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The Internet as an Enabler for
Dynamic Pricing of Goods

Vaidyanathan Jayaraman and Tim Baker

Abstract—The Internet offers the potential for dynamic pricing  tive is to present two models to optimize the revenue obtained
for a wide range of products across the supply chain. Dynamic for build-to-forecast and build-to-order environments.
pricing can be formally defined as the buying and selling of goods | recent years, a number of industries have used flexible
in markets where prices move quickly inresponse to supplyandde- . . - . . . .
mand fluctuations. Unlike physical markets where change occurs p.rICIng strategies to manage their perishable inventory effi-
slowly because of information delays, change occurs very rapidly ciently. These methods are referred to as revenue management.
on the Internet. In the marketplace, the Internet is a powerfultool A number of characteristics are common to all of these

for almost instantaneous consumer feedback. For example, prices gpplications of dynamic pricing (see [23] and [33]). These
can be changed dynamically to meet demand because the cost Ofcharacteristics include the following:

changing a price may be lower on the Internet than in physical ] ]
markets. The success of dynamic pricing is helping in the growthof 1) existence of perishable products;
new businesses, including broad-based e-commerce portals newin-  2) system that has fixed capacity;

teractive networks. This paper has several objectives. The firstob-  3) market that can be segmented, based, for instance, on sen-
jective is to look at factors that affected the use of dynamic pricing sitivity to price or service time.

in the past. The second objective is to summarize the notion of dy- . . Lo
namic pricing over the Internet. The third objective is to examine FOF €xample, in the retail industry, seasonal fashion items have

the different methods for collecting dynamic demand data overthe seen the application of price differentiation policies and coor-
Internet. The final objective is to present two models to optimize dination of inventory control under the name “yield manage-
the revenue obtained for build-to-forecast and build-to-order envi-  ment.” Gallego and van Ryzin [19] analyzed the dynamic ad-
ronments. justment of price as a function of inventory and length of re-
Index Terms—Dynamic pricing, e-commerce, Internet, mathe- maining sales—for the case of products with stochastic demand.

matical programming. Bitran and Mondschein [3] also consider price as a function of
inventory and time for hotel applications. In their model, pricing

I. INTRODUCTION is implicit—from a large set of price points, a subset of price

points is opened for sale in a dynamic fashion.

T HE INTERNET offers the potential for dynamic pricing’  pynamic pricing systems have been used for a number of
for a wide range of products across the supply chain. Ogga s by airlines and other industries to maximize the revenue
of the important contributions of the Internet to retail and maniy perishable goods. However, the use of dynamic pricing to
facturing industries is the ability to dynamically change priCingg)| nonperishable products is new. These pricing decisions are
Dynamic pricing strategies have been successfully applied j@,4e by the thousands every day. A decision point occurs any-
a variety of industries including airlines, hotels, and rental Cgfne there is a customer interaction of any type and is of great in-
agencies. Dynamic pricing is best suited for products that §f&est in dynamic pricing systems. Through the use of this infor-
clearly specified or widely understood, that are either perisfaiion the three major reasons for imbalances between supply
able (e.g., consumables) or time-sensitive (e.g., hotel room)Qfy gemand—price inflexibility, demand uncertainty, and pro-
have a depreciating value (e.g., computer components, ayfiztion Jags—can be minimized or even eliminated [36].
motive parts). This paper considers the increased applicabilitystarnative pricing strategies are being applied to goods and
of dynamic pricing in an Internet-enabled environment to difsgryices sold over the Internet. In many cases, what is new is
ferent classes of products, the associated pricing strategy, 8glihe pricing strategy but the novel application of the pricing
the collection of dynamic pricing data. This paper has seve@|aieqy to certain product categories. Internet-based auctions
objectives. The first objective is to look at factors that affected, e a5 a good example for commodity supplies and other spe-
the use of dynamic pricing in the past. The second objectiveds,jized goods, but the Internet increases the ease and efficiency
to summarize the notion of dynamic pricing over the Intemegs onn1ving auctions to other goods such as electronics and ap-
The third objective is to examine the different methods for colare|. Similarly, products that are sold at posted prices in tradi-
lecting dynamic demand data over the Internet. The final objggs 4 channels, with price changes occurring weekly or longer,
Manuscript received February 15, 2003; revised March 15, 2003. Review@®n now be sold over the Internet at posted prices that changes
this manuscript was arranged by Special Issue Editor J. Linton. __rapidly reflecting demand and the competition from other web-
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Price

have all contributed to the emergence of dynamic pricing strat
gies on the Internet. Demand Supply

Il. FACTORSAFFECTING THEPAST USE OFDYNAMIC PRICING

For consumer goods, dynamic pricing has occurred in thairm
case of products such as hotel rooms and air travel, becai
these product classes:

1) Cannot be stored-A loss in potential revenue is incurred
if any vacancies occur.

2) Can be classed and priced differentifhe possibility Supply Demand
of charging different people different rates either for the
same product or different product configurations. Quantity of Quantity

3) Centralized order processirgSales for hotel chains
are centralized for some while they are decentralized féi. 1. Static classical microeconomic model of supply and demand.
others. But all information is available centrally. Conse-
quently, it is possible to track differences in supply anc
demand for different product configurations at differen
prices. Hence, a single point of storage and access pric, it
information supports a dynamic pricing environment. ﬁf;"ha“d s

4) High value differential between incremental revenue an /
incremental cost-Incremental cost of the product, if it P it Decrease
is used, is relatively low compared to the revenue genedemandis
ated. Consequently, profitability can be increased throu¢ ™"
changes in pricing that optimize the tradeoff between hig Amase
utilization and high average rate per available asset. ;. ;

Price

Demand

Increase \Supply

5) Temporary and sudden increases/decreases in ddmndis Decrease
mand—The potential for periodic increases in revenus Demand
due to specific events creates the potential for increas Supplly
profit through monitoring demand and changing price Quantity of Quantity
accordingly. Goods Sold

The advantage of dynamic pricing is that it allows for th&ig. 2. Model of supply and demand with short-term supply fixed.
management of a firm to vary prices, thereby increasing the
difference between price and cost in comparison to firms th¢
use a static pricing model. To demonstrate the benefit of dy 1 et oy

Price

T}

namic pricing, we refer to microeconomic models of supply
and demand [31]. This model (see Fig. 1) suggests that bo
demand and supply curves are constant and that the sale pr
and volume sold will be at the point where the supply and de
mand curves intersect, all other things being equal. Howeve
in the case of airline seating and hotel rooms all other thing
are not equal. There is significant lead-time involved for in-
creasing supply over a certain amount and the product cann

v

Y Sale of quantity
produced complete

be stored. Consequently supply is relatively fixed (see Fig. 2 Dermand
However, demand may change rapidly due to seasonal vari

tion or specific events. As demand increases, the equilibriut — vty
price of the product increases and the price should increase. . Quantity Sold

demand declines, the equilibrium price of the product and the

price charged should decline. In the airline and hotel industﬁ}g.& Model of demand and sales given seller always obtains highest possible
the ability to collect information over the Sabre system (airline&§'" P1ice:

and central reservation systems (hotels) identifying changesin . | - .
demand allows for dynamic pricing. In a situation of perfect d ynamic pricing, the effect of the Internet on pricing strategy is
namic pricing by the seller, each unit of the product will seffow considered.

at the highest price on offer by any buyer and then a sale will
be made at the next highest price that any remaining buyers are
willing to offer. This will continue until all products are sold Dynamic pricing can be formally defined as the buying and
(see Fig. 3). Having offered an overview of the advantages sélling of products and services in markets where prices change

[ll. DYNAMIC PRICING OVER THE INTERNET
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in response to imbalances in supply and demand. In the caisser to the clearing price of the product. In the case of com-

text of this paper, dynamic pricing could also be defined asnaodity goods, the use of exchanges allows low-cost access for

pricing strategy in which prices change either over time, acrossth buyers and sellers on a real-time basis, thereby reducing

consumers, or across product bundles. barriers to and the cost of obtaining information resulting in a
Since the advent of e-commerce and the Internet, businesgese that is closer to the theoretical clearing price of the prod-

have low-cost global access to highly focused and greatly excts.

panded network of customers in the supply-value network. Oneln Section IV, we present a typology for collecting data to

of the most promising opportunities to improve this networke used as part of dynamic pricing strategies on the Internet.

is the application of dynamic pricing models to an organizdn the pre-Internet era, the physical chain (the so-called tra-

tion’s sourcing and selling activities. Dynamic pricing is novditional market) was the dominant model where information

a critical component of e-commerce offering the potential @bout product and information flow was gathered through var-

increased revenues, lower costs, and improved processes. ibhis channels. The Internet has now decoupled the virtual chain

promise of dynamic pricing is currently helping fuel the growtlirom the physical chain such that the virtual chain transcends

of entirely new businesses, including e-commerce portals atitie and space and, thus, is distinct from its physical counter-

marketplace focused exchanges [8], [14], [21], [27]-[30]. Theart [22].

emergence of new interactive networks and the rapid adoption

of e-commerce capabilities increases the use of electronic mar-

ketplaces where goods and services are exchanged in real-time/. ALTERNATIVE METHODS FORCOLLECTING DYNAMIC

pricing environments analogous to the trading of securities on DEMAND DATA OVER THE INTERNET

the NASDAQ market today. The ability to quickly and per- There are a number of different ways to collect demand

haps easily analyze reFaiI raiffic ‘."‘.t webpsites, consumer .pref‘ar'ta to identify and respond to changes in the price-demand
ences, and de_mog_rqphlc d‘i“‘.’" faC|I|_tate ‘?‘”d suppo_rt real-time ?gafétionship of potential customers. In this section, the different
ting of dynamic pricing policies. Sites like CarPoint.com, Au-

toBVTel 4 Autovant ; le. shift ossibilities for collecting dynamic demand data—auctions,
oft?]/ €’.com, and Au ohan age.com, for examp eas tlh mg xchanges, offers to purchase, online surveys and focus
of Ine consumer search, comparison, pricing, and other de thups—are briefly considered here. After these methods of
sion-making connected with auto purchases from the physi

latform of the traditional car dealer to the virtual world of th mand data collection are considered, the challenges associ-
\S\Zbo ot the traditional car dealer to the virtual world 0T th& o 4 with all of these alternatives are discussed, followed by a

summary of under what circumstances each method appears to
offer the greatest potential.
A. Effect of the Internet on Pricing The Internet has proven itself as a viable channel for mar-

. . . L . . keting and selling to customers. It is no longer a necessity to
The Internetis changing pricing practices in many IndUStI‘IEEU from only local suppliers since customers can now easily

The Internet has resulted in an increase in the presence and ss a global marketplace at a very low cost. This offers
of auctions. Furthermore, Internet exchanges allow for the disif; ;.. buying power due to improved market infor.mation and
termediation of middlemen. (Disintermediation is the term COM reased competition between sellers. The combination of

monly used to describe the elimination of middle layers by th&ermet communication infrastructure and personal computer
Internet.) The low cost and ease of access to the Internet has - putational power allows for the exchange large amounts of

couraged the use of auctions as a method of selling products ﬁ ormation in real time. These two advances are changing the

[51, 171, [9], [11], [18], [24], [25], [32]. In fact, the Internet has ., jitional model of static pricing. Buyers and sellers can now

resulted in renewed research and interest in auctions [10], [1i ract using the power of dynamic pricing. This is illustrated

[16].' A numb_er of exchange_s have appeared for the buying alrﬁqough interaction models that use dynamic pricing.
selling of various commaodities [14]. The presence of exchangesry & | yternet fundamentally alters the customer—supplier re-

often allows for the disintermediation of brokers, wholesalerﬁ,}“ionship empowering both the customer and supplier, by re-
ar}d otfher middlemen. Brgk(_arz and otherTI were %b:)e to chafde,ing the transaction costs associated with imperfect informa-
a 'e.e or acting as a conduit 'etV\{een Sellers and buyers. -"E fh and vendor search. The Internet is also a viable channel for

; | ler of dynamic pricing and the advantages of dynamic pricing,
benefits outweigh the broker fee. The Internet, often throu specific methods for collecting dynamic pricing data over

exchanges, reduces the cost of information allowing buyer Internet are considered [37]. The methods are: auctions, re-

selle_r to find and_ Interact with each oth_er _vvhgther or not they, se auctions, exchanges, negotiations and bundle pricing. See
are in close proximity to each other—eliminating the need fq,_r

brokers. ig.4 for a depiction of these methods.
The Internet changes the way many products are priced Eai/{]dAucﬁonS

sold. In the case of unusual objects, the search costs betweén

buyers and sellers are often high, the use of auctions has reducddterest in auctions has increased as a result of the Internet’s

the barrier of imperfect information. The result is that pricing iability to simultaneously reduce the cost of running an auction
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a reverse auction, prospective buyers can list any items they
L4 <«—— Negotiation 5 o wish to buy, and then sellers bid to provide the best price. The
One Seller One Buyer buyer decides the exact specifications of each item, instead of
the specifications being dictated by the seller. Reverse auction,
or “name-your-own-price” model, used by Priceline.com is an
interesting type of auction model for consumer goods [1]. The
Auction Reversel Auction company allows the prices of products to be specified and uses
l the virtual world to make prices dynamic across consumers.

Priceline’s profit depends on the difference between the price
v bid by the consumer and the price at which the company can

obtain the item from the producer or retail provider (see [12]).
d ° This method attracted substantial customer interest, but has
o o ° had difficulty in attracting supplier interest. Plane tickets were
[ J <+———Exchange——————————* [ J . . Lo .
Multiple Buyers Multiple sellers | INItIAlly obtained by Priceline.com in exchange for shares of

Priceline.com stock. Food manufacturers have not accepted the
offer to purchase scheme, which has been withdrawn by Price-
line.com. The offer to purchase approach is noteworthy in that

) ) it requires buyers to state what they are willing to pay for prod-
and increase, by orders of magnitude, the number of potenfigls The products tend to be a commodity product such as air
participants. The use of auctions on the Internet has resulteq/ie| (with user specified departure and destination points and
many questions about the effect of different auction types, dizies), gasoline, and food products. Such a system allows for an
ration, and bidder tactics. Until these questions are answergflgerstanding of the increases in demand that are likely if the
uncertainty will remain on whether auctions are offering a trygice s reduced from its current price. Upon first observation,
reflection of the demand characteristics of individuals. Thegse gystem appears attractive for commodity products including
retically, the auction offers a forum in which individuals will|\\_value items.

continue_to increqse their offerin.g.price until they haye rea‘?hedHowever, transaction cost theory suggests that auction par-
the maximum price they are willing to offer, at which pointicination would be low for low-cost commodity items such as
they drop out of an auction. By collecting data on at what pric&ain grocery items and gasoline is difficult since the cost of
people cease to bid, one identifies the individual's demand fopg icipation is likely to outweigh the expected savings for most
product. T_hls_p_roces_s allows for_the identification pfthe de_marb%ome [34], [35]. The “offer to purchase” approach has great
for every individual in the auction, except the highest biddesgtential if the time to participate does not outweigh the value
Auctions such as eBay, allow for bidders to place a confidentig{ ihe potential savings. Consequently, to collect data using this
maximum bid into the auction, this allows for automatic bidy,ethod it may be necessary to offer incentives to obtain par-
ding. The collection of this data also identifies the maximuficination. For example, free collection and delivery of goods
price that the individual is willing to pay. Auctions hold grea{,q,,1d make such an approach attractive to many people in in-
potential if it is possible to have a large number of people {Q,me brackets that would not normally participate in such a
bid on products. Transaction cost theory [26], [34], [35] SUgscheme. The offer to purchase and reverse auction approaches
gests thatinexpensive and common-place products, such as fgggdr great potential for a variety of commodity or clearly defin-
products, are unlikely to be bid for since the cost of participatingq products, but it is unclear for which product it is possible

in an auction exceeds the expected value of the savings ghbgnerationalize the collection of demand and pricing data on a
tained through participation. Auctions have excellent potentig|,siained basis.

for collecting demand data on expensive and/or unusual prod-
ucts. Questions regarding auction type, duration, and effect®f Exchanges
different bidder tactics must still be considered.

Fig. 4. Model of related interactions used in dynamic pricing.

Exchanges existed long before the Internet. However, the In-
ternet has increased the number of exchanges serving existing
sectors. An exchange involves transaction of goods or services

The concept of offers to purchase has also been extendedieyween multiple buyers and suppliers. Exchanges offer value
the use of the Internet. Prior to the Internet, offers to purchalsg inexpensively linking buyer and seller of products in real-
has been limited to real estate. In real estate, but few other préiche. This is being accomplished on the Internet at the expense
ucts, an intent to sell and a suggested price is stated and potemtiddrokers and other middlemen that historically have charged
buyers are invited to offer to purchase the property at a price amdommission or fee to link buyers and sellers—profiting from
with terms that they decide. In the offer-to-purchase approachttir superior market knowledge. Exchanges exist for a variety
pricing, an individual agrees to purchase a product at a price tatifferent markets including: chemicals, steel, and energy [14].
they offer. Potential sellers are given the opportunity to accephe current belief is that the low entry cost and potential prof-
the offer. Once the offer to purchase is accepted by the seligability of exchanges has resulted in an oversupply and the
the purchaser is legally committed to complete the purchasenumber of exchanges will decline over time. This is likely since

Reverse auction is a transaction format that allows the buysr exchanges’ value is dependent on the number of buyers and
to procure goods and services at the lowest possible price skllers that utilize it. Every new buyer is a potential customer to

B. Reverse-Auctions (Offer to Purchase)
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all sellers and every new seller is a potential supplier to evetign is general enough to encompass computers and other phys-
buyer. Products sold on exchanges are typically commoditieal goods, as well as perishable assets. For instance, for com-
that are sold or purchased in either large quantities or smalfrters, one particular model would be the physical character-
guantities on a regular basis with great time specificity. Datstic, extras would be items like warranty terms and service
from these exchanges could provide useful information on thgreements for the computer, and purchase restrictions could
shifts in demand for a commodity product, assuming that itve physical characteristic-extras-price range sale restrictions to
creases in demand by large purchasers is indicative of demamdly certain market segments (e.g., government employees).

for the purchase of smaller quantities. We propose that the firm conducts limited Internet auctions
o for a wide range of products; each auction would be for a single
D. Negotiations product within a set of substitutable products (e.g., for a com-

Negotiation involves the agreement on terms of a purchasefter manufacturer, one auction might be for high-end servers
good and/or service between buyer and seller. Unlike an aflet intranets and another might be for low-end home use). The
tion, negotiations typically involve a single buyer and a singlerices for all but the single product should be set for a single
supplier. For a supplier, the negotiation begins with his or hatction. These prices can then be varied akin to a full or frac-
first contact with a buyer. Buyers might, however, view a negdional factorial experiment across further auctions of that single
tiation as an end to a process. For example, in software negoBgeduct. The firm should generate as many products for the auc-
tions, a software supplier helps a buyer to be aware of a numkign as possible—this generation refers principally to thinking
of factors that drive the supplier as well the motivation of thef many extras, price ranges, and purchase restrictions.
sales person. Suppliers often study their customers (annual refhese should be open auctions. Accordingly, all participants
ports, competition, websites) before they engage in a transate able to view all bids that have been made to-date. Partici-
tion. The terms and conditions are explicitly provided for thigants can make multiple bids, and they can withdraw from the
auction. These would provide important clues for determinirgjiction at any time. The host-firm should attempt to allocate
if there is congruency between the buyer and the supplier. Sopfeducts to the auctions in insufficient quantities. This way, the
“driving” factors that might be part of the terms and conditiong1aximum willingness-to-pay for the product can be ascertained.
may include issues such as functionality, initial price, and gefhis information can be used to set prices for nonauction sales.

eral business practices. In addition, this information can be used to set the minimum
sale price on auctions that are more than just willingness-to-pay
E. Bundle Pricing assessors.

There are two variations of bundle pricing. In the first case, Data for demand curve generation can be obtained from

the consumer purchases a large amount of a single item to tHk limited auctions. First, rate classes—unique combination
advantage of a quantity discount. Alternatively, a set of items@ nonphysical product attributes—can be defined from the
included in a bundle and the price the seller asks for is depéHiction results if each participant is required to fill out an
dent on the entire bundle being purchased. In volume purchaf@mation form prior to participating. This form would
of the same product consumer demand is aggregated to lof@pture the participant profile—whether the participant was
the cost of an item [13]. Prices at such websites are postedP&Ning to purchase for a company or just for themselves,
a function of quantity sold. Typically, multiple price discoun@nd likes and .d|sI|kes: about physical .charact.erlstlcs—extr.as.
levels are offered depending on the quantity sold. This approathus. the maximum bid from each participant is stored with

is now applied on a much larger scale because of the aggre§& profile of the participant. A review of these data should
tion capabilities of the Internet. reveal the rate classes—participants with similar profiles. Thus,

In the second variation of bundle pricing, an item price is @ price-demand relat_ionship can.be plotted for each rate class,
factor of the bundle in which it is included. For example, th@nd & curve can be fit through this.
Wall Street Journahnd Elsevier publications are two examples |f multiple auctions are played, then regression analysis,
of publications that offer a discount on electronic publicatioriéther than curve-fitting, can be employed to estimate the error
to those who also subscribe to their printed products. of estimating demand for a given price. Rate class demand for a

Having considered the different approaches that can be u§ggduct can be estimated as a function of not only the product's
to collect demand data dynamically, we consider the use of Bfice, but the prices of other products in the auction as well.
auction model to collect demand data and how this data is link&iS is achievable because the auction for that single product
to the supply side of the supply-demand equation. In doing 4, repeated for different price levels of substitute products.
we are led to two separate models that provide information dh€ demands in the database can be inflated by a factor that
optimal pricing and production levels. These models are rgstimates t_he proportion of the total market that is participating
quired for considering a build-to-order and a build-to-forecalit the auction.

product provider. These demand curves can be used to refine the product def-
initions. For instance, let us say that a demand curve has been
V. E-BUSINESSSUPPLY MODELS generated for a small company buyer rate class for a Micron PC

) ) with 1.5 GHz, 128-Mb RAM, 2 Gb of disk space, no software

A. Strategic or Build-to-Forecast Model preinstalled, and no warranty. Maximum willingness-to-pay

We define a product as a unique combination of physical chaeuld range from $2000 down to $700. Another product might
acteristics-extras-price range-purchase restrictions. This defioé a Micron PC with 500 MHz, 64-Mb RAM, 2 Gb of disk
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Fig. 5. Interpreting auction results.

space, Office 2000 installed, and no warranty. A K-12 school 1) Interpreting Auction ResultsThe model that we have
system buyer might have a maximum willingness-to-pay groposed could be used to generate a record of bids for a
this ranging from $700 to $400. Our small company buyeelected group of products by a selling firm in a reverse auction.
might also have a willingness-to-pay for this product thathe current price also known as the historic price is the most
ranges from $1000 to $600. For example, analysis may reveatent price paid by the buyer for the products contained within
that the 500 MHz PC should be sold only to school distrié group. The desired price also known as the reserve price is
employees, since overall company revenue declines if this tyihe price below which the group of items must fall in order for
of PC is made available to the small company buyers (who,tife buyer to consider it worthwhile to outsource the products
denied access to this PC, would purchase the higher priced RG@)xanother supplier. The difference between the current and the
To determine the optimal price, an unconstrained optimizatiaiesired price can thus represent switching costs.

model that can be used to simultaneously set all nonauctionThis auction is conducted in real-time, and each supplier wit-

prices to maximize revenue is offered. nesses anonymous bids as they are placed by their competitors.
Let The dynamic bidding and price transparency usually results in
pi  price (decision variable) for produgt dramatically lower pricing than the buyer is able to achieve

di  f(p1,p2,...) demand for product from rate class- by traditional request for quote (RFQ). In the accompanying
(this is a function of potentially every product’s pricefigure, suppliers who are judged to be competitive are shown

in the firm’s inventory of products); in the shaded box. Various factors including supplier delivery

¢;  per unit production cost of produgt and quality performance may preclude the lowest bidder from
Then, the objective is winning the lot.

. . Itis important to note that post-auction analysis is an impor-

maxz Z (pid; — cid}) @) tant ingredient of the total process. Further, suppliers in gen-

eral see different information than the buyer does during the on-

The objective is to select prices for all rate classes to maximiliee auction. Specifically, the suppliers do not know the current
revenues across a time-horizon. Theoretically, this horizon lagtice, but are aware of the desired price and also recognize that
until a change in a demand curve or unit cost. The challengérisorder to be competitive, their bids must be at or below this
to monitor changes in demand curves-costs and update pripgse. The suppliers in most cases do not know the names of the
as soon as possible. The output from this model can be usglder bidders.
to estimate production capacities. If costs are also a function ofFig. 5 is a good example of a successful online auction in
capacity, this can be incorporated intoas a step-function. which the price of the lot fell below the buyer’s desired price.

Akey advantage of this strategic model is that it provides a dBid records may have a trend that fail to meet the desired price
tailed understanding of willingness-to-pay and customer char-trend upward. Typically there are rules that could be built into
acteristic information from the Internet. This should providéhe software so that it will not accept bids greater than 5%—-10%
more accurate price-demand projections than are attainableafizthe buyer’s current price. The lowest bid represents the max-
traditional survey methods. imum gross savings that could be achieved.



476 IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT, VOL. 50, NO. 4, NOVEMBER 2003

B. Tactical or Build-to-Order Model are willing to sell at. Price discrimination moves some of the

If a firm is operating in a just-in-time (JIT) mode, then thé:ustomer surplus to retailer surplus. .
strategic model is sufficient; inventory might be so low that a APC“O”S have proven to be a use_ful mec_hanlsm wherg
more detailed model is superfluous. However, if their envirofetailers can gather large amounts of information about their
ment is not conducive to a JIT system, then this model codyfStomers in ,order for tr_\em to make a better estimate about
be useful in determining time-phased production and inventotlh_ custom_ers r_eservatlon price and also_ dynamically set
levels, given that prices have already been set from the strat iices. Having discussed how the Internet is an enabler for

model ynamic pricing, the methods for collecting dynamic pricing
Let' data have been outlined. An experiment has been proposed
I ending inventory of produdtin periodt: to collect dynamic pricing data. Finally, optimization models

. . oo for determining the optimal supply in both build-to-order and
P produc?'uon of prpduct n penodt,' ) build-to-forecast environments are offered. Having offered a
cie  per unit production cost of produtin periodt; framework for both the supply and demand side of dynamic
hit cost of holding one unit of produétin inventory for  pyicing on the Internet, conclusions are offered.

the duration of period;
dy ~ demand for productin periodt (this can be obtained

by a time series projection of demands that have been VII. CONCLUSION

adjusted to a constant price level); E-commerce already offers a proliferation of digital mar-

Ki;  production capacity of produétin periodt. ketplaces. These new markets offer the potential for dynamic
Then, the integer-linear program to solve is pricing. Electronic agents may compete in dynamic pricing
markets on behalf of companies in the future. The expected
. result is for prices to approach their “true” market value with
hitLis + cie P 2 : ' iabili
mmXi: Xt:( oJie + ciPie) 2) trade partners competing on factors such as quality, reliability,
subject to and value added services.

Dynamic pricing is expected to grow to support more com-
plex transaction formats such as multiattribute auction formats

1—1
P, + Zlij > dif Vi, t 3) (e.q., g:ondition of goods, supplier performance history), com-
= plex bid schedules, formats that allow a higher level of negotia-
Py < KifVi t (4) tion between sellers and buyers (e.g., online negotiations, online

chat), and continuous matching formats where electronic agents

P+ Ty = die = IieVi t ®) perform the matching in real-time.
Py, Iy >0 (6) Future research should consider whether demand and pricing
and integer. data collected over the Internet is generalizable to buyers that

are not Internet-based. Reverse auctions have been noted as

The objective is to select product and time-phased productithe data collection method that appears to be most promising
and inventory amounts to minimize time horizon unit produdor the collection of dynamic pricing and demand data, this
tion and inventory costs. Constraint (3) ensures that demand ffi@ing the case, it is of great value to determine for what product
each product in each period is met. Constraint (4) limits produeategories can the data collection process be operationalized.
tion by product and time period. Constraint (5) is the inventorfhat is, at what point do transaction costs prevent sufficient
balance equation. potential buyers from participating so that the results are bi-
ased and of reduced or little value. Once these two concerns
are addressed, testing and validation of the proposed build-to-
order and build-to-forecast models is recommended. The effi-
cacy of our proposed approach should be quantified by com-

Price discrimination is the strategy of charging differenparing profits for the products under consideration before and
prices to different customers for the same product or serviaéier model implementation. An econometric model that esti-
offering. One type of price discrimination is based on settingates profits for those products as a function of factors not under
different prices for different groups of customers. Dynamicallgontrol in our models should be generated. This would ensure
changing prices is now being viewed as a profit maximizintpat our before-after implementation comparisons are adjusted
strategy for companies who garner the power of the Interrfer different before-after economic conditions.
to conduct business. One reason why a retailer finds price disAnother area for future research involves the issue of having
crimination a very attractive strategy is because they can obtdifferent prices for different segments that might lead to the
higher profits without increasing their costs. The maximumroblem of fairness [17]. The notion that consumer preference
price that a customer is willing to pay is their reservation pricéor firms is affected not just by prices the consumers themselves
From the customer’s perspective, the difference in the prieee offered but also by prices available to others needs further
that they are willing to pay and the actual price that they end iqvestigation. Another key factor that managers need to know
paying is called as a consumer surplus. The retailer surplusssiow to identify people who can be targeted with differential
the difference between their actual selling price and what thpyices. The optimization models that have been proposed in this

VI. M ANAGERIAL IMPLICATIONS IN USING
DYNAMIC PRICING STRATEGIES
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