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Abstract

Product pricing hasslowly evolved from pure intuition-based decisions to amix of art and science. This
isduein no small part to the availability of historical sales and other data which are now routinely collected
by enterprise information systems. We review recent trends in pricing products in the retail (business to
consumers) and wholesale (business to business) industries and elaborate on factors that lead to such
trends. The research literature on approaches to help price a product is examined. We also introduce
common concepts behind commercially available software systems that provide pricing decision support,

and discuss the business benefits of using such a system.

Introduction

Product pricing has evolved fromsinple list pricing, punctuated with
an occasional sale or price markdown, to sophisticated pricing
mechani sms i ncludi ng auctions, reverse auctions, dynamc pricing, and
differentiated pricing based upon factors such as type of consuner and
sal es channel. The birth of these nore sophisticated pricing
mechani sms can perhaps be traced back to the time of airline
der egul ati on. Airlines, faced with stiff conpetition, high costs, and
differentiated classes of custoners, turned to nore sophisticated

pricing nmechani sns as a neans for financial survival.

The rise in e-business is leading to increased interest by retailers
in sophisticated pricing mechanismns. Successful inplenentation of a
pricing nmechani smrequires a significant anpunt of data about custoners
and their buying habits. Traditional (bricks and nortar) retailers

col l ect nunerous data types everyday, including point-of-sale purchase



data, store traffic data, and |logs of custoner service calls. In
addition to these data types, Wb-based retailers (“e-retailers”) have
access to click-stream data. Click-stream data provides eretailers
with a rich source of information, allowing them to track custoners’
deci sion processes as they browse catal ogs and nmeke purchase deci sions
on the Web. Thus, the rise of ebusiness has brought with it the
possibility and profitability of more sophisticated pricing mechani sns
in the retail sector. In addition, ebusiness allows for |ower cost
and nore frequent (if needed) price changes as well as relatively |ow

cost price testing to gain a better understanding of true market denand.

The growing interest in the use and successful inplenentation of
pricing nechanisms brings with it an increasing need and desire to
explore the effectiveness of such mechanisns. Product pricing is now
a consistent thene of retail trade shows and conferences. Further, an
entire industry ainmed at providing advanced pricing software sol utions
has been born, attracting high-tech start-up firnms and veterans in
supply chain managenment and enterprise resource planning alike. The
general press has dedicated detailed articles to this subject; see,
e.g., MWIliams (2001), Merrick (2001), Tedechi (2002). A recently
publ i shed industry study (Marn, Roegner, and Zawada (2003)) shows that
product pricing is the npost effective means for increasing profits

anong levers including sales volunme, fixed costs, and variable costs.

Product pricing nechanisns can be broadly classified into three main
cat egori es: products sold through publicly posted prices, products
sold through individually negotiated prices, and products sold through
auction mechani sns. A fundanental distinguishing factor between these
three nmechanisns is the time at which the purchaser has know edge of
the final price that he will pay. In the first category, products sold
through publicly posted prices, prices are posted and non-negoti able.
Thus, at any time the purchaser has full-knowl edge of the final price
that he wll pay. Most consuner retail stores in devel oped countries
sell products using publicly posted prices. In the second category,
products sold through individually negotiated prices, at the tinme that
the purchaser initiates the buying activity he has no know edge of the
final price that he will pay. Prior to agreeing to purchase the item
the purchaser receives a firm price quote from the seller. At that



time the purchaser decides whether or not to purchase the item In the
final category, products sold through auction nechani snms, the purchaser
has no know edge of the final price that he will pay at the tine that
he initiates purchasing activity. Dependi ng upon the specific auction
mechani sm the quantity of product the buyer procures as well as the
price per itemis revealed to the buyer only after he makes a purchase
commi t ment . Products sold through responses to Requests for Quotes
(“RF@”) put out by a business buyer are often sold using a combination
of the second and third nechani sns. The RFQ process is an (reverse)
auction; after the wnner has been deternined, amendnments to the
originally stated orders (and hence price) or other fornms of
negotiation my occur as a result of updated product offerings or
changes in the buyer’s needs.

In this chapter we focus on the first two classes of pricing
mechani sms. We restrict our focus to pricing products that are physica
or consunmbl e, such as consuner goods or parts used for manufacturing
W do not consider pricing issues that relate to pricing financia
products such as options, or one-of-a-kind artifacts such as antiques
or fine art. Finally, we assume that the seller is always a business
and do not consider the case of recreational selling of used itens or

col l ectibles by an individual.

Pricing in the e-Business Environment

The traditional bri cks-and-nortar busi ness envi r onment is
characterized by consuners who nust physically enter a store in order
to view nerchandise and nake purchasing decisions. Retail ers face
conpetition primarily fromother retailers in close physical proximty.
Price change decisions often entail costly advertising associated with
publicizing the new prices. Further, price changes often necessitate a
physical nmarking on each individual item to reflect the new prices
This process is both costly and time consunng. As a result,
traditional retailers often linmt thenmselves to a snmall nunber of price

changes for any given item being sold.

However, the advent of e-business has brought with it sone fundanental

changes in traditional nethods of conducting business. Due to the



i nherent automation that characterizes e-business, there is a low
mar gi nal cost associated with inplenenting a price change. Price
changes can often be inplenented via a change to a single database
entry which will then trigger price label printouts at the retail

stores. Wth the likely w despread future use of either liquid crystal

di splay panels or electronic paper, this process wll be further
simplified. This low nmarginal cost allows the seller nore flexibility
with respect to the nunber of price changes that he can consider during

any given tinme period.

An extrene form of e-business in retail, sometines known as e-tailing,
is where the retailer only has virtual stores on the Wb and does not
have any physical retail |ocations. e-tailing is characterized by the
use of a website to display products for sale; one can view etailing
as a business that publishes and distributes its catalog of products
via the Web. e-tailing has grown in popularity over the years, as there
are many factors that render sales over-the-Wb an attractive option
for sellers. Di spl ayi ng products via a website allows eretailers to
build a catalog that is much larger than anything that could fit into a
mai | box or into a retail store |ocation. Further, e-tailing allows for
significant, if not conplete, automation of processes such as order-
taking and custonmer service, thereby reducing transaction costs. Web
sales are often characterized by |arger purchases per transaction;
sellers often display products conplenentary to those that the custoner
is viewing, to entice custoners to purchase additional itens. e-
tailing also provides opportunity for richer interactions wth
custoners, as the use of automated tools allows eretailers to provide
addi ti onal services (such as e-mail confirmation when orders are placed
or shipped, or when new products of simlar kinds are announced) at

very low cost to the retailer.

The information technology that enables the existence of etailing
brings with it changes which inpact pricing strategies:(i) The I|ow
mar gi nal cost of price changes, as discussed above, allows the seller
unprecedented flexibility with respect to the nunber of price changes
and durations of effective prices. Dell.com reports that weekly price
changes are routine; in fact, prices can be changed as often as daily
(MWIliams (2001)). (ii) e-tailing expands the geographic |ocation of



custoners accessible by retailers. VWhereas the reach of retail stores

is limted (for the nopst part) to custonmers in close geographic
proximty to the retail l|ocation, websites can be accessed globally by
cust oners. Consequently, product |ife-cycles (or product shelf-lives)

are longer as sellers are not constrained by the seasonal cycles of a
singl e geographic region. The 1longer selling season wll inpact
pricing decisions used by e-tailers, who will now consider the |arger
customer base and nore varied custoner demands when naking pricing
deci si ons. Further, this expanded reach brings wth it a nore
fragnmented market characterized by gl obal conpetition, as consumers are
exposed to websites of sellers from a wde range of geographic
| ocations. e-tailers nust now consider pricing actions taken by a
potentially large nunber of conpetitors and deci de whether and how to
respond. (iii) e-business increases the nunber of sales channels via
which a seller can reach his custoners. The mpjority of traditiona
retailers use only in-store sales as a nmeans to generate revenues.
Sonme retailers also use catalogs as an additional neans to access
cust omers. The growt h of e-business introduces new channels by which
sellers can access custoners, such as shopping from hone, kiosks in
public places, or even from one’s cellular telephone. etailers wll
consider the role of each of these sales channels, as well as the

i nteracti ons between them when nmaking pricing decisions.

Current Pricing Practice

One can distinguish the use of different pricing nmechanisns into two
categories, according to the target purchaser of the goods. These two
categories are: business-to-consuner (“B2C’) and business-to-business
(“B2B"). B2C refers to a retailer or manufacturer selling directly to
consuners; B2B refers to a retailer or manufacturer selling to other
retailers or manufacturers. Table 1 provides a list of common pricing
mechani sns.

If we consider this list of pricing mechani snms, B2B engagenents are
nost typically paired with special bids (responses to RFQs), auctions
trade pronotions, price discrimnation in the forms of custom zed

catal ogs, quantity discounts, and annual rebates. Special bids can



sonetines be viewed as a special case of a reverse auction where there
is only one round of blind bidding. B2C engagenents are nobst typically
paired with everyday low pricing (“EDLP"), high-low or pronotiona
pri ci ng, end- of -season  mar kdowns, bundling discounts, non- | i near
pricing, non-price pronotions, price discrimnation in the form of

coupons, and early bird specials.

Pricing Mechanism Description
Speci al bid Custom zed price tailored for each RFQ
Auction In its sinplest form public selling of an
item to the highest bidder. Many nore

sophi sticated fornms now exi st.

Quantity di scount Price is lowered as a function of the tota

pur chase vol une.

Annual rebate Rebate to purchaser at end of year; nagnitude
of rebate is determ ned according to the tota

purchase val ue over the entire year

Contract pricing Items sold over a given tine period at a pre-
negotiated price in a pre-specified volune
range, possibly wth nmultiple price-volune
range pairs. Oher conditions such as order or

supply lead tines also apply.

Trade pronotion Co-operative pronotion to the end-consuner by
two or nore businesses (such as a manufacturer
and a retailer).

Every day Il ow pricing Iltemis sold at a single, fixed price; this
(* EDLP™) pri ce does not change over tinme.
Hi gh-1ow pricing Price of an item may change over tine, e.g.

initially assign high price to the item (to

capture revenues of | ess price-sensitive
custoners); reduce price later in selling
season.
End- of - season Common practice for seasonal itens; reduce
mar kdown selling price at end-of-season in attenpt to

depl ete excess inventories.




Bundl i ng di scount Price reduction is offered if custoner
purchases a pre-specified group (bundle) of
i tens.

Non-1inear pricing Different size packs are priced as separate
items, not directly proportional to the pack

si ze

Non- pri ce pronotion Non-price related incentive offered to induce
purchase of item (such as positioning of item

at prominent |ocations in a store).

Custoner loyalty Selected items sold at a reduced price to
program custoners participating in a loyalty program
Early bird speci al Price reduction offered if purchase item

during specified tinme periods.

A business that w shes to successfully inplenment any pricing mechani sm
must engage in both strategic and tactical planning. Strategic
planning is used to determ ne which pricing nmechanism's) to use on what
product in which nmarket. Once a pricing nechanism is selected,
tactical planning is wused to nmake decisions regarding proper
i mpl ementation of the pricing mechanism selected during the strategic
pl anni ng phase.

As an exanple of this dual -decision process, consider a B2C retailer
faced with the strategic decision of whether to adopt an EDLP pricing
strategy or a high-low pricing strategy. This decision is dependent
upon the target market, the products sold, the long term brand inage
and the retailer’s overall marketing and operational strategies.
Typically, a nmediumto-large retailer uses nore than one pricing
strategy for its different products and markets, and perhaps even for

its different channel s.

After the strategic decision is made, the retailer is faced with a set

of tactical decisions. |If the retailer adopts an EDLP pricing strategy,
the buyer nust determine the single selling price that will be used for
the majority of the selling season. He is then faced with markdown

deci sions for seasonal itens during the end-of-season clearance period

and for discontinued itens during the close-out period. If the




retailer adopts a high-low pricing strategy, the buyer nust determn ne

for each product, a set of prices that will be used during the selling
season. In addition, the use of non-price pronmptions nust also be
determned, in coordination wth pricing decisions. A survey of

pricing strategies and pricing tactics typically used by retailers of
consuner packaged goods can be found in Shankar and Bolton (2003).

One of the more challenging aspects of the tactical decision-making
process is estimting how demand responds to changes in prices and
pronoti ons. The buyer often uses the retailer’s historical demand and
price data to help with this estinmation. In npost instances the buyer
has el ectronic access to the business’ historical data through the use
of databases or, nmore likely, online analytical processing front-ends
to databases. For sone industries, the buyer may even have historical
sales and price data at an aggregate level for a market or product
category (e.g., A .C. N elsen for the grocery industry or A&S for the
personal conputer industry). Some businesses perform analysis on
pronmoti on and markdown effects on their products’ sales, nobst comonly
using the estimation of “lift factors” corresponding to specific
pronotion types or nmarkdown percentages wused historically in the
product famly. A lift factor neasures the change in sales resulting
from a price change or promotion, and is conmputed by comparing the
sales volunes between two or nore historical tine periods which are
simlar in all aspects except price or pronotion type. Tables of lift

factors corresponding to different markdowns and pronotions can be

produced using automated database queri es. If nore than one aspect of
two historical time periods differ, linear regression is typically used
to estimate the effect of each factor. Mar ket information vendors

(e.g., A C. N elsen) sell such analysis on conmodity products in any
given market (at the aggregate level) or for a specific store (wth

poi nt - of -sal e data provi ded by the custoner).

These strategic and tactical decisions are often made nmanually or

usi ng ad-hoc nethods, without the help of optimzation tools. ! For

1By the term “manual” we nean that the user nmmkes decisions based upon his

estimation. The user may (and nost likely will) have access to sources of
data, such as historical sales, but these sources sinply display historica
facts and do not provide predictive conputation. We use the term “manual”

i ndependent of whether the overall procedure is in any way conputerized.



exanpl e, buyers often use a spreadsheet to conpute key perfornmance
measures such as total revenue, gross margin, or return on inventory
investment for a product famly or group of stores over a given tine
hori zon. The buyer then performs “what-if analysis,” which neasures
the inpact of inplementing different pricing or pronotion decisions on
the key performance neasures. The results of the what-if analysis are
used to guide strategic and tactical decision-nmaking. However, what-if
analysis is tinme consuming and costly and the accuracy of the results
depends heavily upon the accuracy of any neasures estimated by each

i ndi vi dual buyer.

In the case of a B2B transaction the sane dual decision process is
requi red, but the decisions that nust be made are different in nature.
For a B2B retailer, strategic decisions include determining criteria
for a custoner to be eligible for contract pricing, annual rebates or
ot her quantity discounts, and target gross margins for products sold by
sal es representatives. (These target gross margins may be specified by
mar ket or by product famly). The magnitude of contract or quantity
di scounts and the value of annual rebates as a fraction of the sales
price are also strategic decisions. In the next stage, tactical
deci si ons i ncl ude t he degree of cont rol al I oned to sal es
representatives or bid response teans. The degree of control can be

expressed as a mninmum gross nargin, mnmninmum gross profit per

transaction, or both. Closely related to these decisions are the
incentives offered to the sales teanms, which will indirectly influence
the ultimate selling price. Because these decisions are indirect
| evers of control, rigorous mathematical nodeling is seldom used in
practi ce. Sonetimes a B2B retailer will perform enpirical studies

conparing different regions or experimenting with different degrees of
price control, to gain valuable insight into optimzing such tactical

deci si ons.

B2B retailers guide their wholesale pricing decisions by estimting
how demand responds to changes in prices and pronotions. In a B2B
relationship, the B2B retailer (e.g., the wholesaler) will sell to the
B2C retailer (e.g., the retailer) who in turn sells to the end consuner.
However, the wholesaler’s attenpt to neasure end-consuner response to

price and pronotion decisions is conplicated by the following two



factors: (i) the retailer enploys a pricing and pronmption scheme which
does not necessarily reflect that enployed by the wholesaler and
(ii)the retailer may not be willing to share end-consuner data with the
whol esal er. Both of these factors make it nmore difficult for the
whol esal er to nmeasure denand response to different price and pronotion
schemes. To nitigate the inmpact of (i), wholesalers will often include
clauses in contracts with the retailers that include guidelines wth
respect to the relationship between retail and whol esal e prices. The
impact of (ii) has been mtigated by the continued advent of cost
effective information technology and the ever-increasing understanding
of the value of information sharing along a supply chain (see, e.g.,
Gal | ego (2000)).

For nmediumto-large sized B2B businesses, selling price decisions are
often left to the sales or bid-response teans. The price for each
product sold to each customer is determnm ned based upon a |arge nunber
of factors including, for exanple, the previously determined |ong-term
sales strategy for the given custoner, the total value of the
transaction, the current inventory positions for all of the products in
the transaction, and the probability of wnning the bid for the
transaction. The latter factor, i.e., the probability of w nning the
bid given a reasonable range of prices, nust be predicted in a nmanner
simlar to that enployed to predict total product demand given it’'s

price.

The appropriateness of the pricing decisions made by the sales or bid-
response teams is largely dependent wupon the expertise of each
i ndi vi dual pricer. These decisions are generally nmanual |y determ ned,
using historical bid or sales data to predict the probability of
Wi nning the current bid. Prices offered in face-to-face negotiations
(as opposed to RF(s) are even nore difficult to determine as the pricer
must, in general, deternmine the bid price in real tine. Cases where
the purchaser will provide a yes/no response after seeing the bid price
can be viewed as a first-price sealed bid auction. (See, e.g., Riley
and Sanuel son (1981).) In practice, however, there are often multiple
rounds of bidding, even with formal requests for quotes. This lack of
fixed structure in the sales negotiation process conplicates the
optimal pricing analysis. The pricing decision relies heavily on the

10



potential purchaser’s response to the price offered, forcing the

practitioner to use a nmanual process for determning prices.

Thus, optinmal pricing and pronotion decisions both in the B2C and B2B
arenas are difficult to deternine. For the nobst part, these decisions
are made wusing manual techniques, and the appropriateness of the
deci sions are largely based upon individual pricer expertise and the

accuracy of estimtes nmade by the buyers.

Research Literature

Pricing related i ssues have been addressed in the econonics, marketing,
and operations research and operations managenent literature. In this
section we provide an overview of the research papers that can be used
for decision support as opposed to papers whose primary contribution
lies in describing the dynamics of optimal prices. W refer the reader
to El maghabry and Keski nocak (2003), Yano and G lbert (2003) and (an
et al . (2001) for nore extensive surveys of existing pricing

literature.

Much of the contribution of the econonmics literature to the pricing
area is in providing high level nodels to analyze the various forns of
price discrimnation, both in B2B and B2C settings. See, for exanple,
Wl fstetter (1999) for a discussion of pricing in a nonopoly and an
ol i gopol y. Riley and Zeckhauser (1983) provides an interesting
argunent describing the benefit to the seller of non-negotiable, posted
pricing. Another major thrust of this literature is to understand the
behavior of price in the presence of changing market conditions. In
parti cul ar, t he literature st udi es t he phenonmenon of price
“stickiness,” where prices remain relatively stable in spite of changes
in market conditions. See for exanple, Blinder (1982). Monr oe and
Della Bitta (1978) provides a survey on nodels for pricing decisions.
Their paper contains the earliest cal l for researchers and
practitioners to focus on nodel-based pricing. The econom cs
literature also focuses on developing nodels that describe human
purchasi ng behavior. The Bass diffusion nodel (Bass (1969)) is a well-

known nodel for describing how consumers nake purchasing decisions.
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Extensions to this nodel as well as many additional nodels have been

devel oped in the econonmics literature.

Wiile the mcroecononic nodels are elegant and insightful, for the
nost part they do not address operational rules or provide decision
support capabilities. W now turn to the contributions of the

mar keti ng and operations literature.

B2C pricing has experienced a surge in research activity over the | ast
decade. At the strategic planning level, Ho et al. (1998) study the
conditions under which EDLP or high-low pricing is beneficial. In
tactical pricing, Smith and Achabal (1998) is one of the first studies
that garnered attention from retailers. There, the authors study the
problem of pricing during the end-of-season clearance period. They
consider a continuous tine, continuous price setting with determnistic
demand. This problemis extended in Heching et al. (2001) to the case
of maximzing revenue or profit over the entire selling season for
products with a more conplex structure, such as bundled products or

custom confi gured products.

Gall ego and van Ryzin (1994) study the stochastic denmand version of
this nmodel and anal yze the problem using optinmal control theory. They
al so extend the problemto cases where only a discrete set of prices is
permtted, the initial inventory level is a decision variable, and
inventory replenishments are possible (as opposed to a clearance
setting where no new inventory will be ordered). Bitran and Mbondschein
(1997) consider a simlar problem and use dynanmic programming to
determ ne the optinmal strategy. Tellis and Zufryden (1995) consider a
nore conprehensive demand nodel which includes the effects of brand
| oyal ty, st ockpi li ng, and cust omer segnent ati on. The profit
maxi m zation problem is formulated as a nonlinear integer program and
is solved using the Solver optimzation nodule in an Excel spreadsheet.
While this approach can provide insight into the nore general pricing
problem it is not a practical solution for a retailer with tens or

hundreds of stores and possibly thousands of itens in each store.

A general version of the problem of maxinmi zing the revenue from a set

of products over a finite horizon, assumng that the product demand

12



follows a stochastic point process, is studied in Gallego and van Ryzin
(1997). An interesting result derived there is that the solution to
the determnistic version of the revenue naxinmzation problem is
asynptotically optimal in the stochastic case. Heching et al. (2002)
report on an enpirical study in which results from such optimzation
nodel s are conpared to the pricing decisions nmade by a retailer. Their
results indicate that revenue can potentially increase by 4% or nore
when usi ng nodel - based pricing schenes.

Sonetines, for each product, there exists a menu of fixed prices from
whi ch the planner can select. Such situations can arise when pricing
and product planning functions are perforned by different organization
within a conpany. In this case, the planner nust decide when to swtch
to a different price. Feng and Gallego (1995) study this problem under
a Poi sson demand assunpti on.

A closely related issue is the conbined problem of determ ning price
and inventory levels. Recent works in this area include Federgruen and
Heching (1999), Petruzzi and Dada (1999), Van M eghem and Dada (1999),
and Subrahmanyan and Shoenaker (1996). El i ashberg and Steinberg (1991)

provides a survey of problens that lie in the interface between
mar keti ng and production decisions. Also related is the problem of
pricing products in conjunction with service-related deci sions. See

Hassin and Haviv (2003) for a survey of basic nodels in this literature
Extensions to nore conplicated situations have been suggested, for
exanple, by Bernstein and Federgruen (2001) and Mglaris and Zeevi
(2003).

Many of the papers referenced above consider a setting where sellers
operate as nonopolists. There has also been significant research
interest focusing on pricing decisions in the face of horizontal or
vertical conpetition. The assunmption that sellers operate in a
monopol y environnment has been relaxed; sellers nay be facing external
conpetition and may al so be managing a portfolio of conpeting products.
See, e.g., Gallego and van Ryzin (1997), Tsay et al. (1999), G bert
(2000), and Zhu (2002).

13



The B2B pricing research literature is not quite as active at present.
Papai oannou and Cassaigne (2000) provides a recent review of
statistical nodels in bid pricing in a request-for-quote environment.
A basic assunption in these earlier nodels is that conplete historica
data on bids (including those submitted by conpetitors) are available
This assunption is satisfied for the purchaser, but not for the seller
To avoid this problem Cassaigne and Papai oannou (2000) proposed an
expert system approach to estimating the bid-win probability (i.e., the
probability that a seller will win a bid). Simlar in spirit, but
using a data mning approach, Lawrence (2003) estinmates the bid-win
probability using only those data available to the seller. Cao et al.
(2002) uses a nmachine |learning approach to deternmine the wn
probabilities and to estimate nmissing wn-loss information from
hi storical bidding data. One could also use discrete-choice analysis
to nodel buyer behavior and to estimate the bid-win probability. See
e.g., Ben-Akiva and Lerman (1985) for a discussion of discrete choice
nodel s. (Talluri and van Ryzin (2000) have used this approach in the
context of airline revenue mmnagenent.) Once the bid-win probability
is estimated as a function of selling price (and other factors), the
probl em of maxim zing the expected profit of that particular bid is

relatively straightforward.

In a nunber of industries, manufacturers often plan pronotions (both
price and non-price related) in collaboration with retailers. 1In these
cases the manufacturer typically contributes sonme nmoney to an end-
consuner pronotion, for exanple, in the form of a direct paynment or a
price reduction to the retailer. The retailer may then decide to
contribute his own nobney to boost the pronotion, for exanple, in the
formof a price reduction to the consuner. Alternatively, the retailer
may decide to retain the entire pronotion contribution from the
manuf acturer and take no action to prompte the product to the consuner.
The amount of contribution from the retailer given a manufacturer’s
pronotion, called the pass through rate, is a decision that can be
optim zed. Arjunji and Bass (1996) describes a nodel to optinize the
pass through rate, retail pronption duration, and order quantity for a
manuf act ur er - pronot ed product. Kri shna and Kopalle (2003) investigates
a simlar situation in a nulti-product environment. Silva-Risso et al

(1999) reports a decision support system for a manufacturer to

14



deternmine an optiml promtion plan given a known and constant pass
through rate. At a nore strategic level, Neslin et al. (1995)
i nvestigates the relationship between retailer / consuner behavior and
the optimal pronmotion plan the manufacturer should devel op. Al t hough
the focus of the paper is on managerial insights, the optimnzation
nodel there gives a strong flavor of a model that could be used for

tactical decision support.

Commercial Systems

Though airlines have been profitably enploying sophisticated pricing
mechani sms (yi el d managenment) for over two decades, retailers have been
slower in adopting these nore advanced nethods. I nstead, retail
pricing decisions have traditionally been left in the hands of buyers,
who rely on a conbination of intuition and spreadsheet calculations to
make pricing decisions. Deci sions are often driven by target margin
objectives, frequently resulting in msalignnent between consumer
demand and retail prices. However, successful inplenentation of yield
managenent in airline pricing as well as tougher econonmc conditions
have convinced retailers that there may be nerit to using mathenatical
nodel s for optimzing pricing decisions. This growi ng recognition has
brought with it a demand for solution providers to develop software
that addresses the conplexities associated wth retail pricing

optim zati on.

In response to this demand, a nunber of software tools have been

developed with the objective of inmproving retailer profitability
t hrough price optimnzation. In this section we discuss the avail able
conmercial price optimzation tools. W find that the majority of

comrercial systens at this tine are designed for the B2C retail
i ndustry with publicly posted prices. Sonme of these commercial systens
al so have pronotion optimzation capability, e.g., nmaximze revenue or
profit by determining an optiml set of (non-price related) pronotions
over time. For the sake of brevity, we use the term price optim zation
system with the wunderstanding that the system may also provide
pronotion optimzation capability (as well as simultaneous price and

pronmotion optim zation).

15



Most of the vendors who offer retail pricing optim zation tools are
new to the revenue nmanagenment arena, and have not traditionally offered
airline yield managenent tools. These include DemandTec, Khinetrics,
KSS Group, ProfitLogic, and Rapt. O Neill, Daggupaty, and Caul ey (2003)
and El maghabry and Keski nocak (2002) provide an overview of sone of
these vendors. Supply chain managenent vendors, such as i2
Technol ogi es and Manugistics also provide offerings in the price

optim zation area

The commercial offerings are all simlar in user functionality: each
provides a nodel for estimating a demand function (demand as a function
of selling price and other factors). This demand function is used by
the optim zation nodel to nmaxinize profit or revenue, while considering
user-defined constraints such as business rules, current inventory
| evel s, required service levels, and length of the selling season. The
business rules constraints ensure that the conputed solution is
sensible from the end consuner’s perspective and that specified
busi ness strategies and policies are observed. For exanple, the seller
may constrain the system such that a l|arger package size of a product
shoul d be priced higher than a smaller package size of the same product,
or that national brands should be priced at least as high as a house
brand of the equival ent product. Ot her business rule constraints my
i nclude the nunber, magnitude, or frequency of allowable nmarkdowns, or
constraints requiring that groups of itenms nust always be marked down
si mul t aneousl y. An additional feature offered by these systens is to
consider the nultiple sales channels (and multiple store |ocations
within the “bricks-and-nortar” sales channel) and provide optinal

channel and | ocation specific prices for each product.

Typically, each vendor has a proprietary nmethod for nodeling demand.
The coefficients of the demand nodel are determ ned using historical

sales and price data. Cost data, conpetitive actions, prevailing
mar ket conditions, cost of <capital, salvage values, and inventory
carrying costs are also inportant factors to be considered. | deal |y,

hi storical sales data are obtained from corporate databases or directly
from point-of-sale systenms. Methods for nodeling demand include, for
exanple, sinple ‘lift factor’ <calculations, traditional econonetric
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nodel s, and consumer choice nodels (commonly used in marketing). Some
vendors determ ne the appropriate demand nodel for each product by
using an “attribute nmnagenment system” Products with simlar
attributes are clustered together. A library of demand functions is
mai nt ai ned, and econonetric nodeling is used to find the demand

function that fits best with each cluster of products.

Devel oping demand nodels and searching for a revenue or profit
maxi m zing solution given these demand nodels (with estinated
paraneters) and the business constraints, are nontrivial tasks in terns
of conputational conmplexity and the quality of the solution. These two
factors serve as technical differentiating factors in the business,
which we discuss in nore detail in the next section. To specify the
constraints, nobst vendors provide a wuser-friendly interface. For
exanple, a list of related constraints can be specified by using a
‘for’ loop, simlar to a high level programm ng |anguage. Managi ng
these constraints is challenging since there is typically a fairly
| arge set of constraints (often in the thousands) which need to be
manual Iy input and nmaintained. Even if one considers a sinplified
demand nodel where each product is nodeled independently of other
products, nany business constraints (such as the relationship of the
prices of the different pack sizes) wll |ink products together,

produci ng a |l arge set of constraints.

The prices generated by the price optinization system are revi ewed by
t he buyer. Buyers will often conduct “what-if” analysis to study the

profitability of inplenmenting the suggested pricing strategy under

di fferent scenari os. (What-if capability is offered by npbst of the
comercial systens.) Once the buyer deternmnes the final pricing
strategy, the prices are input into price nanagenent systens. The

retailer nust then consider issues related to price inplenentation.
Met hods nust be put in place for rolling prices out to store |ocations.
The results of these prices nust be nmeasured and nonitored as consuner
response to retail prices is observed, to ensure that no nodifications
are required. The price optimzation software may have functionality
that allows the retailer to analyze and nonitor the inpact of pricing

deci sions on sales and margins. Price adjustnents due to conpetitive
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actions and seasonal changes may require the retailer to use the price

optim zation systemto revise the retail prices.

More recently, sone systens have been developed to aid in B2B
transacti ons. One of the first such systens was developed by
Manugi sti cs. The system analyzes a specific custonmer contract (for
exanple, a contract proposed in the context of an RFQ and recomrends
optimal prices for the set of products requested by the custoner. The
logic is fundanentally sinilar to that of a B2C system with the
exception that each customer is classified into a specific nmarket
segnment and historical data from that segnent alone is used to estinmate
the demand nodel. In addition, a contract w nning probability is

estimated as a function of price and other factors.

Finally, in an ideal situation, the price optinization software will
have a facility allowing for data exchange or integration with POS
systenms and with commonly available software in other areas such as
i nventory managenent. This allows for full integration between all the
seller’s data systens so that, for example, POS systens immediately
refl ect changes in price and decisions nmade by the inventory managenent

systens incorporate the inpact of the new pricing schene.

It should be noted that the terns “price or pronotion optinization” or
“price or pronotion planning” have been wused rather loosely in
descri bing these commercial systens. In a nunber of cases the system
does not provide any automatic optinzation per se, but instead
provi des relevant information (such as historical sales reports) that
hel p the user optimze prices or pronotions. These systens do not have
an underlying demand nodel or an optimzation engine, and are instead
focused on business data anal ysis, data managenment, and workflow.  Such
systens are clearly useful in their own right but are not the focus of

this article.

Benefits of Price Optimization

As with revenue managenent systens used by airlines, it is difficult

to accurately assess the nonetary benefits of a retail price
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optim zation system The accuracy of this estimte depends largely
upon the accuracy of the estimate of demand sensitivity to prices and
promotions, which is difficult to neasure. Typically, one of the

foll owi ng two approaches is adopted:

(i) The seller uses historical data to develop a demand nodel. The
seller wuses this demand nodel to sinmulate historical sales (and
associated profits and revenues) assuming that the prices (and
promotions) suggested by the price optimzation system are adopted.
The profit and revenues generated under this scenario are conpared with
the true historical profits and revenues. This gives an estimte of
the profit and revenue inprovenent derived by wusing the price
optim zation system This estimated profit and revenue inprovenent is
then adjusted to account for inaccuracy in the demand nodel. The
adjustnent is conmonly performed in one of two ways. (a) An estimate
of inaccuracy in the demand nobdel is obtained by conparing the denand
predicted by the demand nodel using the historical price vector to the
actual historical denand. This estimted inaccuracy is then used to
adjust the estimated revenue inprovenment by adjusting the estimated
revenue inprovenent according to the percentage error in the denand
nodel. (b) An alternative nmethod for determ ning an adjustment in the
estimated inprovenent is to conpare the demand predicted by the denmand
nodel wusing the historical price vector to the historical demand
predicted by the demand nodel using the price vector suggested by the
price optimzation system Again, the estimated inaccuracy is used to
adj ust the estimated revenue inprovenent. The intuition in this method
is that the predicted differences in demand (when the prices are
different) may be relatively accurate, even though the actual denand

observed for any given price may not be.

(ii) A potentially nore costly but perhaps nore convincing nmethod for
measuring the benefit of price and pronotion optimzation is to conduct
a pilot study. For exanple, a subset of retail locations in a retail
store chain adopts the price and pronotion strategy suggested by the
price optimzation tool. Profits generated by this subset of retail
| ocations are compared with the profits generated by the control set of
retail locations for which traditional pricing rules were applied, to

nmeasure the benefit of the price optimzation system The benefit of
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this approach is that it elimnates the direct dependence of the
estimate of the benefit on the accuracy of the demand npdel. On the
other hand, the difficulties with this approach lie in finding two
conparable, representative, and sufficiently large sets of retail
| ocations, and ensuring that there are no unusual factors or events
that occur during the time of the experinent. Per haps the biggest
hurdle is that the retailer nust have sufficient confidence in the
price optimzation system to conduct such an experinent in a

signi ficant nunber of stores over a reasonably long period of tine.

Bot h approaches for estimating the benefit of the price optimnzation
system are used in practice. As the price optinmzation industry
matures and sellers are observing successful inplementations of price
optim zation systens, nore retailers are gaining enough confidence to
adopt the second approach.

Because the retail price optimzation industry is quite young, the
long-term value of such price optimzation systens has yet to be
established. Further, the magnitude of the nonetary benefit depends on
the particular retail environment and the method of inplenmenting the
price optimzation system However, results of pilot studies are
encour agi ng. Pilot inplenentations report inprovenents in revenue on
the order of 1-5% The associated inprovenent to the bottom line is
generally significantly larger, as sales cost is not inpacted by using
the price optimzation system For example, Feldman (1990) reports
that for an industry wth a 1.6% profit mrgin, a 1% revenue
i mprovenent translates to a 60% increase in profits. O her
quantifiable benefits include reduction in inventory levels
(especially for seasonal products) or, equivalently, an increase in
sel | t hr ough, i nprovenent in gross margin return on inventory
i nvestment, and reduction in labor costs due to a reduction in the
nunmber of wunnecessary markdowns. See, e.g., Johnson, Allen, and Dash
(2001), Grard (2002), and Scott (2003), for discussions of actual
i mpl enentations of price optimization systens and the benefits observed

in those cases.

A conmon question is how a mathematical nodel, relying primarily on
historical sales data, can perform better than an experienced retail
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buyer and can produce such significant financial gains. There are two

argunments to support this phenonmenon.

First, a nediumto large retailer (at present the target user of such
systens) has many buyers with varying degrees of expertise. Wiile the
price optinzation system may not outperform the nore experienced
buyers, it wll be helpful to the |ess experienced buyers. In
particular, not only wll the price optimzation system nost |ikely
outperform the |ess experienced buyers, but it can also serve to
accelerate their learning curve. The retailer, as a whole, therefore
benefits. This point should be noted when a retailer is selecting
buyers for a feasibility or pilot study of a price optimzation system
Sone retailers may be inclined to select to include only the top buyers
in this pilot study and therefore conclude that the price optimzation
systemis not beneficial because it does not outperformthe top buyers
The retailer should consider the broad range in expertise of his buyers

when assessing the benefit of a price optimzation system

Second, even nore experienced buyers have difficulty perform ng wel
at the store-product |evel. A nmedium to large sized retailer has a
| arge nunber of store-product conbinations, often each with very sparse
historical data that can be used by the buyer to nmmke good pricing
deci si ons. Further, it requires a significant time commtnment for the
buyer to analyze every store-product conmbination to make good pricing
decisions. As a result buyers are often forced, for exanple, to adopt
common prices for a product over all store |ocations. However,
processing a large nunber of itenms with detailed data is precisely the
strength of conputer-based nodels. The price optimzation system can
price each store (or region) differently, based upon the historical
behavi or observed at each store (or region). Thus, while a nore
experienced buyer may be able to nore accurately predict aggregate
behavior of a product famly for the entire retail chain, the price
optim zation system is often nore accurate in predicting behavior at

the nore detail ed store-product |evel.
Both of these arguments support the concept that a decision support

system such as a price optimzation system conplenents the ability of
its human user. For exanple, the buyer my be npbre accurate at
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determning the demand trend for a product famly at the retail chain
level, and the price optimnization system can be used to conpute the
demand nodels at the store-product | evel , while taking into
consideration the high-level denmand trend specified by the buyer. Al so,
the buyer may be nore accurate in predicting the denmand trend for |arge
product fanmilies or products that appeal to specific customer types.

The buyer can be wused to determine the pricing scheme for these
products and the retailer can use the price optinzation system to
estimate the demand and determine prices for the other products. In
these ways, the buyer’'s tinme can be nore efficiently utilized. The use
of a price optimzation system can allow the buyer nore tinme to analyze
other, nore qualitative though equally inportant factors (such as
fashion trends) or conpetitive behavior. By conbining expert know edge
with a data-based optim zation nodel, retailers can expect to see
significant inprovenents in pricing performance and in overall retail

profits.
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