
Planning Merchandising Decisions to Account for
Regional and Product Assortment Differences

DHRUV GREWAL
University of Miami

MICHAEL LEVY
Babson College

ANUJ MEHROTRA
University of Miami

ARUN SHARMA
University of Miami

The last decade has fundamentally changed the face of retailing. The genesis has been
increased customer fragmentation, enabling technologies such as the internet and in-
creased competition. In this era of “hypercompetition,” retailers need to have a better
understanding of the performance of individual stores so they can more accurately plan
their merchandise assortments and set more realistic merchandising goals. In this paper,
we determine the performance of retail outlets relative to the “best practice” set of outlets
and demonstrate the importance of accommodating both regional and assortment differ-
ences. We empirically assess the performance of stores from a major Fortune 500
multinational retailing chain. Multiple inputs and outputs from 59 stores in three regions
were used to determine sales goals for two different product categories. The results of three
alternative models suggest that incorporating both assortment and regional differences
significantly affects both performance and predicted sales volume estimates. Implications
and avenues for future research are discussed.

The retail environment has become much more competitive over the past few decades.
The growth of national specialty store chains (e.g., The Gap, Crate and Barrel) and
category killers (e.g., Toys ‘R’ Us, Sports Authority) have significantly altered the retail
landscape. These retailers have tended to take over their respective categories and
consequently decimated many smaller, less efficient retailers.

There has also been an increase in customer fragmentation as smaller and smaller
groups of customers demand products and services tailored to their individual needs
(Bessen 1993; Blattberg and Deighton 1991; Kahn and McAllister 1997). Retailers are
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responding to these customer demands by embracing new technologies such as data base
marketing and mass customization (Gilmore and Pine 1997). For example, made-to-
measure Levi’s are now available in some of their stores. Similarly, Custom Foot in
Westport Connecticut can deliver a custom-made shoe from Italy in two weeks at
mass-produced prices.

Another key driver of change in the structure of retailing is electronic commerce. For
example, Dell and Gateway computers are each selling more than three million dollars
every day on the Internet, whereas computer sales through traditional retailers have had
flat to declining revenues (Business Week, March 23, 1998, p. 28–31).

All of these change drivers (e.g., category specialists, customer fragmentation, and
technology) suggest that store-based retail chains must maintain cutting edge information
systems to compete. In particular, they need to be able to accurately measure merchandise
performance, predict the sale of merchandise categories, and identify and correct problems
at the individual store level. For example, an automobile dealer may be a highly rated
franchisee because its total sales of automobiles and light trucks are high. However, closer
analysis might indicate that the proportion of light trucks sold is well below the norm,
compared with similar dealers with similar locational properties. This type of performance
information, along with a prediction of what the sale of light trucks should be, would
provide a signal of potential problems. Further investigation might determine, for instance,
that the sales of light trucks were low because of a poor inventory position, ineffective
sales training, or poor promotions.

The previous example highlights the need to better understand the operations of
individual stores so that their performance can be maximized. Unfortunately retailers
typically rely on aggregate measures, such as sales per square foot, gross margin,
inventory turnover, and GMROI, to plan and evaluate the performance of individual stores
and departments within those stores. These measures are used to compare the performance
of different stores, departments, as well the managers and buyers who run them. Unfor-
tunately, as the car dealer example indicated, they can provide false signals for both
planning and evaluating merchandising performance. Instead, we suggest that the plan-
ning and evaluation of merchandising activities be performed at a more disaggregate level
using Data Envelopment Analysis (DEA). DEA allows managers to plan and evaluate the
performance of similar operating entities. In essence apples are compared with other
apples, rather than oranges.

The objective of this paper, therefore, is to demonstrate how to measure better the
efficiency of a retail chain by dissagregating sales to consider certain characteristics that
may effect a category’s or a store’s performance. In particular, we examine the effects of
the disaggregation of two factors: regional and assortment differences. It is important for
retailers to have a complete understanding of the efficiency of each outlet so they can
distinguish between excellent and mediocre performers. Once the parameters of excel-
lence are known, the mediocre stores can be modeled after the excellent ones. Also,
because store managers’ evaluations are based on the performance of their stores, it is
important that their performance be evaluated in a fair and equitable fashion. Retailers also
need to understand exactly why a store is performing the way that it is. For instance, are
the successes or failures a result of managerial action, or an artifact of some environmental
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factor? In spite of the importance of the topic, the issue has not been extensively examined
in the literature (see Kamakura, Lenartowicz, and Ratchford 1996).

There are three benefits to the proposed method. First, stores are evaluated against
comparable “best practice” stores rather than the “average performers” traditionally used
in mean-based analyses such as multiple regression. Not only is this type of evaluation
more fair and accurate, but it also enables managers to determine how far they need to go
to become a “best practice” store based on slack analyses. Second, performance is
disaggregated at the category level, thus avoiding the potentially misleading and even
inaccurate performance benchmarks inherent in using overall sales. Finally, regional
differences are controlled because these differences can play a major role in determining
the performance of a store.

We first examine the underpinnings of our approach to assortment planning. This
discussion is followed by an examination of the concept of efficiency, and how retailers
can utilize information on store efficiency in their merchandise planning process. Then,
we illustrate the use of DEA for merchandise planning purposes. Specifically, the results
of three analyses that test and assess the effects of assortment and regional differences on
efficiency estimates and sales projections are reported. Finally, implications and avenues
for future research are discussed.

ASSORTMENT AND REGIONAL PLANNING, AND STORE PERFORMANCE

The best retailers have learned to adjust their assortment by region to better meet the needs
of customers. For example, Burdines, the Florida-based division of Federated Department
Stores, carries a somewhat different assortment of goods than Macy’s (although they are
also owned by Federated). Because of the assortment differences, it would not be fair to
compare the performance of a Burdines store with a Macy’s store in Orlando, Florida.
This situation is further complicated if regional effects are taken into consideration.
Macy’s roots are in New York, whereas Burdines is a Florida chain. Therefore, even if the
stores were to carry exactly the same merchandise, the patronage of these stores would be
somewhat dependent upon the number of “New York Transplants” shopping in Florida to
the “Native Floridians.” Therefore, the Macy’s store in Orlando, Florida should not be
directly compared with either a Burdines store in Orlando or a Macy’s store in New York.
The correct comparison would be another Macy’s store in Florida.

With this introduction, we review the literature on assortment and regional planning for
retailers. Retailers have traditionally varied their assortments to appeal to specific cus-
tomer groups, provide variety to customers, and to cross-sell products and services. The
merchandise assortment itself has become an effective method to attract and retain core
customers. Harley Davidson has effectively used this strategy by combining lifestyle
accessories in combination with their motorcycles. Range Rover has also successfully
used this formula by redesigning their dealerships to teach customers how to drive Range
Rovers as well as sell merchandise. Second, merchandise assortment strategies, such as
scrambled merchandise, provide variety to customers and appeal to variety-seekers (Kahn
1995; Kahn and Lehmann 1991; Kahn and McAlister 1997). Finally, bundling products
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and services facilitates cross selling to larger segments (Yadav and Monroe 1993). For
example, Best Buy sells a bundle consisting of a computer and an extended service
contract to a segment that typically only bought computers and did not consider their
service needs.

Retail chains are developing store formats that integrate regional differences to better
meet customer needs. They realize, for instance, that more petite sizes are needed in areas
where there is a high Hispanic or Asian population. Also, wider assortments of apparel
should be found in smaller towns because there are usually fewer apparel outlets for
customers than large towns offer. How do some stores fine-tune their assortments?
Target’s micromarketing efforts are based on age, climate, small-town community, and
African American, Hispanic, or Asian heritage (Solomon 1994). These stores and others
have found that having distinctive assortments tailored to specific customer groups is a
viable method of developing a distinctive strategic competitive advantage. Unfortunately,
these regional differences complicate the assortment planning process, and the methods
used to achieve efficient regional assortments are not well defined in the literature.

RETAIL PRODUCTIVITY AND EFFICIENCY

Understanding and measuring the productivity and efficiency of retailers have been
important issues in retailing research (e.g., Bucklin 1978; Donthu and Yoo 1998; Ingene
1982, 1984; Ratchford and Brown 1985; Ratchford and Stoops 1988). Past research has
used and suggested the use of various measures and methods to assess retail efficiency.
The majority of measures of outlet efficiency are input-output ratios, such as sales per
square foot or sales per employee (Kamakura, Lenartowicz, and Ratchford 1996).

These traditional methods are problematic when a retail chain has multiple goals. Take,
for example, a typical computer store that sells both products (e.g., computers, printers,
etc.) and services (e.g., repairs, add-ons, etc.). They want to maximize the sales of both
these outputs. Traditional methods would sum these two outputs, but would be unable to
identify the optimal level of the individual outputs. Similarly, stores have both personnel
and merchandise inputs. Traditional efficiency analysis methods would combine these two
inputs into a single expenditure measure. These two inputs should, however, remain
separate because they are not substitutable. Otherwise, the store might have great mer-
chandise, but poor sales help, or vice versa. Using a combined input measure, manage-
ment would not be able to delimit the problem.

Kamakura, Lenartowicz, and Ratchford (1996) and Donthu and Yoo (1998) identified
a number of problems with traditional input/output measures. We highlight the following
problems that are relevant for the purposes of this study:

1. Most retailing situations have multiple inputs and outputs that are not addressed
in traditional analysis (Kamakura, Lenartowicz, and Ratchford 1996).

2. Most measures are sales management oriented (e.g., sales per hour) rather than
measures of total retail productivity (Donthu and Yoo 1998).
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3. Output is defined as a supply-side concept. The market conditions are normally
not included in the analysis (Donthu and Yoo 1998, Ratchford and Stoops 1988).

4. Research that has used standard regression analysis used average store perfor-
mance rather than the best performers (Chebat et al. 1994, Donthu and Yoo 1998).

5. Very few studies have examined the context of the efficiency of different outlets
of a firm (Kamakura, Lenartowicz, and Ratchford 1996; Donthu and Yoo 1998).

This study examined the efficiency of outlets by using an efficiency frontier method-
ology called DEA that has started to be adopted in various marketing settings. Kamakura,
Ratchford, and Agarwal (1988) examined brand efficiencies based on attribute data of
brands and compared efficiencies with retail prices. Mahajan (1991) examined the
efficiency of salespeople. Similarly, Boles, Donthu and Lohtia (1995) and Parsons (1990)
used DEA to evaluate the performance and rank salespeople while using multiple input
and outputs. Kamakura, Lenrtowiicz, and Ratchford (1996) evaluated bank-outlet perfor-
mance and determined cost functions. Donthu and Yoo (1998) evaluated retail store
performance and compared results with regression analysis. Murthi, Srinivasan, and
Kalyanaram (1996) calculated the efficiency of firms relative to that of competing stores
in a mature consumer goods market. Although some of these studies were in a retail
setting, none have addressed the issues of calculating performance while accommodating
regional and assortment differences.

There are four reasons why this methodology enables retailers to better plan their
assortments. First, DEA accommodates multiple inputs and outputs, thus allowing for the
disaggregation of total sales volume into individual product categories. This disaggrega-
tion process enables managers to better understand the assortment needs of each individ-
ual store. Second, the method allows for the inclusion of regional differences in retail
outlets. Third, the method allows a comparison between individual stores with the best
stores in the chain. Finally, DEA enables firms to predict what the sales of a store would
be if it were performing as a best practice store. This sales prediction takes both regional
and assortment differences of individual stores into consideration. This “best practice”
prediction allows retailers to set more realistic and accurate goals based on the specific
store profiles.

Traditional methods of evaluating store performance typically use aggregated sales
data. The problem with using aggregated data is that it leads to optimistically large sales
target goals that may be unrealistic and unreachable because it ignores a particular store’s
advantage in selling a particular product category over another. Also, in a traditional
aggregate level analysis, some stores are likely to be regarded as successful or efficient
stores simply because they are in better regions or locations.

Using DEA, sales can be disaggregated by product category and by region. Stores will
be evaluated against “best practice” stores in the same region and with similar assort-
ments. To illustrate how the analysis using disaggregated sales data works, consider three
stores that all carry category “A” and “B” and all have identical inputs.

The first store sold seven units of “A” and seven units of “B.” The second store sold 5
units of “A” and 15 units of “B.” The third store sold eight units of “A” and eight units
of “B.” Using aggregated sales, the second store is efficient with 20 units sold, and stores
one and three are inefficient. With disaggregated data, both the second and third stores are
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efficient because the second store sold the most of category “B” and the third store sold
the most of category “A.” Importantly, if the first store sold only one more each of
products “A” and “B,” it too would be efficient. Yet, using aggregated data, the first store
would be in third place, and would have to increase aggregate sales by at least six units
to make it efficient. The use of aggregated sales data may therefore obfuscate reality and
erroneously penalize stores carrying categories “A” and those carrying both “A” and “B.”

Model Development

A fundamental assumption behind DEA analysis is that if a given store-A, is capable
of yA units of outputs (e.g., sales) withxA inputs, then other stores should also be able to
do the same if they were to operate efficiently. Similarly, if store-B is capable ofyB units
of outputs withxB inputs, then other stores should also be capable of the same perfor-
mance.

DEA also assumes that stores A, B, and others can be combined to form a composite
store with composite inputs and composite outputs. Because this composite store may not
necessarily exist, it is typically called a virtual store.11 The heart of the analysis lies in
finding the “best” virtual store for each real store. If the virtual store is better than the store
being evaluated by either accomplishing more outputs with the same inputs or having the
same outputs with less inputs, then the original store is inefficient.

The procedure for finding the best virtual store can be formulated as a linear program.
Analyzing the efficiency of N stores is then a set of N linear programming problems. The
efficiency frontier defines the maximum combinations of outputs that can be posted for a
given set of inputs.

The DEA literature proposes several different types of models that have been developed
for a variety of different goals. The description of these models and their differences are
beyond the scope of this paper. We restrict our attention to describing the model suggested
for calculating (technical) inefficiencies (see, Banker and Morley 1986a, 1986b) of stores
in an output formulation: one in which we focus on considering the estimation of the
extent to which outputs could be increased without requiring additional inputs. This
particular model is appropriate for the evaluation of retail stores because one of the
primary objectives of most retail chains is to maximize sales and market share.

Supposeoutputrj, r e {1,. . .,S} and inputij , for i e I 5 {1,. . .,M} are the observed output
and input values forj 5 1,. . .,N stores. The linear programming problem that helps
estimate the output technical inefficiency measure forstore xis as follows:

Maximize score1 e~O
r51

S excessr 1 O
r51

M slacki!

Subject to:

O
j51

N l jinputij 1 slacki 5 inputix,ie$1,. . .,M%
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O
j51

N l joutputrj 2 excessr 5 score*outputrx,re$1,. . .,S%

O
j51

N l j 5 1

score,l i,excessr,slacki $ 0

The first constraint set indicates that the weighted sum of inputs of the virtual store is
set equal to at most the input of the store under investigation. The slackslacki can take
positive values when the virtual store does not need to use inputs at the same level. The
second set of constraints indicates that corresponding to using these levels of inputs, the
virtual store is capable of producing outputs at the level score *outputrx wherescore$
1ande is an infinite by small, positive number.

DEA determines a store to be efficient only when comparisons with other relevant
stores do not provide evidence of inefficiency in the use of any input or output. An
efficient store has a score of 1, and hasslacki 5 0 for each input i, i.e., it is on the
efficiency frontier. The closer the score is to 1, the more efficient the store is considered
to be. In output oriented models, scores are greater than or equal to 1. This is in contrast
to input-oriented models, in which scores vary from 0 to 1. The reasons that we use
inefficiency scores that are greater or equal to one, is that the scores are an indication of
the factor improvement in output of specific decision making units (DMUs) to make them
efficient.

For an inefficient store, the adjustments needed in each of its outputs to render it
technically efficient is given by:

output9rx 5 excessr 1 score* outputrx for r 5 1,. . .,S.

Simultaneously, inefficient scores must decrease their input levels byslacki. In other
words, slack analysis helps retail outlets allocate resources more efficiently and improve
their performance. Also, slack analysis enables managers to identify their store’s potential.

EMPIRICAL ILLUSTRATION

The efficiency of 59 retail outlets of a Fortune 500 retailing and manufacturing firm is
calculated using DEA. To empirically demonstrate the effect of assortment and regional
differences on individual store assessments, “best practice” based performance analysis is
calculated on an aggregate basis, an assortment basis, and on a regional assortment basis.
The results are then compared with a regression-based analysis.

Confidentiality requirements do not allow for the identification of the products or
regions. However, the firm is an automobile parts retail chain. The retail outlets sell two
non-substitutable categories (A and B) and the majority of their sales come from these two

Planning Merchandising Decisions 411



categories. The retail stores are located in three geographical regions (1, 2, and 3). The
locational profiles of stores within a region were similar. The first region, in the Northeast,
is characterized by cold winters with snow. The average per-capita income within a 3-mile
radius of each store was $25,177. The second region, in the Midwest, has very cold
winters with large amounts of snow. The average per-capita income within a 3-mile radius
of each store was $26,538. Finally, the third region, on the west coast, has a temperate
climate. The average per-capita income within a 3-mile radius of each store was $22,389.
Also, because one region is more rural than the others, its residents use a larger proportion
of light trucks, compared with automobiles. As a result, the demand for certain auto
products, such as batteries, tires, and coolants vary dramatically across regions.

Determination of Inputs and Outputs

Researchers have suggested that to evaluate stores, the input factors should include
store specific factors (see Donthu and Yoo 1998). Store specific factors can include those
pertaining to the square footage of the store, inventory levels or investment, technology,
service levels, number of employees, operating hours, operating expenditures, etc. (Buck-
lin 1978; Lusch and Serpkenci 1990). The store specific input factors used in this study
were selected based on management input and previous literature (e.g., Boles, Donthu and
Lohtia 1995; Lusch and Jaworski 1991; Kamakura, Lenartowicz and Ratchford 1996).
They are:

● Store Operating Expensesinclude all operating costs including salary and benefits,
store supplies, and utilities, but exclude inventory costs and other corporate costs
such as national advertising;

● Square Footagerepresents the size of the store; and
● Inventoryrepresents the level of product availability of a specific product and can

be viewed as a proxy of reducing buyers’ waiting time.

The factors of store operating expenses and inventory were under the control of
management. There was high variance in these inputs and the proportion of maximum/
minimum was 6.9 for store operating expenses, 4 for square footage, and 4.4 for inventory.

The key output factor is typically sales volume in either dollars or units (Bucklin 1978;
Ratchford and Stoops 1988). The output factor used in this study was sales volume in
units. The unit cost and retail prices for all SKUs within a category in this case are similar.
Thus, the results would be the same if either unit or dollars sales were used.

The purpose of the first study was to determine the aggregate efficiency of individual
stores. The single output was sales volume of both products A and B. The purpose of the
second analysis was to disaggregate the sales of the two product categories to specifically
take assortment differences into consideration. Therefore, two outputs – unit sales of
Product A and Unit sales of Product B were used in the analysis. Finally, the third
analysis, included the regional factor as a control input variable.
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As suggested earlier, we use DEA to determine the performance of retail outlets.
Specifically, we calculate the following:

1. Inefficiency Score that is greater than or equal to 1.
2. Sales goals that is equivalent to projected sales of product(s) for the retail outlets

to be efficient. This is calculated by adding excess and the product of the present
sales and the inefficiency score.

3. Slack in percentage that is calculated by (Sales goals-Current Sales)/(Current
Sales). This figure provided outlets with an indication of the sales increase
necessary to become efficient.

ANALYSES

Three analyses were performed in this study, each with a different level of data aggre-
gation. Each analysis used three inputs (store operating expenses, square footage and
inventory) and one or two outputs (sales volumes of product category A, B, or combined).
The first analysis provides a measure of each store’s relative efficiency based on aggre-
gated sales data. The second analysis uses the same input variables as the first analysis, but
disaggregates the output sales data into the two separate major product categories (A and
B) and used sales of each product category as different outputs. We will show that
disaggregating the sales data provides a better understanding of the role that product
assortment plays in the evaluation of a store’s performance.

The third analysis is similar to the second, except the comparison is limited to stores
from the same region. Specifically, instead of using all 59 stores in one analysis, three
different sets of analyses were performed, one for each region. This further refinement
allows for the examination of regional differences. For example, suppose the two regions
are the greater Sacramento, California area and the greater New York City area. It would
be inherently unfair to aggregate the two areas and compare Sacramento stores against
those in New York, because the New York stores may be more efficient due to the greater
population concentration.

Controlling for a region can be succinctly accomplished by altering the linear program
by inclusion of categorical control variables (see Banker and Morey 1986a). Alternatively,
the same results are found if one were to run the analysis for each of the three regions
separately. Limiting the analysis to a particular region restricts the linear program even
further than in the second analysis. This has the effect of generating an even lower
inefficiency score for any given store than was possible in the first two analyses. A lower
score means that a store will be closer to “efficient” than would be the case without
parceling the data into regions and disaggregating by product category. Also, restricting
the analysis into regions will result in more conservative estimated sales goals.
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RESULTS

The inefficiency scores as well as the projected sales volumes at the efficient levels for the
59 retail stores from the three geographic regions are presented in Table 1.

Role of Dissagreggating Overall Sales to Account for Product Assortment

The comparison of the results of Analysis 1 versus Analysis 2 provides a test of the role
of disaggregating sales volume using multiple outputs as opposed to a single summated
output. The results reported in Table 1 indicate that 10 stores are classified as efficient in
Analysis 1, whereas the number increases to 14 in Analysis 2. Thus by considering the
efficiency of the two product categories separately, more stores are rated as being efficient.
Furthermore, the overall average inefficiency declines from 1.39 in Analysis 1 to 1.29 in
Analysis 2. The decline in efficiency is significant (Table 2:t 5 4.96, p , .001).
Additionally, the projected sales also decline (t 5 5.29,p , .001).

Role of Regional Differences

The comparison of the results for Analysis 2 versus Analysis 3 provides a test of the
role of regional differences (i.e., using three analyses to assess the role of the regions
versus a single analysis where the data are pooled). The results reported in Table 1 indicate
that 14 stores are classified as efficient in Analysis 2, whereas the number increases to 30
in Analysis 3. Furthermore, the overall average inefficiency declines from 1.29 (Analysis
2) to 1.08 (Analysis 3). The decline in inefficiency is significant (Table 2:t 5 6.72,
p , .001). Additionally, the projected sales also decline (t 5 9.02,p , .001).

Comparison of Regression-Based Approach to DEA-Based Approach

As mentioned earlier, regression-based sales estimates compare an individual store to
the average performer, whereas the DEA approach compares an individual store to the
best-performers. Thus, the regression-based approach is likely to provide more conser-
vative sales estimates. To examine this issue, a regression model was run with the same
variables as in the first DEA analysis – the independent variables were variable expenses,
square footage, and inventory); whereas the dependent variable was sales. The resulting
sales estimates from the regression analysis were compared to the Analysis 1 projections.
As expected the DEA projections were larger (Table 3:t 5 22.42,p , .001).
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Slack Analysis

The slack analysis is provided in addition to the sales goals in Table 4. Recall that the
sales goal of Product A and B are calculated as the projected sales for the retail outlets to
be efficient. We calculated the slack as a percentage of current sales, i.e., percentage
increase of current sales volume required to transform an inefficient outlet into an efficient
outlet. The results on individual stores as well as the averages are presented in Table 4.
The slack for both products A and B sales in Analysis 1 was 39.66% and in Analysis 2
was 32.52% (t 5 5.01;p , 0.001). The slack percentage for Analysis 3 for both products
A and B was 9.26%, significantly different from Analysis 1 and Analysis 2 (t 5 8.87 and
7.58, respectively;p , 0.001). The slack percentage was significantly different in
Analysis 2 and Analysis 3 for Product A (32.84% and 8.71%, respectively,t 5 7.44;p ,
0.001) and Product B (30.84% and 16.59%, respectively,t 5 6.59;p , 0.001). Therefore,
the results of comparing slacks from the three analyses were similar to the results of the
efficiency analysis.

IMPLICATIONS AND AVENUES FOR FUTURE RESEARCH

The implications for evaluating performance at a more disaggregate level using a “best
practice” methodology such as DEA are in two major areas. First, the method illustrates

TABLE 2

Role of Assortment and Regional Differences
Paired sample t-test: Test for Assortment Differences

Analysis Mean Efficiency n t-value p-value

Analysis 1 1.39 59
4.96 .000Analysis 2 1.29 59

Paired sample t-test: Test for Assortment Differences

Analysis
Mean Sales Volume

Estimate n t-value p-value

Analysis 1 17,854 59
5.29 .000Analysis 2 16,939 59

Paired sample t-test: Test for Regional Differences

Analysis Mean Efficiency n t-value p-value

Analysis 2 1.29 59
6.72 .000Analysis 3 1.08 59

Paired sample t-test: Test for Regional Differences

Analysis
Mean Sales Volume

Estimate n t-value p-value

Analysis 2 16,939 59
9.02 .000Analysis 3 14,391 59
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a method of goal setting and assortment planning that is superior in many ways to more
traditional methods. Second, the results of the process provide directions for enhancing the
overall performance of the retail chain. These issues and avenues for future research are
discussed next.

Goal Setting and Assortment Planning

The issues of evaluation, goal setting and assortment planning are becoming more
important for retailers because of the increase in competition and changing retail para-
digms. For example, research on store evaluation and retail productivity has been prolific
as seen by the special issues ofJournal of Retailingin 1984 and 1997 (e.g., Achabal,
Heineke and McIntyre 1984; Ingene 1984), andInternational Journal of Research in
Marketing in 1997. The traditional measures of efficiency or retail productivity (i.e., a
ratio of a single output to a single input) have made the evaluation of retail outlets in
different regions that carry different assortments very difficult. In this paper, we presented
a method of obtaining efficiency measurements (using multiple inputs and outputs) that
compare individual outlets with “best practice” outlets located in the same region.

Retail chains recognize that regional idiosyncrasies should be included in the store
evaluation process. Yet, traditional evaluation methods do not allow for these differences.
Retail firms typically classify their stores into A, B, and C level stores based on sales of
the store and the markets in which they operate. This ABC typology is carried through to
the evaluation of categories. The DEA methodology used in this paper provides a more
accurate assessment of the productivity of stores than the ABC approach because it
controls for regional and assortment differences. For instance, the accumulated goodwill
and familiarity of Nordstrom’s in the Seattle area should lead to higher levels of
performance and productivity than the new store in Denver, because Nordstrom’s was
founded in and has had several stores in Seattle for many decades. Thus, using traditional
analyses, the performance of the A store in Denver would be unfairly compared directly
with an A store in Seattle. In this study, store 20 in region 2 was rated as being extremely
inefficient (score of 1.81) in the aggregate analysis, but was considered to be efficient
when regional and assortment differences were taken into consideration. Thus, using a
traditional aggregated analysis, store 20 and its manager could be unfairly penalized.

A key diagnostic benefit of the DEA methodology is the slack analysis. In particular,
in this study we concentrate on output-oriented slack analysis. As mentioned earlier, the

TABLE 3

Regression-based Versus DEA-Based Estimates

Analysis
Mean Sales Volume

Estimates n t-value p-value

Analysis 1 (DEA) 17,854 59
22.42 .000Regression 13,454 59

Paired sample t-test: Test for Differences Based on Methodology.
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TABLE 4

Slack Analysis

Stores

Analysis 1 Analysis 2 Analysis 3

Percentage
Slack For

Products A
and B

Percentage
Slack For

Products A
and B

Percentage
Slack For
Product A

Percentage
Slack For
Product B

Percentage
Slack For

Products A
and B

Percentage
Slack For
Product A

Percentage
Slack For
Product B

1 9.35 8.57 8.57 8.59 3.54 3.02 9.90
2 39.19 29.66 29.66 29.69 0.00 0.00 0.00
3 48.48 44.46 44.46 44.44 0.00 0.00 0.00
4 15.26 15.02 15.02 15.02 0.00 0.00 0.00
5 45.97 45.68 45.69 45.67 11.40 10.83 18.08
6 80.51 79.63 79.63 79.65 43.12 42.00 57.54
7 19.70 15.11 15.11 15.11 6.80 6.80 6.81
8 5.06 0.00 0.00 0.00 0.00 0.00 0.00
9 15.77 0.00 0.00 0.00 0.00 0.00 0.00
10 14.77 6.42 6.42 6.44 0.00 0.00 0.00
11 21.18 16.93 16.93 16.91 6.77 6.77 6.76
12 0.00 0.00 0.00 0.00 0.00 0.00 0.00
13 35.38 14.10 15.21 4.88 0.00 0.00 0.00
14 87.43 55.23 55.23 55.23 0.00 0.00 0.00
15 21.08 16.48 16.48 16.49 1.19 1.19 1.18
16 45.68 45.00 45.00 45.03 19.50 19.50 19.48
17 0.00 0.00 0.00 0.00 0.00 0.00 0.00
18 19.02 12.12 12.12 12.11 2.01 2.01 1.98
19 13.71 12.30 12.30 12.30 4.90 4.90 4.92
20 81.25 47.00 55.44 2.32 0.00 0.00 0.00
21 0.00 0.00 0.00 0.00 0.00 0.00 0.00
22 42.06 41.75 41.75 41.73 4.99 4.99 5.02
23 0.00 0.00 0.00 0.00 0.00 0.00 0.00
24 71.32 56.41 56.41 56.42 0.00 0.00 0.00
25 60.25 59.61 59.61 59.59 20.56 20.56 20.55
26 28.23 28.01 28.01 28.03 7.06 7.06 7.07
27 43.88 43.52 43.52 43.49 17.53 17.53 17.52
28 0.00 0.00 0.00 0.00 0.00 0.00 0.00
29 54.10 40.93 41.25 38.60 20.36 20.36 20.35
30 54.76 0.00 0.00 0.00 0.00 0.00 0.00
31 23.87 22.77 22.76 22.79 4.47 4.47 4.45
32 14.20 9.66 9.65 9.68 0.00 0.00 0.00
33 25.10 19.90 22.35 4.51 0.00 0.00 0.00
34 9.45 8.62 8.62 8.61 3.54 3.54 3.53
35 7.70 3.79 3.79 3.80 0.00 0.00 0.00
36 0.00 0.00 0.00 0.00 0.00 0.00 0.00
37 36.15 36.15 36.05 37.31 0.00 0.00 0.00
38 25.16 5.28 5.28 5.30 4.16 4.16 4.16
39 41.66 30.57 31.87 19.96 0.00 0.00 0.00
40 22.89 8.79 8.79 8.80 3.62 3.62 3.63
41 59.93 45.50 47.65 29.67 13.52 13.53 13.50
42 13.95 0.16 0.16 0.15 0.00 0.00 0.00
43 103.67 93.33 96.83 62.92 35.73 37.04 24.38
44 36.30 33.30 35.66 10.87 0.00 0.00 0.00
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slack analysis (provided in Table 4) would allow the chain to understand what percentage
increase in sales volume is required to transform an inefficient retail outlet to an efficient
retail outlet. For example, in Analysis 3, store 6 (inefficiency rating of 1.42) would need
to increase its target sales by 42% for product A and 57.4% for product B to transform it
from an inefficient retail outlet to an efficient retail outlet.

Alternatively, using an input-oriented slack analysis, the retail chain could try and
assess what percentage reduction in inputs would help transform an inefficient retail outlet
to an efficient outlet. An input-oriented DEA analysis suggests that store 15 would need
to reduce operating expenses by 13.68%, square footage by 22.06%, and inventory by
17.73% to become efficient. Note, however, that a reduction in operating expenses and
inventory are more controllable in the short term compared with square footage.

Another strength of the DEA methodology is that it can calculate a fair and realistic
sales target for specific merchandise categories based on the region in which a particular
store operates. For example, retailers know that it would not be fair to compare the sales
of truck tires of a dealer in Wyoming with one in the greater New York City area. Yet,
using traditional methodologies, retailers have no accurate basis of setting sales goals
between regions.

DEA allows retailers to predict target sales for any unit of analysis from the SKU to the
store level based on the “best practice” SKUs, categories, or stores in similar locations.
Although regions were used as the basis of analysis in this application, other criteria, such
as trade areas, or stores whose customers are psychographically similar could also be used.

DEA is very useful for determining merchandise budgets fairly. Because it predicts
what sales should be for a particular category in a given store using the slack analysis, it

TABLE 4 CONTINUED

Stores

Analysis 1 Analysis 2 Analysis 3

Percentage
Slack For

Products A
and B

Percentage
Slack For

Products A
and B

Percentage
Slack For
Product A

Percentage
Slack For
Product B

Percentage
Slack For

Products A
and B

Percentage
Slack For
Product A

Percentage
Slack For
Product B

45 57.59 31.84 32.67 26.36 0.00 0.00 0.00
46 126.86 126.58 126.57 126.66 55.05 48.87 128.23
47 82.39 82.39 82.07 86.77 35.32 33.15 65.18
48 0.00 0.00 0.00 0.00 0.00 0.00 0.00
49 102.67 102.64 101.45 120.99 21.76 15.47 119.08
50 0.00 0.00 0.00 0.00 0.00 0.00 0.00
51 65.42 46.51 46.51 46.50 9.91 8.77 19.04
52 82.60 81.24 81.25 81.19 20.99 16.54 69.93
53 144.52 143.27 142.46 155.41 50.26 41.88 174.86
54 117.82 117.82 117.02 128.14 46.78 44.31 78.39
55 0.00 0.00 0.00 0.00 0.00 0.00 0.00
56 27.04 27.04 25.62 44.23 0.00 0.00 0.00
57 34.98 34.98 35.93 28.98 34.98 35.93 28.98
58 0.00 0.00 0.00 0.00 0.00 0.00 0.00
59 104.41 72.52 72.52 72.48 36.39 35.37 44.58

Average 39.66 32.52 32.84 30.84 9.26 8.71 16.59

Slack Percentage 5 100* (Target Sales - Current sales)/(Current Sales)
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provides accurate information to buyers and store managers about how particular cate-
gories are performing compared with what they should be doing. For instance, a tradi-
tional analysis would base the sales targets for two K-Mart swimwear departments in St.
Petersburg and Clearwater Florida on past sales. Instead of using a backward measure like
past sales, the DEA analysis looks forward into what sales should be. Suppose the DEA
analysis identifies the Clearwater store as efficient, and the St. Petersburg store as
inefficient. Because they are “comparable” stores, the DEA analysis would suggest that
the St. Petersburg store sales predictions should be based on the efficient Clearwater store
information.

Another problem with traditional methods that forecast future sales using a percentage
increase of last year’s sales is that it penalizes the better performers while giving below
average stores an advantage. Consider again the two stores in St. Petersburg and Clear-
water. St. Petersburg has sales this year of $50 million, whereas Clearwater has $80
million. Traditional planning may suggest a 10% increase for both stores, forecasting sales
of $55 million and $88 million, respectively. A DEA analysis may show that St.
Petersburg is operating at 50% efficiency and needs to improve to 80% efficiency, setting
a goal of $80 million. On the other hand, Clearwater may have an efficiency of 100%,
requiring a modest increase to $82 million. The DEA analysis, therefore, rewards the
Clearwater store for doing well in the past by giving it a moderate increase, whereas
raising the hurdle for the St. Petersburg store.

Directions for Enhancing the Overall Performance of the Retail Chain

Competition in retailing is increasingly being regarded as an information contest.
Retailers, such as Wal-Mart, are admired more for their prowess in the information arena
than for their ability to pick merchandise or locate stores. In fact, information has become
so critical that Wal-Mart accused and sued Amazon.com for stealing their IT talent.
Amazon.com and other virtual retailers are being viewed by Wall Street with intense
optimism. Price/earnings ratios on these firms are astronomical.

Retailers have advanced information systems for everything from procuring merchan-
dise to locating stores. They have invested millions in sophisticated data warehouses. For
example, Wal-Mart has developed a 24-tetrabyte data warehouse. Sears and Kmart have
14- and 8-tetrabyte warehouses, respectively (Zimmerman 1998). The degree to which
retailers are able to harness this information is expected to determine their success in the
future.

The proposed methodology can be used to enhance the retail performance by examining
and propagating ‘best practice’ skills. Once the DEA methodology identifies ‘best prac-
tice’ stores, top management should examine two aspects of their behaviors. First, they
should determine what the more successful store managers and buyers “DO” when they
face everyday situations. At a deeper level, they should determine how the more success-
ful store managers and buyers “THINK” about stores and customers. The first exercise
develops behavioral guidelines for the managers and buyers, whereas the second exercise
develops cognitive or thinking guidelines about customers and stores.
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Behavioral guidelines are broad lessons that store managers and buyers have learned
from good and bad situations (i.e., what to do and what not to do). Previous research and
experience have shown that the best way to learn behavioral guidelines is through
story-telling, i.e., case studies of successful and unsuccessful situations (Klein 1998). The
best retailers, e.g., Home Depot, JCPenney, and Wal-Mart, are known to disseminate this
type of information during weekly meetings, closed circuit satellite broadcasts, and
in-house publications. Some, e.g., Nordstrom, encourage innovative and heroic service
efforts by having employees tell about their activities and giving awards for the best ones.

Cognitive guidelines provide inputs into how store managers should think about their
stores and customers. Research suggests that in a store identified as a ‘best practice’ store,
managers and their employees will classify and interact with their customers differently
than those managers and employees in mediocre performing stores (c.f., Klein 1999). The
way these managers and employees think is referred to as their knowledge structures. To
enhance performance, organizations have found it useful to disseminate “knowledge
structure” information from best practice managers and key employees (c.f., Klein 1998).
In short, behavioral guidelines will lead store managers to understand that “behaviors ‘x’
and ‘y’ work with our customers”, and cognitive guidelines will refine that understanding
to determine what type of behaviors to use with different types of customers.

Avenues for Additional Research

The results of the paper suggest areas for additional research. First, the selection of
standardized or similar inputs and outputs across stores are proposed. This would make it
easier to compare chains. Although our selection of inputs and outputs were based on
management input and past research, future studies should explore different input and
output measures. Similarly, it is important to determine what factors are associated with
‘best practice’ stores, e.g., characteristics of target market, geographical similarities. Once
known, managers can attempt to clone their best performers through organizational
learning-based research. Finally, we chose to examine the effects of region and assortment
on the merchandise planning process. Other factors, such as type of location or demo-
graphic/psychographic makeup of the trade area, may be equally important in other
research settings. In the future, researchers should attempt to determine which are the most
important factors to consider for various retail formats.
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NOTES

1. Virtual stores is a term used in DEA analysis and does not refer to an Internet-based store.

REFERENCES

Achabal, Dale D., John M. Heineke, and Shelby H. McIntyre. (1984). “Issues and Perspectives on
Retail Productivity,”Journal of Retailing, 60 (Fall): 107–127.

Banker, Rajiv D. and Richard C. Morley. (1986a). “Efficiency Analysis for Exogenously Fixed
Inputs and Outputs,”Operations Research, 4 (July/August): 513–521.

Banker, Rajiv D. and Richard C. Morley. (1986b). “The Use of Categorical Variables in Data
Envelopment Analysis,”Management Science, 32: 1613–1627.

Boles, James, Naveen Donthu, and Ritu Lohtia. (1995). “Salesperson Evaluation Using Relative
Performance Efficiency: The Application of Data Envelopment Analysis,”Journal of Personal
Selling and Sales Management, 15 (Summer): 31–49.

Bucklin, Louis P. (1978). Productivity in Marketing, Chicago: American Marketing Association.
Bessen, Jim. (1993). “Riding the Marketing Information Wave,”Harvard Business Review, Sep-

tember-October: 150–163.
Blattberg, Robert C. and John Deighton,. (1991). “Interactive Marketing: Exploiting the Age of

Addressability,”Sloan Management Review, 33 (September). 5–17.
Charnes, Abraham C., W. W. Cooper, and E. Rhodes (1978). “Measuring Efficiency of Decision

Making Units,” European Journal of Operations Research, 2: 429–444.
Chebat, Jean-Charles, Pierre Filiatrault, Arnon Katz, and ShlomoMai Tal. (1994). “Strategic

Auditing of Human and Financial Resource Allocation in Marketing: An Empirical Study Using
Data Envelopment Analysis,”Journal of Business Research, 31: 197–208.

Donthu, Naveen and Boonghee Yoo. (1998). “Retail Productivity Assessment Using Data Envel-
opment Analysis,”Journal of Retailing, 74 (Spring): 74–92.

Gilmore, James and B Joseph Pine. (1997). “The Four Faces of Mass Customization,”Harvard
Business Review(January-February), 91–105.

Grewal, Dhruv and Howard Marmorstein. (1992). “Customer Service Time as a Determinant of
Store Patronage.” Paper presented at American Marketing Association Educators’ Conference,
Chicago, Illinois.

Ingene, Charles A. (1982). “Labor Productivity in Retailing,”Journal of Marketing, 46 (Fall):
75–90.

Ingene, Charles A. (1984). “Productivity and Functional Shifting in Spatial Retailing: Private and
Social Perspectives,”Journal of Retailing, 60 (Fall): 15–36.

Kamakura, Wagner A., Brian T. Ratchford, and Jagdish Agrawal. (1988). “Measuring Market
Efficiency and Welfare Loss,”Journal of Consumer Research, 15 (December): 289–302.

Kamakura, Wagner A., Tomasz Lenartowicz, and Brian T. Ratchford. (1996). “ProductivityAssess-
ment of Multiple Retail Outlets,”Journal of Retailing, 74 (Winter): 333–352.

Lusch, Robert F. and Bernard J. Jaworski. (1991). “Management Controls, Role Stress and Retail
Store Manager Performance,”Journal of Retailing, 67 (Winter): 397–419.

Lusch, Robert F. and Ray R. Serpkenci. (1990). “Personal Differences, Job Tension, Job Outcomes,
and Store Performance: A Study of Retail Store Managers,”Journal of Marketing, 54 (January):
85–101.

Planning Merchandising Decisions 423



Mahajan, Jayashree. (1991). “A Data Envelopment Analytic Model for Assessing the Relative
Efficiency of the Selling Function,”European Journal of Operational Research, 53: 189–205.

Murthi, B. P. S., Kanan Srinivasan, and Gurumurthy Kalyanaram. (1996). “Controlling for Ob-
served and Unobserved Managerial Skills in Determining First-Mover Market Share Advan-
tages,”Journal of Marketing Research, 23 (August): 329–336.

Kahn, Barbara. (1991). “Consumer Variety-seeking Among Goods and Services,”Journal of
Retailing and Consumer Services, 2 (3): 139–148.

Kahn, Barbara and Donald R. Lehmann. (1991). “Modeling Choice Among Assortments,”Journal
of Retailing, 67 (3): 274–299.

Kahn, Barbara and Leigh McAlister. (1997).Grocery Revolution. Boston: Addison Wesley.
Klein, Gary. (1998),Sources of Power. Cambridge: MIT Press.
Parsons, Leonard J. (1990). “Assessing Salesforce Performance with Data Envelopment Analysis.”

Paper presented at TIMS Marketing Science Conference, University of Illinois, Urbana.
Ratchford, Brian T. and Glenn T. Stoops. (1988). “A Model and Measurement Approach for

Studying Retail Productivity,”Journal of Retailing, 64 (Fall): 241–263.
Ratchford, Brian T. and James R. Brown. (1985). “A Study of Productivity Changes in Food

Retailing,” Marketing Science, 4 (Fall): 292–311.
Solomon, Barbara. (1994). “Mass Chains Turning Stocks Store by Store,”Women’s Wear Daily

(June, 8): 1, 17.
Winston, Wayne. (1994).Operations Research: Applications and Algorithms,3rd edition, Belmont

CA: International Thomson.
Yadav, Manjit and Kent B. Monroe. (1993). “How Buyers Perceive Savings in a Bundle Price: An

Examination of a Bundle’s Transactional Value,”Journal of Marketing Research, 30 (August):
350–358.

Yoo, Boonghee, Naveen Donthu, and Bruce K. Pilling. (1995). “An efficiency Evaluation in
Franchise Systems: The Application of Data Envelopment Analysis.” In Proceedings of the 1995
Winter Educators Conference, David M. Stewart and Naufel J. Vilcassim (eds.), Chicago:
American Marketing Association.

Zimmerman, Kim Ann. (1998). “Kmart to Quadruple Size of Data Warehouse,”Supermarket News,
48: 28. 19.

424 Journal of Retailing Vol. 75, No. 3 1999


