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Abstract

This article represents the first of several editorials to appear iddbmal of Retailingdesigned to examine the nexus between retail
practice and research, with the goal of stimulating further research. This essay on emerging trends in pricing discusses recent advances in
retail pricing optimization. We begin with a review of how retailers typically make pricing decisions using time-honored heuristics and attempt
to infer the optimal decisions. However, current methods are suboptimal because they do not consider the affects of advertising, competition,
substitute products, or complementary products on sales. Most fail to take into account how price elasticity changes over time, particularly
for fashion merchandise, or how market segments react differentially to price changes. In addition, many retailers find it difficult to know how
to price merchandise when their suppliers offer temporary “deals.” They are also generally unaware of how their pricing strategy influences
their overall image. As these issues demonstrate, optimal pricing is not a static problem. Retailers must be able to react quickly to changes
in the environment or sales patterns. This paper also provides examples of the more sophisticated pricing techniques that are currently being
tested in practice. Finally, we conclude with a discussion of the critical components that must be incorporated into retail pricing.
© 2004 by New York University. Published by Elsevier. All rights reserved.
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Introduction 2003, and then develop, implement, and evaluate the appro-
priate pricing strategy and tactics.

Most retailers do not use price as a basis for achieving a American retailers are losing more than $200 billion ayear
sustainable competitive advantage because it is too easy fodue to markdowns, or dynamic price cuts over timep( of
competitors to copy a low-price strategy, and very few re- the Net 20024 Markdowns as a percentage of U.S. retail
tailers can be successful with a low cost—low price strategy sales represented 8 percent in 1971 and 35 percent in 1996;
such as Wal-Mart’s. Price can be used strategically, however,according to an STS Market Research study, 78 percent of
even if not always to establish the lowest price. For example, all apparel sold currently by national chains such as JCPen-
when entering a highly competitive market, a retailer could ney, Sears, and Kohl's is marked dowiThus, markdowns
sacrifice significant profits to build market share. To pursue are clearly a substantial and important aspect of today’s retail
such a strategy may be perilous, however, unless it can be im4andscape. Retailers and their customers have come to expect
plemented properly. Retail managers must consider carefully prices that are below the manufacturer’s suggested retail price
certain key factors, such as the customers, competition, andMSRP). For more than 20 years, manufacturers, particularly
government regulation&fewal & Compeau 199Monroe in the grocery industry, have fueled this markdown mania by

tempting retailers with special temporary price reductions
- coupled with promotions. Retailers of all kinds use these fre-
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of marking down merchandise after a prespecified period of often apply a fixed percentage markup onto their cost; a key-
time and therefore wait until goods are on sale. These prac-stone markup, for example, results in a markup that is 50
tices have had a deleterious effect on profits and contributedpercent of the retail price. Rules are applied to markdowns
to the demise of many smaller retailers. as well. For example, fashion retailers often take a fixed per-
Until recently, retailers typically based their initial pricing  centage markdown on merchandise that has been in the store
and subsequent markdown decisions on arbitrary rules thatfor a certain number of weeks, followed by an additional
they believed had worked well in the past. Fortunately, a few markdown a few weeks later. Another rules-based approach
specialized firms recently have developed software packagess to price merchandise above, below, or at parity with the
to assistretailers in making these important pricing decisions. competition’s pricing.
These packages are just part of an assortment of programs The maintenance of these pricing rules is consistent with
known as merchandise optimization techniquesefd & recent trade press articles that suggest retailers have been
Walker 200). slow to adopt sophisticated pricing mode&tdres 200§
Merchandise optimization, which can have a direct, pro- have priced products solely on the basis of cd®etéil
found impact on the bottom line, is all the rage in retailing Industry Report 2000and sometimes “live and die by Excel”
circlesthese days. Itis well represented in the trade press, andy evaluating one brand after another using “what-if” analy-
most retailing conferences devote significanttime to the topic. ses that do not incorporate the price impact of one product on
Some of the largest retailers in the country (e.g., Home Depot, another Forrester Report 20Q1Retailers use a rules-based
JCPenney) have invested millions of dollars in sophisticated approach because it is easy to calculate and implement, par-
merchandise optimization software. The Canadian apparelticularly in a multistore chain. Furthermore, pricing with an
retailer Northern Group Retail Ltd. started using ProfitLogic eye toward the competition helps retailers maintain their price
Price Optimization (Cambridge, MA) software and, in a test, image.
was able to generate $60,000 of additional gross margin dol-  The most fundamental weakness of these rule-based ap-
lars on one stock keeping unit (SKU) by holding its outerwear proachesisthat none have anythingto do with whatrepresents
at full price, though prior experience indicated that it should the optimal price or markdown. In the case of the rule-based
have reduced the cost by 30 perceRefail Systems Alert  approach, price is based on what has been done in the past,
2003. either the previous year, in the case of fashion merchandise,
Similarly, price and promotion optimization software de- or the past few weeks, in the case of staple merchandise. In
veloped by KhiMetrics’ (Scottsdale, AZ) has been imple- either case, the data are old and usually confounded by pro-
mented successfully by top retailers in the grocery, drug, motions. For example, in the absence of price optimization
electronics, specialty, and mass merchandising fields. Resultsoftware and demand information about other promotions,
from controlled field experiments demonstrate that their so- if sales increase every year around February 14 and retail-
lution consistently outperforms that of the control group by ers always provide a promotion on that day, those retailers
increasing profit (1-2 percent of sales) while maintaining or are unable to tease out the impact of their Valentine’s Day
increasing sales, depending on the retailers’ desired goalspromotion.
Moreover, sales were increased or maintained without any  The second problem with the way retailers price and mark-
negative effects on total unit movement. Depending on the down merchandise is the system-wide character of their de-
retailer’s margins, the increased profit translates into an over-cisions. For example, a regional department store chain may
all 5-15 percentincrease in gross profits, and the results weraake the same markdown on a grouping of sweaters in New
consistent across retail industries. England thatit does in Texas, though the demand for sweaters
Retailers have a plethora of decision-making tools and the time of their selling seasons may be quite different. In
available that can help them in the following areas: the same way, a supermarket chain might price black beans
planning assortments, initial pricing, sourcing/vendor col- in Miami, where the majority Latin population creates a huge
laboration, buying, allocation of merchandise to stores, pro- demand, the same asitdoesin Tallahassee, where black beans
motion, planning replenishment (rebuys), space managemenare more of a novelty product.
(planograms), and markdown pricing. Our goal isto examine  Most retailers do not find it prudent to use different prices
emerging pricing practices by retailers and identify pricing in stores within the same trade area because customers may
research opportunities—across time (e.g., initial pricing and become confused or, worse, disillusioned with the integrity of
markdown pricing decisions), categories and SKUs, and cus-the retailer if they find different prices in contiguous stores.
tomer segments—that we believe have strong implications But differential pricing in diverse trade areas, particularly

for both research and practice. if they are geographically isolated, can provide opportuni-
ties for increased gross margins and more precise inventory
control.
Traditional retailer pricing techniques The third problem with rule-based approaches is that cus-

tomers learn from past experience when merchandise will be
Typically, retailers make pricing decisions on the basis of placed on sale. Such sale-savvy customers play havoc with
time-honored rules. Retailers using the rules-based approachetailers’ gross margins because they wait for sales to buy.
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Given these problems, a natural question is why retailers Demand Curves for Staple and Fashion Goods
continue to use rule-based approaches. One retailer putit thi: o zgg P sace _
way (Hall, Kopalle, & Krishna 2004p. 30): £ 200l M e ST :5?:3?

Many times we ;imply don’t have the data to figure out the A i s
complex interactions among the brands, and when we do havi Week

the data, we either don't have the time to analyze it fully or we

don’t have the expertise to conduct an in-depth analysis. It is Fig. 1. Demand curves for staple and fashion goods.

far easier for us to go just with some markup rule or, at best,
look at each brand separately by considering how much of a

lift we would get if we reduce the price by a certain amount. a5 qown to somewhere near its previous level. However,

Although some retailers can experiment with new items to there are also important differences in the life cycles of fash-
determine profit-maximizing prices, this approach is imprac- ions and staples ifrig. 1 First, the fashion curve is sim-
tical for most retailers because they have too many items toilar in form to a “normal” or bell-shaped curve, in which
consider. In addition, experiments simply are not timely. By Sales start at zero, increase over a particular season, and end
the time the results come in, the item could be in another at zero. The staple line, in contrast, remains relatively flat,
stage of its life cycle. Experimentation could, however, work though it may veer up or down depending on the general
for a chain such as the Cheesecake Factory when it wants tgrend for the SKU and the season. Second, the demand line for
try a new menu item. The restaurant could offer the item at Staple merchandise never approaches zero. Unlike fashions,
different prices in different markets to determine which price Staples continue selling, at least over a reasonable planning
is the most profitable. horizon.
The systems designed to optimize price for both fashion
and staple goods are complicated but for different reasons.
Two disparate pricing problems: fashion and staple For fashion goods, the objective is to maximize the profits
merchandise for the item or category and, at the same time, price the mer-
chandise so that inventory approaches zero at the end of the

Although there are many types of merchandise, from an fashion cycle, because at that time, it is out of style and has
inventory management perspective, most SKUs fit into one little or no value in the marketplace. That is, if a store has a
of two categories: fashion or staples. Fashion is a categorylot of sweaters left over in January, it must aggressively mark
of merchandise that typically lasts 8-12 weeks, and salesthem down to ensure they are gone in time for the arrival of
vary dramatically from one season to the next. Within the SPring merchandise.
fashion category, a specific style or SKU sells for one season ~Because staple merchandise continues to sell throughout
or less. Although the life cycle of a typical fashion item is the year, staple retailers do not need to consider the complica-
much shorter than that of a staple, its life span depends on theion of pricing to be out of stock on a certain date. However,
type of Category and the target market. For examp|e, doub|e-the staple merchandise optimization problem is Complicated
breasted suits for men or certain popular interior decorating Pecause of the number of potential decisions that must be
colors represent fashions whose life cycle may last severalmade. Pricing decisions can be made at the SKU level for
years. In contrast, trendy fashions such as see-through tracistaple merchandise, and retailers must take into considera-
shoes may last for only a short seadon. tion the effect that the price of one SKU has on another or the

ltems in the staple merchandise (also called basic mer-effect one category of SKUs has on another category. There-
chandise or fast-moving consumer goods) Category are infore, the sheer size of the optimization problem for staple
continuous demand during an extended period of time. Most merchandise can be daunting.
merchandise in grocery and drug stores, as well as house- Although the differences between pricing optimization
wares, hosiery, basic blue jeans, and women’s intimate ap-Systems for staple and fashion merchandise appear to be sub-
parelin specialty and department stores, are considered stapl&tantial, and though software vendors approach the problems
merchandisé. with a variety of analytical techniques, the underlying princi-

We depict a representation of the life cycle for fashion and ple of maximizing profits through analyzing price elasticities
staple goods merchandisefig. 1 There are several simi- remains the same.
larities between the two graphs. Both lines have “spikes,”
which represent increases in sales that usually are caused
by promotions. After the promotion, the level of sales set- Critical components to be incorporated into retail

pricing

6 One firm that specializes in pricing optimization for fashion merchan- . . . Lo . .
dise i ProfitLogic (profitlogic.com). Retailers are interested in maximizing thelr_proflts. To d_o

7 Firms that specialize in pricing optimization for staple merchandise SO, they need to understand how to price their merchandise
include KhiMetrics (khimetrics.com) and DemandTec (demandtec.com).  optimally. What does optimal price really mean? Itis the price
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at which profits are maximized by item or group of items. Of the effect of the change in the price of an SKU on the de-
course, this process is not as easy as it sounds. For examplanand for a competing SKUWBgsanko, Dub, & Gupta 200k
by maximizing the profits of one item by setting its “optimal” Bell, Chiang, and Padmanabhan (1988}e that almost 75
price, the retailer may sacrifice profits on another item whose percent of consumer response to promotions is due to brand
demand correlates with the firstitem. Toillustrate, if a retailer switching. Hence, if an SKU can steal market share from
reduces the price of an 8-0z can of Hunt's tomato sauce, thea competing SKU because of its price, the retailer should
demand for the 12-0z can might decrease. evaluate the relative margins of the two SKUs before low-

Next, we discuss this and six other factors that must be ering the price of the target SKU. Thus, implicit in this ef-
taken into consideration to determine optimal prices. To sum- fect is the interesting observation that “cross-pass-through”
marize, these factors are as follows: (1) Price sensitivity, or effects exist; that is, changes in the wholesale cost of one
how demand for an SKU changes with its price; for fashion SKU can drive changes in the prices of other SKUs. For
merchandise, how does price sensitivity change over time example, if the wholesale price for SKU A is temporarily
(e.g., a markdown for a sweater in May may not create the lowered, it may be optimal for a retailer to “convert” those
same sales lift as the same markdown would in January)?customers who normally purchase SKU B to buy SKU A
(2) Substitution effects, namely, how demand for an SKU because of its now higher margin. Such conversion is deter-
changes with the price of a competing SKU; (3) Dynamic mined in part by the cross-price effect of SKU A on SKU
effect of price promotions over time, or how changing prices B. In other words, if SKU A cannot steal sales from SKU B,
today affects tomorrow’s demand; (4) Segment-based pric- it may not be worthwhile to attempt to convert buyers to A.
ing, which investigates how prices vary across different mar- This complicated effect suggests that retailers should adopt a
kets/customer segments; (5) Cross-category effects, or accategory management approach to develop a pricing strategy
counting for demand complementarities across categories;(Basuroy, Mantrala, & Walters 20QThen, Hess, Wilcox,
(6) Retailer costs (wholesale prices and trade deals) and dis-& Zhang 1999 Chintaguntam 200Hall et al. 2004 Zenor
counts; and (7) to what extent competition at the retail level 1994.
influences retail prices.

Dynamic effects of price promotions
Price sensitivity effects
Retailers often assume that sales (both when there is no

At the most basic level, to determine an optimal initial promotion [baseline] and when there is a promotion offered)
or markdown price, the retailer must assess its own-price for a given SKU are independent of past pricing activity. Yet
elasticities (derived from demand curves, which are usually recent evidence suggests that sales may be affected by prior
nonlinear) to measure how sensitive demand is to price for discounting activity.
a given item over a period of time. Although price elastic- Researchin consumer behavior has demonstrated that con-
ities generally have a negative sign, to suggest that an in-sumers evaluate retail prices for items relative to certain in-
crease in price usually results in a decrease in demand, internal benchmarks or reference prict¥dirfer 198§. Some
some situations, a decrease in price can lead to a percepretailer- or manufacturer-supplied information that plays a
tion of lower quality, which thus decreases demand. Such prominent role in affecting these internal reference prices
price—quality inferences are well documented in behavioral includes MSRP and retailer-supplied reference prices (e.g.,
pricing research (e.gDodds, Monroe, & Grewal 1991 regular price, original price, compare at prickjchtenstein
In addition, the role played by quality signals (e.g., price & Bearden 1989see also reviews bompeau & Grewal
marching guarantees, warranties, store reputation, brand im-1998 Krishna, Breisch, Lehmann, & Yuan 200&rbany,
age) must be incorporatefigtelami, Grewal, & Roggeveen Bearden, & Weilbaker 1988Consumers’ internal reference
2004 Kukar-Kinney & Walter 2003 Miyazaki, Grewal, & prices also can be influenced by past prices, brand promo-
Goodstein 2004Srivastava & Lurie 2004 tion frequency, and type of stor&dlwani, Yim, Rinne, &

Estimating price elasticities for fashion merchandise is Sugita 199 Therefore, price promotions are likely to affect
more complex because fashions are not stable over the courseonsumer reference prices or price expectations.
of the season. A price reduction prior to Christmas, forexam-  In addition, it is difficult for retailers to understand the dif-
ple, will cause a higher sales spike than if the same reductionferences in the sales lift generated from a promotional vehicle
were introduced in September. Furthermore, the joint effects (an advertisement) compared with that attributable to the of-
of advertising and price promotions on price sensitivity and fer itself (sales price or discount). Ignoring this dynamic can
demand must be incorporated explicitiglra & Goodstein substantially affect the optimal price of an SKU. Furthermore,

1998 Sethuraman & Tellis 2002 it is important to understand that different promotions (e.g.,
discounts, coupons, rebates, bundles) do not only have differ-
Substitution effects ential effectsCompeau & Grewal 1998 ardesty & Bearden

2003 Raghubir 200% but also result in consumer dynam-
At the general level, the substitution effects—or cross- ics such as stockpiling and purchase deceleratidesiin
price elasticities or cross-price effects—of a brand refer to 2002.
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Consider the following exampl&ppalle, Mela, & Marsh overdiscounting their merchandise in an effort to appeal to
1999: A few years ago, a major discount store chain used a deal-prone segment, for which a small discount might be
sales promotions relatively infrequently. Its off-discount sufficient {(nman, McAlister, & Hoyer 199p
(baseline) sales were moderate, and consumer response to An emerging retailing strategy often associated with In-
sales promotions was good. Observing the promotional re-ternet retailing is mass-customization, a flexible process de-
sponse, the retailer decided to increase sales promotionssigned to provide consumers with a product that is matched
whichledto adecreaseinbaseline sales. Believing thatthe ad+o their individually stated needs. Reflect.com, for example,
ditional sales promotions were successful, the retailer addedmanufactures custom-made cosmetics, but all variants of the
even more. Eventually, the retailer started offering special customized cosmetics are priced at $17, regardless of the
promotions almost every week, and its management won-color and other variables (e.g., glossy or matte or a com-
dered why profitability was so low when the large incremen- bination thereof for lipstick). On its Web site, Lands’ End
tal demand over the baseline indicated that the promotionsoffers custom-fit jeans (with more than 100,000 fit alterna-
were working so well. tives), all at the same price of $54. When retailer's mass

Why didn’t the retailer's management recognize that the customize products, why do they set the same price for all
increase in sales promotions led to a decrease in baseline salethe different variants? Although some retailers have varied
and thatits pricing decisions were suboptimal? Many retailers their prices Chen & lyer 2002 Shaffer & Zhang 199§ in
have little understanding of how such estimates arise. Clearly, many other circumstances, price customization is ignored. In
retailers should consider the possibility that increases in thethis regard,Stremersch and Tellis (200pyovide a strate-
use of price promations can have long-term negative effectsgic analysis of the optimality of price and product bun-
on their baseline sales; in other words, baseline sales coulddles.
decrease with frequent promotionkopalle et al. 1999
Furthermore, excessive price promotions over time may re- Cross-category effects
sult in increased customer price elasticity. If these long-term
negative effects of promotions on baseline sales and price re- Good price and promotion optimization software should
sponse are high, retailers should decrease their use of pricde able to take into consideration the effect of one category’s
promotions. price level on another, particularly with regard to substitute

In a large-scale field experiment involving durable goods and complementary item§flhern & Leone 1991 Walters
sold through a direct mail catalojnderson and Simester 1991). Furthermore, when evaluating the pricing for, say,
(2004, p. 4¥ind that “[d]eeper price discounts in the current toothbrushes, a retailer should consider not only the impact
periodincreaseduture purchases by first-time customers (a of the toothpaste category on toothbrushes (and vice versa)
positive long-run effect) bueduceduture purchases by es-  but also the traffic-building linkages between toothpaste pro-
tablished customers (a negative long-run effect).” Most the- motions and, for example, bath tissizr¢ze & Hoch 1998
ories of the effect of price promotions, such as purchase ac-By considering a complete basket of goods simultaneously,
celeration, selection, customer learning, and increased deah retailer may be in a better position to optimize its price and
sensitivity, predict lower future purchases, so their finding promotion levelsChen et al. 1999
regarding first-time buyers is puzzling and should be investi-
gated further. Retailer costs and discounts

Segment-based pricing effects The wholesale price at which the retailer buys a prod-
uct has an obvious impact on the optimal prices for the re-

Consumers in different markets behave differently with tailer. Whatis also interesting, however, is the impact of trade

regard to their own- and cross-price elasticities, as well as deals offered by the manufacturer to the retailéal( et al.

how they react to price changes. For example, customers in2004), which in turn give rise to retail discounts and tempo-

an upper-income area may be less sensitive to price and theary price reductions offered by the retailer to the consumer.

relationship among the prices of various products than are Growing evidence indicates that the impact of such retalil

those in a less affluent region. By taking these differential discounts differs from that of regular price changesfalle

factors across markets into consideration, retailers can im-et al. 1999, which may reflect a promotional signal effect

plement different price and promotion plans across various (Inman & McAlister 1993. This finding suggests that a re-

markets. tailer should consider its pricing decisions jointly with its
A retailer's ability to segment and charge differential promotional discount decisions.

pricing also may hinge on the price awareness levels of

the consumer segments. For example, prior research hafRetail competition

demonstrated that consumers have low levels of price recall

and awareness for many producBinkley & Bejnarowicz As highlighted byLal and Rao’s (1997and Moorthy’s

2003 Dickson & Sawyer 199Mazumdar & Monroe 1990 (2004)theoretical analyses afbltan and Shankar’s (2003)

Thus, in some categories, retailers may be wasting profits byandShankar and Bolton’s (200€mpirical analyses, one as-
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pect of retail pricing pertains to the impact of competition at on blue jeans in January and a 35 percent markdown on black
the retail level. Two key constraints for retailers in this regard jeans in February. Instead, it should take the same markdown
are their lack of knowledge of prices at competing retail stores at the same time so that promotions can be coordinated and
and the sensitivity of demand to prices in those competing customers can readily understand what is going on.

stores. Pricing optimization software should suggest groups of

Firms such as Information Resources Inc. collect and products that could be naturally grouped into categories. This
record pricing and sales data in competing retail stores, whichgrouping helps the retailer better understand the cannibaliza-
provides researchers with an opportunity to examine pricing tion effects of a price promotion on one product type by pro-
and promotion strategies in a holistic fashion. In other words, viding an assessment of the promotion’s effects in terms of
problems that previously have been studied analytically now the decreased sales of the grouped SKUs on one another.
may be examined empirically as well. However, there is an
additional complexity: A customer’s store choice decision is Continual learning
affected by not only the pricing strategy at a particular store
(e.g., everyday low price vs. hi-low) but also the customer’s  One of the problems with traditional methods is that ana-
shopping list for that weekBell, Ho, & Tang 1998. There- lysts set prices on the basis of what has happened in the past.
fore, retailers must anticipate which of the multitude of items Fashion merchants, for example, often plan a sale at the same
in their stores are on a consumer’s shopping list. time each year using the same percentage discount, regard-

less of the current inventory position, weather, or competitive
situation. Staple goods merchants look to the past as well, but

Implementing retail pricing their planning horizon is more likely to be the preceding few
weeks.

The basics of developing and implementing retail pricing Rather than looking to the distant past, pricing optimiza-
using optimization programs look simple. However, if this tion techniques learn from the current environment. Systems
were the case, retailers would have done so long ago. Todesigned for both fashion and staple goods incorporate the
develop and implement an effective pricing strategy, analysts current environment but attack the problem somewhat differ-

must carefully consider several additional factors. ently. The sales curve for afashion accessory can be compared
to a library of completed curves derived from history. There
Market factors are anywhere from 20 to 90 such curves, depending on how

we define the problem. Recognizing that a fashion retailer

Retailers often must consider market factors other than must be sold out of inventory at a specific point in time to
profit maximization, such as minimum sales and margin re- make room for new merchandise, the software should choose
quirements, as well as price image. For example, a retailerthe curve with the best fit, evaluate the price elasticity for that
should be able to specify that it always wants its price to be item at different points in time until the “out date,” and run
5 percent lower than that of a specific competitor in certain thousands of pricing scenarios to determine the markdown
categories if it hopes to maintain its low-cost provider im- plan that will maximize the retailer’s profits.
age. Being able to take price image into consideration is a  The problem for staple goods is different because the sales
significant improvement over traditional pricing techniques, curve is relatively flat. Therefore, the system makes infer-
because price image explicitly incorporates the relationship ences on the basis of other items or product groups. For ex-
between actual price and perceived prices, as well as externahmple, information for an SKU at a given store can be used

competitive factors. to make inferences about that SKU at the regional level or for
the category of merchandise to which that SKU belongs. By
Grouping items making these inferences, researchers can assess the elasticity

of an SKU for which the price has never changed.

Retailers of all kinds, but particularly those involved with
fast moving consumer goods, often realign their merchan- Psychological price thresholds and reference effects
dising strategy to maximize the sales and profits of a cate-
gory. This process, known as category management, is more Assume that a pricing optimization program recom-
difficult than it may appear superficially. In general, a cat- mended a price of $2.90 for a staple product, but the retailer,
egory is an assortment of items that the customer perceivesconsistent withAnderson and Simester (200Bglieves that
as reasonable substitutes for one another. The determinatioshoppers in a grocery store do not notice the last digit of a
of what should be included within a category for merchan- price, so the retailer is free to round the price up to the near-
dise and pricing decisions therefore is not straightforward and est nine or $2.99. This tactic would increase dollar sales by
varies significantly across retailers. However, it makes senseapproximately 3 percent with almost no increase in costs.
to implement pricing and markdown decisions on a category- Pricing optimization programs systematically examine the
by-category basisOhar, Hoch, & Kumar 2001 That is, a recommended price—$2.90 in this case—and exercise ana-
specialty store would not want to take a 25 percent markdown lytical rules to round it up to a higher price that yields more
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profit because customers are insensitive to the difference.tion. Most important, it is difficult for retailers to capture lost
Consistent with this example, in an analysis of scanner datasales that result from a product being out of stock. If a cus-
in 29 categories over an 8-year peribéyy, Chen, Ray,and  tomer goes to buy a 12-0z bottle of Hunt's ketchup and the
Bergen (2004jind that small price increases occur more fre- store is out of stock, the retailer cannot know if the consumer
quently than do small price decreases. switched to Heinz, purchased the 8-0z bottle of Hunt's, or did
A related issue is to incorporate the effects of reference not make a ketchup purchase at all. Sophisticated algorithms
prices—the anchoring levels or standards that consumers usavill estimate the lost sale caused by an out-of-stock event and
to compare observed purchase prices of a product—on con-build it into the retailer's demand forecast.
sumers’ internal reference prices and demand (&lgiy,
Harris, & Monroe 2002Chandrashekaran & Grewal 2003
Kalyanaram & Winer 1995Kopalle & Lindsey-Mullikin
2003 Krishna et al. 200p If the observed price is greater
than the reference price, it is perceived as a loss. In contrast,  Pricing optimization currently is one of the hottest topics
if the observed price is less than the reference price, it is per-jn the retail industry. Much of the basic optimization method-
ceived as a gairKopalle, Rao, and Assyao’s (1996yesults  ology is well developed in academic circles, particularly in
suggest that dynamic (or hi-low) pricing is optimal when the retailer decision-making frameworks (e Bellis & Zufryden
positive impact of a gain on sales outweighs the negative 1995. Yet the compilation of these techniques into a cogent
impact of a corresponding loss. system that can be used on a daily basis by retailers is fairly
new. This article has assessed the current state of retail price
optimization by examining what should be included and con-
sidered in implementing these systems, as well as how they
It is expensive for retailers to change prices. The price perform relative to other, more traditional pricing techniques.

Discussion and directions for further research

Price change costs

of finding and changing the cost of an item can range from
$0.25 to $0.50 per itemLévy, Bergen, Dutta, & Venable

We believe this is an interesting, important, and appropri-

ate research venue for tleurnal of RetailingConsider the

1997). Thus, a price change cost should be built into any following potential topics:

optimization model. If the cost of changing the price is greater

than the additional revenue projected from the price change,e Although many retailers recognize the folly of some of

it makes more sense to leave the price alone.
Good data in, good data out

A multibillion-dollar retailer can ho more be run on bad
or unrefined data than a rocket ship can be run on crude oil.
The typical problem with retailers, however, is not that they
lack sufficient data; rather, they have too much but not in a
useable format!

When it comes to data requirements, retailers are unlike
other businesses that make similar decisions. Airlines, for

example, have used yield management techniques to make

pricing decisions for years. Until recently, however, these so-
phisticated statistical techniques were unavailable to retail-

ers, which must manage a great deal of data. For example, a

typical retail chain might have data about 20,000 SKUs for
each of 2,000 stores for 104 weeks, during which time it of-

fersthree promotions. At 100 bytes/record, this dataset would e

require approximately 1.2 terabytes of storage capacity.

Not even a great buying team could make sense out of such
a mountain of data. To prepare the data for analysis, better
systems have algorithms that combine individual SKUs into
affinity groups that behave similarly in the marketplace. For
example, all six packs of Pepsi would be priced the same

their current pricing practices, pricing optimization (and
related) software, like any new, major technological in-
vestment, is often difficult to justify in terms of cost. Fur-
thermore, there are ongoing costs involved in pricing op-
timization, as well as significant managerial resistance in
some cases. One promising research track might focus on
how to help retailers become more comfortable with their
decision to adopt such an updated pricing methodology. In
particular, researchers should conduct real-life field exper-
iments to compare alternative pricing strategies and show
the superiority of the price and promotion optimization
methods. With an objective of maximizing category prof-
itability, these experiments would need to consider such
factors as category management, retail competition, unit
sales, retail prices, wholesale prices and deals, comple-
mentary and substitute products, promotion activity, and
seasonality.

Pricing optimization can work properly only if SKUs are
assigned to categories properly. However, different retail-
ers operationalize this aspect of category management dif-
ferently. As we might expect, some group similar items
into categories, but in other situations, such as in designer
fashions and cosmetics, retailers group the categories ac-
cording to the vendor. Research therefore should investi-

because customers expect it and the manufacturer requires it.

Pricing optimization software also will identify outlier
sales points, fill in missing data, or smooth out a demand e
spike that was caused by an aberrant factor, such as weather,
a nonrecurring promotion, or nonrecurring competitive ac-

gate the following questions: How do retailers group items
into categories? What is the best way to categorize?
Because pricing optimization makes it possible to use dif-
ferential price policies in different regions, it is important
to examine how consumers react to this method. Although
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consumers already run into this issue often when buy- Bolton, Ruth N., & Shankar, Venkatesh. (2003). An empirically derived
ing on the Internet compared with in stores, and though  taxonomy of retailer pricing and promotion strategiésurnal of Re-
grocery stores regularly use differential prices, further re- __ tailing, 79(4), 213-224.

reh should study how tomer would r tif h rChandrashekaran, Rajesh, & Grewal, Dhruv. (2003). Assimilation of ad-
search should study how a customer wou eac €o vertised reference prices: The moderating role of involvenminirnal

she found a sweater on sale at two different prices at tWwo  f Retailing 79(1), 53-62.

different The Gap stores. Chen, Yuxin, Hess, James D., Wilcox, Ronald T., & Zhang, John Z.
o Profit optimization software enables retailers to determine ~ (1999). Accounting profits versus marketing profits: A relevant metric

the optimal price and then round up to squeeze an extra o category managemeriarketing Sciencel§(3), 208-229.

fit out of it that | . it D Chen, Yuxin, & lyer, Ganesh. (2002). Consumer addressability and cus-
pront out of items that are less price sensiuve. Do con- tomized pricing.Marketing Science21(2), 197-208.

sumers recognize these small additional markups? Do theYchintaguntam, Pradeep K. (2002). Investigating category pricing behav-
care? ior at a retail chainJournal of Marketing Researct89(May), 141—

e Although one important goal for retailers is to maximize 154.
profits through optimal pricing, there are other, sometimes Compeau, Larry D., & Grewal, Dhruv. (1998). Comparative price adver-

L. . . tising: An integrative reviewJournal of Public Policy& Marketing
conflicting, goals to consider. For example, retailers may 17(Fall), 257274

wish to peg their prices to those of their competition or set phar, sanjay K., Hoch, Stephen J., & Kumar, Nanda. (2001). Effective
prices to maintain a certain image. How do these conflict-  category management depends on the role of the catetmnal of
ing goals affect their customers and their profits? Retailing 77(2), 165-184.

e Finally, an emerging trend in retailer strategies is that of Dickson, Peter, & Sawyer, Alan. (1990). The price knowledge and search

., of supermarket shopperdournal of Marketing 54(July), 42-53.
frequem shopper programsopalle and Neslin's (2003) Dodds, William B., Monroe, K. B., & Grewal, Dhruv. (1991). The

analysis .SUggeSt'S tha_\t such strategie; have the potentigl 10 effects of price, brand, and store information on buyers’ prod-
be effective multi-period sales promotion tools when pri- uct evaluations.Journal of Marketing Researci28(August), 307—
mary demand can expand. It will be interesting to examine 319

how such programs impact retail sales and consumer be_Dréze, Xavier, & Hoch, Stephen J. (1998). Exploiting the installed
havior over time base using cross-merchandizing and category destination programs.

International Journal of Research in Marketingl5(5), 459-
s 471.
These are bu.t a feyv of the many research initiatives that Estelami, Hooman, Grewal, Dhruv, & Roggeveen, Anne. (2006ter-

we hope this article will stimulate. minants of post-purchase consumer response to price-matching guar-
antees(Working paper).

Forrester Report. (2001). Retail revenue managenkentester Research,
Inc., 1YDecember).

Friend, Scott C., & Walker, Patricia H. (2001). Welcome to the new
world of merchandisingHarvard Business Review9November),
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