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Abstract 
This Master’s Thesis is conducted in collaboration with a Dutch supermarket chain. The Dutch 

supermarket chain has recently implemented an automatic store ordering (ASO) system for daily fresh 

bread in one of its regions. The performance of the ordering logic implemented in the ASO system has, 

however, not yet been validated. Besides validation, the Dutch supermarket chain is interested in 

improvement suggestions for the ASO system. For this reason, three theoretical models are developed: 

a model assuming deterministic and discrete demand, a model assuming stochastic and continuous 

demand, and a model assuming stochastic and discrete demand. The developed theoretical models are 

compared with the performance of the current ordering logic. Based on this comparison, it can be 

concluded that the performance can be improved by using the deterministic discrete model and the 

stochastic discrete model. These two models do, however, add complexity. Therefore, alternatives are 

offered to improve the current ordering method. By allowing ordering per piece and adding a buffer 

percentage of on average 6% instead of enforcing a fixed case pack size, the performance can be 

improved on all of the included KPIs (expected realized sales, expected waste percentage, expected lost 

sales, and expected revenue). Furthermore, the current ordering method can be improved by 

determining the order based on a forecast using an approximation of demand instead of using the sales 

data. 
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Management Summary 
This Master’s Thesis is performed at a Dutch Supermarket Chain (DSC), a discounter delivering high 

quality products for a low price. The Dutch brand of DSC currently operates around 425 stores across 

the country, which are supplied by six regional distribution centers. 

 

Project Definition 
DSC wants to transform its ordering systems from manual to automatic. It has been decided to start the 

transformation with the daily fresh bread category, resulting in the introduction of an Automated Store 

Ordering system (Auto-Dispo App aka ASO) for daily fresh bread. The goal of this transformation is 

to reduce the time required for determining the order quantities and to improve the ordering accuracy. 

Finally, an additional goal is to improve the maintainability and transferability of the Auto-Dispo App. 

Prior to the Auto-Dispo App, a semi-automatic bread ordering system was introduced in one of the 

regional distribution centers. The results of the semi-automatic bread ordering system were promising, 

but have not yet been validated. The Auto-Dispo App has been developed based on the same ordering 

logic as the semi-automatic bread ordering system. It is, therefore, desirable to first validate the 

performance of the ordering logic before implementing the Auto-Dispo App in the other regional 

distribution centers. Furthermore, DSC is interested in improvement suggestions to further improve the 

ordering accuracy. Based on the provided problem description, the following research question has been 

formulated: 

 

Which improvement suggestions can be made for the automatic ordering system (Auto-Dispo App) of 

daily fresh bread at a Dutch Supermarket Chain? 

 

A literature study has been conducted for the ordering of perishables, and daily fresh bread in particular. 

Literature about daily fresh bread is limited, since retailers in other countries typically sell more non-

daily fresh bread. Furthermore, the assortment size in the Netherlands is bigger. One model, indicated 

by Van Woensel, Van Donselaar, Broekmeulen, and Fransoo (2007), that is applicable to the ordering 

of daily fresh bread, is the one-period multi-item newsboy problem with substitution of Mahajan and 

Van Ryzin (2001). 

 

Research Design 
To validate the performance of the semi-automatic bread ordering systems in terms of the sales, waste, 

and out-of-stocks, paired-samples t-tests have been performed. This has been done at two aggregation 

levels: the daily SKU-store level and the daily store level. In order to perform the paired-samples t-

tests, first the sales, waste, and out-of-stocks were quantified. Due to the strong weekly sales pattern 

observed at DSC, the sales data were deseasonalized. Additionally, the waste data were deseasonalized. 

Quantifying the out-of-stocks or lost sales required the development of a demand and lost sales 

approximation method. 

 

Besides evaluating the performance, DSC is interested in improvement suggestions. To provide these, 

three theoretical models have been developed. New theoretical models had to be developed, since the 

one-period multi-item newsboy problem with substitution focuses on maximizing profit instead of 

maximizing revenue, which is the main objective of DSC. Furthermore, DSC has set several constraints: 

▪ DSC desires to have a maximum of 10% waste for daily fresh bread; 

▪ DSC uses fixed case pack sizes or crate sizes when ordering bread. The reason for using a fixed 

case pack size is a discount provided by the bakery when ordering daily fresh bread in full case 

packs. Only orders in full case pack sizes are accepted, so this is set as a constraint on the 

solution; 

▪ DSC has selected several items for which they require a higher service level. Those items are 

referred to as ‘Always Bread’ (Dutch: Altijd Broden); 

▪ DSC requires that all items within the specified assortment are offered by every store. 

 

The three theoretical models were developed under the set objective and constraints. However, to 

facilitate modeling, each model makes different simplifying assumptions. The first model provides a 
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robust order advice by assuming deterministic and discrete demand. The second model assumes 

stochastic and continuous demand, and therefore additionally requires a rounding heuristic. Finally, the 

third model assumes stochastic and discrete demand. All three models are developed under the 

assumption that substitution is neglectable. 

 

Besides the development of the three theoretical models, an improvement alternative has been explored, 

which can be implemented in the current ordering method. This is done to facilitate ease of 

implementation and understandability. The alternative that was explored is relaxing the constraint that 

requires the order quantity to be a multiple of the fixed case pack size. 

 

Results 
When evaluating the performance of the semi-automatic bread ordering system, a decreased 

performance can be found compared to the manual bread ordering system in terms of the deseasonalized 

sales and the lost sales. Contrarily, an increased performance can be found in terms of the 

deseasonalized waste. An advantage of using the semi-automatic bread ordering system is, furthermore, 

the reduced time required for generating the orders. It is important to mention that a possible explanation 

for the decrease in sales is the uncontrolled environment in which the research was conducted. The 

reason for this is that sales are influenced by a wide variety of factors (e.g. the number of promotion 

weeks or the introduction of a bake-off department). The conclusions of this sub-question should, 

therefore, be interpreted with caution. Furthermore, it is concluded that it is important to consider the 

lost sales and the waste when evaluating the performance of the system, since a constant trade-off has 

to be made between those KPIs. 

 

When implementing the theoretical models, infeasibility was encountered. Infeasibility implies that on 

one or multiple weekdays, no reorder levels could be obtained for which the model fulfilled all of the 

set constraints. It was found that the stores that encountered infeasible models on certain weekdays were 

typically stores with relatively low sales on the specific weekday. To obtain reorder levels for the 

infeasible models, which was required for comparing the theoretical models, one or multiple constraints 

had to be relaxed. The constraint that was relaxed was the target waste level. After relaxing this 

constraint, the deterministic discrete model (model 1) and the stochastic discrete model (model 3) were 

found to be comparable in terms of the expected realized sales, the expected waste percentage, the 

expected lost sales, and the scaled expected revenue. In Figure 1, the trade-off between the expected 

waste percentage and the scaled expected revenue1 is visualized using efficient frontiers. This has been 

done for two example stores: store 1 and store 51. Store 1 is the largest store in terms of the bread sales 

in pieces and is representative for 15% of the stores supplied by RDC2. Moreover, store 51 is the median 

store in terms of the bread sales in pieces and is representative for 80% of the stores supplied by RDC2. 

Figure 1: Efficient frontiers of the three developed theoretical models and the current ordering method 

(model 4), for store 1 and store 51. 

 
1 To ensure confidentiality, all results within this Master’s Thesis have been scaled. 

0

5

10

15

20

2150 2200 2250 2300 2350 2400 2450W
as

te
 P

er
ce

n
ta

ge

Scaled Revenue

Efficient Frontier Store 1

Model 1 Model 2 Model 3 Model 4

0

5

10

15

20

25

950 1000 1050 1100 1150 1200W
as

te
 P

er
ce

n
ta

ge

Scaled Revenue

Efficient Frontier Store 51

Model 1 Model 2 Model 3 Model 4



IV 
 

It can be noted in Figure 1, that both model 1 and model 3 perform better than the stochastic continuous 

model (model 2). Furthermore, it can be concluded that model 3, the stochastic discrete model, is the 

preferred model. This since model 3 most accurately resembles real life conditions. When comparing 

the performance of the stochastic discrete model to the performance of the current ordering logic (model 

4), better performance for the stochastic discrete model was found. This comes, however, at added 

complexity. It can be noted that, especially for the large store, quite some improvement potential is 

possible. For store 51, however, the improvement potential is smaller (i.e. the distance between the 

point representing the performance of the current method and the efficient frontier of model 3 is smaller 

for store 51 than for store 1). A possible reason for this is that for smaller stores less solution alternatives 

are available since it is harder to adhere to the imposed constraints. 

 

Besides developing theoretical models, an alternative improvement suggestion is evaluated: allowing 

ordering per piece. Ordering per piece or in half case pack sizes does not improve the performance of 

the current model due to the absence of an accurate safety stock. An alternative improvement suggestion 

is, therefore, to allow ordering per piece and to add a buffer percentage to account for demand 

uncertainty. On average, a buffer percentage of around 6% should be added to improve performance on 

all KPIs. More precisely, for store 1, ordering per piece with a buffer percentage of 3% is determined 

to be optimal. By adding this buffer percentage, an improvement on all KPIs (expected realized sales, 

expected revenue, expected lost sales, and expected waste percentage) can be obtained. The 

performance of the current model when ordering per piece and adding a buffer percentage of 3%, model 

5, for store 1 is visualized in Figure 2. For store 51, ordering per piece with a buffer percentage of 6% 

is determined to be optimal. Moreover, in Figure 2, the efficient frontier is drawn of allowing ordering 

per piece using the stochastic discrete model (model 3b). It can be noted that the biggest improvement, 

approximately 7% extra revenue, can be obtained when switching to the stochastic discrete model and 

allowing ordering per piece. Alternatively, DSC can decide to focus on reducing the expected waste 

percentage or to have a combination of waste reduction and revenue increasement. 

Figure 2: Efficient frontiers of store 1 and 51 of the stochastic discrete model (model 3), the stochastic 

discrete model relaxing the fixed case pack size (model 3b), the current model (model 4), and the current 

model when relaxing the fixed case pack size and adding a buffer percentage (model 5). 

 

Recommendations 
Based on the obtained results, the following recommendations can be made to DSC: 

▪ Consider the trade-off between lost sales, waste, and sales when deciding on the desirability of 

measures. By considering this trade-off instead of just sales, a fairer evaluation is possible. 

▪ Reevaluate the constraints imposed on small stores, especially for days with typical low sales. 

▪ Evaluate whether the reported improved performance (i.e. approximately 7% extra revenue) 

when implementing the stochastic discrete model and allowing ordering per piece compensates 

for the added complexity and the increased ordering costs. 
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Part I: Project Definition 

1. Introduction 
In context of this Master’s Thesis project conducted at a Dutch Supermarket Chain, further referred to 

as DSC, the following report has been formed. This chapter first gives a short company description 

about DSC. After this, the structure of the remainder of the report is discussed. For confidentiality, all 

results in this Master’s Thesis are scaled. 

 

1.1 Company Description 

DSC is a world-wide operating discounter delivering high quality products for a low price. DSC 

operates around 10,000 stores across 30 countries spread over Europe and the United States. The Dutch 

brand of DSC operates around 425 stores across the country. Those 425 stores are supplied by six 

Regional Distribution Centers (RDCs). Furthermore, DSC currently employs over 17,000 employees in 

the Netherlands working in the stores, RDCs, and the headquarters. 

 

1.2 Report Structure 

This project aims to produce solutions to field problems experienced by DSC. According to Van Aken, 

Berends, and Van der Bij (2012), such problems may follow the iterative steps of the problem solving 

cycle. Van Aken et al. (2012) described that in general, companies face a problem mess of interrelated 

problems. In order to formulate a clear business problem, therefore, first the problem mess has to be 

identified and structured. This structuring is described by Van Aken et al. (2012) as the first step of the 

problem solving cycle, resulting in the problem definition. The second step described by Van Aken et 

al. (2012) consists of analyzing the problem and its context and diagnosing the causes of the problem. 

The next described step is the solution design. The designed solution has to tackle the most important 

problem causes. In this step, furthermore, the implementation of the solution is designed. The final steps 

of the problem solving cycle described by Van Aken et al. (2012) are the intervention and the 

learning/evaluation steps. 

 

The structure of this research is based on the problem solving cycle and has been divided in four 

different parts. The first part, the project definition, includes chapters 1, 2, and 3. Having provided a 

company introduction in this chapter, chapters 2 and 3 will provide the research motivation, the research 

question, the scope in which this research has been conducted, and a literature review. The second part, 

the research design, includes chapters 4 and 5. In those chapters, the methodology for answering the 

different sub-questions are presented. Additionally, the data preparation is discussed. The third part, the 

results, includes chapters 6, 7, 8, and 9. In those chapters, the results for the different sub-questions are 

presented. Finally, the fourth part, the conclusions and recommendations, includes chapters 10 and 11. 

In those chapters, the conclusion, the limitations, directions for future research, and the 

recommendations to DSC are presented. 
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2. Problem Formulation 
In this chapter, first the research motivation is provided. Based on the research motivation, the research 

question and sub-questions are formulated. Finally, the scope is defined in which the research question 

and sub-questions will be answered. 

 

2.1 Research Motivation 
DSC is planning to transform its ordering systems from manual to automatic. It has been decided to 

start the transformation with the daily fresh bread category, resulting in the introduction of an 

Automated Store Ordering system (Auto-Dispo App aka ASO) for daily fresh bread. The goal of the 

introduction of the Auto-Dispo App is to reduce the time required for determining the order quantities, 

resulting in reduced labor costs. Additionally, the goal is to improve the ordering accuracy. Another 

reason for the introduction of the Auto-Dispo App is the maintainability and transferability of the 

application. Prior to the Auto-Dispo App, a semi-automatic system has been developed by RDC2 which 

was highly dependent on the individual knowledge of the developer. To ensure maintainability and 

transferability in the future, it is desirable to develop an application that is not solely dependent on the 

knowledge of the developer. 

 

Currently, there are two different types of ordering taking place for daily fresh bread at DSC, as 

described by Stroo (2019). The predecessor of the Auto-Dispo App, a semi-automatic bread ordering 

system, has been introduced on the 1st of March 2019 in RDC2. Before the introduction of the semi-

automatic bread ordering system, the stores supplied by RDC2 ordered their daily fresh bread manually, 

just as the stores supplied by the other five RDCs are still doing. The results of the semi-automatic bread 

ordering system seem to be promising, resulting in an increase in sales and a decrease in waste. The 

results have, however, not yet been validated. Since the Auto-Dispo App follows the same ordering 

policy as the semi-automatic system, the objective is to validate the performance of the different 

ordering methods. Despite the fact that the performance has not been validated, a cost reduction has 

been reported. With the introduction of the semi-automatic bread ordering system, the ordering is 

removed from the store, resulting in reduced labor costs. On average, 5 minutes are required to create a 

bread order within a store. Multiplying this with an hourly wage of €26.11, which is representative for 

the wage paid by DSC, and multiplying this with the number of stores supplied by RDC2, this results 

in a cost saving of 5/60 hour * €26.11 * 58 stores = €126.20 per day. Of course, the orders now have to 

be generated at the RDC. This does, however, not create additional work since checking all the orders 

was already done at the RDC and the Auto-Dispo App generates the order for all stores within five 

minutes. 

 

The Auto-Dispo App will suggest an order quantity for the different types of daily fresh bread for each 

of the stores automatically, based on various parameters. One of these parameters is a predetermined 

case pack size, which reduces the order flexibility. Moreover, an analysis of the supply chain department 

has indicated that the minimum case pack size is often not sold, resulting in high waste. The analysis, 

furthermore, indicated that a wider assortment increases this problem even more and that the waste due 

to the fixed case pack sizes is highest on Tuesdays and Sundays. Finally, the analysis indicated that the 

case pack size might even reduce revenue in some cases. It might, for example, be unattractive to order 

an extra case pack if the expected demand is only slightly higher than a multiple of the fixed case pack 

size. It is, therefore, interesting to evaluate the implications this fixed ordering quantity has on the order 

quality. Furthermore, DSC is interested in improvement suggestions for the Auto-Dispo App to further 

improve the ordering accuracy. The improvement suggestions should be in line with the objective and 

constraints as set by DSC. 

 

In the next sections, the semi-automatic bread ordering system and the manual ordering approach will 

be described in more detail. These two descriptions are based on the Master’s Thesis of Stroo (2019). 

Furthermore, the Auto-Dispo App, which was launched on the 18th of October in RDC2, is described 

in more detail. 
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2.1.1 Semi-Automatic Bread Ordering System 

On the 1st of March 2019, a semi-automatic bread ordering system has been introduced in RDC2 by the 

supply chain team of the RDC. A visualization of the semi-automatic bread ordering process is provided 

in Figure 3. The semi-automatic system is based on an Excel file. Data on SKU-store level (delivered 

quantities, sales, waste, and last sales times) from the Management Information System (MIS) are, prior 

to ordering, exported by the supply chain employee responsible for the bread orders at the RDC and are 

then manually imported into the Excel file. After importing the data into the Excel file, the supply chain 

employee has to select the three most relevant historical sales days for calculating the forecast for each 

SKU. When determining the relevance of the historical sales days, factors such as promotions, closed 

stores, and holidays are considered. Based on the selected historical sales days, the supply chain 

employee determines, for each SKU, the total order size on the RDC level. The employee can, however, 

decide to exclude a certain day in the forecast based on available information. This total order quantity 

on the RDC level is then, for each SKU, manually inserted in the Excel file. Next, the forecasted 

quantity on the SKU-store level is generated by the Excel file, considering the average of the number 

of sales at the selected historical sales days and the SKU-RDC level determined by the supply chain 

employee. Furthermore, the average last sales time of the historical sales days is considered when 

calculating the order quantity. If the average last sales time is earlier than the preferred selling-out-time, 

the order quantity is rounded up to a full predetermined case pack size (i.e. before 17:00 for products 

that have to be available until 17:00, and before store closure for products that have to be available until 

store closure). In case the average last sales time is later than the preferred selling-out-time, the order 

quantity is rounded down to a full predetermined case pack size. The preferred selling-out-time for each 

SKU has to be included manually in the Excel file. Having the forecasted sales and the order quantity 

recommendation provided by the Excel file, a final check is done by the supply chain employee and 

adjustments are made if required. Adjustments might be required in case of, for example, a holiday, a 

payment day, or the opening of a new store. This process is repeated for all 31 daily fresh SKUs. If all 

order quantities are determined, the orders are transferred to the bakery. The orders are sent to the 

bakery two days in advance. So, for example, if an order is to be made for Wednesday, RDC2 has to 

send the order to the bakery on Monday before 14.00. Since no orders are made during the weekend, 

on Thursday the orders are sent to the bakery for Saturday and Sunday, and on Friday, the orders are 

sent to the bakery for Monday and Tuesday. The bakery directly delivers the products to the stores 

before store opening. 

Figure 3: Flowchart - semi-automatic bread ordering process RDC2. 

 

2.1.2 Manual Bread Ordering System 

In contrast to RDC2, the other five RDCs are still ordering daily fresh bread manually. The employee 

responsible for ordering bread in each store receives twice a week an order form created with the help 

of the MIS from the RDC. The order form (Figure 4) includes information on the historic sales, the 

number of items sold with a price discount, and the last sales time during the three historic days selected 

by the supply chain employee at the RDC. Furthermore, a similar form is included which indicates 

which items are on promotion. This form additionally provides information about the historic sales 

during previous promotions, the number of items sold with a price discount, the last sales time, the price 
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reduction during the promotion, and extra information on the type of promotion (e.g. radio promotion, 

2 for the price of 1 etc.). Based on the provided information in the order form, the employee responsible 

for ordering bread in each store makes a sales forecast. This forecast, rounded to the defined case pack 

size, is the order that is entered in the information system two days in advance with similar exceptions 

for the weekend as described under the semi-automatic ordering process. The supply chain employee 

at the RDC checks the ordered quantities of every store the same day and makes adjustments if required. 

If all order quantities are determined, the orders are transferred to the bakery. The bakery directly 

delivers the products to the stores before the store opening. A visualization of the manual ordering 

process is given in Figure 5. 

 

Figure 4: Regular order form daily fresh bread. 

 

Figure 5: Flowchart - manual bread ordering system. 

 

2.1.3 Auto-Dispo App 

The Auto-Dispo App is a web-based application under development by DSC. The Auto-Dispo App 

follows more or less the same ordering policy as the semi-automatic ordering system of RDC2. Data 

on SKU-store level (delivered quantities, sales, waste, and last sales times) from the MIS are to be 

exported by the supply chain employee responsible for the bread orders at the RDC prior to ordering. 

This data are to be imported into the Auto-Dispo App. After importing the data into the Auto-Dispo 

App, the supply chain employee responsible for the bread orders at the RDC has to manually select at 

least five historical sales days that are considered to be most relevant. To get a truncated mean, the 

historical sales day with the highest sales and the historical sales day with the lowest sales are discarded. 

After this, the mean sales and mean last sales time are calculated of the remaining selected historic sales 

days. When determining the relevant historical sales days, data on the weather forecast for the upcoming 

days are provided. This weather data are, however, not stored. Although the weather data are not stored, 

it can be retrieved at the Royal Netherlands Meteorological Institute (KNMI). Based on the mean 

historic sales and the mean last sales time, the orders on the SKU-store level are generated by the Auto-

Dispo App for all SKUs at the same time. If the average last sales time is earlier than the preferred 
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selling-out-time (i.e. before 17:00 for products that have to be available until 17:00, and before store 

closure for products that have to be available until store closure), an extra case pack is added to the 

average historic sales. Besides the orders on the SKU-store level, an overview is available for the total 

ordered products. Changes to the proposed order of the Auto-Dispo App can be made by adding a 

deviation. This can be done, for example, when a customer makes a very large pre-order at a certain 

store. Furthermore, the Auto-Dispo App is able to create forecasts for different subsets of stores. This 

can be done when, for example, stores provided by a RDC have different holiday weeks, which can 

happen in the Netherlands since the country is divided into three holiday zones. The Auto-Dispo App 

also generates orders for non-daily fresh bread. In order to do this, information on the inventory is 

required. After checking the orders and remaining inventory for non-daily fresh bread, the orders are 

transferred to the bakery. The timing of the orders is the same as the timing of the orders described in 

the section about the semi-automatic bread ordering system. 

 

2.2 Research Question 
In this section, the research question and the resulting sub-questions of the Master Thesis Project will 

be presented. Having formulated the goals in the research motivation, the following research question 

can be formulated: 

 

Which improvement suggestions can be made for the automatic ordering system (Auto-Dispo App) of 

daily fresh bread at a Dutch Supermarket Chain? 

 

The research question can be divided into three sub-questions. The three sub-questions are the 

following: 

1. What is the performance of the manual ordering process, the semi-automatic bread ordering 

system of RDC2, and the Auto-Dispo App, in terms of sales, waste, and the number of out-of-

stocks? 

2. What theoretical models can be developed that are in line with the objective and constraints of 

DSC and what is the performance of these models in terms of sales, waste, and the number of 

out-of-stocks? 

3. Which other methods (i.e. changing the case pack size or forecasting techniques) can be used 

to improve the Auto-Dispo App of DSC based on the performance expressed in sales, waste, 

and the number of out-of-stocks? 

 

2.3 Scope 
In the upcoming sections, the scope of this research will be defined in three domains. First, an 

elaboration is given on which stores are included in this research. Thereafter, an elaboration is given on 

the included products. Finally, an elaboration is given on the time span included in this research. 

 

2.3.1 Store and Region 

In this Master’s Thesis, the data of the stores supplied by RDC2 are considered. This includes 58 stores. 

Only the data of RDC2 are considered since this is the only RDC in which the semi-automatic bread 

ordering system has been implemented. Also, the implementation of the Auto-Dispo App was started 

here. To be able to compare the different ordering systems, and to be able to give improvement 

suggestions, it is therefore required to consider RDC2. Moreover, during the execution of this Master 

Thesis Project, the Auto-Dispo App was implemented in one other RDC. After this implementation, 

several bugs were encountered. Implementation at the other RDCs was, therefore, postponed and will 

be continued if the system is adequately working in both RDCs. Since it is not sure when this will occur, 

it is decided to focus solely on RDC2. 

 

2.3.2 Products 

DSC currently sells 39 different bread products in their regular assortment, of which 31 products are 

daily fresh. The other eight products can be sold for more than one day. The focus of this research will 

be on daily fresh bread. Therefore, non-daily fresh bread and bake-off bread fall outside the scope. The 

reason for this is that the ordering process for non-daily fresh bread and bake-off bread is very different. 
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Furthermore, the Auto-Dispo App will not include bake-off bread. Additionally, only products that are 

sold during the whole period are considered, since it is considered irrelevant to develop an ordering 

system for bread that is removed from the assortment and since having sufficient data is required. 

Filtering out products that have not been available over the complete time span leaves 23 products. The 

daily fresh products have been divided into seven categories. The categories, with the corresponding 

number of different types of bread within each category, are presented in Table 1. In addition, the third 

column of Table 1 presents which products belong to which category. The items that have not been sold 

during the full time span are presented between parentheses. DSC has selected several products for 

which a higher service level is required. Those products are referred to as ‘Always Bread’ (Dutch: Altijd 

Broden). The considered products for which this holds are indicated by an * in Table 1. 

 

Table 1: Bread categories with corresponding number of types within each category. 

 

 

 

 

 

 

 

2.3.3 Time span Data 

As mentioned before, the semi-automatic bread ordering system has been introduced in RDC2 on the 

1st of March of 2019. Furthermore, the Auto-Dispo App has been launched in RDC2 on the 18th of 

October 2019. For the data that will be extracted from MIS for RDC2, this has the following 

implications: On the 1st of March 2019, the first orders have been generated using the semi-automatic 

ordering system. The first data that can, therefore, be extracted from MIS that is based on the semi-

automatic ordering system is of the 4th of March 2019. Additionally, on Monday the 18th of October, 

the first orders were generated with the Auto-Dispo App in RDC2. The first data is therefore available 

from the 21st of October 2019 onwards. For clarification, a visualization of the timeline of the gathered 

data is presented in Figure 6. 

 
Figure 6: Visualization timeline of gathered data.  

Bread category # Types in category Products belonging to each 

category 

Brown Bread 9 4, 5, 9*, 13*, 16, 17*, 19, 20, (24) 

White Bread 5 1, 2, 6*, 22, (26) 

Multigrain Bread 7 8*, 10, 11, 12, 18*, 21, (30) 

Whole-Wheat Bread 3 14, 15*, (28) 

Small Brown Bread 3 23, (27), (29) 

Small White Bread 3 3, (25), (31) 

Currant Bread 1 7 
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3. Literature 
In this section, the literature gap that this Master’s Thesis attempts to address will be discussed. Prior 

to writing this Master’s Thesis, a literature review (Balvers, 2019) has been conducted to answer the 

following research question: 

 

What is known in existing literature about inventory management in a supply chain for perishable 

products and what are the research gaps in this domain. 

 

Although the literature review of Balvers (2019) had a broader focus, it will serve as a starting point for 

defining the research gap that this Master’s Thesis attempts to address. In this chapter, first a short 

summary is provided of the findings and the identified research gaps of Balvers (2019). This will be 

done in section 3.1. After this, a short literature review will be given specified to the context of this 

Master’s Thesis in section 3.2. Finally, section 3.3 describes the literature gap this Master’s Thesis will 

address. 

 

3.1 Summary Findings Literature Review Balvers (2019) 
The literature review of Balvers (2019) included two sub-questions: “What is known in existing 

literature about inventory management in a supply chain for perishable products?” and “What are the 

research gaps in the domain of inventory management in a supply chain for perishable products?”. To 

answer the first sub-question, the literature review of Balvers (2019) described what is known about 

each of the key topics defined by Janssen, Claus, and Sauer (2016) in the selected articles. Furthermore, 

topics were discussed that were included in the articles, but that could not be sorted in one of the defined 

key topics. 

 

To answer the second sub-question, the literature review of Balvers (2019) explored which of the 

identified research gaps in the article of Janssen et al. (2016) remained after four years of additional 

research. A side note was made that the literature review was not as thorough as the literature review of 

Janssen et al. (2016) and that conclusions, therefore, have to be drawn with caution. Balvers (2019) 

concluded that, although the selected articles make valuable contributions to literature, a lot of the 

research gaps that were presented in the article of Janssen et al. (2016) still remained. Concerning this 

Master’s Thesis, the following recommendations and conclusions were given in the literature review of 

Balvers (2019) about the remaining literature gaps: focus on the development of stochastic perishable 

inventory models and multi-item perishable inventory models, since these models correspond more 

accurately with real-world conditions. Another research gap that is highlighted is to focus on 

sustainability in research with perishable inventory models due to the high social relevance of this topic. 

The other remaining research gaps identified by Balvers (2019) as well as the discussion of the key 

topics can be consulted in the literature review. 

 

3.2 Literature Review Master’s Thesis 
The focus of this Master’s Thesis is on improving the automatic ordering system of daily fresh bread 

for DSC. Within literature, bread can be classified as a Days Fresh Perishable (Van Donselaar, Van 

Woensel, Broekmeulen, & Fransoo, 2006). The article defines Days Fresh Perishables (DFs) as 

perishables with a shelf life of less than or equal to 9 days. A characteristic that is identified for DF 

items is that they typically face substitution in case of a stock-out within the product category (Van 

Donselaar et al., 2006). Van Woensel, Van Donselaar, Broekmeulen, and Fransoo (2007) researched 

this willingness to substitute for bread in a supermarket chain in the Netherlands. The research of Van 

Woensel et al. (2007) was, however, limited to one supermarket chain. Furthermore, the research of 

Van Woensel et al. (2007) only considered substitution in case of out-of-stocks. Substitution due to 

promotions was therefore not considered. The Master’s Thesis of Stroo (2019) researched the 

willingness to substitute for bread at DSC, thereby contributing to literature to examine if the 

substitution effect also exists in other supermarket chains. Stroo (2019) found that the cannibalization 

and substitution effect between SKUs within a subgroup is highest. The found effects were, however, 

insignificant or small at DSC. 
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Another characteristic of bread sales in the Netherlands is that they differ from bread sales in other 

countries. First of all, the number of sales of daily fresh bread in the Netherlands is different from other 

countries where typically more non-daily fresh bread is sold. Furthermore, the assortment size in the 

Netherlands is bigger (Stroo, 2019). Another thing that is typical for Dutch supermarkets is the strong 

weekly pattern of sales as mentioned by Van Donselaar et al. (2006). Most sales (as a percentage of 

total weekly sales) are on Fridays and Saturdays. The weekly pattern for sales in Dutch supermarkets 

as presented in Van Donselaar et al. (2006) is presented in Figure 7. 

 
Figure 7: Weekly pattern for sales in Dutch supermarkets. 

 

When looking into literature about ASO systems for perishables, several suggestions have been made 

to improve them. The improvement of ASO systems for perishables is important since in controlling 

the inventories of perishables there is a constant trade-off between the level of waste and product 

availability. In order to provide high availability, more products need to be stored, resulting in higher 

waste if the stored level is higher than actual realized demand. On the other hand, if waste is to be 

minimized, the availability of products will drop, resulting in lost sales and a potential loss of customers. 

Van Woensel et al. (2007) found that although consumers are often willing to substitute in case of a 

stock-out, still 7-12 percent of the customers may (in case of a stock-out) decide to buy their bread 

elsewhere. In case there is no substitution or lower substitution, as with DSC, the impact of lost sales is 

expected to be even larger. Raman and Zotteri (2000) mention that estimating true demand, implying 

demand including lost sales, is vital to understanding customers, spotting market trends, and improving 

decisions (i.e. what and how much to stock at each store). To adequately deal with lost sales, lost sales 

should be estimated. Quantifying lost sales is, however, difficult, since the actual demand cannot be 

observed in case of a stock-out. Raman and Zotteri (2000) mentioned that with the increasing 

availability of real-time data, lost sales can be approximated. Van de Laar (2018) also mentioned that 

selling-out-times can be used to determine potential lost sales, and that correcting the order quantities 

for SKUs that were early stock-out could be beneficial. 

 

Having highlighted the importance of improving ASO systems for perishables, the improvement 

suggestions encountered in literature will be described next. First of all, Van Donselaar et al. (2006) 

highlighted the following improvement opportunities for ASO systems in practice: 

▪ To check the aggregate order level for a group of substitutable items; 

▪ To differentiate the target service level per substitutable item; 

▪ To register the exact time of a stock-out for a substitutable item; 

▪ To register the daily amount of waste and/or markdowns per perishable item; 

▪ To take into account the weekly sales pattern when forecasting demand for a perishable item. 

 

Furthermore, Van Woensel et al. (2007) made several improvement suggestions for ASO systems. The 

first recommendation made by Van Woensel et al. (2007) is to incorporate customer behavior in the 
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inventory policies. Van Woensel et al. (2007) stressed the need for a different aggregation level based 

on the product characteristics as used by the customers (e.g. white versus brown bread). Van Woensel 

et al. (2007) furthermore mention that the substitution matrix is asymmetric and that this needs to be 

taken into account in order to differentiate the target service levels. They explain that the disaggregation 

back into the individual SKU level should be based on the expected demand. The second improvement 

step suggested by Van Woensel et al. (2007) is to extend the inventory control towards perishable items. 

The article explains that the one-period multi-item newsboy problem with substitution of Mahajan and 

Van Ryzin (2001) applies to the ordering of daily fresh bread. The reason for this is that bread typically 

can be ordered only once every day and this frequency exactly matches the maximum shelf life. 

Consequently, products on the shelves will never have different ages. Moreover, bread items typically 

face substitution in case a stock-out situation occurs. 

 

3.3 Literature Gap 
To identify the literature gap that this Master’s Thesis attempts to address, first the problem is 

characterized. The problem can be described by a model with the following characteristics: 

▪ Perishable products with fixed life time (M), where M equals 1 day; 

▪ Deterministic lead-time (L), where L equals 1 day; 

▪ Periodic reviewing policy (R), where R equals 1 day; 

▪ Fixed case pack size, which varies per SKU; 

▪ Stochastic consumer demand; 

▪ Issuing policy is irrelevant due to M=1; 

▪ Direct deliveries from the supplier (bakery) to the supermarket; 

▪ Multi-item inventory model with lost sales assumption. 

 

Having the following model characteristics, it can be noted that this research contributes to the research 

gaps identified by Balvers (2019). Contributions are made by designing stochastic multi-item inventory 

models for perishable products. Designing stochastic inventory models for perishable products is 

relevant, since stochastic inventory models correspond more accurately with real-world conditions than 

deterministic models. Furthermore, this research contributes by designing multi-item perishable 

inventory models. Again, multi-item models are very important to adequately resemble reality. 

Although the literature review of Balvers (2019) indicated several articles that consider stochastic multi-

item inventory models for perishable products, the majority of the articles included in the literature 

study made simplifying assumptions on one of these dimensions by assuming deterministic demand 

instead of stochastic demand, or by assuming a single-item problem instead of a multi-item problem. 

 

Furthermore, this research contributes to literature about daily fresh bread, which is limited, due to the 

different assortment size and the shorter shelf life of bread in the Netherlands. As alternative for the 

one-period multi-item newsboy problem with substitution as suggested by Van Woensel et al. (2007), 

models will be developed that focus on revenue maximization under a waste constraint instead of 

focusing on profit maximization. Finally, this research will contribute to literature by developing a 

method to quantify lost sales and demand. Despite the importance of estimating lost sales, relatively 

little attention has been paid to this topic in academic literature (Raman & Zotteri, 2000). The reason 

for this is that most papers assumed that the retailer cannot know with precision the time at which a sale 

occurs and consequently, when an item stocks out. This assumption was valid when retailers lacked 

real-time sales and inventory data, but this assumption is no longer true for most retailers in developed 

countries. 
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Part II: Research Design 
4. Research Design 
In this chapter, the methodologies for answering the different sub-questions of the research question are 

described. The first section will describe the methodology for answering sub-question 1: “What is the 

performance of the manual ordering process, the semi-automatic bread ordering system of RDC2, and 

the Auto-Dispo App, in terms of sales, waste, and the number of out-of-stocks?”. The second section 

will describe the methodology for answering sub-question 2: “What theoretical models can be 

developed that are in line with the objective and constraints of DSC and what is the performance of 

these models in terms of sales, waste, and the number of out-of-stocks?”. The final section will describe 

the methodology for answering sub-question 3: “Which other methods (i.e. changing the case pack size 

or forecasting techniques) can be used to improve the Auto-Dispo App of DSC based on the 

performance expressed in sales, waste, and the number of out-of-stocks?”. 

 

4.1 Sub-question 1: What is the performance of the manual ordering process, the semi-

automatic bread ordering system of RDC2, and the Auto-Dispo App, in terms of sales, 

waste, and the number of out-of-stocks? 
One of the mentioned advantages of the semi-automatic bread ordering system is the reduction in time 

required for ordering daily fresh bread, resulting in reduced labor costs. Additionally, the supply chain 

team at RDC2 perceives an increase in sales and a decrease in waste after implementing the semi-

automatic ordering system. This sub-question will try to evaluate if there actually is a significant 

difference in the performance of the semi-automatic bread ordering system and the manual ordering 

process. This will be done by comparing the performance of the manual ordering process and the semi-

automatic bread ordering of RDC2 in terms of sales, waste, and the number of out-of-stocks. The 

number of out-of-stocks is added as KPI, since it is important to get a measure of customer service. 

 

Furthermore, the goal was to evaluate the performance of the Auto-Dispo App based on the first data. 

The Auto-Dispo App has been implemented for testing in two RDCs so far. DSC is still working on 

some bugs in the application, so unfortunately no conclusions can be drawn on the performance of the 

actual application. The ordering logic within the application is, however, similar to the ordering logic 

as implemented in the semi-automatic bread ordering system. It is, therefore, expected that the 

conclusions that can be drawn based on the comparison of the manual and the semi-automatic bread 

ordering system will also hold for the Auto-Dispo App. 

 

4.1.1 Quantifying Sales, Waste, and the Number of Out-of-Stocks 

The first step in comparing the performance of the manual ordering process and the semi-automatic 

bread ordering of RDC2 is quantifying the sales, waste, and the number of out-of-stocks. An elaboration 

on how this is done is presented in the upcoming sections. Only stores that opened before the first of 

March 2018 are considered because a store should have results for both systems to enable a fair 

comparison. For this reason, two stores have been excluded. Furthermore, it is desirable to compare the 

system with the same period a year earlier to account for longer seasonal patterns (e.g. lower bread sales 

during the summer holiday). 

 

4.1.1.1 Quantifying Sales 

The daily sales data per store and for the complete RDC have been extracted from MIS. It was found 

that the daily sales data experienced a strong weekly sales pattern. Therefore, to be able to make a fair 

comparison in comparing the semi-automatic ordering system and the manual system, deseasonalization 

was needed. Moreover, to ensure a higher number of data points, deseasonalization was preferred over 

taking the weekly data. An elaboration on the strong weekly sales pattern is provided in section 5.3. 

Furthermore, an elaboration on the sales deseasonalization procedure, which was based on the 

procedure presented by Stroo (2019), is provided in Appendix A. The deseasonalized sales data on 

SKU-store level is used in comparing the performance of the manual ordering process and the semi-

automatic bread ordering process of RDC2 on the daily SKU-store and daily store level in terms of 
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sales. Besides a strong weekly sales pattern, also a trend in the data is observed when comparing the 

sales over the years. Overall, a negative trend is observed over the years for the bread sales, but the 

effect differs per bread type. To account for this, the deseasonalized sales of every SKU are divided by 

a trend factor specific for the SKU. The trend factor is determined by taking the average trend observed 

at the other five RDCs for each SKU. 

 

4.1.1.2 Quantifying Waste 

The daily waste data are determined by subtracting the sales per day (d) from the delivered quantity per 

day (d) for each SKU (i) and each store (s). Therefore, 

 

𝑊𝑎𝑠𝑡𝑒𝑖,𝑠,𝑑 = 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦𝑖,𝑠,𝑑 − 𝑆𝑎𝑙𝑒𝑠𝑖,𝑠,𝑑      (1) 

 

Due to the fixed case pack sizes used for ordering bread, days with low sales suffer from higher waste. 

To compensate for this, also the waste data are deseasonalized. An elaboration on the waste 

deseasonalization procedure is provided in Appendix A. The deseasonalized waste data on daily SKU-

store level will be used in comparing the performance of the manual ordering process and the semi-

automatic bread ordering of RDC2 on the daily SKU-store and daily store level in terms of waste. 

 

4.1.1.3 Quantifying Number of Out-of-Stocks 

Despite the importance of estimating lost sales, relatively little attention has been paid to this topic in 

academic literature (Raman & Zotteri, 2000). Raman and Zotteri (2000) mention that most papers 

assume that the retailer cannot know with precision the time at which a sale occurs and consequently, 

when an item stocks out. They elaborate that this assumption was valid when retailers lacked real-time 

sales and inventory data, but that this assumption is no longer true for most retailers in developed 

countries. Also for DSC this assumption is no longer true. Due to the availability of hourly sales data, 

it is possible to identify when an item stocks out. Therefore, it is possible to develop a method to 

quantify the number of out-of-stocks. 

 

The following method, in line with the assumptions of Raman and Zotteri (2000), is developed: The 

number of out-of-stocks or lost sales is approximated by first calculating a factor per SKU (i) per hour 

(h) for every weekday (w) for every store (s). The factor represents the fraction of the daily sales that is 

sold during a specific hour. By calculating a factor for each weekday, product, store, hour combination, 

the method can accommodate for non-stationary demand. The importance of accommodating for non-

stationary demand is highlighted by Raman and Zotteri (2000). Furthermore, the factor is calculated by 

considering only days without out-of-stocks (t) for the respective SKU (i). Only the days without out-

of-stocks of the respective SKU are considered since otherwise the hours on which items went out of 

stock would have lower average sales while there might be demand. This is supported by Nahmias 

(1994) who stated that true demand can only be observed when there are no lost sales. Therefore, 

 

𝐹𝑎𝑐𝑡𝑜𝑟 𝑆𝑎𝑙𝑒𝑠 𝑝𝑒𝑟 ℎ𝑜𝑢𝑟 𝑝𝑒𝑟 𝑤𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠,ℎ =
∑ 𝑆𝑎𝑙𝑒𝑠 𝑝𝑒𝑟 ℎ𝑜𝑢𝑟 𝑝𝑒𝑟 𝑤𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠,ℎ,𝑡𝑖

𝑇𝑖
𝑡𝑖=1

∑ ∑ 𝑆𝑎𝑙𝑒𝑠 𝑝𝑒𝑟 ℎ𝑜𝑢𝑟 𝑝𝑒𝑟 𝑤𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠,ℎ,𝑡𝑖

𝑇𝑖
𝑡𝑖=1

𝐻
ℎ=1

     (2) 

 

Obviously, on a day without an out-of-stock for a particular SKU, there are also no lost sales for the 

particular SKU. Therefore, 

 

𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑡𝑖
= 0             (3) 

 

On days with an out-of-stock (o) for a particular SKU (i), the realized sales on the specific day with an 

out-of-stock for product i are divided by the sum of the factor sales per hour of the respective weekday 

until the out-of-stock time, rounded up to the nearest hour. Rounding up the out-of-stock time to the 

nearest hour does, however, result in a small underestimation of the actual demand and the lost sales. It 

is, for example, highly likely that an item went out of stock before the rounded last sales time and 



12 
 

therefore lost demand can have already occurred. The result is an approximation of the actual demand 

on a day with an out-of-stock for a particular SKU. Therefore, 

 

𝐴𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑒𝑑 𝑎𝑐𝑡𝑢𝑎𝑙 𝑑𝑒𝑚𝑎𝑛𝑑𝑤,𝑖,𝑠,𝑜𝑖
=  

𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑜𝑖

∑ 𝐹𝑎𝑐𝑡𝑜𝑟 𝑆𝑎𝑙𝑒𝑠 𝑝𝑒𝑟 ℎ𝑜𝑢𝑟 𝑝𝑒𝑟 𝑤𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠,ℎ
𝑅𝑜𝑢𝑛𝑑𝑒𝑑 𝐿𝑎𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝑇𝑖𝑚𝑒
ℎ=1

    (4)

       

To get an approximation of the lost sales on a day with an out-of-stock of a particular SKU, the realized 

sales are subtracted from the approximation of the actual demand. Therefore, 

 

𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑜𝑖
=  𝐴𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑒𝑑 𝑎𝑐𝑡𝑢𝑎𝑙 𝑑𝑒𝑚𝑎𝑛𝑑𝑤,𝑖,𝑠,𝑜𝑖

− 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑜𝑖
    (5) 

 

When quantifying the lost sales, the simplifying assumption is made that substitution from a product 

that went out of stock on a particular day to a product that did not go out of stock on a particular day is 

neglectable. This is assumed since Stroo (2019) stated in her Master’s Thesis that the substitution effects 

are very small or insignificant. 

 

Furthermore, the simplifying assumption is made that the number of sales per hour of every weekday 

varies for every store for every SKU, but that the customer’s arrival pattern  per hour of every weekday 

for every SKU over the weeks is constant. These assumptions are supported by Raman and Zotteri 

(2000) who state that retail demand is often non-stationary, that is, it frequently varies according to the 

time of the day and between weekends and weekdays. Raman and Zotteri (2000) furthermore 

recommend that the period being studied should be divided into time intervals such that demand in each 

interval can be assumed to be stationary. This is in line with the assumption that the customer’s arrival 

pattern per hour of every weekday for every SKU over the weeks is constant. 

 

4.1.2 Performing Paired-Samples T-tests 

In order to compare the performance of the manual system and the semi-automatic system, paired-

samples t-tests have been performed for the deseasonalized sales, deseasonalized waste, and the lost 

sales. The aggregation levels that are tested are the daily SKU-store level and the daily store level. The 

choice for a paired-samples t-test, or dependent t-test, is made since the samples are drawn from the 

same population. A paired-samples t-test is used to compare the means between two related groups of 

samples. If the p-value is smaller than 0.05, the conclusion is drawn that the two paired samples are 

significantly different. In order to be able to use a paired-samples t-tests according to Field (2009) the 

following two assumptions should hold: 

 

1. The sampling distribution should be normally distributed. In the dependent t-test or paired-

samples t-test this means that the sampling distribution of the differences between scores should 

be normal, not the scores themselves. 

2. The data should be measured at least at the interval level. 

 

Before the paired-samples t-tests can be performed, it should be verified if the stated assumptions hold. 

For the first assumption, the Central Limit Theorem can be applied due to the sufficiently large sample 

size of this research (n>30). Based on the Central Limit Theorem, it can be assumed that the means of 

the variables (deseasonalized sales, deseasonalized waste, and the number of out-of-stocks) are 

normally distributed. Therefore, the first assumption holds. The second assumption also holds. The 

sales, the waste, and the number of out-of-stocks are all data measured on a ratio level, since the scales 

have a true and meaningful zero point and equal intervals on the scale represent equal differences in the 

property being measured (Field, 2009). The ratio level is a higher-order level than the interval level, 

thereby fulfilling the second assumption. Besides testing the assumptions, equal sample sizes are 

required when performing a paired-samples t-test. To account for long term seasonal patterns, it is 

determined to remove the same day the next year or the year before if a certain day was missing (e.g. 

when a store was closed on a specific day during the execution of the manual system, the same day one 

year later is removed from the dataset). Missingness was caused due to the removal of promotion weeks, 

store closures, national holidays, or missingness of data. 
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4.2 Sub-question 2: What theoretical models can be developed that are in line with the 

objective and constraints of DSC and what is the performance of these model in terms of 

sales, waste, and the number of out-of-stocks? 
Besides validating the performance of the semi-automatic bread ordering system, DSC is interested in 

improvement suggestions for the Auto-Dispo App. In this sub-question, three models are developed 

that are in line with the objective and constraints of DSC, each making different assumptions. In 

literature, Van Woensel et al. (2007) made the suggestion to extend the inventory control for bread by 

applying the one-period multi-item newsboy problem with substitution of Mahajan and Van Ryzin 

(2001). The goal of the model of Mahajan and Van Ryzin (2001) is to maximize profit. This goal is, 

however, not in line with the objective of DSC, whose objective is to maximize revenue in order to 

extend its customer base. Therefore, this model cannot be applied in the case of DSC and different 

models have to be developed. 

 

Besides this, DSC has set several constraints: 

▪ DSC desires to have a maximum of 10% waste for daily fresh bread; 

▪ DSC uses fixed case pack sizes or crate sizes when ordering bread. The reason for using a fixed 

case pack size is a discount provided by the bakery when ordering daily fresh bread in the full 

case packs. Only orders in full case pack sizes are accepted, so this is set as a constraint on the 

solution; 

▪ DSC has selected several items for which they require a higher service level, those items are 

referred to as ‘Always Bread’. The name ‘Always Bread’ might, however, be misleading since 

it is still possible that these items stock out; 

▪ DSC requires that all items within the specified assortment are offered by every store. 

 

In this section, three multi-item models are developed that are in line with this objective and constraints, 

each making different assumptions. Inventory models are influenced by various parameters. Therefore, 

in the upcoming sections, first the parameters influencing the model are discussed. After this, the 

developed models will be presented. For four stores, the models have not been developed. Two stores 

are excluded because they opened after the first of March 2018. The other two stores are excluded 

because not enough data were available for all products to fit a demand distribution, and since otherwise 

the waste compensation would be influenced. 

 

4.2.1 Parameters 

In the upcoming sections, the parameters that should be included in the model are described. The model 

is furthermore characterized by the following attributes: 

▪ Unfulfilled demand is lost, no backorders are possible; 

▪ Stores are replenished on a daily basis before store opening; 

▪ The considered products are perishable products with a lifetime of 1 day. 

 

4.2.1.1 Demand 

The first parameter that should be considered is the demand. In case of sufficient inventory, the sales 

are assumed to represent the actual demand. As mentioned before, the assumption is made that 

substitution from a product that went out of stock on a particular day to a product that did not go out of 

stock on a particular day is neglectable. The actual demand in case of an out-of-stock cannot be 

observed, since no backorders can be made and therefore demand is lost. Due to this, the observed 

demand (i.e. the realized sales) is an underestimation of the actual demand. When selecting the most 

accurate demand distribution, it is desirable to first make an approximation of the actual demand 

encountered in out-of-stock cases to most accurately resemble the real life conditions. Similarly as in 

the previous section, the actual demand for a product on a day with an out-of-stock for the respective 

product can be approximated. The actual demand in case of an out-of-stock can be approximated by 

using formula (2) as presented in section 4.1.1.3. Only the days without out-of-stocks of the respective 

product are considered since otherwise the hours on which items went out of stock would have lower 

average sales while there might be demand. 
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Obviously, on a day without an out-of-stock for a particular SKU there are also no lost sales for the 

particular SKU. In this case, the realized sales are assumed to represent the actual demand. 

 

𝐴𝑐𝑡𝑢𝑎𝑙 𝐷𝑒𝑚𝑎𝑛𝑑𝑤,𝑖,𝑠,𝑡𝑖
= 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑡𝑖

       (6) 

 

When there are, however, out-of-stocks for a particular SKU, the realized sales are divided by the sum 

of the factor sales per hour of the respective weekday until the out-of-stock time rounded up to the 

nearest hour. This has been presented in formula (4) in section 4.1.1.3. Since demand is discrete, the 

approximation of the actual demand should be rounded to the nearest integer. This method might create 

outliers in case an item went out of stock extremely early on a specific day. It was therefore decided to 

create a lower bound of 0.5 on the denominator (i.e. if the denominator is smaller than 0.5, the 

denominator value is set to 0.5). 

 

Having an approximation of the actual demand, the most accurate demand distribution should be 

selected. Since the developed models are based on different assumptions, the demand is modeled in 

different ways. In the first model, the demand is assumed to be discrete and deterministic. In this case, 

the demand is modeled as the mean of the actual demand observed in the sample data, rounded to the 

nearest integer. In the second model, demand is assumed to be stochastic and continuous. Therefore, a 

continuous distribution should be selected that best fits the modeled situation. When demand is assumed 

to be discrete and stochastic, which is the case in the third model, according to Van Donselaar and 

Broekmeulen (2015) the most obvious choice is to use either the empirical distribution or to fit a 

theoretical distribution function on this empirical distribution function. The working paper of Van 

Donselaar and Broekmeulen (2015) furthermore mentions that for items with low or very low demand, 

which is the case when observing demand on the daily SKU-store level, this will give much better 

results than using a continuous distribution. The trade-off is, however, the computation time, which 

becomes larger when using a discrete distribution function. Since demand is low and since an 

approximation only has to be made for a small number of items, it is expected that computation time 

will not be a problem and it is therefore desirable to use the more accurate discrete distribution. The 

choice is made to fit a theoretical distribution function on the empirical distribution function using the 

fitting procedure as developed by Adan, Van Eenige, and Resing (1995). This will be done by fitting a 

discrete probability distribution on the parameters �̂�𝑡 and �̂�𝑡. 

 

As mentioned in the previous section, a strong week pattern is experienced in the sales. When 

comparing the manual and semi-automatic bread ordering system, the choice was made to deseasonalize 

the sales data. This approach is, however, not applicable in this sub-question since for every weekday, 

separate reorder levels have to be determined due to perishable nature of the products. It is therefore 

decided to create a separate model for each weekday. 

 

4.2.1.2 Case Pack Sizes 

The second parameter that should be considered is the fixed case pack size. Ordering of daily fresh 

bread is done based on a fixed case pack size or crate size. The fixed case pack sizes at DSC vary 

between products, the different RDCs, and also have changed over the time span considered in this 

project. This model will be constrained by the case pack sizes used in RDC2 at the start of this research. 

In case changes are made during the course of this research, this will not be updated. An overview of 

the fixed case pack sizes for each product that is used for answering this sub-question is presented in 

Table 22 of Appendix B. 

 

4.2.1.3 Selling Prices 

Finally, to determine the revenue, having the selling prices of each of the products is required. For 

confidentiality, the selling prices of the products are not presented in this report. 

 

4.2.2 Multi-item Theoretical Models 

Having described the parameters, in this section, the three models that are in line with the set objective 

and constraints of DSC are described. These models are developed under the assumption that 
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substitution effects are neglectable. In the first section, the model considering deterministic demand is 

developed. In the second section, two models are developed considering stochastic demand. Three 

different multi-item models are developed since it is not known in advance which of the simplifying 

assumptions is most restricting. Finally, in order to evaluate the performance of the three developed 

models, the performance will be compared with the performance of the current ordering logic used in 

the Auto-Dispo App, as described in section 2.1.3. 

 

4.2.2.1 Multi-item Model with Deterministic Demand 

The objective of DSC is to maximize revenue (7). In order to maximize revenue, the number of case 

packs (n) for each product (i) to be ordered has to be determined. The decision variable in this model, 

therefore, becomes (𝑛𝑖). DSC does, however, only allow a maximum waste percentage of 10% of the 

delivered items, which is modeled using a waste fraction (a) of 0.1 (8). The assumption is made that 

compensation between products is allowed for the waste (i.e. the total waste percentage of the 

considered items should be less than or equal to 10% of the total delivered items). Furthermore, DSC 

requires that all items within the specified assortment are offered by every store (9) and that a subset of 

the considered items, the items within the set ‘Always Bread’, have a higher service level (10). In the 

development of this first model, the simplifying assumption is made that demand is deterministic 

instead of stochastic. Due to the large case pack size with respect to the mean demand, it is expected 

that this model will provide a robust approximation of the optimal order quantities. This simplifying 

assumption will be relaxed later on in the two other models. Furthermore, demand is assumed to be 

discrete, implying that the mean demand is rounded to the nearest integer. Also, demand is assumed to 

be non-negative (11). Having this objective function (7) and constraints (8), (9), (10) and (11), a 

theoretical model can be developed. The same theoretical model holds for each of the considered 

weekdays. 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 =  ∑ 𝑝𝑖 ∗ min (�̂�𝑖, 𝑛𝑖𝑄𝑖)𝑖∈𝐼        (7) 

 

Subject to, 
∑ 𝑛𝑖𝑄𝑖𝑖∈𝐼 − ∑ min (�̂�𝑖 ,𝑛𝑖𝑄𝑖)𝑖∈𝐼

∑ 𝑛𝑖𝑄𝑖𝑖∈𝐼
≤ 𝑎         (8) 

𝑛𝑖 ∈ ℤ+, ∀𝑖 ∈ 𝐼           (9) 

𝑛𝑖𝑄𝑖 ≥ �̂�𝑖, ∀𝑖 ∈ 𝐴          (10) 

�̂�𝑖 ∈ ℤ0
+, ∀𝑖 ∈ 𝐼           (11) 

 

Where, 

▪ I: The set of considered items. 

▪ A: The set of ‘Always Bread’, 𝐴 ⊆ 𝐼. 

▪ 𝑄𝑖: The fixed case pack size of product i. 

▪ 𝑝𝑖: The selling price of product i. 

▪ �̂�𝑖: The mean demand of the historic moments of product i. 

▪ 𝑛𝑖: The decision variable. It expresses the number of fixed case packs to be ordered. 

▪ 𝑎: The allowed waste fraction set by DSC. 

 

In order to be able to implement the defined theoretical model in the Gurobi Solver in Python, a different 

formulation of the model is required. The alternative formulation is presented in Appendix C. 

 

4.2.2.2 Multi-item Models with Stochastic Demand 

The assumption that demand is deterministic is, of course, not realistic in the setting of DSC. Therefore, 

the other models that are developed will consider stochastic demand. Two alternative solution 

approaches will be presented. Because of the assumption of stochastic demand, the modeling of the 

previous section should be altered. In the objective function (12), stochasticity has been included. It can 

be noted that demand has to be larger than or equal to zero. In constraint (13) and constraint (15) 

stochasticity has been included as well. Constraint (14) remains unchanged. Constraint (16) is the 

constraint that applies to a stochastic model with discrete demand, requiring demand to be a non-
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negative integer including zero. The presented theoretical model holds for each of the considered 

weekdays. 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 = ∑ ∑ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖) ∗ 𝑝𝑖
∞
𝑑𝑖=0𝑖∈𝐼      (12) 

 

Subject to, 
∑ 𝑛𝑖𝑄𝑖𝑖∈𝐼 −∑ ∑ min(𝑛𝑖𝑄𝑖,𝑑𝑖)𝑃(𝐷𝑖=𝑑𝑖)∞

𝑑𝑖=0𝑖∈𝐼

∑ 𝑛𝑖𝑄𝑖𝑖∈𝐼
≤ 𝑎       (13) 

𝑛𝑖 ∈ ℤ+, ∀𝑖 ∈ 𝐼           (14) 

𝑛𝑖𝑄𝑖 ≥ ∑ 𝑑𝑖 ∗ 𝑃(𝐷𝑖 = 𝑑𝑖),∞
𝑑𝑖=0  ∀𝑖 ∈ 𝐴        (15) 

𝑑𝑖 ∈ ℤ0
+, ∀𝑖 ∈ 𝐼           (16) 

 

Where, 

▪ I: The set of considered products. 

▪ A: The set of ‘Always Bread’, 𝐴 ⊆ 𝐼. 

▪ 𝑄𝑖: The fixed case pack size of product i. 

▪ 𝑝𝑖: The selling price of product i. 

▪ 𝐷𝑖: Stochastic demand at specified weekday in consumer units with mean (𝜇𝑖), standard 

deviation (𝜎𝑖) and variance to mean ratio VTM(𝐷𝑖). 

▪ 𝑛𝑖: The decision variable. It expresses the number of fixed case packs to be ordered. 

▪ 𝑎: The allowed waste fraction set by DSC. 

 

In the next sections, two alternative solution approaches will be discussed for the presented model 

assuming stochastic demand. First, a multi-item model assuming stochastic and continuous demand will 

be discussed. After this, a multi-item model assuming stochastic and discrete demand will be discussed. 

 

Multi-item model with Stochastic and Continuous Demand 

In order to solve the multi-item model with stochastic demand, the presented model will be 

reformulated. The objective is to maximize the revenue, where the revenue equals the part of the 

demand that can be fulfilled for a specific product, multiplied by its selling price (17). Furthermore, 

constraint (18) should be interpreted as follows: the waste equals the sum of all products of the reorder 

level minus the demand plus the part of the demand that is lost in case the demand is higher than the 

reorder level. The obtained waste, divided by the sum of the reorder levels, is the waste fraction and 

should be lower than the allowed waste fraction set by DSC. The presented model is a single period 

problem for each of the considered weekdays. 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 =  ∑ (𝐸[𝐷𝑖] −  𝐸[(𝐷𝑖 − 𝑛𝑖𝑄𝑖)+]) ∗ 𝑝𝑖𝑖∈𝐼       (17) 
 

Subject to, 
∑ 𝑛𝑖𝑄𝑖−𝐸[𝐷𝑖]+𝐸[(𝐷𝑖−𝑛𝑖𝑄𝑖)+]𝑖∈𝐼

∑ 𝑛𝑖𝑄𝑖𝑖∈𝐼
≤ 𝑎         (18) 

𝑛𝑖 ∈ ℤ+, ∀𝑖 ∈ 𝐼           (19) 

𝑛𝑖𝑄𝑖 ≥ 𝐸[𝐷𝑖], ∀𝑖 ∈ 𝐴          (20) 

𝑑𝑖 ∈ ℤ0
+, ∀𝑖 ∈ 𝐼           (21) 

 

Where, 

▪ I: The set of considered products. 

▪ A: The set of ‘Always Bread’, 𝐴 ⊆ 𝐼. 

▪ 𝑄𝑖: The fixed case pack size of product i. 

▪ 𝑝𝑖: The selling price of product i. 

▪ 𝐷𝑖: Stochastic demand at specified weekday in consumer units with mean (𝜇𝑖), standard 

deviation (𝜎𝑖) and variance to mean ratio VTM(𝐷𝑖). 

▪ 𝑛𝑖: The decision variable. It expresses the number of fixed case packs to be ordered. 

▪ 𝑎: The allowed waste fraction set by DSC. 
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In order to solve the model, the solution procedure as presented by Van Donselaar and Broekmeulen 

(2015) will be used. In order to use this method, some assumptions have to be made, resulting in the 

following model: 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 =  ∑ (𝐸[𝐷𝑖] −  𝐸[(𝐷𝑖 − 𝑠𝑖)+]) ∗ 𝑝𝑖𝑖∈𝐼       (22) 
 

Subject to, 
∑ 𝑠𝑖−𝐸[𝐷𝑖]+𝐸[(𝐷𝑖−𝑠𝑖)+]𝑖∈𝐼

∑ 𝑠𝑖𝑖∈𝐼
= 𝑎         (23) 

𝑠𝑖 ≥ 𝑄𝑖 , ∀𝑖 ∈ 𝐼           (24) 
𝑠𝑖 ≥ 𝐸[𝐷𝑖], ∀𝑖 ∈ 𝐴          (25) 

𝑑𝑖 ∈ ℝ0
+, ∀𝑖 ∈ 𝐼          (26) 

 

It can be noted that the less-than-or-equal restriction (18) has been replaced by an equal-to restriction 

(23). If the assumption is made that demand is continuous (26) instead of discrete (21), it is optimal to 

use the full fraction of the delivered quantities that is allowed to be wasted and hence to use an equal-

to restriction. Since demand is now assumed to be continuous instead of discrete, the decision variable 

𝑛𝑖 is no longer required to be an integer and therefore 𝑛𝑖𝑄𝑖 is replaced by the continuous decision 

variable 𝑠𝑖 in the objective function (22) and constraints (23) and (24). 

 

The waste restriction can be included in the objective function using a Lagrange-multiplier λ. 

Furthermore, some simplifications are possible: 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 =  ∑ (𝐸[𝐷𝑖] ∗ 𝑝𝑖 − 𝐸[(𝐷𝑖 − 𝑠𝑖)+]𝑖∈𝐼 ∗ 𝑝𝑖) − 𝜆[∑ (𝑖∈𝐼 𝑠𝑖 − 𝐸[𝐷𝑖] + 𝐸[(𝐷𝑖 − 𝑠𝑖)+] − 𝑎 ∗
∑ 𝑠𝑖𝑖∈𝐼 ]            (27) 

 

Subject to, 

𝑠𝑖 ≥ 𝑄𝑖 , ∀𝑖 ∈ 𝐼           (28) 
𝑠𝑖 ≥ 𝐸[𝐷𝑖], ∀𝑖 ∈ 𝐴          (29) 

𝑑𝑖 ∈ ℝ0
+, ∀𝑖 ∈ 𝐼          (30) 

 

The optimal reorder levels, which maximize this objective function, can be found by taking the partial 

derivatives and setting the partial derivatives equal to zero. An elaboration on how (33) is derived, using 

Leibnitz’s Rule, is provided in Appendix D. 

 
𝜕𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜕𝜆
= − ∑ ((1 − 𝑎)𝑠𝑖 −𝑖∈𝐼 𝐸[𝐷𝑖] + 𝐸[(𝐷𝑖 − 𝑠𝑖)+] = 0     (31) 

𝜕𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜕𝑠𝑖
= 𝜆(𝑎 − 1) − (𝜆 + 𝑝𝑖) 

𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= 0      (32) 

𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= 𝐹(𝑠𝑖) − 1          (33) 

 

Combining (32) and (33) results in the following: 

 
𝜕𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜕𝑠𝑖
= 𝜆(𝑎 − 1) − (𝜆 + 𝑝𝑖)(𝐹(𝑠𝑖) − 1) = 0      (34) 

 

This can be rewritten as: 

 

𝐹(𝑠𝑖) =
𝑎𝜆+𝑝𝑖

𝜆+𝑝𝑖
           (35) 

 

To include constraint (29), which ensures a higher service level for the ‘Always Bread’, the discrete 

ready rate has to be higher than or equal to 0.5 for the products classified as ‘Always Bread’. Therefore, 

 

𝐹(𝑠𝑖) ≥ 0.5, ∀𝑖 ∈ 𝐴          (36) 
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To prevent the use of two different Lagrange-multipliers, constraints (35) and (36) can be combined in 

(37) for products classified as ‘Always Bread’: 

 

𝐹(𝑠𝑖) = max (0.5,
𝑎𝜆+𝑝𝑖

𝜆+𝑝𝑖
) , ∀𝑖 ∈ 𝐴        (37) 

 

The reorder levels can be determined in the following way: 

 

𝑠𝑖
∗ = 𝜎𝑖 ∗ 𝐹−1 (

𝑎𝜆+𝑝𝑖

𝜆+𝑝𝑖
) + 𝜇𝑖 , ∀ 𝑖 ∈ 𝐼\𝐴        (38) 

𝑠𝑖
∗ = 𝜎𝑖 ∗ 𝐹−1 (max (0.5,

𝑎𝜆+𝑝𝑖

𝜆+𝑝𝑖
)) + 𝜇𝑖 , ∀ 𝑖 ∈ 𝐴       (39) 

 

To determine which value has to be set for the Lagrange-multiplier, a heuristic proposed by Nahmias 

and Schmidt (1984) will be followed. This heuristic replaces formula (31). Nahmias and Schmidt (1984) 

describe that the optimal solution procedure starts with finding the unconstrained optimal. This results 

in the following: 

 
𝜕𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜕𝑠𝑖
= 𝑝𝑖  

𝑑𝐸[(𝐷𝑖−𝑠𝑖)+]

𝑑𝑠𝑖
= 0         (40) 

𝜕𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜕𝑠𝑖
= 𝑝𝑖 ∗ (𝐹(𝑠𝑖) − 1) = 0        (41) 

 

This can be rewritten as: 

 

𝐹(𝑠𝑖) = 1           (42) 

 

This implies that in order to maximize the revenue, the probability that inventory on hand is positive 

just before a potential delivery should be 1. Intuitively, this also makes sense. The problem defined here 

focuses on maximizing revenue instead of maximizing profit. It is therefore optimal to fulfill all demand 

and, hence, to set the reorder level equal to infinity. For the defined problem, the solution found in the 

unconstrained problem (i.e. infinity for all products) will not satisfy the set waste constraint. Therefore, 

the optimal reorder levels must be obtained by using a Lagrange-multiplier. To determine which value 

has to be set for the Lagrange-multiplier an iterative procedure will be followed. As a starting value an 

arbitrary value for the Lagrange-multiplier is set. Based on the arbitrary value for the Lagrange-

multiplier and the fitted demand distribution, the optimal order quantities have to be determined and 

the waste constraint has to be evaluated. Before continuing, it has to be verified whether this starting 

value, together with the specified demand distribution, does not already meet the waste constraint (if 

this is the case, the starting value should be decreased). An elaboration on the demand distribution is 

given in the next paragraph. After confirming whether the starting value is appropriate, the value of the 

Lagrange-multiplier has to be increased when the waste exceeds the waste constraint. The search has to 

be continued until the smallest non-negative Lagrange-multiplier value is found that satisfies the waste 

constraint and the service level constraint for the ‘Always Bread’. 

 

Furthermore, in order to determine the optimal order quantities under the set Lagrange-multiplier value, 

a continuous demand distribution should be selected. Since the newsboy problem typically assumes a 

normal distribution, it is desirable to use the normal distribution. In case a normal distribution is not 

appropriate, the gamma distribution will be used for modeling the problem. Van Donselaar and 

Broekmeulen (2015) describe that the advantage of using the continuous gamma distribution instead of 

the continuous normal distribution is that a gamma distributed stochastic variable is always non-

negative, which is the case for the demand observed at DSC. A normally distributed stochastic variable 

can, however, be negative. The probability that a normally distributed stochastic variable is less than 

zero increases with the coefficient of variation. Van Donselaar and Broekmeulen (2015) present a rule 

of thumb to identify in which situations a normal distribution is or is not a potential candidate for the 

continuous probability distribution function: if the coefficient of variation is lower than 0.3, the 

probability that a variable is less than zero is small and, therefore, the normal distribution is quite 
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accurate. Furthermore, if the coefficient of variation is between 0.3 and 0.5, a normal distribution is 

reasonable, if it is between 0.5 and 1, a normal distribution is questionable, and if it is larger than 1, a 

normal distribution tends to be very inaccurate. Based on the data, it will be evaluated whether the 

normal distribution is a reasonable distribution to assume in the majority of the cases. In case the 

coefficient of variation is higher than 0.5 in the majority of the cases, the gamma distribution will be 

used for modeling the problem. 

 

Having determined the optimal reorder levels for each SKU, one additional step has to be taken. The 

optimal reorder levels have to be rounded to the required fixed case pack sizes in order to fulfill 

constraint (19) in the original problem definition. A simple heuristic will be used to determine which 

reorder levels have to be rounded down, and which reorder levels have to be rounded up. The pseudo 

code of this heuristic is provided in Appendix E. Next, a short description of the heuristic will be given. 

 

The first step of this heuristic starts with finding an initial rounded solution for each of the obtained 

optimal reorder levels. This is done by rounding the optimal solution to a multiple of the fixed case 

pack size. Whether the optimal solution of a product is rounded up or down depends on whether the 

product can be classified as an ‘Always Bread’ or not, and whether the rounded down solution ensures 

that the product is still offered in the store (i.e. fulfilling the assortment constraint). After performing 

the first step of the heuristic, it is possible that, based on the initial rounded reorder levels, an expected 

realized waste fraction is obtained that is larger than the target waste fraction. If this is the case, the 

initial rounded reorder levels will represent the final rounded reorder levels. If the expected realized 

waste percentage is lower than the target waste fraction, the second step of the heuristic will be executed 

to decide which optimal reorder levels can additionally be rounded up. This is done by first rounding 

up the optimal reorder level of the product with the highest price and checking whether the expected 

realized waste fraction is still smaller than the target waste fraction. If this is the case, the initial rounded 

reorder level is replaced by the rounded up reorder level. If this is not the case, the final rounded reorder 

level equals the initial rounded reorder level. This is continued for all of the products classified as ‘Non-

Always Bread’ of which the initial rounded reorder level was the rounded down optimal reorder level. 

 

An alternative heuristic that could have been applied is a heuristic based on the principle ‘the biggest 

bang for the buck’. The first step of the described heuristic remains the same. In the second step, a ratio 

is calculated by dividing the expected revenue of ordering one additional case pack by the expected 

waste of ordering one additional case pack for the ‘Non-Always Bread’. Next, the heuristic selects the 

product with the highest ratio instead of the product with the highest selling price that satisfies the set 

waste constraint. This alternative heuristic was not applied, since the first step already resulted in a 

waste fraction ≥ a on 17 of the 21 considered weekdays (the model was analyzed for three example 

stores on 7 weekdays). This implies that only on 4 of the 21 considered weekdays the second step in 

the proposed heuristics will be reached and the impact of using the simpler first heuristic instead of the 

alternative heuristic is, therefore, considered to be limited. 

 

Multi-item model with Stochastic and Discrete Demand 

Alternatively, in order to solve the multi-item model with stochastic discrete demand, binary integer 

linear programming will be used. Binary integer linear programming is possible for the considered 

problem since the number of considered items is small and since the average demand compared to fixed 

case pack size is low. For more complex problems, this method might not be a possible solution 

alternative due to its computation time. Solving the problem using binary integer linear programming 

requires a different model formulation. In the model that will be presented next, some changes have 

been made compared to the general model with objective function (12) and constraints (13), (14), (15), 

and (16). First of all, the problem is looped over 𝑛𝑖 ∈ 𝑁. 𝑛𝑖 is therefore no longer the decision variable. 

Instead, 𝑣𝑖𝑛𝑖
 is the newly introduced binary decision variable, specifying whether a certain number of 

case packs is ordered for a product (i) or not (48). Another change that can be noted in objective function 

(43) is the upper bound that is imposed on the demand. This upper bound is included for similar reasons 

as the upper bound that is imposed on the number of case packs to be ordered, namely to make the 

problem solvable. Finally, it can be noted that the objective function is repeated for two different sets: 

the set including the ‘Always Bread’ and the set including all other products. For the ‘Always Bread’, 
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the considered values for 𝑛𝑖 are altered. The model requires 𝑛𝑖 to be at least 𝐿𝑖. 𝐿𝑖 is specified as the 

expected demand of an ‘Always Bread’ divided by the fixed case pack size of the considered product, 

rounded up to the nearest integer. In line with the changes that are made to the objective function, 

changes have been made to constraint (44). Additionally, constraint (45) has been newly introduced, 

which makes sure that for each product, the number of case packs to be ordered is specified, and that 

only one value is selected. Applying these changes to the general model results in the following model: 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 = ∑ ∑ ∑ 𝑣𝑖𝑛𝑖

𝑈
𝑑𝑖=0

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 ∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖) ∗ 𝑝𝑖 +

∑ ∑ ∑ 𝑣𝑖𝑛𝑖

𝑈
𝑑𝑖=0

𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 ∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖) ∗ 𝑝𝑖      (43) 

 

Subject to, 
𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦−𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
≤ 𝑎       (44) 

∑ 𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1 = 1, ∀𝑖 ∈ 𝐼          (45) 

𝑑𝑖 ∈ ℤ0
+, ∀𝑖 ∈ 𝐼           (46) 

𝑛𝑖 ∈ ℤ+, ∀𝑖 ∈ 𝐼           (47) 

𝑣𝑖𝑛𝑖
∈ {0, 1}, ∀𝑖 ∈ 𝐼, ∀𝑛𝑖 ∈ {1, … , 𝑁}        (48) 

 

Where, 

▪ 𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 =  ∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 + ∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 . 

▪ 𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑙𝑒𝑠 =  ∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)𝑈

𝑑𝑖=0
𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 +

∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)𝑈

𝑑𝑖=0
𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 . 

▪ I: The set of considered products. 

▪ A: The set of ‘Always Bread’, 𝐴 ⊆ 𝐼. 

▪ 𝑄𝑖: The fixed case pack size of product i. 

▪ 𝑝𝑖: The selling price of product i. 

▪ 𝐷𝑖: Stochastic demand at specified weekday in consumer units with mean (𝜇𝑖), standard 

deviation (𝜎𝑖) and variance to mean ratio VTM(𝐷𝑖). 

▪ 𝑛𝑖: The number of case packs to be ordered. 

▪ 𝑎: The allowed waste fraction set by DSC. 

▪ N: The upper limit of the number of case packs to be ordered considered in the enumeration. 

▪ U: The upper limit of the demand considered in the enumeration. 

▪ 𝑣𝑖𝑛𝑖
: Binary decision variable, specifying whether a specific number of case packs (n) is ordered 

for a product (i) or not. 

▪ 𝐿𝑖 = ⌈∑ 𝑑𝑖 ∗ 𝑃(𝐷𝑖 = 𝑑𝑖)  𝑈
𝑑𝑖=0 /𝑄𝑖⌉, ∀𝑖 ∈ 𝐴. 

 

Finally, in order to ensure linearity of the constraints, and thereby ensuring that the model can be solved 

using the Gurobi Solver in Python, a simplifying assumption is made with regard to the waste constraint 

(44). In the current model, the waste constraint would include the decision variable. Since this is 

undesirable in the modeling, the simplifying assumption is made that the order quantity in the 

denominator equals the expected demand for the specific weekday. This implies that the waste (a) is 

allowed to be 10% of the expected demand for the specific weekday. This simplifying assumption is 

only made in constraint (44). In the other parts of the modeling, the order quantity is not assumed to be 

equal to the expected demand on the specific weekday. 

 

Finally, in order to solve the model, a demand distribution should be fitted. This will be done, as 

explained before, by fitting a discrete probability distribution on the parameters �̂�𝑡 and �̂�𝑡 using the 

fitting procedure of Adan et al. (1995). Adan et al. (1995) consider four discrete probability distributions 

in their fitting procedure: the geometric, negative binomial, Poisson, and binomial distribution. To 

choose one of these four distributions, the variable a is considered, which is defined as: 

 



21 
 

𝑎 =  

�̂�2

�̂�
−1

�̂�
           (49) 

 

Adan et al. (1995) choose the binomial distribution when -1 < a < 0, the Poisson distribution when a = 

0, the negative binomial distribution when 0 < a < 1, and the geometric distribution when a ≥ 1. Having 

determined which distribution can best be fitted on the data, the parameters of the selected distribution 

have to be determined based on the estimated mean (�̂�) and the estimated variance (�̂�2) of the 

considered sample data. In case the binomial distribution is the most appropriate distribution, the 

parameters n and p can be determined as follows: 

 

𝑛 =
�̂�2

�̂�−�̂�2           (50) 

𝑝 = 1 − 
�̂�2

�̂�
           (51) 

 

In case the Poisson distribution is the most appropriate distribution, the parameter λ equals �̂�. In case 

the negative binomial distribution is the most appropriate distribution, the parameters p and n can be 

determined: 

 

𝑝 =  
�̂�

�̂�2            (52) 

𝑛 =
�̂�2

�̂�2−�̂�
           (53) 

 

In case the geometric distribution is the most appropriate distribution, the parameter p equals 1/�̂�. 

 

4.2.2 Modeling Current Method 

To be able to judge the performance of the developed theoretical models, also the current method will 

be modeled. Within the current method, however, no waste constraint is present in the modeling. 

Furthermore, the higher required service level on the ‘Always Bread’ is included by a rounding 

procedure where the truncated mean of the five reference moments is rounded up to ensure a higher 

service level. For the products not belonging to the ‘Always Bread’, the truncated mean is rounded to 

the nearest multiple of the fixed case pack size, with the exception that when the truncated mean 

rounded to the nearest integer equals zero, one case pack is ordered. The truncated mean is obtained by 

discarding the historical sales day with the highest sales and the historical sales day with the lowest 

sales. After this, the mean sales is calculated of the remaining selected historic sales days. Due to the 

missing waste constraint and the alternative modeling of the higher required service level of the ‘Always 

Bread’, the current method can provide reorder levels that cannot be retrieved by the developed 

theoretical models. Judgment on the performance should therefore be done with caution. Judgment on 

the performance should also be done with caution since the current method cannot be replicated exactly 

since information on the chosen reference moments is not stored. It is therefore possible that the 

employee responsible for bread ordering selects a reference moment different from the last five sales 

records of the respective weekdays. 

 

4.3 Sub-question 3: Which other methods (i.e. changing the case pack size or forecasting 

techniques) can be used to improve the Auto-Dispo App of DSC based on the performance 

expressed in sales, waste, and the number of out-of-stocks? 
In this sub-question, different ordering methods will be evaluated to test if there are other methods to 

improve the Auto-Dispo App of DSC in terms of sales, waste, and the number of out-of-stocks. The 

performance of these alternative methods will be compared to the current ordering logic used in the 

Auto-Dispo App, as described in section 4.2.2. The goal is to develop simpler methods than the 

developed theoretical models, so that the understandability and ease of implementation is improved for 

the employees of DSC. 
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First of all, it will be tested what the effect is of using a case pack size of 1 instead of a fixed case pack 

size for ordering bread within the current ordering logic. The current case pack sizes are presented in 

Table 22 of Appendix B. Furthermore, a case pack size with half the size of the current case packs is 

used, this since this might be easier to implement due to contract negotiations with the bakery. In case 

half the size of the current case pack size does not result in an integer, the case pack size is rounded 

down to the nearest integer. It is expected that decreasing the fixed case pack sizes will increase order 

flexibility resulting in a better performance of the ordering system. It is, however, possible that reducing 

the fixed case pack sizes will result in a higher number of out-of-stocks, and a lower number of sales 

and thereby a lower revenue. This is possible since the current fixed case pack sizes might function as 

a safety stock for the respective product. This safety stock is, however, arbitrary. If an increase in the 

lost sales and a decrease in the sales and revenue will be encountered, a safety stock will be included 

which follows the same logic for all products, such that the current ordering method is less arbitrary. 

This will be done by multiplying the truncated mean, obtained by the five reference moments, by 1.01, 

1.02, 1.03, 1.04, 1.05, 1.06, 1.07, 1.08, 1.09, and 1.10. In this way, a buffer up to 10% is added to the 

truncated mean. A buffer with a maximum of 10% was chosen since the goal is to maximize revenue 

with a maximum waste percentage of 10%. 

 

Finally, an alternative is to improve the forecasting technique. The current model uses the historic sales 

data for forecasting. In the previous sections, it was already highlighted that using the sales data instead 

of the demand data results in an underestimation of demand. To account for this, a simple method to 

approximate demand has been developed. This method will be used to approximate the actual demand 

in the five reference moments and thereby improving the forecast as provided by DSC. The remainder 

of the current ordering method used in the Auto-Dispo App remains unchanged. The performance of 

this forecasting technique will be evaluated again based on the sales, the waste, and the number of out-

of-stocks. 
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5. Data Preparation 
In this chapter, first a description is given about how the required data were gathered and from which 

sources. After that, the data preparation steps required for answering the research question are provided. 

 

5.1 Data Gathering 
Daily sales, hourly sales, delivered quantities, waste, and last sales time data of all days of the year 2018 

are extracted on the SKU-store level from MIS. Additionally, the daily sales, hourly sales, delivered 

quantities, waste, and last sales time data of all days until the 17th of December 2019 are extracted on 

the SKU-store level from MIS. This has been done for the 23 SKUs that fall within the scope of this 

research. Furthermore, the promotional information is extracted from WFM. The promotional 

information includes information on the start date and end date of a promotion, the kind of promotion 

(e.g. a price discount, or two for the price of one, etc.), the price per SKU during a promotion, and 

information on the way a promotion is communicated to the public (e.g. a radio or TV commercial, an 

advertisement in a newspaper, etc.). Finally, the (historical) opening hours of each store have been 

extracted from WFM. 

 

Not all required data could be extracted from the systems of DSC. Therefore, some data are gathered 

externally. Data that are gathered externally are data on national holidays, and the size of the fixed case 

pack sizes. Data on national holidays are retrieved from the website of the Dutch government2. Finally, 

data on the fixed case pack size are retrieved from the order forms. 

 

5.2 Data Cleaning 
Before the gathered data could be used, it had to be cleaned. The data cleaning consisted of checking 

for outliers, the deletion of outliers if desirable, and correcting obvious mistakes (e.g. negative sales). 

When cleaning the data, the waste data appeared to contain a lot of mistakes. It was, therefore, decided 

to calculate waste by subtracting the sales from the delivered quantities. Furthermore, when analyzing 

the data, two main causes have been identified for outliers: national holidays and promotions. When 

checking the daily SKU-store level, it was found that some stores did not sell products on certain days. 

Furthermore, it was found that new stores were opened during the considered time period, that stores 

changed their opening days (e.g. introduction of Sunday openings), and that some stores were closed 

for a certain time period during the considered time period. An elaboration on the findings is provided 

in the upcoming sections. 

 

5.2.1 National Holidays 

Several outliers have been identified that are caused by national holidays. An overview of the national 

holidays during the years 2018-2019 is provided in Table 23 of Appendix F. First of all, some outliers 

are caused due to store closures during national holidays. All stores of RDC2 were closed during the 

following holidays: New Year’s Day 2018 and 2019, Easter Sunday 2018, Christmas Day 2018, and 

Christmas Day 2019. The days on which all stores were closed are removed from the dataset. Even 

though a subset of the stores was opened during the remaining national holidays, some of the holidays 

still had much lower sales. It was, therefore, decided to remove these national holidays from the dataset. 

This was the case for the following dates: Easter Sunday 2019, Easter Monday 2018 and 2019, King’s 

Day 2018 and 2019, Ascension Day 2018 and 2019, Pentecost Sunday 2018 and 2019, Pentecost 

Monday 2018 and 2019, and finally Boxing Day 2018 and 2019. 

 

5.2.2 Promotions 

The second reason for outliers that was identified were promotional weeks. It was decided to remove 

data from promotional weeks since the DSC uses lots of different promotion strategies. Comparing 

different promotional weeks is therefore not possible, since different promotion strategies have different 

effects. 

 
2 www.rijksoverheid.nl  
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5.2.3 Store and Product Level 

On the store level, several findings were made when cleaning the data. First of all, it was found that not 

all stores were opened on Sundays. Of the 58 stores, 12 stores were closed on Sundays during the whole 

time the store was opened. Furthermore, 19 stores were closed initially on Sundays, but then opened 

their doors on Sundays later on. Finally, the remaining stores were open on Sundays during the whole 

time the store was opened. It was decided to keep Sundays within the dataset, since the Auto-Dispo 

App is supposed to generate orders for all days, including Sundays. Besides store closures on Sundays, 

also stores were closed for certain dates for example for a store reconstruction. 

 

On the product level, several findings were made as well when cleaning the data. First of all, several 

products were not sold on Sundays in the year 2019 except for weeks in which the products were on 

promotion. Moreover, several products were not sold in certain stores during the summer of 2018 except 

for weeks in which the products were on promotion. 

 

5.2.4 Other Obvious Mistakes 

During the data cleaning some obvious mistakes were identified such as negative sales, or negative 

waste. Negative waste was caused by higher sales than the delivered quantity. In case negative waste 

was observed the corrective action depended on the size of the mistake. In case the negative value was 

smaller than or equal to 10 the negative value was replaced by the value 0. In case the value was larger 

than 10 it was decided to replace the negative values by an empty cell since those values seemed to be 

too unreliable to use in this research. Furthermore, on some sales days in some stores no sales records 

were found for all or certain products although there were items delivered. If this was the case, those 

days were removed from the dataset of the respective store. 

 

5.3 Week Pattern Deseasonalization 
As described before, analyses are made on daily sales data. Dutch supermarkets typically have a strong 

weekly sales pattern (Van Donselaar et al., 2006) with most sales (as percentage of total weekly sales) 

on Fridays and Saturdays. Stroo (2019) confirmed the strong week pattern at DSC in her Master’s 

Thesis. To overcome this week pattern, Stroo (2019) deseasonalized the week pattern. This was done 

because deseasonalizing is less time consuming and can account for differences in the week pattern 

between stores. This Master’s Thesis is performed at the same DSC and for approximately the same 

SKUs as the research conducted by Stroo (2019). It has, therefore, been decided to also deseasonalize 

the sales data. In order to perform the paired-samples t-tests, deseasonalization has been performed per 

SKU per store for both the sales and waste data. It is decided to deseasonalize all stores separately since 

Stroo (2019) mentioned that some stores show a significant difference on some week days. The 

deseasonalization on the SKU level was done because when analyzing the factors on the SKU-store 

level, it was found that not all SKUs have the same pattern. Finally, deseasonalization of the waste data 

is required to be able to compare the performance of the different systems, due to the fixed case pack 

size used at DSC. An elaboration on the deseasonalization procedure is provided in Appendix A. 

Deseasonalization was only required for the sub-question 1. For sub-questions 2 and 3, separate 

ordering models were developed for each of the seven weekdays. The reason for this was that the 

ordering models should give an order advice that takes into account the week pattern. Deseasonalization 

for those sub-questions was, therefore, not desirable. 

 

5.4 Outlier Detection 
After deseasonalizing the demand and waste data, the outliers have to be identified. Outliers are defined 

by Hair, Black, Babin, and Anderson (2014) as observations with a unique combination of 

characteristics identifiable as distinctly different from the other observations. Some outliers have 

already been filtered out during the data cleaning. The remainder of the outliers have to be identified 

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. The z-scores which indicate an outlier depend on the size of the dataset. The 

following rule of thumb is presented by Hair et al. (2014) for the identification of outliers in univariate 

methods: for small samples (80 or fewer observations) outliers typically are defined as cases with 

standard scores of 2.5 or greater. For larger sample sizes, the threshold value of standard scores is 
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increased up to 4. The sample sizes within this research differ, but (almost) all exceed 80 observations. 

Due to this, an outlier is marked by a z-score larger than 4. Additional outliers that were removed based 

on the defined z-score threshold were data points in the first week after a store (re-)opening. 
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Part III: Results 
6. Validation Ordering Logic 
In this chapter, the results of the first sub-question, “What is the performance of the manual ordering 

process, the semi-automatic bread ordering system of RDC2, and the Auto-Dispo App, in terms of sales, 

waste, and the number of out-of-stocks?”, are presented. To discuss the results, three stores have been 

selected as example stores: store 1, store 25, and store 51. Store 1 is the largest store in terms of the 

bread sales in pieces and is representative for 15% of the stores supplied by RDC2. Store 25, is the 

smallest store in terms of the bread sales in pieces and is representative for 5% of the stores supplied 

by RDC2. Finally, store 51 is the median store in terms of the bread sales in pieces and is representative 

for 80% of the stores supplied by RDC2. The results of store 51 are, therefore, representative for the 

majority of the stores of RDC2. 

 

6.1 Comparison Manual Bread Ordering System and Semi-Automatic Bread Ordering 

System. 
In this section, the performance of the manual bread ordering system and the semi-automatic bread 

ordering system is compared. After deseasonalizing the sales and the waste, correcting the sales for the 

trend, quantifying the lost sales and assuring equal sample sizes, paired-samples t-tests are performed. 

The paired-samples t-tests are performed on two different aggregation levels: the daily SKU-store level, 

and the daily store level. In the upcoming sections, the results of the different aggregation levels are 

presented. The full results of the different aggregation levels are presented in Appendix G. 

 

6.1.1 Daily Store Level 

For each store, three paired-samples t-tests have been performed. One to compare the deseasonalized 

sales, one for the deseasonalized waste and one for the lost sales. In 29 out of the 56 considered stores, 

a significant difference was found between the mean lost sales during the use of the semi-automatic 

bread ordering system and the use of the manual ordering system. For the deseasonalized sales, a 

significant difference was found for 51 stores. Finally, for the deseasonalized waste, a significant 

difference was found for 37 stores. For the other 19 stores, no significant difference was found in using 

the semi-automatic bread ordering system or the manual ordering system. Of course, it is interesting to 

know whether the significant effect resulted in a decrease in the mean lost sales, implying an improved 

performance, or an increase in the mean lost sales, implying decreased performance, after the 

introduction of the new system. Similarly, it is interesting to know whether an increase or decrease in 

the mean deseasonalized sales and mean deseasonalized waste occurred after introduction of the new 

system. In Table 2, therefore, the number of stores that have seen an improvement, no significant effect, 

or decreased performance for each of the three considered KPIs is presented. The full results of the 

paired-samples t-tests of the deseasonalized waste, deseasonalized sales, and the lost sales at the daily 

store level are presented in Table 24 of Appendix G. 

 

Table 2: Paired-samples t-tests deseasonalized sales, deseasonalized waste, lost sales at daily store level 

with measurements from the 1st of March until the 17th of October. 

 

When interpreting the results, it is important to realize that there is a constant trade-off between the lost 

sales, the deseasonalized sales, and the deseasonalized waste. This will be explained by an example. 

When considering store 1, the store with the highest bread sales in pieces, the results as presented in 

Table 3 can be found3. It can be noted that on the waste KPI and the lost sales KPI a significant 

difference has been found. For the lost sales, this significant difference can be associated with a 

 
3 To ensure confidentiality, the results throughout the whole report have been scaled. 

KPI Improvement No significant effect Decreased 

performance 

Lost Sales 4 27 25 

Deseasonalized Sales 3 5 48 

Deseasonalized Waste 34 19 3 



27 
 

decreased performance after introduction of the new semi-automatic bread ordering process. The third 

KPI (deseasonalized waste) can, however, be associated with an increased performance after the 

introduction of the new semi-automatic bread ordering process. A possible explanation for this is the 

ordering of less items under the same demand. This way, the waste can be decreased. This decrease in 

waste does, however, imply that an item went out of stock more often, hence implying an increase in 

the lost sales. The judgment on the performance of the system therefore depends on the prioritization 

of the KPIs by DSC. 

 

Table 3: Rounded scaled results of paired-samples t-tests of the deseasonalized waste, deseasonalized 

sales, and lost sales with measurements from the 1st of March until the 17th of October for three stores 

and the total over all stores. 

* p<0.05. 

 

When further analyzing Table 2, it can be noted that, although most stores experience a decrease in the 

deseasonalized sales, an increase in the lost sales cannot be found for all stores. Also, in Table 3 it can 

be noted that the decrease in total daily mean deseasonalized sales is not in line with the increase in the 

lost sales. This is also the case for store 25 and store 51. For those two example stores, it can be noted 

that no significant differences in the means can be found for the lost sales nor the deseasonalized waste. 

There is, however, a significant difference in the means of the deseasonalized sales. This is remarkable 

since if the decrease in the deseasonalized sales would be caused by the newly introduced semi-

automatic bread ordering system, it is expected that this would also be visible in the lost sales KPI. It is 

possible that other factors (e.g. the number of promotion weeks, or the introduction of a bake-off 

department), for which no corrective action has taken place, have caused part of the found effect or that 

some of the considered factors were not incorporated correctly. Those results are possible since in this 

study, the sales are influenced by a wide variety of factors and since the environment in this case study 

was not completely controlled. For this reason, two additional analyses have been conducted, which 

will be described next. 

 

The first additional analysis that was conducted was to verify whether the trend determination method 

was accurate. In the current method, the average trend for the bread sales over the 5 RDCs for each 

considered item was used as trend factor for the respective item. It is, however, possible that the 

different regions experience different trends. Therefore, the trend per individual RDC was determined. 

Differences between the regions could be noted, but taking the average seemed to be the most robust 

method. Furthermore, it has been verified whether a change has occurred in the performance of the 

semi-automatic system during its lifetime. The reason why this was checked is that it is possible that 

the system required time to reach its full potential. This was done by plotting the weekly sales per item. 

This plot is visualized in Figure 8. For confidentiality, the values of the y-axis were omitted. In Figure 

8, it can be noted that it is possible that something changed around week 25. It is therefore decided to 

make an additional analysis considering only the data from the 1st of July until the 17th of October. For 

this analysis, a new trend factor has been determined considering only the months July, August and 

September. The controlling department of DSC found that there were some system changes around the 

end of the summer holiday. The explanation given by RDC2 was that after the summer holiday, the 

sales department desired to have higher orders because of an expected increase in the sales. After 

disappointing results, it was decided to switch the focus again to reducing waste. 

Store  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 19* 28* 218 307 313 219 23* 19* 219 

25 13 14 211 96* 88* 212 20 21 212 

51 20 22 215 138* 135* 217 16 14 217 

Total 1061 1178 218 8982 8076 219 1070 869 219 
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Figure 8: Weekly sales manual and semi-automatic system compared. 

 

In Table 4 and Table 5, the results are presented when only the data from the 1st of July until the 17th of 

October is considered. Still, it can be noted that there is a decrease in sales that is not in line with the 

lost sales. This strengthens the belief that factors for which no corrective action has taken place have 

caused part of the found effect. Although the objective of DSC is to maximize revenue and thereby the 

sales, judging the performance of the different systems in terms of just the deseasonalized sales is not 

recommendable. The performance of the different systems should, therefore additionally be evaluated 

in terms of the lost sales and in terms of the deseasonalized waste. When considering the lost sales, 

slightly more stores experience a decreased performance (11 stores), than an increased performance (4), 

as indicated in Table 4. The mean daily lost sales at the RDC level (indicated by the total line in Table 

5) shows that the semi-automatic system only has 7 more lost sales than the manual ordering system. It 

can therefore be concluded that the overall performance in terms of the lost sales has slightly decreased 

after the introduction of the semi-automatic ordering system. When considering the deseasonalized 

waste, 22 stores experience an increased performance under the semi-automatic ordering system, 27 

stores experience no significant effect, and 7 stores experience a decrease in performance. In Table 5, 

the mean total daily deseasonalized waste also shows an improved performance (i.e. a decrease in the 

mean deseasonalized waste). It can therefore be concluded that in terms of the waste, the semi-automatic 

ordering system is performing better than the manual system. As an example, again the performance of 

stores 1, 25, and 51 has been presented in Table 5. 

 

Table 4: Paired samples t-tests deseasonalized sales, deseasonalized waste, lost sales at daily store level 

with measurements from the 1st of July until the 17th of October. 

  

KPI Improvement 

(# Stores) 

No significant effect 

(# Stores) 

Decreased 

performance (# Stores) 

Lost Sales 4 41 11 

Deseasonalized Sales 5 7 44 

Deseasonalized Waste 22 27 7 

1011121314151617181920212223242526272829303132333435363738394041
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Weekly sales manual and semi-automatic system 
compared

Semi Manual
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Table 5: Rounded scaled results of paired-samples t-tests of the deseasonalized waste, deseasonalized 

sales, and lost sales with different measurements from the 1st of July until the 17th of October for three 

stores and the total over all stores. 

 * p<0.05. 

 

6.1.2 Daily SKU-Store Level 

In the previous section, the performance of the manual ordering system and the semi-automatic ordering 

system have been compared, taking all products together at the store level. It is possible that the 

performance differs for the different products within the assortment. Therefore, in this section the results 

on the SKU-store level are presented. In this section, the results of the paired-samples t-tests of the three 

example stores (store 1, store 25 and store 51) will be presented of the measurements from the 1st of 

July until the 17th of October. The full results of the three example stores are presented in Appendix G. 

It can be noted that the number of considered products differs for store 1, 25 and 51. The reason for this 

is that in store 25 and 51, certain products were not sold during a certain time period. Therefore, for 

those products no comparison could be made. 

 

Table 6: Paired-samples t-tests deseasonalized sales, deseasonalized waste, lost sales at SKU-store 

level with measurements from the 1st of July until the 17th of October for store 1. 

 

Table 7: Paired-samples t-tests deseasonalized sales, deseasonalized waste, lost sales at SKU-store 

level with measurements from the 1st of July until the 17th of October for store 25. 

 

Table 8: Paired-samples t-tests deseasonalized sales, deseasonalized waste, lost sales at SKU-store 

level with measurements from the 1st of July until the 17th of October for store 51. 

 

In Table 6, 7, and 8, the results of each of the example stores are presented. As expected, different 

performances are observed for the different products within the assortment. For store 1, 1 SKU shows 

an improved performance after the introduction of the new system and 2 SKUs show decreased 

performance in terms of the lost sales. In terms of the deseasonalized sales, 11 SKUs show an 

improvement after the introduction of the new system and 5 SKUs show decreased performance. In 

terms of the deseasonalized waste, none of the SKUs shows an improvement after the introduction of 

the new system and 6 SKUs show a decreased performance. Concluding, for two of the KPIs a decreased 

performance is observed and for 1 KPI an improvement is observed on the SKU-store level for store 1. 

Store  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 26 27 109 277* 296* 109 17 22 109 

25 15 15 109 91* 81* 109 16 18 109 

51 21 23 108 134* 127* 109 15* 12* 109 

Total 1161 1168 109 8363 7455 109 825 761 109 

KPI Improvement 

(# SKUs) 

No significant effect 

(# SKUs) 

Decreased 

performance (# SKUs) 

Lost Sales 1 20 2 

Deseasonalized Sales 11 7 5 

Deseasonalized Waste 0 17 6 

KPI Improvement 

(# SKUs) 

No significant effect 

(# SKUs) 

Decreased 

performance (# SKUs) 

Lost Sales 1 15 3 

Deseasonalized Sales 3 6 10 

Deseasonalized Waste 2 12 5 

KPI Improvement 

(# SKUs) 

No significant effect 

(# SKUs) 

Decreased 

performance (# SKUs) 

Lost Sales 1 15 3 

Deseasonalized Sales 5 6 8 

Deseasonalized Waste 3 16 0 
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For store 25, for all three KPIs a decreased performance can be observed. Finally, for store 51 for 2 

KPIs a decrease in performance can be observed and for 1 KPI an increase in performance can be 

observed. For the majority of the products, however, no significant effect is found. It can therefore be 

concluded that, even though overall the performance seems to be decreased, this effect is not present in 

all products. 

 

6.2 Conclusion Performance Semi-Automatic Bread Ordering System 

Comparing the results of the manual bread ordering system with the performance of the semi-automatic 

bread ordering system on the daily store level, it can be concluded that in terms of the deseasonalized 

waste, the semi-automatic bread ordering system is performing better than the manual system. In terms 

of the lost sales, however, a small decrease in performance can be noted. With regard to the 

deseasonalized sales, a strong decrease in performance is observed. This effect is not in line with the 

effect found for the lost sales. It is expected that factors for which no corrective action has taken place 

have caused part of the found effect. Conclusions on the performance with respect to the sales should 

therefore be drawn with caution. Furthermore, when evaluating the performance it is important to 

consider the trade-off between the different KPIs. When looking into the different stores it can be noted 

that the found effects are not the same for all stores. Although overall the performance in terms of the 

deseasonalized waste improved, some stores experience a decrease in performance. Similar differences 

can be found when looking into the deseasonalized sales and the lost sales. When considering the 

performance on the daily SKU-store level, different performances are observed for the different 

products within the assortment. 
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7. Theoretical Models 
In this chapter, the results of the second sub-question, “What theoretical models can be developed that 

are in line with the objective and constraints of DSC and what is the performance of these models in 

terms of sales, waste, and the number of out-of-stocks?”, are presented. The three models were 

developed under the simplifying assumption that substitution is neglectable. The performance of the 

developed theoretical models will be evaluated in terms of sales, waste, and the number of out-of-stocks. 

To discuss the results, the same three stores have been selected as in the previous chapter. Before the 

results can be obtained, adequate demand distributions have to be selected. 

 

7.1 Selecting Demand Distributions 

For the stochastic models, first an adequate demand distribution had to be selected. For the stochastic 

continuous model, a continuous distribution had to be selected. In section 4.2.2.2 was explained that to 

evaluate if assuming a normal distribution is appropriate, the rule of thumb presented by Van Donselaar 

and Broekmeulen (2015) can be used. In Table 9, it can be noted that based on this rule of thumb, 

assuming a normal distribution is reasonable. The percentages that are presented are the percentage of 

the considered store, weekday, and product combinations falling in each of the categories defined by 

the rule of thumb. Therefore, for this model, demand is assumed to follow the normal distribution. For 

the stochastic discrete model, a discrete distribution is selected based on the fitting procedure of Adan 

et al. (1995) as described in section 4.2.2.2. 

 

Table 9: Evaluation appropriateness normal distribution based on rule of thumb presented by Van 

Donselaar and Broekmeulen (2015). 

 

7.2 Results Theoretical Models 

During the execution of the second sub-question, seven stores were dropped. The reason for this was 

that those seven stores did not sell all products within the considered period or that less than five 

historical sales days could be retrieved for one of the considered products on a specific weekday. Having 

at least five historical sales days was required for modeling the ordering logic as implemented in the 

Auto-Dispo App. Thereby facilitating the comparison between the performance of the current ordering 

logic and the performance of the theoretical models. Furthermore, when implementing the models, 

infeasibility was encountered. Infeasibility implies that on one or multiple weekdays, no reorder levels 

could be obtained for which the model fulfilled all of the set constraints. For example, for the 

deterministic model, for 25 of the 49 included stores, on one or multiple weekdays, the problem was 

not solvable under the set constraints for the specific weekday. It was found that the stores which 

encountered infeasible deterministic models on certain weekdays were typically stores with relatively 

low sales on the specific weekday. The stores all belonged to the 25% of stores with the lowest sales. 

For DSC it might, therefore, be advisable to consider altering the constraints imposed on small stores 

and/or for certain weekdays. The constraints that can be altered are: allowing a higher waste fraction, 

relaxing the assortment constraint, relaxing the fixed case pack constraint (i.e. allowing ordering per 

piece or in half the size of the current case pack), or no longer requiring a higher service level for 

‘Always Bread’. The implications of relaxing the fixed case pack constraint will be explored in the next 

chapter. Furthermore, the implications of relaxing the assortment constraint (i.e. which products are 

recommended to be removed from the assortment) are presented in Appendix H. In this chapter, the 

allowed waste fraction is increased to ensure feasible models. 

 

Increasing the allowed waste fraction to ensure feasible models was required for one of the example 

stores: store 25. Therefore, the allowed waste fraction for each weekday was increased with steps of 

0.01 until all four models were feasible for each weekday. The resulting allowed waste fractions for 

Normal Distribution 

appropriateness 

Coefficient of Variation levels (CV) Percentage (%) 

Quite accurate CV < 0.3 40.17 

Reasonable 0.3 ≤ CV ≤ 0.5 50.72 

Questionable 0.5 < CV ≤ 1 9.11 

Very inaccurate CV > 1 0 
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store 25 on each weekday under which all four models were feasible are presented in Table 10. It can 

be noted in Table 10, that no increase of the allowed waste fraction was required on Friday and Saturday, 

since all models for all stores were feasible under the set waste constraint. For the other weekdays, 

increasements were required. Especially the increase for the Sundays is striking, where a waste fraction 

of 0.34 was required to make all four models feasible. Allowing such a high waste fraction might be 

undesirable, so it is advisable for DSC to consider relaxing one of the other constraints on Sundays. 

 

Table 10: Waste constraint for each store and weekday under which all three models are feasible. 

 

In Table 11, the results of the three developed theoretical models are presented when setting the allowed 

waste fraction as presented in Table 10. Model 1 represents the deterministic discrete model, model 2 

represents the stochastic continuous model, and model 3 represents the stochastic discrete model. 

Additionally, the current ordering model (model 4) is presented. The presented models show the results 

on a week level. This implies that the day specific reorder levels as well as the KPIs have been summed 

over the seven weekdays. This is done to compare the performances of the different models more fairly. 

Furthermore, in order to allow a fair comparison between the models, an additional measure had to be 

taken: measuring the KPIs in the same way. Therefore, to obtain the expected sales and revenue, the 

obtained order levels of each model and store were filled in in the stochastic discrete formula (12). To 

obtain the waste percentage, the obtained order levels were filled in in formula (13). 
 

Table 11: Results summation over 7 weekdays of day specific reorder levels and KPIs of deterministic 

discrete (1), stochastic continuous (2), stochastic discrete (3), and current model (4) after relaxing waste 

constraint. 𝑠𝑖
∗= summation of day specific reorder levels over the 7 weekdays for SKU i.4 

 
4 It can be noted that the presented reorder levels are not a multiple of the fixed case pack size. The reason for this is that the 

results have been scaled to ensure confidentiality. This is also the case in Chapter 8 and Chapter 9. 

Weekday Store 1 Store 25 Store 51 

Monday 0.1 0.12 0.1 

Tuesday 0.1 0.17 0.1 

Wednesday 0.1 0.14 0.1 

Thursday 0.1 0.15 0.1 

Friday 0.1 0.1 0.1 

Saturday 0.1 0.1 0.1 

Sunday 0.1 0.34 0.1 

 Store 1 
(1) 

Store 1 
(2) 

Store 1 
(3) 

Store 1 
(4) 

Store 
25 (1) 

Store 
25 (2) 

Store 
25 (3) 

Store 
25 (4) 

Store 
51 (1) 

Store 
51 (2) 

Store 
51 (3) 

Store 
51 (4) 

𝑠1
∗ 46 46 39 38.84 16 16 16 16.61 16 16 16 16.07 

𝑠2
∗ 78 46 51 62.30 32 32 32 32.15 46 32 32 34.11 

𝑠3
∗ 78 51 60 66.90 37 32 32 35.99 41 32 32 42.46 

𝑠4
∗ 96 64 69 72.66 37 32 32 33.10 64 41 46 52.79 

𝑠5
∗ 59 41 41 48.55 31 24 24 27.96 38 24 28 31.67 

𝑠6
∗ 220 220 220 214.23 48 55 38 42.75 90 93 86 87.43 

𝑠7
∗ 243 216 216 220.41 60 46 46 52.98 78 51 51 59.83 

𝑠8
∗ 147 152 147 135.86 46 51 46 43.42 73 73 51 56.45 

𝑠9
∗ 69 76 69 61.86 31 34 24 26.29 34 34 28 29.50 

𝑠10
∗  114 100 100 95.44 41 31 31 35.76 62 38 48 53.19 

𝑠11
∗  50 53 41 40.96 24 14 21 19.20 29 19 22 25.04 

𝑠12
∗  46 50 45 38.63 22 12 15 16.58 19 12 14 18.54 

𝑠13
∗  238 245 238 233.83 86 96 72 82.49 165 165 165 153.75 

𝑠14
∗  96 73 73 77.11 32 32 32 32.89 41 32 32 34.28 

𝑠15
∗  202 202 202 186.74 78 78 64 66.44 92 92 83 82.60 

𝑠16
∗  52 28 31 37.13 24 24 24 25.62 24 24 24 25.71 

𝑠17
∗  162 165 165 150.85 72 79 48 60.60 110 114 100 93.95 

𝑠18
∗  189 193 189 179.34 59 59 38 50.73 86 86 76 76.07 

𝑠19
∗  107 79 83 91.57 48 24 28 38.13 62 38 45 54.78 

𝑠20
∗  55 38 41 42.39 24 24 24 24.95 24 24 24 24.23 

𝑠21
∗  90 65 72 68.12 31 24 24 27.30 31 24 28 29.01 

𝑠22
∗  106 83 78 78.49 32 32 32 32.80 41 32 32 35.81 

𝑠23
∗  121 100 100 99.66 38 28 31 34.55 48 38 41 43.05 

∑ Expected Lost Sales 151 307 301 344 95 146 184 142 129 243 241 215 

∑ Expected Revenue (€) 2405 2251 2246 2195 776 714 687 727 1117 990 999 1028 

∑ Expected Sales 2302 2147 2153 2109 745 694 656 699 1096 981 984 1009 
∑ Expected Sales Always Bread 1095 1103 1096 1048 328 336 285 305 539 541 515 503 

Expected Realized Waste (%) 13.75 10.05 9.25 10.10 22.33 21.71 16.28 19.51 16.96 13.96 10.91 13.23 
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7.2.1 Comparison Performance Theoretical Models 

First, the three developed theoretical models will be compared to evaluate their performance. When 

considering the obtained reorder levels of the three models, it can be noted that there are differences, 

but that these differences are not very large. When evaluating the performance of the different models 

based on the set KPIs in Table 11, it can be noted that model 2 has the highest expected sales for the 

‘Always bread’ for all stores. This difference is, however, not as striking as the differences observed in 

the performance on the other KPIs. When evaluating the performance of the different models with 

regard to the other KPIs in Table 11, it can be noted that model 1 has the lowest expected lost sales, the 

highest expected revenue, and the highest expected sales for all stores. This comes, however, at the cost 

of an increase in the expected realized waste percentage. The order levels of model 1 were obtained 

under the assumption that demand is deterministic. When adding stochasticity in the KPIs, it can be 

noted that the expected realized waste percentage is above the target waste level. 

 

The expected realized waste percentages of the different models should, however, be comparable, to be 

able to make a fair comparison between the performance of the three theoretical models. To accomplish 

this, the target waste levels of models 2 and 3 are altered. An explanation on how this is done is given 

for one of the example stores: store 1. The target waste levels of model 2 and 3 have been increased for 

store 1. By increasing the target waste levels of model 2 and 3, the goal is to bring the expected realized 

waste percentages of these two models closer to 13.75% to have the fairest comparison between the 

three models. In Table 11 is shown that for model 1, an expected realized waste percentage of 13.75% 

is obtained and a scaled expected revenue of €2,405 under a target waste level of 10%. When increasing 

the target waste level of model 2 to 14%, an expected realized waste percentage of 13.94% can be 

obtained, with a corresponding scaled expected revenue of €2,364. Based on this, it can be concluded 

that model 1 is performing better than model 2, since the expected realized waste percentage is lower 

and the scaled expected revenue is higher. When increasing the target waste level of model 3 to 16%, 

an expected realized waste percentage of 13.57% and a corresponding scaled expected revenue of 

€2,404 can be obtained. When increasing the target waste level of model 3 to 17%, an expected realized 

waste percentage of 14.28% can be obtained. The scaled expected revenue that is obtained under this 

waste percentage equals €2,418. The performance of model 1 and 3 is, therefore, comparable. 

 

When deciding on which model is most desirable for DSC, the understandability also has to be taken 

into account. When taking into account understandability, as well as performance, model 3 is decided 

to be the most recommendable model of the three developed theoretical models. This model includes 

stochasticity and the discrete nature of demand. A disadvantage of this model is, however, that it allows 

waste to be 10% of the expected demand instead of 10% of the delivered quantity. Even though model 

1 provides a robust estimation, model 3 is preferred over model 1, since it most accurately resembles 

real life conditions. In case DSC desires to change its objective to profit maximization in the future, the 

stochastic discrete model can be easily transformed to fulfill this objective and the set constraints. The 

accompanying model formulation is provided in Appendix I. Validation of this model is, however, still 

required since the purchasing prices of the products were not available in this research. 

 

The trade-off between the expected realized waste percentages and the expected revenue for the three 

developed theoretical models of store 1 and store 51 is visualized in Figure 9 using efficient frontiers. 

The efficient frontier is defined by Broekmeulen and Van Donselaar (2019) as the graph which shows 

how the minimal expected waste percentage increases if the on-shelf availability increases. Instead of 

the on-shelf availability, the expected revenue is used in this research. Using an efficient frontier to 

quantify the potential to improve on food waste, freshness and sales for perishables in supermarkets 

was introduced by Broekmeulen and Van Donselaar (2019). Figure 9 shows that for store 51, similar 

results are obtained as described for store 1. The results of store 25 are not presented due to the 

encountered infeasibility. Recall that store 25 is the store with the lowest bread sales in pieces and that 

this store is representative for only 5% of the stores supplied by RDC2. 
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Figure 9: Visualization of the efficient frontiers of the three developed theoretical models and the 

performance of the current ordering logic (model 4) for store 1 and store 51. 

 

7.2.2 Comparison Performance Preferred Theoretical Model with Current Ordering Method 

Finally, the performance of model 3, the preferred theoretical model, is compared to the performance 

of the current method (model 4). To facilitate comparison, the trade-off between expected realized waste 

percentages and the expected revenue for model 4 has been visualized in Figure 9. When making this 

comparison, several factors have to be taken into account to facilitate a fair comparison. First of all, it 

can be noted in Table 11 that the reorder levels of the current method are not integers. The reason for 

this is that the average of the reorder quantities that are ordered during the considered period is 

presented. The average is presented since the current ordering logic determines the reorder levels based 

on five reference days. The selected reference days are typically the specific weekday during the last 

five sales weeks (i.e. when an order is made for a Monday, the previous five Mondays are selected as 

reference days). The obtained reorder level is therefore not constant on all order moments during the 

considered period, whereas the developed theoretical models determine a constant reorder level based 

on the complete considered period. Therefore, considering only one reorder level of the current ordering 

logic does not result in an accurate representation of the performance of the system. Having this in 

mind, the presented performance of the model is obtained by calculating how often each reorder level 

occurs during the considered period and multiplying this percentage with the performance of the 

respective reorder level. The performance of the respective reorder level is obtained by filling in the 

discrete stochastic formula (12) and (13). It might be tempting to round the average reorder levels, as 

presented in Table 11, to the nearest integer and to simply fill in these values in formula (12) and (13). 

When doing this, the obtained results are, however, no longer a multiple of the required case pack size 

and the obtained results therefore no longer resemble the actual performance. Another factor that has to 

be taken into account is the fact that the current method does not enforce the solution to be lower than 

the set waste percentage. The current method might, therefore, provide infeasible solutions. Finally, the 

current model cannot guarantee a constant service level for the ‘Always Bread’. 

 

Based on the mentioned factors and the performance as presented in Figure 9, it can be noted that the 

preferred theoretical stochastic discrete model (model 3) is performing better than the current ordering 

method (model 4) at both two stores. However, the improvement potential that can be obtained by 

switching to the theoretical model differs for the two stores. For store 1, the store with the highest bread 

sales in pieces, the improvement potential is much larger than the improvement potential that can be 

obtained for store 51, the store with the median bread sales in pieces (i.e. the distance between the point 

representing the performance of the current method and the efficient frontier of model 3 is much larger 

for store 1 than for store 51). It is expected that this difference is caused by the constraints imposed on 

the models. As mentioned, infeasibility was mainly a problem encountered for smaller stores on smaller 
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sales days. The reason for this is that it is more difficult to adhere to the constraints for smaller stores. 

Due to this, also the number of feasible solution alternatives is limited and thereby the improvement 

potential of switching to the theoretical model. This belief is supported by Broekmeulen and Van 

Donselaar (2017), who stated that small stores typically show a smaller potential to reduce waste 

through improved store replenishment and execution. An explanation that is provided by Broekmeulen 

and Van Donselaar (2017) is that the majority of the waste of smaller stores is caused by the system 

parameters (e.g. the case pack size). The day level results of the stochastic discrete model for the three 

example stores, which are required for the actual ordering of daily fresh bread, are presented in 

Appendix J. 

 

7.2.3 Conclusion Recommended Ordering Model 

Concluding, using the preferred stochastic discrete model (model 3), performance can be improved at 

DSC. The improvement potential of using this model is especially large for the larger stores. For smaller 

stores, however, using the current method might be more desirable, since it is much easier to understand 

and implement and the performance differs not that much. For this reason, in the next chapters, 

improvement suggestions will be made for the current ordering method. First, however, in the next 

section, the implications of the substitution assumption will be presented. 

 

7.3 Implications Substitution Assumption 
During the modelling the assumption was made that substitution was neglectable. This assumption is 

supported by the findings of Stroo (2019). She found that substitution effects at DSC are small or 

insignificant. Moreover, it was found that, in contrast to earlier studies, substitution is not completely 

based on color: price and size are discovered to be important factors as well. An explanation for this 

finding, provided by Stroo (2019), is that DSC is a discounter. Customers visiting discounters are often 

more focused on price than customers of retailers focusing more on service. Moreover, the assortment 

of DSC is limited compared to other retailers, which limits the availability of suitable substitutes. 

Furthermore, Stroo (2019) provides another possible explanation for the small or insignificant 

substitution effects: the relatively late average out-of-stock times of products. Van Woensel et al. (2007) 

found, however, that 84% of the customers will substitute if their preferred bread product is out of stock. 

Due to these contradictory findings, the implications of the substitution assumption will be evaluated. 

 

In order to determine the implications, the expected substitution behavior should be determined. First 

of all, only substitution within a subgroup is considered, since Stroo (2019) found this effect to be 

strongest. This finding is supported by the article of Van Woensel et al. (2007). Furthermore, it is 

assumed that customers substitute from a ‘Non-Always Bread’ to an ‘Always Bread’ within the same 

subgroup. Other forms of substitution are still assumed to be neglectable (i.e. substitution between 

subgroups, substitution from an ‘Always Bread’ to a ‘Non-Always Bread’, and substitution between 

‘Always Bread’ within the same subgroup). The subgroup division that will be used is the subgroup 

division as presented in Table 1. It can be noted that for some subgroups, only one product remains 

after filtering out products that were not present during the full time span of the considered data. For 

those subgroups, no substitution within the subgroup is possible. For the following subgroups, 

substitution within the subgroup is possible: Brown Bread, White Bread, Multigrain Bread, and Whole-

Wheat Bread. 

 

In Table 12, the expected substitution behavior is presented. In case multiple ‘Always Bread’ were 

present within one subgroup, it had to be decided which products substitute to which ‘Always Bread’. 

Within the Multigrain Subgroup, two ‘Always Breads’ are present. One of the ‘Always Bread’ is a full 

loaf, the other is a half loaf. It is, therefore, decided that the ‘Non-Always’ half loaves substitute to the 

‘Always’ half loaf and that the full loaves substitute to the ‘Always’ full loaf. This is in line with Stroo 

(2019) who stated that color, price and size are factors influencing substitution. When looking into the 

Brown Bread subgroup, two ‘Always Breads’ are full loaves, and one is a half loaf. It is, therefore, 

decided that the ‘Non-Always’ half loaves substitute to the ‘Always’ half loaf. For the full loaves, one 

of the ‘Always Bread’ has seeds and the other not, it is, therefore, decided to substitute the ‘Non-

Always’ full loaves with seeds to the full ‘Always’ loaf with seeds, and the ‘Non-Always’ full loaves 
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without seeds to the full ‘Always’ loaf without seeds. Furthermore, it is assumed that only one 

substitution attempt is possible, that is, if the substitute is also no longer available the demand is 

assumed to be lost. 

 

Table 12: Expected substitution behavior. 

 

In case substitution behavior takes places as expected, and 84% of the consumers are willing to 

substitute, this has the following implications, as presented in Table 13 for store 51. 

▪ The approximated demand of the products classified as ‘Always Bread’ is lower than expected. 

The reason for this is that the observed sales of ‘Always Bread’ partly consist of substituted 

demand for ‘Non-Always Bread’ to ‘Always Bread’. 

▪ The lost sales of the ‘Non-Always Bread’ are also lower than expected. The reason for this is 

that part of the demand of people who switched to an ‘Always Bread’ when their desired ‘Non-

Always Bread’ stocked out is fulfilled by the purchase of the ‘Always Bread’. Their demand 

is, therefore, not lost. 

 

 Table 13: Implications substitution assumption for store 51. 

* Indicates ‘Always Bread’. 

  

Bread Subgroup Product Substitute 

Brown Bread 19, 20 

16 

4, 5 

17* 

9* 

13* 

White Bread 1, 2, 22 6*  

Multigrain Bread 21 

10, 11, 12 

18* 

8* 

Whole-Wheat Bread 14 15* 

Small Brown Bread 23 No substitute available 

Small White Bread 3 No substitute available 

Currant Bread 7 No substitute available 

SKU Average Realized 

Sales per day 

Average 

Approximated 
Demand 

assuming no 

substitution takes 
place 

Average 

Approximated 
Demand 

assuming 84% of 

consumers 
substitute 

Substitution to 

respective product 
assuming 84% of 

consumers 

substitute 

Lost Sales when 

assuming no 
substitution takes 

place 

Lost Sales when 

assuming 84% of 
consumers 

substitute 

1 1.996 2.426 2.426 0 0.430 0.069 

2 4.702 6.102 6.102 0 1.400 0.224 
3 5.780 6.623 6.623 0 0.844 0.135 

4 7.519 9.622 9.622 0 2.103 0.336 

5 4.375 5.304 5.304 0 0.929 0.149 
6* 10.103 11.908 9.818 2.090 1.805 1.805 

7 8.700 9.848 9.848 0 1.148 0.184 

8* 6.967 7.423 5.690 1.733 0.456 0.456 
9* 3.627 4.148 3.965 0.183 0.521 0.521 

10 7.253 8.411 8.411 0 1.158 0.185 

11 3.413 4.024 4.024 0 0.611 0.098 
12 2.449 2.744 2.744 0 0.294 0.047 

13* 20.412 22.199 19.652 2.547 1.786 1.786 

14 4.521 5.208 5.208 0 0.687 0.110 

15* 10.501 11.430 10.853 0.577 0.929 0.929 

16 3.131 3.349 3.349 0 0.218 0.035 

17* 12.448 14.901 13.645 1.257 2.454 2.454 
18* 9.834 10.672 9.951 0.721 0.838 0.838 

19 7.685 8.889 8.889 0 1.204 0.193 

20 3.228 3.520 3.520 0 0.292 0.047 
21 3.879 4.737 4.737 0 0.858 0.137 

22 4.762 5.421 5.421 0 0.659 0.105 

23 6.094 6.842 6.842 0 0.748 0.120 
Total 153.378 175.750 166.642 9.108 22.371 10.962 
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It can be noted that when substitution is present, assuming it to be neglectable causes the reorder levels 

of ‘Always Bread’ to be based on an overestimation of demand. This implies that the waste is higher, 

and the sales, the revenue, and the lost sales are lower than expected for ‘Always Bread’ when 

substitution does take place. Different reorder levels might, therefore, be obtained if substitution is 

present and included in the theoretical models. It is, however, expected that the reorder levels when 

including substitution as found at DSC are not very different. The first reason for this is that, due to the 

constraints imposed on the models by DSC, there are not many possibilities for choosing different 

ordering levels. Secondly, the implications have been presented under the assumption that 84% of the 

consumers are willing to substitute and the demand of the remaining 16% of consumers is lost. 

However, Stroo (2019) demonstrated that substitution effects at DSC are much smaller or even 

insignificant. The overestimation of demand and lost sales, under lower substitution, will therefore be 

between the approximated demand and lost sales when no substitution is assumed to take place and 

when 84% of the consumers are assumed to substitute. Finally, for three of the seven categories, no 

substitute is available. The assumption that substitution is neglectable is therefore expected not to harm 

the results too much in the case of DSC. In Appendix K, the model formulation of the stochastic discrete 

model including the expected substitution behavior is presented. This might be useful for future research 

at other retailers where substitution effects are stronger and the enforced constraints are less limiting. 
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8. Case Pack Size Analysis 
In this chapter, reducing the case pack size is tested as an alternative to improve the Auto-Dispo App 

of DSC with regard to the performance in sales, waste, and the number of out-of-stocks. It, thereby, 

contributes to answering sub-question 3: “Which other methods (i.e. changing the case pack size or 

forecasting techniques) can be used to improve the Auto-Dispo App of DSC based on the performance 

expressed in sales, waste, and the number of out-of-stocks?”. Instead of using the current case pack 

size, first the results of using a case pack size of 1, and then the results of using a case pack with half 

the size of the current case pack size are presented. To discuss the results, the same three stores have 

been selected as in the previous chapters. After this, the impact on the performance of adding a buffer 

is evaluated. First the case pack size analysis will be executed for the current ordering logic since this 

might be a simple improvement step for DSC. After this, the case pack analysis will be executed for the 

preferred theoretical model, model 3. 

 

8.1 Alternative Case Pack Sizes 
In Table 14, the results of the case pack size analysis are presented on the week level. Similarly as in 

the previous chapter, to obtain the expected sales and revenue, the obtained order levels for each case 

pack size and store were filled in in the stochastic discrete formula (12). To obtain the waste percentage, 

the obtained order levels were filled in in formula (13). Three alternative case pack sizes are explored 

for the three considered stores: the current fixed case pack size, half the current fixed case pack size, 

and ordering per piece. For modeling, the current ordering logic as implemented in the Auto-Dispo 

App, has been used. 

 

Table 14: Results summation over the 7 weekdays of day specific reorder levels and KPIs for the 

current case pack size, half the current case pack size, and a case pack size of 1. 𝑠𝑖
∗= summation of day 

specific optimal reorder levels over the 7 weekdays for SKU i. 

  
 Store 1  

Current 

Size 

Store 1 
Half 

Current 

Size  

Store 1  
Q=1 

Store 25 
Current 

Size 

Store 25  
Half 

Current 

Size 

Store 25 
Q=1  

Store 51 
Current 

Size  

Store 51 
Half 

Current 

Size 

Store 51 
Q=1  

𝑠1
∗ 38.84 38.46 38.34 16.61 14.49 14.23 16.07 14.77 14.25 

𝑠2
∗ 62.30 61.29 60.99 32.15 22.72 21.69 34.11 33.66 33.01 

𝑠3
∗ 66.90 67.20 66.71 35.99 32.06 31.20 42.46 41.33 40.37 

𝑠4
∗ 72.66 71.74 71.39 33.10 29.20 28.50 52.79 51.93 51.60 

𝑠5
∗ 48.55 47.46 46.96 27.96 26.90 26.59 31.67 31.36 31.08 

𝑠6
∗ 214.23 209.24 205.42 42.75 39.42 36.39 87.43 83.63 80.35 

𝑠7
∗ 220.41 219.74 219.34 52.98 51.63 50.74 59.83 59.49 59.01 

𝑠8
∗ 135.86 131.45 126.91 43.42 40.13 35.76 56.45 53.63 50.32 

𝑠9
∗ 61.86 59.50 57.23 26.29 23.82 21.10 29.50 27.57 25.55 

𝑠10
∗  95.44 95.65 95.52 35.76 34.40 31.14 53.19 52.40 51.96 

𝑠11
∗  40.96 41.28 41.00 19.20 19.27 19.27 25.04 24.53 24.64 

𝑠12
∗  38.63 38.55 38.59 16.58 17.31 16.79 18.54 17.48 17.72 

𝑠13
∗  233.83 228.63 224.74 82.49 78.41 75.32 153.75 148.97 145.37 

𝑠14
∗  77.11 76.10 75.50 32.89 29.10 28.10 34.28 32.92 32.13 

𝑠15
∗  186.74 181.30 176.86 66.44 63.57 60.23 82.60 79.19 75.42 

𝑠16
∗  37.13 36.77 36.47 25.62 23.12 22.54 25.71 23.10 22.64 

𝑠17
∗  150.85 147.56 145.24 60.60 57.10 54.13 93.95 91.38 88.98 

𝑠18
∗  179.34 176.09 172.80 50.73 47.72 45.06 76.07 73.78 70.96 

𝑠19
∗  91.57 91.43 90.99 38.13 37.86 37.51 54.78 54.24 54.27 

𝑠20
∗  42.39 41.98 41.85 24.95 21.46 21.53 24.23 22.80 22.07 

𝑠21
∗  68.12 68.07 68.08 27.30 25.56 25.23 29.01 28.63 28.14 

𝑠22
∗  78.49 78.84 78.22 32.80 27.59 26.66 35.81 34.46 33.64 

𝑠23
∗  99.66 98.93 99.16 34.55 31.35 31.25 43.05 43.23 42.78 

∑ Expected Lost 

Sales 

344 357 371 142 167 178 215 231 244 

∑ Expected 

Revenue (€) 

2195 2183 2170 727 702 691 1028 1013 999 

∑ Expected Sales 2109 2096 2083 699 674 662 1009 994 980 

Expected 

Realized Waste 

(%) 

10.10 9.27 8.69 19.51 15.77 13.88 13.23 11.84 10.72 
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Table 15: The average percentage change compared to the current fixed case pack size over the three 

stores per KPI for the two alternative case pack sizes. 

 

 

 

 

To get better insight in the performance of the different case pack sizes, the average percentage change 

over the three stores per KPI is presented in Table 15. The average percentage change when setting half 

the current size as the fixed case pack size, and the average percentage change when setting the fixed 

case pack size to 1, for each KPI, have been calculated as follows: 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 % 𝐶ℎ𝑎𝑛𝑔𝑒 𝐻𝑎𝑙𝑓 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑖𝑧𝑒 =  
(𝐾𝑃𝐼 𝐻𝑎𝑙𝑓 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑖𝑧𝑒−𝐾𝑃𝐼 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑖𝑧𝑒)

𝐾𝑃𝐼 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑖𝑧𝑒
∗ 100%  (54) 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 % 𝐶ℎ𝑎𝑛𝑔𝑒 𝑄1 =  
(𝐾𝑃𝐼 𝑄1−𝐾𝑃𝐼 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑖𝑧𝑒)

𝐾𝑃𝐼 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑖𝑧𝑒
∗ 100%      (55) 

 

It can be noted in Table 15, that for three of the four KPIs (expected lost sales, expected revenue, and 

the expected sales) the performance decreases after a reduction of the case pack size. For the expected 

realized waste, an increased performance can be observed. These results were in line with the 

expectations. Therefore, while using the current model, it is only desirable to reduce the case pack size 

if the priority is to reduce waste. If any of the other KPIs has priority, it is not desirable to reduce the 

case pack size. 

 

8.2 Adding Buffer Percentage 

The decreased performance can possibly be explained by the presence of a safety stock when using a 

fixed case pack size. The current method does not account for uncertainty in demand. Therefore, if the 

demand is higher than forecasted, using smaller case pack sizes can result in lost sales and, therefore, 

also a lower revenue and lower sales. Contrarily, the theoretical models 2 and 3, developed in sub-

question 2, do take into account stochasticity of the demand. Therefore, those models already take into 

account the demand uncertainty when selecting their optimal reorder levels. When a safety stock is 

added by having a fixed case pack size, this partly buffers for the uncertainty. However, adding a safety 

stock using a fixed case pack size does not result in a constant safety stock level and, therefore, does 

not provide a constant service level. Therefore, it will be additionally tested if a buffer can be added 

when ordering per piece, to see if, in this way, the performance can be improved. Buffering until 10%, 

with increments of 1%, is tested. 

 

The results for each of the example stores have been obtained and are presented in Table 16, Table 17, 

and Table 18. It can be noted in Table 16 that for store 1, it is optimal to add a buffer of 3%. By adding 

a buffer of 3% performance can be improved on all KPIs, compared to when orders have to be a multiple 

of the fixed case pack size. In case a buffer percentage smaller than 3% is chosen for store 1, the 

performance can be improved on the KPI waste. The performance on the other KPIs, however, 

decreases. In case a buffer percentage larger than 3% is chosen, the performance is decreased on the 

KPI waste, but the performance can be improved on the other three KPIs. In Table 17, it can be noted 

that for store 25, it is optimal to add a buffer of 10%, and in Table 18, it can be noted that for store 51, 

it is optimal to add a buffer of 6%. By adding those buffer percentages, performance can be improved 

on all KPIs: the expected lost sales and expected waste can be decreased, while the expected sales and 

expected revenue can be increased, compared to the fixed case pack size scenario. Silver, Pyke, and 

Peterson (1998) noted that often the relative demand uncertainty decreases if the average demand 

increases. For store 1, the average bread demand is highest, reducing the demand uncertainty, and 

thereby the need for buffering. As expected, therefore, the larger stores require a lower buffer 

percentage than smaller stores. 

 

KPI Average % Change Half 
Current Size 

Average % Change Q=1 

Expected Lost Sales +7.62 +13.08 

Expected Revenue -1.31 -2.26 

Expected Sales -1.40 -2.40 

Expected Realized Waste (%) -1.98 percentage point -3.18 percentage point 
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Table 16: The average percentage change compared to the current fixed case pack size for store 1 per 

KPI for the different buffering percentages. 

 

Table 17: The average percentage change compared to the current fixed case pack size for store 25 per 

KPI for the different buffering percentages. 

 

Table 18: The average percentage change compared to the current fixed case pack size for store 51 per 

KPI for the different buffering percentages. 

 

Additionally, it is determined which buffer percentage should be set in case DSC prefers to set an equal 

buffer percentage for all of its stores supplied by RDC2. This has been done by taking into account the 

representativeness of the example stores. Recall that store 1 is the largest store in terms of bread sales 

in pieces and that this store is representative for 15% of the stores supplied by RDC2. Furthermore, 

store 25 is the smallest store in terms of bread sales in pieces and is representative for 5% of the stores 

supplied by RDC2. Finally, store 51 is the median store in terms of bread sales in pieces and is 

representative for 80% of the store supplied by RDC2. Having those percentages, the weighted average 

percentage change for the different buffering percentages have been obtained and are presented in Table 

19. It can be noted in Table 19 that it is desirable to set this buffer percentage at 6%. With this buffer 

percentage, on average, the performance can be improved on all KPIs. Alternatively, adding a buffer of 

5% would also improve performance. 

 

Table 19: The weighted average percentage change compared to the current fixed case pack size of the 

three stores per KPI for the different buffering percentages. 

 

The current method does, however, not guarantee an increased service level for the ‘Always Bread’, 

since ordering per piece implies that the ‘Always Bread’ is rounded to a whole bread, instead of a case 

pack. Furthermore, a maximal waste percentage of 10% is also not guaranteed. It is important to note 

that this waste percentage could also not be guaranteed when ordering with the current fixed case pack 

size. DSC has two main reasons against switching to ordering per piece. First of all, ordering per piece 

increases the handling costs both at DSC and at the bakery, which implies that the purchasing price 

increases. Furthermore, it is possible that the total order quantity decreases when ordering per piece is 

allowed. This weakens the negotiation position. It is therefore decided to look into the effect on the 

reorder levels when allowing ordering per piece and setting individual buffer percentages for each of 

KPI Buffer 
0% 

Buffer 
1% 

Buffer 
2% 

Buffer 
3% 

Buffer 
4% 

Buffer 
5% 

Buffer 
6% 

Buffer 
7% 

Buffer 
8% 

Buffer 
9% 

Buffer 
10% 

Expected Lost Sales +7.56 +3.58 +0.81 -2.99 -6.37 -9.64 -12.46 -15.70 -18.27 -21.56 -24.28 

Expected Revenue -1.15 -0.53 -0.07 +0.56 +1.11 +1.65 +2.11 +2.66 +3.09 +3.64 +4.08 

Expected Sales -1.23 -0.58 -0.13 +0.49 +1.04 +1.58 +2.04 +2.57 +2.98 +3.52 +3.97 
Expected Realized 

Waste (%) 

-1.40 pp -0.98 pp -0.63 pp -0.20 pp +0.19 pp +0.62 pp +1.02 pp +1.46 pp +1.86 pp +2.26 pp +2.68 pp 

KPI Buffer 
0% 

Buffer 
1% 

Buffer 
2% 

Buffer 
3% 

Buffer 
4% 

Buffer 
5% 

Buffer 
6% 

Buffer 
7% 

Buffer 
8% 

Buffer 
9% 

Buffer 
10% 

Expected Lost Sales +25.92 +20.51 +19.44 +17.01 +13.35 +10.90 +9.43 +7.02 +4.43 -0.86 -3.17 

Expected Revenue -4.90 -3.88 -3.65 -3.18 -2.39 -1.88 -1.59 -1.12 -0.57 +0.49 +0.98 

Expected Sales -5.26 -4.16 -3.94 -3.45 -2.71 -2.21 -1.91 -1.42 -0.90 +0.17 +0.64 
Expected Realized 

Waste (%) 

-5.63 pp -5.04 pp -4.87 pp -4.51 pp -4.08 pp -3.72pp -3.48 pp -3.16 pp -2.78 pp -2.18 pp -1.81 pp 

KPI Buffer 
0% 

Buffer 
1% 

Buffer 
2% 

Buffer 
3% 

Buffer 
4% 

Buffer 
5% 

Buffer 
6% 

Buffer 
7% 

Buffer 
8% 

Buffer 
9% 

Buffer 
10% 

Expected Lost Sales +13.45 +9.43 +7.64 +5.39 +2.86 -0.25 -1.90 -5.90 -7.95 -12.18 -14.47 

Expected Revenue -2.78 -1.96 -1.59 -1.11 -0.57 +0.09 +0.43 +1.24 +1.69 +2.65 +3.14 

Expected Sales -2.87 -2.01 -1.63 -1.15 -0.61 +0.05 +0.40 +1.26 +1.69 +2.60 +3.09 
Expected Realized 

Waste (%) 

-2.50 pp -1.99 pp -1.73 pp -1.43 pp -1.11 pp -0.69 pp -0.41 pp +0.03 pp +0.36 pp +0.97 pp +1.32 pp 

KPI Buffer 

0% 

Buffer 

1% 

Buffer 

2% 

Buffer 

3% 

Buffer 

4% 

Buffer 

5% 

Buffer 

6% 

Buffer 

7% 

Buffer 

8% 

Buffer 

9% 

Buffer 

10% 

Expected Lost Sales +12.57 +8.46 +6.47 +3.87 +1.11 -2.01 -3.91 -7.70 -9.87 -13.93 -16.31 

Expected Revenue -2.39 -1.62 -1.23 -0.71 -0.16 +0.46 +0.83 +1.56 +2.01 +2.86 +3.33 

Expected Sales -2.50 -1.69 -1.29 -0.77 -0.22 +0.40 +0.78 +1.53 +1.97 +2.78 +3.25 

Expected Realized 

Waste (%) 

-2.49 pp -1.99 pp -1.72 pp  -2.04 pp -1.06 pp -0.64 pp -0.34 pp +0.09 pp +0.43 pp +1.00 pp +1.37 pp 
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the stores. For store 1, the total reorder level increases when allowing ordering per piece and adding a 

buffer percentage. For store 51, the total reorder level slightly increases, and for store 25 ordering per 

piece reduces the total reorder levels. When considering the total of the three stores, a decrease of less 

than 0.1% is found. When taking again the representativeness of the stores into account by taking the 

weighted average, an increase of less than 0.1% is found. It is, therefore, concluded that adding a buffer 

percentage improves performance compared to the current performance. 

 

8.3 Ordering per piece Stochastic Discrete Model 

In addition to comparing the performance of adding a buffer percentage to the performance of the 

current method, it is also interesting to compare the performance against the preferred theoretical model. 

Therefore, the performance of the current method including a buffering percentage of 3% for store 1 

and the performance of the current method including a buffering percentage of 6% for store 51, is 

visualized in Figure 10. For store 1, it can be noted that the inclusion of a buffer percentage (model 5) 

results in an improved performance compared to the current model (model 4). Model 3, the stochastic 

discrete model, is, however, still the preferred model. For store 51 it can be noted that the inclusion of 

a buffer percentage (model 5) results in a performance that is the same as the stochastic discrete model. 

 

On the presented stochastic discrete model, however, still the constraint on the fixed case pack is 

imposed. To see the improvement potential of this model, and therefore to be able to make a fair 

comparison, also the constraint of the fixed case pack should be relaxed for the theoretical stochastic 

discrete model. As mentioned, no buffering is required for this model, since stochasticity is already 

included. The performance of the theoretical stochastic discrete model when ordering per piece is 

allowed, is visualized in Figure 10 (model 3b). It can be noted that by relaxing the fixed case pack size 

constraint, the efficient frontier can be shifted and that thereby also the improvement potential of 

switching to the theoretical model increases (i.e. the distance between the current method and the 

developed theoretical model increases). With the new efficient frontier, DSC can decide to either reduce 

waste or to increase the revenue or a combination of the two. Furthermore, it can be noted that the 

improvement potential of relaxing the fixed case pack size differs for stores. Figure 10 shows that the 

improvement potential for store 51 is larger. It is expected that this is caused by the larger effect the 

fixed case pack size has on smaller stores. Due to this, without relaxing the fixed case pack size, not 

much improvement potential is possible for smaller stores, because the number of solution alternatives 

that are feasible is limited. Finally, it can be noted that the improvement potential decreases when the 

allowed waste percentage increases. If a higher waste percentage is allowed, the limiting impact of the 

fixed case pack sizes is smaller. The week level results for the KPIs and the reorder levels when having 

a target waste level of 10% and allowing ordering per piece within the stochastic discrete model are 

presented in Table 36 of Appendix L. Based on the week level KPIs presented in Table 36 of Appendix 

L for model 3b and the week level KPIs as presented in Table 11 for the current ordering logic, the 

improvement potential on the KPI expected scaled revenue can be calculated. The improvement 

potential of the expected revenue of store 1 is approximately 7.2%. The improvement potential of the 

expected revenue of store 51 is approximately 7.6%. For store 51, this, however, implies that the 

expected waste percentage is above 10%. In Figure 10, it can be noted that an alternative for DSC is to 

reduce the waste percentage to 10% and to have a comparable revenue as with the current ordering 

logic. A combination of waste reduction and revenue increasement is also possible. 

 

Finally, it can be noted that relaxing the fixed case pack constraint has a different impact on the current 

model and the stochastic discrete model (i.e. the distance between the points representing the 

performance of model 4 and model 5 is smaller than the distance between the two efficient frontiers). 

This can be explained by the fact that the current ordering model does not impose a waste constraint on 

the solution. In the previous section, it was already explained that the improvement potential of applying 

model 3b decreases when the allowed waste percentage increases. This since the limiting impact of the 

fixed case pack sizes is smaller when allowing a higher waste percentage. 
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Figure 10: Efficient frontiers of the stochastic discrete model with the current case pack size (model 

3), the stochastic discrete model when ordering per piece (model 3b), the current model (model 4), and 

the current model when ordering per piece and applying a buffer percentage of 3% at store 1 and a 

buffer percentage of 6% at store 51 (model 5). 

 

8.4 Conclusion Case Pack Analysis 

Concluding, by relaxing the fixed case pack size constraint and adding a buffer percentage, the 

performance of the current model can be improved. A larger improvement potential is, however, 

possible when relaxing the fixed case pack size constraint and switching to the proposed stochastic 

discrete model. This does come with added complexity. Therefore, if DSC prefers to keep using the 

current ordering method, it is recommended to add a buffer percentage of 3% for store 1, and a buffer 

percentage of 6% for store 51. In this way, the performance can be improved on all KPIs. To make a 

final decision, DSC should evaluate whether the improvement potential provided by the proposed 

measures compensates for the additional costs of ordering per piece and the added complexity. 
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9. Alternative Forecasting Technique 
In this chapter, using an alternative forecasting technique is tested as an alternative to improve the Auto-

Dispo App of DSC, based on the performance in sales, waste, and the number of out-of-stocks. It, 

thereby, helps to answer sub-question 3: “Which other methods (i.e. changing the case pack size or 

forecasting techniques) can be used to improve the Auto-Dispo App of DSC based on the performance 

expressed in sales, waste, and the number of out-of-stocks?”. It will be explored whether using an 

approximation of demand instead of the sales data will result in improved performance. 

 

9.1 Forecasting Based on Approximated Demand 

The results of using the approximated demand as reference moments instead of using the sales as 

reference moments on the week level are presented in Table 20. Table 20 shows that using the 

approximated demand has the potential to decrease the expected lost sales, to increase the expected 

revenue and to increase the expected sales. This comes, however, at the expense of increased expected 

waste percentages. This result is to be expected, since the current forecast based on the sales is an 

underestimation of the actual demand. Due to this, the orders will typically be smaller, resulting in the 

observed expected performance. The percentage changes when using the current case pack size, which 

are obtained by ordering based on the demand as reference moment instead of the sales, are presented 

in Table 21. 

 

Table 20: Results summation over the 7 weekdays of day specific reorder levels and KPIs for 3 example 

stores for the current case pack size when ordering using the sales as reference moment compared to 

using the demand approximation as reference moment. 𝑠𝑖
∗= summation of day specific optimal reorder 

levels over the 7 weekdays for SKU i. 

  

 Store 1  
Reference 

Sales 

Store 1  
Reference 

Demand 

Store 25  
Reference 

Sales 

Store 25  
Reference 

Demand 

Store 51  
Reference 

Sales 

Store 51  
Reference 

Demand 

𝑠1
∗ 38.84 43.06 16.61 17.47 16.07 17.88 

𝑠2
∗ 62.30 67.33 32.15 32.43 34.11 41.77 

𝑠3
∗ 66.90 71.45 35.99 36.85 42.46 45.74 

𝑠4
∗ 72.66 77.37 33.10 37.16 52.79 66.51 

𝑠5
∗ 48.55 52.17 27.96 31.53 31.67 36.38 

𝑠6
∗ 214.23 219.08 42.75 50.53 87.43 95.54 

𝑠7
∗ 220.41 226.31 52.98 57.42 59.83 66.83 

𝑠8
∗ 135.86 144.64 43.42 47.89 56.45 65.83 

𝑠9
∗ 61.86 71.68 26.29 31.63 29.50 37.23 

𝑠10
∗  95.44 104.49 35.76 38.85 53.19 59.06 

𝑠11
∗  40.96 45.57 19.20 19.49 25.04 27.48 

𝑠12
∗  38.63 42.77 16.58 17.35 18.54 19.38 

𝑠13
∗  233.83 238.79 82.49 91.30 153.75 165.52 

𝑠14
∗  77.11 81.05 32.89 32.89 34.28 36.62 

𝑠15
∗  186.74 195.31 66.44 80.22 82.60 94.44 

𝑠16
∗  37.13 39.95 25.62 26.15 25.71 26.01 

𝑠17
∗  150.85 164.65 60.60 74.26 93.95 114.40 

𝑠18
∗  179.34 190.17 50.73 57.88 76.07 86.54 

𝑠19
∗  91.57 97.73 38.13 41.81 54.78 60.42 

𝑠20
∗  42.39 47.56 24.95 25.06 24.23 24.96 

𝑠21
∗  68.12 75.54 27.30 30.84 29.01 32.14 

𝑠22
∗  78.49 90.17 32.80 30.90 35.81 37.99 

𝑠23
∗  99.66 108.26 34.55 36.27 43.05 45.89 

∑ Expected Lost Sales 344 261 142 108 215 152 

∑ Expected Revenue 
(€) 

2195 2285 727 759 1028 1089 

∑ Expected Sales 2109 2192 699 732 1009 1072 

Expected Realized 
Waste (%) 

10.10 12.31 19.51 23.62 13.23 18.13 
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Table 21: Average percentage change when ordering based on approximated demand reference 

moments compared to ordering with current fixed case pack sizes based on sales reference moments 

over the three stores per KPI for the two alternative case pack sizes. 

 

 

 

 

To evaluate the performance of using an alternative forecasting technique (model 6) with the preferred 

theoretical model (model 3), the current model (model 4), and the current model including different 

buffering percentages (model 5), the performance of using an alternative forecasting technique is 

visualized in Figure 11. In Figure 11, it can be noted that both a point marker and a dashed line have 

been used. The point marker indicates the performance of the different variants of the current model. 

The dashed line extrapolates the performance of these models to facilitate comparison. For store 1, it 

can be noted that a slight improvement in performance is possible compared to the current model. The 

other suggested models have, however, a larger improvement potential. For store 51, it can be noted 

that the alternative forecasting technique does not improve performance. It is expected that the fixed 

case pack sizes already provide a buffer with which the underestimation of demand is compensated. By 

forecasting based on the expected demand instead of the sales, the forecasting will be higher which can 

increase the revenue, but also increases the waste. This method is therefore not recommended for the 

smaller stores. Concluding, using an approximation of demand as reference moment instead of the sales, 

performance can be improved for larger stores. The other suggested methods have, however, a larger 

improvement potential. 

 

Figure 11: Inclusion efficient frontier store 1 and efficient frontier store 51 when using a demand 

approximation as reference moment instead of the sales. + Indicates the actual performance of the 

model, where the dashed line indicates the extrapolated performance. 

  

KPI Average Change Current 
Size 

Expected Lost Sales -25.63% 

Expected Revenue +4.62% 

Expected Sales +4.71% 

Expected Realized Waste (%) +3.74 percentage point 
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Part IV: Conclusions and Recommendations 

10. Conclusions 
In this chapter, the main findings of this Master’s Thesis are presented. Based on the answers obtained 

for the sub-questions, the main research question will be answered. Furthermore, the contributions to 

literature will be discussed as well as the limitations of this Master’s Thesis and directions for future 

research. 

 

10.1 Answering Research Question 
Throughout the report, the three sub-questions have already been answered. A short summary of those 

answered will be provided in order to answer the main research question: 

 

Which improvement suggestions can be made for the automatic ordering system (Auto-Dispo App) of 

daily fresh bread at a Dutch Supermarket Chain? 

 

First, the performance of the ordering logic underlying the semi-automatic bread ordering system of 

RDC2 and the Auto-Dispo App had to be evaluated in terms of the deseasonalized sales, the 

deseasonalized waste, and the number of out-of-stocks. Performance seems to have decreased in terms 

of lost sales and sales, and performance seems to have improved in terms of waste. However, this 

conclusion has to be interpreted with caution, since part of the found effect could not be explained due 

to the uncontrolled environment in which the experiment was conducted. Even though there might have 

been a slight decrease in performance, the semi-automatic bread ordering system and the Auto-Dispo 

App provide cost savings due to decreased labor within the stores. After evaluating the performance, 

three multi-item models have been developed, each making different simplifying assumptions to 

improve the performance of the current system. When comparing the performance of the theoretical 

models, as well as the understandability, model 3 (the stochastic discrete model) is recommended. When 

comparing the performance of the stochastic discrete model to the current ordering method, it can be 

noted that, especially for the larger stores, quite some improvement is possible. For the smaller stores 

the improvement potential is smaller. For this reason, two improvement suggestions were explored for 

the current ordering method: changing the fixed case pack size and applying an alternative forecasting 

technique. Changing the fixed case pack size to half the current case pack size or to a size of 1 does not 

improve the performance of the current ordering method. However, when adding a buffer percentage 

of, on average, 6% to the order size of 1, the average performance of the current ordering method can 

be improved on all the set KPIs: the expected sales, the expected waste percentage, the expected lost 

sales, and the expected revenue. Larger improvements are, however, possible by setting a specified 

buffering percentage per store. It is thereby advisable to set lower buffering percentages for larger stores 

and higher buffering percentages for smaller stores. The largest improvement potential is, however, 

possible by switching to the stochastic discrete model and allowing ordering per piece. Furthermore, as 

alternative forecasting technique, it is suggested to use an approximation of demand instead of the sales 

data as reference moment. Using the alternative forecasting technique has the potential to improve 

performance in terms of expected sales, expected revenue, and expected lost sales. Performance 

decreases, however, in terms of the expected waste percentage. This method does, however, provide 

the lowest improvement potential. 

 

10.2 Contributions to Literature 

In this section, the contributions of this Master’s Thesis to literature are described. Raman and Zotteri 

(2000) mentioned that in spite of the importance of estimating demand and lost sales, relatively little 

attention has been paid to these topics in academic literature. Especially the potential to exploit real-

time sales and inventory data remains unused. Additionally, Van de Laar (2018) mentioned that selling-

out-times were not included in her Thesis, but that they provide valuable information since they can 

show potential lost sales. This Master’s Thesis contributes to literature by presenting a simple demand 

and lost sales approximation procedure. The developed approximation method uses the last sales time 

to approximate the number of lost sales, and thereby also the demand. Raman and Zotteri (2000), 
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furthermore, mentioned that most papers that have studied approximating demand and lost sales, have 

failed to explain how they can accommodate non-stationary demand. In this Master’s Thesis, this is 

taken into account by calculating a factor for each hour and each weekday. In this way, although 

stationarity is assumed per hour, non-stationarity between weekdays and time of the days is addressed. 

Furthermore, this Master’s Thesis contributes to literature by designing two stochastic multi-item 

inventory models. One of the models assumes discrete demand, whereas the other model assumes 

continuous demand. The need to develop stochastic multi-item models was highlighted by the literature 

review of Balvers (2019). By developing stochastic multi-item models, real-world conditions are more 

accurately resembled. 

 

Finally, this Master’s Thesis contributes to literature about daily fresh bread, which is limited, due to 

the different assortment size and shorter shelf life of bread in the Netherlands. This research contributes 

by developing three theoretical ordering models for daily fresh bread, which focus on revenue 

maximization under a waste constraint, instead of focusing on profit maximization. Van Woensel et al. 

(2007) suggested to extend the inventory control towards perishable items in order to improve ASO 

systems. Moreover, Van Woensel et al. (2007) mentioned that the one-period multi-item newsboy 

problem with substitution as developed by Mahajan and Van Ryzin (2001) applies to the ordering of 

daily fresh bread. The objective of the one-period multi-item newsboy problem with substitution is, 

however, profit maximization, instead of revenue maximization. The three theoretical models can, 

therefore, be applied when the objective is to maximize revenue instead of maximizing profit. By 

including a maximum waste percentage, furthermore, sustainability is taken into account, which has 

been indicated as an important research topic in the literature review of Balvers (2019), due to the high 

social relevance of this topic. 

 

10.3 Limitations and Future Research 

Even though this research provides some valuable opportunities for DSC to optimize its performance, 

some limitations have to be taken into account. Furthermore, directions for future research are provided. 

The first limitations are related to the scope defined for executing this research. First of all, the research 

is performed for a subset of the stores of DSC: the stores supplied by RDC2. It should, therefore, be 

validated if the same results are obtained at the stores of the other RDCs of DSC. Secondly, the research 

is performed for a subset of the products sold by DSC. Validation of the results for the other products 

is, therefore, required. Additionally, the research is only executed for normal selling weeks. This implies 

that promotional weeks, as well as holidays, have been excluded. Performance of the different models 

during promotion weeks and holidays remains, therefore, unknown. Future research could focus on 

evaluating the performance during promotion weeks and holidays. Moreover, it would be interesting to 

test if similar results could be retrieved at different retailers. 

 

Furthermore, as mentioned in the previous section, the conclusions for sub-question 1 have to be 

interpreted with caution due to the uncontrolled environment in which the research was conducted. 

Sales are influenced by a wide variety of factors, whose effects could not all be isolated. It is, therefore, 

important to evaluate performance over multiple KPIs. Furthermore, the actual performance of the 

Auto-Dispo App could not be evaluated since the application was still under development and some 

bugs were encountered during the execution of this research. The conclusions are, therefore, drawn 

based on the performance of the semi-automatic bread ordering system. Although both systems have 

the same underlying ordering logic, small differences are present. Future research should, therefore, test 

if the Auto-Dispo App is performing as expected, when the bugs are removed. 

 

Thirdly, a limitation is the use of a demand approximation. In this research, a method has been 

developed to approximate demand. By using this approximation, a constant underestimation of demand 

is prevented, which is present when using sales data as reference moment. It should, however, be noted 

that it still remains an approximation. Although the method of approximating demand is based on the 

same assumptions of Raman and Zotteri (2000), it has not been applied before. Therefore, future 

research should validate the demand approximation method for other stores and other products. 
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Another limitation is the fact that the models are developed under the assumption that substitution is 

neglectable, although it was shown that the implications of this assumption for DSC are limited. 

Including substitution in future research is desirable, since stronger substitution effects are typically 

encountered at other retailers, which might not be considered neglectable. 

 

Finally, it should be noted that the local knowledge of the supply chain employee ordering bread is not 

included in this research. Often the employee ordering the bread makes changes to the order advice, 

based on local knowledge such as a store closure of a competitor. It would be interesting to evaluate the 

added value of including the knowledge of the supply chain employee. Furthermore, the current method 

is more responsive, whereas the developed theoretical models provide a robust order advice based on 

the considered data. It would, therefore, be interesting to evaluate the performance of the developed 

theoretical models when they are updated with newly available information. 
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11. Recommendations 
In this chapter, the recommendations that can be made to DSC are presented. The following 

recommendations can be made to DSC: 

 

▪ Consider the trade-off between the (expected) lost sales, the (expected) waste, and the 

(expected) sales when deciding on the desirability of measures. By considering this trade-off 

instead of just the sales, a fairer evaluation is possible, since sales are typically influenced by a 

wide variety of factors. Although further validation of the proposed lost sales and demand 

approximation method is required, this approximation method can serve as a good starting 

point. 

▪ Reevaluate the constraints imposed on small stores for days with typical low sales (i.e. 

Mondays, Tuesdays, Wednesdays, Thursday, and Sundays). In those cases, some of the 

developed theoretical models were found to be infeasible. By setting higher target waste levels, 

orders could be obtained, but for Sundays this would imply a large increase in expected waste. 

For small stores on Sundays, it is therefore desirable to consider alternatives. An alternative 

that can be tested is the use of a smaller assortment. Furthermore, alternatives that can be tested 

are not requiring a higher service level for ‘Always Bread’, or reducing the required fixed case 

pack size to a size of 1. Changing the required fixed case pack size to a size of 1, should, 

however, only be done if the objective is to reduce the expected waste percentage, otherwise 

adding a buffer percentage is recommended. For the larger stores and the large sales days the 

imposed constraints do not form a problem. 

▪ Evaluate whether the reported improved performance (i.e. approximately 7% extra revenue) 

when using the stochastic discrete model and allowing ordering per piece compensates for the 

added complexity and the increased purchasing costs. It is known that the purchasing price per 

loaf is higher when ordering per piece than when ordering in fixed case packs. The exact 

purchasing prices were, however, not available for this research. DSC should, therefore, 

evaluate this trade-off. In case DSC prefers to keep working with the simpler current ordering 

model, improvements can be made by allowing ordering per piece and adding a specified 

buffering percentage. Again, DSC should evaluate if improvement potential outweighs the 

increased purchasing costs. 

▪ Consider the approximated demand when ordering. The current ordering logic is based on sales 

data. By also considering an approximation of the demand, underestimation of demand can be 

prevented. 

▪ Evaluate the importance of the imposed constraints. The current ordering logic does not 

guarantee an expected waste percentage of 10%. Furthermore, the current ordering logic does 

not provide a constant service level for ‘Always Bread’. However, the current ordering logic is 

much easier to implement. It should, therefore, be evaluated how important it is for DSC to 

fulfill the constraints. If the ordering levels really need to fulfill the imposed constraints, it is 

advisable to use the more complex theoretical model 3: the stochastic discrete model. 

Furthermore, in case the theoretical model 3 is selected, the model should be updated if new 

demand information becomes available. 
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Appendices 
Appendix A – Deseasonalization Procedure 
Deseasonalization of the sales and waste data is required to account for the strong weekly sales pattern 

present at Dutch supermarkets. The ‘season’ that is considered here is the week pattern. Consequently, 

all seven weekdays are considered as a ‘season’. In the upcoming sections of this appendix, the formulas 

will be presented to determine the deseasonalized sales and waste on the SKU-store level. 

 

First, the average sales on the SKU-store level are determined per weekday (w) for each SKU (i) and 

each store (s). Since on some days stores are closed and on other days certain SKUs are not part of the 

assortment, it has been decided to take the average of the days (d) on which an item was part of the 

assortment and the store was opened. This was done because these days would have zero sales by 

default, which would skew the average. The number of days on which a SKU was part of the assortment 

and the store was opened is represented by D. Therefore, 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑆𝑎𝑙𝑒𝑠 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠 =
∑ 𝑆𝑎𝑙𝑒𝑠 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠,𝑑

𝐷
𝑑=1

𝐷
      (1) 

 

To be able to see if sales on a certain weekday are higher or lower than average, also the average sales 

per day have to be calculated. Therefore, 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑎𝑖𝑙𝑦 𝑆𝑎𝑙𝑒𝑠𝑖,𝑠 =  
∑ 𝐷𝑎𝑖𝑙𝑦 𝑆𝑎𝑙𝑒𝑠𝑖,𝑠

𝐷
𝑑=1

𝐷
       (2) 

 

Based on the average daily sales and the average sales on a certain weekday, a sales deseasonalization 

factor can be calculated for each weekday-store-SKU combination. The sum of the sales 

deseasonalization factors for each store-SKU combination should be 7, since all weekdays are included 

in the research. For the 12 stores that were closed on Sundays during the whole period of 2018-2019, 

there is an exception. For those stores the sales deseasonalization factors should sum up to 6. Therefore, 

 

𝑆𝑎𝑙𝑒𝑠 𝐷𝑒𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠 =  
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑆𝑎𝑙𝑒𝑠 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑎𝑖𝑙𝑦 𝑆𝑎𝑙𝑒𝑠𝑖,𝑠
   (3) 

 

To obtain the deseasonalized sales for each day on which an item was part of the assortment and the 

store was opened, the sales on the respective day should be divided by the sales deseasonalization factor 

of the respective weekday. Therefore, 

 

𝐷𝑒𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑑 =
𝑆𝑎𝑙𝑒𝑠𝑤,𝑖,𝑠,𝑑

𝑆𝑎𝑙𝑒𝑠 𝐷𝑒𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠
    (4) 

 

Similarly, to deseasonalize the waste data, first the average waste on the SKU-store level is determined 

per weekday for each SKU and each store. Again, it has been decided to take the average of the days 

on which an item was part of the assortment and the store was opened to account for days which would 

have zero waste by default. Therefore, 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑊𝑎𝑠𝑡𝑒 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠 =
∑ 𝑊𝑎𝑠𝑡𝑒  𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠,𝑑

𝐷
𝑑=1

𝐷
     (5) 

 

To be able to see if waste on a certain weekday are higher or lower than average, also the average waste 

per day has to be calculated. Therefore, 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑎𝑖𝑙𝑦 𝑊𝑎𝑠𝑡𝑒𝑖,𝑠 =  
∑ 𝐷𝑎𝑖𝑙𝑦 𝑊𝑎𝑠𝑡𝑒𝑖,𝑠

𝐷
𝑑=1

𝐷
       (6) 
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Based on the average daily waste and the average waste on a certain weekday, a waste deseasonalization 

factor can be calculated for each weekday-store-SKU combination. The sum of the waste 

deseasonalization factors for each store-SKU combination should be 7, since all weekdays are included 

in the research. Again, there is an exception for the 12 stores closed on Sundays. For those stores the 

waste deseasonalization factors should sum up to 6. Therefore, 

 

𝑊𝑎𝑠𝑡𝑒 𝐷𝑒𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠 =  
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑊𝑎𝑠𝑡𝑒 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑎𝑖𝑙𝑦 𝑊𝑎𝑠𝑡𝑒𝑖,𝑠
   (7) 

 

To obtain the deseasonalized waste for each day on which an item was part of the assortment and the 

store was opened, the waste on the respective day should be divided by the deseasonalization factor of 

the respective weekday. Therefore, 

 

𝐷𝑒𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑒𝑑 𝑊𝑎𝑠𝑡𝑒𝑤,𝑖,𝑠,𝑑 =
𝑊𝑎𝑠𝑡𝑒𝑤,𝑖,𝑠,𝑑

𝑊𝑎𝑠𝑡𝑒 𝐷𝑒𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 𝑊𝑒𝑒𝑘𝑑𝑎𝑦𝑤,𝑖,𝑠
   (8) 
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Appendix B – Case Pack Size 
In this appendix, the case packs as currently used by DSC are presented in Table 22. 

 

Table 22: Fixed case pack sizes are used by DSC. 

  
Product Case Pack Size 

1 4 

2 8 

3 8 

4 8 

5 6 

6 6 

7 8 

8 8 

9 6 

10 6 

11 3 

12 3 

13 6 

14 8 

15 8 

16 6 

17 6 

18 6 

19 6 

20 6 

21 6 

22 8 

23 6 
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Appendix C – Alternative Formulation Theoretical Model 
In order to be able to implement the defined theoretical model in Python, a different formulation of the 

model is required. In this appendix, this alternative formulation is presented. The presented formulation 

is specified for Monday, but a similar procedure is followed for the other weekdays. 

 

𝑀𝑎𝑥 ∑ 𝑝𝑖 ∗ 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖

𝑖∈𝐼

 

Subject to, 

 

𝑛𝒊𝑄𝒊 =  𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦𝒊 , ∀𝑖 ∈ 𝐼       (1) 

𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 ≤  𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦𝑖  , ∀𝑖 ∈ 𝐼    (2) 

𝑀𝑒𝑎𝑛 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 = 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 + 𝐿𝑜𝑠𝑡 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 ,   

∀𝑖 ∈ 𝐼            (3) 

∑ 𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 = 𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦𝑖∈𝐼     (4) 

∑ (𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 − 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖) ≤ 0.1 ∗𝑖∈𝐼

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦         (5) 

𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝐿𝑒𝑣𝑒𝑙 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 = 𝑀𝑒𝑎𝑛 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 , ∀𝑖 ∈ 𝐴      (6) 

𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 𝑀𝑜𝑛𝑑𝑎𝑦𝑖 ∈ ℤ0
+        (7) 
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Appendix D – Determination Partial Derivatives 
In this appendix, an elaboration is provided on how (33) is derived. For convenience, (32) and (33) are 

repeated here. 

 
𝜕𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜕𝑠𝑖
= 𝜆(𝑎 − 1) − (𝜆 + 𝑝𝑖) 

𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= 0      (32) 

𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= 𝐹(𝑠𝑖) − 1          (33) 

 

To be able to obtain (44), the following transformations are required: 

𝐸[(𝐷𝑖 − 𝑠𝑖)+] = ∫ (𝑑𝑖 − 𝑠𝑖)+𝑓(𝑑𝑖)
∞

𝑑𝑖=0
𝑑𝑑𝑖       (1) 

∫ (𝑑𝑖 − 𝑠𝑖)+𝑓(𝑑𝑖)
∞

𝑑𝑖=0
𝑑𝑑𝑖 = ∫ (𝑑𝑖 − 𝑠𝑖)𝑓(𝑑𝑖)

∞

𝑑𝑖=𝑠𝑖
𝑑𝑑𝑖      (2) 

∫ (𝑑𝑖 − 𝑠𝑖)𝑓(𝑑𝑖)
∞

𝑑𝑖=𝑠𝑖
𝑑𝑑𝑖 = ∫ 𝑑𝑖𝑓(𝑑𝑖)

∞

𝑑𝑖=𝑠𝑖
𝑑𝑑𝑖 − ∫ 𝑠𝑖𝑓(𝑑𝑖)

∞

𝑑𝑖=𝑠𝑖
𝑑𝑑𝑖    (3) 

 

To obtain 
𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
 , Leibnitz’s rule should be applied. 

𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= [0 + 0 − 𝑠𝑖𝑓(𝑠𝑖)] − [∫ 𝑓(𝑑𝑖)

∞

𝑑𝑖=𝑠𝑖
𝑑𝑑𝑖 − 𝑠𝑖𝑓(𝑠𝑖)] = − ∫ 𝑓(𝑑𝑖)

∞

𝑑𝑖=𝑠𝑖
𝑑𝑑𝑖  (4) 

𝜕𝐸𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= −(1 − 𝐹(𝑠𝑖))         (5) 

𝜕𝐸[(𝐷𝑖−𝑠𝑖)+]

𝜕𝑠𝑖
= 𝐹(𝑠𝑖) − 1          (6) 
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Appendix E – Pseudo Code Rounding Heuristic 
In this appendix, the pseudo code of the rounding heuristic as described in section 4.2.2.2 is provided. 

Recall that Q represents the fixed case pack size and that a represents the target waste fraction. 

 

Step 1 

For each product i with optimal reorder level 𝑠𝑖
∗ 

 If i is in the set of ‘Always Bread’. Then 

Round up 𝑠𝑖
∗ to a multiple of Q. (Ensuring increased service level ‘Always Bread’) 

  The initial rounded reorder level of i is the rounded up optimal reorder level. 

 Else i is not in the set of ‘Always Bread’. Then 

Round down 𝑠𝑖
∗ to a multiple of Q. 

  If the rounded down reorder level of i = 0. Then 

Round up 𝑠𝑖
∗ to a multiple of Q. (Ensuring fulfillment assortment constraint) 

The initial rounded reorder level of i is the rounded up optimal reorder level. 

  Else the rounded reorder level of i ≠ 0. Then 

Round down 𝑠𝑖
∗ to a multiple of Q. 

The initial rounded reorder level of i is the rounded down optimal reorder level. 

 

Determine the expected realized waste fraction based on the initial rounded reorder levels of all 

products. 

 

If the expected realized waste fraction ≥ a. Then 

 The initial rounded reorder levels are the final rounded reorder levels. 

Else the expected realized waste fraction < a. Then 

 Continue with step 2. 

 

Step 2 

For each product i in order of decreasing selling price 

 If the initial rounded reorder level of i = the rounded down optimal reorder level. Then 

  Round up 𝑠𝑖
∗ to a multiple of Q. 

  Determine the new expected realized waste fraction. 

  If the expected realized waste fraction ≥ a. Then 

   The final reorder level of i = the initial rounded reorder level. 

   Continue with the next product i. 

  Else the expected realized waste fraction < a. Then 

   The final reorder level of i = the rounded up optimal reorder level. 

   Continue with the next product i. 

 Else the initial rounded reorder level of i ≠ the rounded down optimal reorder level. Then 

  The final reorder level of i = the initial rounded reorder level. 

  



57 
 

Appendix F - National Holidays 
In this appendix, the national holidays of the Netherlands within the years 2018 and 2019, the years 

considered when evaluating and testing the models, are presented. Data on national holidays are 

retrieved from the website of the ‘Rijksoverheid’ (the Dutch government). 

 

Table 23: National holidays 2018-2019. 

  Holiday/Year 2018 2019 

New Year’s Day 01-01-2018 01-01-2019 

Good Friday 30-03-2018 19-04-2019 

Eastern Sunday 01-04-2018 21-04-2019 

Eastern Monday 02-04-2018 22-04-2019 

King’s Day 27-04-2018 27-04-2019 

Liberation Day 05-05-2018 05-05-2019 

Ascension Day 10-05-2018 30-05-2019 

Pentecost Sunday 20-05-2018 09-06-2019 

Pentecost Monday 21-05-2018 10-06-2019 

Christmas Day 25-12-2018 25-12-2019 

Boxing Day 26-12-2018 26-12-2019 

New Year’s Eve 31-12-2018 31-12-2019 
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Appendix G – Full Results Validation Ordering Logic 
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Table 24: Results rounded to three decimals of paired-samples t-tests deseasonalized waste, 

deseasonalized sales, and lost sales with measurements from 1st March until 17th October (store level). 

* p<0.05. Rounded to three decimals. 

Store  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 19.469* 28.278* 218 306.586 312.738 219 22.739* 18.881* 219 

2 14.280* 16.397* 212 118.928* 103.799* 213 21.625* 17.259* 213 

3 20.936 20.220 218 122.790 119.050 219 19.211 17.001 219 

4 17.827* 22.075* 185 186.166* 161.944* 186 17.753* 14.246* 186 

5 24.996* 16.876* 216 148.244* 132.656* 216 20.382* 27.385* 216 

6 22.507 21.460 218 219.007* 201.347* 219 20.087* 25.219* 219 

7 13.470* 17.920* 189 133.401* 121.909* 190 26.727* 15.324* 190 

8 13.396 14.613 189 121.161* 106.819* 190 23.325* 17.530* 190 

9 25.448 24.781 218 137.796* 114.677* 219 19.685* 13.832* 219 

10 13.664 14.060 189 104.688 107.573 190 19.959 17.718 190 

11 20.079 21.009 209 164.650* 134.497* 210 18.233* 14.720* 210 

12 18.636 20.391 189 133.107 132.111 190 16.448 16.874 190 

13 12.514* 17.336* 218 121.924* 112.743* 219 20.239* 12.975* 219 

14 13.036* 16.976* 182 101.577* 90.789* 184 17.870* 15.034* 184 

15 15.285* 18.454* 218 147.084* 138.765* 219 15.848 14.794 219 

16 22.557 24.722 218 160.346* 141.778* 219 18.189 16.065 219 

17 19.472* 24.104* 189 175.157* 159.772* 190 19.772* 13.091* 190 

18 20.780 23.042 215 111.832* 107.896* 216 17.745 18.912 216 

19 23.847* 17.242* 218 171.129* 137.939* 219 17.998 19.272 219 

20 19.749 18.629 204 146.484* 124.364* 205 19.106 16.731 205 

21 20.926* 28.688* 189 209.354* 175.789* 190 18.270* 12.203* 190 

22 21.423 22.658 185 269.930* 200.427* 186 18.928 21.558 186 

23 22.672 22.940 218 147.224* 137.998* 219 17.874* 14.385* 219 

24 15.130 13.334 212 101.145* 80.668* 218 12.700* 17.920* 218 

25 13.162 14.069 211 96.221* 88.106* 212 20.338 20.828 212 

26 12.914* 16.638* 189 117.067* 104.967* 190 18.666* 14.206* 190 

27 19.083* 23.662* 217 155.164* 141.968* 218 19.889* 13.280* 218 

28 14.505* 19.497* 189 188.545* 148.663* 190 20.185* 12.490* 190 

29 19.139 20.999 187 183.865* 168.491* 190 17.669 15.602 190 

30 17.428 20.032 143 166.954* 152.046* 144 13.976* 9.982* 144 

31 10.768* 16.715* 218 183.304* 139.301* 219 23.261* 12.527* 219 

32 17.883* 22.553* 217 177.739* 162.304* 218 24.434* 16.657* 218 

33 23.072 24.739 218 187.906* 172.993* 219 14.068 13.932 219 

34 24.434* 14.657* 218 110.299* 98.444* 218 17.387 15.502 218 

35 12.338* 16.982* 182 119.532* 103.846* 184 20.014* 13.768* 184 

36 17.999 18.149 189 136.483* 125.524* 190 17.536 17.572 190 

37 17.136 19.346 189 144.733* 133.230* 190 21.702* 17.575* 190 

38 15.788* 19.812* 217 112.691* 120.476* 218 19.552* 15.433* 218 

39 19.655* 29.131* 185 248.582* 226.327* 186 29.493* 12.746* 186 

40 13.991 13.402 218 116.881* 105.204* 219 20.910* 18.619* 219 

41 22.545 25.721 215 182.034* 159.755* 216 15.739* 11.734* 216 

42 14.823* 19.217* 218 155.700* 134.161* 219 18.802* 11.882* 219 

43 23.372 23.660 216 138.630* 117.883* 217 13.830 12.423 217 

44 26.827* 26.067* 217 233.018* 192.470* 218 23.531* 13.338* 218 

45 15.400* 28.078* 218 249.210* 219.294* 219 24.548* 13.578* 219 

46 13.820 14.751 189 117.117* 99.326* 190 21.140* 18.161* 190 

47 24.700* 28.500* 218 240.123* 233.181* 219 18.121* 12.778* 219 

48 22.344* 26.505* 213 202.705* 183.475* 214 18.533* 13.216* 214 

49 27.808* 23.615* 214 190.159 194.856 215 13.820 15.932 215 

50 26.305 30.968 217 139.328* 142.541* 218 13.251 11.460 218 

51 20.226 16.646 215 137.920* 134.517* 217 16.169 14.187 217 

52 14.568 17.125 188 119.670* 108.844* 189 17.562* 14.947* 189 

53 24.678 23.242 217 164.155* 134.817* 218 15.386 13.379 218 

54 20.459* 25.369* 218 178.305* 165.387* 219 18.265* 12.139* 219 

55 21.568* 27.708* 216 233.347* 196.870* 218 21.140* 13.390* 218 

56 20.220* 24.425* 213 95.321* 108.210* 208 20.235* 16.936* 208 
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Table 25: Results paired-samples t-tests deseasonalized waste, deseasonalized sales, and lost sales with 

measurements from 1st of July until 17th of October (store level). 

* p<0.05. Rounded to three decimals.  

Store  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 25.902 27.434 109 276.963* 295.881* 109 17.169 21.751 109 

2 17.495 17.253 104 112.460* 103.945* 104 14.153 14.832 104 

3 25.026 21.569 109 114.223 117.991 109 14.599 15.162 109 

4 18.153* 22.343* 89 167.286* 148.406* 89 14.932 12.732 89 

5 26.461* 17.665* 109 148.618* 135.101* 109 20.998* 29.119* 109 

6 21.603 22.406 109 219.138* 203.956* 109 21.135* 26.380* 109 

7 13.725* 19.378* 93 120.999* 114.556* 93 25.024* 14.037* 93 

8 14.125 13.856 92 116.537* 93.415* 93 16.271 16.679 93 

9 35.401 31.572 109 127.689 107.076 109 9.253 11.307 109 

10 14.774 16.803 93 95.597* 103.415* 93 14.999 15.055 93 

11 23.022 22.219 100 153.618* 125.875* 100 11.866 11.177 100 

12 19.815 21.064 93 118.709 119.703 93 10.598* 14.456* 93 

13 13.276* 21.568* 109 112.801* 103.359* 109 17.079* 11.197* 109 

14 13.790 14.179 92 94.538* 82.362* 92 14.807 14.763 92 

15 15.972* 20.497* 109 133.658 130.629 109 12.540 12.308 109 

16 26.161 24.037 109 149.151* 130.504* 109 13.361 14.141 109 

17 22.299 23.358 93 161.490* 139.230* 93 13.808* 10.450* 93 

18 19.358 17.094 107 111.314* 106.184* 107 15.687* 21.572* 107 

19 25.247* 17.172* 109 160.041* 128.358* 109 13.072 15.357 109 

20 20.450 21.043 109 143.473* 120.817* 109 16.253 14.894 109 

21 23.136 29.278 93 194.314* 161.937* 93 9.586 10.296 93 

22 22.882 23.014 89 249.792* 191.493* 89 13.184 16.325 89 

23 24.707 24.753 109 137.864* 130.821* 109 13.108 12.798 109 

24 21.866* 16.631* 109 100.416* 74.312* 109 12.281* 16.015* 109 

25 14.618 14.662 109 91.480* 80.582* 109 16.247 18.449 109 

26 10.305* 15.083* 93 117.991* 99.834* 93 18.925* 14.277* 93 

27 22.610 23.261 109 145.483* 128.857* 109 13.092* 8.311* 109 

28 16.559* 19.958* 93 172.734* 136.646* 93 13.710* 8.129* 93 

29 19.705 19.949 93 172.285* 153.683* 93 10.642* 13.796* 93 

30 16.921 20.141 108 159.871* 140.346* 108 11.874* 8.404* 108 

31 12.184* 19.021* 109 151.811* 128.929* 109 17.806* 8.890* 109 

32 23.730 24.899 108 158.881 155.431 108 16.292* 12.565* 108 

33 22.750 26.790 109 176.176* 168.657* 109 11.618 11.207 109 

34 18.219 18.196 108 102.246* 87.206* 108 11.901 12.985 108 

35 12.102 13.061 93 114.082* 93.728* 93 17.888* 13.666* 93 

36 19.461 20.424 93 122.504* 116.802* 93 14.808 12.716 93 

37 19.934 19.695 93 132.952* 119.475* 93 15.641 15.289 93 

38 17.125 19.784 109 111.703* 117.493* 109 16.995* 14.014* 109 

39 20.684* 30.027* 89 233.828* 209.603* 89 22.685* 12.384* 89 

40 16.023 13.612 109 103.520* 98.80* 109 16.858 16.631 109 

41 26.874 28.739 106 168.529* 149.448* 106 10.051 10.149 106 

42 18.518 19.666 109 142.968* 121.636* 109 12.993* 9.996* 109 

43 25.570 24.374 108 123.203* 107.042* 108 9.052 9.350 108 

44 17.515* 27.050* 108 216.563* 180.724* 108 17.668* 12.464* 108 

45 27.373 29.160 109 227.243* 205.509* 109 15.362* 11.123* 109 

46 14.311 14.260 93 108.828* 89.176* 93 19.610* 15.185* 93 

47 26.825 29.344 109 222.278 222.126 109 14.841* 10.765* 109 

48 24.025 23.108 104 193.592* 167.855* 104 15.886* 11.321* 104 

49 32.511* 24.781* 109 166.551* 185.862* 109 8.063* 12.898* 109 

50 26.245 31.055 109 139.261 137.549 109 11.402 11.191 109 

51 21.180 22.531 108 133.897* 126.632* 109 14.815* 11.676* 109 

52 11.797* 16.129* 93 116.555* 97.029* 93 14.975 13.827 93 

53 31.890 23.820 108 146.661* 118.986* 108 9.578 10.179 108 

54 23.249 28.697 109 165.855* 155.975* 109 13.477* 10.438* 109 

55 24.357 24.954 107 211.718* 176.706* 108 16.387* 11.470* 108 

56 20.749* 27.748* 108 91.084* 106.231* 109 17.711* 14.525* 109 
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Table 26: Results paired-samples t-tests deseasonalized waste, deseasonalized sales, and lost sales store 

1 with measurements from 1st of July until 17th of October (SKU-store level). 

* p<0.05. Rounded to three decimals. 

Table 27: Results paired-samples t-tests deseasonalized waste, deseasonalized sales, and lost sales store 

25 with measurements from 1st of July until 17th of October (SKU-store level). 

* p<0.05. Rounded to three decimals. 

  

SKU  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 0.916 1.293 82 5.081* 4.554* 82 0.336 0.574 82 

2 1.260 1.168 102 8.394* 13.006* 102 0.771 0.889 102 

3 3.202 0.662 93 10.339 10.212 93 0.710* 1.235* 93 

4 1.310 2.351 102 9.816* 13.455* 102 0.716* 1.415* 101 

5 1.376 1.350 109 6.189* 7.216* 109 0.644 1.036 107 

6 0.561 1.471 109 27.840* 31.646* 109 1.749 2.435 108 

7 0.414* 0.844* 89 29.546 28.639 89 2.215 1.972 85 

8 0.817 1.262 88 18.151 18.059 88 0.809 0.815 88 

9 1.979* 1.006* 87 8.733* 5.569* 87 0.297* 1.082* 87 

10 1.500 1.506 101 12.511* 14.167* 101 0.415* 1.034* 101 

11 0.926 1.122 95 5.482* 7.110* 95 0.471 0.471 95 

12 0.939 1.262 88 5.123 4.763 88 0.333* 1.672* 88 

13 0.878 0.724 102 29.155* 32.637* 102 2.193 3.238 100 

14 1.529 1.897 80 10.592 19.042 80 0.467 0.703 80 

15 0.958 1.532 102 25.540* 10.931* 102 1.023 1.091 101 

16 1.088 1.800 109 4.431 4.859 109 0.622 0.744 108 

17 1.240 1.734 96 20.498 21.587 96 1.160 0.819 94 

18 1.470 2.129 101 23.935* 20.528* 101 1.432 1.096 100 

19 1.185 2.129 102 13.382* 15.677* 102 0.784 0.670 101 

20 0.962* 1.536* 73 5.429* 6.226* 73 1.233 0.409 73 

21 1.693 1.200 93 8.558* 10.629* 93 0.708 0.506 93 

22 2.271 2.720 93 9.828* 16.315* 93 0.500* 1.092* 93 

23 1.209 0.903 98 12.692* 10.206* 99 0.615 0.568 99 

SKU  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 -- -- -- -- -- -- -- -- -- 

2 0.637 0.793 98 3.519* 3.035* 98 1.201* 0.662* 98 

3 0.511 0.757 89 4.485 4.268 89 1.116 1.026 89 

4 1.434 1.324 101 4.500* 4.946* 101 0.580* 1.245* 101 

5 0.983 0.960 103 3.695 3.502 103 0.691 0.747 103 

6 0.705 0.591 109 4.514* 5.251* 109 1.164 1.675 109 

7 0.753* 1.502* 89 7.289* 9.742* 89 0.985 1.455 88 

8 0.461 0.314 85 5.247 5.240 85 0.757* 1.358* 85 

9 -- -- -- -- -- -- -- -- -- 

10 1.631* 0.773* 102 5.008* 3.784* 102 0.540* 0.878* 102 

11 0.146* 0.443* 85 3.040* 2.436* 85 0.615 0.574 85 

12 -- -- -- -- -- -- -- -- -- 

13 0.840 1.382 101 11.975* 8.406* 101 1.773 1.489 101 

14 0.370 0.230 75 4.028 3.726 75 0.804* 1.309* 75 

15 1.152 1.007 101 7.710* 6.832* 101 0.756 1.063 101 

16 0.376 0.294 102 3.351* 2.795* 102 0.726 1.036 102 

17 3.117 2.380 95 8.921* 7.336* 95 1.307* 0.831* 94 

18 1.062 0.670 102 7.272* 3.948* 102 1.199 1.092 102 

19 0.610 0.858 101 5.657 5.250 101 1.103 1.398 101 

20 -- -- -- -- -- -- -- -- -- 

21 1.158 0.815 95 3.799* 3.251* 95 0.435* 0.768* 95 

22 0.200 0.188 88 3.635 3.765 88 1.259 1.298 88 

23 0.431* 1.037* 99 4.338* 2.875* 99 0.820 0.680 98 
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Table 28: Results paired-samples t-tests deseasonalized waste, deseasonalized sales, and lost sales store 

51 with measurements from 1st of July until 17th of October (SKU-store level). 

* p<0.05. Rounded to three decimals. 

  

SKU  Lost Sales   Sales   Waste  

 Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size Manual Semi-Auto Sample Size 

1 -- -- -- -- -- -- -- -- -- 

2 3.921 1.467 99 5.024 5.440 100 0.212 0.396 100 

3 0.717* 1.293* 92 5.912* 7.165* 93 1.279* 0.568* 92 

4 2.865 2.187 99 6.499* 8.542* 100 0.649 0.821 100 

5 0.833* 3.310* 107 4.697* 5.296* 109 0.622 0.495 109 

6 1.003 0.919 108 11.820* 10.493* 109 1.169 0.785 109 

7 0.756* 1.937* 89 8.563* 12.100* 90 1.722* 0.761* 89 

8 0.541* 0.276* 87 7.376* 5.379* 87 0.884 0.904 87 

9 -- -- -- -- -- -- -- -- -- 

10 1.319 1.629 101 7.861* 5.258* 102 0.473 0.749 102 

11 0.807 0.598 93 3.526 3.714 93 0.339 0.346 93 

12 -- -- -- -- -- -- -- -- -- 

13 1.738 1.512 100 19.347 19.223 101 1.313 1.273 101 

14 1.406 0.989 79 4.622 4.759 79 0.705 0.676 79 

15 1.001 1.088 100 10.253* 9.014* 101 1.091 0.746 100 

16 0.344 0.711 107 3.394 2.869 108 0.611 0.590 108 

17 1.978 1.904 95 13.569* 12.215* 96 0.801 0.580 96 

18 0.808 0.732 100 10.559* 6.536* 101 1.062 0.769 100 

19 0.959 1.242 101 8.534 8.218 102 1.064 0.850 102 

20 -- -- -- -- -- -- -- -- -- 

21 1.100 1.267 92 4.222* 3.410* 93 0.549 0.463 93 

22 0.852 0.751 91 4.743* 5.546* 92 0.412 0.587 92 

23 0.612 0.690 96 6.324* 4.027* 97 1.048* 0.479* 97 
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Appendix H – Relaxing Assortment Constraint 
In this appendix, it is presented which products are advised to be removed from the assortment in the 

example stores in case the assortment constraint is relaxed (Table 29). This advice is purely based on 

the stochastic discrete model and does not take into account the margins or any other relevant 

information. For store 1 it is advisable to keep all products within the assortment. Store 1 is therefore 

not included in Table 29. However, for stores 25 and 51, it is advisable to remove certain products from 

the assortment. Especially if the waste constraint is set to 10% (b) for store 25 instead of the waste 

constraints as presented in Table 10 (a), quite some products are dropped in order to meet all the 

constraints. 

 

Table 29: Implications relaxing assortment constraint. 

  

Weekday Store 25 (a) Store 25 (b) Store 51 

Monday 1, 2, 3 2, 3, 16, 20, 22 - 

Tuesday 2, 3, 20 1, 2, 3, 4, 9, 20, 22 - 

Wednesday 2, 3, 4 2, 3, 4, 9, 16 2, 3, 16 

Thursday 2 2 - 

Friday 2, 4 2, 4 - 

Saturday 2 2 - 

Sunday 2, 9 1, 2, 4, 7, 8, 9, 14, 16, 20, 21, 22 1, 9, 20 
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Appendix I – Stochastic Discrete Model with as Objective Profit Maximization 
In this appendix, the objective function of the preferred theoretical model, the stochastic discrete model, 

has been altered. The reason for this is that it might be desirable for DSC to change its objective function 

in the future. The objective function is changed from maximizing revenue (which is set in order to 

extend its customer base), to profit maximization. In order to do this the purchasing costs of the items 

should be subtracted from the expected revenue in the objective function. The remainder of the 

modeling remains the same. Again, in order to implement the model, constraint 2 should be slightly 

altered to ensure linearity of the constraints. The waste fraction should therefore be smaller than 10% 

of the expected demand. 

 

𝑀𝑎𝑥 𝑃𝑟𝑜𝑓𝑖𝑡 = ∑ ∑ ∑ 𝑣𝑖𝑛𝑖

𝑈
𝑑𝑖=0

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 ∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖) ∗ 𝑝𝑖 +

∑ ∑ ∑ 𝑣𝑖𝑛𝑖

𝑈
𝑑𝑖=0

𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 ∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖) ∗ 𝑝𝑖 − ∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 ∗ 𝑐𝑖 −

∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 ∗ 𝑐𝑖         (1) 

 

Subject to, 
𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦−𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
≤ 𝑎       (2) 

∑ 𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1 = 1, ∀𝑖 ∈ 𝐼          (3) 

𝑑𝑖 ∈ ℤ0
+, ∀𝑖 ∈ 𝐼            (4) 

𝑛𝑖 ∈ ℤ+, ∀𝑖 ∈ 𝐼           (5) 

𝑣𝑖𝑛𝑖
∈ {0, 1}, ∀𝑖 ∈ 𝐼, ∀𝑛𝑖 ∈ {1, … , 𝑁}        (6) 

 

Where, 

▪ 𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 =  ∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 + ∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 . 

▪ 𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑙𝑒𝑠 =  ∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)𝑈

𝑑𝑖=0
𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 +

∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)𝑈

𝑑𝑖=0
𝑁
𝑛𝑖=𝐿𝑖𝑖∈𝐴 . 

▪ I: The set of considered products. 

▪ A: The set of ‘Always Bread’, 𝐴 ⊆ 𝐼. 

▪ 𝑄𝑖: The fixed case pack size of product i. 

▪ 𝑝𝑖: The selling price of product i. 

▪ 𝑐𝑖: The purchasing price of product i. 

▪ 𝐷𝑖: Stochastic demand at specified weekday in consumer units with mean (𝜇𝑖), standard 

deviation (𝜎𝑖) and variance to mean ratio VTM(𝐷𝑖). 

▪ 𝑛𝑖: The number of case packs to be ordered. 

▪ 𝑎: The allowed waste fraction set by DSC. 

▪ N: The upper limit of the number of case packs to be ordered considered in the enumeration. 

▪ U: The upper limit of the demand considered in the enumeration. 

▪ 𝑣𝑖𝑛𝑖
: Binary decision variable, specifying whether a specific number of case packs (n) is ordered 

for a product (i) or not. 

▪ 𝐿𝑖 = ⌈∑ 𝑑𝑖 ∗ 𝑃(𝐷𝑖 = 𝑑𝑖)  𝑈
𝑑𝑖=0 /𝑄𝑖⌉, ∀𝑖 ∈ 𝐴. 

 

Unfortunately, the purchasing costs at DSC of the different products were not available in this research. 

Validation of this method is therefore still required. However, a short sensitivity analysis was 

conducted. For each of the three example stores, the presented model has been solved with different 

profit margins. Profit margins between 10% and 30% have been tested. Those profit margins were 

chosen, since a research conducted by Baltussen et al. (2014), showed that among the participating 

Dutch retailers, the gross margin on daily fresh bread was typically 26% at the time the research was 

conducted. DSC is a discounter, so the gross profit margin is not expected to be higher than 30%. In 

Tables 30, 31, and 32, the results of using a profit margin of 10% and 30% have been presented for the 

three example stores. It can be noted that for store 25, the differences between the obtained results for 

the different profit margins are small or even not present (Tuesday, Wednesday, and Sunday). 

Furthermore, the obtained results are (almost) the same as when the objective was revenue 
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maximization. It is expected that this is caused by the small number of solution alternatives that are 

present for small stores, due to the imposed constraints. For store 1, however, larger differences are 

found. When the profit margin is lower (10%), waste is more expensive. Due to this, it is 

recommendable to order less items, to reduce the probability of overstocking. When the profit margin 

is higher, however, waste is less expensive. It is therefore more profitable to order more items. 

 

Table 30: Results sensitivity analysis profit maximization store 1. 

 

Table 31: Results sensitivity analysis profit maximization store 25. 

  

 Store 1 
Monday 

Store 1 
Tuesday 

Store 1 
Wednesday 

Store 1 
Thursday 

Store 1 
Friday 

Store 1 
Saturday 

Store 1 
Sunday 

Store 1 
Week 

level 

∑ Expected Lost Sales 

(10% margin) 

93 88 83 86 96 102 73 622 

∑ Expected Lost Sales 

(30% margin) 

51 49 48 42 60 57 46 353 

∑ Expected Lost Sales 
Current Objective 

41 49 43 39 41 40 47 301 

∑ Expected  Revenue (€) 

(10% margin) 

294 202 245 272 332 346 200 1891 

∑ Expected  Revenue (€) 

(30% margin) 

340 247 282 319 370 395 226 2179 

∑ Expected  Revenue (€) 

Current Objective 

353 249 288 322 393 415 227 2246 

∑ Expected Sales (10% 
margin) 

287 195 236 261 318 338 197 1832 

∑ Expected Sales (30% 

margin) 

329 234 272 304 353 384 225 2101 

∑ Expected Sales Current 

Objective 

339 235 276 308 372 400 224 2153 

Expected Realized Waste 
(%) (10% margin) 

3.78 3.51 3.81 3.82 4.54 3.88 3.44 3.81 

Expected Realized Waste 

(%) (30% margin) 

7.86 9.38 8.16 8.87 6.82 7.15 9.62 8.26 

Expected Realized Waste 

(%) Current Objective 

9.11 9.54 9.29 9.16 8.97 8.93 9.75 9.25 

 Store 1 

Monday 

Store 1 

Tuesday 

Store 1 

Wednesday 

Store 1 

Thursday 

Store 1 

Friday 

Store 1 

Saturday 

Store 1 

Sunday 

Store 1 

Week 

level 

∑ Expected Lost Sales 
(10% margin) 

30 22 29 35 53 52 15 236 

∑ Expected Lost Sales 

(30% margin) 

26 22 29 25 37 38 15 192 

∑ Expected Lost Sales 

Current Objective 

26 22 28 23 33 38 15 184 

∑ Expected  Revenue (€) 
(10% margin) 

85 78 80 98 108 115 62 626 

∑ Expected  Revenue (€) 
(30% margin) 

89 78 80 108 126 129 62 672 

∑ Expected  Revenue (€) 

Current Objective 

89 79 81 111 132 133 62 687 

∑ Expected Sales (10% 

margin) 

82 74 77 96 104 111 60 604 

∑ Expected Sales (30% 
margin) 

86 74 77 106 120 125 60 648 

∑ Expected Sales Current 

Objective 

86 75 78 108 125 125 60 656 

Expected Realized Waste 

(%) (10% margin) 

12.52 18.16 15.38 9.52 5.19 5.29 28.60 13.52 

Expected Realized Waste 
(%) (30% margin) 

13.16 18.16 15.38 15.15 10.80 9.83 28.60 15.87 

Expected Realized Waste 

(%) Current Objective 

13.16 18.73 16.04 15.80 10.85 10.79 28.60 16.28 
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Table 32: Results sensitivity analysis profit maximization store 51. 

  

 Store 51 
Monday 

Store 51 
Tuesday 

Store 51 
Wednesday 

Store 51 
Thursday 

Store 51 
Friday 

Store 51 
Saturday 

Store 51 
Sunday 

Store 51 
Week 

level 

∑ Expected Lost Sales 

(10% margin) 

37 41 41 48 71 68 41 347 

∑ Expected Lost Sales 

(30% margin) 

29 29 35 33 46 43 34 249 

∑ Expected Lost Sales 
Current Objective 

29 30 32 33 40 43 34 241 

∑ Expected  Revenue (€) 

(10% margin) 

113 100 107 146 167 146 105 883 

∑ Expected  Revenue (€) 

(30% margin) 

123 110 112 161 195 172 111 984 

∑ Expected  Revenue (€) 
Current Objective 

123 113 115 161 202 174 111 999 

∑ Expected Sales (10% 

margin) 

114 99 106 145 165 146 103 878 

∑ Expected Sales (30% 

margin) 

122 111 112 159 191 171 110 976 

∑ Expected Sales Current 
Objective 

122 110 115 159 197 170 110 984 

Expected Realized Waste 

(%) (10% margin) 

9.90 8.37 8.24 6.03 5.23 3.85 8.85 7.21 

Expected Realized Waste 

(%) (30% margin) 

11.86 10.83 11.17 10.24 9.83 9.66 11.55 10.73 

Expected Realized Waste 

(%) Current Objective 

11.86 11.35 11.26 10.24 10.02 10.10 11.55 10.91 
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Appendix J – Results Day Level Stochastic Discrete Model 
In this appendix, the results on the day level for the three example stores of the preferred theoretical 

model, the stochastic discrete model, are presented. These are the results when requiring the order to be 

a multiple of the fixed case pack size. These results have been added since ordering of daily fresh bread 

occurs at the day level. It should be noted that the results have been scaled and rounded. 

 

Table 33: Scaled results day level stochastic discrete model store 1. 

 

 Store 1 (3) 

Monday 

Store 1 (3) 

Tuesday 

Store 1 (3) 

Wednesday 

Store 1 (3) 

Thursday 

Store 1 (3) 

Friday 

Store 1 (3) 

Saturday 

Store 1 (3) 

Sunday 

Store 1 (3) 

Week level 

𝑠1
∗ 7 2 5 5 7 9 5 39 

𝑠2
∗ 9 5 5 9 9 9 5 51 

𝑠3
∗ 9 5 9 9 9 14 5 60 

𝑠4
∗ 9 5 9 14 9 14 9 69 

𝑠5
∗ 7 3 3 7 7 10 3 41 

𝑠6
∗ 31 24 28 28 34 45 31 220 

𝑠7
∗ 32 23 28 37 46 37 14 216 

𝑠8
∗ 23 14 18 23 28 28 14 147 

𝑠9
∗ 10 7 10 10 10 10 10 69 

𝑠10
∗  17 14 14 17 17 14 7 100 

𝑠11
∗  5 5 5 5 7 9 5 41 

𝑠12
∗  7 5 5 5 7 10 5 45 

𝑠13
∗  31 28 31 34 38 45 3 238 

𝑠14
∗  14 9 9 9 14 14 5 73 

𝑠15
∗  32 23 23 28 32 41 23 202 

𝑠16
∗  3 3 3 3 7 7 3 31 

𝑠17
∗  24 21 24 21 28 28 21 165 

𝑠18
∗  31 21 28 28 31 31 21 189 

𝑠19
∗  17 10 10 10 10 14 10 83 

𝑠20
∗  7 3 7 3 10 7 3 41 

𝑠21
∗  14 7 7 10 14 14 7 72 

𝑠22
∗  18 9 9 9 14 14 5 78 

𝑠23
∗  14 14 14 14 21 17 7 100 

∑ Expected Lost 
Sales 

41 49 43 39 41 40 47 301 

∑ Expected 

Revenue (€) 

353 249 288 322 393 415 227 2246 

∑ Expected Sales 339 235 276 308 372 400 224 2153 

∑ Expected Sales 

Always Bread 

164 118 143 151 182 206 131 1096 

Expected Realized 

Waste (%) 

9.11 9.54 9.29 9.16 8.97 8.93 9.75 9.25 
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Table 34: Scaled results day level stochastic discrete model store 25. 

 

Table 35: Scaled results day level stochastic discrete model store 51. 

 Store 25 
(3) 

Monday 

Store 25 
(3) 

Tuesday 

Store 25 (3) 
Wednesday 

Store 25 
(3) 

Thursday 

Store 25 
(3) Friday 

Store 25 
(3) 

Saturday 

Store 25 
(3) Sunday 

Store 25 
(3) Week 

level 

𝑠1
∗ 2 2 2 2 2 2 2 16 

𝑠2
∗ 5 5 5 5 5 5 5 32 

𝑠3
∗ 5 5 5 5 5 5 5 32 

𝑠4
∗ 5 5 5 5 5 5 5 32 

𝑠5
∗ 3 3 3 3 3 3 3 24 

𝑠6
∗ 3 3 3 7 7 10 3 38 

𝑠7
∗ 5 5 5 9 9 9 5 46 

𝑠8
∗ 5 5 5 9 9 9 5 46 

𝑠9
∗ 3 3 3 3 3 3 3 24 

𝑠10
∗  3 3 3 3 7 7 3 31 

𝑠11
∗  2 3 3 3 3 3 2 21 

𝑠12
∗  2 2 2 2 3 3 2 15 

𝑠13
∗  10 7 7 14 14 17 3 72 

𝑠14
∗  5 5 5 5 5 5 5 32 

𝑠15
∗  9 5 5 14 14 14 5 64 

𝑠16
∗  3 3 3 3 3 3 3 24 

𝑠17
∗  7 7 7 10 7 7 3 48 

𝑠18
∗  3 3 3 7 10 7 3 38 

𝑠19
∗  3 3 3 3 7 3 3 28 

𝑠20
∗  3 3 3 3 3 3 3 24 

𝑠21
∗  3 3 3 3 3 3 3 24 

𝑠22
∗  5 5 5 5 5 5 5 32 

𝑠23
∗  3 3 3 3 7 7 3 31 

∑ Expected Lost 

Sales 

26 22 28 23 33 38 15 184 

∑ Expected 

Revenue (€) 

89 79 81 111 132 133 62 687 

∑ Expected Sales 86 75 78 108 125 125 60 656 
∑ Expected Sales 

Always Bread 

38 29 30 53 56 58 21 285 

Expected Realized 
Waste (%) 

13.16 18.73 16.04 15.80 10.85 10.79 28.60 16.28 

 Store 51 
(3) 

Monday 

Store 51 
(3) 

Tuesday 

Store 51 (3) 
Wednesday 

Store 51 
(3) 

Thursday 

Store 51 
(3) Friday 

Store 51 
(3) 

Saturday 

Store 51 
(3) Sunday 

Store 51 
(3) Week 

level 

𝑠1
∗ 2 2 2 2 2 2 2 16 

𝑠2
∗ 5 5 5 5 5 5 5 32 

𝑠3
∗ 5 5 5 5 5 5 5 32 

𝑠4
∗ 5 5 5 9 9 9 5 46 

𝑠5
∗ 3 3 3 3 7 3 3 28 

𝑠6
∗ 10 10 10 14 14 17 10 86 

𝑠7
∗ 5 5 5 9 14 9 5 51 

𝑠8
∗ 5 5 5 9 14 9 5 51 

𝑠9
∗ 3 3 3 3 7 3 3 28 

𝑠10
∗  7 7 3 7 10 10 3 48 

𝑠11
∗  3 3 2 3 3 3 3 22 

𝑠12
∗  2 2 2 2 2 3 2 14 

𝑠13
∗  21 17 21 28 34 28 17 165 

𝑠14
∗  5 5 5 5 5 5 5 32 

𝑠15
∗  9 9 9 14 18 14 9 83 

𝑠16
∗  3 3 3 3 3 3 3 24 

𝑠17
∗  14 10 10 17 17 17 14 100 

𝑠18
∗  10 7 10 14 14 14 7 76 

𝑠19
∗  7 3 7 7 10 7 3 45 

𝑠20
∗  3 3 3 3 3 3 3 24 

𝑠21
∗  3 3 3 3 7 3 3 28 

𝑠22
∗  5 5 5 5 5 5 5 32 

𝑠23
∗  3 3 3 7 10 10 3 41 

∑ Expected Lost 

Sales 

29 30 32 33 40 43 34 241 

∑ Expected 

Revenue (€) 

123 113 115 161 202 174 111 999 

∑ Expected Sales 122 110 115 159 197 170 110 984 
∑ Expected Sales 

Always Bread 

63 56 61 86 103 89 57 515 

Expected Realized 
Waste (%) 

11.86 11.35 11.26 10.24 10.02 10.10 11.55 10.91 
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Appendix K – Model Formulation Stochastic Discrete Model including 

Substitution 
In this appendix, the preferred theoretical model, the stochastic discrete model, has been extended with 

the expected substitution behavior. Although this model was not applied in this research, it might be 

helpful for future research at other retailers where a stronger substitution effect is observed. Next, a 

short elaboration will be provided for the model including substitution. 

 

The objective function (1) consists of two parts. The first part includes the expected revenue resulting 

from the expected realized sales of ‘Non-Always Bread’. This first part is similar as the objective 

function found in the stochastic discrete model, with as only difference that this part is only conducted 

for the ‘Non-Always Bread’ instead of for all products. The second part includes the expected revenue 

resulting from the expected realized sales of ‘Always Bread’. The expected revenue from the ‘Always 

Bread’ changed since the demand for those products increased, due to the inclusion of substitution. The 

inclusion of substitution led to the introduction of one new parameter, s: the theoretical percentage of 

customers willing to substitute. Furthermore, the set 𝑆𝑗 has been introduced. The set 𝑆𝑗 shows to which 

‘Always Bread’ j customers are expected to substitute, in case their preferred ‘Non-Always Bread’ is 

out of stock. Including this parameter and set, it can be noted that, in the second part of the objective 

function, the part of the demand for a specific ‘Non-Always Bread’ which cannot be fulfilled by the 

specific ‘Non-Always Bread’, is added to demand of the ‘Always Bread’ to which the customer is 

expected to substitute. The remainder of the demand that is not substituted is lost. This model only 

includes one substitution possibility. 

 

When considering the constraints, it can be noted that the demand for an ‘Always Bread’ was also 

increased (2). Furthermore, constraints (3), (4), (5), and (6) show that the constraints hold for both the 

set of ‘Always Bread’ and the set of ‘Non-Always Bread’. 

 

𝑀𝑎𝑥 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 = ∑ ∑ ∑ 𝑣𝑖𝑛𝑖

𝑈
𝑑𝑖=0

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 ∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖) ∗ 𝑝𝑖 +

∑ ∑ ∑ 𝑣𝑗𝑛𝑗

𝑈
𝑑𝑗=0

𝑁
𝑛𝑗=𝐿𝑗𝑗∈𝐴 ∗ min (𝑛𝑗𝑄𝑗, 𝑑𝑗 + 𝑠 ∗ ∑ ∑ ∑ 𝑣𝑖𝑛𝑖

∗ max(0, 𝑑𝑖 − 𝑛𝑖𝑄𝑖) 𝑃(𝐷𝑖 =𝑈
𝑑𝑖=𝑛𝑖𝑄𝑖

𝑁
𝑛𝑖=1𝑖∈𝑆𝑗

𝑑𝑖)) 𝑃 (𝐷𝑗 = 𝑑𝑗 + 𝑠 ∗ ∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ max(0, 𝑑𝑖 − 𝑛𝑖𝑄𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)𝑈

𝑑𝑖=𝑛𝑖𝑄𝑖

𝑁
𝑛𝑖=1𝑖∈𝑆𝑗

) ∗ 𝑝𝑗  (1) 

 

Subject to, 
𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦−𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
≤ 𝑎       (2) 

∑ 𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1 = 1, ∀𝑖 ∈ 𝐼\𝐴         (3a) 

∑ 𝑣𝑗𝑛𝑗

𝑁
𝑛𝑗=1 = 1, ∀𝑗 ∈ 𝐴          (3b) 

𝑑𝑖 ∈ ℤ0
+, ∀𝑖 ∈ 𝐼\𝐴          (4a) 

𝑑𝑗 ∈ ℤ0
+, ∀𝑗 ∈ 𝐴          (4b) 

𝑛𝑖 ∈ ℤ+, ∀𝑖 ∈ 𝐼\𝐴          (5a) 

𝑛𝑗 ∈ ℤ+, ∀𝑗 ∈ 𝐴          (5b) 

𝑣𝑖𝑛𝑖
∈ {0, 1}, ∀𝑖 ∈ 𝐼\𝐴, ∀𝑛𝑖 ∈ {1, … , 𝑁}       (6a) 

𝑣𝑗𝑛𝑗
∈ {0, 1}, ∀𝑗 ∈ 𝐴, ∀𝑛𝑗 ∈ {1, … , 𝑁}        (6b) 

 

Where, 

▪ 𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 =  ∑ ∑ 𝑛𝑖𝑄𝑖𝑣𝑖𝑛𝑖

𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 + ∑ ∑ 𝑛𝑗𝑄𝑗𝑣𝑗𝑛𝑗

𝑁
𝑛𝑗=𝐿𝑗𝑗∈𝐴 . 

▪ 𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑙𝑒𝑠 =  ∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ min(𝑛𝑖𝑄𝑖, 𝑑𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)𝑈

𝑑𝑖=0
𝑁
𝑛𝑖=1𝑖∈𝐼\𝐴 +

∑ ∑ ∑ 𝑣𝑗𝑛𝑗

𝑈
𝑑𝑗=0

𝑁
𝑛𝑗=𝐿𝑗𝑗∈𝐴 ∗ min (𝑛𝑗𝑄𝑗, 𝑑𝑗 + 𝑠 ∗ ∑ ∑ ∑ 𝑣𝑖𝑛𝑖

∗ max(0, 𝑑𝑖 −𝑈
𝑑𝑖=𝑛𝑖𝑄𝑖

𝑁
𝑛𝑖=1𝑖∈𝑆𝑗

𝑛𝑖𝑄𝑖) 𝑃(𝐷𝑖 = 𝑑𝑖)) 𝑃 (𝐷𝑗 = 𝑑𝑗 + 𝑠 ∗ ∑ ∑ ∑ 𝑣𝑖𝑛𝑖
∗ max(0, 𝑑𝑖 − 𝑛𝑖𝑄𝑖) 𝑃(𝐷𝑖 =𝑈

𝑑𝑖=𝑛𝑖𝑄𝑖

𝑁
𝑛𝑖=1𝑖∈𝑆𝑗

𝑑𝑖)). 

▪ I: The set of considered products. 

▪ A: The set of ‘Always Bread’, 𝐴 ⊆ 𝐼. 
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▪ 𝑄𝑖: The fixed case pack size of product i. 

▪ 𝑝𝑖: The selling price of product i. 

▪ 𝐷𝑖: Stochastic demand at specified weekday in consumer units with mean (𝜇𝑖), standard 

deviation (𝜎𝑖) and variance to mean ratio VTM(𝐷𝑖). 

▪ 𝑛𝑖: The number of case packs to be ordered of product i. 

▪ 𝑎: The allowed waste fraction set by DSC. 

▪ N: The upper limit of the number of case packs to be ordered considered in the enumeration. 

▪ U: The upper limit of the demand considered in the enumeration. 

▪ 𝑣𝑖𝑛𝑖
: Binary decision variable, specifying whether a specific number of case packs (n) is ordered 

for a product (i) or not. 

▪ 𝑣𝑗𝑛𝑗
: Binary decision variable, specifying whether a specific number of case packs (n) is 

ordered for a product (j) or not. 

▪ 𝐿𝑗 = ⌈∑ 𝑑𝑗 ∗ 𝑃(𝐷𝑗 = 𝑑𝑗)  𝑈
𝑑𝑗=0 /𝑄𝑗⌉ , ∀𝑗 ∈ 𝐴.  

▪ 𝑠: The theoretical percentage of customers willing to substitute. 

▪ 𝑆𝑗: The substitution set of product j. 𝑆17 = {19,20}, 𝑆9 = {16}, 𝑆13 = {4,5}, 𝑆6 = {1,2,22}, 

𝑆18 = {21}, 𝑆8 = {10, 11,12}, 𝑆15 = {14}. 
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Appendix L – Week Level Results Stochastic Discrete Model when allowing 

Ordering per Piece 
In this appendix, the week level for the three considered stores are presented for the considered KPIs as 

well as the reorder levels for the stochastic discrete model. These values are obtained by summing the 

results of the seven weekdays. The performance on the KPIs are obtained by filling in formula (13) and 

(14). Model 3 represents the results of the stochastic discrete model when the constraint of the fixed 

case packs is imposed on the model. Model 3b represents the results when this constraint is relaxed (i.e. 

ordering per piece is allowed). 

 

Table 36: Week level results case pack analysis stochastic discrete model. Model 3 represents the 

results with the current case pack sizes. Model 3b represents the results when allowing ordering per 

piece. 

 
 Store 1 

(3) 

Store 1 

(3b) 

Store 25 

(3) 

Store 25 

(3b) 

Store 51 

(3) 

Store 51 

(3b) 

𝑠1
∗ 39 44 16 15 16 13 

𝑠2
∗ 51 62 32 17 32 32 

𝑠3
∗ 60 65 32 26 32 32 

𝑠4
∗ 69 72 32 26 46 52 

𝑠5
∗ 41 51 24 26 28 29 

𝑠6
∗ 220 210 38 42 86 84 

𝑠7
∗ 216 230 46 53 51 60 

𝑠8
∗ 147 133 46 38 51 53 

𝑠9
∗ 69 64 24 24 28 30 

𝑠10
∗  100 112 31 39 48 55 

𝑠11
∗  41 49 21 21 22 26 

𝑠12
∗  45 48 15 20 14 17 

𝑠13
∗  238 231 72 82 165 154 

𝑠14
∗  73 86 32 29 32 32 

𝑠15
∗  202 184 64 67 83 80 

𝑠16
∗  31 39 24 21 24 18 

𝑠17
∗  165 156 48 64 100 103 

𝑠18
∗  189 180 38 48 76 75 

𝑠19
∗  83 92 28 37 45 52 

𝑠20
∗  41 48 24 21 24 20 

𝑠21
∗  72 76 24 26 28 26 

𝑠22
∗  78 92 32 27 32 32 

𝑠23
∗  100 111 31 33 41 42 

∑ Expected Lost 
Sales 

301 238 184 146 241 214 

∑ Expected 

Revenue (€) 

2246 2321 687 727 999 1030 

∑ Expected Sales 2153 2215 656 694 984 1010 

Expected Realized 

Waste (%) 

9.25 8.99 16.28 14.33 10.91 9.73 


