
predict. Similarly, if promotion of an item increases sales in other catego­
ries, neither gross margin nor DPP will reflect these benefits. 

DPP's Prospects for the Future 

The evidence on acceptance of DPP is conflicting. In a 1988 study by 
Touche Ross International (Touche Ross International 1988), 40 percent 
of the responding retailers and 60 percent of the manufacturers were using 
DPP; almost 100 percent were planning eventually to use it.3 This evi­
dence is not in agreement with surveys by Farris, Olver, and DeKluyver 
(1989), who reported that only 23 percent were using DPP systems. Sig­
nificantly, less than one-quarter of buyers who had DPP systems were 
using DPP for add/drop decisions at the SKU level. This low usage level 
may reflect a poor understanding of DPP, the time and effort to implement 
DPP, and/or a feeling that the manager can achieve the same results with 
present systems (70 percent of the manufacturers, 85 percent of the whole­
salers, and nearly all of the retailers believed that DPP was not understood 
by the industry (Donegan 1988). Clearly, DPP education is still needed. 

It is also clear that it takes a great deal of time and expense to collect 
and input the data required by DPP systems. Forty product inputs and over 
seventy cost inputs are required for its computation. Advocates of DPP 
stress the additional information that DPP provides relative to alternative 
measurements. This argument would not be as credible if it can be shown 
that a weighted combination of readily accessible sources of data provide 
significant DPP predictions. Four commonly used measures of SKU pro­
ductivity include: gross margin, dollar sales, unit sales, and square feet of 
shelf-space allocation. These measures are often used either individually 
or collectively to make listingldelisting, shelf space/pricing, and promo­
tional decisions. If it is shown that a simple correspondence between these 
four variables and DPP exists, it is reasonable that retailers might use them 
for everyday within-category decisions and reserve the more complicated 
DPP for major category reviews. 

DATA 

A large retail supermarket chain supplied the cost components and 
product inputs required in the FMI-DPP model. Cost components included 

3 Many believe that manufacturers' interest in OPP stems from the fact that the model they 
produce tends to bias the results in their favor. Furthermore. manufacturers of high-OPP 
categories such as cigarettes and greeting cards encourage its use (Weiss 1987). 



time and motion figures for labor productivity such as cases/hour and 
pallets/hour which were measured at the warehouse, transportation, and 
store levels. Using the industry-standard FMI model, these cost compo­
nents were used to calculate OPC and OPP for individual SKUs. Cost 
inputs are standard across all dry-grocery categories. The SKU variability 
enters through the product-input section of the model where specific item 
information such as case pack, price, movement, and transportation 
method is recorded. The industry-standard FMI model was used to com­
bine the product inputs with the cost standards to arrive at a doUar-direct, 
cost-per-unit amount incurred at different stages in the channel. These costs 
include warehouse ordering, receiving and stocking, transportation, store 
ordering, receiving, stocking, and selling. The total of all these direct 
costs represents the item's OPC-direct product costs. 

Nine product categories4 were selected to examine the relationship be­
tween OPP/week/SKU with space costsS and currently used profitability 
measurements or cost factors including gross margin dollars/week/SKU, 
package sales/week/SKU, dollar sales/week/SKU and square feet of space 
allocation. The selection of the specific dry-grocery categories was based 
on the availability of data. 

Descriptive analysis of the categories is presented in Table 1. Six SKUs 
had negative gross margins and thirty-four had negative OPP with space 
costs.6 Negative gross margins and OPPs may be explained by either (1) 
loss leader effects, (2) unaccounted allowances and/or deals,? (3) pricing 
mistakes. Across and within-category variation is readily apparent. 

ANALYSIS 

Univariate regressions were performed for each category to determine 
the strength of association between OPP and the individual measures of 
movement, space allocation, and gross margin. The results in Table 2 
show that gross margin has the strongest relationship with OPP in all cate­
gories except peas, with an R2 range of .08 to .99. Dollar sales and unit 
movement were significant in seven of nine categories. Space allocation 

• Categories include: canned green beans, canned com, canned peas, canned mushrooms, 
jelly, peanut bUller, jams/preserves, sheet fabric softener, ketchup. The categorization of 
items was determined by buyers/merchandisers. 

5 DPP/weekiSKU with space costs is the most commonly used figure. Space costs are 
based on the amount of retail shelf space occupied (Boyle 1988). 

6 The nine categories included a total of 268 items. 
7 In some instances cash allowances cannot be allocated to individual items. 



TABLE 1 

Green beans 
Com 
Peas 
Mushrooms 
Jelly 
Peanut butter 
Jams/Preserves 
Fabric softener 
Ketchup 

Sum 

17.04 
14.41 
4.80 

28.33 
28.18 
53.37 
52.56 
36.43 
3.20 

DPP/week/SKU 

Mean Min. 

0.59 -0.52 
0.58 -0.79 
0.27 -1.91 
1.67 0.46 
0.55 -0.80 
1.52 -5.04 
0.86 -0.68 
2.28 0.48 
0.20 -4.97 

Category Descriptive Statistics 

Gross Margin Dollars/week/SKU 

Max. Sum Mean Min. Max. 

4.71 52.93 1.83 0.26 11.92 
4.77 54.69 2.19 0.32 12.51 
1.49 26.34 1.46 -0.11 7.23 
3.10 37.22 2.19 0.66 4.10 
3.57 43.26 0.85 -0.35 4.08 
7.77 81.03 2.32 -3.96 10.72 
5.41 71.88 1.18 -0.34 5.91 
6.57 49.42 3.09 0.98 7.86 
5.53 27.41 1.71 -0.35 8.19 

Dollar Sales/week/SKU 

Sum· Mean Min. Max. 

252.37 8.70 0.60 60.20 
297.91 11.92 66.391.91 
157.76 8.76 0.71 62.74 
137.63 8.10 1.48 18.03 
165.13 3.24 0.66 18.54 
544.60 15.56 2.44 81.49 
229.74 3.77 0.83 13.81 
211.71 13.23 5.22 33.49 
227.62 14.23 1.60 62.25 

Unit Movement/week/SKU 

Sum Mean Min. Max. 

Square Footage/SKU 

Sum Mean Min. Max. 
Number of 

Category Items 

Green beans 
Com 
Peas 
Mushrooms 

599.06 
758.14 
375.31 
162.75 

20.66 
30.33 
20.85 
9.57 

0.50 
4.01 
0.55 
0.59 

168.03 
185.17 
175.46 
35.63 

30.16 
27.71 
17.10 
7.66 

1.04 
1.10 
0.95 
0.45 

0.23 
0.40 
0.24 
0.23 

1.67 
2.43 
2.08 
0.80 

29 
25 
18 
17 

Jelly 
Peanut butter 
Jams/Preserves 
Fabric softener 
Ketchup 

142.59 
299.10 
133.52 
105.49 
193.63 

2.80 
8.55 
2.19 
6.59 

12.10 

0.37 
1.26 
0.32 
1.49 
1.97 

18.73 
67.68 
7.32 

16.13 
63.00 

25.11 
22.96 
32.55 
13.55 
26.85 

0.49 
0.65 
0.53 
0.84 
1.67 

0.11 
0.44 
0.13 
0.77 
0.31 

1.09 
1.35 
0.87 
0.88 
3.61 

51 
35 
61 
16 
16 



TABLE 2 

Univariate Regressions of Product Indices and Direct Product Profit-

Gross Dollar Package Square Feet 
Margin Sales Sales of Space 

R2 R2 R2 R2 

Green beans .91 .80 .74 .21 
Com .91 .83 .82 .02* 
Peas .08* .04* .03* .17* 
Mushrooms .94 .72 .40 .42 
Jelly .94 .61 .45 .15 
Peanut butter .96 .58 .34 .07* 
Jams/Preserves .99 .72 .39 .00* 
Fabric softener .99 .76 .41 .10* 
Ketchup .64 .02* .09* .00* 
All Categories .73 .29 .07 -.00 

• Adjusted R2. 
* Insignificant at the .05 level. 

results show that this independent variable was the poorest predictor of an 
item's DPP. 

Category and Pooled Regression Analysis 

Although the results of the univariate regressions showed that in some 
cases gross margin or movement indicators have a strong predictive rela­
tionship with DPP, the results were not consistent enough across catego­
ries to justify replacing DPP with anyone measurement. To determine 
whether a combination of these variables can predict SKU DPP, within­
category multiple regressions were run. These results are presented in 
Table 3. Each of the nine categories had an adjusted R2 greater than .98. 
For the peas category, moving from univariate to the multivariate regres­
sion increases R2 from a high of .17 to .99. The average category percent 
error listed in the right column ranged from 1.8 to 10.7 percent. 

Consistent with earlier results, gross margin was the only variable sig­
nificant in all categories. To determine whether a weighted combination of 
the alternative measurements can be applied across categories a pooled 
regression was run. The results at the bottom of Table 3 demonstrate that 
the strength of the relationship is maintained. 



TABLE 3 

Multivariate Regression of Product Indices and Direct Product Profit 

Gross Dollar Unit Square Percent 
Margin Sales Sales Feet Errot> 

Beta Beta Beta Beta Constant R7!" 

Green bean's 1.03 -.04 -.03 -.31 -.05 .99 4.7 
Com .99 - .01* -.03 -.37 -.03 .99 4.9 
Peas 1.00 -.01* -.04 -.35 -.04 .99 1.9 
Mushrooms 1.18 -.07 -.02 -.44* .03 .99 4.4 
lelly 1.15 -.10 .02* -.23 -.01 .98 10.7 
Peanut butter 1.00 -.01 -.05 -.50 .04 .99 2.8 
larnslPreserves .98 -.03 -.01* -.29 -.01 .99 4.7 
Fabric softener .99 - .01* -.03 .05* -.47 .99 1.8 
Ketchup 1.09 -.03 -.05 -.32 -.08 .99 7.4 
All Categories 1.06 -.03 -.03 - .43 .03 .99 

* Insignificant at the .05 level. 
• Adjusted R2. 
b Average absolute value of the category residuals!Average absolute value of category 

DPP (in percent). 

The weights from the multivariate regressions were used to compute 
predicted OPP values. This value will be referred to as a merchandising 
attractiveness index, or MAl (except where specifically noted the weights 
are from the category-specific regressions). Figure 2 illustrates for a se­
lected category the relationships between the alternative measurements 
and opp as well as the MAl and OPP. Figure 3 illustrates these relation­
ships for all categories, based on weights from the pooled regression. The 
MAl relationship provides an extremely good fit-further support of a 
predictive inference. The plots also highlight an important point-there is 
a one-to-one correspondence between SKUs with negative OPP and nega­
tive MAl values. 

The regression weights for individual components of the MAl are intu­
itively appealing. Gross margin has a weight very near 1.0 and the other 
weights are negative. This implies that the three independent variables 
other than gross margin are explaining the direct product costs part of the 
DPP equation (i.e., opp = gross margin minus direct product costs). 
Space costs are associated with that variable; shelving, pricing, and other 
merchandising costs are associated with the number of units sold; and 
inventory investment expenses are associated with dollar sales. Of course 
the multicollinearity among these variables means that the coefficients are 



unstable and causal interpretation would be suspect. Even though multi­
collinearity is not as serious a problem for purposes of prediction, further 
tests for predictive stability were performed. 

Two separate checks of the stability of the predictive power of the MAl 
coefficients were performed. First, a split-half test was conducted on the 
pooled regression results. Consistent with the approach outlined by Ped­
hazur (1982), one-half of the sample was randomly selected and used in a 
multiple regression. The coefficients were then used to compute the MAl 
(predicted DPP) from the second sample and a Pearson correlation was 
then calculated between the MAl and the actual DPP.8 If the difference 
between the R2 in the frrst sample and the second is small, then the regres­
sion coefficients may be applied to future predictions. The Pearson coeffi­
cient was .9936, which was significant at the .001 level (n = 134) and the 
difference in R2 between the two samples was .007. The root mean­
squared error for the holdout sample was .17 (the average absolute value 
of DPP in the holdout sample was 1.12; for the entire sample it was 1.(8). 

Second, the pooled coefficients were used on a category by category 
basis to produce the MAl. Direct product profit was regressed on the cal­
culated index and the results presented in Table 4. The large R2 suggests 
that regression coefficients produced from SKUs across a variety of cate­
gories can be used to predict DPP within any selected category. This is 
further evidence that multicollinearity is not a cause for serious concern as 
regards predictive ability of DPP with the components of MAL Indeed, 
the high multicollinearity means that the model might be simplified with 
little loss in R2. 

Simplified MAl 

A simplified MAl was produced with two and three variable versions of 
the four-variable MAl. Pooled regression analysis was performed to deter­
mine which two- and three-variable subsets provided the best fit. Results 
indicate that gross margin and unit movement with an R2 of .98 outper­
formed all other two-variable combinations. Similarly, gross margin, unit 
movement, and square foot of space allocation was the best three-variable 
set (R2 = .99). The root mean-squared error for the MAI-3 hold-out 
sample was .26, while that for the MAI-2 was .36. The simplified MAls 
were regressed on a category by category basis and the results presented in 
Table 4. The predictive power is surprisingly strong for the two- and 
three-variable MAl equations. 

8 Coefficients for the flTSt random sample were: gross margin (1.02), dollar sales ( - .02), 
unit movement (- .03), and space (- .40). 



share variables could be used), there is no reason to expect the same high 
predictive power from common coefficients. 

If further research confirms the ability of MAl to predict opp it may 
save large amounts of time and expense now being undertaken to recalcu­
late the variable on an everyday basis or to evaluate new products. Also, 
the components of the MAl and its relative weights are far more trans­
parent to managers than the procedures used to calculate OPP. Thus, they 
may feel more comfortable implementing the concept of OPP through a 
simplified MAl. 
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