charged the optimal

. . mount for this information, t n aver 15. nt r
has caused increased competition among sellers, when corranountforthis information, 0 be on average 15.6 cents pe

pared with conventional markets of bricks and mortar retail- ZZ?FS:Z' Irr]i:en?ri‘g(r?]g;iivfi? zetl)lggi‘ Jahr:s Ce&:]nekr):t:-:-n;e;%;ettrzd
ers, Internet markets are far from frictionless and consider- P 9

able and persistent price dispersion exists [4]. This price $O'&56’B7t.: $1.09 Ee{orihthe actual bog)k Ilf sc_)ld tr}rgighsg
dispersion is big enough to make price information valuable asnopbot in a Market with an average book price o '

to consumers who are price sensitive and want to compare{ﬁi{'iggﬁ’\/zigrﬁhgiy st;r]tosegg?sg g;\’(ajlrs?griec?r;or;nt?r?ogn
prices before buying a good or service. 9 P peting

this price dimension too.
1An extended abstract of this paper has appeared in the proceedings of Yannis Bakosl [1] has shown that sellers have StrQng i_n'
the 2001 ACM Conference on Electronic Commerce(EC'01). [14] centives to manipulate the way buyers access their price




information. After separating search costs for price and mation, even when every other seller in the market provides
product information, he shows that sellers prefer buyers toit for free. In section 4 we extend our model and consider
have high search costs when searching for price informa-sellers competing in selling price information and point out
tion, even when product information is relatively easy to that the lowest product price seller might end up lowering
acquire. total revenues (product sales plus price information sales

Two recent papers have considered price information revenues), unless he prices taking the second lowest price in
on the Internet as a good that can be traded: Kephart ancaccount. We also analyze two possible equilibria. In section
Greenwald [10] consider the possibility of a shopbot ma- 5 we show how our model can be extended to price quality
nipulating the buyer's search cost structure. They first deter-information. In section 6 we drop our model assumptions
mine the optimal buyer behavior, given a certain search costto discuss price information value in the real world. More
structure, and then consider what happens if a shopbot carspecifically, we examine the obstacles that a seller would
manipulate the buyers’ cost structure by charging money for have in realizing the maximum value of his price informa-
the service it provides. The buyer agent can specify howtion, as computed in sections 3 and 4. We conclude in sec-
many price quotes it wants to acquire, but it cannot specify tion 7.
which. The shopbot then randomly samples and delivers the
number of price quotes the buyer agent demanded. The au-
thors consider both linear and non-linear cost structures on

the number of price quotes. ) . This section explains our interest in the pricing of price in-
Baye and Morgan [2] propose a model in which & “gate- formation and explains our choice to study a model where
keeper” charges a fee to both sellers who advertise theirgg|lers sell their price information directly to buyers who
prices via the gatekeeper and buyers who access the pricgish to perform comparison shopping.
qguotes. The gatekeeper is an intermediary in an information
market that supports the product market.
In a sense the focus of these two papers is the ability

of the price comparing intermediary to realize some of the The most important motivation for our interest in the pric-
added value its service generates to othe_r participan?s in thqng of price information is related to the socially optimal
market. Both papers strengthen our belief that the idea of|eye| of information available to market participants in dif-
selling price information has become plausible with the ad- ferent markets. It is shown in [1] that sellers will not only
vent of economically motivated software agents. fail to invest in better search technology for the buyers, but
One characteristic of these approaches is that they asthey will actuallyresistany scheme that reduces the buyers’
sume that the shopbot/intermediary is a monopolist, as itsearch costs, unless they (the sellers) can capture the bulk
faces no competition. In these models, competition would of the buyers’ efficiency gains.
drive price quote prices down to the marginal cost of acquir-  For example, different airline reservation systems such
ing them. The intuition behind our appl’oach is that a seller as PARS, SABRE and Apo”O, were initiated by airlines
can manipulate his own product price, and subsequently hisTwa, American and United respectively) to help travel-
information value, but a shopbot cannot. A seller does havegrs find suitable flights. However, by passing a system uti-
monopoly power over his information as he is the only one |ization fee to the passenger’s ticket they could effectively
that can guarantee that the information is accurate. control the amount of the traveler’s efficiency gain that they
Our approach, thus, differs from previous work as we could capture. Furthermore, the reservation systems were
consider sellers selling price information directly to price used as a tool to promote the controlling airline’s offers
sensitive buyers. This paper is the first, as far as we know,at the expense of information transparency. Bakos [1] ex-
that connects product prices with the information value they plained in detail the incentives of these sellers to manipu-
generate to the seller of the products, and its central con-late the amount of information they provide, making search
tribution is that it proves that the issue is important in e- more expensive for the buyer.
commerce and might influence the structure of future Inter-  Sellers have been observed to effectively oppose search
net markets. cost reduction efforts initiated by buyers. For example, in
The rest of the paper is structured as follows: In sec- the famous case of the “Bargainfinder” electronic agent, mu-
tion 2 we give the motivation for our work and our model sic CD stores forbid the agent from accessing their price
choices. We present in section 3 our model of a commodity databases. Even auctioneers have been known to oppose
market where people shop through shopbot sites and derivéntermediaries who seek to facilitate buyers locating items
the optimal pricing scheme for price information when only across many auctions, as in the widely publicized legal dis-
one seller sells price information. We prove that there are pute between Ebay and different auction aggregators that
economic incentives for a seller to start selling price infor- provided information from a variety of auction websites.

2. MOTIVATION

2.1. Towards more efficient markets



Currently, intermediaries such as Travelocity and Expe- system is strained (bandwidth, computation and databases)
dia understand the seller side demand for the existence ofas agents demand faster and faster updates on the current
information “friction” and the sellers’ reservation to reduc- price schedule. It is hardly surprising that in those high-
ing consumers’ search costs. Both web sites do not com-speed, ultra-rational settings, any item, such as price infor-
pletely facilitate price comparison, but rather require a lot mation, that has value and is provided for free will tend to
of “clicking” and patience from the traveler that wishes to be overused.
find the cheapest available suitable flight. In [11], Kephart, Hanson and Greenwald study a multi-

Furthermore, most shopbot websites are in reality inter- agent economy where goods are traded between econom-
mediaries, whose incentives do not always match the con-ically motivated software agents that extensively use tech-
sumer’s. Shopbot-seller deals are quite common as shopnigues such as comparison shopping and dynamic pricing.
bots seek ways to increase their revenues, often at the exThey describe a catastrophic outcome, where the sellers, by
pense of information transparency [5]. trying to increase the rate by which they can update their

Thus, a deadlock appears in the problem of designing aprices and dominate their competitors, increase the rate by
market mechanism that provides the socially optimal amountwhich they request price quotes and engage in a speed com-
of product information to buyers: if that mechanism is not petition that ends up consuming all available system band-
controlled by sellers, they will effectively oppose it and if width, before the market breaks down. A solution they pro-
it is, they will use it to promote their own interests on the pose is making price information expensive to acquire.
expene of information transparency.

Selling price information presents a way out of this dead-
lock: by selling their product information the sellers can
control the amount of buyer efficiency gains they can cap-
ture, so they would not oppose such a mechanism. But, ad-
ditionally, they will have the incentive to improve the rich-
ness, timeliness and overall quality of the information they " © ; )
provide in order to make their information “bundle” (that in- prices are driven down to mgrgl_n_al cost, produc_ts sold on
cludes product characteristics and price) attractive and thudn® Internet demonstrate a significant and persistent price
increase their information revenues. ghspe_rsmn [18][6]13]. Smlth: Bailey anq Brynjolfssfon [18]

It is thus interesting to work towards models that con- identify product heterogeneity, convenience, lock-in, brand,
nect the quality of the information that the sellers provide, 2Wareness and price discrimination as potential sources of

to some monetary payment that can induce better informa-tNiS Price dispersion. It seems plausible that price disper-
tion. Our model is a first such attempt and lays the foun- ston exists due to a complex interaction _Of a!l _these po-
dations for product information markets, not to explicitly t€ntial sources. This paper assumes for simplicity that the
demonstrate how monetary payments for product informa- price dispersion on the Internet exists due to the presence of
tion can be used to achieve information transparency andMUltiPle classes of consumers that value products in differ-
market efficiency, but rather to explore the feasibility of the €Nt Ways and demonstrate distinct shopping behaviors. The

idea, proving that monetary payments can actually occur, sellers have optimized by selecting a price for their prod-
and that price quote prices are not driven down to marginal ucts that maximizes their revenues across all these classes of

gonsumers. We further assume that one such distinct class
Is composed of shopbot users who buy products only based
on price.

In order to present a closed model, some additional dis-
cussion and assumptions are needed. A question that arises
There has been much interest in the design and developmerits why sellers give price information for products for which
of multiagent systems comprised of economically motivated they know they do not offer the lowest price. Even though,
software agents [22]. Primitive multiagent economies [8] under our assumptions, sellers will never make a sale through
shed light into future forms of online shopping and multi- a shopbot when they do not offer the lowest price, they
agent, market-based, solutions are tested in fields rangingare indifferent in providing this information, since if they
from train scheduling to temperature control with the goal deny it, they will not make a sale either. Also, by display-
of achieving better resource allocation than traditional solu- ing their information on a shopbot site, they increase their
tions [15] [7]. brand recognition among consumers. Furthermore, sellers

A common problem arises in many asynchronous sys-who choose to sell their price information might make addi-
tems of this type: agents that wish to know the current mar- tional revenues from the shopbot, even though they will not
ket prices and take action faster than their competitors con-make a sale.
tribute to a “tragedy of the commons” situation, where the We consider a market withlv' sellers that sell many dif-

3. ONLY ONE SELLER CHARGING FOR PRICE
INFORMATION - MAXIMUM THEORETICAL
VALUE

Far from following the Bertrand view of markets, where

cost even in competition settings, because sellers retain
degree of monopoly power over their information.

2.2. Applications to multiagent systems



ferent undifferentiated goods like books, CDs, electronics, Retailers at a Shopbot .
) i Bookstore ISBN Price
etc. That is, sellers could be bookstores that sell many dif- AllDirect.com 0156001314 $8.96
ferent books, but each book is a commodity product across _A1Books 0156001314 $10.75
. . - . Kingbooks.com 0156001314 $11.20

all sellers, uniquely identified by its ISBN. BN com 0156001312 $12.00

We assume that sellers draw their product prices from a Amazon.com 0156001314 $12.00

d distributi ith di |ati Powell’'s Books 0156001314 $14.00
random aistriou |0rf($) with a corresponding cumulative Fatbrain.com 0156001314 Price Info: 10 cents

distribution denoted by (z), constant across time, that is
exogenous to our model and common knowledge. This as-Table 1: A hypothetical example of a seller charging for
sumption is rather strong since we cannot expect all books,price information through a shopbot

for example, to follow the same price distribution, but it

does not effect our results qualitatively. Our results will be .

an overestimate for items that display higher than the aver-2nce of the page to remove used books and other editions of

age price dispersion and an underestimate for the items tha{Ee gOOK and ?ISO removed tb}?tbmm'c_o?l price from o
display a lower than the average price dispersion. the data. We also summarize the same information in table

Our assumption that sellers draw their prices from a ran- L

dom distribution, is justifiable if we consider the buyers’
view of the market. Another way to describe our model is as
if buyersbelievethat sellers draw their prices from a random
distribution f (z). Sellers that offer many items in different
prices have a price distribution across all the items that they3.1. The buyer’s problem
sell. A buyer is likely to have some idea of the overall price

There are three distinct entity classes in our market: the
buyers, the sellers and the shopbots. Each class faces a dif-
ferent problem. We address each of these problems in turn.

X X The buyers have three choices: they either pay for the addi-
levels of a seller based on previous experiénddowever o price, do not pay but simply accept the lowest price
_the buyer_ is still unce_rtam about_ the price of tr,1e particular among the remainingV — 1 sellers without bothering to
item she is currently m_terested in. 'I_'he. buyer’s best _guessleamj,S price, or incur a fixed cost of inconvenieneeas-
would be that the price is randomly distributed according to sumed to be the same for all buyers, to visit the seller web-

f(z). . site directly. This inconvenience cost can range from a few
_In [3] Baye, Morgan and Scholten argue that the price cents, in the case of a simple web query, to a few dollars in

distribution f is a persistent phenomenon varying across he case of a difficult to search web interface, to infinity for

markets, rather than a temporary disequilibrium in Internet e case that the seller does not provide any price informa-

markets. tion even at his website
_ Prospective buyers know the distribution of the prices  Assuming that the buyers are rational, they will want to
in the market, but do not know which seller is the cheapest|earn seller;’s price if they expect that the cost reduction
for the particular product they are interested in. They have youid be more than the cost of acquiring the price quote.
no preferences for particular sellers and they are willing to Gjyen that the minimum price for the good among the re-
buy from the one that offers the lowest price. For this rea- maining v — 1 sellers isq, the buyer knows that the ex-
son they shop through a shopbot site that displays the pricegyected decrease in the minimum price from another search
of all sellers in the market for the product that the buyers js gqual to:
specify.

Sellerj decides to sell his price information and con- a a
tracts the shopbot to deliver all product information for free, 9a) = /0 (4= 2)f(@)de =... = /0 Fa)de (1)
except the price, which will be available at an additional fee.
The buyer can click on a button or a link and gatprice  She is willing to pay;’s price information pricep, to learn
immediately by paying a price. In figure 1 we show such ~ J’'s price if p < g(g) andp < c. If p > g(q) andc > g(q)
a hypothetical agreement betwe@uwok finder.com and ~ the buyer is better off by purchasing the item priced; at
Fatbrain.com. We queriedBook finder.com for a par- without requesting any additional information. Finally, if
ticular edition of Umberto Eco’s “Name of the Rose” and ¢ < ¢(¢q) andc < p, the buyer will visit;’s website directly

found 7 sellers that offer the book. We changed the appear-0 learn;’s price.
We expect that in the future, buyers will delegate these
2The StreetPrices.com shopbot displays graphically the price range for“micro-optimization” decisions to software agents that will
a particular product, even before the user has access to actual prices. A
potential buyer can thus obtain a good idea of the price dispersion for the  3An example of a very high alternative search cost would be the case
product. Other websites, such as BizRate.com will provide information on that the buyer has to have knowledge of a promotion code, usually available
the overall price levels of a particular seller. It is thus feasible for a buyer through direct marketing or printed press advertisements. If the buyer does
to form reasonable expectations for the price levels of a particular seller on not happen to have the code it is very difficult to find one and learn the
a particular product even without past experience. item’s price.




BookFinder.com Search . About . Interact . Help

Bids starting at $§7

where you set the prica”

Displaying books where:
Author is Eeo, Umberio
Title is The Mame of the Rose

Matching books for sale Click the price to find out about a choice (Step 3 of 3)
New Books: 1-15 of 15

# Bookseller Notes Price
1 |AlDirect com ISEN: 0156001314 $8.96
Publisher: Harcourt
536 pages
2 [&1Books [<E1: 0156001314 $10.75
[Publisher: Haveourt
536 pages
3 [Kingbooks.com [SEW: 0158001314 £11.20
[Fublisher: Harcourt
536 pages
4 [bamesandnoble com [SEN: 0156001314 $12.00
[Fublisher: Harcourt
536 pages
5 [&mazoncom [SEM. 0156001314 £12.00
Publisher: Haroourt
536 pages
& [Powells Books [<EN. 0156001314 £14.00
[Publisher: Haveourt
536 pages
Trads paper
7 [Fatbraincom [<EN. 0156001314 Click to find price
[Fublisher: Harcourt
536 pages
(it will cost 10c)
{ All matching new books shown )

Figure 1: A hypothetical example of a seller charging for price information through a shopbot

be authorized to purchase product information under budgetj cannot charge more thafnthe inconvenience cost to the
constraints. These agents will try to minimize the buyer’'s buyer of visitingj's website directly. So, the seller would
total cost (product plus search costs) while providing total set his price to

process transparency to their human owner.

p(g) = min(g(q), c), )
3.2. The seller's problem where, againg is the minimum price observed so far.
Sellerj’s problem is how to price his price information to We have assumed that should the buyer decide to pay

maximize revenue. Buyers have queried the shopbot sitefor sellerj’s price, the price will be displayed immediately
and found that the current lowest price for the product they when requested (the shopbot pre-fetches the price but with-
require isq, whereq follows some distributioh £V ) (2:) holds it), so there are no wait costs.
that depends ofi(z) and the number of other sellers,—1. The expected revenue per customer for sejldrom
Sellerj would know that, since he too can query the shopbot Selling price information as goes to zero is thus:
and obtain the free price quotes. oo

Again, we repeat our assumption that the seller does not =/ " epq)dg 3)
change his price. The price has been set by the seller to max- 0
imize revenues across all different categories of customers,
including those that shop directly from the sellers web site

without intermediaries. For example the seller might not be g nh0ts or shopbot users. We use internet book price dis-
allowed to price discriminate (charging different customers persion data, including all costs (shipping etc.), collected in

different prices) or might be afraid that a price reduction 41 ang assume that all books follow the same price distri-
might ignite price wars with other sellers (See section 6.3). 1 ion. That means that our results would be an underesti-
_ The seller can safely set the price of his price informa- 5t in the cases of books that exhibit higher price disper-
tion to c belowg(q), given by equation 1, knowing that ra-  gjop, than the average, and an overestimate for the books that
tional buyers will always want to know his price. HOWever, paye jower than average price dispersion. We have fitted the

4This is simply the 1st order statistic, the distribution of the lowest value authors’ de-meaned experimental data with the normal price
in N — 1 draws from distributiory, fl“(y) =i(1—F(y)"1f(y). [9] distribution with mean zero and standard deviation 2.0.

It is informative to estimate how much an online book-
store would be able to charge for its price information to




The shopper session described in figure 1, is a repre- Value Generated per book, before the book is
sentative case of price dispersipmlescribed well by the $1.15 =
normal distribution with standard deviation 2.0, the shop-
per has discovered a minimum price of $8.96. The expected
gain that a shopper would have from knowing one additional $1.05 1
price isp($8.96), close to 9.8 cents. The seller could charge
just below 9.8 cents for this book’s price, to make sure that
rational shoppers would pay. $0.95

The average revenue per buyer, the seller would expect
from selling price information in this market with seven
sellers is, from equation 3, approximately 15.6 cents per  soss
shopper, assuming an alternative search cest50 cent$
to obtain the same information by other means. For 20 sell- 3456 7 8 91011121314 15 16 17 18 19 20
ers the expected revenue per buyer drops to 4.3 cents. Number of saflers

If seller j prices his price information with the method
suggested above, a rational buyer will always purchase it.Figure 2: Maximum theoretical value that a book’s price in-
So, sellerj makes the revenues described by equation 3 ev-formation can generate, before the actual book is sold. Only
ery time a consumer uses the shopbot. Furthermore, thedone of the sellers charges for price information.
seller makes sure that when he happens to sell the cheapest
product, this information will eventually be conveyed to the
buyer and thus he will not risk losing a product sale.

We use the ternimultiplicative effect” to refer to the
fact that a buyer requires multiple price quotes for a single andII is defined in equation 3.

purchase. Conversely, a seller would potentially be selling We see that the price information value for a seller in

price information more often than products. For example in : A
) .a market of 20 sellers is not significantly lower than the
a market of seven bookstores, assuming each bookstore is

equally likely to carry a cheapest book, each bookstore i Same value in a market of 3 sellers, or the peak value for

. 6 sellers. Intuitively, this is because in a market of three
expected to make 1/7 of total sales. If a seller is the only
o ) . . sellers, each seller would sell books more often (once every
one that sells price information, pricing according to equa-

tion 1, rational buyers would always purchase this informa- three sales, on expectation), so each book would not gen-

. o : . erate much value before the sale. More sellers in the mar-
tion. So for an average price information price of 15.6 cents, :

e . ket would mean that a price quote would be requested more
the bookstore’s price information would on average gener-

ate$0.156 x 7 = $1.092 per book that the bookstore sells. times, before the book is actually sold. So, even though

For an average internet book price of $13.69 the information the price mforma‘ugn yalue per buyer IS conS|derany.Ic_>wer,
. . . for twenty sellers, its importance in terms of the additional
revenues would bring a revenue increase of approximately P
seller revenue is still significant.

8%. Or, even more accurately, in a market of seven sell- Surorisinalv. th lue d td d tonicall
ers and an average book price of $13.69, each seller expects urprisingly, the value does not depend monotonically

to sell books with an average price of the expectation of on the number of sellers and it peaks when six sellers com-

the first order statistic of the price for seven sellers, which pete. This is an effect of the buyer's reservation price of 50

is about $11, which raises the revenue increase to approxi—cems' In markets with very few competitors, sejirprice

mately 10%. Furthermore, since itis arguably far less costly wfor:me;trllon Itfhvet;y valu’abllte, bl{[ the seller:]r car][nc')at\ price it it
to sell information rather than products, the profit increase \gher than Ine buyers afiernative search cost. As a resu

would be considerably higher. the information revenues per product sold are relatively low.

We have plotted sellei's revenues from selling price in-
formation, per book that sellgrsells, in figure 2, as a func-  3.3. The shopbot’s problem
tion of the number of sellers in the market. We assume that
all other sellers give their price information for free while
sellerj prices it according to equation 2, and that the buy-
ers have an alternative search cost 50 cents. We used

$1.10

the formulall - N for the seller’s information revenues per
product sold, wheréV is the number of sellers in the market

We assume that the shopbot's utility is an increasing func-
tion of the traffic it generates. We further assume that the
shopbot does not subsidize the buyers’ price quote payments.
We deal with the case where a shopbot can subsidize the
SIndeed, the average price for this book is $11.49 and the expectation buyer’s search costs in section 4.4, where we show that in
for 8 . is-2.53, meaning that we expect the minimum price to be $11.49- certain markets shopbot services will not be free for shop-

$2.5%n;§8.96, a pleasant coincidence when we tested the data.
6Based on a back of the envelope calculation for what 2 minutes of time pers. .
worth to the average shopper, given today’s US salaries. The problem that the shopbots face is whether or not to




l/’
[ %
SALE
PRICE

shopbot 2
coverage

shopbot 1

coverage 5 cents

Figure 4: Sellers demand a payment for their product price
Figure 3: Shopbot 1 covers all sellers except j, while shop- jnformation to be displayed to the buyer as part of a shop-
bot 2 covers all sellers, but charges to reveal j's price. bot’s search results. The buyer has already discovered a
seller that charges $17 for his product.

accept an arrangement with thih seller. We consider the
case where a shophsi does not wish to help sellers charge v gifferent sellers that sell many different undifferentiated
for price information and that the seller contracts another goods. Again, product prices follow a random distribution
shopbot5?2 to do so. (See figure 3.) f(p) with the equivalent cumulative distribution denoted by
A prospective buyer would have to choose between the i7(;), constant across time, that is exogenous to our model.
two shopbots. Assume that she can only choose one, sinc&hopbot users know the distribution of the prices in the mar-
if she wants to visit shopbot 1, and then after getting a min- ket, but do not know which seller is the cheapest for the
imum price go to shopbot 2 to see if there are other sellersparticular product they are interested. They have no prefer-
in the market, the model becomes equivalent to the modelences for particular sellers and they are willing to buy from

studied in section 3.1. the one that offers the lowest price.
A rational buyer knows that the expected cost, should

she visitS1 is given byE(fN--1), while should she visi§2,

is E(fN. ). If it is known to the buyer that the cost to get 4-1. The buyer’s problem

an additional price quote is less thaiif~ 1) — E(fN, ),

then the buyer will always visi$2. If the seller charges for

price information using the method described in section 3.2,

then the shopper would visit2. Thus, the first shopbot that

makes an exclusive deal with one or more sellers will attract

all traffic, and other shopbots will also want to make similar

deals.

We have shown in this section that if all sellers reveal

In the extreme case where all sellers charge for price infor-
mation, the prospective buyer cannot find any shopbot that
provides price information for frée
In figure 4 we display the buyer’s problem, when more
than one sellers sell their price information. The buyer has
discovered a seller that charges $17 for the product, either
by purchasing the price quote or because the seller provides
A . ) his information for free. How will the buyer continue with
their price qurmgtlon for freg, it pays for a seller to start i <0402 should he stop and accept the $17 product?
charging for his price information. We now proceed to study f the price quote prices carry no information about the
an equilibrium where all sellers charge for their price infor- hi ! P quote p y .
mation. |dden pr_oduct prices we can r.ef('ar to the optimal consumer
behavior in the classic economic literature [20][17][12][21].
Optimal search behavior has been explored in connection to
4. SELLER COMPETITION search costs that are exogenously given, as in the case of
travel time or communication costs. In the classic economic
In this section we present a model where all sellers charge “Unless the shopbot wishes to absorb the cost for the buyer. In this case

money to re\_/eal their price. . o ) the buyer’s problem is trivial, since all price information is displayed for
We consider a shopbot that displays price information of free. This scenario is explored in section 4.4




literature, search costs do not convey any information aboutcompetitors products and make price information pricing
what the sellers might charge for their products and the sell-decisions based on estimates of product price dispersion.
ers cannot use search costs to signal the buyer about theiOr, sellers may provide price information to a shopbot that
product prices. would then sell it to potential buyers for a commission. That
In such settings, with the sellers drawing their product shopbot would function as a trusted seller proxy. It would
prices from the same distribution, the buyer would keep have all available information to make optimal pricing de-
searching as long as the expected decrease in the minimurgisions to maximize its own commission and seller revenue
price for another search is less than what the buyer has tdrom selling product price information.
pay for it. If the buyer believes that all the product prices The pricep* that jointly maximizes price information
follow the same distribution, the search would start from revenue forV sellers is the price that maximiz&gp),
the prices that are cheaper to acquire. We assume that if two

price information prices are the same, the buyer chooses one » N
at random. If the current minimum price ¢s then the ex- I(p) = (1 + > Qp. i) 4
pected decrease in the minimum price from another search =2

is a function ofq and f, as described by equation 1.

The buyer would start by requesting the price quotes
that are cheaper to acquire and stop when the lowest pric
guote pricep is greater than the expected marginal product N )
price decreasey > ¢(q), whereq is the minimum product The model we presented in this paper is actually a some-
price observed so far. The optimal sequential decision ruleWhat simplified version of reality. In fact, selling product

is for the shopper to continue searching if the lowest price Price information according to equation 4 might actually
observed up to that point is greater thianwhereb is the make the seller worse off if the pricing is not done carefully:
solution tog(b) = p. As we saw in section 4.1, it is not guaranteed that the buyer

However, in our model, the problem is far more com- will actually discover the cheapest seller’s price. Thus, the
plex. Consider the seller in figure 4 that demands 20 centsCheapest seller for a particular product, who would have
for his price quote. In the classic buyer search literature, the¢@pPturéd all buyers, had he provided price information for
buyer would visit this seller last or she might not visit him at fre€, will now make only a fraction of sales and may end up

all. In our model there is no simple answer to the question IOWering total revenue.

“What should the buyer do?”. It depends on what the buyer A solution to this problem would be for the cheapest
believes and can conclude about the product prices, giverSeller to price price information cheaply enough so that a
the price quote prices. In other words it is a matter of how rational shopper would always request it, even though the
the buyer translates the sellers’ signals. second lowest price in the market has been discovered. If

We have solved the problem in [13] for the case of one the che_apest seller knows_that the second lowest price in the
buyer and two sellers with arbitrary product price distribu- Marketisg,, then by charging
tions. The buyers, that know the sellers’ product price dis- o
tributions, observe the s_eller_s’ price quote pnces_and use I(q) = / (g2 — ) f(x)dx — € (5)
Bayes’ rule to update their beliefs about the underlying prod- 0
uct prices.

In the next section we present one of the Nash equilib-
ria to a simplified version of the game fo¢ sellers, where
they all draw their prices from the same distribution. In this
simple Nash equilibrium the buyers do not need to update
their beliefs about the underlying product prices until they
actually discover one of the two cheapest sellers. This is
due to the fact that all sellers appear identical to the buyer,
because they charge the same price quote price.

whereQ(p, ) is the probability that a seller will be theh
do be queried given pricg for his price information. The
formula is derived in the Appendix.

for price information, he makes sure that the buyer will al-
ways eventually discover the lowest price.

One Nash equilibrium of the one-shot game we described
dictates that the cheapest seller prices his price information
according to equation 5 and all other sellers follow by set-
ting their price information price to the same value as the
cheapest product seller.

The buyer would keep purchasing price quotes until she
discovers the cheapest product price. Since all price quote
prices are set according to equation 5, when the cheapest
product price is discovered, all price quote prices become
The first problem a seller would face, in a market for price too expensive for the buyer to pay. The buyer purchases
information, is knowing the product prices of competitors, from the cheapest seller that has just been discovered. On
which would not be available for free to shopbots or price- average we expect that the buyer will n€é¢R price quotes,
comparison web sites. Instead of incurring this cost, a sellerbefore the cheapest seller is discovered.
might choose to buy only price information for some of the For a seller, the expected information revenue per buyer,

4.2. The seller’s problem



given thatV sellers sell their price information is: words, the cheapest seller would never set a price for his
price information that would allow another seller to “steal”
N L1 L the product sale from him, for example if that other seller
Ryuyer = | f2 (@)p(0)( + 51— 52))dg  (6) . e T '
0 N 2 N provides his price information for free.

given that the cheapest product seller sets his price quote . ©N€ Nash equilibrium of the one-shot game we described

price according to the second cheapest product in the mardictates that the cheapest seller prices his price information

ket (equation5), and that other sellers pool by charging theccording to equation 5 and all other sellers follow by set-
same amountfz(N) is the second order statistic faF sell- ting their price information price to the same value as the

. . _cheapest product seller.

er$. That is because, for every second lowest product price _ ) o )
q the average revenue per Customep(i@), with probab"_ . |t is not hard to see Why this b(—?‘haVIOr IS a NaSh equi-
ity 1/N (corresponding to the case where the seller is the librium for the one-shot game. A simple proof consists of
cheapest product price seller and will definitely sell his price checking to see if any player has incentives to alter their
information) plusp(q), with probability 1 (1 — &), which ~ strategy, given that everybody else plays the way we de-
corresponds to the case where the seller is not the cheapscribed. First, a seller, other than the cheapest one can-
est and only half the times his price information will be re- Not alter their strategy, by choosing a different price quote
quested, before the actual cheapest seller is found. price and increase his expected profits. The reason is that

The expected value that the price information of a prod- by choosing a different price than everybody else, he stands

uct generates, before the product is sold, in a markeé{ of ~Out as the non-cheapest seller. The buyer will just ignore

sellers that sell their price information is: him and never purchase his price quote, for any non-zero
price quote price. This is because the buyer knows that
Rproduct = N - Rpuyer (7 it will always be sequentially optimal to keep purchasing

price quotes until the cheapest seller is discovered. So, it
We have plottedRy,yer and Rproquce In figure 5, assum-  does not make sense to purchase the price quote of a seller
ing normal product price distribution, for different number for which she knows is not the cheapest. The cheapest
of competitors and different price distribution standard de- seller will not choose a price quote price lower than the
viations. Ry, IS monotonically decreasing because it de- value given by equation 5, because he would be reducing
pends on the expected difference of the two lowest prices.expected information revenues: the buyer is always willing
This difference is decreasing as the number of competi-to pay as high a price as given by equation 5, so there is
tors increases, due to our assumption that sellers draw theino reason to choose a lower price quote price. The cheap-
prices from an exogenous distributigh However, this est seller cannot choose a price quote price, higher than
seems to be verified by Baye, Morgan and Scholten [3] the value given by equation 5, because the following may
who found that indeed the difference in the prices of the occur: the second cheapest seller would charge the same
two cheapest products decreases as the number of sellers irprice quote price as the cheapest seller and the buyer might
creases. Our model’s predictive power is thus strengthenechappen to request the second cheapest seller’s price quote
by real world data. first because she cannot distinguish between a-priori simi-
A seller is always better off, though, by selling his price lar sellers that have chosen the same price quote price. At
information than giving out price information for free. This the moment that the buyer discovers the second cheapest
suggests that in our model, no seller will want to reveal price seller’s product price, all price quote prices become too ex-
information for free to a shopbot. pensive to continue obtaining, because they would be set
to a value, higher than equation 5. The buyer would stop
purchasing more price quotes, and buy the second cheap-
est seller’s product. The cheapest seller would have lost the
To show one Nash equilibrium, we developed a simplified product sale, which would, by assumption, reduce his prof-
version of the game as follows: The sellers draw their prod- its. Finally, the buyer has no incentive to alter his behavior
uct prices from the same distribution, observe all outcomes, of sequentially purchasing price quotes, until he discovers
and the cheapest seller moves first by choosing a price forthe cheapest seller. Equation 5 guarantees that if the low-
his price information. All other sellers play simultaneously est currently discovered product price is not lower than the
by setting their price quote prices. Finally the risk neu- second cheapest product price in the market, it is always op-
tral buyer starts purchasing price quotes sequentially. Fur-timal for the buyer to keep purchasing price quotes, because
thermore, we assume that in any circumstances the sellergn expectation she reduces her total cost (search cost plus
would rather sell their product than information. In other product cost). The game is thus in equilibrium, since no

layer has an incentive to deviate.
8In other words, this is how the second lowest price in the market is piay ) o )
distributed. Our claim that a Nash equilibrium consists of all sellers

4.3. Equilibrium analysis
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Figure 5: The series represent different standard deviations of the assumed normal product price distribution, in dollars. A
reservation price of 50 cents per price quote is assumed for all buyers. The series that have standard deviation 2.0 correspond
to real internet book price dispersion data.

charging for their price quotes according to equation 5 in- price quotes, then he is not willing to pay more than:
cludes a “hidden” assumption that might not always hold.
We have assumed that when the buyer obtains the second , . o F(x)dx
cheapest product seller’s price quote, she does not realize I'(gz) = min K- F(q)

q2
that this is indeed the second cheapest product seller. If
prices are drawn from continuous distributions, as in our The worst case for the cheapest seller would be for the
model, a buyer would certainly know that she has just dis- buyer to discover the second cheapest seller first, where
covered the second cheapest seller. The buyer will actuallyg = N — 1.
know what the second cheapest product price in the mar-  The expected information revenue per buyer is given by:
ket is, just by observing the price quote prices and reversing
equation 5. When that price is discovered the buyer will use / I G RN T | 1
a different rule for determining which price quotes to ob- Riuyer = /0 R @l + 5= F)de ()
tain: in the new rule the buyer will use the new information
that all but one of the remaining price quotes are useless.

(8)

which is equivalent to equation 6, using equation 8 for the
pricing of price information.

Thus, in order for the cheapest seller to achieve this ~ The expected information revenue per product sold is
equilibrium — since he is the one that sets the pace of thedue to the “multiplicative effect” equal to:
game and other sellers follow — he must randomize his , ,
price quote price by subtracting a random quantity from product = NV * Ryyyer (10)
equation 5, that would make the buyer uncertain that he b .
has discovered the second cheapest seller, if this actually Ong Nash equm_brlum is for the cheapest seller to price
occurs. All other sellers would then match the cheapestaccorfjlrlg to equanqn 8 and aII_other sellers to pool, by
seller’s price quote price. Strictly speaking, according to our charging the same price quote price.

model, which uses continuous distributions for the product The proofis along the same lines as for equation 5. .SeII-
prices, equation 5 is an upper bound of the equilibrium that €S other than the cheapest product seller cannot deviate as
the sellers can achieve that would reveal to the buyer that they are not the cheap

ones. The cheapest seller will not charge anything less than
If the cheapest seller is not allowed to randomize then €quation 8, as he would be reducing expected information
we proceed to describe a fixed equilibrium. revenue and he cannot charge more than equation 8 by any
fixed amountk, as that would allow the buyer to conclude
If the buyer discovers the second cheapest seller thatthe price of the second cheapest seller in the market, and
chargesy; and there ard( sellers remaining with unknown once that seller is discovered the price quote of the cheapest



randomize their price information pricing. Thin lines can

be interpreted either as representing an equilibrium when
Information Revenue the buyer cannot deduce that she has discovered the second
per Buyer lowest price, or as an upper bound of the revenue in an equi-
librium where the cheapest seller subtracts a random quan-
tity from equation 5. Notice that in some cases, the equi-
librium revenue attainable with equation 8 is higher than
the upper bound of the randomized equilibrium revenue. In
those cases the sellers would always want to use equation 8
to price their price information. In the cases where the thin
line is over the thick line, the sellers have the incentive to
start using equation 5 with the randomization rule that we
described.
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Figure 6: Average seller information revenue per buyer. The 4.4. The shopbot's problem

series represent different standard deviations of the assumeth this section we make predictions in accordance with our
normal product price distribution, in dollars. A reservation model about shopbot competition in delivering product in-
price of 50 cents is assumed for all buyers. Thick lines rep- formation to potential buyers. We find that shopbot rev-
resent revenue attainable when pricing is done with equationenues reduce to marginal cost, while their ability to com-
8. Thin lines represent revenue attainable with equation 5. pletely subsidize buyers’ search costs depends on the price
dispersion.
We use a simple utility model for the shopbot that as-

seller, priced higher than equation 8 would be too expen—Slgns a fixed revenug, per shophot user. This revenue

sive for the buyer to acquire. The buyer would be better off could be ad banners revenue, a shopbot .utiliz_a_tion fee, or
purchasing the second cheapest seller’s product. The buye}?’Ome other form of revenue. For further simplicity, we as-
herself has no other information to work with, except the sume that all competl'ng shopbots haye the same f'X.Ed rev-
price of the second cheapest seller. Even if that seller is dis_enueS,. per us;ar and |rt10ur zerokmargilnal costs. We ignore
covered, it is still marginally optimal for the buyer to keep any service set up costs as sunk costs.

buying price quotes, as long as they are priced according to Prospective bgye_rs_ are indifferent _abo_ut. W.h'Ch shopbot
equation 8. to use and they will visit the one that will minimize their ex-

We have plotted?! and R; pected costs (product plus search costs). We further assume

buyer roduct 1N figures 6 and L PILS .
7 respectively. Thick lines represent the equilibrium attain- thgt_sellers seI_I their price |_nf0rmat|on through the shopbots,
pricing according to equation 8.

able with equation 8. Thin lines represent the equilibrium The total cost the buver expects o incur is given by-
attainable with equation 5. Strictly speaking, thick lines y P 9 y:

represent an equilibrium when sellers are not allowed to e
P a Couger = Bppatic+ [ 28V (@)dz (a1
0

whereR;,. ;... is given by equation 10 and the second term
is the expected minimum product price.

In our model the shopbots will engage in Bertrand com-
petition, subsidizing the buyer’s search costs dow@igg,.. —
Sy. Search will be free in markets with, > R, ;..
where the shopbots can afford to subsidize the full cost of
the buyer’s search. For normal price distributions we can

Information Revenue per

2 Product Sold

$1.5

$1 St.Dev=$2

%05 wv:ws show that the buyers’ expected search costs are strictly in-
creasing with the normal distribution’s standard deviation,

3 4 5 6 7 8 9 10 1L 12 13 14 15 16 17 18 19 2 and thus in markets with high product price dispersion shop-
Number of Sellers Selling bots are less likely to be able to completely subsidize the

Price Information buyers’ search costs.

Thus, by allowing shopbots to subsidize the buyers’ search,
Figure 7: Average seller information revenue per product our model predicts that shopbot competition will not affect
that the seller sells. Assumptions, same as figure 6. seller information revenues but will rather drive shopbot
revenues down to marginal cost.



Sellers of widgets at a Shopbot
Seller number widget price widget quality
1 $8.96 Quality Info: 9 cents
2 $10.75 Quality Info: 11 centg
3 $11.20 Quiality Info: 15 centg
4 $12.00 Quiality Info: 5 cents
5 $12.00 Quality Info: 10 centg
6 $14.00 Quality Info: 12 centg
7 $14.99 Quality Info: 10 centg

Table 2: A hypothetical example of a seller charging for
quality information through a shopbot

5. PRICING OTHER PRODUCT ATTRIBUTES

In the previous sections we dealt with the pricing of price
information. We chose to do so in order to provide an ob-
jective measure of the value of product information. We
showed that price information can be traded — with the

help of software agents — and that the size of the market

for price information can be a significant percentage of the

product market itself. However, our analysis can be used
to reason about the value and correct price of other produc
attributes, such as quality, delivery time, guaranties and spe

cial offers, to name a few. Or even the value of information
for bundles of product attributes.

In this section we briefly describe the case where prod-

uct quality information is traded between sellers and utility
maximizing comparison shoppers. We use a simple utility
model for a population of identical buyers.

Let the utility the buyers obtain by purchasing a product
from selleri equalU;(g;, p;) = ag; — (1 — a)p; whereg;
is the quality of sellet’s product andp; is selleri’s prod-
uct price. The coefficient controls the relative importance
of price and quality on the buyer’s valuation of the prod-
uct and is taken to be the same for all buyers. All sellers
draw their prices and qualities from independent distribu-
tions with PDFf,, and f,, respectively.

Assume that the user can visit a shopbot that displays all
p;'s but the sellers demand a payment to release information

ong;. We assume, for simplicity, that the buyer has no other
way of obtaining the quality information unless she pays for

it. We further assume that the buyer will not purchase a

product for which she has no quality information.

In table 2 we show a hypothetical example of sellers
charging for quality information through a shopbot that dis-
plays price information for free.

If the most attractive product that the buyer has discov-
ered has utilityu, then the expected increase in utility from
acquiring the quality information of sellérthat chargegp;
for the product, is given by:

G(u,p;) :/j(lfa)pi fo(z)(ax— (1 —a)p; —u)dz (12)

Equation 12 is the equivalent of equation 1 for our model

t

of quality information value. It is simply the expected in-
crease in utility integrated over all values of quality that ac-
tually result in utility increase.

We can show one Nash equilibrium to a simplified ver-
sion of the quality information game that is defined as fol-
lows: All sellers draw their prices and qualities from the
same distributiong), and f, respectively and observe each
other’s values. The seller with the highest utility moves first
by setting a price for his quality information. All other sell-
ers move simultaneously by setting prices for their qual-
ity information. The buyer, that can only observe product
prices and qualities that are priced at zero, is then free to
choose any utility maximizing strategy to search the prod-
uct space. Again, a seller is assumed to be always better off
selling his product than selling his information.

One Nash equilibrium is equivalent to the Nash equilib-
rium described in section 4.3. Given that the second highest
product utility in the market iss, the highest utility buyet
sets his quality information price @ (u2, p;) and all other
sellersj # [ follow by choosingG (uz, p;) for their quality
information. Using similar arguments as in section 4.3, we

can show that the highest utility seller would not choose a
higher or lower price than this, no other seller would want
to deviate by not charging(us, p,) for his quality infor-
mation, and that the buyer would then be randomly buying
quality information until the highest utility is discovered,
at which point all remaining quality information prices be-
come too expensive to acquire. No player can thus deviate
without lowering his expected utility.

To calculate a seller’'s expected information revenues per
buyer we proceed as follows: L¢t” be the joined distribu-
tion of product pricesf” (p1, ..., pn) = fo(p1) - - - fo(PN).

Let 2PN (z) be the distribution of the second highest
product utility, given that thév sellers charggy, ps, . .., pn
for their product®. The sellers’ expected information rev-
enues per buyer is:

Rbuyer - ]\éj\}l
/ / fE RPN ()G, pr)dadp; . .. dpy
0 0 0

(13)
This is equivalent to equation 6 presented in section 4.2.
The seller's expected information revenue per product that
the seller sells is due to the multiplicative effect:

Rproduct =N- Rbuyer (14)

Due to the complexity of equation 13 we used Monte-
Carlo simulations to plot the sellers’ expected information
revenue per buyer, and the sellers’ expected information
revenue, as a percentage of product sales revenue with a
95% confidence interval in figures 8 and 9 respectively.

SWe refrain from providing a formula for this distribution as we will
not be using it for calculations.
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Figure 8: Average seller quality information revenue per
buyer as a function of sellers in the market. Different series
represent different values of theconstant that controls the
relative importance of quality on the buyers’ utility. Ffy
and f,, we used the normal distribution with mean = 10 and
standard deviation = 2.
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Figure 9: Average seller quality information revenue per
product sold as a function of sellers in the market. Different
series represent different values of theonstant that con-
trols the relative importance of quality on the buyers’ utility.
For f, and f,, we used the normal distribution with mean =
10 and standard deviation = 2.

In both figures, price and quality values are drawn from
a normal distribution with mean 10 and standard deviation
2. Notice that figure 8 can also be interpreted as the buyer’s
expected search cost.

Again, we see the “multiplicative effect” of product in-
formation: while the average information revenue per buyer
reduces about 66% before it starts to stabilize, as we in-
crease the number of competing sellers from three to eight,
the corresponding information revenue per product sold re-
duces only about 20%. Itis also worth noting that the graphs
are monotonically decreasing as we increase the number of
sellers. This is because we have considered an infinite al-
ternative search cost, as opposed to the 50 cents alternative
search cost we have assumed in previous figures.

6. PRICE INFORMATION VALUE IN THE REAL
WORLD

In the previous section we have calculated the maximum
theoretical value of price information in an electronic mar-
ket. We have found that, with today’s observed price disper-
sion in Internet markets, this value represents a substantial
additional revenue to the seller. The question that arises
is how much of this theoretical value can actually be re-
alized. Practical issues, such as the market power struc-
ture and the seller’s ability to price discriminate and protect
product price information from shopbots that do not pay for
it, have great impact on the actual value that can be realized.
We relax our model assumptions to address those issues.

6.1. Relaxing our model’'s assumptions

Our model assumes that sellers sell their product informa-
tion to buyers that wish to easily compare across many dif-
ferent offers. Our intuition is that sellers will always main-
tain a degree of monopoly power regarding their own prod-
uct information. After all, they are the ones that can choose
their product offerings and guarantee that the information
is accurate. In our model we were careful to price product
information so that product sales are not affected: at equi-
librium, the highest utility seller would eventually sell his
product as he would have done if he had provided his infor-
mation for free.

However, since it is conceivable that intermediaries will
still be playing a role of finding and aggregating all this in-
formation we might expect that they will have a more active
role in the information market. Depending on the degree
of their monopoly power they might even be the ones that
price and sell the information. Intermediaries would want
to maximize their information revenues without consider-
ing any potential “distortions” in the market. By the term
“distortion” we mean that the buyer might not choose to
buy the same product before and after the introduction of



an information market. This happens because the informa-gins. In the electronic era, these intermediaries see their
tion regarding the best product offering might not be dis- role diminished (disintermediation). Intermediaries in e-
covered, if pricing is not done according to the equilibria commerce will be probably serving an information need for
we described. The intermediaries would rather price price their industry and geography with much lower margins than
information using, for example, equation 4, which maxi- before. See [16] for an estimate of the value different play-
mizes information revenue, without considering the effect ers retain in B2B markets. Phillips and Meeker argue that
on product sales revenue. The “multiplicative effect” of the the buyers are likely to be the group with real market power
value of product information would still be valid, since it in environments with high seller concentration and similarly
is still true that a buyer would require multiple price quotes the sellers would enjoy power in markets with high buyer
for a single purchase. concentration. The intermediaries might only be able to dic-
We have further assumed that the sellers would rathertate the rules in markets with fragmented buyers and sellers.
sell their products than information. This seems to be a rea-
sonable assumption in most cases but it is also conceivables 3. Practical and legal considerations
that (because of the “multiplicative effect”) product infor-
mation might turn out to be more important than product Sellers can theoretically use the information a shopbot pro-
revenue. In that case it is possible that the seller that offersvides to learn about their competitors prices and try to un-
the best product might be willing to risk not selling it, in dercut them. Effectively, the sellers price discriminate by
return of increasing his information revenue. offering better prices to price sensitive shoppers. Before
In that case, it is likely that sellers would employ dual Books.comwas acquired by BN.com it provided a free price-
strategies: equations 5 or 8 for the cases where a producEomparison service that allowed buyers to compare prices

sale is always more important than information revenues cross some of the well known on-line bookstores. If the
and equation 4 otherwise. buyer discovered a cheaper price, Books.com would auto-

matically undercut the cheapest competitor. The method we
used to measure price information value in previous sec-
tions does not work in these settings, as we assumed that
prices are constant. However it is not clear if sellers will be
employing shopbots to undercut competitors in the future.
It seems that if a competitor of Books.com were to employ
the same methods then Books.com might have been forced
to withdraw to fixed pricing*

6.2. Power structure - Sellers, Buyers and Intermedi-
aries

In section 3.3 we saw that rational price sensitive buyers
will abandon a shopbot that refuses to sell price information
on behalf of a buyer. But real buyers may still prefer to use
the shopbot with the smaller market coverage. This could L .
be because they only know or trust that particular shopbot Before a true market for price information emerges, sell-

or because they value other services that the shopbot offer€rS Would have to better understand how buyers use shop-
to them, like better interface or customization. In this case bots or shopping intermediaries. It appears that the common

the buyer would lose sales because his product is not COV_assumption that buyers use shopbots to locate a best price is

ered by the shopbot the buyers prefer. The seller could beONnly approximately correct: it is more plausible that buyers
forced to abandon product price selling or to share revenueg/S€ SNOPOIS t0 easily compare across a range of character-
with the shopbot. This would not be a problem if buyers istics. In [19] the authors offer evidence that buyers reg-
used personalized agents to help them find a cheapest priCéJ_IarIy use shopbots to buy products from branded retailers
These agents would most likely not have “preferences” andthat do not offer a lowest price. They show that buyers use

their only goal would be to minimize search plus product shopbots to make an optimal price/brand decision, rather
costs for their owners than locate a cheapest product. It is thus the case that other

product characteristics, besides price and price dispersion,
have to be taken into account when a seller decides to sell
his price information.
Furthermore, it is not clear at present if an open web site
tion. has the right to block search engines and shopbots from ac-
cessing it. Recently Bidder's Edge agreed to settle the case

It is true that e-commerce has allowed the creation in ith Eb ho claimed that its sit being “t 4
some markets of powerful new intermediaries, such as Ebay,WI ay, who claimed that 1S sSite was being ‘irespasse
by auction aggregator§ by agreeing to stop displaying

while reducing the power of intermediaries elsewhere. Tra- Ebayv’s auction brices on its website without compensatin
ditionally, intermediaries that connected geographically dis- y P P 9
persed markets enjoyed market power and high profit mar- 11in [11] the authors point out that this would also cause an endless
pricing loop.

10An example would be oligopsonistic markets, where there are much  12As a side note, this also strengthens our belief that price information
fewer buyers than the potential sellers. can be overused when provided for free.

A “popular” shopbot clearly enjoys market power that
allows it to dictate the rules. In other markets the power
group might be the buyeYsand they would simply punish
any effort by a seller or shopbot to charge for price informa-




Ebay. This controversial issue is currently far from settled We further showed that price comparison web sites will
as it is not legally clear if sellers maintain ownership over only be able to absorb the buyer search costs in markets with
their product information, if it is available for free in their relatively small price dispersion, while in some markets that
website. exhibit significant price dispersion, search will no longer be
However, it seems that at least technologically, the seller free.
will be able to effectively forbid shopbots from accessing its Our model is also the first one to connect the “quality”
site, by employing mechanisms that stop non-human vis-of the information that the sellers provide to a monetary
itors. For example, randomly changing the user interface payment that can potentially induce better information. In
from session to session would foil any attempts from shop- our simple model better information “quality” simply meant
bots to access web site informatith. lower price but it would be interesting to extend our ideas to
To our knowledge, none of these practices has been testeskttings where sellers have incentives to manipulate the in-
in a legal dispute yet. formation they provide or they find it too expensive to pro-
vide all the available information. In those cases product in-
formation markets can be used to induce better information

7. CONCLUSIONS AND FUTURE RESEARCH : . . .
and can potentially lead to higher information transparency

We envision a future where buyers will be using software

agents to compare product characteristics across a humber
of sellers. It would then be feasible for the sellers to charge P

buyer agents for the product information they offer. The
complex space of consumer behavior and preferences will
result in a range of complementary product offers which
will in turn make product information valuable to the util-

and more efficient markets.

A product information market would be operating in

arallel with the product market
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In this paper we have focused mainly on the value of
one product attribute, price, and showed how our model can
be extended for the case of quality information. We showed
that, because of the “multiplicative effect” of product infor-
mation, the sellers’ revenues from the product information
market will be a significant percentage of the product mar-
ket revenues. Arguably, in terms of profits, the importance
of product information markets would only increase as it is
cheaper to sell information rather than products.

The first seller to charge for price information can set the
price information price so that all rational shoppers would
be willing to pay for it. However, when more than one seller
sells price information, it could be the case that a shopper
would stop short of requesting a particular seller’s price in-
formation. Pricing price information so that it would be
cheap enough for the buyer to always want it (even if the
second lowest price is known) is a solution that guaran-
tees that the cheapest product seller will not jeopardize the
product sale, while earning extra revenue from his infor-
mation. We showed two plausible Nash equilibria in the
price information selling game and proved that, because the
sellers maintain a degree of monopoly power over their in-
formation, product information selling does not reduce to
Bertrand competition.

13A number of methods are used for this purpose currently, that require
an “intelligent” action on the part of the user, like a randomly positioned
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9. APPENDIX

Sellers jointly maximizing their information revenues: The

expected price information revenue per customer that
uses a shopbot as a function of the pricthe seller
sells its price information is

I(p) = p[Prob(p is the lowest PIF¥)+ Prob(p is the
2nd lowest PIP but the buyer still pays foy it - - - +
Prob(p is the Nth lowest PIP but the buyer still pays
for it)]

When sellers collude, they choose the same price
for their price information. Thus, the probability that
a seller isith lowest but the buyer still pays for the
seller’s price information i$ /N - Prob(The marginal
expected decrease in product price is greater than

If ¢ is the current minimum product price discovered
then the marginal expected decrease in product price
is given in section 2.1y(q) = [?_(q — ) f(z)dx

and the distribution of is (from section 2.3f .1 (¢) =

(i = 1)(1 - F(q)*f(a)

So, for a given current minimum product prigehe
probability that the marginal expected decrease in prod-
uct price is greater thamis

“click here” button, or a “copy the letters from a figure” test.

14price Information Price



Qp,i) = [;7((1 = 1)1 = F())"?f(a) [ (¢ —
x)f(x)dx)dgq, fori > 2

The expected price information revenue per customer
is thus:

N
()= F(1+> Qi) (15

assuming thap is always less than, the cost to the
shopper of visiting a seller’'s website directly.
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