


4. All a’s were constrained to fall between zero and one. 

For consistencies 2-4, if the variable exceeded the designated range, it was set to the upper 

or lower value. For example, if the adjusted CL exceeded one, its value was set to one. 

The simulated annealing algorithm was used to calculate the optimal shelf arrangement 

for the incorrect parameters. This arrangement was then used to calculate the return on 

inventory predicted from the shelf management model using the true parameters. The 

absolute and percentage error was then computed using the results for the ketchup category 

(maximum category return on inventory = 16.34 percent). This process was repeated 100 

times for each of the normal distributions. 

The above procedure was repeated for three sets of true parameters. The first two sets were 

selected according to the process outlined in Borin et al. The third set of parameters were 

also selected according to this process but without the constraints listed above.4 

Sensitivity Results from Errors in Parameter Estimation 

Figure 2 illustrates, the percent deviation in error from the optimal. Table 1 presents the 

mean value for each distribution for all three sets of parameters. 

TABLE 1 

Reduction in Category Sales from Using Incorrect Parameter Values 

Mean Absolute Percent Mean Percent Deviation from Optimal* 

Error in Parameter 


Estimation Parameter Set 1 Parameter Set 2 Parameter Set 3 


3.09% 1.55** 1.27 3.97 

6.19% 1.68 2.04 4.10 

9.27% 2.17 2.45 4.37 

12.37% 2.65 3.48 4.22 

15.45% 3.24 3.00 5.12 

18.55% 3.86 4.86 5.22 

21.66% 4.57 5.68 5.51 

24.75% 5.53 6.88 5.05 

27.84% 6.48 7.83 6.22 

30.91% 7.36 8.82 6.57 

34.00% 7.98 9.76 7.50 

37.10% 9.23 11.13 7.98 

40.22% 10.03 12.89 8.51 

43.29% 11.22 14.0 9.43 

46.38% 11.83 14.8 10.25 

Notes: ‘Maximum ROI values for the three sets of parameter were 16.34%, 19.48%, and 22.39% for sets 1, 2, and 3 
respectively. 

‘*1.55% change in ROI represents a .25 percent point change in the base ROI of 16.34%. 
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Figure 2. The Effects of Parameter Error on ROI. Vertical Axis: 

(Model Max - Model-with-error)/Model Max 

The results from the analysis reveal a number of insights. First, both the variance and mean 
value of the deviation rises as the mean absolute value in parameter error increases. Second, 
the mean absolute value in parameter error can be relatively large and the category return 
on inventory loss still be within five percent of the optimal value. These results indicate that 
parameters based on managerial judgments that contain sizable errors may still be useful for 
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applying the shelf management model to derive the optimal space and assortment within a 
category. 

Table 2 presents the maximizing shelf arrangements found for both the true parameter set 
and the summary results for the parameter error sets. The minimum and maximum facings 
for each item is presented for the maximizing shelf arrangement found for each of the 100 
runs done at each distribution level. The last column in the table shows number of items 
selected for the assortment. For most of the error distributions, the mean values of both 
facings and assortment were relatively close to the optimal. Interestingly, as the error in 

parameter estimation increases all items are dropped from the assortment at one time or 
another. 

6. MODEL-GENERATED RESULTS VERSUS AN ALTERNATIVE HEURISTIC5 

Alternative Heuristic 

A key question for managers is how the shelf management model performs relative to 
other procedures that grocers use to allocate space. Other shelf allocation programs exist and 
are employed by some retailers. It is not possible for us to perform a similar analysis with 
these programs, because their algorithms are proprietary. However, we can compare our 
results with those that would have been obtained from a commonly used “rule-of-thumb” 
that retailers use to determine shelf allocation. This rule allocates spaces to individual items 
in a manner that equates (approximately) the item’s share of shelf to its share of market. 
Because of limited shelf space, the practice of having minimum “packouts” will typically 
cause some slow-selling products to have a share of shelf that is greater than their share of 
market. Indeed, a frequent complaint of large-share brands is that their share of shelf is less 
than their share of market. There are other problems with the implementation of such a 
“share-of-shelf = share-of-market” rule. One of the main problems is that changing shelf 
allocation changes market share, which changes the target shelf share, and there is no 

guarantee that a stable solution will be found. In practice, however, many retailers am able 
to use this procedure to allocate space (Ireland, 1993). They simply don’t worry too much 
about marginal items and can just eliminate them from the assortment. These according to 
a survey of grocery buyers by slow-moving items are the ones that are usually (Farris et al., 
1989) subject to being eliminated to make room for the new products in the category. 

Applying the share-of-shelf = share-of-market rule requires that an initial assortment be 
selected, and as we have argued, assortment selection is a problem with most space allocation 
procedures that do not explicitly consider search loyalty. Starting with equal shelf allocations 

(identical assortment), the model generated a new set of sales numbers, and the process was 
continued until a stable solution was found. The results are presented in Table 3. 

A second application of the same procedure started with the entire assortment (all 18 items) 
and resulted in a shelf allocation with an ROI that was again less than the best shelf allocation 
found with the model. Our question is: How bad could the parameter estimates of managers 
be and still beat the share-of-shelf=share-of-market rule? We found that managers could be 



TABLE 3 

Comparison of SA and Share of Shelf = Share of Sales Heuristics 

Decrease in ROI from 
Heuristic ROI (%)Percentage Maximum 

Simulated Annealing 16.34 NA 

Share of Shelf = Share of Sales (Identical Assortment) 12.60 22.9 

Share of Shelf = Share of Sales (Total Assortment) 11.21 31.4 

in error with their “guesses” of the parameters used in the model by as much as 50 percent 

and still outperform the share-of-shelf=share-of-market rule of thumb. 

7. DISCUSSION 

The number of parameters required for the shelf management model is 2n + n2 where n is 

the number of items in the category. Thus, even for a moderately sized category the number 

of required parameters becomes quite large very quickly. There are three alternatives to 

obtaining these parameters: (1) experimental design and estimation; (2) parameters gathered 

from the existing literature; and (3) managerial estimates of the values. The difficulties with 

calculating some of the required parameters using in-store experiments include time, money, 
and the large number of influencing factors that are extremely difficult to control in a 
supermarket. These influencing factors can lead to errors in the estimation of the parameter 

values. Data from existing literature is often incomplete and inadequate to the task of deriving 
parameter values. Managerial input can be very subjective. An additional complication is 

that market situations change quickly, and parameter estimates may need to be updated 

continually. Finally, without knowing how “rough” the optimal solution surface is, the 

usefulness of the model might remain in doubt, and managers would have little incentive to 
employ it. 

This research has investigated the possible effects of setting a category shelf allocation 
using incorrect parameter estimates which may have been gathered from any of the three 
methods mentioned. The results indicate that, although the loss in category ROI, as well as 

the final shelf arrangement, rises with the error in parameter estimation, the mean absolute 
error in parameter values can be over 24 percent with a net loss in maximum category return 
on inventory of just over 5 percent. At the same time, the model significantly outperformed 
shelf allocations that were derived from the shareof-shelf = share-of-market rule These 

results should increase managerial confidence in the ability of mathematical models to help 
rationalize assortment and shelf planning. Further research might explore the effects each of 
the shelf model parameters has on the final shelf arrangement. Certain parameters may be 

the key drivers behind the space and assortment decisions. The results from this analysis 
could help to simplify the model. Another aspect of research that might be worth exploring 
is whether simulated annealing “tries” shelf arrangements and assortments that managers 



would be unlikely to try in practice. Other research has shown that managers tend to be 
overconfident in some aspects of their decision making because they underestimate the range 

of possible outcomes. In other words, some possibilities are not even considered. 
Although retailers have explored the interrelationships amongst their categories for 

sometime, there has been a paucity of models in this area. We believe that our model could 
be adapted to determine the assortment and space amongst a number of categories. Cross-
category space and assortment effects would be an interesting extension of this project and 
could assist retailers in determining whether their category space is optimal. Finally, we have 
modeled a view of the problem that starts with assumption about SKU loyalties to derive 
shelf allocations and assortments. La1 and Corstjens (1994) have an interesting perspective 
on the longer-term problem of creating store loyalty. They propose using the same decision 
to help generate store loyalty through promotion (via shelf space) of the store’s own brands. 

It might be interesting to model the stocking and shelf allocation decisions as a dynamic 
process with other retailers competing (cooperating) in the same market. 

NOTES 

1. The question of whether consumer reactions to temporary “out-of-stocks” is the same as the 
reaction to permanent changes in assortment is also relevant to the illegal practice of “bait-and-switch” 
(purposely stocking out of some items in order to get consumers to buy other items which presumably 

have higher profit margins). Work by Moinzadeh and Ingene (1993) is relevant to this issue. 

2. For a more complete description of the SA process see Borin et al. (1994). 

3. For a standard normal distribution, 99 percent of the values will lie between -2.58 and +2.58 
standard deviates. Therefore, if the desired interval is -.30 and +.30each value drawn from the standard 
normal must be multiplied by .30/2.58. 

4. Alphas were still constrained to be between zero and one. 

5. The analysis performed in this section was done on the first set of true parameters. The results 
in this were initially reported in Borin, et al. 
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