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Abstract  
This master thesis is conducted in collaboration with Jan Linders Supermarkten B.V. The current 
forecasting and ordering process at Jan Linders is a subjective and time-consuming method and the waste 
is higher than aimed for. It is not known which factors significantly influence the sales of bread. As a result, 
there is a lack of control to influence the KPI’s. 

Substitution in case of stock-outs and cannibalization in case of promotions are expected to influence the 
bread sales. Based on that, the idea arose that including different aggregation levels in the forecasting 
and ordering process could provide new insights. A multiple linear regression analysis is performed for 
different aggregation levels. This provides insight into the significance and strength of different predictors 
at the different levels. The aggregation level at which the strongest explanatory power of the models is 
obtained, the subgroup-company-day level, is used as the basis for a new forecasting method. Combining 
top-down and bottom-up information, a forecast on the SKU-store-day level is created. This new 
forecasting method, which includes information from different aggregation levels, outperforms the 
current forecasting method at Jan Linders in terms of the forecasting accuracy.  

The obtained forecast is a non-integer, however, the order quantities must be integers because only 
whole loaves can be ordered. A newsvendor problem method and a method based on different ways of 
rounding the forecast are tested to decide on the order quantities. It is found that when a small value 
(≤0.5) is added to the forecast and thereafter this is rounded to the nearest integer, the best results are 
achieved in terms of lost sales and waste percentages. The small added values serve as safety stock. 
Varying this value provides control to influence the aimed service level and waste.   
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Management summary 
The research presented in this report is conducted in collaboration with Jan Linders. Jan Linders is a 
supermarket chain in the South-East of the Netherlands and currently has 59 stores. For multiple years, 
Jan Linders is rated as the best supermarket chain for fresh products in the Netherlands. To keep this 
position, availability is important. For bread products at Jan Linders, this currently comes with higher than 
desired waste costs. Due to the short lifetime of perishables like bread, underestimation of the sales 
directly leads to low availability, while overestimation of the sales directly leads to waste. Therefore, an 
accurate forecast of the sales and an appropriate decision on order quantities are important.  

Problem definition 
At Jan Linders it is observed that the current forecasting and ordering method for loaves is a subjective 
and time-consuming manual task. Furthermore, it is not known which factors have a significant effect on 
the sales of loaves. As a result, the employees at Jan Linders do not know how to positively influence the 
availability and waste percentage. Specific characteristics of loaves are that these products have a one-
day lifetime and high substitution willingness of customers in case of stock-outs. The expectation is that 
this high substituting willingness will also be observed when there is a promotion (cannibalization). 
Moreover, special for Jan Linders is that for loaves on the group level some end-inventory is desired in 
order to offer a high service to the customers.  

Following from the observations done, the research question is formulated as follows: 

 

 

A literature study is performed into forecasting and ordering of perishables in general, and bread products 
specifically, for both promotion and non-promotion events. Much research is done into which factors 
explain the variations in sales, however, only a small number of studies considered bread products. The 
question arose whether the factors that are found to have a significant effect on the sales in other product 
groups, also have an effect on bread sales. Regarding the ordering, the forecast (in non-integers) has to 
be translated to order quantities. The literature study showed that the newsvendor problem (NVP) could 
possibly be used for this purpose. This methodology is based on a newsboy who decides how much papers 
to order on a day to optimize his profit. For cannibalization, no studies are found with characteristics as 
that of loaves that include cannibalization effects due to promotions on the non-promotion sales.   

Research design 
In the research, different aggregation levels for forecasting and ordering are considered because the 
expectation is that this could help to give new insights. A visual tree representation of the aggregation 
levels in the research is shown in Figure 1. The focus of the study is on the right half of Figure 1, the 
aggregation levels on the day level. Each arrow represents the change of one of the three characteristics 
of an aggregation level (which SKU’s, which locations, which period). 

The research started with a regression analysis to find out which factors have a significant influence on 
the sales of the different aggregation levels. After this was done, the strength of the regression models 
on the different aggregation levels is consulted to decide which aggregation level will be the focus. This 
determined whether the other aggregation levels are found bottom-up or top-down. Based on the insights 
from the regression analysis, a new forecasting method is designed and tested.  

How can the forecasting and ordering for bread products at a retailer be made more objective in 
order to reduce the waste while offering a desired availability? 
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When the forecast is obtained, this has to be translated into order quantities. During the literature study, 
the use of the NVP was found to be applicable for this. Therefore, the use of a variant of this methodology 
was tested. In addition, a simpler method based on different ways to round the forecast was tested.  

 

Figure 1 Tree representation of the used aggregation levels and their relationships 

Results forecasting 
The strength and significance of predictors found with the regression analysis differ between aggregation 
levels and models. Overall, it can be concluded that the predictors that are significant in most models are: 
average of historic sales, the number of products in promotion in a subgroup (promotion and 
cannibalization), holidays, temperature ≥25.0C°, lag effect of deep promotions, and the number of stores. 
The models for the SKU or store levels have the problem that the average of historic sales is by far the 
strongest predictor in the models. Hence, one should be cautious in interpreting the results of those 
models. Of the two remaining aggregation levels included, the models on the SG-company-day level have 
the highest explanatory power. Therefore, these models are used as the basis for the further forecasting 
and ordering process.  

In Figure 2, an overview of the proposed and tested forecasting method for Jan Linders is given.  

 

Figure 2 New forecasting process for Jan Linders 
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The MAPE of the new forecast on total-company-day level improved with about 55% compared to the 
MAPE of the current forecast. On the SG-company-day and the SG-store-day level, overall, it can be 
concluded that for four of the five SG’s the forecast for non-promotion weeks is better than the current 
forecast. This is also the case for two of the three SG’s for promotion weeks. The one SG for which the 
forecast is worse for non-promotion week includes only three SKU’s and has a very low sales volume 
compared to the other SG’s. On the lowest aggregation level, the SKU-store-day level, there are some 
differences whether the new or the old method is better. However, when combining the performance on 
the different measurements used, also at the SKU-store-day level the new forecasting method 
outperforms the current forecasting method.    

Results ordering  
During the research, it is found that a simple rounding method with small additions gives the best results 
in terms of the combination of the waste percentage and the lost sales percentage. In this method, the 
forecast is increased by a small value (≤0.5), and after this, it is rounded to the nearest integer. Controlling 
the service level and waste costs is possible with the use of different values. The results of the NVP 
method, which is harder to understand and more time consuming, are worse than that of the rounding 
method. For an equal lost sales percentage in both methods, the difference in the waste percentage is 
between 0.9% and 1.2%. It was not expected that the results of the rounding method would be better 
than that of the NVP method. The expectation is that this could be caused by the fact that a normal 
distribution is assumed in the NVP method. However, possibly this conclusion is not valid for all SG-store-
day combinations resulting in the worse performance.  

Despite that the NVP method gives worse results than the rounding method, a noticeable insight is gained 
when interpreting the results of the NVP method. It is found that only optimizing the profit is not the 
desired situation in the long term because this is combined with a very low availability. This is caused by 
the fact that for loaves, the waste costs are much higher than the profit. As a result, when optimizing the 
profit, a very low waste percentage is wanted, but the availability is also very low. This low availability can 
affect customer satisfaction, which in the long term can result in losing customers.   

Recommendations  
The recommendation to Jan Linders is to replace the current subjective forecasting and ordering method 
with the one proposed in this thesis. To start with, use the SG-company-day level regression models as 
the basis. Combine this with historic sales information on the total-store-day level and information from 
the automatic forecasting and ordering system (F&R) on the SKU-store-day level to get the SKU-store-day 
level forecast. Then, depending on the desired service level, add a small value (≤0.5) to the SKU-store-day 
forecast and round it to the nearest integer to get the recommended order quantities. By varying the 
small added values, the service level and waste costs can be controlled. With regard to further research, 
it should be interesting to test if the forecasting method used in this research also results in an accurate 
forecast for other product groups or at other retailers.  
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department in week w for subgroup g 

𝑨𝑨𝑨𝑨𝑨𝑨𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  actual ordered (and delivered) quantity on day d in week w 
in store s of SKU i of subgroup g  

𝑹𝑹𝒂𝒂𝒔𝒔𝒑𝒑𝑹𝑹𝒈𝒈𝒔𝒔𝑺𝑺𝒔𝒔𝒑𝒑𝒑𝒑𝒔𝒔𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  the average percentage of the companywide sales on day d 
in week w in subgroup g, that is sold in store s, based on 
historical sales data 

𝑹𝑹𝒂𝒂𝒔𝒔𝒑𝒑𝑹𝑹𝒈𝒈𝒔𝒔𝒂𝒂𝒑𝒑𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔  average lost sales percentage expressed in the number of 
lost sales divided by the actual sales 

𝑹𝑹𝒂𝒂𝒔𝒔𝒑𝒑𝑹𝑹𝒈𝒈𝒔𝒔𝒂𝒂𝑹𝑹𝒔𝒔𝒔𝒔𝒔𝒔𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔  average waste percentage expressed in loaves waste 
divided by the order quantity 

𝒇𝒇𝒂𝒂  variation coefficient  
𝑹𝑹𝒊𝒊𝒔𝒔𝒇𝒇𝒑𝒑𝒂𝒂𝒂𝒂𝒔𝒔𝒑𝒑𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔𝒘𝒘,𝒊𝒊,𝒈𝒈  a variable representing the discount percentage in week w 

of SKU i in subgroup g  
𝒇𝒇𝒘𝒘,𝒊𝒊,𝒈𝒈  binary dummy variable with value 1 if in week w, SKU i of 

subgroup g is promoted, and 0 otherwise.  
𝒇𝒇𝒊𝒊𝒂𝒂𝑹𝑹𝒂𝒂𝑨𝑨𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑺𝑺𝑺𝑺𝑺𝑺𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  the final forecast on the SKU-store-day level obtained with 

the use of the new forecasting model for day d in week w in 
store s of SKU i of subgroup g  
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𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈,𝑹𝑹𝑹𝑹𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹  by the forecasting department adjusted sales forecast for 
day d in week w in store s of SKU i of subgroup g  

𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝑹𝑹𝑹𝑹𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹  by the forecasting department adjusted sales forecast for 
day d in week w in store s  

𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒂𝒂𝒑𝒑𝒑𝒑𝒑𝒑.𝑹𝑹𝒊𝒊𝒔𝒔𝒔𝒔  sales forecast for day d in week w in store s based on a 
normal distribution 

𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑨𝑨𝑹𝑹𝒘𝒘,𝒈𝒈  sales forecast for subgroup g in week w   
𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑨𝑨𝑹𝑹𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  sales forecast for day d in week w in store s for SKU i of 

subgroup g  
𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒈𝒈  forecast on the subgroup-company-day level for day d in 

week w of subgroup g, resulting from the new forecasting 
model 

𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑺𝑺𝒂𝒂𝑺𝑺𝒔𝒔𝒑𝒑𝒑𝒑𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  forecast on the subgroup-store-day level for day d in week 
w in store s of subgroup g, resulting from the new 
forecasting model 

𝒇𝒇𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑺𝑺𝑺𝑺𝑺𝑺𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  forecast on the SKU-store-day level for day d in week w in 
store s of SKU i of subgroup g, that is used to determine the 
distribution method from high to low aggregation levels in 
the new forecasting model 

𝒈𝒈𝒈𝒈  variable used to indicate in which order the demand of an 
SG is substituted from other SG’s 

𝒈𝒈𝒑𝒑𝒑𝒑𝒂𝒂𝒑𝒑𝑨𝑨𝑹𝑹𝒇𝒇𝒔𝒔𝒑𝒑𝒑𝒑𝒘𝒘,𝒈𝒈  a variable, for subgroup g in week w, used by the 
forecasting department of Jan Linders to determine the 
recommended order quantities 

𝒊𝒊𝒂𝒂𝑹𝑹𝒔𝒔𝒊𝒊𝑹𝑹,𝒘𝒘,𝒔𝒔  index to correct for trends or changes (e.g. due to a local 
event) in sales on day d in week w in store s  

k binary dummy variable used in determining the average of 
previous weeks, a value of 1 indicates that the sales are 
available, a value of 0 indicates that the sales are deleted or 
not available 

𝒂𝒂𝒊𝒊𝒇𝒇𝒔𝒔𝑨𝑨𝑹𝑹𝒇𝒇𝒔𝒔𝒑𝒑𝒑𝒑𝒘𝒘,𝒈𝒈  lift factor for subgroup g in week w to adjust the forecast 
from F&R in case of a promotion for bake-off loaves 

𝒂𝒂𝒑𝒑𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝑨𝑨𝒘𝒘𝒂𝒂𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  if the actual sales are higher than the order quantity, the 
differences between those two values in number of loaves 
if 100% substitution within an SG is assumed 

𝒂𝒂𝒑𝒑𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔𝑹𝑹,𝒘𝒘  the 𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 over all SG’s and stores assuming 
100% substitution within and between SG’s 

𝒂𝒂𝒑𝒑𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  the 𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 minus the demand that can be 
met from the inventory of other SG’s if 100% substitution 
within an SG but also between SG’s is assumed 

𝒑𝒑𝑹𝑹𝒊𝒊𝒂𝒂𝑽𝑽𝑹𝑹𝒑𝒑𝒊𝒊𝑹𝑹𝑽𝑽𝒂𝒂𝒔𝒔𝒘𝒘,𝒈𝒈  a variable, for subgroup g in week w, used by the 
forecasting department of Jan Linders to determine the 
recommended order quantities 

𝒂𝒂𝒔𝒔𝒔𝒔𝑹𝑹𝒔𝒔𝑹𝑹𝒏𝒏𝑹𝑹𝒑𝒑𝑹𝑹𝒇𝒇𝒊𝒊𝒔𝒔𝒏𝒏𝑨𝑨𝒘𝒘𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  variable used to check if other SG’s have leftover inventory 
which can be used to meet the demand of an SG if 100% 
substitution between SG’s is assumed 
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𝒂𝒂𝒂𝒂𝒑𝒑𝑽𝑽𝒔𝒔𝒑𝒑𝑨𝑨𝑺𝑺𝑺𝑺𝑹𝑹,𝒘𝒘,𝒔𝒔  number of SKU’s within the assortment on day d in week w 
in store s  

𝒂𝒂𝒂𝒂𝒑𝒑𝑽𝑽𝒔𝒔𝒑𝒑𝑨𝑨𝑨𝑨𝑺𝑺𝑹𝑹,𝒘𝒘,𝒔𝒔   number of SKU’s out-of-stock on day d in week w in store s  
𝒑𝒑  number of observations 
𝒑𝒑𝒑𝒑𝒔𝒔𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔  binary dummy variable with value 1 if store s is open on 

day d in week w, and 0 if store s is closed on day d in week 
w 

𝒑𝒑𝒂𝒂𝒔𝒔𝒑𝒑𝒏𝒏𝑹𝑹𝒑𝒑𝑹𝑹𝒇𝒇𝒊𝒊𝒔𝒔𝒏𝒏𝑨𝑨𝒘𝒘𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  variable used to check if an SG has leftover inventory which 
can be used to meet the demand of another SG’s if 100% 
substitution between SG’s is assumed 

𝒑𝒑𝑹𝑹,𝒘𝒘,𝒔𝒔  the probability returned by the CDF of a normal distribution 
for day d in week w and store s   

𝒑𝒑𝒑𝒑𝒔𝒔𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  a variable representing the average sales in the previous 
nine weeks on day d in week w in store s of SKU i of 
subgroup g  

𝒑𝒑𝒑𝒑𝒑𝒑𝒇𝒇𝒊𝒊𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  profit on day d in week w in store s and subgroup g 
𝒑𝒑𝒑𝒑𝒑𝒑𝒇𝒇𝒑𝒑𝒔𝒔���������  average total company-wide weekly profit  
𝒑𝒑𝒑𝒑𝒑𝒑𝒇𝒇𝒑𝒑𝒔𝒔𝑺𝑺𝒂𝒂𝒈𝒈���������������  average total company-wide weekly profit in subgroup g 
𝑨𝑨𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈
∗   order quantity following from ordering methods tested for 

day d in week w in store s of subgroup g  
𝑹𝑹𝑹𝑹  coefficient of determination 
𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹𝑹𝑹   adjusted coefficient of determination 
𝒑𝒑𝒔𝒔𝒔𝒔𝒂𝒂𝒂𝒂𝒔𝒔𝒘𝒘,𝒈𝒈  a variable, for subgroup g in week w, used by the 

forecasting department of Jan Linders to check how if the 
resulting ROQ values are within the desired range 

𝒑𝒑𝒔𝒔𝒔𝒔𝒂𝒂𝒂𝒂𝒔𝒔𝒔𝒔𝒑𝒑𝒔𝒔𝑹𝑹𝒂𝒂  a variable, on total company week level, used by the 
forecasting department of Jan Linders to check how if the 
resulting ROQ values are within the desired range 

𝑹𝑹𝑨𝑨𝑨𝑨𝒘𝒘,𝒈𝒈  recommended order quantity for subgroup g in week w 
determined by the forecasting department and provided to 
the stores 

𝑹𝑹𝑨𝑨𝑨𝑨𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  recommended order quantity on day d in week w in store s 
of SKU i of subgroup g determined by the forecasting 
department and provided to the stores 

𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  sales on day d in week w in store s of SKU i of subgroup g  

𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔��������𝒈𝒈  average sales in subgroup g  

𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔��������𝑹𝑹,𝒘𝒘,𝒔𝒔  average sales on day d in store s determined in week w  
𝒔𝒔𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝑹𝑹𝑹𝑹𝑹𝑹𝒂𝒂𝒔𝒔𝒔𝒔𝒔𝒔𝑹𝑹  adjusted average sales on day d in store s determined in 

week w  
𝑺𝑺𝑺𝑺𝑺𝑺𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔𝑨𝑨𝒇𝒇𝑺𝑺𝒂𝒂𝑺𝑺𝒔𝒔𝒑𝒑𝒑𝒑𝒔𝒔𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒊𝒊,𝒈𝒈  percentage of the sales on day d in week w in store s of SKU 

i of subgroup g of the total subgroup level sales of 
subgroup g   

𝒔𝒔𝒑𝒑𝒂𝒂𝑹𝑹𝑨𝑨𝒘𝒘𝒂𝒂𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  number of loaves sold if only 100% substitution within an 
SG is assumed 
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𝒔𝒔𝒑𝒑𝒂𝒂𝑹𝑹𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  number of loaves sold if 100% substitution within an SG but 
also between SG’s is assumed 

𝒔𝒔𝒔𝒔𝒑𝒑𝒑𝒑𝒔𝒔𝑨𝑨𝑹𝑹𝒇𝒇𝒔𝒔𝒑𝒑𝒑𝒑𝑹𝑹,𝒘𝒘,𝒔𝒔  a variable, for day d in week w and store s, used by the 
forecasting department of Jan Linders to determine the 
recommended order quantities 

𝒔𝒔𝒔𝒔𝒑𝒑𝒑𝒑𝒔𝒔𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈,  percentage of the sales on day d in week w in store s in 
subgroup g of the company level sales on day d in week w 
in subgroup g  

𝒔𝒔𝒂𝒂𝒑𝒑𝒑𝒑𝒔𝒔𝑹𝑹𝑨𝑨𝒑𝒑𝒑𝒑𝒔𝒔𝒇𝒇𝑹𝑹𝒔𝒔𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  the SKU-store-day level forecast of step 4 of the new 
forecasting model summed to the subgroup-store-day level 
for day d in week w in store s and subgroup g  

𝒘𝒘𝑹𝑹𝒔𝒔𝒔𝒔𝒔𝒔𝑨𝑨𝒘𝒘𝒂𝒂𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  number of loaves wasted if only 100% cannibalization 
within an SG is assumed 

𝒘𝒘𝑹𝑹𝒔𝒔𝒔𝒔𝒔𝒔𝒂𝒂𝒔𝒔𝒑𝒑𝒇𝒇𝒔𝒔𝒂𝒂𝒔𝒔𝑹𝑹𝒈𝒈𝒔𝒔𝑹𝑹,𝒘𝒘  waste percentage expressed in loaves waste divided by the 
order quantity on day d in week w 

𝒘𝒘𝑹𝑹𝒔𝒔𝒔𝒔𝒔𝒔𝑺𝑺𝒂𝒂𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈  number of loaves wasted if 100% substitution within an SG 
but also between SG’s is assumed 

𝒘𝒘𝒘𝒘  dummy variable in selecting which previous weeks to 
include in the determination of the average of the previous 
weeks 

𝑿𝑿  Random variable following a normal demand for the sales 
𝒊𝒊𝟏𝟏,𝑹𝑹,𝒘𝒘,𝒈𝒈  variable in linear regression formulas representing the 

(natural logarithmic) average sales of the previous weeks 
on day d in week w for subgroup g  

𝒊𝒊𝑹𝑹,𝑹𝑹,𝒘𝒘  variable in linear regression formulas representing the 
number of open stores on day d in week w  

𝒊𝒊𝟑𝟑,𝒘𝒘,𝒈𝒈  variable in linear regression formulas representing the 
natural logarithm of the number of products in promotion 
in week w in subgroup g  

𝒊𝒊𝟒𝟒,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
week w is the first week after a bag promotion, and 0 
otherwise 

𝒊𝒊𝟓𝟓,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
week w is the second week after a bag promotion, and 0 
otherwise 

𝒊𝒊𝟔𝟔,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
week w is the week before a holiday, and 0 otherwise 

𝒊𝒊𝟕𝟕,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
week w is a summer holiday week in the Southern part of 
the Netherlands, and 0 otherwise 

𝒊𝒊𝟖𝟖,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
week w is a summer holiday week in the middle part of the 
Netherlands, and 0 otherwise 

𝒊𝒊𝟗𝟗,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
week w is a holiday week but not a summer holiday week, 
and 0 otherwise 
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𝒊𝒊𝟏𝟏𝟏𝟏,𝑹𝑹,𝒘𝒘  binary variable in linear regression formulas with value 1 if 
the temperature on day d in week w is between 20.0 and 
24.9 degrees Celsius, and 0 otherwise 

𝒊𝒊𝟏𝟏𝟏𝟏,𝒘𝒘,𝑹𝑹  binary variable in linear regression formulas with value 1 if 
the temperature in week w on day d is 25.0 degrees Celsius 
or more, and 0 otherwise 

𝒏𝒏𝑹𝑹,𝒘𝒘,𝒈𝒈  forecast resulting from a regression analysis on the 
subgroup-company-day level for day d in week w and 
subgroup g  

𝒛𝒛𝟏𝟏,𝑹𝑹,𝒈𝒈  a factor used in step 4a of the new forecasting model for 
subgroup g on weekday d determining the emphasis on 
𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 

𝒛𝒛𝑹𝑹,𝑹𝑹,𝒈𝒈  a factor used in step 4a of the new forecasting model for 
subgroup g on weekday d determining the emphasis on 
#𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑤𝑤,𝑔𝑔 

𝒛𝒛𝟑𝟑,𝑹𝑹,𝒈𝒈  a factor used in step 4a of the new forecasting model for 
subgroup g on weekday d determining the emphasis on 
𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑖𝑖,𝑔𝑔 
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Part 1: Research definition 

 
In retail stores, perishables account for a large part of the total sales (Ketzenberg & Ferguson, 2005; Thron, 
Nagy, & Wassan, 2007). Moreover, fresh and high-quality perishable goods attract customers to come to 
a specific store instead of another (Ferguson & Ketzenberg, 2006). Supermarket chains want to offer these 
attributes for their products, which can be realized by offering high-quality products and assuring product 
availability over time. Due to the short lifetime of perishables, an overestimation of the sales directly leads 
to waste. According to Ferguson and Ketzenberg (2006), approximately 15% of perishable foods are 
wasted at the retailer. This waste comes with high costs for the retailers.  

The trigger for this study was that the waste percentage for loaves is higher than desired by the company 
where the research is conducted and that there is a lack of control to influence the performance. It is not 
known which factors significantly affect the sales of loaves. That can cause high forecast errors and with 
that a high waste percentage. Within the literature, no complete answer was found to the question which 
factors significantly influence sales of products like bread. The aim of this research is to provide a less 
subjective and less time-consuming forecasting and ordering method for loaves (relative to the current 
method) and, moreover, to reduce the waste while offering a high service level. Forecasting accuracy is 
important for all types of products, but this research will specifically focus on bread products. The reason 
to only include bread is due to the characteristics of bread combined with the limited time span of the 
study. These characteristics are that bread has a one-day lifetime and high substitution willingness of 
customers in case of stock-outs (van de Laar, 2018; van Woensel, van Donselaar, Broekmeulen, & Fransoo, 
2007). In the research different aggregation levels for forecasting and ordering are considered because 
the expectation is that this could help to improve the performance (see Section 2.2).  

 

1. Structure of the report 
This research is a business problem-solving project with the goal to improve the performance of a process. 
According to Van Aken, Berends, and Van Der Bij (2007), for such projects, the regulative cycle by Van 
Strien (1997) provides a good research structure. The regulative cycle consists of five steps following from 
a problem mess. Out of a mess of problems, a problem definition is defined. Based on this problem 
definition, the situation is analyzed and diagnosed, and this should result in a plan of action. After a plan 
of action is defined, the intervention of the plan should be executed and later the performance of the 
intervention should be evaluated. The steps of the regulative cycle are iterative and explorative, this 
means that respectively jumps to previous steps are possible but also to subsequent steps.  

The structure of the research that is performed is based on the regulative cycle. In the report, a subdivision 
of the content is made into five parts. In the first part of the report, the mess of problems and problem 
definition from the regulative cycle are considered. Part 2, 3, and 4 are elements of the analysis and 
diagnosis of the regulative cycle. The final recommendations in part 5 form the third step from the 
regulative cycle. The five parts are: 

− Part 1: Research definition – Chapter 2, 3, and 4 
− Part 2: Research design – Chapter 5, 6, and 7 
− Part 3: Forecasting – Chapter 8, 9, 10, and 11 
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− Part 4: Ordering – Chapter 12, 13 and 14 
− Part 5: Conclusions and recommendations – Chapter 15 and 16 

 
2. Introduction 
A short company description is given in Section 2.1. Thereafter, the reasoning behind including multiple 
aggregation levels in the research is discussed in Section 2.2. 

2.1 Company description 
Jan Linders Supermarkten B.V. (hereafter Jan Linders) is a supermarket chain in the South-East of the 
Netherlands. The company was founded in 1963 by Jan Linders when he opened his first supermarket in 
Gennep. Nowadays the company has 59 supermarkets, a 1.09% market share of the total supermarket 
revenue in the Netherlands and a 5% sales growth in 2017 compared to 2016 (Distrifood, 2018). Jan 
Linders is a member of Superunie. This is a Dutch retail procurement cooperation whose members 
represent 30% of the Dutch retail market. The advantage for retailers to be a member of this cooperation 
is that they get price discounts from their suppliers. In 2017, Jan Linders has been chosen as the best 
supermarket in the category of fresh products. The fresh category consists of 3 types of products: AGF 
(potatoes, vegetables, and fruit), meat and bread. Jan Linders is chosen as the best in bread and the best 
in the overarching fresh segment in 2017. In 2016 another supermarket scored best, however, in the six 
years preceding that year, Jan Linders also won (GFK Versrapport, 2017). 

2.2 Multiple aggregation levels 
In this research, multiple aggregation levels are included. This is done because the expectation is that 
different aggregation levels include different information and combining this information can give new 
insights. The reasoning behind this is explained in this section.  

When making a forecast or deciding on order quantities, an important decision is on which aggregation 
level to make your decisions. The main distinction made in the literature is between the detailed, or 
disaggregate, level and the aggregate level (Zotteri & Kalchschmidt, 2007). More precisely, the detailed 
level is a forecast on the SKU-store-day level, while the aggregation level consists of a combination of data 
from multiple days, SKU’s or stores. It depends on the characteristics of a specific situation which 
aggregation level gives a better result. The disaggregate or detailed level is required because this is needed 
for the operational processes. 

The aim at Jan Linders is not to be completely sold out, but some end-inventory is desired. The reason for 
this is that the company always wants to have a choice of products available at any time of the day to 
offer high service. However, not for every single SKU, inventory at the end of the day is desired because 
this would result in much waste. In addition, the substitution willingness for loaves is found to be high, 
indicating people are willing to buy another type of loaf if their first choice is not available (van Woensel 
et al., 2007). Combining this means that at group level end-inventory is desired, which would mean that 
not only the detailed aggregation level should be the focus.  

In addition to the reasoning that for the end-inventory considering a higher aggregation level could 
improve the current situation, an improvement is also expected with regard to promotions. Jan Linders 
characterizes promotions by the group to which an SKU belongs to. At Jan Linders six groups of loaves are 
distinguished. If one of such groups has a promotion, the expectation is that the sales of other group are 
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lower due to cannibalization effects. To be able to include these cannibalization effects between the 
groups, higher aggregation levels are included.  

 
3. The current situation at Jan Linders 
The forecasting and ordering process for the loaves at Jan Linders consists of several steps which will be 
discussed in this chapter. It starts with the part that comes from the automatic system ordering (ASO) 
system F&R and provides a forecast of the sales on the SKU-store-day level in Section 3.1. Thereafter, in 
Section 3.2, it is shortly described how the forecast from F&R is combined with other information to get 
the recommended order quantities (ROQ’s). An extensive description of this can be found in Appendix A. 
In Section 3.3, it is shortly described which influence stores have on the actual order quantities (AOQ’s). 
For Sundays, a different forecasting and ordering process is followed than for the other weekdays, which 
is explained in Section 3.4. Finally, in Section 3.5, the performance regarding waste and availability of the 
current situation is discussed. In Figure 13 in Appendix A, a visual overview of the complete current 
forecasting and ordering process is given combined with who performs each action.  

3.1 Automatic system forecast  
Jan Linders uses the ASO system called F&R, which is software that provides automated forecasting and 
replenishment. This forecasting in F&R is done on the SKU-store-day level. The forecast is made using a 
regression analysis with taking into account the historic values of sales and whether a product is promoted 
or not. Regarding the promotions, the discount percentage is included, but only two groups are 
distinguished. The groups are PromoHigh (discount percentage > 49%) and PromoLow (discount 
percentage ≤ 49%). Events that F&R considers are carnival, Easter, pre-Christmas (14-12 to 20-12), 
Christmas (21-12 to 24-12), and the period preceding New Year’s Eve (28-12 to 31-12).   

3.2 Determination of recommended order quantities 
The manual adjustments by the forecasting department are a subjective and time-consuming task that 
repeats itself every week. It is subjective because it includes mainly personal judgment and is time-
consuming due to the trial-and-error nature of the method. In Appendix A, an extensive description of the 
current method is given for all regular, centrally baked, loaves. One deviant group of loaves are bake-off 
(BO) loaves. These loaves are baked in the individual stores instead of at a central bakery. For these loaves, 
a different procedure with regard to forecasting and ordering is used. A description of this can be found 
in Appendix B. In the next paragraph, a short summary of the process for the regular loaves is given. 

In the first step, the total number of loaves ordered on the subgroup(SG)-company-week and the total-
company-week level is decided. This is done based on 4 or 5 historic weeks of sales with comparable 
promotions and the opinion of the forecaster regarding the expected weather and holidays. When the 
commerce department agrees with the number suggested by the forecaster, the forecaster starts with 
the determination of the recommended order quantities (ROQ’s). These ROQ’s are the number of loaves 
that the forecaster recommends the stores to order. The forecaster uses the number of loaves agreed on 
the SG-company-week level with the commerce department, historic store sales in the number of loaves 
on the total-store-day level, and finally the forecast on the SKU-store-day level from the ASO system. This 
process is in detail described in Appendix A. The results are the ROQ’s on the SKU-store-day level. 
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3.3 Ordering adjustments by individual stores 
After the forecasting department adjusted the forecast that F&R gave into ROQ’s, the stores can choose 
to deviate from these ROQ’s. If they feel that the number of loaves is not appropriate, based on their 
experience or for example customer orders or local events, they can adjust the ROQ’s. This process is 
again subjective and requires time in each individual store. The ordering representatives of the stores 
again adjust the ROQ’s in F&R to the amount they want to receive in their store. These are the actual 
order quantities (AOQ’s) of the stores. The adjustments of the stores must be done the day before the 
desired delivery day before 10.00 A.M.  

3.4 Different process for Sundays  
Forecasting and ordering for Sundays are different than for the other weekdays. The main difference is 
that the forecasting department is not involved in this process. Only the forecast from F&R is used for 
Sundays combined by adjustments in individual stores. According to a few employees spoken within the 
company, this is because the assortment is different on Sunday. Currently, the forecasting department 
does not spend their time trying to improve the forecast for Sundays because stores adjust much of it. 
The assortment on Sunday is not only different from other weekdays, but it does also differ between 
stores. About half of the stores have a so-called Sunday-assortment on Sunday. This is a part of the regular 
assortment that is freshly delivered from the external supplier on Sunday. The other half of the stores do 
not get fresh deliveries on Sunday but bakes loaves in the store itself. These loaves, that are baked in the 
store itself, are different from the BO loaves mentioned earlier.  

3.5 Current performance 
When considering the performance of the process, a tradeoff has to be made between wasting loaves and 
offering a high service level. Therefore, both are measured. For the waste, there is one KPI at Jan Linders, 
and for the availability, there are two (see Appendix C). In Section 3.5.1, the waste in the current situation 
is checked. Thereafter, in Section 3.5.2, the current service level measurements are assessed. The 
measurements are based on the data for 2017 as a preliminary check to confirm the problem as defined 
by the company. The companywide yearly averages are shown, which are also reported at Jan Linders. 
However, in the daily/weekly operations, also the performance of individual stores is checked.  

3.5.1 Waste  
The waste that is reported in this research is expressed in the number of loaves and the waste percentage 
is determined with respect to the actual order quantities (AOQ). In the following of this research, formula 
1 is used to report on the average waste percentage.  

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑎𝑎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  
∑ ∑ ∑ ∑ ∑ �𝐴𝐴𝐴𝐴𝐴𝐴𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔�6

𝑔𝑔=1
#𝑆𝑆𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1 

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1

∑ ∑ ∑ ∑ ∑ �𝐴𝐴𝐴𝐴𝐴𝐴𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔�6
𝑔𝑔=1

#𝑆𝑆𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1 

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1

  ( 1 ) 

Using this measure, the average waste percentage in 2017 was found to be 4.4% higher than the norm 
set by Jan Linders. Jan Linders determined the average waste percentage, measured such as the original 
KPI in Euro instead of in the number of loaves (formula 53 in Appendix C). This was found to be 1% higher 
than the norm in 2017. According to the company supervisor of the research, the company gets a supplier 
contribution to the waste once a year. This contribution can be seen as a discount which is once a year 
determined and received. It is subtracted from the actual waste costs in the KPI calculations of the 
company, which results in a lower average waste percentage. The contribution is not included in the 
determinations in this report because the goal is to make an improvement to the current situation. In 
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both the current and a new situation this contribution will be subtracted so in terms of improvement it is 
not of importance. From now on, the waste percentage is determined using formula 1 (number of loaves).  

3.5.2 Availability and selling-out-times  
There are two KPI’s regarding the service level at Jan Linders. These are the availability and the selling-
out-times (SOT’s). Availability is measured by the number of SKU’s that have leftovers at the end of the 
day, divided by the number of SKU’s within the assortment. SOT’s are the final check-out-desk transaction 
time if an SKU is out of stock. The formulas used to determine these KPI’s can be found in Appendix C. At 
Jan Linders, there is a norm for the average availability and one for the average SOT. There are no formulas 
behind the determination of these norms. Analyzing the data showed that the average SOT in 2017 is 37 
minutes before the norm and the availability (formula 58 in Appendix C) is 8.3% below the norm.  

 
4. Problem definition  
Based on the current situation as described in Chapter 3, in this chapter, the problem is defined. Firstly, 
the main observations at Jan Linders are summarized in Section 4.1. Based on this, in Section 4.2, the 
problem definition is given. The research objectives are defined in Section 4.3. This is followed by the 
deliverables in Section 4.4. Afterward, the main research question and the sub-questions are stated in 
Section 4.5. Subsequently, the scope of the research is discussed in Section 4.6. Finally, in Section 4.7, a 
short literature overview and the research gaps are given. 

4.1 Observations at Jan Linders 
When analyzing the current situation as described in Chapter 3, observations are done that can cause 
problems. These observations are: 

• The waste at Jan Linders for loaves is higher than the company norm. As discussed in Section 3.5 
the waste is higher than the company is striving for.  

• It is unknown which factors have a significant effect on the sales, waste, and availability. Besides 
promotions, other factors are expected to influence the SKU sales because the sales in historic 
weeks with comparable promotions still differ. The performance on the KPI’s is reported at Jan 
Linders separately for thirteen four-week periods in a year. Regarding the waste for loaves, the 
norm, based on the original KPI measure of Jan Linders, is in 2017 only met for five of the thirteen 
four-week periods. The norms for availability and SOT’s are not met in any of the thirteen four-
week periods of 2017. It is unknown which factors influence the performance based on these 
measures. The question arises whether the norms for the KPI’s are realistic. 

• It is hard to forecast fresh products with high SKU sales variety due to promotions. Loaves are an 
example of fresh products for which there is, at Jan Linders, a promotion for at least one type of 
loaf every week. Due to these promotions, the demand for a specific loaf changes every week. For 
fresh products, a wrong forecast results directly into OOS or waste. Therefore, the forecasting 
accuracy is especially for fresh products of major importance. The same holds for ‘not-fresh’ 
products with a longer shelf life. However, for fresh products, a wrong forecast results directly 
into OOS or waste, while products with a longer shelf life can be stocked and can also be sold 
during the following week(s).  

• The ASO system (F&R) is not appropriate for daily fresh products with a high substitution 
willingness. Daily fresh products have a shelf life of only one day. An example of such a product is 
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a loaf. As discussed in Chapter 2, at Jan Linders at group level end-inventory is desired. The 
problem is that the current ASO system can only consider individual SKU’s and it cannot consider 
groups of products. 

• The current forecasting and ordering method for loaves is a subjective and time-consuming 
manual task. The current forecasting and ordering as described in Chapter 3 is time-consuming 
for the forecasting department but also for the stores. In addition, the current forecasting and 
ordering method has a high degree of subjectivity and human interactions.  

4.2 Problem definition 
Following from the problems defined, the problem statement that will be the basis for this research is: 

 

 

 

4.3 Research objectives 
Following from the problem description, the research objectives can be defined. The research has three 
objectives and the first one is to reduce the waste percentage while still fulfilling demand. There are 
several possible ways that are expected to create a lower waste percentage. Three possible methods are: 

• Agree on a lower availability 
• Improve the forecasting accuracy 
• Improve the determination of order quantities  

Jan Linders is chosen as the best supermarket in the fresh segment for 7 out of the past 8 years (GFK 
Versrapport, 2017). The company wants to maintain this position and therefore they requested that 
lowering the availability should not be the focus. In contrast, the other two methods could offer 
possibilities for improvement. This means that the research aim is to improve the forecasting accuracy of 
bread sales and to provide an improved method to determine the order quantities to reduce the waste. 
Regarding the availability, it will, however, be checked what the influence on factors as waste and sales is 
if the availability is allowed to be slightly lowered. 

The second objective is that the method of forecasting demand and determining order quantities should 
be less subjective and time-consuming than the current method. The more of the forecasting and ordering 
that can be automated or supported by software systems, the better. However, it does not necessarily 
have to be completely automated. The reason for this is that the software developer of the current 
systems already informed Jan Linders that forecasting on the group level is not possible within the system.  

The final objective is that the final method should be easy to use for the forecasting department. 

4.4 Deliverables 
Based on the research objective the following deliverables are defined: 

1. Insight into the explanatory factors that influence bread sales, waste, and availability  
2. Forecasting method taking into account information from different aggregation levels and 

cannibalization effects 
3. Method to determine the order quantities 

At Jan Linders, the waste for loaves is higher than the company norm. It is not known which factors 
significantly influence the sales of loaves. This implies lack of control in influencing the waste and 
availability. 
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4.5 Research question 
The main research question follows from the research objectives and the deliverables. It is defined as:  

 
 

To find an answer to the main research question, six sub-questions are defined which are split up into 
three parts. In Figure 3 an overview of these three parts and the related chapters is given.  
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Figure 3 Overview of the research parts and the related chapters 

Assessment of explanatory factors 
In the first part of the research, it is studied which factors can explain the sales and the variations in sales. 
The expectation is that promotions influence the demand rise of promoted products and a demand 
decline of not promoted products. Previous research already showed which factors significantly influence 
demand for a promoted product in specific product categories (e.g., Ali, Sayin, van Woensel, & Fransoo, 
2009; Derks, 2015; Nabuurs, 2017; Peters, 2012). For an extensive overview of these factors and 
categories see Chapter 6 of van de Laar (2018). Within this part of the research, it will be tested whether 
the same holds for the bread category. In addition, it will be tested which factors influence the 
cannibalization effects of promotions. This will be done by considering the sales on different aggregation 
levels. Finally, also additional factors that are expected to have an influence on the demand, possibly at 
different aggregation levels, will be tested. Following from this, the first and second sub-questions are 
defined, which are linked to deliverable 1. Sub-question 2 also depends on the new forecasting method 
and is therefore answered after at the end of the forecasting part.  

How can the forecasting and ordering for bread products at a retailer be made more objective in 
order to reduce the waste while offering a desired availability? 
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Improvement of demand forecast 
The objective of the second part of the research is to improve the forecast by developing a forecasting 
model considering the results sub-question 1. This model should be built incorporating the effects at 
different aggregation levels that result from the first part of the research. In this part, the second 
deliverable is created. The two sub-questions that are answered in this part are: 

 

 

 

 

Determination of recommended order quantities 
After the forecast has been made, also the order quantities should be decided on (deliverables 3). To give 
a more accurate order advice to the stores, the process of transforming the forecast to the ROQ’s is the 
last part of the research. Because bread is a daily fresh product for which an end-inventory is desired, just 
ordering the expected demand is not sufficient. Because at group level end-inventory is required but not 
necessarily at SKU level, first the aggregate order quantity should be found. Thereafter, this has to be 
translated into the ROQ’s at the SKU-store-day level. A method to determine these ROQ’s has to be 
decided on and the effect of order quantity decisions on the sales, waste, and availability will be tested. 
The two sub-questions following from this are:  

 

 

 

4.6 Scope 
The scope of the research has to be defined in detail to be able to perform the research. Based on different 
characteristics the broad scope of the research is narrowed down to a more detailed one. First, the 
reasoning behind which product groups to include is discussed, followed by the decision on which 
weekdays to include. Afterward, the timespan of the data is described and, finally, the first narrowing 
down of the decisions to include is done. A start on the scoping is already made in earlier chapters but the 
reasoning behind it is explained here in detail.  

Main groups 
Because the goal is to improve the forecasting and ordering process, by considering (cannibalization) 
effects on different aggregation levels to reduce waste, the first decision was that only daily fresh products 
that have often promotions will be considered. The reason for this is that, for these products, 

1. What are the explanatory factors on different aggregation levels for the bread sales (in number of 
loaves)? 

2. Which of the interactors in the forecasting and ordering process should include which demand 
information?  

4. What is the performance of the forecast expressed in forecasting accuracy using the proposed 
method(s)?  

 

 

3. How can the explanatory factors on different aggregation levels be combined into a demand 
forecast on SKU-store-day level taking into account cannibalization? 

 

 

5. How can the order quantities on the aggregate level and the lower levels of hierarchy be determined 
by taking into account the demand forecast, waste percentage and availability? 

 

 
6. What is the performance expressed in sales, waste, and availability using the proposed method(s)? 
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cannibalization is expected to be a major cause of waste. Within this description, daily fresh products 
which are often promoted, fit a big part of the products of the bakery department. Next, a specific 
characteristic is added for the products to be within the scope. This is the desired end-inventory for some 
of the products, which leaves only the groups ‘loaves’, ‘bake-off’ and ‘small bread’.  

The decision is made to only include the main group ‘loaves’ for the entire research. For this group all 
needed data of sales, ROQ’s, and AOQ’s, are available. In addition, the current forecasting and ordering 
method for this group differs much from the other groups. According to employees of the forecasting and 
supply chain development department of the company, the main reason for this is that the behavior of 
products within this group is much different from that of other groups. The other groups are forecasted 
using only F&R, or a combination of F&R and judgmental forecasting, while the forecasting and ordering 
decisions for ‘loaves’ is done by a combination of F&R, subjective forecasting and a separate process, 
which is described in detail in Appendix A.  

After doing a preliminary analysis on the availability of data of the groups ‘small bread’ and ‘bake-off’, 
some problems where found. The sales data is available, however, not for all SKU’s the order quantities 
are available. Hence, the group ‘small bread’ is not included. In contrast, the group ‘bake-off’ is included 
in a part of the research. The reason for this is that in interviews with responsible employees was found 
that the loaves in this group are represented to the customers on the same shelves as the loaves in the 
group ‘loaves’. In addition, employees think that promotions in this group influence the sales of the loaves 
in the group ‘loaves’. Therefore, the loaves from the ‘bake-off’ are considered in the first part of the 
research such that the cannibalization effects can be tested. Note that the ‘bake-off’ group is not yet 
included in the preliminary performance analysis in Section 3.5 and in the KPI assessment at Jan Linders.  

Subgroups (SG’s) 
As discussed above, the main groups ‘loaves’ and ‘bake-off’ are within the scope. The main group ‘loaves’ 
is subdivided into five Subgroups (SG’s). For the ease of interpretation, the main group ‘bake-off’ is 
referred to as an SG (SG 6) from now on. The SG’s are used during the rest of the research. In this report, 
the SG’s are numbered from SG 1 till SG 6. 

Aggregation levels 

 

Figure 4 Tree representation of the aggregation levels and their relationships 
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When choosing an aggregation level, the decisions that have to be made are: which SKU’s to include, at 
which location(s) and covering which period. It is chosen to separate the SKU’s, the SG’s as discussed in 
the previous paragraph, and the total level. Next to that, individual stores are considered, but also the 
company as a whole. Finally, the separation is made between the day and the week level. A tree 
representation of the aggregation levels and their relationships can be found in Figure 4. The highest 
aggregation level is the total-company-week level and the lowest is the SKU-store-day level. Each arrow 
represents the change of one of the three characteristics of an aggregation level (which SKU’s, which 
locations, which period). 

Timespan of data 
A preliminary research into the availability of data showed that the assortment changed at the end of 
2015. For that reason, data from the year 2015 or earlier are not included. The data for the full years 2016 
and 2017, and of the first 26 weeks of 2018 is gathered. This data is on a detailed level including all SKU’s, 
days and stores of Jan Linders. In the preliminary analysis in Section 3.5 of this report, only the data for 
2017 were used. The reason for this is that this was performed before the actual research started and 
adjustments of the data for 2016 were needed and the data for 2018 was not available yet. In the first 
half of 2016, some changes were made to the way loaves where divided into SG’s. Therefore, the data 
needed adjustments to compare the right SKU’s and SG’s with each other. The data for 2017 and 2018 are 
consequently assigned to the SG’s. In this study, the data for 2016 and 2017 is used as input to build 
methods. This is done such that two full years of data is used in the building of the method and that for 
all holidays at least two observations are included. To test the performance of the new method(s) the 
data for week 1 till week 26 of 2018 is used. The reason to choose for this period in 2018 is that this the 
testing of the methods started in week 27 of 2018, so this was the longest period possible to include.  

Weekdays 
The different behavior for Sundays regarding the assortment and the forecasting and ordering process is 
already described in Section 3.4. Some stores receive centrally baked loaves on Sunday, while others sell 
only bake-off loaves on Sunday. Because of these different characteristics on Sundays, only the data for 
the following six weekdays are used: Monday, Tuesday, Wednesday, Thursday, Friday, and Saturday. 

Inventory decisions 
Only the inventory-oriented decisions are included in the research. The assortment decisions and price 
decisions are not included within the scope of the research. This means that a predefined assortment and 
predefined prices are assumed. Note that the prices, however, change between periods due to 
promotions, but the prices for all periods are assumed to be given.  

4.7 Literature overview and research gaps  
In this section, research gaps are defined based on the literature review of van de Laar (2018). 

There has been done a lot of research into which factors significantly influence the sales of both 
perishables and non-perishable products in a retail environment (e.g. Derks, 2015; Nabuurs, 2017; Peters, 
2012; van Donselaar, Peters, de Jong, & Broekmeulen, 2016). However, loaves are a special kind of 
perishable product because of the very short shelf life of only 1 day. Four studies were found that include 
these types of products. A master thesis at Bakkersland showed a significant effect of specific holidays, 
weekdays, temperature and promotional pressure (Geboers, 2013). Peters (2012) checked several 
categories in his study, under which a bread and pastry category. However, not all results are equal to 
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that of the study of Geboers (2013). Not all products in the bread and pastry category have the same 
characteristics, which can possibly explain the difference. Van Donselaar, van Woensel, Broekmeulen, and 
Fransoo (2006) showed that price promotions influence the coefficient of variation of bread sales. 
However, they did not include details about these promotions like the price discount or the number of 
simultaneous promotions. In addition, van Woensel et al. (2007) found a high substitution rate in case of 
OOS that influence sales of specific types of bread. An open research area is to test whether more of the 
factors that were found to significantly affect sales of other types of products, also significantly affect the 
sales of perishables with a very short lifetime. In other words, testing whether the sales of products with 
a very short lifetime respond in a similar way to different factors as for other products.  

In addition, it seems that different aggregation levels include different information. It could be tested 
which factors have an effect on which aggregation level. This could be used to find a method to include 
the effects on different aggregation levels into forecasting and ordering. 

The existing studies into cannibalization caused by promotion do include ‘regular’ perishables and non-
perishables but not the specific type of perishable with a very short lifetime of only 1 day (van de Laar, 
2018). For the products considered in this report, every week at least one type of bread is promoted. This 
is much more often than in other product categories. A study from 2007 showed a substitution rate in 
case of OOS of bread products of 84%, which is much higher than for other product groups (van Woensel 
et al., 2007). Summarizing: the products of interest have a very short lifetime of only 1 day, always have 
a promotion within the product group, and consumers have a high willingness to substitute for another 
product, at least in case of OOS. As far as for the researcher’s awareness, there are no studies considering 
products with comparable characteristics which include cannibalization effects due to promotions on sales.  

A final characteristic of loaves at Jan Linders is that on category level end-inventory is desired. Although 
the shelf life of a product is only one day, always more will be ordered to ensure that customers coming 
in late on a selling-day still have some choices. A maximum waste percentage could be translated into an 
aggregate level safety stock. Designing a method on how to decide on an aggregate safety stock level and 
possible methods to allocate it on the detailed level can be a good contribution to literature. In addition, 
the influence of different waste percentages norms on the sales, availability and possibly other service 
level measures can be tested. In this way, also for other retailers, e.g. retailers who do not want end-
inventory on a day, these results could be useful. The results could give a better understanding of the 
behavior of perishable products with a very short shelf life and could be used in deciding on the strategy 
with regard to waste and availability. 

 

Part 2: Research design

 
In this part, it is described how the research is designed. It starts with the research methods that are used, 
which are described in Chapter 5. Afterward, in Chapter 6, the dependent and independent variables that 
are used for the forecasting part are discussed. Finally, the data preparation process is discussed in 
Chapter 7.  
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5. Research method 
This chapter starts with comparing the top-down and bottom-up forecasting methods in Section 5.1. Sub-
questions one to four consider forecasting. The research method for this part is discussed in Section 5.2. 
Afterward, the method to answer the other two sub-questions, five and six, which are about ordering, is 
described in Section 5.3.   

5.1 Top-down versus bottom-up 
In practice, usually both aggregate and disaggregate levels are used in forecasting, but the way in which 
they are combined differs. There is the bottom-up method, where first a detailed forecast is made, which 
is later summed to get the aggregate level. Next to this, there is the top-down method, in which first an 
aggregate forecast is made, which thereafter is divided into the detailed level using an allocation rule or 
method. The advantage of the bottom-up approach is that it can be implemented directly, however, it 
ignores the interaction between SKU’s. On the other side, the main advantage of the top-down approach 
is that it is better capable to manage variability in demand of individual SKU’s. The downside is that an 
allocation or distribution method is needed to get to the detailed forecast. (e.g. Kahn, 1998; Widiarta, 
Viswanathan, & Piplani, 2009; Williams & Waller, 2011; Zotteri, Kalchschmidt, & Caniato, 2005) 

An overview of studies comparing the bottom-up and top-down methods is given in Appendix D. The 
group of bread products contains both slow and fast movers. Substitutability is found to be high (van 
Woensel et al., 2007). The variability in demand proportions for bread is not specifically considered in the 
literature. When combining the results of the different studies in Appendix D, and the characteristics of 
bread, the conclusion is that not one clear answer can be given on what is the best method to use. 
Therefore, in the regression analysis of the forecasting part different aggregation levels are included. 
Based on the results of that, later will be decided whether to use top-down or bottom-up forecasting. 

5.2 Forecasting  
Multiple linear regression is used to find an answer to the first and second sub-question using the software 
SPSS. With this method, the significance and strength of relationships between different dependent and 
independent variables can be tested. The factors to include will be based on literature and earlier master 
theses on forecasting of perishables and on the influences of promotions. In addition, interviews with 
responsible persons within Jan Linders, from both the forecasting department and the stores itself, will 
be used to reveal possible additional factors that can be relevant. Firstly, all independent variables are 
included separately to test the significance. Thereafter, the significant variables are all at once included in 
regression models to test the explanatory power for the variance in the sales.   

After the factors that have a significant influence on the forecast have been found, the results will be used 
to combine information from different aggregation levels. The aim of sub-question three is to design a 
method on how to do this. From the literature, there is not yet an existing method found on how to do 
this but models that include parts of the desired model will be used as a starting point. Thereafter, the 
proposed method(s) will be tested on the data for week 1 till 26 of 2018 to answer sub-question four. The 
performance of the new method will be compared to the current forecasting method. 

With the regression analysis the goal is to find which variables affect the sales, but also to test which 
models explain most of the variance in the sales. To decide on this, the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values are reported. It is 
chosen to consider the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  instead of the 𝑅𝑅2. The 𝑅𝑅2 tells how much of the variance in the calibration 
set is explained by the model (Field, 2013). When the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  is considered instead, the 𝑅𝑅2 is corrected to 
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include the effects of the loss of predictive power. The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  represents how much of the variance in the 
calibration set is explained by the model if it had been based on all available data (both calibration and 
validation sets), instead of only on a part of it (calibration set) (Field, 2013). 

In designing a new forecasting method, the main performance indicator is the forecasting accuracy, which 
is tested using the following four measurements:  
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A description of each of these four measures is given in Appendix E. Both the sales and the forecast are 
expressed in the number of loaves.  

5.3 Ordering  
When the forecast is obtained, the next question is how to decide on the order quantities. The forecasting 
method will give non-integer values, so these should be affected to get integer values. In addition, a safety 
stock should be decided on and divided over different SKU’s and stores. The goal is to divide the inventory 
in the best way such that both the waste percentage and the lost sales percentage are low. A trade-off 
between those two percentages has to be made based on the service level you want to offer.  

In the ordering part, two methods are tested to decide on the order quantities and find an answer to sub-
question five. For the first method, the situation is considered as a newsvendor problem (NVP). A method 
discussed by Cachon and Terwiesch (2013) is slightly adjusted to be applicable to our situation and is 
tested. Second, a simpler method is tested. This method is based on different ways to round the forecast. 
Both methods are compared based on their performance but also on their understandability and ease of 
use. The performance is expressed in profit, waste percentage and lost sales percentage and forms the 
answer to sub-question six. It is measured using formula 6 till 11 with the (average) profit in Euro and the 
(average) waste and lost sales percentages based on the number of loaves. Testing of both methods is 
performed on the data for week 1 till 26 of 2018.  
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∑ ∑ 𝑠𝑠𝑜𝑜𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔

#𝑆𝑆𝑆𝑆′𝑠𝑠
𝑔𝑔=1

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

∑ ∑ 𝑠𝑠𝑜𝑜𝑠𝑠𝑑𝑑𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
#𝑆𝑆𝑆𝑆′𝑠𝑠
𝑔𝑔=1

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

  ( 10 ) 

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑎𝑎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  ∑ ∑ 𝐿𝐿𝑜𝑜𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑤𝑤𝑓𝑓𝑠𝑠𝑔𝑔𝑠𝑠𝑑𝑑,𝑤𝑤
#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1

6∗#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
 ( 11 ) 

In the current situation, forecasting and ordering are integrated and there is no separate measure for the 
forecasting accuracy. However, in this study forecasting and ordering are considered separately. 
Therefore, both processes are evaluated separately. The measurements that are used are discussed in 
this section and the previous one. Summarizing this means that the forecasting accuracy measurements 
are used as the performance indicator for the forecasting part. In the ordering part, the profit, waste 
percentage and lost sales percentage are used to measure the performance. The measures in the ordering 
part are linked to the KPI’s at Jan Linders.  

 

6. Dependent and independent variables  
In this chapter, the dependent and independent variables that are considered in the research are 
described. Existing literature is consulted and some interviews with employees of Jan Linders are done to 
decide which variables to include. 

6.1 Dependent variables  
The goal of the forecasting part of this research is to improve the forecast accuracy of the sales of loaves 
in both promotion and non-promotion events.  

For promotional sales, the best method found in the literature is the lift factor. The lift factor represents 
how much the sales are relatively higher in case of a promotion, compared to a non-promotion situation. 
Several studies found the lift factor of the previous promotion(s) to be a good predictor for promotional 
sales (Derks, 2015; Nabuurs, 2017; Peters, 2012; van Donselaar, Peters, de Jong, & Broekmeulen, 2016). 
According to van Donselaar et al. (2016), the advantage of forecasting the lift factor instead of the sales 
in absolute terms is that the lift factor is a relative measure, and therefore, the lift factor of different 
products or at different stores can be compared more easily. The problem for this research is that the 
baseline sales, sales in a non-promotion week, are necessary to determine the lift factor. However, for 
the products studied, there is always at least one promotion and cannibalization due to promotions of 
other products is expected on both promoted and non-promoted products. Therefore, this method is not 
appropriate, and it is chosen to use the absolute sales in number of loaves as the dependent variable for 
both promoted and non-promoted products. 

6.2 Independent variables 
The independent variables are subdivided into sales history, the number of operating stores, promotion 
variables, and external variables. 

6.2.1 Sales history 
Previous sales are of importance to correct for the difference between the sales of different stores and 
different SKU’s. In addition, it is expected that trends and changing consumer needs can be followed when 
information of the previous weeks is included. The sales history is represented by the average absolute 
sales in the previous 9 weeks. This period is taken because it is also used in the current method. The 
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expectation is that the sales history variable has a positive effect on the sales (H1) because the total sales 
of 2017 show a small positive trend compared to 2016 (+0.8%). 

6.2.2 Number of stores 
The number of stores changed during the considered time period. This is caused by opening and closing 
of stores, but also by rebuilding of stores, which results in a temporarily close of one till multiple weeks. 
To account for this, the variable number of stores is considered in the models on the company level. The 
number of stores is determined after the data cleaning process as described in Section 7.2. It is expected 
that the number of stores positively affects the sales (H2) because when there are more stores, more 
sales are expected. 

6.2.3 Promotion variables 
According to Cooper et al. (1999), the main variable to distinguish promotions is the price change. Several 
earlier studies showed that the discount percentage is a better predictor for promotion sales than the 
absolute price discount (Derks, 2015; Nabuurs, 2017; van den Heuvel, 2009; van der Poel, 2010). 
Therefore, the (average) discount percentage is considered in this study. On the SKU level, the SKU specific 
discount percentage is taken, while at higher aggregation levels, the average of the considered group of 
products is taken. The expectation is that on the total-company-day and total-store-day level, the higher 
the discount percentage the higher the sales (H3). On the SG and SKU levels, the own SG’s or SKU’s 
discount percentage is expected to have a positive effect on the sales (H4), while other SG’s or SKU’s 
discount percentages are expected to negatively influence the sales (H5). Nabuurs (2017) found that 
binary discount percentage clusters gave better results than the use of the discount percentage as an 
absolute value. Therefore, also the use of binary discount percentage clusters is tested. For every SG that 
can have a promotion, four clusters are used. The clusters are divided in the following way: 10%-19%, 
20%-29%, 30%-39%, and ≥40%. It is expected that the effects are comparable as that stated in hypothesis 
3 till 5 but only that here the higher the cluster, in terms of discount percentages included, the higher the 
sales (transformed H3, H4, and H5 to respectively H6, H7, H8). 

For the total and SG level, it will be tested if a binary variable indicating if there is a promotion in an SG or 
the use of the number of products in promotion in an SG gives a better result. Because four of the six SG’s 
had promotions in the past, only for these four SG’s the promotion variables can be determined. The own 
SG variables represent the promotion effect and the other SG’s variables the cannibalization effect 
between SG’s. On the total level, the expectation is that both options for all SG’s will have a positive effect 
on the total sales (respectively H9, and H10). Next to that, on the SG level, the expectation is that the own 
SG’s variables have a positive effect on the sales (respectively H11, and H12), while the other SG’s 
variables have a negative effect on the sales (respectively H13, and H14). The cannibalization effects 
between SKU’s within an SG are tested by using the number of products in promotion in an SG. It is 
expected that the more products are in the promotion in an SG, the lower the sales of specific SKU’s in 
that SG (H15). 

At Jan Linders, about four times a year there is a so-called ‘Tassenactie’ (bag promotion). This bag 
promotion is a promotion in which a bag can be filled with four loaves and the price of this bag is much 
lower compared to the normal price for four loaves. In the weeks with these promotions, all of the loaves 
in SG 1 till SG 4 are discounted with a very high discount percentage. Preliminary analysis showed that 
these weeks do disturb the dataset. Because these are only about four of the 52 weeks in a year, the 
decision is made to delete those weeks. The reasoning behind this is that it is better to be able to make 
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an accurate forecast for the biggest part of the weeks and need to forecast four weeks with a separate 
process, than make a less accurate forecast that includes all weeks. However that the bag promotion 
weeks are deleted, there is the expectation that there will also be a sales lag effect of these promotions 
in the week(s) after. It is expected that the sales are lower after a bag promotion week because people 
stock some of the bread in the freezer when they do not conserve four loaves in a week. Therefore, the 
two binary variables, first week after bag promotion and second week after bag promotion, are included. 
As introduced above, the expectation is that in both the first week after a bag promotion (H16) and the 
second week after a bag promotion (H17) the sales are lower. In addition, it is expected that the effect of 
the first week after a bag promotion is stronger than that of the second week after a bag promotion (H18).  

6.2.4 External variables 
Different studies showed that holidays are of significant importance in forecasting (Ali et al. 2009; Derks, 
2015; Geboers, 2013; Peters, 2012). The summer holiday is found to be the seasonal event with the 
biggest influence on the sales in the studies of Derks (2015), Geboers (2013), and Peters (2012). Because 
only data from two years is included in the calibration dataset, a limited number of observations is 
available for specific holidays. Because the summer holiday in the Netherlands lasts six weeks, only for 
this holiday type multiple weeks of observations are available. In the Netherlands, the summer holiday 
period depends on the region within the country. The stores of Jan Linders are mainly in the southern part 
of the Netherlands and a few are in the middle part of the Netherlands.  

As a result of what is discussed above, the decision is made to test two options related to holidays in the 
analysis. The first option is using one generic binary holiday week variable. This variable is expected to 
have a negative effect on the sales (H19). The second option is to test a model that includes three separate 
binary holiday variables: summer holiday week southern part Netherlands, summer holiday week middle 
part Netherlands, and all other holidays. All three are expected to have a negative effect on the sales 
(respectively H20, H21, and H22). In addition, the expectation is that the effect of the summer holiday in 
the southern part of the Netherlands has the strongest effect (H23).  

The expectation is that the week before a holiday will also affect the sales because people could already 
go on holiday during the weekend before the official start of the holiday. For that reason, a binary variable 
week before a holiday is included, which is expected to result in lower sales (H24). Because all weekdays 
are included in only one dataset, it is not possible to only test the effect of a variable indicating only the 
weekend before the holiday.  

The weather is found to influence the demand at retailers and can be measured in different ways. The 
#mm rain is found to influence sales (Derks, 2015; Peters, 2012), however, for the bread and pastry 
category no effect was found (Peters, 2012). Where Peters (2012) found no influence of temperature on 
bread products, Geboers (2013) actually found a significant effect. In interviews with employees at Jan 
Linders is found that they think that hot weather has a negative influence on the sales. Based on this 
information, it is chosen to include the next weather-related variables: #mm rain, #sun hours, maximum 
daily temperature in 0.1 Cᵒ (quantitative value), maximum daily temperature between 20.0 and 24.9 Cᵒ 
(binary), and maximum daily temperature 25.0 Cᵒ or higher (binary). Regarding rain, it is expected that 
there is less store traffic if more rain felt and therefore the sales are expected to be lower (H25). When 
the number of sun hours on a day is higher, the expectation is that the sales are lower (H26). It is expected 
that the higher the maximum daily temperature (quantitative), the lower the sales (H27). Both binary 
temperature variables are expected to have a negative effect on the sales (20.0-24.9 Cᵒ H28, ≥25.0 Cᵒ 
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H29). In addition, the effect of the variable for 25.0 Cᵒ and higher is expected to be stronger than that of 
the temperature between 20.0 and 24.9 Cᵒ (H30).  

 

7. Data preparation  
In this chapter, it is described which data is obtained from which source and what further steps are 
performed to prepare the datasets for the linear regression analysis. 

7.1 Data gathering 
Sales of all days of the weeks of 2016 and 2017 and of week 1 till 26 of 2018 on the SKU-store-day level 
are gathered. This is done by using BI, in which reports can be subtracted from the databases of Jan 
Linders. The products included are from the six SG’s within the scope of the research. Next to the sales of 
these products, also the forecast of the forecasting systems (F&R), the forecast of the forecasting 
department (recommended order quantities), the actual orders of the stores, and the selling-out times 
are gathered for the SKU’s in SG 1 till SG 5. The promotional information is gathered in the same way as 
for the sales. Again, the data includes all weeks of 2016 and 2017 and week 1 till 26 of 2018.  

Data that is gathered externally is for school holidays, national holidays, and weather information. The 
school and national holiday data are retrieved from the website of the ‘Rijksoverheid’ (the government) 
and the weather information from the website of the ‘KNMI’ (Royal Dutch Measurement Institute).  

7.2 Data cleaning  
After the necessary data was gathered, it is cleaned. As discussed in Section 4.6, only the weekdays 
Monday till Saturday are included because a different assortment is used on Sundays. The national 
holidays are considered as Sundays at Jan Linders and therefore these days are also deleted. As discussed 
already in Section 6.2.3, a preliminary analysis showed that weeks with a bag promotion have way higher 
sales than other weeks. This disturbs the data and therefore the weeks with a bag promotion are deleted. 
In addition, it is observed that week 52 in both 2016 and 2017 has very low sales, probably caused by two 
national holidays (two Christmas days) in one week. Therefore, also week 52 from both years is deleted.  

Per SKU it was checked whether strange data was observed. All SKU’s with negative sales, zero sales and 
less than 100 pieces sold over the entire dataset were deleted. Next to that, there are 4 types of store 
bake-off loaves (Winkel Afbak Brood, WAB) that are delivered on Saturday or the day before a national 
holiday, meant for sales on Sunday or a national holiday. However, these loaves can also be sold on the 
delivery date and the day after the Sunday or national holiday. For three of the four loaves, there is an 
equivalent ‘regular’ SKU. When sales data points of the WAB SKU’s are observed on Monday till Saturday, 
these are added to that of the equivalent ‘regular’ SKU sales. For one type of WAB, there is no equivalent. 
This one is included in the datasets on the total and the SG level. However, due to very low sales disturbing 
the data, it was excluded on SKU level. In week 49 of 2016, six new SKU’s in SG 6 were introduced. This 
strongly affects the SG level sales. Therefore, on total and SG level only the sales of SG 6 of week 49 of 
2016 and later are included. In contrast, all weeks of SG 6 are included on the SKU level.  

A few data points are observed of sales when stores were closed, these are deleted. New stores were 
opened and others were closed. The openings and closings do not (always) happen on a fixed weekday. 
In addition, high peak sales for new stores are observed. For closing stores, the week in which the store 
closed is deleted. For new stores, the week in which the new store was opened and the week after that 
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are deleted. Also, several stores were rebuilt, with the result that a store is closed for one or more weeks. 
Comparable as for closing stores and new stores, the week of closing before rebuilding, the week of re-
opening and the week after that are deleted. Six stores that are rebuild got a new store number, five of 
them are combined with the old store number because the sales seem comparable. For the sixth one the 
sale before and after rebuilding strongly differ, so these are kept separated.  

7.3 Data splitting  
The data is split into a calibration and a validation set. Commonly, 2/3 of the data is used for calibration 
and 1/3 for validation (Wilbik, 2013). It was chosen to slightly deviate from this, to have two full years, 
2016-2017, to calibrate the model on, and have a half year, week 1-26 of 2018, to validate the model on.  

7.4 Check minimal sample size  
On the week level, there is a problem with the minimum sample size. To overcome overfitting and detect 
as much as possible effects, a large sample size is required. There is not one general rule in deciding on 
the minimum sample size. Green (1991) suggests that the sample size should be ≥ 50 + 8k, where k 
represents the number of independent variables. In contrast, Miller and Kunce (1973) recommend having 
at least ten times as much observations as independent variables. However, Barlett, Kotrlik, and Higgins 
(2001) suggest that the number of observations only has to be 5 times as big as the number of 
independent variables. On the total-company-week and the SG-company-week level, there are 104 
observations, one for every week of the year 2016 and 2017. Eight of these are bag promotions, and ten 
are weeks with a national holiday for which fewer sales days are available in a week. As a result, only 86 
observations remain. Using the rules above, the maximum number of independent variables in the model 
is 4, 8 or 17. This means that two of the rules indicate that only a small number of variables, and with that 
very little information, can be included. Therefore, the decision is made to perform the regression analysis 
only on day level and not on week level. On the day level, about six times as much data points are available 
(6 weekdays). The forecasts on day level are summed, bottom-up, to obtain the week level. In the 
following of this chapter different datasets are created and the sample sizes are checked in Section 9.1.   

7.5 Deseasonalizing for week pattern  
Only the day level will be considered in the regression analysis. However, on the day level also a problem 
occurred. It was observed that the sales per day differ due to a week pattern. In Figure 5, the average 
percentage on the total-company-day level of the sales on a weekday of the total weekly sales is given, 
which shows the week pattern.  

 

Figure 5 Overview of the week pattern on the total-company-day level, showing the average weekday sales as a percentage 
of the total weekly sales  
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A first option to overcome this week pattern was to create separate models for all weekdays. But because 
there are six weekdays included, this means that six times as much models are needed. This is not practical 
in use, so it was tested to use one model with the weekdays included as binary variables. These weekday 
variables were very strong predictors compared to the other independent variables. Finally, it was tested 
how the models behaved when the sales were deseasonalized for the week pattern. This means that the 
sales on different weekdays are corrected such that they become comparable. In this way only one model, 
instead of six models, is necessary. In addition, the results of the different options are comparable and 
therefore the final method will be used. A description of the deseasonalization method is given in the first 
part of Appendix F.  

7.6 Creation of datasets for different aggregation levels  
Since only the day level is considered, half of the possible aggregation levels are excluded and only the 
right half of Figure 4 in Section 4.6 remains. However, a tighter focus is taken because there is only one 
dataset included in the regression analysis at the store level. This is the one on the total-store-day level. 
As will be discussed later (Chapter 10), problems occurred during the regression analysis when data for 
stores, instead of data for the company in total are considered. These problems, combined with good 
results of the regression analysis on the company level, and the limited time span of the research, lead to 
the decision to include for stores level datasets only the total-store-day level in the regression analysis. 
This means that SG-store-day level and the SKU-store-day level are not included in the regression analysis, 
however, they will be included in the other parts of the research.  

 

Figure 6 Visual overview of the created datasets on different aggregation levels 

On the company-day level, all three aggregation levels are included. There is one dataset on the total-
company-day level, while this is not the case for the lower aggregation levels. In Figure 6, a visual overview 
of the created datasets on different aggregation levels is given. On the SG-company-day level, the 
complete dataset is split into six datasets, one dataset for every SG. This is necessary to make it possible 
to test the cannibalization effects between the SG’s. Next to cannibalization effects between SG’s, also 
the cannibalization effects within an SG are tested. To do this, a dataset on the SKU level is necessary 
because the cannibalization effects within an SG are between SKU´s. The expectation is that the non-
promoted SKU’s in an SG will have lower sales if one or more other SKU’s in the same SG are promoted. 
If more than one SKU in an SG is promoted, the expectation is that the sales for a promoted SKU are higher 
than when that specific SKU is not promoted. However, also, that the sales are negatively influenced if 
more SKU’s in that SG are promoted. Therefore, on the SKU-company-day level, next to the split between 
SG’s, also a split is made between promoted and non-promoted SKU’s. This results in ten datasets on the 
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SKU-company-day level. For all six SG’s there is a dataset of the non-promoted SKU’s, and for the four 
SG’s that had promotions in the past, there is a dataset of the promoted SKU’s. Note that for every dataset, 
there is a calibration and a validation set. The formulas used to determine the non-binary variables 
introduced in Chapter 6 are given in Appendix F.  

7.7 Detection of outliers 
After the demand is deseasonalized, the outliers were determined. Outliers are data points that strongly 
differ from the rest of the data (Field, 2013). Some outliers are already deleted in Section 7.2 when the 
data was cleaned. After splitting the data and deseasonalizing for the week pattern, outliers are 
determined using z-scores. A z-score expresses a data point based on a distribution with a mean of zero 
and a standard deviation of one. As a result, z-score benchmarks can be used, which indicate outliers for 
different datasets, despite differences in the mean and standard deviation of the datasets (Field, 2013).   

Different dataset sizes have different z-score related to outliers. For datasets of 80 or fewer data point, z-
scores larger than ±2.5 indicate an outlier (Hair, Black, Babin, & Anderson, 2014). When a dataset contains 
about 1000 cases, z-scores larger than ±3.29 refer to outliers (Field, 2013). Finally, Hair et al. (2014) 
suggest for large datasets z-scores larger than ±4 as a threshold for outliers. Because the datasets in this 
research differ in size, it depends on the dataset which threshold values for the z-scores is used. The 
sample sizes of the calibration sets can be found in Appendix H. For the total-company-day and SG-
company-day level the threshold of ±3.29 is used and for all other levels the threshold of ±4. Only outliers 
are detected in the dependent variables and the sales history variables.   

 

Part 3: Forecasting 

 
In this part, the results of the analysis of the forecasting process are discussed. First, the necessary data 
transformations are discussed in Chapter 8. Afterward, the regression assumptions are checked in Chapter 
9. Next, the linear regression analysis is performed, and the results are discussed (Chapter 10). Finally, a 
new forecasting method is proposed and tested in Chapter 11.  

 

8. Transformations 
To meet the regression requirements regarding the homoscedasticity and the normality of the residuals, 
transformations of some variables are done. The variables as introduced in Chapter 6 are considered. An 
overview of the quantitative variables and their transformations is given in Table 1. The binary variables 
are not presented in this table because those do not change. In Appendix G the histograms of the 
transformation are shown.  

Unity in transformation type is desired for ease of interpretation (Field, 2013). Testing different 
transformations showed that for the most variables a transformation using the natural logarithm gives 
the best result. Therefore, when a transformation is performed, it is done using a natural logarithm. A 
difference between the normal and the log-normal distribution is that the effects, and with that, the 
errors, are additive for a normal distribution, while these are multiplicative for a log-normal distribution 
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(Limpert, Stahel, & Abbt, 2001). According to Limpert et al. (2001), transformations using the natural 
logarithm can reduce positive skewness and can transform skewed distributions into normal ones.  

For the sales and the sales history variables on SG and SKU levels, sometimes the absolute value gives the 
best fit with a normal distribution for the regression residuals, while for others the natural logarithm of 
the absolute sales gives the best fit. The variables for which the quantitative value is the best, also have a 
good fit with a normal distribution when the natural logarithm of the absolute value is considered. 
Because unity in transformation type is desired, all these variables are transformed using the natural 
logarithm. The previous sales determined on absolute values are not transformed by taking the natural 
logarithm. Instead, they are determined using formula 66-70 in Appendix F, based on the natural 
logarithm of the absolute sales, instead of on the not-transformed absolute sales.  

Table 1 Overview of the transformed variables 

Original variables  Transformed variables  
Sales & sales history total-company-day level No transformation 
Sales & sales history total-store-day, SG-
company-day, and SKU-company-day level 

Ln(sales) & Previous(Ln(sales)) 

Number of stores No transformation 
Average discount percentage in an SG 
              SG-company-day level 
 

Two options tested: 
1: Ln(average discount percentage) 
2: Binary discount clusters (10%-19%; 20%-29%; 
30%-39%; ≥40%) 

Discount percentage for an SKU 
              SKU-company-day level  
              (only for the promotion set) 
 

Two options tested: 
1: Ln(discount percentage) 
2: Binary discount clusters (10%-19%; 20%-29%; 
30%-39%; ≥40%) 

#promotions in an SG Ln(#promotions in an SG) 
#mmRain Ln(#mmRain) 
#sunhours Ln(#sunhours) 
Maximum daily temperature Ln(maximum daily temperature) 

 

9. Check of the regression assumptions 
In this chapter, the assumptions for linear regression are checked based on Field (2013) and Ho (2013). 
All tables and graph on which the conclusions regarding whether assumptions are met or not are based, 
can be found in Appendix H. Results reported are based for the best models with regard to the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2 . The 
performance of the different independent variables is further discussed in Chapter 10.  

9.1 Minimum sample size  
In Section 7.4, the importance of the sample size was already noticed. After completing the full data 
preparation process, the sample size of the datasets is checked. Despite that there is not one general rule, 
all datasets in this research meet the three rules mentioned in Section 7.4. In Appendix H, an overview of 
the sample sizes of the different datasets after the completion of the data preparation process is given.  
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9.2 Variable types 
All independent variables should be quantitative or categorical of nature (Field, 2013). Only categorical 
variables with two categories are allowed. This is the case for all variables included in the models.  

9.3 Non-zero variance 
All independent variables must experience variation in values (Field, 2013). This is the case for all variables 
included in the models.  

9.4 Independence of the error terms 
When performing a linear regression analysis, it is assumed that predicted values are not related to other 
predicted values. This means that the predictions should be independent, or with other words, that there 
is no autocorrelation within the data. Field (2013) defines autocorrelation as: “when the residuals of two 
observations in a regression model are correlated” (p. 2466). Both Field (2013) and Ho (2013) recommend 
checking if the error terms of the predictions are independent by using the Durbin-Watson test. The 
Durbin-Watson values can vary between 0 and 4, and 2 means that there is no autocorrelation (Field, 
2013). Two rules found in the literature are that the Durbin-Watson value should be between 1.5 and 2.5 
(Ho, 2013) or between 1 and 3 (Field, 2013) to conclude that there is no autocorrelation.  

The lowest Durbin Watson value found, when including all independent variables, is 0.835. This is for the 
promotion model on the SKU-company-day level for SG 3. That value results in the conclusion of 
autocorrelation according to Field (2013) and Ho (2013). Another model is tested for the promotion model 
on the SKU-company-day level for SG 3 in which only a part of the independent variables is included. The 
variables that can only be considered at SKU level and not at higher aggregation levels are the average 
sales of the previous weeks (SKU level), the promotion effect for a specific SKU, and the cannibalization 
within the SG. Combining this resulted in a model with three independent variables. The Durbin-Watson 
value found for this new model is 1.451, which is assumed to be enough to meet the requirement.  

For the model on the total-company-day level, the Durbin-Watson value level found is 1.772. The model 
on total-store-day level resulted in a Durbin-Watson value of 1.638. On SG-company-day level the lowest 
value is 1.367 and the highest is 2.101. The other Durbin-Watson values found on SKU-company-day level 
vary between 1.351 and 1.854. Except for the original version of the model discussed in the previous 
paragraph, all models meet the assumption of independence of the error terms. 

9.5 No perfect multicollinearity 
There should not exist a perfect linear relationship between two or more of the predictors. To test the 
correlation between the predictors the Variance Inflation Factor (VIF) can be used (Field, 2013). The 
average VIF in a model should not be substantially larger than 1 and the individual VIF values should not 
be larger than 10 (Bowerman & O’Connell, 1990; Hair et al., 2014). In Appendix H, the minimum, maximum 
and average VIF values of all models are shown. A high VIF value was found in the models on the SG-
company-day level that included both the number of products in promotion in an SG and the average 
discount percentage (quantitative value or clusters) in an SG. The VIF values found were up to 130, 
implicating a very high level of multicollinearity. This means that when more products are promoted, the 
average discount percentage is also higher. The data was checked, and this conclusion was confirmed. 
Unless that this does not always have to be true, for Jan Linders it is. When not both of these earlier 
mentioned variables are included in the models at the same time, this assumption is satisfied in all models.  
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9.6 Residuals are normally distributed  
The residuals, or with other words, the errors of the prediction, should be normally distributed. This is 
tested by visually checking the histograms and normal probability plots of the residuals, which can be 
found in Appendix H. Based on the histograms and normal probability plots this assumption is confirmed. 

9.7 Linearity 
Multiple linear regression is based on the linear relationship between the dependent and independent 
variables. Whether this requirement is met for the data used, can be checked by visually interpreting the 
regression plots. These plots show the independent variables against the dependent variable to see if a 
linear relationship exists, while the effects of other independent variables are controlled. (Hair et al., 2014) 

Only one non-linear relationship is found. This is for the model on the SKU-company-day level for the 
promotional sales of SG 6. The regression plot of the previous sales against the sales shows a non-linear 
relationship. However, when the historic sales variable is not included in the model, the assumption of 
normality of the error terms and that of no perfect multicollinearity (Durbin-Watson value of 0.458) are 
not met. For that reason, no model can be made on the SKU-company-day level for the promotional sales 
of SG 6. The regression plots for all other variables in all other models show linear relationships. This 
means that the assumption for linearity is met for all other models. 

9.8 Homoscedasticity 
The variance of the residuals should be equal. This is checked by interpreting the scatterplots of the 
standardized predicted values and standardized residuals, see Appendix H.  

For the models on the total-company-day level and total-store-day level, the scatterplots of the 
standardized predicted values and standardized residuals look like a random set of dots. Therefore, for 
these models, the assumption of homoscedasticity is met. At the SG-company-day level, some of the 
scatterplots of the standardized predicted values and standardized residuals show two or three groups of 
random dots. This is due to the fact that only one model is used for both the promotional and the non-
promotional sales at the SG level. Because the dots seem either random overall or within the groups, it is 
assumed that the variance of the residuals is equal at the SG-company-day level for all models. The 
scatterplot of SG 6 on SG level is the only one showing three groups of dots. A check of the data showed 
that, within this SG, there are two lower-level groups. The sales volume of one of these lower level groups 
is much higher than that of the other one. As a result, a promotion in one group has a much bigger effect 
than in the other one. With regard to the scatterplot, the left group of dots represents the non-
promotional sales, the middle one cases when there is a promotion of the small lower-level group, and 
the right one when there is a promotion in the bigger lower-level group.  

In the scatterplots of the standardized predicted values and standardized residuals on the SKU-company-
day level, also some grouped dots can be observed. This is caused by the fact that the sales of multiple 
SKU’s of an SG are combined in one dataset while the sales differ between SKU’s. However, the dots within 
these groups seem random. Therefore, it is assumed that the residuals of the variance are equal at SKU-
company-day level except for one model. This model is the model for the promotional SKU level sales of 
SG 6. As discussed in the previous section, a non-linear relationship is found in this model. In addition, the 
scatterplot of the standardized predicted values and standardized residuals does not seem like a random 
set of dots. As already discussed in the previous section, this model is excluded.  
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10. Results linear regression analysis 
In this chapter, the results of the linear regression analysis are discussed. For some variables, different 
options were suggested to represent the same effect. In Section 10.1, it is discussed which of these options 
perform best. Thereafter, the regression results and the test of the hypotheses is discussed in Section 
10.2. During the regression analysis, the best results are found on the SG-company-day level. Therefore, 
it is decided to continue in the following of the study with the models on that aggregation level. The results 
on the other aggregation levels are summarized in Section 10.2.1 and the results on the SG-company-day 
level are discussed in detail in Section 10.2.2. Finally, the conclusion with regard to the assessment of 
explanatory factors is given in Section 10.3. In Appendix I, the detailed regression results can be found. 

10.1 Choice of related independent variables  
For some of the variables related to promotions, holidays, and the weather, it is tested which variables 
are best in representing the desired effect. The goal is to find which of these variables explains most of 
the variations of the sales. In this section, the main insights are discussed. A detailed discussion is given in 
at the beginning of Appendix I.  

Promotion 
Two ways of representing the discount percentage are tested. The first one is the quantitative value of 
the discount percentage. Second is assigning cases to one of four binary clusters of discount percentages 
(10-19%, 20-29%, 30-39%, ≥40%). Results showed that the binary discount clusters give better results in 
terms of the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2 . 

To check for cannibalization effects two types of variables are tested. Both have different variables for all 
SG’s that had promotions in the past, which results in four variables for both methods. The first method 
uses a binary variable representing whether there is a promotion in an SG or not. Besides, the second 
method uses quantitative variables representing the number of SKU’s having a promotion in an SG. Better 
𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values are obtained with the second method.  

 

Figure 7 Options and choices for promotion variables 

As discussed in Section 9.5, for the SG level models, not both the (cluster of the) average discount 
percentage in an SG and the number of promoted products in an SG can be included in one model due to 
multicollinearity problems. Therefore, it is tested which of these two gives the best results. As discussed 
in more detail in Appendix I, with the discount percentage clusters sometimes illogical results are 
obtained. In addition, the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  are best in the three SG’s with the highest sales revenue when using the 
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number of products in the promotion. Therefore, it is chosen to use the number of product in promotion 
for both the promotion and the cannibalization effect.  

Holidays 
Two ways of representing the effects of holidays in the linear regression analysis were defined in Section 
6.2.4. The first option is to use one general binary holiday variable. Second, is to separate the summer 
holiday for both the South and the middle part of the Netherlands from the other holidays. Testing both 
options showed that the second option provides a better result in terms of 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2 . 

Weather  
The expectation for the weather was that on warm days the sales would be lower. Two types of variables 
were used to test this relationship. One was a quantitative value representing the maximum daily 
temperature in 0.1 degrees Celsius. The other way is using two binary variables, one representing a 
temperature between 20.0 and 24.9 degrees Celsius and a second one representing a temperature of 25.0 
degrees Celsius or higher. After testing both methods of representing temperature effects in the different 
models, it is found that the use of the two binary variables gives the best results in terms of the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2 . The 
quantitative temperature, the mm rain, and the sun hours are not found to have a significant in any model 
(H25, H26, H27 rejected). 

   

Figure 8 Options and choices holiday variables  Figure 9 Options and choices weather variables 

10.2 Discussion of the regression results and hypothesis testing 
This section starts with the discussion of a problem that is obtained at two of the considered aggregation 
levels and it is discussed why the SG-company-day level is the best option in Section 10.2.1. The results of 
the models on the SG-company-day level are discussed in Section 10.2.2. In Appendix I, the results of the 
models on the other aggregation levels are discussed together with the detailed regression results.  

10.2.1 Decision on focus aggregation level 
Models on SKU or store level have a problem which is expected to be caused by that all SKU’s or stores 
are inserted into one model. The variable representing the average sales of the previous weeks is by far 
the strongest independent variable in the models on SKU or store level. For the model on the total-store-
day level, a 𝛽𝛽 of 0.951 is found for the historic sales variable while the next strongest 𝛽𝛽 found is -0.061. 
Comparable values are found in the non-promotion models on the SKU-company-day level. For the 
promotion models on the SKU-company-day level, also the variable of historic sales is the strongest, but 
the difference with the other variables is smaller. The expectation for that a very strong effect (compared 
to other variables) of the historic sales variable is found, is caused by the fact that the sales of all stores 
or SKU’s are combined into one dataset (as discussed in Section 7.6).  

For the total-store-day level, it is tested to correct for the major effect of the historic sales variable by 
dividing the dependent variable by it. For the new adjusted model, the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  drops from 0.920 to 0.187. 
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The expectation is that different stores can respond in a different way to the effects tested. That could 
explain the low 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  value of the new adjusted model. There are on average 60 operating store and it is 
not desirable to have a separate model for each store. However, collecting and studying data regarding 
the different characteristics of stores that could explain the different behavior, is not within the scope of 
this research. The β-values of both the original and the adjusted model differ. However, the significance 
and the direction of the effects are in both models the same.  

Because problems are obtained for the models on the SKU or store level, the models on the total-
company-day and SG-company-day level remain. The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values of the model on the total-company-day 
level is only 0.616, while that of all six models on SG-company-day are higher (see Table 2). Because the 
models on the SG-company-day level result in a high explanatory power (higher 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values), without 
problems as for the SKU and store level models, this level is used as the starting point for the forecasting 
method that will be discussed in Chapter 11. Because only the regression models on the SG-company-day 
level are used in the following of this report, in Section 10.2.1 is only the discussion of the results on that 
level given. A detailed discussion of the regression result of the other tested aggregation levels can be 
found in Appendix I.  

10.2.2 Results SG-company-day level 
Because the expectation beforehand was that cannibalization occurs between SG’s, six separate models 
are made. The models on this aggregation level do not give problems such as that occur at the SKU or 
store level. In addition, high 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values for all six models on the SG-company-day level are found. This 
means that the explanatory power of the models is high. Next to the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2 , the standardized regression 
coefficients 𝛽𝛽 are reported. When a 𝛽𝛽 is followed by *, it is significant at 0.001, and when it is followed by 
**, it is significant at 0.05. 

In Table 2, the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values are shown. The models for SG 4 and SG 5 have the lowest values. Those are 
the two SG’s without promotions. In the model for SG 5, some unexpected results were found. However, 
analysis of the sales data showed that on average only 2.2 loaves a day per store are sold of this SG. Due 
to this low sales volume, the importance of this model is lower than that of the other models.  

Table 2 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹  values of the models on the SG-company-day level 

 
Average sales of the previous weeks 
In the models for the three biggest SG’s in sales volume, SG 1, SG 2, and SG 3, no significant effect of the 
average of the previous weeks is found (H1 rejected for SG 1, SG 2, and SG3). Because this variable was 
included in the analysis to take the trend into account, for these SG’s no trend is included. In addition, 
unexpectedly, in the model for SG 6, a small but significant negative effect (𝛽𝛽= -0.040*) is found of the 
average sales of the previous weeks (H1 rejected for SG 6). This means that a negative trend is included 
in the model, while a short analysis of the sales actually showed a positive trend.  

In the models for the two SG’s without promotions, SG 4 and SG 5, a significant positive effect (respectively 
𝛽𝛽= 0.713* and 𝛽𝛽= 0.715*) is found of the average of the previous weeks (H1 confirmed for SG 4 and SG 
5). In these models, it is actually the variable with the highest β-value and thus the strongest effect. 

 SG 1 SG 2 SG 3 SG 4 SG 5 SG 6 
𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹

 .885 .909 .931 .697 .649 .947 
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Number of stores 
For SG 2, SG 3 and SG 4, a significant positive effect (respectively 𝛽𝛽= 0.167*, 𝛽𝛽= 0.108*, and 𝛽𝛽= 0.112*) is 
found of this variable (H2 confirmed for SG 2, SG 3 and SG 4). Unexpectedly, in the model for SG 5, a 
significant negative effect (𝛽𝛽= -0.072**) is found (H2 rejected for SG 5). This would mean for this SG that 
when there are more open stores, there are fewer loaves sold. For SG 1 and SG 6, no effect of the number 
of stores is found (H2 rejected for SG1 and SG 6). 

Promotions 
The promotion effect in the models on this level is measured using the number of products in promotion 
in the SG. As expected, in the models for all four SG’s that have promotions, a significant positive effect 
(𝛽𝛽’s between 0.664* and 0.874*) is found (H11 confirmed). In these models, the promotion variable is 
found to be the variable with the highest β-value, meaning the strongest effect of all variables. 

The first week after a bag promotion is in all models found to have a significant negative effect (𝛽𝛽’s 
between -0.055* and -0.179*) on the dependent variable (H17 confirmed). However, the second week 
after a bag promotion is only in the models for four of the six SG’s found to have a significant negative 
effect (𝛽𝛽’s between -0.024* and -0.114*) (H16 confirmed for SG 2, SG 3, SG 4, and SG 5; H16 rejected for 
SG 1 and SG 6). In all of these four models, where the second week has an effect, this effect is smaller 
than the effect of the first week (H18 confirmed).  

Cannibalization  
The cannibalization between SG’s is tested using a variable indicating the number of products in 
promotion in the other SG’s. Below are for all SG’s separately the results discussed. Finally, the strength 
of the cannibalization effects between SG’s is compared. 

For SG 1 a significant negative effect is found of the cannibalization variables of all other three SG’s that 
have promotions (H13 confirmed for SG 1). This means that SG 1 experiences cannibalization of all other 
SG’s with promotions. The strongest cannibalization effect occurs from SG 3 (𝛽𝛽= -0.293*), secondly from 
SG 2 (𝛽𝛽= -0.223*), and lastly from SG 6 (𝛽𝛽= -0.097*).  

In the model for SG 2, a significant negative effect is found of the cannibalization variables of SG 1 and of 
SG 3. The cannibalization effect of SG 3 (𝛽𝛽= -0.169*) is stronger than that of SG 1 (𝛽𝛽= -0.123*). No 
significant cannibalization effect is found of SG 6. (H13 partly confirmed for SG 2) 

Next, on SG 3, a significant negative effect is found of the cannibalization variables of SG 1 and of SG 2. 
From SG 1 the effect (𝛽𝛽= -0.159*) is stronger than from SG 2 (𝛽𝛽= -0.120*). No significant cannibalization 
effect is found of SG 6. (H13 partly confirmed for SG 3) 

SG 4 has no promotions, but it is found that the group is actually affected by the cannibalization effect of 
other SG’s. A significant negative effect is found of, in order of the decreasing size of the effect, SG 3 (𝛽𝛽= 
-0.460*), SG 2 (𝛽𝛽= -0.264*), and SG 1 (𝛽𝛽= -0.248*). No significant cannibalization effect is found of SG 6. 
(H13 partly confirmed for SG 4) 

The effects found in the model for SG 5 are partly unexpected. Of SG 3, as actually was expected, a 
significant negative effect (𝛽𝛽= -0.079**) is found. However, from SG 6, a significant positive effect 
(𝛽𝛽=0.062**) is found. This would mean that more loaves in SG 5 are sold when there is a promotion in SG 
6. No significant effect is found of SG 1 and SG 2. (H13 partly confirmed and partly rejected for SG 5) 
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For SG 6 a significant negative effect is found of the cannibalization variables of all other three SG’s that 
have promotions (H13 confirmed for SG 6). The strongest effect occurs from the SG 3 (𝛽𝛽= -0.219*), 
secondly from SG 1 (𝛽𝛽= -0.210*), and lastly from SG 2 (𝛽𝛽= -0.144*). 

Next, the strength of the effects between SG’s is compared. To start with, the effect of promotions in SG 
1 on SG 2 is weaker than that vice versa. Comparably, the same holds for SG 1 on SG 3. In contrast, the 
effect of SG 1 on SG 6 is stronger than that vice versa. Next to that, a promotion in SG 2 has a weaker 
effect on SG 3 than the other way around. Promotions in SG 2 affects SG 6 while there is no effect vice 
versa. Similarly, promotions in SG 3 affects SG 6, while there is no effect the other way around. In Table 3 
a visual overview of these relationships is given.  

Table 3 Overview relationships cannibalization effects between SG’s, read as the effect of a promotion in the SG of the row 
on the SG in the column, the legend: −: no effect, →: one-way effect, ↑: stronger effect, ↓: weaker effect. 

 SG 1 SG 2  SG 3  SG 6  
SG 1  ↓ ↓ ↑ 
SG 2 ↑  ↓ → 
SG 3 ↑ ↑  → 
SG 6 ↓ − −  

 
Holidays 
In four of the six models, the summer holiday week southern part Netherlands variable is found to have 
a significant negative effect (𝛽𝛽’s between -0.134* and -0.325*) on the dependent variable. This variable 
is also the strongest one of the different holiday variables in those models. In three of those four models, 
also the summer holiday middle part Netherlands variable has a significant negative effect (𝛽𝛽’s between 
-0.060** and -0.096*). That variable is then the second strongest variable. This is as expected beforehand 
and holds for the three SG’s with the biggest sales volume, SG 1, SG 2, and SG 3 (H20, H21 and H23 
confirmed for SG 1, SG 2 and SG 3). For two SG’s, SG 5 and SG 6, the summer holiday week southern part 
Netherlands variable has no significant effect (H21 rejected for SG 5 and SG 6). However, in those two 
models, the summer holiday middle part Netherlands variable actually has a significant negative effect 
(respectively 𝛽𝛽= -0.149* and 𝛽𝛽= -0.100*) (H20 confirmed and H23 rejected for SG 5 and SG 6). This was 
unexpected because the biggest part of the stores of Jan Linders is located in the southern part of the 
Netherlands. For SG 4 only the summer holiday southern part Netherlands has a significant negative effect 
(H20 confirmed, and H21 and H23 rejected for SG 4). 

The week before holiday variable is found to have a significant negative effect (𝛽𝛽’s between -0.032** and 
-0.063*) in two of the models (H24 confirmed for SG 1 and SG 2; rejected for SG 3, SG 4, SG 5, and SG 6). 
Possibly the difference in effects in different models of this variable are caused by the fact that all 
weekdays are in one model. In addition, it is possible that the before holiday effects only occur, for 
example, during the weekend before the holiday. This should be further investigated.  

For the other holiday variables, a significant negative effect (𝛽𝛽’s between -0.045* and -0.120*) is found in 
five of the six models (H22 confirmed for SG 1 till SG 5). This effect is as expected. Only for SG 6 no 
significant effect of this variable is found (H22 rejected for SG 6). 
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Weather  
In the models for SG 1 till SG 4 there is a significant negative effect found of the variable of 25.0 degrees 
Celsius or more (H29 confirmed for SG 1 till SG 4). In contrast, in the models for SG 5 and SG 6, no effect 
of this variable is found (H29 rejected for SG 5 and SG 6). For the binary variable indicating a temperature 
between 20.0-24.9 degrees Celsius, the mm rain variable, and the sun hours variable, no significant effect 
is found in all models (H25, H26, H28, and H30 rejected).  

10.3 Conclusion regression analysis: sub-question 1 
In this section, the regression results are summarized and the first sub-question is answered.  

1. What are the explanatory factors on different aggregation levels for the bread sales (in the number 
of loaves)? 

The strength and significance of the predictors differ between aggregation levels and models. Overall can 
be concluded that the predictors that are significant in most models are: average of historic sales, 
promotion effects, cannibalization effects, holidays, weather, lag effect of deep promotions, and the 
number of stores. The models for the SKU or store level have the problem that the average of historic 
sales is by far the strongest predictor in the models (see Section 10.2). Hence, one should be cautious in 
interpreting the results of those models. Of the two remaining aggregation levels included, the models on 
the SG-company-day level have the highest explanatory power. Therefore, these models are used as the 
basis for the further forecasting and ordering process. Table 4 shows the predictors included in these 
models and shows whether there is a positive (+), a negative (-), or no (empty) significant effect. 

Table 4 Overview of the predictors in the SG-company-day level regression models indicating a positive (+), a negative (-), or 
no (empty) significant effect 
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11. Forecasting model  
The results of the analysis of which factors influence the sales of loaves on different aggregation levels 
are combined in this chapter. In the end, the different aggregation levels should be consistent with each 
other. The models discussed in Chapter 10 are separate models for the different aggregation levels. Now 
the challenge is to include the information from different levels to achieve an accurate sales forecast. In 
Section 11.1, a newly designed method on how to do this is described. Thereafter, in Section 11.2, the 
performance of the new method is discussed. Finally, the conclusions are given in Section 11.3. 
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11.1 Method  
A six-step new forecasting method is described that combines information from different aggregation 
levels. The method is a combination of top-down and bottom-up forecasting. This means that the sales 
are forecasted on the SG-company-day level using the regression model of which the results are discussed 
in Section 10.2.2. That volume is top-down transferred to lower levels using an allocation method that 
uses information from lower aggregation levels. This means that the distribution method is based on 
bottom-up information. The forecast for the total-company-day level is found bottom-up, by summing 
the forecast on the SG-company-day level. For the week forecasts, also the bottom-up method is used by 
summing the day forecasts of a week. 

In the current forecasting method, an SG-company-day level forecast is determined subjectively based on 
personal judgment. This forecast is translated to lower aggregation level forecasts using trial-and-error by 
the forecaster, which is a time-consuming task. In contrast, in the new method, a forecast on the SG-
company-day level is made objectively using regression models. This is transformed to lower aggregation 
levels objectively instead of using trial-and-error.  

As will be discussed later, the results of the initial method proposed showed that the performance of the 
new forecast is improved on all levels except the lowest level (the SKU-store-day level). Therefore, a 
second, adjusted, method is designed. In that adjusted method, step 4a of the initial new method is 
replaced by step 4b. This means that in the following description of the steps, either 4a or 4b is used, and 
not both. For the other steps nothing changes when either step 4a or step 4b is used.  

Step 1.   Make a forecast of the sales on the SG-company-day level using the linear regression 
results from Chapter 10. For each SG, the regressions formulas are shown in formula 79 to 84 in Appendix 
J. Using these formulas means that the following effects are included: extra sales due to promotions, 
cannibalization effects between SG’s due to promotions, first and second week after a deep bag 
promotion, holidays, temperature, number of stores, and for some models the average sales of the 
previous weeks. The transformations as discussed in Chapter 8 are necessary for the variables. For the 
dependent variable, the sales, deseasonalization has to be performed. This is done using formula 59 till 
65 from Appendix F based on the sales of 2016 and 2017. However, where the formulas in that appendix 
represent the values on the SKU-store-day level, here the values for the SG-company-day level are taken. 
After completing the deseasonalization, the forecast can be made. Next, of the forecast obtained when 
using formula 79 to 84 (Appendix J), the exponent is taken to adjust for the natural logarithm of the 
transformation. Finally, the result of this is multiplied by the adjusted seasonal factors (formula 64), based 
on the sales of 2016 and 2017. These final steps are represented in formula 12. The result is a quantitative 
sales forecast on the SG-company-day level. 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑔𝑔 =  𝑠𝑠(𝑦𝑦𝑑𝑑,𝑤𝑤,𝑔𝑔) ∗ 𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑔𝑔  ( 12 ) 

Step 2.   Determine the average percentage of the total companywide sales of an SG that will be 
in a particular store. Do this based on the sales of the previous nine weeks on the weekday of interest, 
without national holidays or weeks with deep bag promotions. As was discussed in Section 10.2.1, the 
variable with the strongest explanatory power in the regression model on the total-store-day level is the 
average of the previous 9 weeks. Therefore, this is used as a basis to reach a forecast on the SG-store-day 
level. The part of the total store sales in a specific SG differs between stores. This means that, for example, 
in one store on average 40% of the total-store sales occur in SG 1 and 20% in SG 2, while, in another store, 
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this is 30% in SG 1 and 30% in SG 2. In addition, the percentage can differ between weekdays. Because of 
this, the percentage should be determined separately for every SG-store-day combination. Formula 13 till 
15 are used for these determinations.  

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑔𝑔
  ( 13 ) 

𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = �
0, 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 0
1, 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 > 0 ( 14 ) 

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  
∑ (𝑠𝑠𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑤𝑤𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑤𝑤𝑓𝑓𝑠𝑠𝑔𝑔𝑠𝑠𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔∗𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔)𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−10
𝑤𝑤=𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1

∑ 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−10
𝑤𝑤=𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1

   ( 15 ) 

Step 3.   Combine the results from step 1 and step 2 to make a sales forecast on the SG-store-
day level. This is done by multiplying the percentage found in step 2 (formula 15) by the quantitative value 
of the desired SG from step 1 (formula 12). The result is a sales forecast on the SG-store-day level.  

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 ∗  𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑔𝑔  ( 16 ) 

Step 4.   Depending on the method tested, choose either for step 4a or 4b.  

Step 4a.  Make a forecast of the sales on the SKU-store-day level using three factors. The 
first one is, as is found the factor with the strongest explanatory power on the SKU level, the 
average of the previous nine weeks of the weekday of interest without national holidays and bag 
promotions. This is determined using the logic of formula 66 till 70 in Appendix F. Next to that, 
the second and third factor are the discount percentage of an SKU (extra sales due to promotions) 
and the number of products in promotion in an SG (cannibalization effect within an SG due to 
promotions). The reason that these last two factors are included at this level is that these can only 
be included at SKU level and not at higher aggregation levels. In the new model, the forecast on 
the SKU-store-day level is determined using formula 17. 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 =  (𝑧𝑧1,d,𝑔𝑔 + 𝑧𝑧2,d,𝑔𝑔 ∗ #𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑤𝑤,𝑔𝑔 + 𝑧𝑧3,d,𝑔𝑔 ∗ 𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑖𝑖,𝑔𝑔) ∗
𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔   ( 17 ) 

Data from 2016 and 2017 is used to find the values for z1, z2, and z3 for which the lowest MAPE is 
found. The best z-values are separately determined for all SG-weekday combinations and, in 
addition, separately for promotional sales and non-promotional sales. Thereafter, the z-values 
that are found using the data for 2016 and 2017 are used as input for the forecasting of 2018. 
Again formula 17 is used to determine the 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔, but now for 2018.  

Step 4b.  Use the forecast from the ASO system F&R, which is on the SKU-store-day level. 
Because the results of the use of step 4a where found to be worse than the current forecast on 
the SKU-store-day level, it is tested whether replacing step 4a with this step (4b) improves the 
forecast accuracy. The result of step 4a is a forecast on the SKU-store-day level. F&R provides a 
forecast on that same level. When step 4b instead of 4a is used, the F&R forecast serves as input 
for step 5. This means setting the 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔  equal to the F&R forecast.  

Step 5.   Determine the percentage of the sales of an SKU in a store, of the accompanying SG 
level sales in that store. This percentage is used in step 6 to transform the SG-store-day level forecast 
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from step 3 to a forecast on the SKU-store-day level. To do this, first, sum the sales forecast from step 4 
on the SKU-store-day level to the SG-store-day level (formula 18). Then, divide the forecast on the SKU-
store-day level from step 4 by this summed SG-store-day level forecast (formula 19).  

𝑠𝑠𝑑𝑑𝑝𝑝𝑝𝑝𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  ∑ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔
#𝑝𝑝𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1   ( 18 ) 

𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 =  𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑝𝑝𝑆𝑆𝑆𝑆𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝐹𝐹𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
  ( 19 ) 

Step 6.   Combine the result of step 3 and step 5 to distribute the forecast on the SG-store-day 
level from step 3 into an SKU-store-day level forecast.  

In this final step, the final forecast on the SKU-store-day level is determined. This is done by multiplying 
the percentage of the sales of an SKU in a store, of the accompanying SG level sales in that store (formula 
19), by the sales forecast on the SG-store-day level (formula 16).  

𝑜𝑜𝑑𝑑𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 =  𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 ∗  𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔   ( 20 ) 

11.2 Results  
In this section, the performance results of the new forecasting method are discussed. Using the new 
method, a forecast is made for week 1 till week 26 of 2018 and this is compared to the F&R forecast. The 
forecast that is made using the forecasting method suggested in the previous section does not include a 
safety stock. This is the reason that the new forecasting method is compared to the F&R forecast, because 
that this is the only forecast at Jan Linders that does not include a safety stock. Both the ROQ’s and the 
AOQ’s are the forecast adapted to include a safety stock.  

No data is available of the F&R forecast for SG 6, which means that the F&R forecast only includes SG 1 
till SG 5. This explains the empty cells in the tables in this section for the F&R forecast of SG 6. To be able 
to compare the same SKU’s, at the total-company-week and total-company-day level, the performance of 
the new method is reported for SG 1 till SG 5 and, in addition, for SG 1 till SG 6. At the SKU-store-day level, 
only a forecast for SG 6 can be made with the new method when using step 4a, and not when using step 
4b. This is because step 4b uses the F&R forecast as input in the determination of the forecast, while this 
is not the case for step 4a.  

For the different aggregation levels, different results are found. First, in Section 11.2.1, the performance 
on total-company-week and total-company-day level are discussed. Second, the performance of the 
forecast on SG-company-day, which is the starting point in the new method, is considered. Next, the 
performance is tested and discussed on the SG-store-day level. Finally, the performance at the lowest 
aggregation level, the SKU-store-day level, is discussed. Starting from the SG-company-day level, and 
following this to the lower aggregation levels, the performance is reported separately for all SG’s. In 
addition, this is further divided into measures for the cases an SG has a promotion in the week of 
measurement, and for the cases it does not have a promotion in that week. In the following sections, the 
performance is measured using the MAPE, AB, MAD, and RMSE (formula 2 till 5 in Section 5.2). The 
reasoning behind the choice for those four measurements is discussed in Appendix E.  

11.2.1 Total-company-week and total-company-day level 
The forecasts on the total-company level are obtained by summing the forecasts on the SG-company-day 
level. In Table 5 and Table 6 the performance results of the forecasts on the total-company-week level 
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and the total-company-day level are shown for both the original forecast from F&R and the new forecast. 
The tables show that the new forecasting method outperforms the current forecast from F&R. Both on 
the week and on the day level, the new method gives better results in terms of all four performance 
measures. The values between brackets are based on the forecast including the SG 6, while the value 
placed in front of the brackets does not include this SG.  

Table 5 Performance results of F&R and the new forecasting method on total-company-week level 

MAPE AB MAD RMSE 
F&R New F&R New F&R New F&R New 

11.3% 3.5% (3.0%) 9605 -1849  
(-1349) 

9870 2880 
(2586) 

11842 3638 
(3305) 

Table 6 Performance results of F&R and the new forecasting method on total-company-day level 

MAPE AB MAD RMSE 
F&R New F&R New F&R New F&R New 

11.9% 5.1% (4.0%) 1656 -454 (-228) 1775 769 (605) 2134 933 (794) 
 

The comparisons made in this paragraph are based on both the F&R forecast and the new forecast 
excluding SG 6. First, the MAPE improved with almost 70% on week level and with more than 55% on day 
level. The MAPE at total-company-week level is lower than on the total-company-day level, which is as 
expected. This is expected because at individual days of the week sometimes the forecast can be too high 
while on other days it is too low. When in such a situation the forecast is added over the weekdays to get 
the week level, the positive and negative errors are added which will result in a smaller error. The AB 
shows that the forecast from F&R is on average too low and the new forecast is on average too high. 
However, the AB was before on average about 5 times bigger at week level and 3.5 times bigger, seen 
separately from the direction, in value than the new method. Note that when using formula 3 (in Section 
5.2), a positive AB indicates that the sales are higher than the forecast, which means that the forecast is 
on average too low. Also an improvement is found in terms of the MAD and RMSE, which both improved 
with about 70% on week level and about 55% on day level. Altogether, this means that the forecast is 
improved and that the errors are decreased.  

When the regression model on the total-company-day level (Appendix I) is applied to the data of week 1 
till 26 of 2018, the MAPE is found to be 15.3%. With the forecasting method, a MAPE of 5.1% is realized 
(Table 6). This means that at the total-company-day level, the error with the new method is on average 
three times smaller than the direct forecast with the regression model on the total-company-day level.  

11.2.2 SG-company-day level 
Where on the total level the new forecast outperforms the forecast from F&R, on the SG-company-day 
level this is not the case for all measurements. For the non-promotion forecasts, the new forecasts are 
better on all performance measures for the three SG’s with the biggest sales volume, SG 1, SG 2, and SG 
3 (see Table 7). The forecast of SG 4 is improved with the new method on three of the four performance 
measures. Only the forecast of SG 5 was better using the old forecast. However, it should be noted that 
the average sales volume of this SG is only 2.2 loaves a day per store. Due to this low sales volume, the 
importance of the forecasts of the other SG’s is of bigger relevance. The AB shows that the forecast of 
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F&R is on average too low for four of the five SG’s and too high for one of them. On the other side, the 
new forecast is on average too low for one of the SG’s and too high for the other four that are compared.  

Table 7 Performance results of F&R and the new forecasting method of non-promotion weeks on SG-company-day level 

 MAPE AB MAD RMSE 
F&R New F&R New F&R New F&R New 

SG 1 9.2% 5.7% 349.7 -126.3 370.5 229.4 448.5 273.0 
SG 2 8.0% 4.7% 224.2 73.4 317.6 183.0 364.9 231.2 
SG 3 7.8% 3.8% -41.4 -7.7 194.7 93.4 270.6 111.4 
SG 4 8.6% 7.4% 45.0 -80.7 139.0 115.3 175.0 146.5 
SG 5 10.0% 11.9% 1.8 -7.6 14.5 17.4 18.7 21.0 
SG 6  11.8%  17.0  53.2  63.7 

 
Considering the promotional forecasts, the new method is better for two of the three SG’s, SG 1 and SG 
3, on all performance measures. In Table 8 the results of the performance measurements of the 
promotion forecasts on SG-company-day can be found. The AB shows that the current promotional 
forecast is on average too low for all three SG’s. Using the new forecasting method, the forecast is on 
average too high for two of the three SG’s and too low for one of them.  

Table 8 Performance results of F&R and the new forecasting method of promotion weeks on SG-company-day level 

 MAPE AB MAD RMSE 
F&R New F&R New F&R New F&R New 

SG 1 9.2% 6.1% 200.0 41.3 582.5 411.3 696.5 534.2 
SG 2 7.2% 7.4% 197.8 -228.9 373.8 385.7 455.1 455.7 
SG 3 22.9% 16.4% 1157.8 -476.0 1157.8 752.3 1315.8 882.2 
SG 6  27.2%  245.8  369.7  473.0 

11.2.3 SG-store-day level 
Overall, it can be concluded that the new method outperforms the F&R forecast on this level. However, 
the results of the performance measures differ between the different measurements, but also between 
the SG’s. SG 1 and SG 2 are the only SG’s for which the new forecast is better on all measurements. Then, 
for SG 3, the new forecast is better for two of the four measurements. It is worse in terms of the AB and 
the RMSE. For SG 4, the new forecast is better on three of the four measurements. It is only worse in 
terms of the AB. Finally, for SG 5, the F&R forecast outperforms the new forecast only in terms of MAPE 
and is worse on the other measurements. In the cases when the F&R forecast is better, the differences 
between the two methods are much smaller than when the new method is better (see Table 9). As a 
result, the conclusion is drawn that the new method, on average, outperforms the F&R forecast.  

Besides the SG’s that can be compared with the F&R forecast, there is SG 6. One notable observation for 
SG 6 is that the MAPE has increased a lot compared to the measurements on the SG-company-day level. 
On that aggregation level, SG 5 and SG 6 resulted already in the highest MAPE values. However, the 
difference between these two SG’s and the other SG’s became bigger when checking the forecast at the 
store level, instead of at the company level. Lastly, it is observed that on this level again the F&R forecast 
is on average too low for most SG’s (4 out of 5). The new forecasting method is for four SG’s on average 
too high, while it is too low for the other two.  
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Next, the performance of the promotional forecasts at the SG-store-day level is discussed. The 
measurements are shown in Table 10. For SG 1 and SG 3, the new method is better on all four performance 
measurements. In contrast, for SG 2, not all measurements are better using the new method. Using the 
new method resulted only in a better result in terms of the AB. With the new forecasting method, the 
forecast is on average too low for three of the four SG’s and too high for one of them.  

Table 9 Performance results of F&R and the new forecasting method of non-promotion weeks on SG-store-day level 

 MAPE AB MAD RMSE 
F&R New F&R New F&R New F&R New 

SG 1 13.2% 11.4% 5.96 0.70 8.80 7.00 12.18 9.75 
SG 2 13.1% 11.9% 3.80 -2.31 7.96 6.95 10.94 9.53 
SG 3 16.3% 16.1% -0.68 -0.74 5.82 5.41 8.21 8.28 
SG 4 17.4% 17.1% 0.76 0.86 4.23 3.96 5.97 5.60 
SG 5 40.2% 41.6% 0.33 -0.12 0.99 0.96 1.41 1.35 
SG 6  44.6%  -2.15  5.44  9.21 

 

Table 10 Performance results of F&R and the new forecasting method of promotion weeks on SG-store-day level 

 MAPE AB MAD RMSE 
F&R New F&R New F&R New F&R New 

SG 1 13.8% 12.6% 3.37 1.92 14.23 12.77 19.11 17.57 
SG 2 12.4% 14.6% 3.48 1.56 10.28 13.09 13.77 23.04 
SG 3 23.6% 22.9% 19.58 -7.55 21.17 17.55 27.43 23.01 
SG 6  42.2%  1.13  2.60  3.73 

11.2.4 SKU-store-day level 
The final aggregation level for which the performance of the forecast is tested is the SKU-store-day level. 
This is the lowest aggregation level of interest and is of importance for operational use. As already noticed 
in Section 11.1, during the analysis bad results are found on this level using step 4a in the process. This is 
especially the case for the promotional sales forecast (see Table 12). Based on the results when step 4a is 
used, the conclusion can be drawn that representing the SKU-store-day level sales by only the average of 
the previous weeks, the discount percentage, and the number of products in promotion in an SG in the 
way it was done as described in step 4a in Section 11.1 is not sufficient to create a reliable forecast.   

Because of the bad performance, an additional forecasting method is tested in which step 4a is replaced 
by step 4b. With step 4b the percentage of the sales of an SKU in a store, of the SG sales in a store, are 
determined based on the F&R forecast. The higher-level forecasts stay as they were. In Table 11 and Table 
12, the columns with New 4a show the results of the new method using step 4a, while the columns with 
New 4b show the results of the method using step 4b instead.  

To start with, the two SG’s that never have a promotion within the SG perform best using the new 
forecasting method with step 4b (See Table 11). For the other three SG’s, not one conclusion can be 
drawn. First, for SG 1, the best results for two measurements are found using the new method with step 
4a and for the other two measurements when using step 4b. Next, for SG 2, the MAPE and the MAD give 
exactly the same result when using F&R or the new method with step 4b. Regarding the other two 
measurements, for one of them the use of F&R gives a better result and for the other one the new method 
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with step 4b. Finally, SG 3 performs best on three measurements using F&R and best on the fourth 
measurement using step 4a.  

To repeat what is already said before, the high-level forecasts of F&R are way worse than the high-level 
forecasts of the new method. This while the differences, in cases when the F&R forecast is better, at the 
SKU-store-day level are much smaller. The biggest difference between the MAD values of the F&R 
forecast, and the new forecast is only 0.1 when using step 4a, and 0.4 when using step 4b. In addition, the 
forecasted values have to be rounded when deciding on order quantities because only whole loaves can 
be ordered. Summarizing this means that, although the F&R forecast sometimes gives a better result at 
this level, due to the small differences, the influence on ordering decisions is expected to be small. 

Table 11 Performance results of F&R, the new forecasting method using step 4a, and the new forecasting method using step 
4b of non-promotion weeks on SKU-store-day level 

 MAPE AB 
F&R New 4a  New 4b F&R New 4a  New 4b 

SG 1 29.5% 28.9% 30.1% 0.47 0.01 -0.10 
SG 2 26.6% 27.0% 26.6% 0.27 0.29 0.15 
SG 3 27.0% 31.1% 34.9% -0.04 -0.01 -0.50 
SG 4 28.9% 28.8% 28.2% 0.19 0.06 0.06 
SG 5 36.1% 35.2% 33.3% 0.35 0.32 0.27 
SG 6  45.9%   0.57  
 MAD RMSE 

F&R New 4a  New 4b F&R New 4a  New 4b 
SG 1 1.14 1.11 1.10 1.94 1.92 1.89 
SG 2 0.96 1.00 0.96 1.57 1.66 1.62 
SG 3 1.62 1.76 2.06 2.46 2.63 3.72 
SG 4 0.58 0.58 0.56 0.99 0.98 0.97 
SG 5 0.48 0.48 0.45 0.72 0.72 0.68 
SG 6  0.91   1.36  

 

When checking the performance results for the promotional sales it is found that these are way worse 
when using the new method with step 4a compared to F&R. This can be checked in Table 12. For all 
measurements and SG’s, except the AB of SG 2, the method using step 4a is for promotional sales worse 
than at least one of the other two options. Therefore, next, only the forecast from F&R and the forecast 
method using step 4b are compared. Only for SG 3, the new method using step 4b outperforms the F&R 
forecast for all measurements. The performance for SG 1 is for three measurements better using the new 
method with step 4b and worse for one of them. Finally, for SG 2, the performance of the forecast using 
step 4b is for three of the measurements worse and for one measurement better than the F&R forecast. 
Although, it is worth noticing that the differences are small. For example, the MAD is only 0.08 higher for 
SG 2 for the new forecast using step 4b compared to the F&R forecast. In contrast, the differences the 
other way around are bigger. The MAD is 0.12 higher for SG 1 and even 1.58 higher for SG 3 when using 
F&R instead of the new method with step 4b. It should be taken into consideration that the forecast on 
all higher aggregation levels is much better when using the new forecasting method compared to the F&R 
forecast. In addition, the forecasts at the SKU-store-day level have to be rounded when deciding on the 
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order quantities. This means that it is expected that the small difference for SG 2 when F&R is better, is 
not expected to cause a big difference in the results of the eventual ordering.  

Table 12 Performance results of F&R, the new forecasting method using step 4a, and the new forecasting method using step 
4b of promotion weeks on SKU-store-day level 

 MAPE AB 
F&R New 4a  New 4b F&R New 4a  New 4b 

SG 1 27.2% 35.5% 25.1% 0.38 0.45 0.67 
SG 2 28.7% 41.9% 29.2% 1.89 -1.17 1.75 
SG 3 30.2% 33.7% 26.2% 6.12 -1.80 0.06 
SG 6  52.2%   1.52  
 MAD RMSE 

F&R New 4a  New 4b F&R New 4a  New 4b 
SG 1 2.60 4.36 2.48 3.91 6.95 3.72 
SG 2 3.83 6.27 3.91 5.71 9.77 6.44 
SG 3 7.00 6.77 5.42 9.62 9.09 7.49 
SG 6  2.66   4.01  

11.3 Conclusion forecasting method: sub-question 2, 3, and 4 
In this section, the conclusions regarding the forecasting method are summarized by answering sub-
question 2, 3 and 4.  

2. Which of the interactors in the forecasting and ordering process should include which demand 
information?  

The forecasting department should make the forecast using the new forecasting method including the 
regression model on the SG-company-day level. They include the input from F&R with the regression 
results and the historic sales. The predictors that are found to be significant, as discussed in the previous 
sub-question (Section10.3), are used as input in the regression models. From F&R the forecast is used in 
the distribution method to divide the forecast on the SG-store-day level, which is obtained using the new 
method, over the SKU’s.  

Regular weeks can be forecasted centrally by the forecasting department. Some special events are not 
included in this research, like bag promotions, local events, or national holidays/events. The expectation 
is that a combination of a forecast by the forecasting department and adjustments by the stores will give 
the best results. In addition, customer orders have to be included at the stores because this information 
is only for them available. During the analysis of the current process, it is found that the forecasting 
department only has a limited influence when a sales week is started. As a result, currently, the stores 
have the biggest possibility to make adjustments during a week. Adjustments during a week could be 
necessary when for example the effect of a promotion is different than expected or the weather changes.  

A possibility to overcome the problem of the limited influence of the forecasting department is to change 
the ordering process. Currently, the forecasting department can on day d-3, only influence the order 
recommendation for day d, then the stores can adjust this on day d-2, and finally, the stores can do a 
correction on day d-1. If a better forecast is obtained by the forecasting department, possibly one of the 
two moments on which the store can adjust the order can be eliminated. In that way, the lead-time for 
the forecasting department can be shorted which can be beneficial in terms of forecasting accuracy 
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because more (reliable) information about promotions and the weather is available and there is more 
control for the forecasting department. Moreover, in interviews with some store ordering representatives 
was indicated that the order adjustment moments in the store take on average 10 minutes each time. If 
one of the two adjustment moments can be eliminated each day, with currently 59 stores, and assuming 
an average employee cost of €20 per hour, 10

60
 ℎ𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 ∗ €20 𝑝𝑝𝑠𝑠𝑠𝑠 ℎ𝑠𝑠𝑑𝑑𝑠𝑠 ∗ 6 𝑑𝑑𝑠𝑠𝑑𝑑𝑠𝑠 ∗ 52 𝑙𝑙𝑠𝑠𝑠𝑠𝑘𝑘𝑠𝑠 ∗

59 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = €61360  per year can be saved on employee costs related to ordering.  At the forecasting 
department, no additional costs occur due to this change because they currently also check the need or 
adjustments during the week. The only difference is that with this change, they have to do it for less days 
in advance of the actual ordering day.   

3. How can the explanatory factors on different aggregation levels be combined into a demand forecast 
on SKU-store-day level taking into account cannibalization? 

Use a combination of top-down and bottom-up forecasting. The regression analysis showed that the 
models on the SG-company day level result in the strongest explanatory power. Hence, these models are 
used as the basis for the forecast. Next, this forecast on the SG-company-day level is divided on the SG-
store-day level based on the sales history on the SG-store-day level. This is done because in the regression 
analysis the historic sales are found to be the strongest predictors in the model on the store level. Finally, 
that forecast on the SG-store-day level is divided on the SKU-store-day level using the F&R forecast. This 
method is in detail described in Section 11.1.  

4. What is the performance of the forecast expressed in forecasting accuracy using the proposed 
method(s)?  

On the total-company-week and the total-company-day level, the new method outperforms the F&R 
forecast. The MAPE of the new forecast on total-company-week level improved with about 70% and that 
on the total-company-day level with about 55%. On the SG-company-day and the SG-store-day level, 
overall can be concluded that for four of the five SG’s the forecast for non-promotion weeks are better, 
and for two of the three SG’s the forecast for promotion weeks are better. The one SG for which the 
forecast is worse for non-promotion weeks is SG 5, which includes only three SKU’s and has a very low 
sales volume compared to the other SG’s. On the lowest aggregation level, the SKU-store-day level, the 
best method to use for an SG differs between the four measurements. The differences between the 
measurement for the F&R forecast and for the new forecast at this lowest aggregation level are small.  

An explanation for that the lower level forecasts are sometimes better when using F&R, while at the 
highest aggregation levels this is not the case, could be that the (historic) sales are biased. The sales 
depend on the actual order quantities (AOQ’s), the AOQ’s depend on the recommended order quantities 
(ROQ’s) decided on by the forecasting department, and finally, the ROQ’s depend on the F&R forecast 
(Appendix A). The result is that at the SKU level, the sales highly depend on the inventory level for specific 
SKU’s. At higher aggregation levels, the inventory levels for specific SKU’s become less influencing.  

In Table 13, the number of measurements (MAPE, AB, MAD, and RMSE) is given, on which either the F&R 
forecast or the new forecast gives the best results. At total-company-week and total-company-day level, 
there are only 4 measurements. On the other aggregation levels, all SG’s have four measurements. There 
are five SG’s included for the non-promotion weeks and three SG’s for the promotion weeks. As can be 
observed in Table 13, the new forecasting method with step 4b outperforms the current F&R forecast. 
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Table 13 Overview of the number of measurements (MAPE, AB, MAD, and RMSE) on which either the F&R forecast or the 
new forecast gives the best results 

 Non-promotion weeks Promotion weeks 
 F&R New 4a New 4b F&R New 4a New 4b 
Total-company-week  0 4 - - 
Total-company-day 0 4 - - 
SG-company-day  5 15 4 8 
SG-store-day  4 16 3 9 
SKU-store-day 5 3.5 11.5 4 1 7 

 

In this chapter, the new forecasting method is extensively compared to the current forecasting method. 
Nevertheless, it is also valuable to compare the new forecasting method to a more generally used 
forecasting method. It is chosen to compare it to the single exponential smoothing. Because the basis 
used in the new forecasting method is the SG-company-day level, the performance of both methods is 
compared on this level. After testing it is observed that the new forecasting method outperforms single 
exponential smoothing. This result is an additional confirmation of the good performance of the new 
forecasting method. The detailed comparison of the results of both methods can be found in Appendix K. 

 

Part 4: Ordering

 
When a forecast is made for the demand, the next decision is on how many items to order for an SKU in 
a specific store. A forecast will always be subject to uncertainties. To get and maintain a good reputation 
regarding fresh products, availability is of major importance (Ferguson & Ketzenberg, 2006; Heller, 2002). 
To be able to offer a high availability, while the forecast is subject to uncertainties, more products are 
ordered than that are forecasted. This extra inventory hold is in literature noted as safety stock and is 
used as a protection against uncertainties (Nahmias, 2009). These uncertainties are divided into demand 
uncertainties and lead time uncertainties. Because bread is a daily fresh product, uncertainties in lead 
time are not within the scope of this research. This leaves demand uncertainties as the most important 
driver to order more products than forecasted. Due to the daily fresh characteristic of bread, 
understocking directly leads to a low availability, while overstocking directly leads to waste. A tradeoff 
must be made between availability, or service level, and waste, by considering the profit related to that. 

An earlier study at a Dutch retailer found that substitution in case of OOS for loaves is 84%, which is higher 
than for other products (van Woensel et al., 2007). The forecasting part of this research showed that the 
use of SG’s as a basis resulted in a good performance. Combining this with the high substitution willingness 
for loaves, it is decided to start with the determination of the order quantities on the SG-store-day level. 
First, an NVP method is used to do this, which is described in Chapter 12. Afterward, a simpler method is 
tested that is based on different ways to round the forecast in Chapter 13. Finally, the conclusions of the 
ordering part are given in Chapter 14. 
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12. Subgroup level order quantities: newsvendor problem 
The methodology used in this chapter is based on the newsvendor problem. In Section 12.1, the method 
used to decide on the order quantities on the SG-store-day level is described. Thereafter, the results for 
different scenarios are discussed in Section 12.2. An overview of the assumptions in the ordering part can 
be found in Appendix L. 

An assumption that is made in the determination of the results in this chapter is that there is 100% 
substitution of the demand between SKU’s in case of OOS. This is done because the sales depend on the 
actual inventory and, in addition, do not necessarily represent the demand, combined with the high 
substitution willingness for loaves found by van Woensel et al. (2007). It is assumed that the 
cannibalization first occurs within an SG, and if applicable, later between SG’s. The order in which the 
substitution occurs from other SG’s is assumed to be: SG 3  SG 2  SG 1  SG 4  SG 5. It can be 
observed in Table 3 in Section 10.2.2 that the cannibalization effect of SG 3 is stronger on SG 1 and SG 2 
than the other way around. In addition, the cannibalization effect of SG 2 is stronger on SG 1 than vice 
versa. Furthermore, the sales in SG 1 till SG 3 account for about 80% of the total sales and in addition 
account for this biggest part of the revenue. Based on that, it is assumed that these are the most important 
ones and these three SG’s are placed before SG 4 and SG 5. Moreover, the SKU’s in SG 2 and SG 3 are most 
comparable in terms of the form of the loaves, the quality, and the price. Of the first three SG’s, SG 3 has 
the middle price, SG 2 the lowest and SG 1 the highest. Using the information described combined with 
personal judgment based on characteristics of the SG’s, the order of the substitution is decided on. The 
formulas used to include the substitution process can found in Appendix M. 

A final important note is that in this chapter and the following chapter is referred to the sales instead of 
to the demand. In the original method of Cachon and Terwiesch (2013), the demand is used in the 
formulas but there the lost sales are recorded. However, in this study the actual lost sales are not known. 
Because it is observed that the current waste percentage at Jan Linders is high, it is assumed that the 
number of actual lost sales is limited. Combining this with a high substitution willingness for loaves and 
that the SG level is considered instead of the SKU level, it is a reasonable assumption that the sales on the 
SG-store-day level are about equal to the actual demand.  

12.1 Method  
The newsvendor problem (NVP) could help to find an answer to the question of how to decide on the 
order quantities. Because the lifetime of loaves is only one day, the problem can be characterized as a 
single-period NVP. A classical single-period NVP can be used to determine the optimal inventory levels 
(Arrow, Harris, & Marshak, 1951). With the classical single-period NVP, the optimal order quantity is 
determined to maximize the expected profit. A trade-off is made between shortage and waste costs. In 
the classical NVP, probabilistic demand is assumed and left inventory at the end of the day is sold with a 
discount or is disposed of (Nahmias, 2009).  

Next, an NVP method to determine the order quantities, based on Cachon and Terwiesch (2013), is 
discussed. The order quantities on the SG-store-day level are determined by using the following steps. In 
those steps, the difference with the original method of Cachon and Terwiesch (2013) is discussed. 
Different scenarios are tested to see the effect of decisions that have to be made. 

Step 1.   Determine the AF-ratio on data from 2017. The forecast that is obtained using the 
method developed in the forecasting part of this research will be used because variables explaining 
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differences in the sales are included in that forecast. Cachon and Terwiesch (2013) came up with a method 
to include both the information of the forecast and of the historic demand. As discussed in the 
introduction of this chapter, the demand in the formulas of Cachon and Terwiesch (2013) is replaced by 
the sales. The AF-ratio is used to measure the relative forecast errors and is determined by dividing the 
sales by the forecast on the SG-store-day level (formula 21). Next, the mean and standard deviation of the 
AF-ratio over all days and weeks of 2017 are determined (formula 22 and 23). In the example in the book 
by Cachon and Terwiesch (2013), there was a one-time measurement of the AF-ratio for multiple 
products. However, in this case, there are multiple time measurements of all products. To use as much 
information as possible, the average AF-ratio over all included time measurements are used (formula 22) 
instead of the AF-ratio of one specific event. The standard deviation Cachon and Terwiesch (2013) 
considered, was determined over the AF-ratios of different products. For the same reason as just 
discussed, that there are multiple time measurements, the standard deviation is determined for every SG 
specific over all included time measurements (formula 23). Formula 22 and formula 23 are determined 
separately for the regular weeks and the promotion weeks.   

𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔

𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
  ( 21 ) 

𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠,𝑔𝑔 =  1
((#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠) ∗ 6 )

∗  ∑ ∑ (𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔)#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1 

6
𝑑𝑑=1   ( 22 ) 

𝜎𝜎𝐴𝐴𝐹𝐹 𝑓𝑓𝑠𝑠𝑓𝑓𝑖𝑖𝑜𝑜𝑠𝑠,𝑔𝑔 =  � 1
((#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠) ∗ 6 )

∗ ∑ ∑ (𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 − 𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠,𝑔𝑔)2#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1   ( 23 ) 

Step 2.   Determine the expected mean and standard deviation of the sales for 2018 assuming a 
normal distribution. The mean and the standard deviation of the AF-ratio are used from 2017. These are 
used to determine the mean and standard deviation of the expected sales in 2018 using formula 24 and 
formula 25. Cachon and Terwiesch (2013) do the same, only, such as discussed in step 1, their input of the 
AF-ratio and the sigma is different.  

𝑀𝑀[𝜇𝜇𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] = 𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠,𝑔𝑔 ∗ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔   ( 24 ) 

𝑀𝑀[𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] =  𝜎𝜎𝐴𝐴𝐹𝐹 𝑓𝑓𝑠𝑠𝑓𝑓𝑖𝑖𝑜𝑜𝑠𝑠,𝑔𝑔 ∗ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔     ( 25 ) 

With the method used, it is not possible to do a normality test because no sample of data is available but 
only the mean and standard deviation. However, the variation coefficient combined with the expected 
mean (formula 24) could give an indication of whether the assumption of normality is reasonable. A low 
variation coefficient (Table 14) in combination with a high mean (Table 15) indicates a limited variation in 
the sales. The variation coefficient of SG 5 is high while the mean is very low. This was already expected 
because of the low number of SKU’s and low sales in this SG. As a result, it is questionable if the data for 
this SG is normally distributed. In addition, in the following steps was found that the profit becomes 
negative if the cu in step 3 is set at 1.4 or higher. Because of that, the profit showed in the graphs in the 
rest of this chapter is without SG 5.  

In Chapter 9, where the assumptions of the linear regression were checked, among other things, the 
histograms of the SG-company day sales are visually judged on the fit with normality. These histograms 
can be found on page 69 and 70 of this report. Based on these histograms, the sales on the SG-company-
day level are assumed to be normally distributed. The two peaks in those histograms represent the 
promotional sales and the non-promotional sales. Both situations are considered separately in terms of 
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the AF-ratio and its standard deviations. Interpreting the histogram of the sales on the SG-store-day level 
would be very time-consuming because there are about 60 stores and 5 SG meaning 300 histograms 
should be evaluated. Because of that, it is assumed that, because the sales on the SG-company-day seem 
to be normally distributed, and based on the average variation coefficient (Table 14) and the average 
𝑀𝑀[𝜇𝜇𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] (Table 15), that the results of formula 24 and formula 25 are normally distributed.  

Table 14 The average, median, minimum, and maximum variation coefficients based on the results of formula 24 and 25 
 

Non-promo 
   

Promo 
  

SG 1 SG 2 SG 3 SG 4 SG 5 SG 1 SG 2 SG 3 
Average 15% 16% 19% 21% 53% 20% 16% 19% 
Median  13% 14% 17% 19% 52% 19% 14% 17% 
Minimum 9% 11% 11% 11% 37% 12% 9% 11% 
Maximum 37% 42% 39% 46% 85% 45% 42% 38% 

 

Table 15 Average expected mean determined using formula 24 
 

SG 1 SG 2 SG 3 SG 4 SG 5 
Average 𝑬𝑬[𝝁𝝁𝑹𝑹,𝒘𝒘,𝒔𝒔,𝒈𝒈] 83.8 63.8 51.1 27.0 3.0 

 

Step 3.   Determine the critical ratio based on the overage and underage costs. In this step, the 
input for different scenarios can be decided on. The overage costs are the waste costs per loaf and the 
underage costs are the penalty costs per loaf if the sale of a loaf is not met. Fixed overage costs of one are 
taken (formula 26), while the underage costs, or the penalty costs, are varied (formula 27). In this way, 
the critical ratio can be varied (formula 28). The critical ratio represents the probability that the sales are 
less than or equal to the order quantity and is also used in Cachon and Terwiesch (2013).  

𝑠𝑠𝑜𝑜 = 𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠; 𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑒𝑒𝑑𝑑𝑠𝑠𝑙𝑙 𝑠𝑠𝑠𝑠 1  ( 26 ) 

𝑠𝑠𝑠𝑠 = 𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑑𝑑 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠;𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑 𝑛𝑛𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠 1 𝑠𝑠𝑠𝑠𝑑𝑑 3.3 𝑙𝑙𝑑𝑑𝑠𝑠ℎ 𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠 𝑠𝑠𝑜𝑜 0.1  ( 27 ) 

𝐶𝐶𝑅𝑅 =  𝑓𝑓𝑐𝑐
(𝑓𝑓𝑐𝑐+𝑓𝑓𝑠𝑠)

  ( 28 ) 

Step 4.   Determine the optimal order quantities based on the CR found in step 3. In this final 
step, the optimal order quantities are determined. Based on the cumulative distribution function (CDF) 
assuming a normal distribution (formula 29), the inverse distribution function (IDF) is determined when 
the CR is used as input. This IDF is round up to find the optimal order quantity, see formula 30. This step 
is the same as suggested by Cachon and Terwiesch (2013). 

𝐶𝐶𝑀𝑀𝑠𝑠 = 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔(𝑄𝑄) = 1
√2𝜋𝜋∗𝐸𝐸[𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔]

∗ ∫ 𝑠𝑠
−�

�𝑄𝑄 −𝐸𝐸[𝜇𝜇𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔]�
2

2∗𝐸𝐸[𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔]2 �
𝐴𝐴
0 𝑑𝑑𝑑𝑑   ( 29 ) 

𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
∗ = 𝐼𝐼𝑀𝑀𝑠𝑠 = �𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔

−1 (𝐶𝐶𝑅𝑅)� = �𝑀𝑀[𝜇𝜇𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] + 𝑘𝑘 ∗ 𝑀𝑀[𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔]�;           𝑙𝑙𝑑𝑑𝑠𝑠ℎ 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔(𝑘𝑘) = 𝐶𝐶𝑅𝑅,
where k can be found in the Z − table of a normal distribution  ( 30 ) 
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12.2 Results newsvendor problem method  
In this section, the results are discussed of the method described in the previous section. As was already 
discussed in Section 5.3, the performance measures on which is reported are the profit, the waste 
percentage, and the lost sales percentage (formula 6 till 11).  

12.2.1 Results of the method described in section 12.1 
The results are tested for different CR values. In this way the importance of the lost sales compared to the 
waste is varied. An overview of the profit, waste percentage and lost sales percentage for different values 
of the CR is given in Figure 10. Each bar of the profit in that figure is obtained for one value of the CR 
tested, where the lowest CR value tested is 0.09 and the highest 0.77. According to the method described 
in the previous section, the optimal situation in terms of profit (green bar) results in a waste percentage 
that is only a quarter of the waste percentage norm and a lost sales percentage of 7.5%. This is obtained 
when the CR is set at 0.33, which means that the probability that there is enough inventory to meet all 
demand for an SG in a store is only 33%. 

 

Figure 10 Results ordering method on the SG-store-day level in terms of average weekly profit (€), average waste percentage 
(loaves) and average lost sales percentage (loaves) 

It is expected that the reason that a low CR value gives the highest profit, combined with a very low waste 
percentage and a high lost sales percentage, is caused by the selling price and the purchase costs. Based 
on these two values, the profit per loaf sold and the waste costs per loaf wasted are determined. It was 
found that the waste costs are much higher than the profit per loaf. As a result, wasting loaves is relatively 
much more expensive than meeting demand. However, customers must be disappointed, which in the 
long term can result in less demand when customers go buy their loaves somewhere else. This is not 
included in the determination of the profit reported in Figure 10. Concluding this, it is not recommended 
to only consider the highest expected profit. Instead, a tradeoff has to be made between the lost sales, 
and with that the service level, and the profit. This is a strategic decision concerning the longer-term 
effects. The analysis done gives insights into what the effect of different decisions is. It shows what the 
expected effect on the profit is if a higher service level is chosen.  

The orange bar on the right in Figure 10 represent the actual realized situation. First, it is observed that 
the profit is one of the lowest represented. Second, the waste percentage is higher than the norm of Jan 
Linders. The lost sales percentage cannot be determined for the current situation because the lost sales 
percentage determined for the different scenarios is based on the actual sales. However, the actual lost 
sales are not recorded, which means that potential extra sales cannot be identified. These potential extra 
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sales can be the case when the current inventory at a store on a day is equal to the actual sales, while in 
some scenarios tested, more inventory is placed in a specific store and day. The lost sales percentage for 
the scenario with about the same profit as the current situation resulted in a lost sales percentage of 0.7%.  

12.2.2 Weekday specific AF-ratio  
In the method described in Section 12.1, one AF-ratio is determined over all weekdays. This means that 
the same behavior is assumed on all weekdays. Although, it can be the case that there is a difference 
between weekdays. For that reason, in this section, the added value of using a separate AF-ratio for the 
different weekdays is determined. To do this, formula 22 till 25 in step 1 and 2 of the method described 
in Section 12.1 are replaced by formula 31 till 34.  

𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑠𝑠,𝑔𝑔 =  1
((#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠))

∗  ∑ (𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔)#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1   ( 31 ) 

𝜎𝜎𝐴𝐴𝐹𝐹 𝑓𝑓𝑠𝑠𝑓𝑓𝑖𝑖𝑜𝑜𝑑𝑑,𝑠𝑠,𝑔𝑔 =  � 1
((#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠))

∗ ∑ (𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 − 𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑠𝑠,𝑔𝑔)2#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1   ( 32 ) 

𝑀𝑀[𝜇𝜇𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] = 𝑀𝑀𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑠𝑠,𝑔𝑔 ∗ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔   ( 33 ) 

𝑀𝑀[𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] =  𝜎𝜎𝐴𝐴𝐹𝐹 𝑓𝑓𝑠𝑠𝑓𝑓𝑖𝑖𝑜𝑜𝑑𝑑,𝑠𝑠,𝑔𝑔 ∗ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔     ( 34 ) 

Were the method with the AF-ratio on week level is determined for many different scenarios, here only 8 
scenarios in step 3 are tested in a range around the norm of Jan Linders. For step 4 nothing changes. In 
Figure 11 the waste percentage of both the use of the AF-ratio on week level and on weekday level are 
given. For the scenarios in that figure, the lost sales percentage of the two methods is equal and the 
difference in the waste percentage is considered.  

As can be observed in Figure 11, the difference between the two methods is small. The maximum 
difference in the waste percentage when the use of AF-ratios on week level is better is 0.06%, and when 
the use of AF-ratios on weekday level is better, 0.2%. In two scenarios, the method with the AF-ratio on 
the week level is slightly better, in one scenario, they are equal, and in the other 5 scenarios, the method 
with the AF-ratio on weekday level is better. The use of AF-ratios on weekday level makes the method 
more complex, while the improvement is limited. Less complex methods are preferred for the ease of use 
and understandability for the employees of Jan Linders. Hence, the method of using the AF-ratio on week 
level is preferred over the method using AF-ratios on weekday level.  

 

Figure 11 Waste percentage of the NVP with the AF-ratio determined on week level and on weekday level 
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13. Subgroup level order quantities: rounding the forecast 
As discussed above, a less complex method is preferred for the ease of use and the understandability for 
the employees of Jan Linders. Hence, a simpler method is tested in this chapter and its performance is 
compared to the NVP method with the use of AF-ratios on week level as discussed in Chapter 12.  

The first attempt was just to round the forecast on SKU-store-day level obtained. There are three basic 
possibilities in rounding: rounding down, rounding up, and rounding to the closest integer. Because the 
assortment decision is not within the scope of this research, the minimum order quantity for SKU’s in the 
assortment in a store is set equal to 1. The performance is measured on SG level using formula 6 till 11 
(Section 5.3). The same logic is used as discussed in the introduction of Chapter 12. When the forecast is 
rounded up, the waste percentage is 1.8% higher than the norm set by Jan Linders. For this reason, this 
method is undesired. This means that the options of rounding down and rounding to the closest integer 
remain. Both methods resulted in a waste percentage below the norm, where logically rounding down 
results in a lower waste percentage than rounding to the nearest integer. Combined with the lower waste 
percentage, the lost sales percentage is higher and thus the service level lower.  

In practice, one wants to be able to influence what one puts on inventory. The waste percentage in case 
of rounding to the nearest integer is less than half of the current waste percentage at Jan Linders. Because 
rounding up results in a too high waste percentage, while rounding to the nearest integer in a high lost 
sales percentage, a way in between those two should be a better option. This could be obtained when 
rounding the forecast to the nearest integer and divide some extra inventory over the SKU’s. Then the 
question arises on how much this extra inventory should be and how this could be divided. Dividing the 
extra inventory based on the maximizing the profit is not desired because, as discussed in Chapter 12, 
profit maximization is not what is expected to be optimal in the long term as this comes with low service 
levels. Instead, the goal can be to minimize the expected lost sales. Because the aim is to find a simple 
method in this chapter, the following method is tested.  

Depending on how much extra inventory one wants to hold, add a small value to each SKU-store-day 
forecast. The addition of nothing, 0.1, 0.2, 0.3, 0.4 and 0.5 is tested. After this small value is added, round 
the new adjusted forecast to the nearest integer. Note that the minimum order quantity, if a product is 
within the assortment, is set equal to one. This is done because assortment decisions are, as discussed in 
Section 4.6, outside the scope of this research. The maximum addition tested is 0.5 because this is in all 
cases, except the ones where the forecast is already exactly equal to an integer, the same as rounding up. 
The values obtained are the recommended order quantities on the SKU-store-day level. These values are 
summed to get to the SG-store-day level. Thereafter, the same logic as discussed in the introduction of 
Chapter 12 together with the formulas in Appendix M is used to compare this method to the NVP method. 
The performance is measured with formula 6 till 11 (Section 5.3). 

Figure 12 shows the waste percentage of the NVP method with the use of AF-ratios on week level (Section 
12.2.1) and the rounding method just discussed. The cases of the NVP method where the lost sales 
percentage is equal to the ones found in the six options tested with the rounding method are taken. This 
is done because in this way, the difference in the waste percentages between the two methods for equal 
service levels can be tested. It is observed that the simple rounding method performs better than the 
more time involving and complex NVP method discussed in Chapter 12. In addition, an extra step must be 
taken to divide the SG-store-day optimal quantities, obtained with the NVP method, on the SKU-store-
day level. This while the rounding method with a small added value is already on the SKU-store-day level 



46 
 

and is summed to the SG-store-day level to be compared with the more complex method on the SG level. 
The difference in the waste percentage between the two methods for the different options showed in the 
figure is between 0.9% and 1.2%.  

 

Figure 12 Waste percentage of the NVP with the AF-ratio on week level and the rounding method 

 
14. Conclusion ordering methods 
In this chapter, the conclusion of the ordering part is given by answering sub question five and six. 

5. How can the order quantities on the aggregate level and the lower levels of hierarchy be determined 
by taking into account the demand forecast, waste percentage, and availability? 

Two methods are tested in the research. The first one considers the problem as an NVP. This method is 
an adjusted version of the one suggested by Cachon and Terwiesch (2013). In this method, a ratio is 
determined to represent the difference between the forecast and the sales. Next, the standard deviation 
of this ratio is determined. As discussed in Chapter 12, these two values are used to correct the forecast 
and to get the expected mean and standard deviation of the expected sales. This is assumed to be 
normally distributed and using a critical ratio, the order quantities are determined.  

The second method is a simpler method that is based on different ways of rounding the SKU-store-day 
level forecast. First, the effects of rounding up, rounding down and rounding to the nearest integer are 
tested. Thereafter, a rounding method is suggested. To the forecast a small value (≤0.5) is added. The 
additions serve as safety stock and the size of this additions depends on the service level aimed for. After 
adding these values, the forecast is round to the nearest integer.  

In this research, the same addition is used for all SKU-store-day combinations. Nonetheless, different 
additional values can be used for different SKU’s, stores or days. For example, more can be added to 
promotional SKU’s or to new or rebuild stores, such that for those SKU’s or stores a higher service level is 
created. Adding a small value to each SKU-store-day forecast does not directly give inside in what the 
effect is on higher aggregation levels. In Table 16, the average extra inventory is given of the different 
additions, compared to just rounding the forecast to the closest integer without an addition. It shows that 
the average additional inventory on the total-company-day level is between 216 and 1183 loaves 
compared to when the forecast is round without an addition. On the total-store-day level, this is on 
average between 3.6 and 19.7 loaves more than when the forecast is round normally to the nearest 
integer. This is equal to on average 1.5% and 8.3% of the sales, while the MAPE over all stores on total-
store-day level is 9.6%. Note that the MAPE is an absolute measure so represents both positive and 
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negative errors. The AB on the total-company-day level is on average -2.0, which means that the forecast 
is on average 0.8% too high. Combining this, the conclusion is drawn that the values are reasonable.  

Table 16 Average extra daily inventory for additions in the rounding method compared to rounding to the closest integer 
without an addition 

Added value 0.1 0.2 0.3 0.4 0.5 
Average extra inventory 
Total-company-day level 216 436 668 915 1183 
Total-store-day level 3.6 7.3 11.1 15.2 19.7 

 

6. What is the performance expressed in sales, waste, and availability using the proposed method(s)? 

Unexpectedly, it is found that a simple rounding method with small additions gives the best results in the 
combination of the waste percentage and the lost sales percentage. The reason this was unexpected is 
that in the NVP method, there is a correction done for the forecast error and the standard deviation of 
that. When using the NVP method more inventory is assigned to SG-store combinations that experience 
more variation in the demand. The rounding method relies on the accuracy of the forecast and does 
nothing with these variations. A possible explanation for the worse performance of the NVP method could 
be that a normal distribution is assumed with the expected mean and standard deviation (formula 24 and 
25) as parameters. Based on the variation coefficient, the mean and the histograms of the sales on the 
SG-company-day level was assumed that the sales on the SG-store-day level plus a safety stock are also 
normally distributed. However, possibly, this assumption is not valid for all SG-store combinations causing 
the worse than expected behavior. For an equal lost sales percentage in both methods, the difference in 
the waste percentage is between 0.9% and 1.2%.  

 

Part 5: Conclusions and recommendations 

 
In this final part, the conclusions and recommendations are presented. It starts with answering the 
research question and the contributions to the literature in Chapter 15. Thereafter, in Chapter 16, the 
recommendations for Jan Linders and limitations and suggestions for further research are given.  

15. Conclusions 
Based on the insights gained during the research, in this chapter, the research question is answered 
(Section 15.1) and the contributions to the literature are discussed (Section 15.2).   

15.1 Answers to the research question 
The six sub-questions are already answered throughout the report. Now, the results and the answers to 
the sub-questions are summarized to answer the main research question: 

 

 

How can the forecasting and ordering for bread products at a retailer be made more objective in 
order to reduce the waste while offering a desired availability? 
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The objectivity can be improved when external factors are included based on statistics instead of based 
on personal judgment. Regression analyses showed that including the following predictors helps to 
improve the forecast accuracy: average of historic sales, number of products in promotion in a subgroup 
(promotion and cannibalization), holidays, temperature ≥25.0C°, lag effect of deep promotions, and the 
number of stores. For Jan Linders, regression models on the SG-company-day level explain most of the 
variations in the sales. If these models are combined with the average sales of the previous weeks on the 
SG-store-day level and the forecast from F&R, the forecast can be transformed to the SKU-store-day level. 
The forecast obtained outperforms both the current forecast and single exponential smoothing. When to 
the forecast on the SKU-store-day level, which is a non-integer, a small value (≤0.5) is added and thereafter 
this is round to the nearest integer, a control mechanism is created to influence the waste and availability. 
The small additions serve as safety stock and can be varied based on the desired availability and waste.  

15.2 Contributions to scientific literature 
In this section, the research’s contributions to scientific literature are described.  

In this research, the knowledge about the sales behavior on daily fresh products for which customers have 
a high substitution willingness is extended. Where many studies focused on products with other 
characteristics, only a limited number of studies examined which factors explain the variations in bread 
sales. Geboers (2013) considered forecasting of bread products at the store level and focused mainly on 
the school holidays and national events. Peters (2012) considered forecasting the promotional lift factor 
of a product category including bread and pastry products in his research. He included location, 
promotion, product, weather, and holiday variables.  

In the study of Peters (2012), a significant negative effect is found of the number of loaves in promotion 
in a week on the lift factor (cannibalization). This is extended in this research meaning that the loaves 
category is further divided into subgroups including SKU’s that have comparable characteristics. The effect 
of the number of products in promotion in those subgroups is tested for the effect on the sales of both 
promoted and not promoted loaves. This showed that cannibalization effects within and between those 
subgroups are observed that differ in strength. In addition, where Peters (2012) only showed this effect 
on promoted products (lift factor), in this research it is also found to have a significant effect on the not 
promoted products. The number of products in promotion in a subgroup is also used to represent the 
sales uplift effect on the promoted SKU’s.  

Regarding the temperature, Peters (2012) did not find an effect of temperature on the sales, but Geboers 
(2013) actually found an effect of different temperature clusters but did not include it in the forecasting 
models. In this research, it is found that the temperature as an absolute value does not significantly 
influence the bread sales, which is consistent with Peters (2012). Nevertheless, the use of a binary variable 
indicating a temperature of 25.0C0 or more has a significant negative effect in most regression models, 
meaning that on hot days the sales of bread are lower. A final effect that was not found to be tested for 
bread products before but is found to have a significant negative effect on the sales of loaves, is the lag 
effect of deep promotions (in this study: 4 loaves for a deeply discounted price). The logic behind this is 
that people will buy 4 loaves, although not all customers consume 4 loaves in a week. As a result, 
customers store some of the loaves in their freezer and the week(s) after such a promotion fewer loaves 
are sold. Finally, as was found in the studies of Geboers (2013) and Peters (2012), holidays are found to 
have a significant negative effect on the sales of loaves.  
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Previous forecasting model mostly focused on one aggregation level. In this study regression models are 
designed for multiple aggregation levels. This showed that for loaves, the explanatory power of the 
models on subgroup supply chain (day) level result in the highest 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values (between 0.697 and 0.947). 
Based on the regression model on this aggregation level, including information from other aggregation 
levels, a forecasting method is proposed and tested. On the total-company-day level, a MAPE of 5.1% is 
realized with this method, while with a regression model on that level, a MAPE of 15.3% was found.  

 
16. Recommendations 
In this final chapter are the conclusions of the research summarized. It starts the recommendations for 
Jan Linders in Section 16.1. Thereafter, the limitations of the research and suggestions for future research 
are discussed in Section 16.2. 

16.1 Recommendation for Jan Linders 
The following recommendations are given to Jan Linders based on the research: 

• Replace the current judgmental forecasting and ordering method by the proposed new objective 
method. Instead of considering effects based on the experience of the forecaster, these can with 
the new method be included based on the results of the regression analysis.  

• Use different aggregation levels in the forecasting and ordering process and combine top-down 
and bottom-up methods.  

• Use the SG-company-day level as the basis for the forecast. At this level, the explanatory power 
of variations in the sales is found to be the highest.  

• Forecast and order ‘normal’ weeks centrally and limit individual store adjustment possibilities. 
When the forecast can centrally be improved, less time is needed for individual store adjustments 
and with that lower costs.  

• Forecast and order in special events like national holidays or local events using a combination of 
central and local information. These special events are harder to forecast centrally because less 
historic data is available for comparable weeks. Therefore, it is expected that in special weeks or 
on special days the added value of individual store information is of importance.  

• Currently, the forecasting department provides the recommended order quantities for all 
weekdays the week before a sales week. It can only influence the forecast during a sales week 
when it has started for Friday, Saturday, and Sunday due to the current process of ordering in the 
stores. With this low influence during a week, the central power to adjust for new promotion or 
weather information is low. When the process can be adjusted, the central power to make 
adjustments to the recommended order quantities during the week increases. 

• Implementation plan: pilot the use of the new method that is proposed in this research in a limited 
number of stores (e.g. a small, a middle, and a large size store). During this pilot, possibly new 
insights can be gained, which can be used to further improve the method. Problem can be 
observed and the method can be finetuned. Next to that, compare the performance of the pilot 
stores, to that of the other stores to see if in reality (instead of in theory) the new method is better 
than the current method.  

• Despite that it is not studied in detail, it is recommended to make use of the selling-out-times in 
the forecasting and ordering process for loaves. A possibility is to increase the forecast with a 
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given percentage when the selling-out-time is before a certain moment. In this way, potential lost 
sales can be revealed.  

16.2 Limitations and future research 
In this section are the limitations and suggestions for future research discussed.  

In this research, only one product group is included. However, the use of different aggregation level in the 
forecasting and ordering process can also be beneficial for other products groups for which substitution 
and cannibalization are expected. Groups like small bread, pastry and meat do also have regular 
promotions and substitution and cannibalization is also expected to be observed for those product groups. 
In addition, it should be interesting to test a comparable method for loaves at other retailers to see if it is 
more generally applicable.  

In the regression analysis, it is found that the models on the store level have one very strong predictor 
compared to the other predictors. This predictor is the average sales of loaves in previous weeks in the 
stores. If the dependent variable is adapted to account for this, the explanatory power of the model drops 
strongly. The expectation is that different stores react in a different way to e.g. promotions and the 
weather. It should be interesting to do an analysis on store characteristics to find out if this different 
behavior could be explained.  

The step in the new forecasting method to go from the SG-store-day level to the SKU-store-day level is 
currently based on information from the ASO system (F&R) at Jan Linders. To make the method more 
generally applicable, a valuable addition to the method would be to find other methods to distribute the 
forecast from the SG level to the SKU level.  

The regression models on the SG-company-day level obtained as discussed in Chapter 10 (and Appendix I 
and J) are based on historic sales data. This means that historic sales are assumed to be a good 
representation of future sales. However, customer perspectives could change, or trends could arise. These 
developments in the market should be followed and, if changes are observed, reevaluation of the 
parameters in the regression models is desired.  

To represent the previous sales, the average of the previous 9 weeks is taken in the study. This was done 
because this is also currently used at Jan Linders. Unless it is not tested, other periods are also possible to 
represent the same effect. It could be tested if changing this period affects the forecasting accuracy.  

In this research, the selling-out-times are not included due to the limited time span of the study. 
Nevertheless, this is valuable information because it can show potential lost sales. Therefore, correcting 
the order quantities for SKU’s that were early stocked-out could be beneficial.   

In the ordering part of this research, 100% substitution in case of OOS is assumed. The study of van 
Woensel et al. (2007) found that this was for loaves at another Dutch retailer in reality only 84%. 
Therefore, the waste reported in Chapter 12 and 13 can, in reality, be slightly higher.  

The sales used as input for the research are not necessarily equal to the actual demand. Lost sales are not 
recorded and substitution occurs. This makes it hard to compare the order quantities of a new method on 
the SKU-store-day level to the current ordering method.  
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Appendix A Overview current forecasting and ordering process 
The most understandable way of explaining the manual adjustments is based on the steps performed on 
different days of the weeks. A visual representation of the total process of forecasting and ordering is 
given in Figure 13. In addition, a detailed visual representation of the correction process to decide on the 
recommended order quantities is given in Figure 14. These two figures can be found at the end of this 
appendix. It should be noted that the current forecasting and ordering process are integrated and cannot 
be referred to individually. The reason for this is that a total amount to order quantities is agreed on and 
this is used to transform the forecast from the ASO system to order quantities. Only the forecast from the 
forecasting system F&R can be seen as a forecast that does not include a safety stock. All other determined 
values in this appendix include a safety stock.  

Monday: KPI assessment 
On Monday, the key performance indicators (KPI’s) sales, waste, availability, and selling-out-times (SOT’s) 
are checked. The sales and waste in monetary value and in pieces are registered. This is compared to the 
waste percentage norm for loaves set by the company. In addition, the SOT’s are registered to give inside 
in the availability of the products. Also norms for the availability and SOT’s are defined. All these KPI’s are 
considered on the total company level per week, total company level per weekday, and store level per 
week. Non-logical values are detected by looking through the overviews. For example, new stores are 
allowed to have a higher waste in the beginning weeks. Therefore, the waste of the first weeks is deleted 
from the results.  

Latest on Wednesday: agreement on the total amount with commerce 
Latest on Wednesday, the expected sales of the next week at the company level for the SG’s are 
determined by the forecasting department. This is done based on the promotions of the coming week. 
Historic sales of weeks with promotions of the same products are looked up. On average 4 or 5 of such 
previous weeks with comparable promotions are checked. The number of weeks used is based on the 
experience and opinion of the forecaster. He takes these comparable weeks, the time of the year and a 
growing trend of the sales within Jan Linders into account when making a proposal. This proposal is for 
both promotional and non-promotional products. Note that no formulas lay behind this proposal, it totally 
depends on the judgment of the forecaster. The proposal is sent to the commercial department. If the 
commercial department agrees with the proposal, the next step can be taken, which is done at the latest 
on Thursday.  

Latest on Thursday: corrections 
In this stage, the agreed number of products with the commerce department of the previous stage is 
combined with the automated forecast of F&R and the sales of previous weeks. The method used will be 
discussed next. Recommended order quantities (ROQ’s) on the SKU-store-day level are the result of this 
stage. These ROQ’s include both expected sales and a safety stock. For loaves, the aim of the store is not 
to be completely sold out at the end of the day. They want at any time of the day, also just before closing, 
to have some inventory of loaves to meet the demand of customers. Because bread is a daily fresh product 
for which an end-inventory is desired, just ordering the expected demand is not sufficient. Due to the high 
number of SKU’s within the assortment and low demand for specific types of bread, not every SKU in a 
store gets a safety stock. The method on how to decide on safety stocks is discussed next. A detailed visual 
overview of this specific part of the entire process is shown in Figure 14. 
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For every weekday, except Sunday, a forecast per store is calculated by the forecaster. The total sales in 
the number of loaves sold on the desired weekday in the previous 9 ‘normal’ weeks in individual stores 
are considered. Under ‘normal’ weeks the forecasting department understands weeks without holidays, 
events or a so-called ‘Tassenactie’ (bag promotion). This bag promotion is a promotion in which a bag can 
be filled with four loaves and the price of this bag is much lower compared to the normal price for four 
loaves. The previous 9 ‘normal’ weeks are used to calculate an average and standard deviation as in 
formula 35 and 36. It is then checked whether there are outliers within these ‘normal’ weeks. An 
observation is marked as an outlier when the store sales for a weekday are 30% higher or lower than the 
average sales on that weekday over the 9 weeks. Again, the norm is based on feelings. The outliers are 
tackled by slightly adjusting the outlier, with trial-and-error, to be within the range of 30% higher or lower 
than the average sales. If outliers are corrected, again formula 35 and 36 are used to determine the 
average sales and standard deviation for all individual stores.  

𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠 =  ∑ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠
𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−10
𝑤𝑤=𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1

9
  ( 35 ) 

𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠 = �∑ (𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠��������𝑑𝑑,𝑤𝑤,𝑠𝑠)2𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−10
𝑤𝑤=𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1

9
   ( 36 ) 

There is a bakery ordering-help-tool supplied by the supplier, which gives indexes per store per day. These 
indexes correct for trends or changes in sales at specific stores and are used to adjust the average sales 
(see formula 37).  

𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 =  𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠 ∗ 𝑑𝑑𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑑𝑑,𝑤𝑤,𝑠𝑠  ( 37 ) 

It is assumed that the sales follow a normal distribution. This means that the cumulative distribution 
function (CDF) of is as given in formula 38. The result of the CDF is the probability that a random variable 
(X) is less than or equal to the considered 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑. Using the inverse of the CDF, the inverse 
distribution function (IDF), it can be found what value of 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 would make the CDF return a 
certain probability. If 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 is lower than 150 loaves, that probability is set at 78%, otherwise, 
it is set at 83% (see formula 39). That probability is inputted in the IDF and the result is set as the forecast, 
which is done for all weekdays and for every store separately (formula 40). 

𝐶𝐶𝑀𝑀𝑠𝑠 = 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠(𝑋𝑋) = 1
√2𝜋𝜋∗𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠

∗ ∫ 𝑠𝑠
−�

�𝑋𝑋 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠��������𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑�
2

2𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠
2 �

𝑋𝑋
0 𝑑𝑑𝑑𝑑   ( 38 ) 

𝑑𝑑𝑜𝑜 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠 < 150,𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠 = 0.78; 𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠 = 0.83    ( 39 ) 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑤𝑤𝑜𝑜𝑓𝑓𝑠𝑠.𝑑𝑑𝑖𝑖𝑠𝑠𝑓𝑓 = 𝐼𝐼𝑀𝑀𝑠𝑠 = 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠
−1 (𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠) =  𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠�������𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 + 𝑘𝑘 ∗

𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠;           𝑙𝑙𝑑𝑑𝑠𝑠ℎ 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠(𝑘𝑘) = 𝑋𝑋, where k can be found in the Z − table of a normal distribution ( 40 ) 

F&R makes a forecast on the SKU-store-day level. This information is first transformed to totals on 
company level for the SG’s for a week (formula 41). That is the same level as the agreement made with 
commerce, as discussed on the previous page. A variable for every SG within the main group ‘Grootbrood’ 
(loaves) is created, which is originally set equal to the agreement with commerce (formula 42). A group 
factor is then calculated by dividing this variable, by the forecast based on F&R on the same level (formula 
43). Now an adjusted forecast on the SKU-store-day level is made by multiplying that group factor, of the 
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SG to which an SKU belongs, by the original forecast of F&R (formula 44). Afterward, this forecast is also 
transformed to total-store-day level (formula 45). Now a store factor is calculated by dividing 
𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑤𝑤𝑜𝑜𝑓𝑓𝑠𝑠.𝑑𝑑𝑖𝑖𝑠𝑠𝑓𝑓 (formula 40) by the forecast from formula 45 (see formula 46). 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅𝑤𝑤,𝑔𝑔 = ∑ ∑ ∑ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔
#𝑝𝑝𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1    ( 41 ) 

𝑝𝑝𝑠𝑠𝑑𝑑𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠𝑤𝑤,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔   ( 42 ) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑖𝑖𝑤𝑤𝑚𝑚𝑠𝑠𝑓𝑓𝑖𝑖𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔

𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝐹𝐹𝑓𝑓𝑤𝑤,𝑔𝑔
   ( 43 ) 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 ∗ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔    ( 44 ) 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 = ∑ ∑ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑
5
𝑔𝑔=1

#𝑝𝑝𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1    ( 45 ) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠 = 𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑐𝑐𝑠𝑠𝑠𝑠𝑛𝑛.𝑑𝑑𝑖𝑖𝑠𝑠𝑠𝑠
𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑠𝑠𝑑𝑑𝑎𝑎𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑

  ( 46 ) 

The store factor is used to round the adjusted forecast on the SKU-store-day level to integers. The adjusted 
forecast is rounded to whole loaves based on the following formula:  

𝑅𝑅𝑙𝑙𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 = �(𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔,𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 ∗ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠 ∗

(1.2 
1

�𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔,𝑠𝑠𝑑𝑑𝑎𝑎𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑∗ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠�
1.4

)�    ( 47 ) 

Finally, the ROQ on the SKU-store-day level is translated to company SG level for an entire week (formula 
48). This is compared to the desired number of loaves agreed on with commerce, also on the SG-company-
week level (formula 49). For the SG’s farmers loaves (SG 1) and bus loaves (SG 2), the 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑤𝑤,𝑔𝑔 should be 
close to 96%, while for the other SG’s it should be close to 100%. In addition, the 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑠𝑠 (formula 50), 
which is on the total-company-week level, should be around 106-107%. The decision if it is close enough 
to the desired percentage, is based on personal judgement.  

𝑅𝑅𝑙𝑙𝑄𝑄𝑤𝑤,𝑔𝑔 =  ∑ ∑ ∑ 𝑅𝑅𝑙𝑙𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔
#𝑝𝑝𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1   ( 48 ) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑤𝑤,𝑔𝑔 = 𝑓𝑓𝐴𝐴𝐴𝐴𝑤𝑤,𝑔𝑔

𝑠𝑠𝑠𝑠𝑖𝑖𝑤𝑤𝑚𝑚𝑠𝑠𝑓𝑓𝑖𝑖𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔
∗ 100%  ( 49 ) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑠𝑠 =
∑ 𝑓𝑓𝐴𝐴𝐴𝐴𝑔𝑔,𝑤𝑤
5
𝑔𝑔=1

∑ 𝑠𝑠𝑠𝑠𝑖𝑖𝑤𝑤𝑚𝑚𝑠𝑠𝑓𝑓𝑖𝑖𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑔𝑔,𝑤𝑤
5
𝑔𝑔=1

∗ 100%  ( 50 ) 

If these desired percentages are not reached, the 𝑝𝑝𝑠𝑠𝑑𝑑𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠𝑤𝑤,𝑔𝑔, which were originally set equal to 
agreed values with commerce, are varied using trial-and-error. This is done based on the experience of 
the responsible employee to reach the desired percentages. These 𝑝𝑝𝑠𝑠𝑑𝑑𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠𝑤𝑤,𝑔𝑔 (formula 42) for all 
SG’s influence the store factors (formula 46), which in their turn are used in the determination of the 
𝑅𝑅𝑙𝑙𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 (formula 47). The steps described before should be gone through again to determine the new 
percentages. Jan Linders uses an Excel file in which the variables can be changed. After changing one or 
more variables the document will determine the new result by itself. Note that the determination after 
changing the variables takes 15 minutes and this has normally to be repeated for 3-5 times.  
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If finally, the desired percentages are reached, the 𝑅𝑅𝑙𝑙𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 are placed in F&R, replacing the original, 
F&R forecast. The forecast that is from that moment on in F&R, is also the forecast that the order 
representatives of the store will get. 

 
Adjustments of order quantities during the promotion week itself 
When the promotion week has started, the forecasting department can still adjust the recommended 
order quantities for the stores. This can be done when the sales observed are much higher or lower than 
expected. However, the adjustment possibilities for the forecasting department are limited due to the 
current process. The actual order quantities (AOQ’s) should be in the system the day before the desired 
delivery day before 10.00 A.M. Because the stores have the final decision in the amount ordered for 
individual stores, the forecasting department needs to have its forecast in the system 2 days before the 
desired delivery day. This, for example, means that for the delivery on Wednesday, Tuesday morning 
before 10.00 A.M. the adjustments of the stores (AOQ’s) should be placed in F&R. As a result, this means 
that the latest possibility of the forecasting department to adjust the forecast for Wednesday is on 
Monday. After an interview with the responsible forecaster for bread at Jan Linders, it became clear that 
he needs at least 2 days of sales before he changes the forecast for the rest of a week. He does this 
because he says that the sales on only one day can vary a lot and are not necessarily a good representation 
of the rest of the week's sales. Besides, he said that two days are also unreliable sometimes, but at least 
he has some more information and he only makes small changes. Note that this is all based on personal 
judgment. The result is that only the forecast for Friday, Saturday and Sunday can be improved during the 
week. This is because on Wednesday there are 2 days of sales available of that week, that is the earliest 
moment the forecaster can adjust its forecast, but the earliest the stores can benefit from that is on 
Thursday morning when they are ordering for Friday.  
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Figure 13 Overview of the current forecasting and ordering method for loaves 
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Figure 14 Overview of the current method to determine the recommended order quantities (ROQ’s) for loaves 
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Appendix B Current forecasting process for BO loaves 
The bake-off (BO) loaves are baked in the individual stores. This means that these loaves are delivered 
unbaked. The unbaked loaves can be held in inventory for some time and this means that there is a lower 
risk of holding some more safety stock in the stores. However, it costs time to prepare these loaves before 
they can be baked. This means that they cannot be directly be sold out of the ‘extra stock’. But the 
response time for higher than expected demand for these loaves is reduced from 1 day to some hours, 
which provides more flexibility. Also, if the demand is lower than expected, the unbaked loaves do not 
have to be baked in the amount as originally forecasted but can be held in stock longer. It is important to 
note that the BO loaves have two types of inventory: the unbaked inventory that can be held for more 
than one day, and the baked inventory that can only be held for one day.  

The current process for the forecasting of the BO loaves is much shorter and simpler than the entire 
process described in Appendix A. BO loaves are forecasted and ordered in a comparable manner to that 
described for Sundays. The forecast from F&R is guiding for this group of products. Only when there is a 
promotion for one of the products within this group the forecasting department adjusts the forecast from 
F&R. Promotions for the products within this group are much scarcer than for the products in the main 
group ‘loaves’. When one of the products from the BO loaves group is promoted, in the same way as for 
‘loaves’, based on comparable historic weeks, an SG-company-week level amount is agreed on with the 
commerce department. If the commerce department accepts this proposed amount, the F&R forecast is 
increased using a lift factor (formula 51 and formula 52). Thereafter, the stores can again choose to adjust 
the ROQ’s into AOQ’s if they feel that the ROQ’s are not appropriate. 

𝑙𝑙𝑑𝑑𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑖𝑖𝑤𝑤𝑚𝑚𝑠𝑠𝑓𝑓𝑖𝑖𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔− 𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝐹𝐹𝑓𝑓𝑤𝑤,𝑔𝑔

𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝐹𝐹𝑓𝑓𝑤𝑤,𝑔𝑔
  ( 51 ) 

𝑅𝑅𝑙𝑙𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔 =  𝑙𝑙𝑑𝑑𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 ∗  𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑖𝑖,𝑔𝑔   ( 52 ) 

A disadvantage of the characteristics of these loaves is that the delivery day is not necessarily the day the 
loaves are baked and put in the stores to be sold. Actually, it is even more likely that these days are 
different because the loaves need some preparation time before they can be baked. There is no data 
available of the number of baked loaves available for the customers at the beginning of the day. In 
addition, during the day loaves could have been sold out, while later new loaves are baked, and new 
inventory is created. Besides, the waste is not always registered properly for these products. Hence, there 
are no accurate data available on the availability and waste of these products. In addition, the forecasts 
for this type of loaves in historic weeks are not saved. Therefore, the new forecast cannot be compared 
to the current forecast. Nevertheless, in the forecasting part in this study, the BO loaves are included and 
compared to the actual sales.  
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Appendix C Current performance measurements at Jan Linders 
Waste 
Within the company, there are two methods to determine the waste percentage. These two methods give 
different results. The first is in monetary value, which is used for KPI reporting. With this method, the 
waste is expressed in Euro and is determined by:   

𝑎𝑎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐸𝐸𝑠𝑠𝑓𝑓𝑜𝑜 =  𝑊𝑊𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠 𝑖𝑖𝑤𝑤 𝐸𝐸𝑠𝑠𝑓𝑓𝑜𝑜
𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑤𝑤 𝐸𝐸𝑠𝑠𝑓𝑓𝑜𝑜

   ( 53 )  

Based on the total sales amount in Euro, the stores of Jan Linders are divided into six groups of almost 
equal size. The first group has the highest sales per store and has the lowest waste norm while the sixth 
group has the lowest sales per store and has the highest waste norm. All other groups have a waste norm 
between these percentages. In addition, a norm for the waste percentages over all stores together is set. 
There is no formula on which this norm is based.  

Second, there is a method of expressing waste in pieces of bread. This method can only be used for loaves. 
However, as will be discussed in Section 4.6, the scope of the research only includes loaves and therefore 
this is no problem. For this second method, the waste is compared to either the number of loaves sold or 
to the number of loaves sent to the stores.   

𝑎𝑎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  𝑊𝑊𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠 𝑖𝑖𝑤𝑤 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓 𝑜𝑜𝑓𝑓 𝑠𝑠𝑜𝑜𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠
𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑤𝑤 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓 𝑜𝑜𝑓𝑓 𝑠𝑠𝑜𝑜𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠

    ( 54 ) 

𝑎𝑎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠 𝑜𝑜𝑓𝑓𝑑𝑑𝑠𝑠𝑓𝑓𝑠𝑠 =  𝑊𝑊𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠 𝑖𝑖𝑤𝑤 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓 𝑜𝑜𝑓𝑓 𝑠𝑠𝑜𝑜𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠
𝑝𝑝𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠 𝑜𝑜𝑓𝑓𝑑𝑑𝑠𝑠𝑓𝑓𝑠𝑠 𝑖𝑖𝑤𝑤 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓 𝑜𝑜𝑓𝑓 𝑠𝑠𝑜𝑜𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠

   ( 55 ) 

The difficulty with the first method is that to determine the waste in Euro, the purchase price should be 
used. However, to determine the sales in Euro, the selling price should be considered. Due to data 
availability issues in the early part of the research, the decision is made to consider the waste expressed 
in pieces of bread instead of the waste in Euro in the research. Another decision is whether to consider 
the waste with respect to the sales or to the store orders. The decision is made to consider the waste 
compared to the store orders in this research because of two reasons: 

- According to the responsible forecaster, this is used to get inside in the performance of the stores 
during a promotion week and to adjust the recommended order quantities as described in the 
final part of Appendix A. 

- To compare the performance of Jan Linders with other supermarkets. The only source of the 
waste of other stores is a master thesis performed at Bakkersland in 2013 (Geboers, 2013). In that 
thesis, the waste percentage is determined in relation to the store orders. The waste percentage 
is reported for 3 store chains in the Netherlands. Note that the names of the chains are not given 
in that thesis.  

Service level 
The service level for loaves is measured in two ways. First are the number of out-of-stock (OOS) SKU’s 
which are used to determine the SKU availability. Whether an SKU was OOS is determined by checking if 
the sales were equal to the AOQ of the SKU. If this was the case, the SKU is marked as OOS. The SKU 
availability for a store on a specific day is determined by: 

𝑀𝑀𝑝𝑝𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑛𝑛𝑑𝑑𝑙𝑙𝑑𝑑𝑠𝑠𝑑𝑑𝑑𝑑,𝑤𝑤,𝑠𝑠 = �𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠 − 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝐴𝐴𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠
𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠

� ∗ 100%  ( 56 ) 
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While the average availability of all stores together on a specific day is determined by:  

𝑀𝑀𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑝𝑝𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑛𝑛𝑑𝑑𝑙𝑙𝑑𝑑𝑠𝑠𝑑𝑑𝑑𝑑,𝑤𝑤 =  (
∑ 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠 

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1 − ∑ 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝐴𝐴𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

∑ 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠
#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

) ∗ 100%   ( 57 ) 

The yearly average availability of all stores together is determined as follows: 

𝑀𝑀𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑝𝑝𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑛𝑛𝑑𝑑𝑙𝑙𝑑𝑑𝑠𝑠𝑑𝑑𝑦𝑦𝑠𝑠𝑠𝑠𝑓𝑓 =

 �
∑ ∑ ∑ 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1  − ∑ ∑ ∑ 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝐴𝐴𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1

∑ ∑ ∑ 𝑤𝑤𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑓𝑓𝐴𝐴𝑝𝑝𝑝𝑝𝑑𝑑,𝑤𝑤,𝑠𝑠
#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤
𝑠𝑠=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

6
𝑑𝑑=1

� ∗ 100% ( 58 ) 

To give a more detailed representation of the availability, the SOT’s are also registered. The SOT’s are 
determined based on the information if an SKU was OOS. The determination of whether an SKU was OOS 
is the same as described above for the SKU availability. If an SKU was OOS, the last check-out-desk 
transaction-time for a specific SKU is looked-up. This time is set as the SOT.  

 

Appendix D Literature research on bottom-up and top-down forecasts 
 

Table 17 Overview comparing research on bottom-up and top-down 

 Bottom-up  Top-down 
Kahn (1998) Higher low-level forecast accuracy Higher high-level forecast accuracy 

Works best when SKU’s do not have 
comparable data patterns 

Works best when clustered SKU’s have 
a comparable underlying data pattern 

Zotteri et al. 
(2005) 

Better for slow movers Better for fast movers  
Best forecast accuracy at the chain 
level 

Minimizes the number of forecasts 
which leads to lower computational 
costs 

Widiarta et al. 
(2009) 

Preferred if substitutability is low Preferred if substitutability is high 
Preferred if the variability of demand 
proportions is high 

Preferred if the variability of demand is 
high 

Williams and 
Waller (2011) 

Best for fast moving non-perishable 
goods at store and region level 

 

Huber et al. (2017)  Best for fast moving bread products, 
clustered based on intra-day pattern, 
by reducing computational costs while 
maintaining the same accuracy  
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Appendix E Performance measurements of the new forecasting method 
Four measures are used to measure the performance. The formulas referred to can be found in Section 
5.2.  

The Mean Absolute Percentage Error (MAPE) is the most used measure to report on forecasting 
performance (formula 2) (McCarthy, Davis, Golicic, & Mentzer, 2006). When using the MAPE, the main 
advantage is that it is a useful method to compare results. Results of different aggregation levels can be 
compared using the MAPE. This is not possible with the other three measures that will be discussed next. 
The main drawback of the MAPE is that overestimates are penalized harder than underestimates 
(Goodwin & Lawton, 1999). This means that underestimates are limited by a maximum error of 100%, 
while overestimates are not limited and can result in very large errors. Because of this drawback of the 
MAPE, three more performance measurements are used to create a more reliable image of the 
performance.  

The Average Bias (AB) measures the structural deviation of the forecast from the actual sales (formula 3). 
This shows whether a forecast is on average too low or too high. In addition, the Mean Absolute Deviation 
(MAD), considers the absolute distance of the forecast to the actual sales (formula 4). Were for the AB 
positive and negative errors can outweigh each other, for the MAD this is not the case. Finally, the Root 
Mean Squared Error (RMSE) indicates the size of an average error and gives more weight to a bigger error 
(formula 5). (Swanson, Tayman, & Bryan, 2011) 

 

Appendix F Formulas used to determine the values of the input variables for the 
regression analysis 
Absolute sales and deseasonalization 
Based on datasets after cleaning. The data is acquired from the information systems on SKU-store-day-
level. For the higher aggregation levels, the absolutes sales are summed to get the desired level of 
aggregation. The results are inputted in the deseasonalizing process described below.  

The formulas given hereafter are on the SKU-company-day level, however, the same method is used for 
other aggregation levels. Both the unadjusted and the adjusted factors are determined in each dataset 
(see Figure 6 in Section 7.6) separately for every SG, every SKU, and, in addition, separately for every store. 
The ‘season’ that is considered is the week pattern, so all six considered weekdays are seen as a ‘season’.  

First, the average sales on the SKU-company-day level, over the six considered weekdays for every week 
are determined using formula 59. Next, to see how much the sales of a specific weekday are higher or 
lower than the average daily sales that week, in formula 60 a ratio is determined per day.  

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑤𝑤,𝑖𝑖,𝑔𝑔,𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠𝑦𝑦𝑠𝑠 =
∑ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔
6
𝑑𝑑=1

6
 ( 59 ) 

𝑅𝑅𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔

𝑠𝑠𝑙𝑙𝑠𝑠𝑓𝑓𝑠𝑠𝑔𝑔𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑤𝑤,𝑖𝑖,𝑔𝑔,𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠𝑑𝑑𝑠𝑠
  ( 60 ) 

Now, for a specific weekday, over all included weeks the average ratio is determined to get the 
unadjusted seasonal factor for that weekday (formula 61). When this is done for all six weekdays, the 
unadjusted seasonal factors are summed over the weekdays for a specific SKU (formula 62).  
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𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑖𝑖,𝑔𝑔 =
∑ 𝑓𝑓𝑠𝑠𝑓𝑓𝑖𝑖𝑜𝑜𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
𝑤𝑤=1

#𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠
 ( 61 ) 

𝑠𝑠𝑑𝑑𝑝𝑝 𝑠𝑠𝑜𝑜 𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑔𝑔 = ∑ 𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑖𝑖,𝑔𝑔
6
𝑑𝑑=1   ( 62 ) 

There are six weekdays considered and therefore six ‘seasons’. The sum of the unadjusted seasonal 
factors is not always exactly equal to six due to the fact that days occur with zero sales. To correct for 
this, the adjusted seasonal factors are determined using formula 63 and 64. Finally, the deseasonalized 
sales are determined by dividing the actual sales by the adjusted seasonal factor (formula 65).  

𝑠𝑠𝑑𝑑𝑝𝑝 𝑠𝑠𝑜𝑜 𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑔𝑔 = 6   ( 63 ) 

𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑖𝑖,𝑔𝑔 = 𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝑎𝑎𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 seasonal 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑖𝑖,𝑔𝑔 ∗

 𝑝𝑝𝑠𝑠𝑠𝑠 𝑜𝑜𝑓𝑓 𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 seasonal 𝑓𝑓𝑠𝑠𝑓𝑓𝑓𝑓𝑜𝑜𝑓𝑓𝑖𝑖,𝑔𝑔
𝑝𝑝𝑠𝑠𝑠𝑠 𝑜𝑜𝑓𝑓 𝑠𝑠𝑤𝑤𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 seasonal 𝑓𝑓𝑠𝑠𝑓𝑓𝑓𝑓𝑜𝑜𝑓𝑓𝑠𝑠𝑖𝑖,𝑔𝑔

 ( 64 ) 

𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑧𝑧𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔

𝑠𝑠𝑑𝑑𝑎𝑎𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑑𝑑 seasonal 𝑓𝑓𝑠𝑠𝑓𝑓𝑓𝑓𝑜𝑜𝑓𝑓𝑑𝑑,𝑖𝑖,𝑔𝑔
   ( 65 ) 

Sales history  
The previous nine weeks (on a specific weekday) of sales are based on datasets after deseasonalizing. If 
there are missing values in the previous nine weeks, due to national holidays, bag promotions, or deleted 
outliers, the value of 10 weeks back is included. When there are in that case still less than 9 weeks of data 
available, the value of 11 weeks back is included, and so forward till 9 weeks of data are included. Formula 
66 till 70 are used to determine the sales history variable (average sales of the previous 9 weeks) on the 
SKU-company-day level. The same method is used, however including the sales data on other aggregation 
levels, to determine this variable on the SG-company-day and the total-store-level. On the total-company-
day level, the not-transformed absolute sales value is used as described in formula 66 to 70. On all other 
levels, (the absolute value of) the sales are replaced by the natural logarithm of the absolute sales. To find 
the variables on the store level, the subscript ‘s’ is added to find store specific values instead of company 
values.  

𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 =  𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 𝑑𝑑𝑜𝑜 𝑠𝑠ℎ𝑠𝑠 𝑑𝑑𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑑𝑑𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑑𝑑𝑠𝑠 𝑠𝑠𝑛𝑛𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠;   𝑠𝑠𝑠𝑠𝑑𝑑 𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔

=  𝑎𝑎𝑠𝑠�𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔� 𝑑𝑑𝑜𝑜 𝑠𝑠ℎ𝑠𝑠 𝑑𝑑𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑑𝑑𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑠𝑠𝑠𝑠 𝑠𝑠ℎ𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑙𝑙 𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠ℎ𝑝𝑝 𝑠𝑠𝑜𝑜 𝑠𝑠ℎ𝑠𝑠 𝑠𝑠𝑛𝑛𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 

 ( 66 ) 

𝑘𝑘𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 = �
0,                       𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑝𝑝𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠
1,                               𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 = 𝑠𝑠𝑝𝑝𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠  ( 67 ) 

𝑙𝑙𝑙𝑙 = 10  ( 68 ) 

𝑎𝑎𝑠𝑠𝑠𝑠𝑝𝑝 𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝑙𝑙 𝑠𝑠𝑑𝑑𝑝𝑝𝑛𝑛𝑠𝑠𝑠𝑠 𝑠𝑠𝑜𝑜 𝑑𝑑𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑑𝑑𝑠𝑠𝑑𝑑 𝑙𝑙𝑠𝑠𝑠𝑠𝑘𝑘𝑠𝑠 𝑙𝑙𝑑𝑑𝑠𝑠ℎ 𝑠𝑠𝑝𝑝𝑠𝑠𝑑𝑑𝑙𝑙𝑠𝑠𝑛𝑛𝑙𝑙𝑠𝑠 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 𝑜𝑜𝑠𝑠𝑠𝑠 𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 = 9     ( 69 ) 

𝑠𝑠𝑑𝑑𝑝𝑝𝑛𝑛𝑠𝑠𝑠𝑠 𝑠𝑠𝑜𝑜 𝑑𝑑𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑑𝑑𝑠𝑠𝑑𝑑 𝑙𝑙𝑠𝑠𝑠𝑠𝑘𝑘𝑠𝑠 𝑙𝑙𝑑𝑑𝑠𝑠ℎ 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑝𝑝𝑠𝑠 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 𝑜𝑜𝑠𝑠𝑠𝑠 𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 =  ∑ 𝑘𝑘𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔
𝑓𝑓𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑤𝑤𝑓𝑓 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−𝑤𝑤𝑤𝑤
𝑤𝑤=𝑓𝑓𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑤𝑤𝑓𝑓 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1    

𝐼𝐼𝑜𝑜 𝑠𝑠𝑑𝑑𝑝𝑝𝑛𝑛𝑠𝑠𝑠𝑠 𝑠𝑠𝑜𝑜 𝑑𝑑𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑑𝑑𝑠𝑠𝑑𝑑 𝑙𝑙𝑠𝑠𝑠𝑠𝑘𝑘𝑠𝑠 𝑙𝑙𝑑𝑑𝑠𝑠ℎ 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑝𝑝𝑠𝑠 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 𝑜𝑜𝑠𝑠𝑠𝑠 𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 < 9 𝑇𝑇ℎ𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙 = 𝑙𝑙𝑙𝑙 + 1;  
𝑀𝑀𝑠𝑠𝑑𝑑 𝑎𝑎𝑠𝑠𝑠𝑠𝑝𝑝  

𝑀𝑀𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑑𝑑𝑠𝑠𝑑𝑑𝑠𝑠 𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 𝑙𝑙𝑠𝑠𝑠𝑠𝑘𝑘𝑠𝑠 𝑜𝑜𝑠𝑠𝑠𝑠 𝑠𝑠𝑓𝑓𝑓𝑓𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔 =  
∑ (𝑝𝑝𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔∗𝑤𝑤𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔)𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−𝑤𝑤𝑤𝑤
𝑤𝑤 =𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1

∑ 𝑤𝑤𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔
𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−𝑤𝑤𝑤𝑤
𝑤𝑤 =𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤−1

   

 ( 70 ) 



66 
 

Corrected sales 
In the dataset at the total-store-day level, the sales of all stores are included in one dataset. This gave 
problems (See Section10.2) so two regression models are tested. To correct for differences between 
stores, the corrected sales considered and are determined using formula 71. In one of the regression 
models tested, the dependent variable is the not-corrected sales, and in the other regression model, the 
dependent variable is the corrected sales.  

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑎𝑎𝑠𝑠(𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠) =   𝐿𝐿𝑤𝑤(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠)
𝑠𝑠𝑙𝑙𝑠𝑠𝑓𝑓𝑠𝑠𝑔𝑔𝑠𝑠 𝐿𝐿𝑤𝑤(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠) 𝑝𝑝𝑓𝑓𝑠𝑠𝑙𝑙𝑖𝑖𝑜𝑜𝑠𝑠𝑠𝑠 𝑤𝑤𝑖𝑖𝑤𝑤𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠 

  ( 71 ) 

The same holds for the datasets at the SKU-company-day level, where the sales of different SKU’s are 
combined into one dataset. Just as for the stores, the corrected sales are determined:  

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑎𝑎𝑠𝑠(𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔) =   𝐿𝐿𝑤𝑤(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔)
𝑠𝑠𝑙𝑙𝑠𝑠𝑓𝑓𝑠𝑠𝑔𝑔𝑠𝑠 𝐿𝐿𝑤𝑤(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑖𝑖,𝑔𝑔) 𝑝𝑝𝑓𝑓𝑠𝑠𝑙𝑙𝑖𝑖𝑜𝑜𝑠𝑠𝑠𝑠 𝑤𝑤𝑖𝑖𝑤𝑤𝑠𝑠 𝑤𝑤𝑠𝑠𝑠𝑠𝑤𝑤𝑠𝑠 

  ( 72 ) 

Number of stores 
During the included period of the data, the number of stores changed. New stores were opened while 
others were closed. In addition, there are weeks in which stores are closed temporarily because those 
were rebuilt. If a store was open or closed is checked by considering the sales. When the total sales 
(after data preparation as discussed in Chapter 7) in a store on a day are bigger than zero, the store was 
open and closed otherwise (formula 73). Based on that, the total number of stores on day d in week w is 
determined using formula 74.  

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠 = �
0, 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠 = 0
1,  𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠 > 0 ( 73 ) 

#𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤 = ∑ 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠
64
𝑠𝑠=1   ( 74 ) 

Promotion variables  
In formula 75 the discount percentage for a specific SKU in a week is checked. If that discount percentage 
is higher than zero, an SKU is considered as promoted. This is used to determine the number of promoted 
SKU’s in an SG (formula 76). In formula 77 it is checked if there is a promotion in an SG. The average of 
the discount percentage over all SKU’s in an SG in a specific week, excluding SKU’s with a discount 
percentage of zero, is determined as in formula 78.  

𝑜𝑜𝑤𝑤,𝑖𝑖,𝑔𝑔 = �
0, 𝑀𝑀𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑓𝑓𝑓𝑓𝑤𝑤,𝑖𝑖,𝑔𝑔 = 0
1, 𝑀𝑀𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑓𝑓𝑓𝑓𝑤𝑤,𝑖𝑖,𝑔𝑔 > 0  ( 75 ) 

𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 =  ∑ 𝑜𝑜𝑤𝑤,𝑖𝑖,𝑔𝑔
#𝑝𝑝𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1   ( 76 ) 

𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑖𝑖 = �
0, 𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 = 0
1, 𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 > 0  ( 77 ) 

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 =

�
0, 𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 = 0

∑ 𝑑𝑑𝑖𝑖𝑠𝑠𝑓𝑓𝑜𝑜𝑠𝑠𝑤𝑤𝑓𝑓 𝑝𝑝𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑤𝑤𝑓𝑓𝑠𝑠𝑔𝑔𝑠𝑠 𝑝𝑝𝑆𝑆𝑆𝑆𝑤𝑤,𝑖𝑖,𝑔𝑔
#𝑆𝑆𝑆𝑆𝑆𝑆′𝑠𝑠𝑔𝑔
𝑖𝑖=1

#𝑝𝑝𝑓𝑓𝑜𝑜𝑠𝑠𝑜𝑜𝑓𝑓𝑠𝑠𝑑𝑑 𝑝𝑝𝑓𝑓𝑜𝑜𝑑𝑑𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠 𝑖𝑖𝑤𝑤 𝑝𝑝𝑝𝑝𝑤𝑤,𝑔𝑔
, 𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑 𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑤𝑤,𝑔𝑔 > 0

  ( 78 ) 
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Appendix G Transformation of variables  
For all variables, different transformations are tested to see if these transformations lead to a better fit 
with a normal distribution. The transformations tested are log10, natural logarithm (Ln), root and 
reciprocal transformations. Based on the histograms and two measures the normality is checked. These 
two measures are the skewness and kurtosis. If the skewness is larger than 2 or the Kurtosis is larger than 
7 there is a substantial deviation from normality expected (Kim, 2013). The Skewness and Kurtosis for all 
variables considered are smaller than these two thresholds. Note that for the SKU and store levels, these 
measures should be interpreted with caution because of the big sample sizes at these levels (Field, 2013).  

It is found that transformations using the natural logarithm results in the best fit with a normal 
distribution. A difference between the normal and the log-normal distribution is that the effects, and with 
that, the errors, are additive for a normal distribution, while these are multiplicative for a log-normal 
distribution (Limpert et al., 2001). According to Limpert et al. (2001), transformations using the natural 
logarithm can reduce positive skewness and can transform skewed distributions into normal ones. The 
histograms of all original variables are given on the left side and, if leading to a better fit with a normal 
distribution, the transformed variables on the right side.  

 

    

Transformed dependent variables SG level 
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Transformed dependent variables SKU level 

    

    

   



70 
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Transfomed independent variable sales history store level 

   

 



72 
 

Transfomed independent variables sales history SG level 
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Transfomed independent variables sales history SKU level 
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Transfomed independent promotion related variables  
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Transfomed independent weather related variables 
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Not transformed variables  

   

 

 

 

Appendix H Check of the regression assumptions  

In this appendix are the tables and graph represented that are used to check the assumptions required to 
be met for a multiple linear regression analysis. The aggregation levels reported on are, in the following 
order, the total-company-day level, total-store-day level, SG-company-day, and finally SKU-store-day 
level. Firstly, an overview of the sample sizes of the different datasets is given. Thereafter, for all 
aggregation levels, first, the Durbin Watson value is reported, helping to check the independence of the 
error terms. Second, the average, minimum, and maximum VIF values are reported in order to check the 
multicollinearity assumption. Afterward, the histograms and normal probability plots are shown to check 
whether the residuals are normally distributed. Next, the scatterplots are shown. These are used to check 
the homoscedasticity assumption. Finally, the linearity must be checked. Because a big number of partial 
regression plots are checked, not all of them are shown. Only when a non-linear relationship is observed, 
the partial regression plot is shown.  
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Datasets Sample size 
calibration 

Sample size 
validation  

Datasets Sample size 
calibration 

Sample size 
validation  

total-company-day 501 121 SKU1-company-day 
non-promo 

4995 1338 

total-store-day  27496 7259 SKU1-company-day 
promo 

988 235 

SG1-company-day 492 121 SKU2-company-day 
non-promo 

6984 1740 

SG2-company-day 504 121 SKU2-company-day 
promo 

342 75 

SG3-company-day 486 121 SKU3-company-day 
non-promo 

2098 481 

SG4-company-day 500 121 SKU3-company-day 
promo 

450 124 

SG5-company-day 507 121 SKU4-company-day      
 

7101 1676 

SG6-company-day 232 121 SKU5-company-day   
 

1545 484 

   SKU6-company-day 
non-promo 

2912 915 

   SKU6-company-day 
promo 

782 174 

Total-company-week 

Independence of error terms  
The Durbin Watson value found is 1.772 

 
Multicollinearity: VIF  

 VIF 
Average 1.388 
Minimum 1.060 
Maximum 2.715 

 
Residuals are normally distributed  
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Homoscedasticity 

  

Linearity  
Not all partial regression plots are shown because there are a lot of them. However, on this aggregation 
level, all relationships are linear.  

 

Total-store-week 

Independence of error terms:  
 LN Store Sales LN corrected Store Sales 
Durbin Watson 1.638 1.643 

 
Multicollinearity: VIF  

 
 
 
 

 
Residuals are normally distributed  
LN Store Sales 

    

  

VIF LN Store Sales LN corrected Store Sales 
Average 1.590 1.623 
Minimum 1.003 1.079 
Maximum 2.717 2.716 
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LN corrected Store Sales 

   

Homoscedasticity 
LN Store Sales      LN corrected Store Sales 

            

Linearity  
Not all partial regression plots are shown because there are a lot of them. However, on this aggregation 
level, all relationships are linear.  

Subgroup-company-week 

Independence of error terms: Durbin Watson 
 SG1 SG2 SG3 SG4 SG5 SG6 
Durbin Watson 1.367 1.678 1.431 1.748 1.860 2.101 

 
Multicollinearity: VIF  

 SG1 SG2 SG3 SG4 SG5 SG6 
Average 1.883 1.662 1.656 1.130 1.640 1.355 
Minimum 1.041 1.037 1.039 1.030 1.088 1.140 
Maximum 2.751 2.674 2.388 1.284 2.705 1.659 
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Residuals are normally distributed  
SG1 

    

SG2 

   
SG3 

        
SG4 
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SG5 

         
SG6 

   
 

Homoscedasticity  
SG1        SG2 

     

SG3        SG4 
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SG5        SG6 

       

Linearity  
Not all partial regression plots are shown because there are a lot of them. However, on this aggregation 
level all relationships are linear.  

 

SKU-company-day 

Independence of error terms: Durbin Watson 
Durbin Watson SG1 SG2 SG3 SG4 SG5 SG6 
Non-promo 1.351 1.527 1.468 1.609 1.746 1.854 
Promo 1.498 1.831 1.450*   1.462 

* For this model only the variable of the average of the historic weeks, the discount percentage, and the 
number of product in the promotion in an SG are included. When all variables are included the Durbin 
Watson value is only 0.835. 

Multicollinearity: VIF  
VIF Non-promo SG1 SG2 SG3 SG4 SG5 SG6 
Average 1.123 1.377 1.083 1.122 1.108 1.167 
Minimum 1.003 1.003 1.023 1.000 1.003 1.011 
Maximum 1.350 2.455 1.208 1.316 1.251 1.451 

 

VIF Promo SG1 SG2 SG3 SG6 
Average 1.247 1.021 2.129 1.055 
Minimum 1.119 1.011 1.186 1.007 
Maximum 1.431 1.035 2.695 1.103 
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Residuals are normally distributed  
SG1 Non-promo 

       
SG1 Promo 

      
SG2 Non-promo 

      
SG2 Promo 
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SG3 Non-promo 

      
SG3 Promo 

       
SG4 

    
SG5 
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SG6 Non-promo 

      
SG6 Promo 

       
Homoscedasticity  
SG1 Non-promo      SG1 Promo 

     
SG2 Non-promo      SG2 Promo 
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SG3 Non-promo      SG3 Promo 

     
SG4       SG5  

    
 
SG6 Non-promo      SG6 Promo 

   
Linearity  
Not all partial regression plots are shown because there are a lot of them. Only one non-linear relationship 
is found. This is for the promotion model for SG 6. The partial regression plot that shows non-linearity is  
shown below. 
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Appendix I Regression results 
In this appendix, the detailed regression results are reported and discussed. Additionally, the conclusions 
regarding the hypotheses are given. See Chapter 6 for the description of the hypotheses. When the 
models with V2 are stated as the column name in the tables in this appendix, the discount percentage 
clusters are used instead of the number of products in promotion in an SG. The order in which the results 
are discussed is total-company-day, total-store-day, SG-company-day, and SKU-company-day. For the SG-
company-day level, only the detailed results are reported because the discussion of those results is given 
in the main text in Section 10.2.2. 
Meaning of the signs in the tables in this appendix: 
n.e.:  no significant effect found 
*:  significant at 0.001 
**:  significant at 0.05 
***:  for the promotion model on the SKU level for SG 3, not all variables are inserted due to problems 

with the independence of the error terms as discussed in Section 9.4. 
 
 
Choice of related independent variables 
For some of the variables related to promotions, holidays, and the weather, it is tested which variables 
are best in representing the desired effect. Because we want to know which of these variables explain 
most of the variations of the sales, in this section, it is for those variables discussed which give better 
results with regard to the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values. The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values represented are those of the models on the total-
company-day level. If not seperately noted, the difference in the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values of lower aggregation levels 
are comparable to that on total-company-day. At the total-company-day level, only one model is used, 
which makes the reporting of the differences between the variables discussed easier.  

Promotions 
Two ways of representing the discount percentage are tested. The first one is the quantitative value of 
the discount percentage. Second is assigning cases to one of four binary clusters of discount percentages 
(10-19%, 20-29%, 30-39%, ≥40%). In the data preparation, discussed in Chapter 7, it was already noticed 
that the quantitative discount percentage is transformed using a natural logarithm transformation. 
Testing both methods showed that the use of the clusters of discount percentage gives better results on 
the total-company-day level compared to the quantitative discount percentage in terms of 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2 . The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  
when using the quantitative discount percentage is 0.551, versus 0.643 when using the percentage 
discount clusters on the total-company-day level. On the SG-company-day level, one model is slightly 
worse using the discount clusters (𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of 0.905 versus 0.904). The model with the biggest difference 
between the two methods is for SG 6, were the highest value is found for the method using discount 
clusters (𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of 0.830 versus 0.961). For the other five SG’s, the use of clusters is also better, but the 
difference is smaller (on average a difference in 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of 0.025). On the SKU-company-day level the 
discount clusters are better for one of the three tested promotion models, (SG 1: 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of 0.909 versus 
a0.912). In contrast, it gives worse results for the other two promotion models on the SKU-company-day 
level (SG 2: 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of 0.942 versus 0.935; SG 3: 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of 0.433 versus 0.423).  

To check for cannibalization effects, information about promotions in an SG is included. Two types of 
variables are tested. Both have different variables for all SG’s that had promotions in the past, which 
results in four variables for both methods. The first method uses a binary variable representing whether 
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there is a promotion in an SG or not. In addition, the second method uses quantitative variables 
representing the number of SKU’s having a promotion in an SG. As described in Chapter 8, the variables 
of this second method are transformed using a natural logarithm transformation. After testing, it can be 
concluded that the second method, using quantitative variables representing the number of SKU’s in the 
promotion, gives the best results. When using the binary option, only the variables for SG 1 and SG 6 are 
found significant (H9, H11, and H13 partly rejected). The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  is 0.539, when using the binary option, and 
0.616, when using the number of product in promotion option. This is not surprisingly, because more 
detailed information is included when using the quantitative variable.  

As discussed in Section 9.5, for the SG level models, not both the (cluster of the) average discount 
percentage in an SG and the number of promoted products in an SG can be included in one model due to 
multicollinearity problems. Therefore, it is tested which of these two gives the best results. The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  
values of the models on the total-company-day level, total-store-day level and of three models on SG level 
(SG 4, SG 5, and SG 6) are higher when using the discount clusters compared to the number of products 
in the promotion. The models on the SG-company-day level for SG 1, SG 2, and SG 3 have a higher 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  
when using the number of products in promotion in an SG. Note that these three groups are the groups 
with the highest sales volume. Together, they on average account for about 80% of the total sales volume 
and also the revenue from those SG’s is higher than from the other SG’s. In addition, the results found 
using the discount cluster are not always logical. For example, a cluster of a lower percentage has a bigger 
effect than a cluster of a higher percentage of the same SG. Next to that, negative instead of positive 
effects of some discount clusters are observed on the total level. In addition, on SG 4 positive 
cannibalization effects of other SG’s are found. As a result, H6, H7, and H8 are partly rejected. For the 
models including the number of product in promotion instead, more logical results are found. In addition, 
a few unexpected results were found in that models, but the number of this was much lower. The 
significance and directions of the other factors in the models do not change between the two options. 
Based on the facts described above, it is decided to report in the rest of this report on the models using 
the number of products in promotion in an SG. However, the results of the models in which the discount 
clusters give a higher 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  are shown in this appendix, together with the results of the models using the 
number of products in promotion in an SG.  

Holidays 
Two ways of representing the effects of holidays in the linear regression analysis were defined in Section 
6.2.4. The first option is to use one general binary holiday variable. Second, is to separate the summer 
holiday for both the South and the Middle part of the Netherlands from the other holidays. Testing both 
options showed that the second option provides a better result. This is not surprising because in this 
method more detailed information is included. The use of one holiday variable resulted in a negative 
effect on the sales, so H19 is confirmed, but because the use of the three separate variables gives better 
results, it will not be further considered. Not all three variables of the second option are significant in all 
models. However, the second option provides a better 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  for all models. On the total-company-day 
level, the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  using the first option is 0.547, while it is 0.643 when the second option is used. On SG-
company-day level the differences are smaller (𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of the second option is on average 0.017 better), but 
the second option is still better. The same as for the models on the SG-company-day level models holds 
for the other lower level models.  
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Weather  
The expectation for the weather was that on warm days the sales would be lower. Two types of variables 
were used to test this relationship. One was a quantitative value representing the maximum daily 
temperature in 0.1 degrees Celsius. The other way is using two binary variables, one representing a 
temperature between 20.0 and 24.9 degrees Celsius and a second one representing a temperature of 25.0 
degrees Celsius or higher. After testing both methods of representing temperature effects in the different 
models, it is found that the use of the two binary variables gives the best results. The quantitative 
temperature value variable was not found significant in any model (H27 rejected). In most of the models, 
only the binary variable indicating a temperature of 25.0 degrees or higher is significant. This is in line with 
the expectations of the employees interviewed at Jan Linders, where they felt that the sales were only 
lower when it was a hot day, and not necessarily that the sales decrease linearly with the temperature.  

 
Total-company-day  
 
 Total-company-day  Total-company-day V2 

B Beta B Beta 
Constant 6984.039  Constant 2864.461  

PrevTotalSales n.e. n.e. PrevTotalSales n.e. n.e. 
#Stores 140.664 .136* #Stores 215.863 .204* 
LN(#promoSG1+1) 755.867 .532* DiscCluster10_19 SG1 n.e. n.e. 
LN(#promoSG2+1) 697.448 .362* DiscCluster20_29 SG1 652.892 .123* 
LN(#promoSG3+1) 718.367 .406* DiscCluster40_And_Bigger SG1 681.764 .087* 
LN(#promoSG6+1) 295.492 .204* DiscCluster10_19 SG2 -177.817 -.064** 
LN(AvgDiscPerc+1) 642.297 .141* DiscCluster20_29 SG2 769.268 .091* 
   DiscCluster20_29 SG3 -324.115 -.116* 
   DiscCluster30_39 SG3 n.e. n.e. 
   DiscCluster40_And_Bigger SG3 1058.679 .199* 
   DiscCluster20_29 SG6 385.577 .109* 
   DiscCluster30_39 SG6 n.e. n.e. 
   DiscCluster40_And_Bigger SG6 496.054 .102* 
AfterBag -1499.638 -.365* AfterBag -1532.389 -.634* 
AfterBag2 -532.752 -.119* AfterBag2 -602.134 -.140* 
BeforeHoliday -211.355 -.070** BeforeHoliday -175.357 -.058** 
SummerHoliday South -1485.609 -.400* SummerHoliday South -1512.268 -.414* 
SummerHoliday Mid -563.226 -.158* SummerHoliday Mid -720.551 -.205* 
OtherHolidays -841.767 -.187* OtherHolidays -607.302 -.140* 
Temp_200_ 249 n.e. n.e. Temp_200_ 249 n.e. n.e. 
Temp_250_ And_Bigger -578.619 -.134* Temp_250_ And_Bigger -464.806 -.105* 
 
 

 
 
 
 
 
 
 

 

 
 

Total-company-day Total-company-day 
V2 

R .791 .808 
R2 .625 .653 

R2adj .616 .643 

Std. Error of the 
Estimate 

726.11008 710.00804 
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The model on the total-company-day level is the highest aggregation level considered in the linear 
regression analysis. In this model, the not-transformed absolute sales are used (see Chapter 8). The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  
of the final model is 0.616, which means that 61.6% of the variations in the sales are explained by the 
model. Next, the results for the variables tested are discussed in detail. 

Average sales of the previous weeks 
This variable is found to not have a significant effect on the sales (H1 rejected). As a result, the model 
does not correct for a trend in the sales.  

Number of operating stores 
As expected, the number of selling stores does have a positive significant effect (𝛽𝛽=0.136*) on the total 
sales on company level (H2 confirmed).  

Promotions 
All four SG’s that can have promotions do have a positive significant effect (𝛽𝛽’s between 0.204* and 
0.532*) on the sales of loaves. This means that the more products are promoted, the higher the sales. For 
the variables regarding the number of products in promotion in an SG (H10 confirmed), SG 1 has the 
biggest effect, followed by SG 3, SG 2 and finally SG 6. In addition, the (total) average discount percentage 
over all products in promotion is found to have a positive significant effect (𝛽𝛽=0.141*) on the sales (H3 
confirmed).  

Both the first and second week after a bag promotion are found to have a significant negative effect 
(respectively 𝛽𝛽= -0.365* and 𝛽𝛽= -0.119*) on the sales (H16 and H17 confirmed). The effect of the first 
week after the bag promotion is about 2 times as big as that of the second week (H18 confirmed).  

Cannibalization  
This effect cannot be tested on this aggregation level.  

Holidays 
The results found with regard to the variables representing the holiday effects are as expected. To start 
with, the variable summer holiday week southern part Netherlands has the strongest significant negative 
effect (𝛽𝛽= - 0.400*) of the holiday variables (H20 and H23 confirmed). For the other two holiday variables, 
the other holidays and the summer holiday middle part of the Netherlands, also a significant negative 
effect (respectively 𝛽𝛽= -0.187* and 𝛽𝛽= -0.158*) is found (H21 and H22 confirmed). Lastly, the variable, 
week before a holiday, is found to have a small, but still significant, negative effect (𝛽𝛽= -0.070**) on the 
sales (H24 confirmed). Note that periods of the two summer variables have an overlap. In such a case, 
the negative effect of both variables occurs at the same time.     

Weather  
Of the two binary variables, one indicating a temperature between 20.0-24.9 degrees Celsius and the 
other a temperature of 25.0 degrees Celsius or more, only the last one is found to significantly affect (𝛽𝛽= 
-0.134*) the sales (H28 rejected and H30 confirmed). As expected, the effect found is negative, meaning 
that when the temperature is 25.0 degrees Celsius or more, fewer loaves are sold (H29 confirmed). The 
variables for mm rain and sun hours are found not to have a significant effect on the sales (H25 and H26 
rejected). 
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Total-store-day 
 Total-store-day normal Total-store-day corrected 

B Beta B Beta 
Constant .144  1.019  

LNPrevStoreSales .992 .951*   
LN(#promoSG1+1) .020 .039* .004 .120* 
LN(#promoSG2+1) .018 .029* .003 .091* 
LN(#promoSG3+1) .016 .027* .003 .083* 
LN(#promoSG6+1) .010 .017* .002 .054* 
LN(AvgDiscPerc+1) .075 .046* .014 .145* 
AfterBag -.094 -.061* -.017 -.191* 
AfterBag2 -.050 -.033* -.009 -.104* 
BeforeHoliday -.023 -.022* -.004 -.065* 
SummerHoliday South -.058 -.045* -.010 -.137* 
SummerHoliday Mid -.074 -.060* -.014 -.189* 
OtherHolidays -.060 -.036* -.011 -.115* 
Temp_200_ 249 .012 .012* .002 .038* 
Temp_250_ And_Bigger -.024 -.016* -.004 -.049* 
 
 
 Total-store-day normal V2 Total-store-day corrected 

V2 
B Beta B Beta 

Constant .109  1.090  
LNPrevStoreSales .995 .951*   
DiscCluster10_19 SG1 -.055 -.062* -.059 -.201* 
DiscCluster20_29 SG1 -.015 -.007* -.014 -.021* 
DiscCluster40_And_Bi
gger SG1 

.104 -.045* .120 .158* 

DiscCluster10_19 SG2 -.067 -.067* -.069 -.211* 
DiscCluster20_29 SG2 -.033 -.008* -.026 -.018* 
DiscCluster20_29 SG3 -.077 -.077* -.080 -.242* 
DiscCluster30_39 SG3 -.058 -.013* -.064 -.044* 
DiscCluster40_And_Bi
gger SG3 

.100 .054* .117 .191* 

DiscCluster20_29 SG6 .019 .016* .022 .055* 
DiscCluster30_39 SG6 -.021 -.015* -.024 -.052* 
DiscCluster40_And_Bi
gger SG6 

-.016 -.010* -.020 -.036* 

AfterBag -.116 -.074* -.199 -.231* 
AfterBag2 -.066 -.043* -.065 -.128* 
BeforeHoliday -.030 -.028* -.028 -.079 
SummerHoliday 
South 

-.060 -.048* -.058 -.139* 

SummerHoliday Mid -.073 -.061* -.072 -.178* 
OtherHolidays -.042 -.027* -.039 -.075* 
Temp_200_ 249 n.e. n.e. n.e. n.e. 
Temp_250_ 
And_Bigger 

-.015 -0.10* -.015 -.030* 
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The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  of the complete original model on the total-store-day level is 0.920. However, a problem with 
the model was observed, which is discussed in the next paragraph and was already discussed in Section 
10.2.1. Because of this problem, the results should be interpreted with caution. 

Average sales of the previous weeks 
The variable representing the average sales of the previous weeks is by far the strongest independent 
variable in the model on this level. A 𝛽𝛽 of 0.951 is found for this variable while the next strongest 𝛽𝛽 found 
is -0.061 (H1 confirmed). This is expected to be caused by the fact that the sales of all stores are combined 
into one dataset (as discussed in Section 7.6). It was tested to correct for the big effect of this variable by 
dividing the dependent variable by it. For the new adjusted model, the 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  dropped from 0.920 to 0.187. 
The expectation is that different stores can respond in a different way to the effects tested. That could 
explain the low 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  value of the new adjusted model. There are on average 60 operating store and it is 
not desirable to have a separate model for each store. However, collecting and studying data regarding 
the different characteristics of stores that could explain the different behavior, is not within the scope of 
this study. The β-values of both the original and the adjusted model differ. However, the significance and 
the direction of the effects are in both models the same. In the rest of this section, the regression results 
of the not-corrected model are reported. The same holds for the SKU level models, were different SKU’s 
are combined into one model.  

Number of operating stores 
This effect cannot be tested on this aggregation level.  

Promotions 
All four SG’s that can have promotions do have a positive significant effect (𝛽𝛽’s between 0.017* and 
0.039*) on the dependent variable (H10 confirmed). This means that the more products are promoted in 
the SG’s the higher the sales. For the variables regarding the number of products in promotion in an SG, 
SG 1 has the biggest effect, followed by SG 2, SG 3 and finally SG 6. This is different than at the total-
company-day level. The average discount percentage over all products in promotion is also found to have 
a positive significant effect (𝛽𝛽=0.046*) on the dependent variable (H3 confirmed). Surprisingly is that on 
the total-company-day level, the effect of the (total) average discount percentage is smaller than all of 
the four variables representing the number of products in promotion in an SG. This while on total-store 
day level it is bigger than all of that four variables.  

Regarding the two variables for the first and the second week after a bag promotion, the results are as 
expected. For the first week after a bag promotion, a negative significant effect (𝛽𝛽= -0.061*) is found (H16 
confirmed). Next to that, for the second week, a smaller than the first week but still a negative significant 
effect (𝛽𝛽= -0.033*) is found (H17 and H18 confirmed). 

 
 

Total-store-day 
normal 

Total-store-day 
corrected 

Total-store-day 
normal V2 

Total-store-day 
corrected V2 

R .959 .432 .962 .540 
R2 .920 .187 .926 .292 

R2adj .920 .187 .926 .291 

Std. Error of the 
Estimate 

.11910 .02277 .11467 .11798 
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Cannibalization  
This effect cannot be tested on this aggregation level.  

Holidays 
The holiday related variables are found to all have a negative significant effect on the dependent variable 
(H20, H21, H22, and H24 confirmed). Unexpectedly, the variable summer holiday week middle part 
Netherlands has the strongest negative effect (𝛽𝛽= -0.060*) of the holiday variables in this model (H23 
rejected). It is, in decreasing strength of the effects, followed by the holiday week southern part 
Netherlands (𝛽𝛽= -0.045*), other holidays (𝛽𝛽= -0.036*), and the week before holidays (𝛽𝛽= -0.022*).  

Weather  
For the weather variables also an unexpected effect is found. The variable indicating a temperature 
between 20.0-24.9 degrees Celsius is found to have a positive effect (𝛽𝛽= 0.012*) on the dependent 
variable (H28 rejected). This would indicate that a medium high temperature (20.0-24.9 degrees Celsius) 
results in more sales, than a temperature below 20.0 degrees Celsius. In contrast, such as expected, the 
other variable referring to a temperature of 25.0 degrees Celsius or more has a negative effect (𝛽𝛽= -
0.016*) on the dependent variable (H29 confirmed). The variables for mm rain and sun hours are not 
significant in the model (H25 and H26 rejected).  

 
SG-company-day 
 
 SG1 SG2 SG3 

B Beta B Beta B Beta 
Constant 8.501  6.690  6.232  

LNPrevSG1 n.e. n.e.     
LNPrevSG2   n.e. n.e.   
LNPrevSG3     n.e. n.e. 
LNPrevSG4       
LNPrevSG5       
LNPrevSG6       
#Stores n.e. n.e. .028 .167* .028 .108* 
LN(#promoSG1+1) .168 .664* -.027 -.123* -.056 -.159* 
LN(#promoSG2+1) -.077 -.223* .252 .811* -.058 -.120* 
LN(#promoSG3+1) -.092 -.293* -.048 -.169* .413 .840* 
LN(#promoSG6+1) -.024 -.097* n.e. n.e. n.e. n.e. 
AfterBag -.102 -.140* -.119 -.179* -.066 -.065* 
AfterBag2 n.e. n.e. -.040 -.059* -.026 -.024** 
BeforeHoliday -.026 -.049* -.015 -.032** n.e. n.e. 
SummerHoliday 
South 

-.088 -.139* -.099 -.170* -.119 -.134* 

SummerHoliday Mid -.036 -.060** -.053 -.096* -.059 -.068* 
OtherHolidays -.089 -.120* -.041 -.060* -.047 -.045* 
Temp_200_ 249 n.e. n.e. n.e. n.e. n.e. n.e. 
Temp_250_ 
And_Bigger 

-.038 -.050** -.044 -.063* -.035 -.033* 

 SG4 SG5 SG6 
B Beta B Beta B Beta 

Constant -.045  1.211  7.172  
LNPrevSG1       
LNPrevSG2       
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LNPrevSG3       
LNPrevSG4 .942 .713*     
LNPrevSG5   .772 .715*   
LNPrevSG6     -.129 -.040** 
#Stores .010 .112* -.012 -.072** n.e. n.e. 
LN(#promoSG1+1) -.026 -.248* n.e. n.e. -.113 -.210* 
LN(#promoSG2+1) -.040 -.264* n.e. n.e. -.111 -.144* 
LN(#promoSG3+1) -.063 -.460* -.022 -.079** -.149 -.219* 
LN(#promoSG6+1) n.e. n.e. .013 .062** .475 .874* 
AfterBag -.042 -.129* -.109 -.168* -.082 -.055** 
AfterBag2 -.033 -.102* -.080 -.112* n.e. n.e. 
BeforeHoliday n.e. n.e. n.e. n.e. n.e. n.e. 
SummerHoliday 
South 

-.085 -.325* n.e. n.e. n.e. n.e. 

SummerHoliday Mid n.e. n.e. -.080 -.149* -.127 -.100** 
OtherHolidays -.022 -.068** -.058 -.097* n.e. n.e. 
Temp_200_ 249 n.e. n.e. n.e. n.e. n.e. n.e. 
Temp_250_ 
And_Bigger 

-.025 -.079** n.e. n.e. n.e. n.e. 

 SG4 V2 SG5 V2 SG6 V2 
B Beta B Beta B Beta 

Constant .465  1.228  6.893  
LNPrevSG4 .884 .669*     
LNPrevSG5   .722 .707*   
LNPrevSG6     -.110 -.034 
#Stores .008 .088** -.012 -.069 n.e. n.e. 
DiscCluster10_19 SG1 n.e. n.e. -.049 -.130* -.102 -.107* 
DiscCluster20_29 SG1 n.e. n.e. -.078 -.091* n.e. n.e. 
DiscCluster40_And_Bi
gger SG1 

-.040 -.085** n.e. n.e. -.093 -.033** 

DiscCluster10_19 SG2 -.023 -.112* -.075 -.176* -.035 -.034** 
DiscCluster20_29 SG2 .079 .088** n.e. n.e. n.e. n.e. 
DiscCluster20_29 SG3 -.045 -.212* -.068 -.161* n.e. n.e. 
DiscCluster40_And_Bi
gger SG3 

-.088 -.228* -.146 -.189* -.157 -.088* 

DiscCluster20_29 SG6 n.e. n.e. n.e. n.e. .949 .696* 
DiscCluster30_39 SG6 .022 .075** n.e. n.e. 1.134 .766* 
DiscCluster40_And_Bi
gger SG6 

n.e. n.e. n.e. n.e. .512 .242* 

AfterBag -.035 -.106* -.080 -.122* n.e. n.e. 
AfterBag2 -.022 -.068** -.081 -.123* n.e. n.e. 
BeforeHoliday n.e. n.e. n.e. n.e. n.e. n.e. 
SummerHoliday 
South 

-.073 -.277* -.043 -.081** n.e. n.e. 

SummerHoliday Mid n.e. n.e. -.053 -.103** -.063 -.049* 
OtherHolidays -.026 -.080* -.072 -.108* n.e. n.e. 
Temp_200_ 249 n.e. n.e. n.e. n.e. n.e. n.e. 
Temp_250_ 
And_Bigger 

-.024 -.075** n.e. n.e. n.e. n.e. 
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The detailed discussion of the results on the SG-company-day level can be found in Section 10.2.2. 
 
 
SKU-company-day  
Non-promotion 
 SG1 SG2 SG3 

B Beta B Beta B Beta 
Constant -.545  -.152  .524  

LNPrevSalesSKU 
SG1NonPromo 

1.008 .976*     

LNPrevSalesSKU 
SG2NonPromo 

  1.002 .982*   

LNPrevSalesSKU 
SG3NonPromo 

    .919 .845* 

LNPrevSalesSKU 
SG4NonPromo 

      

LNPrevSalesSKU 
SG5NonPromo 

      

LNPrevSalesSKU 
SG6NonPromo 

      

#Stores .010 .011* .003 .005** n.e. n.e. 
LN(#promoSG1+1) -.091 -.075*     
LN(#promoSG2+1)   -.010 -.009*   
LN(#promoSG3+1)     -.046 -.079* 
LN(#promoSG6+1)       
AfterBag -.120 -.038 -.092 -.036* -.058 -.065* 
AfterBag2 n.e. n.e. -.039 -.015* n.e. n.e. 
BeforeHoliday n.e. n.e. n.e. n.e. -.025 -.039* 
SummerHoliday 
South 

n.e. n.e. -.042 -.021* n.e. n.e. 

SummerHoliday Mid -.115 -.047* -.055 -.028* -.077 -.104* 
OtherHolidays -.107 -.034* -.053 -.021* -.029 -.030* 
Temp_200_ 249 -.024 -.012* .019 .012* n.e. n.e. 
Temp_250_ 
And_Bigger 

-.069 -.023* -.029 -.011* -.034 -.034* 

 SG4 SG5 SG6 
B Beta B Beta B Beta 

Constant -.682  .240  -.846  
LNPrevSalesSKU 
SG1NonPromo 

      

 SG1 SG2 SG3 SG4 SG5 SG6 

R .944 .955 .966 .777 .807 .974 
R2 .891 .912 .932 .604 .651 .948 

R2adj .889 .911 .931 .596 .645 .947 

Std. Error of the Estimate .06872 .05586 .07693 .05655 .10709 .10440 

 SG4 V2 SG5 V2 SG6 V2 

R .780 .824 .981 
R2 .609 .679 .962 

R2adj .598 .670 .961 

Std. Error of the Estimate .05637 .10325 .08927 
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LNPrevSalesSKU 
SG2NonPromo 

      

LNPrevSalesSKU 
SG3NonPromo 

      

LNPrevSalesSKU 
SG4NonPromo 

.970 .941*     

LNPrevSalesSKU 
SG5NonPromo 

  .943 .918*   

LNPrevSalesSKU 
SG6NonPromo 

    .992 .926* 

#Stores .15 .041* n.e. n.e. .016 .022* 
LN(#promoSG1+1)       
LN(#promoSG2+1)       
LN(#promoSG3+1)       
LN(#promoSG6+1)     n.e. n.e. 
AfterBag -.043 -.032* -.058 -.045* n.e. n.e. 
AfterBag2 -.058 -.043* -.042 -.033* -.035 -.029* 
BeforeHoliday n.e. n.e. -0.05 -.028** .057 .025* 
SummerHoliday 
South 

-.072 -.065* n.e. n.e. n.e. n.e. 

SummerHoliday Mid n.e. n.e. -.073 -.072* -.044 -.023* 
OtherHolidays -.040 -.030* -.045 -.034* -.083 -.031* 
Temp_200_ 249 n.e. n.e. n.e. n.e. n.e. n.e. 
Temp_250_ 
And_Bigger 

-.029 -.022* n.e. n.e. -.048 -.020** 

 
Promotion 
 SG1 SG2 SG3*** 

B Beta B Beta B Beta 
Constant 2.763  4.671  4.370  

LNPrevSG1Non 
Promo 

.741 .998*     

LNPrevSG2 Non 
Promo 

  .620 .773*   

LNPrevSG3 Non 
Promo 

    .629 .679* 

#Stores n.e. n.e. n.e. n.e.   
LN(#promoSG1+1) -.325 -.232*     
LN(#promoSG2+1)   .033 .046*   
LN(#promoSG3+1)     -.250 -.318* 
LNDiscPercSKUs1 1.538 .206*     
LNDiscPercSKUs2   .825 .498*   
LNDiscPercSKUs3     .626 .606* 
AfterBag -.051 -.022** -.147 -.122*   
AfterBag2 .122 .040* n.e. n.e.   
BeforeHoliday -.078 -.049* n.e. n.e.   
SummerHoliday 
South 

n.e. n.e. -.156 -.108*   

SummerHoliday Mid -.149 -.061** n.e. n.e.   
OtherHolidays n.e. n.e. .259 .108*   
Temp_200_ 249 .053 .036** n.e. n.e.   
Temp_250_ 
And_Bigger 

-.089 -.025** n.e. n.e.   

 
 



100 
 

Non Promotion 

 
Promotion 

 
 
 
 
 
 

 
As already discussed in the bigging of this appendix, on the higher aggregation levels, the use of the 
percentage discount cluster did not always give logical results. This combined with the limited time-span 
of the research, it is decided that, at the SKU-company-day level, only the number of products in 
promotion in the SG are tested and reported. What could not be included at higher aggregation level, but 
that actually can be included at this aggregation level, is the promotional effect on specific SKU using the 
discount percentage of the SKU. In Section 10.2, it is already discussed that for the models on both the 
SKU or store level there occurs a problem which is expected to be caused by the fact that different stores 
and SKU’s are all included in one model. As a result, the variable of the average sales of the previous weeks 
has a very strong explanatory power. For SG 3, the model for promotional sales only includes three 
variables as discussed in Section 9.4. In addition, no model is made for the promotional sales of SG 6 
because not all regression assumptions can be met for this SG (see Section 9.7). The 𝑅𝑅𝑠𝑠𝑑𝑑𝑎𝑎2  values of the 
models are shown in Table 18 and Table 19.  

Table 18 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹  values of the non-promotion models on the SKU-company-day level 

 

Table 19 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹  values of the promotion models on the SKU-company-day level 

 

 

Average sales of the previous weeks 
As already discussed in Section 10.2, this variable is the variable with the strongest effect in all models on 
this level. The effect found is significant and positive (𝛽𝛽’s between 0.918* and 0.982* for non-promo and 
between 0.679* and 0.998* for promo) (H1 confirmed).  

Number of operating stores 
In the non-promotion models, this variable is found to have a significant positive effect (𝛽𝛽’s between 
0.005** and 0.041*) on the dependent variable for four of the six SG’s (H2 confirmed for non-promo SG 

 SG1 SG2 SG3 SG4 SG5 SG6 

R .984 .985 .879 .944 .924 .935 
R2 .969 .970 .772 .892 .853 .875 

R2adj .969 .970 .771 .891 .853 .874 

Std. Error of the Estimate .15443 .12190 .124217 .12283 .13514 .24063 

 SG1 SG2 SG3 

R .954 .971 .661 
R2 .910 .943 .437 

R2adj .909 .942 .433 

Std. Error of the Estimate .18472 .10405 .182996 

 SG 1 SG 2 SG 3 SG 4 SG 5 SG 6 
𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹

 .885 .909 .931 .697 .649 .947 

 SG 1 SG 2 SG 3 
𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹
𝑹𝑹

 .909 .942 .433 
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1, SG 2, SG4, and SG 6; rejected for SG 3 and SG 5). The variable is not found to have a significant effect 
in any of the promotion models (H2 for promo rejected).  

Promotions 
The promotion effect is tested on this level using the discount percentage of the SKU’s. In all three 
promotion models, a significant positive effect (𝛽𝛽’s between 0.206* and 0.606*) of this variable is found 
(H4 confirmed). In the model for SG 1, it is the third strongest factor, after the average sales of previous 
weeks and the cannibalization effect. For SG 2 and SG 3, it is the second strongest factor, after the average 
sales of previous weeks.  

The first week after a bag promotion is found to have a significant negative effect (𝛽𝛽’s between -0.032* 
and -0.065*) in five of the six non-promotion models (H17 confirmed for non-promo SG 1 till SG 5; 
rejected for SG 6). In both promotion models in which this variable is tested also significant negative effect 
(respectively 𝛽𝛽= -.022** and 𝛽𝛽= -.122*) is found (H17 confirmed for promo SG 1 and SG 2). The second 
week after a bag promotion has a significant negative effect (𝛽𝛽’s between -0.015* and -0.043*) in four of 
the six non-promotion models (H18 confirmed for non-promo SG 2, SG 4, SG 5 and SG 6; rejected for SG 
1 and SG 3). Regarding the promotion models, it is only found to have a significant effect in SG 1. This 
effect is positive (𝛽𝛽= .040*) which was unexpected (H18 rejected for promo SG 1 and SG 2). For non-
promo SG 4 and SG 6 and for promo SG 1, the effect of the second week is bigger than of the first week, 
for the other SG’s this is not the case (H19 confirmed for non-promo SG 1 till SG 3 and SG 5; rejected for 
non-promo SG 4 and SG 6; confirmed for promo SG 2; rejected for promo SG 1). 

Cannibalization  
Cannibalization is tested using the number of products in promotion in the SG. For the non-promotion 
models of SG 1, SG 2, and SG 3, there is a significant negative effect (𝛽𝛽’s between -0.009* and -0.079*) 
found (H15 confirmed for non-promo SG 1 till SG 3). This means that, when there is a promotion of one 
or more SKU’s in an SG, this cannibalizes the sales of the SKU’s in that SG that are not promoted. In 
contrast to the three SG’s discussed, in the model for SG 6 no significant cannibalization effect is found 
(H15 rejected for non-promo SG 6).  

With regard to the promotion models, in SG 1 and SG 3, a significant negative effect (respectively 𝛽𝛽= -
0.232* and 𝛽𝛽= -0.318*) is found of the cannibalization variable (H15 confirmed for promo SG 1 and SG 
3). This is as expected, meaning that when more SKU’s are promoted in an SG, the sales increase of the 
promotion of SKUs that are promoted in that SG is smaller. Unexpectedly, in the model for SG 2, a 
significant positive effect (𝛽𝛽=0.046*) is found (H15 rejected for promo SG 2). This means that no 
cannibalization between promoted SKU’s in SG 2 is found.  

Holidays 
The variable indicating the week before a holiday is found to have a significant effect in three of the six 
non-promotion models and in one of the two promotion models. A result that was unexpected, is that the 
variable indicating a summer holiday week in the middle of the Netherlands is significant in more models 
than the variable for summer holiday week in the south of the Netherlands (H23 confirmed for non-
promo SG 4; rejected for all other non-promo). The variable for the southern part is only found to have 
a significant negative effect in two of the non-promotion models and in one of the promotion models 
(H20 confirmed for non-promo SG 2 and SG 4; rejected for all other non-promo; confirmed for promo 
SG 2; rejected for promo SG 1). For the variable of the middle part, this is found for five of the six non-
promotion models and one of the promotion models (H21 rejected for non-promo SG 4; confirmed for 
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all other non-promo; rejected for promo SG 2; confirmed for promo SG 1). There is only one model in 
which both are found to have a significant effect. Finally, the other holidays variable has a significant 
negative effect (𝛽𝛽’s between -0.021* and -0.034*) in all non-promotion models (H22 confirmed for all 
non-promo). In contrast, in the promotion models, it is not significant in one of them and has a significant 
positive effect (𝛽𝛽=0.108*) in the other one (H22 rejected for all promo). This final positive effect is 
unexpected because, in general, the holidays result in lower sales instead of in higher sales.  

Weather  
The results for the variable indicating a temperature between 20.0-24.9 degrees Celsius are not as 
expected. Only in one model a significant negative effect (𝛽𝛽= -0.012*) is found as was expected. However, 
in two models a significant positive effect (𝛽𝛽=0.012* and 𝛽𝛽= 0.036*) is found of this variable. This 
implicates that the sales are higher with a relatively high temperature than when the temperature is lower 
than 20.0 degrees Celsius. In the other five models, no significant effect is found for the variable (H28 
confirmed for non-promo SG 1; rejected for all other non-promo; rejected for all promo). The results 
found for the variable for a temperature of 25.0 degrees Celsius or more come closer to meeting the 
expectations. In five of the six non-promotion models, and in one promotion model, a significant negative 
effect (𝛽𝛽’s between -0.011* and -0.034*) is found for this variable (H29 rejected for non-promo SG 5; 
confirmed for all other non-promo; rejected for promo SG 2; confirmed for promo SG 1). Hypothesis 29 
is rejected for non-promo SG 2 and SG 5 and promo SG 1 and SG 2 and is confirmed for all other ones. 
The variables for mm rain and sun hours are not significant in all models (H25 and H26 rejected for all 
SG’s). 
 
 
 

Appendix J Regression formulas SG-company-day level used in the new forecasting 
method 
For all SG’s the regressions formula is given in formula 79 till 84: 

𝑑𝑑d,w,g=1 = 8.501 + 0.681 ∗ 𝑑𝑑3,d,w,𝑔𝑔=1 − 0.077 ∗ 𝑑𝑑3,d,w,𝑔𝑔=2 − 0.092 ∗ 𝑑𝑑3,d,w,𝑔𝑔=3 − 0.024 ∗ 𝑑𝑑3,d,w,𝑔𝑔=6 −
0.102 ∗ 𝑑𝑑4,𝑤𝑤 − 0.026 ∗ 𝑑𝑑6,𝑤𝑤 − 0.088 ∗ 𝑑𝑑7,𝑤𝑤 − 0.036 ∗ 𝑑𝑑8,𝑤𝑤 − 0.089 ∗ 𝑑𝑑9,𝑤𝑤 − 0.038 ∗ 𝑑𝑑11,d,𝑤𝑤   ( 79 ) 

𝑑𝑑d,w,g=2 = 6.690 + 0.028 ∗ 𝑑𝑑2,𝑤𝑤 − 0.027 ∗ 𝑑𝑑3,d,w,𝑔𝑔=1 + 0.252 ∗ 𝑑𝑑3,d,w,𝑔𝑔=2 − 0.048 ∗ 𝑑𝑑3,d,w,𝑔𝑔=3 −
0.119 ∗ 𝑑𝑑4,𝑤𝑤 − 0.040 ∗ 𝑑𝑑5,𝑤𝑤 + 0.015 ∗ 𝑑𝑑6,𝑤𝑤 − 0.099 ∗ 𝑑𝑑7,𝑤𝑤 − 0.053 ∗ 𝑑𝑑8,𝑤𝑤 − 0.041 ∗ 𝑑𝑑9,𝑤𝑤 − 0.044 ∗
𝑑𝑑11,d,𝑤𝑤  ( 80 ) 

𝑑𝑑d,w,g=3 = 6.232 + 0.028 ∗ 𝑑𝑑2,𝑤𝑤 − 0.056 ∗ 𝑑𝑑3,d,w,𝑔𝑔=1 − 0.058 ∗ 𝑑𝑑3,d,w,𝑔𝑔=2 + 0.413 ∗ 𝑑𝑑3,d,w,𝑔𝑔=3 −
0.066 ∗ 𝑑𝑑4,𝑤𝑤 − 0.026 ∗ 𝑑𝑑5,𝑤𝑤 − 0.199 ∗ 𝑑𝑑7,𝑤𝑤 − 0.059 ∗ 𝑑𝑑8,𝑤𝑤 − 0.047 ∗ 𝑑𝑑9,𝑤𝑤 − 0.035 ∗ 𝑑𝑑11,d,𝑤𝑤   ( 81 ) 

𝑑𝑑d,w,g=4 = −0.045 + 0.942 ∗ 𝑑𝑑1,d,w,𝑔𝑔=4  + 0.010 ∗ 𝑑𝑑2,𝑤𝑤 − 0.026 ∗ 𝑑𝑑3,d,w,𝑔𝑔=1 − 0.040 ∗ 𝑑𝑑3,d,w,𝑔𝑔=2 −
0.063 ∗ 𝑑𝑑3,d,w,𝑔𝑔=3 − 0.042 ∗ 𝑑𝑑4,𝑤𝑤 − 0.033 ∗ 𝑑𝑑5,𝑤𝑤 − 0.085 ∗ 𝑑𝑑7,𝑤𝑤 − 0.077 ∗ 𝑑𝑑8,𝑤𝑤 − 0.066 ∗ 𝑑𝑑9,𝑤𝑤  ( 82 ) 

𝑑𝑑d,w,g=5 = 1.211 + 0.772 ∗ 𝑑𝑑1,d,w,𝑔𝑔=5 − 0.012 ∗ 𝑑𝑑2,𝑤𝑤 − 0.022 ∗ 𝑑𝑑3,d,w,𝑔𝑔=3 + 0.013 ∗ 𝑑𝑑3,d,w,𝑔𝑔=6 −
0.109 ∗ 𝑑𝑑4,𝑤𝑤 − 0.080 ∗ 𝑑𝑑5,𝑤𝑤 − 0.080 ∗ 𝑑𝑑8,𝑤𝑤 − 0.058 ∗ 𝑑𝑑9,𝑤𝑤   ( 83 ) 

𝑑𝑑d,w,g=6 = 7.172− 0.129 ∗ 𝑑𝑑1,d,w,𝑔𝑔=6 − 0.113 ∗ 𝑑𝑑3,d,w,𝑔𝑔=1 − 0.111 ∗ 𝑑𝑑3,d,w,𝑔𝑔=2 − 0.149 ∗ 𝑑𝑑3,d,w,𝑔𝑔=3 +
0.475 ∗ 𝑑𝑑3,d,w,𝑔𝑔=6 − 0.082 ∗ 𝑑𝑑4,𝑤𝑤 − 0.127 ∗ 𝑑𝑑8,𝑤𝑤   ( 84 ) 
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The range of the regression predictors used in formula 79 till 84 in the data of 2018: 

Predictors Short description Type Minimum Maximum 
𝒊𝒊𝟏𝟏,𝑹𝑹,𝒘𝒘,𝒈𝒈=𝟒𝟒  LN of average sales 

previous 9 weeks  
Quantitative 7.31 7.48 

𝒊𝒊𝟏𝟏,𝑹𝑹,𝒘𝒘,𝒈𝒈=𝟓𝟓  LN of average sales 
previous 9 weeks 

Quantitative 4.84 5.15 

𝒊𝒊𝟏𝟏,𝑹𝑹,𝒘𝒘,𝒈𝒈=𝟔𝟔  LN of average sales 
previous 9 weeks 

Quantitative 6.10 6.80 

𝒊𝒊𝑹𝑹,𝑹𝑹,𝒘𝒘  Number of stores Quantitative 58 60 
𝒊𝒊𝟑𝟑,𝒘𝒘,𝒈𝒈=𝟏𝟏  Number of products 

promoted 
Quantitative 0 14 

𝒊𝒊𝟑𝟑,𝒘𝒘,𝒈𝒈=𝑹𝑹  Number of products 
promoted 

Quantitative 0 4 

𝒊𝒊𝟑𝟑,𝒘𝒘,𝒈𝒈=𝟑𝟑  Number of products 
promoted 

Quantitative 0 10 

𝒊𝒊𝟑𝟑,𝒘𝒘,𝒈𝒈=𝟔𝟔  Number of products 
promoted 

Quantitative 0 7 

𝒊𝒊𝟒𝟒,𝒘𝒘  1st week after bag 
promotion 

Binary 0 1 

𝒊𝒊𝟓𝟓,𝒘𝒘  2nd week after bag 
promotion 

Binary 0 1 

𝒊𝒊𝟔𝟔,𝒘𝒘  Week before holiday Binary 0 1 
𝒊𝒊𝟕𝟕,𝒘𝒘  Summer holiday South  Binary 0 1 
𝒊𝒊𝟖𝟖,𝒘𝒘  Summer holiday 

middle 
Binary 0 1 

𝒊𝒊𝟗𝟗,𝒘𝒘  Other holidays Binary 0 1 
𝒊𝒊𝟏𝟏𝟏𝟏,𝑹𝑹,𝒘𝒘  Temperature between 

20.0-24.9°C 
Binary 0 1 

𝒊𝒊𝟏𝟏𝟏𝟏,𝒘𝒘,𝑹𝑹  Temperature ≥25.0°C Binary 0 1 
 

 

Appendix K Comparison of single exponential smoothing to the new forecasting method 
In the main text, the new forecasting method is extensively compared to the current forecasting method 
at Jan Linders. In addition to that, in this appendix, the results of the new forecasting method are 
compared to a well-known forecasting method: single exponential smoothing. With this method, the 
forecast is based on the last forecast and the last sales observation. The following formula is used to 
determine the forecast (Nahmias, 2009): 

𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 𝛼𝛼 ∗ 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤−1,𝑠𝑠,𝑔𝑔 + (1 − 𝛼𝛼) ∗ 𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤−1,𝑠𝑠,𝑔𝑔   ( 85 ) 

Both the last sales and forecast are taken from the same weekday of the previous week. Forecasting for 
non-promotion weeks and promotion weeks is done separately. This means that differences in the sales 
due to promotions within an SG are accounted for. The value of 𝛼𝛼 is searched based on the data of 2017. 
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The MAPE is used as a benchmark to compare different alpha values. Alpha values from 0.1 till 0.9 are 
tested with steps of 0.1 and the alpha value giving the best results (in terms of MAPE) is given in Table 20.  

Table 20 Best alpha values for single exponential smoothing per SG 

 

 

 

 

 
 

These alpha values are used to test the performance of single exponential smoothing on the data of week 
1 till 26 of 2018. The results of both single exponential smoothing and the new forecasting method are 
shown in Table 21 and 22. The performance measurements are determined using formula 2 till 5 in Section 
5.2. Only the AB for non-promotion weeks of SG 2 and SG 4 is better with single exponential smoothing. 
All other measurements give better results with the new forecasting method discussed in this report. 
Therefore, it is concluded that the new method discussed in this report outperforms single exponential 
smoothing for forecasting loaves at Jan Linders. 

Table 21 Performance results of single exponential smoothing (SES) and the new forecasting method of non-promotion 
weeks on SG-company-day level 

 MAPE AB MAD RMSE 
SES New SES New SES New SES New 

SG 1 9.9% 5.7% 163.1 -126.3 384.8 229.4 484.1 273.0 
SG 2 5.8% 4.7% 8.4 73.4 228.3 183.0 294.0 231.2 
SG 3 7.2% 3.8% 23.8 -7.7 162.9 93.4 226.5 111.4 
SG 4 8.2% 7.4% -58.1 -80.7 127.0 115.3 165.1 146.5 
SG 5 12.1% 11.9% -7.8 -7.6 17.5 17.4 21.5 21.0 
SG 6 114.9% 11.8% -496.0 17.0 498.0 53.2 695.3 63.7 

 
Table 22 Performance results of single exponential smoothing (SES) and the new forecasting method of promotion weeks on 
SG-company-day level 

 MAPE AB MAD RMSE 
SES New SES New SES New SES New 

SG 1 11.5% 6.1% 280.3 41.3 761.3 411.3 1066.8 534.2 
SG 2 10.7% 7.4% -435.0 -228.9 500.7 385.7 647.2 455.7 
SG 3 21.2% 16.4% 235.6 -476.0 1111.1 752.3 1336.0 882.2 
SG 6 52.5% 27.2% 906.9 245.8 906.9 369.7 1115.9 473.0 

 

 

 

 
α 

SG 1 0,9 
SG 2 0,4 
SG 3 0,2 
SG 4 0,9 
SG 5 0,4 
SG 6 0,3 
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Appendix L Assumptions ordering part 
− Substitution in case of a stockout is 100% 
− Substitution always occurs in the following order SG 3  SG 2  SG 1  SG 4  SG 5 
− Sales are equal to the demand 
− The 𝑀𝑀�𝜇𝜇𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔� and 𝑀𝑀[𝜎𝜎𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔] in step 2 of the NVP method are parameters of a normal 

distribution 
 
 

Appendix M Formulas to determine the substitution in the ordering part 
First, the Waste, lost sales and sales are determined when only 100% substitution within SG is assumed.  

𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  (𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
∗ − 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑙𝑙 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑.𝑤𝑤.𝑠𝑠,𝑔𝑔)+  ( 86 ) 

𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  −(𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
∗ − 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑙𝑙 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔)−  ( 87 ) 

𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑄𝑄𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔
∗ −  𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔  ( 88 ) 

 

Next, the waste, lost sales and sales are determined when the sales that could not be met from the own 
SG can be met by one of the other SG’s, indicating 100% substitution between SG’s.  

𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔    ( 89 ) 

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔   ( 90 ) 

𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔   ( 91 ) 

 

𝑎𝑎𝑠𝑠𝑠𝑠𝑝𝑝 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠 𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 [3,2,1,4,5]  ( 92 ) 

  𝑎𝑎𝑠𝑠𝑠𝑠𝑝𝑝 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠 𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠 [3,2,1,4,5]  

𝐼𝐼𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 > 0 𝑀𝑀𝐴𝐴𝑀𝑀 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 > 0   

𝐼𝐼𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 > 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 

  𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 − 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 

 𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 + 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔  

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 = 0  

𝑀𝑀𝑙𝑙𝑠𝑠𝑠𝑠 𝐼𝐼𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 < 𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 

𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 =  𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔𝑔𝑔 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 

𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑠𝑠𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 + 𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 

𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 = 0  
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𝑀𝑀𝑠𝑠𝑑𝑑 𝐼𝐼𝑜𝑜 

𝑀𝑀𝑠𝑠𝑑𝑑 𝐼𝐼𝑜𝑜 

𝑀𝑀𝑠𝑠𝑑𝑑 𝐼𝐼𝑜𝑜 

  𝑀𝑀𝑠𝑠𝑑𝑑 𝑎𝑎𝑠𝑠𝑠𝑠𝑝𝑝 

𝑀𝑀𝑠𝑠𝑑𝑑 𝑎𝑎𝑠𝑠𝑠𝑠𝑝𝑝 

 

𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔  ( 93 ) 

𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔 =  𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝐶𝐶𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑙𝑙𝑙𝑙𝑠𝑠𝑑𝑑,𝑤𝑤,𝑠𝑠,𝑔𝑔  ( 94 ) 

 

Finally, the (average) waste percentage expressed in the number of loaves, the (average) lost sales 
percentage in the number of loaves, and the (average) profit in Euro are determined. This is done using 
formula 6 till 11 in Section 5.3 
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