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Abstract 
This research was conducted as a master thesis performed at Delhaize Belgium, in collaboration with 

Eindhoven University of Technology. Delhaize Belgium is experiencing high shrink- and handling cost 

at the meat in-store production department. Therefore, they have started this project to investigate how 

to improve this and how expiration date visibility could be used. The analysis of the current situation 

has shown that the main problem causes are; lack of accurate shelf stock information, poor demand 

prediction, and high handing efforts needed for production, replenishment and quality control. Through 

simulation the improvement potential has been investigated. It has been found that using a more 

accurate demand prediction improves the model by optimizing the replenishment quantities. With this, 

the shrink- and handling cost are reduced and the OSA is increased. This ultimately leads to a higher 

profitability of the department. Using expiration date visibility can further reduce the handing costs 

slightly. Yet, expiration date visibility has other advantages such as providing more accurate shelf stock 

information. This information is needed to determine the replenishment quantities in the proposed 

model. Combining these advantages gives the complete value of expiration date visibility.   
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Management Summary 
This research was conducted as a master thesis project performed at Delhaize Belgium, in collaboration 

with Eindhoven University of Technology. Delhaize Belgium is a large supermarket chain in Belgium. 

Working to improve their processes, and aiming to reduce waste, they have initiated this project to 

reduce shrink at the meat in-store production (ISP) department. 

Problem statement 

The performance of the ISP-department depends highly on the expertise of each individual store. 

Several tools are available to assist the processes at the ISP-department such as a demand prediction 

and a forecast of foreseen working hours. These tools cannot be used directly and require interpretation 

of the team leaders of the department. As a result, the processes lack structure and consistency 

throughout the different stores, resulting in an inefficient replenishment process. Inefficiencies at the 

ISP-department are extra costly as meat is a high-value product and due to high handling cost at the 

department.  

Several problems are experienced at the ISP-department due to the lack of structure and processes. First, 

a full quality control of the entire shelf stock is needed every day. The short expiration date of the 

products (between one and three days) causes the need for all individual products to be checked. As this 

information is not captured, the process has to be repeated daily. Second, the production quantities are 

not optimal. The team leaders have the freedom to determine their production quantities themselves, 

and therefore, the interpretation of the team leaders mainly determines the replenishment quantities. 

The team leaders are assisted by a simplistic demand prediction based on the weighted average of the 

sales of the past four weeks, resulting in an inaccurate demand prediction.  

As Delhaize Belgium feels that the shrink at the department is too high, they have initiated this project 

to improve the shelf replenishment at the ISP-department. Based on the identified problem, the 

following research question has been formulated: 

How can shelf replenishment for highly perishables be improved by capturing expiration dates 

of the shelf stock? 

Analysis 

An extensive analysis of the current situation has been conducted to answer the research questions. 

Looking at the replenishment process, it has been found that some inefficiencies arise due to the 

logistical needs of highly perishable goods. To assure that all products are of high quality, the expiration 

date of each individual item has to be checked. Besides this, products which are about to expire have to 

be repacked to look closely if the quality of the product is still conform. At last, during the 

replenishment, products have to be displayed such that FIFO retrieval for consumers is stimulated. All 

these efforts make the replenishment at the ISP-department labour intensive. 

Besides this, the actual production of the consumer units requires extensive handling efforts. Therefore, 

determining the right production quantities is crucial as overproduction does not only cause shrink, but 

also the handling efforts are wasted. Optimizing the production quantities is challenging as the shelf 

stock information is not captured and the team leaders have the freedom to determine their own 

production. When team leaders decide to start the production of a PAT, they are forced to use this PAT 

entirely, otherwise freshness for consumers is lost. Due to this, the a certain production quantity is 

always produced at PAT level. On the other hand, PAT’s can be cut into several products and several 

product combinations, this give flexibility in terms of production quantity on item-level. With this 

flexibility and their expertise, team leaders should be able to follow a certain production planning.  

The demand arriving at the ISP-department has been investigated. It has been found that a strong weekly 

demand pattern occurs at the ISP-department. This weekly pattern with high sales on Fridays and 

Saturdays is common in supermarkets. Aside from this pattern, it has been found that around 90 percent 
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of the sales are obtained by the fixed assortment. The fixed assortment represents the products that are 

sold at least every month, and are therefore not related to seasonality. As the performance of the 

department is mainly determined by the fixed assortment, this research focussed on this fixed 

assortment. 

The performance in terms of shrink, production, handling and on-shelf availability (OSA) has been 

analysed. The shrink percentages highly differ between the selected stores with shrink percentages 

ranging from 3.5 to 8.5 percent. Given that the industry standard in the meat department is 4 percent 

(FAO, 2011), it can be concluded that the ISP-department at Delhaize Belgium can greatly be improved. 

The wide range in shrink percentage between the stores shows the great influence of the expertise of 

each individual store. Currently, the OSA is not measured at Delhaize Belgium. This would be an 

important measurement, as a higher OSA results in higher shrink for perishable products (Broekmeulen 

and Van Donselaar, 2017), Therefore, this measurement would be needed in order to correctly 

determine the performance and to find the right balance between customer service and shrink. 

Simulation Model 

A simulation model was designed to investigate the improvement potential of the ISP-department. This 

model represents the current processes and will be altered to investigate several solution directions. In 

the model, the following sequence of events occur; dispose shrink, update inventory position, 

replenishment and consumer retrieval. These last two steps are repeated twice per day to represent two 

production moments during the day. At the end of each day, the performance is calculated and the 

following measures are captured; shrink, OSA, profit, waste-, production-, handling-, lost sales-, 

substitution- and total cost.  

The replenishment decision is made in two stages, to represent the relation between the PAT’s and the 

associated items. In both stages, the replenishment follows an (R,S)-policy, where the base-stock level 

is compared to the current inventory position (IP). In case this IP reaches below the base-stock level 

replenishment is triggered. The base-stock levels are calculated by multiplying the expected demand 

with a certain safety margin. The first stage in the replenishment logic, is the decision whether or not 

replenishment is needed. This decision is made on PAT-level, thus, in case the IP of a certain PAT is 

too low, replenishment is triggered. The second stage will determine the actual production quantities 

on item-level. As the team-leaders are not obstructed by a fixed production quantity, the production 

quantities are determined by refilling the IP to the base-stock level.  

To simulate the current situation and investigate the improvement potential, four scenarios have been 

investigated. The first scenario aimed to represent the current situation and calculated the base-stock 

levels with the current prediction method, the weighted moving average. In the second scenario, this 

prediction method was improved by applying exponential smoothing with an optimized smoothing 

parameter for several product categories. The third scenario represented the improvement in handling 

time, in case expiration date visibility would be applied. At last, the replenishment logic was further 

improved in the fourth scenario. Here, the products have been divided into two groups and for each 

group, the safety margin was optimised.  

Results 

The results of the simulation have shown that the greatest improvement potential can be gained by 

changing the prediction method from the weighted moving average to exponential smoothing. Applying 

a significantly more accurate demand prediction, improves the setting of the base-stock levels which 

ultimately improves the replenishment quantities. This leads to a shrink reduction of 26 percent, while 

the OSA was increased by 1.2 percent. The overall profit of the ISP-department can be increased by 

25.8 percent. Optimizing the safety margins for different product groups, can further improve the model 

slightly and increase the profit with 0.9 percent. Investigating the improvement potential of expiration 

date visibility showed that the handling costs can be reduced by roughly 1.5 percent by eliminating the 
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need to check all expiration dates. As the products are highly perishable, the shrink will still have to be 

disposed every day which still requires manual labour and can therefore not be improved with expiration 

date visibility.  

Further investigation of the model showed that the performance of the model is highly dependent on 

the safety margin and the specific input parameters. First, the FIFO-ratio highly influences the 

performance of the model, as low FIFO retrieval leads to high shrink at the department. Therefore, the 

optimal safety margin and the profit are influenced by this parameter. Second, the lost sales- and 

substitution cost influence the model. The cost associated determine how much lost sales are penalised 

which changes the balance between underage- and overage cost. This again influences the optimal 

safety margin and profitability of the model. 

Conclusions 

It has been found that the ISP-department can greatly be improved in terms of shrink and profitability. 

The simulation showed that improving the demand prediction highly improves the model by optimizing 

the replenishment quantities. Unfortunately, these results cannot be directly compared to the current 

situation at Delhaize Belgium as simulation has been applied, during which some assumptions were 

made. Besides this, Delhaize Belgium does not measure their OSA and therefore, the current shrink 

levels cannot be put into perspective.   

The optimised replenishment quantities do not only reduce the shrink, but also the handling cost as less 

handling efforts are wasted. The safety margins applied for the replenishment logic can be further 

optimised by setting these according to specific product needs. These efforts slightly improve the 

performance of the model, but would make implementation for Delhaize Belgium extra challenging. 

The best model at Delhaize Belgium therefore depends on whether ease of implementation or theoretical 

optimum is preferred.  

Now looking at the value of expiration date visibility, it has been found that the handling time can be 

reduced by 1.5 percent. This is a small improvement compared to the results obtained with the improved 

demand prediction. Yet, expiration date visibility will provide some other advantages. Applying 

expiration date visibility will provide shelf stock information. This information is needed to determine 

the actual production quantities in the proposed model. Besides this, expiration date visibility could be 

used to implement innovations to stimulate FIFO retrieval of consumers. Combining all of these efforts 

gives the complete value of expiration date visibility.  

Relevance 

This thesis contributes to the existing literature in several ways. First, this research has included the 

handling cost when determining the optimal replenishment quantities. As perishable goods require extra 

handling efforts, these costs significantly contribute to the total cost of the system. The current literature 

recognises these extra needs for perishable products, but they have not been considered when optimising 

the replenishment quantities of the system. Second, the effects of expiration date visibility on these 

handling efforts have been investigated. In the previous literature, expiration date visibility has only 

been used to determine optimal replenishment quantities by adding, for example, a waste estimate 

(Broekmeulen and van Donselaar, 2009; Haijema and Minner, 2017). At last this research contributes 

to the scientific literature, as the ISP setting in supermarkets has not been studied before. The ISP setting 

has some specific system characteristics, where the link between the PAT’s and the items have to be 

represented. This research has developed a model to determine production quantities within this setting.   
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1. Introduction 
This chapter introduces the master thesis project performed at Delhaize Belgium in collaboration with 

Eindhoven University of Technology. Some background information on the company and the initial 

problem Delhaize Belgium is facing, will be provided. This chapter will also explain the problem 

context, the research questions, the scope and the research design. The findings of the literature review 

are presented, which has been conducted as a preparation for this research. 

1.1 Company Description 
The information used for this chapter is extracted from the company website of Delhaize Belgium and 

the annual report of 2018 from Ahold Delhaize NV.  

Delhaize Belgium was founded in 1867 by Jules Delhaize, his brother Edouard and his brother in law 

Jules Vieujant. Together they created the “Establissements Delhaize Frères Le Lion”. They 

revolutionized the food distribution industry by implementing a chain of stores where groceries, as well 

as wines and strong liquors could be bought. In 1957, Delhaize Belgium created its first supermarket, 

with that the first supermarket of Belgium. To continue their growth, Delhaize Group enters the stock 

market in 1962. In 2016, Delhaize Group merges with Ahold NV and together, they become Ahold 

Delhaize NV.  

Delhaize Belgium is constantly focusing on expanding and improving their supply chain to improve 

customer experience. This shows in their sales, with net sales over 5 billion euro in 2018 and their 

revenue has grown with 2.24 percent compared to 2017. Besides this, their market share has increased 

from 23.81 to 24.01 percent.  

To maintain customer satisfaction, Delhaize Belgium introduced different store formats such as 

supermarkets, convenience stores and online shopping. In 2018, Delhaize Belgium had a total of 777 

operating stores, an increase of thirteen stores compared to the previous year. The online sales of 

Delhaize Belgium have increased significantly as well with 25.7 percent more customers using home 

delivery. 

1.2 Problem Context 
Currently, the performance of the meat in-store production (ISP) department is highly dependent on the 

expertise in each individual store. The stores are assisted by some tools displaying a sales forecast and 

the expected working hours. These guidelines cannot be strictly followed and require interpretation of 

the team leaders. Thus, the daily activities and processes are intuitively organised by the team leaders, 

based on their know-how and available tools. This lack of structure at the department results into 

inefficiencies in the replenishment process in several ways.  

First, quality control on the available shelf inventory is an activity which is conducted fully manually 

and is very time consuming as a full control of the entire assortment is needed. Daily control is 

imperative as the consumer units have a shelf life between one and three days. Spot checks on the 

inventory are not possible without the risk of missing important information. The shelf stock 

information is not registered in an information system after checking the shelves. Due to this, it is 

difficult to integrate the inventory information throughout the processes of the meat ISP-department. 

Second, the amount of consumer units produced for shelf replenishment is not optimal. The current 

production list available for team leaders is solely based on a weighted moving average of the sales of 

the past four weeks. This method does not provide an accurate demand prediction and the production 

list does not consider the inventory already available on the shelves. Due to this, the team leaders are 

not able to use the production list to determine their replenishment quantities. 
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Thus, constant stock control and the lack of integration of this information in the production list, is 

responsible for inefficiencies in the work organisation and leads to a high number of daily tasks, 

overproduction and the need for full assortment control. Besides these inefficiencies, it is a source of 

financial losses due to waste and lost sales. Since the current processes are highly dependent on the 

execution of each individual team, there is no uniformity throughout the different supermarkets and this 

risks local errors. 

Considering the current market context, efficient execution is critical to gain a strong competitive 

advantage. Delhaize Belgium expects that capturing the inventory levels, including their expiration 

dates, could improve the replenishment process by supporting the quality control and determining 

optimal production levels. They want to optimize the production list by improving the demand forecast 

and combining this with the current inventory levels to generate a more accurate production list. They 

suspect that capturing this information will lead to an acceleration of the production process, a reduction 

of staff cost and waste while remaining the current service level for consumers. At the moment, these 

potential advantages cannot be quantified and validated, thus the exact potential of these improvements 

remain unknown.  

1.3 Research Questions 
Based on the identified problem, the research scope and goal, the following research question has been 

formulated: 

How can shelf replenishment for highly perishables be improved by capturing expiration dates 

of the shelf stock? 

To be able to answer this question, the following sub-questions are formulated: 

1. What does the current replenishment process look like and what inefficiencies are experienced? 

2. What are the logistical needs for the perishables and how do these affect shelf replenishment? 

3. What are the cost drives for the replenishment process? 

4. How can the current shelf replenishment process be modelled?  

5. How can the production quantities per day be determined? 

6. Which scenarios can be formulated to investigate the impact of expiration date visibility on 

shelf replenishment? 

7. How can the performance of the scenarios be analysed and compared? 

8. How does expiration date visibility affect the performance of the model? 

9. What insights can be gathered for other retailers that deal with highly perishable goods? 

1.4 Scope 
The research will focus on the ISP-department of Delhaize Belgium. All pre-packed product categories 

of the meat department are left out of scope as these follow a different process. Thus, only the items 

transformed within the store will be considered in this research. These items enter the store in large 

pieces of meat muscle which still need to be cut. The research will focus on two main aspects of the 

ISP-department, handling activities and improving the production list. The handling activities include; 

production, replenishment and checking the shelf stock, which includes quality control, expiration date 

check and determining the shelf stock quantities. For an improved production planning, this research 

will investigate several demand prediction methods. This demand prediction will be used with an 

inventory control policy to determine the production quantities per day per product.  

1.5 Research Design 
The research is designed following the setup of the problem-solving cycle defined by Van Strien (1997). 

The regulative cycle is displayed in figure 1 and consists of the following phases: problem definition, 

analysis and diagnosis, plan of action, intervention and evaluation. 
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FIGURE 1: THE REGULATIVE CYCLE (VAN STRIEN, 1997) 

As can be seen in the figure, the problem starts with a problem mess, which will be structured during 

the problem definition phase. During this phase the first research question will be answered. During the 

second phase, an in-depth analysis of the ISP-department will be conducted and the second and third 

research questions will be answered. After that, the current situation will be modelled, and the solution 

design will be formulated. In this phase concludes by answering the fourth, fifth, sixth and seventh 

research question. After that, the performance of the models will be simulated during the intervention 

phase. During this phase, the results will be generated and the value of capturing the expiration dates 

will be quantified and with that, research question eight can be answered. At last, during the evaluation 

phase, the last research question will be answered. This phase will be concluded by reflecting on the 

main research question.   

1.6 Literature Review 
This section shortly reviews the identified gap in the literature to which this research will contribute. 

As a preparation for this thesis, literature focusing on store operations has been reviewed. Several 

aspects of store operations such as store ordering and shelf replenishment have been studied extensively. 

When reviewing the existing literature, a gap has been identified on the store operations for perishable 

inventory. Most research focuses on optimizing store ordering such that waste of perishables is 

minimized. Mou, Robb and Dehoratius (2018) have conducted an extensive literature review and found 

that research on the handling of perishables is missing. Several articles found that the correct handling 

of products, especially store ordering and shelf replenishment, is crucial in maintaining high store 

performance in terms of inventory accuracy, on-shelf availability and minimizing shrinkage. Besides 

this, literature has found that perishable goods have different logistical needs than non-perishables. 

Methods like RFID aim to assist the ordering- and replenishment process by providing traceability of 

expiration dates and giving insight in inventory levels. Though, the cost of RFID is higher than barcodes 

and therefore, this technology might not be applicable for all items in the supermarket. Thus, store 

operations for non-perishables have been studied as well as methods to better track store inventory. Yet, 

the improvement potential of better shelf replenishment and the correct method to capture inventory 

information for perishables remains unknown.  

This research will contribute to narrowing the identified gap by investigating the role of handling of 

perishables goods to the store performance. This research investigates how capturing shelf stock-

information will reduce the handling efforts of perishables, as perishables require more handling efforts 

in the shelf replenishment process. Besides potential improvements on handling time, the research will 

quantify the potential improvement in shrinkage and service offered at the department. Combining these 

measures will lead to a more complete overview of the performance of shelf replenishment. At last this 

research contributes to the scientific literature, by researching the ISP setting in supermarkets. The ISP 

setting has some specific system characteristics which have not been studied before.   
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Part 1: Current Situation 

2. Process Description 
The process steps of the ISP-department are explained in detail in this section. Figure 2 displays an 

overview of all the process steps of the ISP-department on a regular day. The figure shows that the day 

starts with the quality control during which the shelves are prepared. After that, the team leader knows 

the shelf stock and he can start production. At last, the shelves are replenished with the produced 

consumer units. The correct product information must be maintained for traceability throughout these 

process steps. 

 

FIGURE 2: PROCESS DESCRIPTION 

The information used to describe these process steps is obtained via semi-structured interviews with 

stakeholders, store visits and pre-defined working methods which must be followed at the department. 

At each process step, issues or deviations from the described working methods are discussed. The focus 

of this research is the shelf replenishment and productions, but to give a complete overview of the 

activities of the department, all the process steps will be described.  

2.1 Quality Control 

2.1.1 Stock Check 
The quality and expiration dates of all the products on the shelves are checked every day before the 

store opens. The expiration date of each individual product has to be checked, making this a labour-

intensive process. In some cases, the products are stacked on top of each other, in which case the top 

layer has to be removed to be able to check the expiration dates. Products cannot be stacked with more 

than two layers on top of each other and overall, the shelf stock quantities are not higher than 10 pieces. 

Products which have pasted their expiration date are scanned to delist them and to register them as 

shrink. The products are taken out of the shelves and are put on a separate tray. All expired products 

are thrown away after the entire shelf stock has been checked. Products with a remaining shelf life of 

one day have to be taken out of the shelves and are repacked. A product can be brought to the repack 

process earlier in case a potential quality issue is detected. In that case, the product is scanned and 

registered for repack. After that, the product is placed on a separate tray and when all the repack products 

are collected, this tray is brought to the repack process. During the stock check, the shelf quantities are 

checked as well. This is a visual check during which the exact shelf quantities are not measured nor 

captured. 
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Once per month, the inventory quantities of the entire department are checked, this includes the 

backroom- and the shelf stock. Checking the quantities in the backroom is very time consuming as all 

the PAT’s (Prêt à Trancher, these are the large pieces of meat muscle) must be weighted. Each PAT is 

weighted, and the total weight of one PAT type is registered in the system manually. The quantity of 

the shelf stock is captured using barcode technology by scanning each product individually as each 

consumer unit has a different weight.  

2.1.2 Repack 
The repack products are taken out of the shelves during the stock check in the morning. The repack of 

products is introduced to assure the quality of the products on the shelves. To determine the quality of 

the products, products are unpacked and the team leader checks the quality. Delhaize Belgium does not 

offer strict guidelines to determine the quality of the products but trusts the expertise of the team leaders 

for this process. When checking the quality, there are three options to proceed. First, the quality 

standards are met, the product can be repacked. There, a new product label is created which indicates 

that the product has been repacked as products are only allowed to be repacked once. Second, when the 

product does not meet the quality standards, the product will be disposed. At last, the detected quality 

is not sufficient, but the product can be used to prepare other products such as minced meat and cooked 

specialties, the products will be reused. These products are placed in a separate bin and which later will 

be used in the production process.  

The aim of the repack process is to assure high product quality for the consumers. The downside to 

offering this assurance, is that the repacking procedure is very inefficient. Retrieving, unpacking, 

checking the quality, repacking and restocking is very time consuming. In the planning, stores are 

allowed to spend 8 or 9 percent of their time on the repacking process. Stores with high overproduction 

levels will therefore exceed this time as overproduction leads to extra repack. Not only does repack 

cause extra handling cost, it also uses extra packaging materials. The extra handling of these products 

also brings the risk of errors in internal traceability. Traceability information could be lost, or the wrong 

information can be scanned. At last, the repacked products remain less attractive for consumers than 

the freshly cut products. Only 48 percent of the repacked products are sold. Therefore, it is very likely 

that the products are wasted after all, meaning that the extra handling steps are wasted. 

2.1.3 Markdown 
The team leader of the department can decide to markdown products for several reasons. Products that 

are almost expired can be marked down in the hope that they still be sold. Another reason can be that 

the packaging of the product is slightly damaged, but the product is still good. At last, left over seasonal 

products can be marked down after the season has passed. The markdown percentage is determined by 

the team leader and is dependent on several factors. The number of products left over, the remaining 

shelf life, the type of product and the expected number of customers are factors that influence the 

markdown percentage. All pre-packed products of the meat department are allowed to be marked down. 

Products from the ISP-department are only allowed to be marked down in case of extreme over 

production. Delhaize Belgium feels that marking down the IPS products could damage the high-quality 

image of the department.  

2.1.4 Department Walk 
The department walk is executed several times per day. During this process, out-of-stocks (OOS), the 

hygiene, quality and the freshness of the products are checked. Thus, the department walks are aimed 

to maintain the department. In case, OOS’s are detected for a product or category, the department walk 

can trigger extra production. Another important check is controlling the temperature of the fridges. The 

temperature of the production area must be maintained at maximum ten degrees. After production, the 
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consumer units are stored in fridges at a temperature between zero and four degrees. In case these 

conditions are not met for longer than half an hour, the products cannot be used anymore. 

2.2 Ordering 
After the quality check, the team leader starts the ordering process for the PAT’s and other purchase 

products. To assure that the products are delivered the next day, all orders need to be placed before 10 

am. At the ISP-department, two ordering systems are used. One Automated Store Ordering (ASO) 

system to handle the pre-packed products and manual ordering method. For the ISP products, the 

ordering is executed manually with an ordering book. The team leader takes this ordering book to the 

backroom and shelves, and while visually checking the stock, he decides how much to order. This 

ordering is fully based on the know-how of the team leader. For the PAT’s, the ordering quantities are 

less sensitive than deciding how much consumer units to produce. The shelf life of these PAT’s is one 

month, which is much longer than the shelf life of the consumer units. The PAT’s can be transformed 

into several consumer units, and therefore the variability in the demand of these PAT’s is much lower. 

Due to this, the shrink for these products caused by ordering is not causing any problems. The PAT’s 

are still fast moving, and as long as the team leaders correctly adapt FIFO in their processes, the PAT’s 

will always be used before their expiration date. 

2.3 Production 
The production process is conducted every day around 70 percent of the production is finished before 

noon, 30 percent after. For the products that are produced in the afternoon (after 16.00h), the shelf life 

is four days instead of three. The production starts with determining the production quantities such that 

the demand during the production (this takes around 4 hours) plus the review period (one day) can be 

met. The lead time differs per product and depends on the production sequence.  To assist this process, 

Delhaize Belgium provides the team leaders with a “production list”. This production list is merely 

demand prediction, calculated by taking the weighted moving average of the sales from the past four 

weeks. For example, the prediction for Monday, is the weighted average of the sales on the past four 

Mondays. To calculate the weighted average, the most recent week weighs for 40 percent, the week 

after 30 percent, and so on. At the “production list”, a distinction is made between the sales before- and 

after noon. This is needed for the products with a shelf life of only one day. Delhaize Belgium requires 

that these products are produced twice per day such that the products are always available on the 

shelves. At Delhaize Belgium 15 percent overproduction is allowed at the ISP-department.   

Currently, the team leaders do not follow the quantities indicated at the production list. They feel like 

the production list is too primitive and it does not display a good balance between customer service and 

shrink. The team leaders trust their own knowledge more than the indicated production quantities. 

Besides this, the production list does not incorporate the shelf stock information, nor does it consider 

other influencing factors such as weather and promotions. At last, the lack of structure in the production 

list obstructs efficient use. At the ISP-department, a strict production sequence must be followed, and 

the production list is not structured in a way that respects this sequence.  

After the production quantities have been determined, the actual production can start. The team leader 

and assistant(s) work together on the production. As the team leader is more experienced, he is 

responsible for the production of the more technical parts. To prevent cross contamination, a strict 

production sequence must be respected. Whenever the production changes to a different type of meat, 

the materials need to be disinfected. The following production sequence has to be respected: beef, veal, 

pork and at last, lamb. Within this sequence, butchers have to start with the production of unseasoned 

meat and after that, the production of seasoned meat. The production department has to consider more 
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extensive cleanliness regulations, but as these are out of scope for this research, these will not be further 

described.  

As soon as a PAT is opened, everything must be cut even if this results in overproduction. From the 

moment the PAT is opened, the meat has a shelf life of three days. Therefore, in case the PAT is not 

fully processed immediately, freshness for consumers is reduced. Thus, when replenishment is needed 

for a fast-moving product, the team leader has to decide if it is needed to open a new PAT. It could be 

that slow-moving products of this PAT are still available, in that case, the team leader can decide to 

rely on consumers to substitute their demand. Even though opening a new PAT forces the team leader 

to fully produce the PAT, and with that, produce a certain production quantity, the team leader is very 

flexible in which products to make. From one PAT several products can be produced, and a large 

amount of product combinations can be made. This allows the team leader to create small quantities of 

a certain product. Making these product combinations requires high skill of the butchers, but a well-

trained butcher should be able to follow a certain production plan.  

The last step of the production department is packaging the products. This step is important in 

maintaining the traceability of the products. Detailed information on traceability of the products is 

explained in section 2.5. The packaging process is semi-automated, a packaging machine is used which 

includes a scale such that a label with the correct product information can be printed. The packaging 

machine is constantly handled by the assistant who supplies the machine with unpacked products, sticks 

the packaging with promotion stickers, and stacks the packed products which are ready for 

replenishment. 

2.4 Shelf Replenishment 
The replenishment of shelves is executed several times per day. Each time a production batch has 

finished and packed, the products are replenished by the assistant. The replenishment frequency is 

therefore dependent on the production levels per day. During the replenishment of the shelves, several 

regulations regarding the presentation of the products have to be respected. The products have to be 

presented to assist FIFO retrieval. Besides this, it is not allowed to stack the products higher than two 

layers, in case the products do not fit on the shelves, the products are temporarily stored in the backroom 

and the shelves have to be replenished as soon as there is space available at the shelves. Complying 

with the presentation regulations and replenishing the shelves several times per day makes the 

replenishment process time consuming.  

2.5 Traceability 
The traceability of all products must be respected throughout the processes of the ISP-department. The 

traceability starts at the inbound logistics where all supplier receipts of the products are checked. The 

following information must be captured at the inbound logistics: origin, quantity, receipt date, supplier 

identification and the serial number of the product. After this information is captured, the internal 

traceability process must assure that this information is not lost and forms the link between the in- and 

outbound control at the stores. To assure the internal traceability, stores create their own product labels 

which contain all the necessary information such as expiration date, ingredients and the weight. The 

product labels are created with the packaging machine, during the packaging process. During 

production, it is crucial that the supplier information is captured. This is assured by placing the PAT 

label at each batch of produced consumer units. Thus, all parties working at the ISP-department are 

responsible for maintaining the traceability throughout the different production steps.  
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2.6 Stakeholders 

Filière Department Team  

The Filière department team is responsible for the strategic management of a product category. It is a 

network of specialists of different departments who work together for the management of a product 

category. The interest of the Filière Department Team is on a strategic level and concern gaining more 

structure at the department. Currently, the team leaders can decide what they will produce. Even though 

Delhaize Belgium gives some structure and indications of the assortment that needs to be present at the 

store, there are a lot of inconsistencies between the stores. The improved production list and shelf stock 

information will assist in gaining better insight in the stores. It can form the basis to gain control and 

create uniformity throughout the different stores.  

Retail Operations 

The retail operations refer to the actual stores and include the interest of the store director and the team 

leader of the ISP-department. The stores are responsible performance in terms of shrink- and customer 

service themselves. Therefore, the proposed solution should contribute to these parameters. Another 

important aspect for the stores is the user-friendliness of the production list. One of the reasons why the 

production list is currently not used, is that it is difficult to work with. This has two reasons, first, the 

production list is unstructured and does not respect the production order. This makes working with the 

production list difficult as products derived from the same PAT are not grouped together. Second, the 

information of the production list is incomplete, it does not consider the shelf stock and the team leaders 

do not feel that the suggested production list correctly represents the demand.  

Operations Support 

Operational Support is responsible for improvements in the current operations. One team of operational 

support is responsible for reducing shrink, including the shrink at the stores and DC’s. As this team 

specifically focuses on reducing shrink, they have initiated this project. In their current measures, they 

found that shrink at this department is extra costly, as meat is a high value product and the production 

of this department requires extensive handling. The interest of the operational support department for 

this project are to quantify the improvement potential for the ISP-department. This information can be 

used to support possible investments needed for improvement and can be used as grounds to change the 

working methods. If this project reaches the desired results, a pilot test in one of the stores can be started 

to further develop implementation and reduction of shrink.  
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3. Demand 
The demand analysis will be based on the sales data of 2017 until March 2019, this demand analysis 

will only consider the ISP-department. Nine stores of Delhaize Belgium are selected and compared to 

each other to investigate the differences per store. The selection of the stores is based on the size of the 

ISP-department and the current shrink percentage. Figure 3 displays the position of the selected stores. 

As can be seen, small, medium and large stores are selected with high, medium and low shrink 

percentages. The exact data of the selected stores is presented in appendix A. 

 

FIGURE 3: POSITION STORES 

3.1 On Shelf Availability 
The on-shelf availability (OSA) has to be sufficient for the sales data to correctly represent the demand. 

Corsten and Gruen (2003) identify that inaccurate forecasts can be explained that by the fact that 

forecasting systems use sales data instead of actual demand data. When products are OOS customers 

either substitute their demand, delay their purchase or buy the product somewhere else (Corsten and 

Gruen, 2003). All of these consumer responses will cause that the sales records do not correctly 

represent the demand.  

Because of this reason, a high OSA is necessary to correctly predict demand. Yet, for the ISP-

department, a high OSA is not always desired. Several different consumer units will be produced when 

cutting a PAT, and some of these products are less in demand than others. In this case, Delhaize Belgium 

wants to use the substitution behaviour of the consumers to assure that all the products from one PAT 

will be sold. Maintaining a high OSA for all products would result in a high waste as demand a full 

PAT has to be opened to produce a specific product. A lower OSA level is therefore desired to sell all 

the different products of the department and the sales data can be used to represent the demand of the 

department.  

3.2 Assortment Selection 
The improvements regarding the production planning will not be investigated for the entire assortment 

of the stores. Further analysis and demand prediction will only focus on the fixed assortment. This 

section will explain how the fixed assortment is determined.  
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The selection of the fixed assortment has been made based on the sales data from the ISP-department 

of 2018. The products which are sold every month are determined to be the fixed assortment. As each 

store can determine their own assortment, the fixed assortment is different for each store. Therefore, 

this fixed assortment has been determined for each store. In Table 1 gives and overview of the fixed 

assortment per store. 

TABLE 1: OVERVIEW FIXED ASSORTMENT 

Store Nr. of Products in 

Fixed assortment 

Total nr. of products 

IPS 

Percentage of Sales 

fixed assortment 

StoreA 86 215 87.5 

StoreB 61 214 86.4 

StoreC 105 288 89.1 

StoreD 86 255 84.0 

StoreE 97 269 91.3 

StoreF 94 245 90.3 

StoreG 84 230 88.4 

StoreH 123 245 95.3 

StoreI 118 243 94.7 

   90,6 

 

On average, the selected assortment accounts for 90.6 percent of the total sales. Since this contribution 

is so high, it can be assumed that no products highly contributing to the sales are left out and no other 

selection criteria for the fixed assortment are needed.  

3.3 Demand Patterns 
The demand analysis is based on the cumulative demand of all the stores, the individual stores roughly 

follow the same pattern and therefore, the stores are not investigated individually. Detecting patterns 

and trends in the demand is necessary to correctly select a demand prediction model. As only the fixed 

assortment is selected, this will be analysed below. The patterns of the variable assortment have been 

investigated as well to give a complete view of the ISP-department, but the focus will remain on the 

fixed assortment, therefore the results of the analysis of the variable assortment are presented in 

appendix C.  

3.3.1 Trend 
In figure 4 the monthly sales from January 2017 until March 2019 are displayed. These are the 

cumulative sales of the nine selected stores. Overall, a slight decreasing trend can be detected for the 

total sales of the meat. When looking at the trend lines of each individual store, it can be found that 

most stores follow this decreasing trend. In appendix A the slopes and intercepts of the trendlines for 

each individual store are presented. Thus, overall, a decreasing trend in the sales of the ISP-department 

has been detected.  This trend is only detected for the ISP-department and is not experienced at Delhaize 

Belgium on store level. The decrease at the ISP-department can be explained as consumers have more 

options for substitution such as biological pre-packed meat and meat substitutes such as tofu or vegan 

burgers. These causes have been verified by the team leaders of the ISP-department as they recognise 

this decreasing trend as well and observed this shift in consumer behaviour.  
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FIGURE 4: SALES ISP-DEPARTMENT 

3.3.2 Monthly Sales Pattern 
A slight monthly sales pattern has been detected. In figure 5 the monthly percentage of the total sales 

from the fixed assortment are presented. In the graph, it seems that the sales are spread quite equally 

over the year with slightly higher sales in the winter months. Besides this, the sales in July are slightly 

lower than in the other months. This could be explained as July is a holiday period, more people will 

be on vacation during this time and will therefore not purchase their groceries at their regular 

supermarket.  

 

FIGURE 5: MONTHLY SALES PATTERN 
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Comparing the fixed- to the total assortment, it can be seen that the sales of the fixed assortment roughly 

follows the same pattern as the total sales. This observation is quite logical as the sales of the fixed 

assortment account for about 90 percent of the sales. Yet, when looking at the months May and June, it 

can be seen that the sales of the fixed assortment are slightly lower. This can be explained by looking 

at the percentage of sales of the fixed assortment, presented in figure 6. Here, it can be seen that a strong 

monthly pattern exists in which the fixed assortment accounts for much lower sales in the summer 

months. This could be explained by the so called “barbecue effect”, in periods of good weather, 

customer require different products. This does not affect the total sales, but it does affect the products 

sold in that month.  

 

FIGURE 6: PERCENTAGE OF SALES FIXED ASSORTMENT 

3.3.3 Weekly sales pattern 
A weekly sales pattern for Dutch supermarkets in the Netherlands is detected by Van Donselaar, Van 

Woensel, Broekmeulen and Fransoo (2006). Therefore, it has been investigated if this pattern exists as 

well for Delhaize Belgium. The weekly sales are presented as a percentage of the total weekly sales for 

Delhaize Belgium in figure 7. As for the Dutch supermarket, a clear weekly sales pattern can be detected 

with high sales on Fridays and Saturdays. 

 

FIGURE 7: WEEKLY SALES PATTERN DELHAIZE BELGIUM 

82

84

86

88

90

92

94

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

P
er

ce
n
ta

g
e 

o
f 

to
ta

l 
sa

el
s

Percentage of sales fixed assortment

Percentage Fixed

0,00

5,00

10,00

15,00

20,00

25,00

30,00

Mon Tue Wed Thu Fri Sat

P
er

ce
n
ta

g
e 

o
f 

to
ta

l 
sa

le
s

Weekly Sales Pattern

Total Fixed



15 
 

As can be seen, the fixed and total assortment roughly follow the same pattern. Unlike for the monthly 

sales pattern, the fixed assortment does not deviate from the total assortment. On Friday and Saturday, 

it could be detected that the sales of the fixed assortment are slightly lower than the total assortment, 

but this effect is very minimal and can therefore be neglected. 

In conclusion, at the ISP-department, several demand patterns can be detected. A slight monthly sales 

pattern has been detected in which the sales are higher during the winter months and have a low point 

in the month June. The demand follows a strong weekly sales pattern with high sales on Fridays and 

especially on Saturdays. Aside from these patterns, the sales of the ISP-department contain a decreasing 

trend. Overall, the sales of the fixed assortment follow the same patterns as the total assortment and 

therefore, it can be concluded that the fixed assortment well represents the total ISP-department.   
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4. Performance 

4.1 Shrink 
Shrinkage can be defined as all types of stock loss which leads to products being unavailable for sale 

(Kang and Gershwin, 2005). Causes of shrinkage are theft, damage, spoilage, supplier error and 

products becoming out of date (Kang and Gershwin, 2005; Bertolini, Ferretti, Vignali and Volpi,  

2012/2013). This research focuses on shrinkage due to products expiring, of which overproduction is 

the main cause. In the literature, this cause has been identified as the main cause of shrinkage for fresh 

products. This section analysis the shrink performance of the selected stores of Delhaize Belgium.  

In appendix B a plot has been made of the shrink data from January 2017 until March 2019. The figure 

shows that the data behaves different form October 2018. This can be explained as Delhaize Belgium 

changed their ERP system at that moment. This new ERP system captures the shrink data differently 

than the previous system. The shrink that occurs during the repacking process, is captured as 

unidentified shrink in the new system, in the old system this was identified shrink. As products only 

enter the repack process in case of overproduction, this shrink should be considered. Problems with the 

old ERP system already occurred two months before changing the system, therefore the analysis of the 

shrink will look at the data from January 2017 until July 2018.  

Table 2 displays the total shrink percentage and the shrink percentage of the fixed assortment for the 

selected stores. Again, the shrink percentage of the variable assortment has been investigated and these 

results are presented in appendix C. In the table, it can be seen that the stores with a high shrink for the 

total assortment, also have high shrink for the fixed assortment. This indicated that the shrink for the 

fixed assortment mainly determines the shrink performance of the store. For the total shrink percentage, 

most stores perform worse than the industry standard of 4 percent (FAO, 2011). Only the well 

performing stores of Delhaize Belgium perform slightly better. 

TABLE 2: PERFORMANCE SHRINK STORES 

Store Shrink Percentage Fixed  Shrink Percentage Total 

StoreC 5.5 8.5 

StoreB 5.6 7.6 

StoreE 5.6 7.0 

StoreG 4.1 6.6 

StoreH 3.6 6.3 

StoreF 5.0 5.9 

StoreI 1.2 3.8 

StoreA 2.7 3.8 

StoreD 1.4 3.5 

 

In figure 8, the total sales, the shrink percentage of the total assortment and the fixed assortment are 

presented. Looking at this graph, it can be seen that every quarter, the shrink peeks. This can be 

explained by corrections that are made at the beginning of each quarter, before the quarterly results are 

presented. The shrink of the first days of each quarter, are cause by the replenishment decisions made 

in the previous quarter. Therefore, Delhaize Belgium believes that this shrink should be allocated to the 

quarter in which the replenishment decision has been made. This results in a high shrink in the last 

month of each quarter, and a low shrink in the first month of each quarter.  

Besides this, the graph shows that, for the months in which the sales are lower, the shrink percentage 

seem to increase. This can be seen in both June 2017 and 2018 and in July 2018. In these months, the 

sales were lower, and the shrink percentage is visibly higher. The exact relation between the sales and 
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the shrink percentage is difficult to interpret due to the corrections made at each quarter. Overall, the 

shrink of the fixed assortment follows the same pattern as the shrink of the total assortment.  

 

FIGURE 8: MONTHLY SHRINK AND SALES 

At last, the shrink throughout the week has been investigated and presented in figure 9. The graph shows 

that the shrink peeks on Mondays and Thursdays. The peek on Monday can be explained as all the 

products that are not sold during the weekend are disposed on Monday morning. As the stores are closed 

on Sundays, all products produced which are produced on both Thursday and Friday have to be disposed 

on Monday. As the many products are disposed on Monday morning, the OSA is very low at that 

moment. To replenish the shelves, team leaders start overproducing on Mondays. The overproduction 

created on Mondays is thrown away on Thursday morning, and this explains the second peek on 

Thursday. Again, the shrink of the fixed assortment follows the same pattern as the total assortment.  

 

FIGURE 9: WEEKLY PATTERN SHRINK 

4.2 Production 
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captured in the overall ERP system. Because of this, only the data of the past six months was able to be 

retrieved. Another issue with the production data is that the material labels are not the same as registered 

in SAP, for the fixed assortment, the material label were found but it is not possible to investigate the 

entire assortment. 

Figure 10 displays the weekly production pattern of the ISP-department. For every store, roughly the 

same pattern is detected. As can be seen in the figure, the production on Monday is very high compared 

to the sales. This is because the OSA level is the lowest on Mondays because a lot of products have to 

be disposed after the weekend. Remarkable is that the production on Monday is much higher than the 

sales, but the production on both Tuesday and Wednesday is similar to the sales. Because of this 

overproduction, the shrink levels on Thursday are very high, as discussed in section 4.1. On Saturday, 

the opposite effect can be observed. Here, the sales are much higher than the production. During the 

store visits, the team leaders have indicated that they try to minimize the production on Saturday as the 

stores are closed on Sunday. All products produced on Saturday therefore lose one day of freshness for 

the consumer.  

 

FIGURE 10: WEEKLY PATTERN PRODUCTION 

4.3 Handling 
To plan the handling time, Delhaize Belgium uses a norm per activity. This norm has been determined 

based on an average store and the norm for a specific store gets adapted based on store specifics. The 

norm for the production time, for example, gets adapted to the amount of consumer units produced. 

Thus, the norm recognises that extra time is needed for the production of each item, not the value of the 

produced item. The activities not directly linked to consumer units, such as cleaning, gets adapted to 

store characteristics such as store size. This norm does not change in case more items are produced but 

remain fixed for a certain store. The norms per activity are based on a time and motion study conducted 

at Delhaize Belgium by an external consultancy. When determining these norms, an distinction has 

been made whether the activity is handled by the butcher or the assistant.  

As could be expected, most handling time, around 50 percent, is spent on the actual production of the 

consumer units. Other interesting activities which take a significant amount of time, are replenishment 

and handling shrink. The replenishment process is time consuming as this process is repeated several 

times per day, around 15 percent of the total time is spent on the replenishment process. At each 

replenishment, the products have to be placed such that FIFO retrieval is stimulated, which obstructs 

the efficiency of the replenishment process, this was also found by Van Zelst, Van Donselaar, Van 

Woensel, Broekmeulen and Fransoo (2009).  The handling of shrink consists of checking the expiration 

0,00

5,00

10,00

15,00

20,00

25,00

30,00

Mon Tue Wed Thu Fri Sat

P
er

ce
n
ta

g
e 

o
f 

to
ta

l 
p
ro

d
u

ct
io

n
 /

 s
al

es

Weekly Production

Production Sales



19 
 

dates, register the shrink and throw away the products. As each product has to be checked individually, 

this process is relatively time consuming, and around 6 percent of the time is spent on handling shrink.  

The norm for handling time needed of these activities is linked to the amount of consumer units sold. 

Therefore, overproduction causes extra handling time in several ways. More time will be needed for the 

actual production of these items. As the overproduction items are not sold, the item requires extra 

mirroring and handling of shrink. Extra time for replenishment is also needed as unsold products are 

repacked and replenished a second time.  

Using the norm per activity, the expected handling time needed per product can be calculated. Based 

on an average store, the handling time per product has been calculated to be 0.96 minutes. 

4.4 On Shelf Availability 
Currently, the OSA levels are not measured at Delhaize Belgium, and therefore no data analysis is 

possible for this area and the performance remains unknown. A part of the customer service is offering 

high service levels. As Delhaize Belgium profiles their selves as a high-service supermarket, high OSA 

levels should be maintained. To control OOS’s at the department, zero-balance walks are conducted. 

These zero-balance walks are very unstructured and are mainly used to trigger extra production. No 

measurement of the OSA levels are captured during this check and therefore the OSA levels at Delhaize 

Belgium remain unknow.   

In the current literature, OSA levels and OOS’s are extensively studied. The exact cost associated to 

OOS’s are not determined, but worldwide 3.9 percent of sales are lost due to OOS’s (Corsten and Gruen, 

2003). The cost of OOS’s defer per product category, and therefore the optimal OSA level is different 

per product category (Trautrims, Grant, Fernie and Harrison, 2009). For fresh foods, Broekmeulen and 

van Donselaar (2017) found that the OSA is a trade-off between a providing a certain service level and 

food waste. As the OSA level holds this balance between the service level offered and the waste 

generated at the department, the OSA levels should be measured for the ISP-department in the proposed 

model.  

From one specific PAT, several products will be made. Some of these products are preferred than others 

by consumers, in case the OSA for all these products would be high, the less desired products would 

always get wasted. In this case, the ISP-department relies on consumers to substitute their demand in 

case their preferred product is not available. Therefore, the ideal OSA level at Delhaize Belgium should 

reflect the right balance between service level and waste levels.  

  



20 
 

5. Conclusion 
In the first chapter “Process Description”, the current process at the ISP-department is described. This 

answers the first research question “What does the current replenishment process look like and what 

inefficiencies are experienced?”. During the investigation of the current processes, the logistical needs 

for the perishables are identified as well, these will be concluded here, answering research question two: 

“What are the logistical needs for the perishables and how do these affect shelf replenishment?”. 

The process description focuses on the processes directly related to the shelf replenishment. The norm 

for handling time needed for these process steps are all adapted to the number of products sold at the 

store. As the products are highly perishable, extensive quality control at the ISP-department is needed 

every day. This is very time consuming as the expiration date of each product has to be checked 

individually and the shrink has to be registered at product level. Besides this, the repacking process, 

which is conducted to assure the quality at the department, is inefficient as several process steps have 

to be repeated. At last, the inventory levels are visually checked, and therefore, no accurate inventory 

levels are available. Accurate inventory levels are important to efficiently manage store operations as 

inventory levels are used to determine order quantities and can trigger shelf replenishment (Mersereau, 

2015; Raman, DeHoratius and Ton, 2001). Inaccurate inventory levels can even lead to 10 percent loss 

of profit (Raman et al., 2001).   

At the ISP-department, about 50 percent of the total working hours are spent on the actual production 

of consumer units. Currently, this production is inefficient as the “production list” is merely a demand 

prediction and therefore, no actual production planning exists. To optimize the production quantities, a 

clear and accurate production planning is needed. Aside from this production list, team leaders are able 

to adapt to consumer demand and trigger extra production if needed. This brings flexibility to the 

replenishment of the department. Yet, when production is triggered, one PAT has to be opened and used 

entirely. This means that a certain production amount will be produced in case production is triggered. 

As team leaders are able to produce several consumer units from one PAT, and different product 

combinations are possible, the team leaders should be able to flexibly adapt to consumer demand. Due 

to this flexibility, it is possible to produce small quantities of each consumer unit as well.  

The last step of the process is the actual replenishment process which takes a significant amount of 

time, with about 12 percent of the time spent on this process. Every time a production batch is finished, 

the shelves are replenished, this means that the shelves are replenished several times per day.  The 

replenishment process is time consuming as the shelves have to be prepared to stimulate FIFO retrieval.  

Thus, several extra logistical needs for the perishable goods are detected. First, extra quality control is 

needed to check all expiration dates of the stock and to assure the quality of the products. Second, the 

replenishment process is time consuming as the shelves have to be prepared for FIFO retrieval. At last, 

the perishable items require a different OSA level in which the customer service and the waste levels 

are balanced.  

When investigating the demand at the ISP-department, it has been decided to focus only on the fixed 

assortment. It was found that the fixed assortment only slightly deviates from the total assortment and 

therefore it can be determined that the fixed assortment well represents the total assortment well. 

Looking at the demand patterns, a strong weekly pattern is detected with high sales on Fridays and 

Saturdays. The detected monthly pattern is small with slightly higher sales in the winter months and 

lower sales in July, as this is a holiday period. Overall, a decreasing trend has been detected at the ISP-

department, almost all selected stores of Delhaize Belgium follow this decreasing trend.  

The performance of the stores has been investigated on four areas; shrink, production, handling and 

OSA. The shrink percentages of the stores differ greatly between the different stores with 3.5 percent 

shrink for the best performing up to 8.5 percent of the worst performing stores. Only the well performing 

stores comply with the industry standard of 4 percent (FAO, 2011) all other stores perform worse than 
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this industry standard. The shrink percentage of the fixed assortment mainly determines the total shrink 

percentage and therefore it is important to decrease the shrink of the total assortment. A weekly pattern 

in the shrink has been detected and finds its cause in the weekly production pattern. The high shrink 

percentage on Thursday can be explained by the high overproduction on Mondays. The high shrink 

percentage on Monday can be explained as the shrink from both Thursdays and Fridays is disposed on 

Mondays.  

At last, the research question three can be answered: “What are the cost drives of the replenishment 

process?”. At the ISP-department, the main cost drivers are the shrink-, production- and the handling 

cost. As the products are highly perishable, the inventory control is challenging, and the department 

faces high shrinkage cost. The high handling cost can be explained as the products are produced in-

store, and this requires a trained butcher with a high pay. Inefficient use of the butchers working hours 

is therefore extra costly.  As overproduction both results into shrinkage and wasted production hours, it 

is crucial for the departments performance that this is minimized. Otherwise, both the products as the 

hours spent on producing these are wasted.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               

These findings are used in the next chapter to formulate a simulation model to represent the current 

situation and the investigate the improvement potential. The process description forms the basis for the 

simulation model and represents all the described activities conducted at the ISP-department. In the 

model, the handling costs per process step are calculated using the analysis of handling time. A new 

demand prediction method is developed as the analysis showed that the current demand prediction is 

insufficient. The solution design also includes a replenishment logic to determine the production 

quantities per day. This replenishment logic can be used to develop a production planning which is 

missing in the current situation. Finally, the performance of the model is evaluated using the indicted 

cost drivers; shrink-, handling-, production and lost sales costs. Other performance measures monitored 

are shrink- and OSA levels.  
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Part 2: Simulation Model 

6. Demand Prediction 

6.1 Assortment Selection 
Within the fixed assortment, two types of products can be distinguished, pure cuts and minced meat 

products. The minced meat products consist of all products that contain minced meat, this means that 

burgers, sausage, prepared products, etc… are also considered minced meat products. These products 

follow a different production process and have a different expiration date than the pure cuts. The pure 

cuts are only allowed to be produced from a certain PAT, whereas the production of minced meat 

products is more flexible. 

As the replenishment logic for the minced meat products differ from the pure cuts, the minced meat will 

be removed from the assortment in the simulation. The pure cuts represent 70 percent of the sales, and 

with that, still represent the majority of the sales. Looking at the shrink percentage, both items preform 

similarly in terms of shrink. Due to this, the performance of the simulation model is expected to still 

accurately represent the performance of the ISP-department. 

6.2 Promotions 
At the ISP-department, weekly promotions often occur for different products in the assortment. These 

promotions highly increase the demand during that week, and therefore not represent the normal 

demand for that product. Due to this, the promotions of the selected assortment have been investigated. 

Promotions are identified in case the demand of a product deviates highly (more than three times the 

standard deviation) from the average demand. Within the selected assortment, on average 2 products 

per week are in promotion. For these promotions, the average lift has been calculated. This lift indicates 

how much the demand increases in case of a promotion (Cooper et al., 1999). The lift of each promotion 

has been calculated as follows (Cooper et al., 1999):  

𝐿𝑖𝑓𝑡 𝑝𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛 =
𝑆𝑎𝑙𝑒𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 𝑝𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑠𝑎𝑙𝑒𝑠
 

The average lift over all the promotions is 4.7 with a standard deviation of 4.8. This shows the high 

impact of the promotion on the sales and the need to correct for these promotions. Therefore, the demand 

during the weeks of the promotions, has been replaced by the average demand of the past four weeks. 

This adjusted data will be used to for the demand prediction and the simulation model.  

6.3 Demand Classification 
To select an accurate forecasting method, the selected products have been categorised by their demand 

pattern. The demand patterns have been investigated based on the framework developed by Syntetos, 

Boylan and Crosten (2005). In this framework, the proposed categorization rules are based on the 

average inter-demand interval (p) and the squared coefficient of variation of demand sizes (CV2). The 

inter-demand interval expresses the variation in the timing of demand arrival and the CV2 represents 

the variation in the demand size. This inter-demand interval is calculated by counting the days between 

two demand arrivals. For each of these coefficients, Syntetos et al. (2005) have determined a cut-off 

value to determine four demand categories. The cut-off values have been determined such that the Mean 

Squared Error (MSE) of the demand prediction for that category is minimized. For the CV2, a cut-off 

value of 0.49 has been determined and for p, the cut-off value is set to 1.32. With that, the following 

four categories are defined:  

- Smooth demand (CV2 < 0.49 and p < 1.32), this demand is regular and can be well predicted. 

- Erratic demand (CV2 > 0.49 and p < 1.32), the demand arrives regularly the quantities variates 

highly.  
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- Lumpy demand (CV2 > 0.49 and p > 1.32), this demand variates highly in both the timing as 

the quantities. This type of demand is very difficult to predict. 

- Intermittent demand (CV2 < 0.49 and p > 1.32), this demand shows little variation in quantities 

but high variation in demand arrival.  

In figure 11 the CV2 and the p are plotted for all the selected product-store combinations. As can be 

seen in the figure, most demand experienced in the selected assortment is smooth or erratic. This means 

that these demand types experience low variation in the demand arrival. This is very logical as the 

selected assortment is the fixed assortment offered at Delhaize Belgium. The distribution of the different 

demand types for Delhaize Belgium is as follows: 

- Smooth  57.5 percent 

- Erratic  33.0 percent 

- Lumpy  3.0 percent 

- Intermittent 5.7 percent 

 

FIGURE 11: SCATTERPLOT DEMAND CLASSIFICATION 

After the products are divided into categories, the demand of each category is investigated to see if 

trends- and seasonality can be detected. In appendix D the monthly- and weekly sales pattern are 

investigated per product category. No clear monthly pattern can be determined in either category. The 

weekly sales pattern is the same for each category, as described in chapter 3.3. 

6.4 Forecasting Method 
The current forecasting method used at for the ISP-department is a weighted moving average. The 

demand prediction on a specific day is calculated by taking the weighted average of the sales from the 

past four weeks on that specific day. Moving average is a good forecasting technique for stationary time 

series (Nahmias and Olsen, 2015). As no seasonal pattern is detected for the demand categories, this 

method might be applicable. In this method, the forecasting is calculated by taking the average of the 

last N-periods in time. The method is therefore dependent on N, the number of periods considered. 

Another common forecasting method for this type of demand is exponential smoothing. Here, the 

forecast is calculated as follows: 
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𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 = ∝ ∗ 𝐷𝑡−1 + (1−∝)𝐹𝑡−1 

So, the forecast at time t, is the weighted average of the actual demand and the forecasted demand of 

the previous period (Nahmias and Olsen, 2015). To optimize the forecasting method, alpha has to be 

determined. Smaller alphas put more weight on the forecasted demand, and with that, on the past 

demand. Therefore, the forecasting results of exponential smoothing with a small alpha are comparable 

with a moving average with a large N.  

Besides these two commonly applied methods, the two demand prediction methods suggested by 

Syntetos et al. (2005) will be considered. The first method is Crosten’s method, specifically developed 

to predict intermittent demand (Croston, 1972) as he found that exponential smoothing was 

inappropriate when dealing with intermittent demand. This method considers the interarrival time 

between demands and is therefore better applicable for intermittent demand. Syntetos and Boylan 

(2001) have found a bias in Croston’s method and adapted the model to correct for this bias. An 

explanation of the calculations on Croston’s- and Syntetos and Boylan’s method are further explained 

in appendix E.  

The performance of the four methods will be evaluated and compared such that the most appropriate 

forecasting method can be determined for the demand categories. The performance of each prediction 

method will be calculated using the Mean Squared Error (MSE) and the Mean Absolute Deviation 

(MAD). These are calculated as follows: 

𝑀𝑆𝐸 = (
1

𝑛
) ∑ 𝑒𝑖

2

𝑛

𝑖=1

 

𝑀𝐴𝐷 = (
1

𝑛
) ∑|𝑒𝑖|

𝑛

𝑖=1

 

In which “e” represents the observed forecast error (= forecast – actual demand) and “n” represents the 

amount of observed period (Nahmias and Olsen, 2015).  In table 3, the errors of the methods for each 

forecasting method are displayed. Only the forecasting errors with the optimized parameters are 

displayed in the table. The forecasting parameter has been determined using a train- and test set. The 

train set consists of 70 percent of the data and the test set of the remaining 30 percent. The alpha 

parameter has been set by using the train set. After that, the final performance of the method has been 

calculated using the test set. The results of these are represented in table 3. 
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TABLE 3: COMPARISON FORECASTING METHOD 

  Parameter MAD MSE Improvement 

MAD 

Improvement 

MSE 

Smooth           

WMA 4 1.192 4.028     

EXP 0.21 1.007 2.849 -15.5 -29.3 

Croston 0.3 0.987 2.797 -17.2 -30.6 

Syntetos&Boylan 0.21 0.976 2.843 -18.1 -29.4 

Erratic           

WMA 4 1.621 21.1     

EXP 0.15 1.376 16.4 -15.1 -22.3 

Croston 0.17 1.37 16.37 -15.5 -22.4 

Syntetos&Boylan 0.21 1.317 16.288 -18.8 -22.8 

Lumpy           

WMA 4 0.394 0.537     

EXP 0.18 0.362 0.451 -8.1 -16.0 

Croston 0.12 0.368 0.463 -6.6 -13.8 

Syntetos&Boylan 0.26 0.363 0.456 -7.9 -15.1 

Intermittent            

WMA 4  0.415 0.408     

EXP 0.15 0.412 0.38 -0.7 -6.9 

Croston 0.25 0.439 0.409 5.8 0.2 

Syntetos&Boylan 0.5 0.409 0.373 -1.4 -8.6 

 

As can be seen in table 3, the optimal forecasting method is not the same for each product category. 

The framework developed by Syntetos et al. (2005) suggest that the optimal forecasting method, looking 

at the MSE, for smooth demand would be Croston’s method. For the other product categories, they 

claim that Syntetos and Boylan’s method would give the best prediction. Here, these results can be 

confirmed. The proposed method by Syntetos et al. (2005) do give the best forecasting results with 

significant improvements compared to the current forecasting method.  

Yet, when comparing the results with Croston’s- and Syntetos and Boylan’s method to exponential 

smoothing, the differences are quite small. As exponential smoothing also results into a significant 

improvement compared to the current method, and this method is easy to implement for Delhaize 

Belgium, it is recommended to use this method. Therefore, the exponential smoothing with the 

optimized parameter for each product category will be used to predict the demand at the ISP-

department. 
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7. Simulation Model 
In figure 12 a flowchart which presents the daily sequence of activities is displayed. This flowchart is 

built to represent the daily replenishment activities described in chapter 2. This flow of activities will 

be simulated, and the performance of this simulation will be measured. After this, several scenarios will 

be applied to alter the current situation and the performance of these scenarios will be compared. This 

chapter will further explain the activities displayed in the flowchart and how the performance will be 

measured, answering research question four and five: “How can the current shelf replenishment process 

be modelled?” and “How can the production quantities per day be determined?”. In chapter 7.2 

different scenarios are formulated which answers the sixth research question: “Which scenarios can be 

formulated to investigate the impact of expiration date visibility on shelf replenishment?” 

 

FIGURE 12: SIMULATION MODEL 

Each step of the flow chart will be further described in this chapter and the calculations that are made 

will be described. In table 4 several variables that will be used throughout the chapters are introduced 

and explained.  
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TABLE 4: VARIABLES 

Variable Description 

Cht Total handling cost at time t 

cha Unit handling cost of activity a, in which a takes the following 

values: 
1. Replenishment 

2. Mirroring, Ordering, Relabelling 

3. Expiration date check 
4. Handling shrink 

5. Repack 

6. Production 

ci Unit product cost of product i 

cLi Unit lost sales cost for product i 

CLt Total lost sales cost at time t 

Cpt Total production cost at time t 

Ct Total cost at time t 

cwi Unit waste cost for product i 

Cwt Total waste cost at time t 

czi Unit substitution cost of product i 

Czt Total substitution cost at time t 

Dit Demand of product i at time t 

F FIFO ratio 

I Total number of products 

I Product indication number 

IPAT Total number of products from specific PAT 

IPit Total inventory position of i at time t 

IPitr Inventory position of i at time t with remaining shelf life r 

L Lead time in days 

mi Profit margin of product i 

Qit Replenishment quantity of product i at time t 

R Review period in days 

sit Base-stock level of product i at time t 

sPAT Base-stock level of specific PAT at time t 

Ss Safety margin 

T Period indication in days 

xijt Amount of substitution form product i to j at time t 

XLSit Amount of lost sales from product i at time t 

 

7.1 Description Model 
7.1.1 Dispose Shrink 

The first activity of the day is handling the shrink. The expiration dates of the products are checked and 

the expire products are disposed, as described in chapter 2: “Process Description”. The inventory 

position will be updated after the products are disposed. For the products on stock, the remaining shelf 

life will be updated. The waste cost is calculated as follows: 
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𝐶𝑤𝑡 =  ∑ 𝐼𝑃𝑖𝑡0 ∗ 𝑐𝑤𝑖

𝐼

𝑖=1

 

At this process step, the handling cost for expiration date check and handling shrink are calculated as 

follows: 

𝐶ℎ2,3,4,5𝑡 = ∑ 𝑐ℎ2 ∗ 𝐼𝑃𝑖𝑡 + 𝑐ℎ3 ∗ 𝐼𝑃𝑖𝑡 + 𝑐ℎ4 ∗ 𝐼𝑃𝑖𝑡0 + 𝑐ℎ5 ∗ 𝐼𝑃𝑖𝑡1

𝐼

𝑖=1

 

 

7.1.2 Replenishment Logic 
In the current situation, each team leader is allowed to determine their own production quantities and 

therefore determine their own replenishment logic. In general, team leaders will look at the available 

shelf stock, and will review if each PAT is represented sufficiently on the shelves. If this is the case, 

the team leader will not open a PAT. In case the team leader finds the shelf stock too low, he will decide 

to start production. The team leader has the flexibility to produce several different products and product 

combinations in variable production quantities from one PAT. Therefore, no fixed order quantities are 

allocated to each consumer unit. 

Due to this flexibility in production quantity, the ordering policy the team leaders use resembles an (R, 

S)-policy. After each review period (R), the inventory position (IP) is compared to the set base-stock 

level (S). In case the IP reaches below the base-stock level, replenishment is triggered, and an order is 

placed such that the IP will reach S again. The replenishment decision looks at whether replenishment 

is needed for a certain PAT. After that, the production quantities are calculated on item-level. The base-

stock levels for the PAT’s are calculated as follows: 

𝑠𝑃𝐴𝑇𝑡 = 𝑠𝑠 ∗ ∑ ∑ 𝐸[𝐷𝑖𝑗]

𝑡+𝑅+𝐿−1

𝑗=𝑡

𝐼𝑃𝐴𝑇

𝑖=1

 

The ss stands for the safety margin applied at the department. This safety margin will be optimized 

during the simulation and set to the ss which maximizes the daily average profit of the experiment. The 

ss applied at the item-level base-stock calculation is the same as the ss for the respective PAT. 

After the replenishment decision has been made, the production quantities on item-level are determined. 

This process again follows the (R, S) logic meaning that the IP of each product is compared to the S 

level of each individual product. The S level of each product is calculated as follows: 

𝑠𝑖𝑡 = 𝑠𝑠 ∗ ∑ 𝐸[𝐷𝑖𝑗]

𝑡+𝑅+𝐿−1

𝑗=𝑡

 

After this level has been calculated, the replenishment quantity is determined as follows: 

𝑄𝑖𝑡 = max {0, (𝑠𝑖𝑡 − 𝐼𝑃𝑖𝑡)} 

In conclusion, the replenishment decision has been made in two stages. First, at a PAT-level, the 

decision will be made whether or not replenishment for the PAT will take place. In case the IP reaches 

below the base-stock level, replenishment is triggered, otherwise no products for the PAT will be 

produced. Second, in case production is needed, the production quantities are calculated on item level 

by comparing the IP of the specific item to the item base-stock level.  
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7.1.3 Production 
For the production, Delhaize Belgium advises their stores to schedule two production moments. The 

first production starts at 06.00h, before the store has opened. This is the largest production moment of 

the day and aims to serve the demand of the entire day. At this moment, the department has the highest 

staff availability and therefore, high production quantities can be produced in the morning. As a first 

peek in demand occurs between 10.00 and 12.00, the inventory will be reviewed after this time. 

Thereafter, a second production moment is scheduled at 16.00h. At this time, there is a smaller available 

staff at the ISP-department and smaller quantities will be produced. The second production moment 

aims as a backup, in case an unexpected OOS occurs.  

In the simulation, these two production moments will be represented. Instead of a shelf-life of three 

days, the products which are produced after 16.00h will have a remaining shelf life of four days. Like 

this, the remaining shelf life for the consumers is not lost. Thus, when a production batch is produced 

in the morning, the inventory with a remaining shelf life of three days will increase. When items are 

produced at 16.00h the inventory with a remaining shelf life of four days will increase. During the 

simulation a lead time of 0 will be assumed. This is a reasonable assumption as most products of the 

fixed assortment are produced before the store opens. The production continues after the store is opened, 

but the team leaders first focus on the fixed assortment and after that, they start preparing the more 

time-consuming products such as sausages and prepared products. As these products are out of scope 

for this research the lead time of 0 is a reasonable assumption. Therefore, during the simulation, the 

products will be available on the shelves immediately.  

During production, the handling and production cost will be calculated as follows: 

𝐶ℎ1,6𝑡 = ∑(𝑐ℎ1 + 𝑐ℎ6) ∗ 𝑄𝑖𝑡

𝐼

𝑖=1

 

𝐶𝑝𝑡 = ∑ 𝑐𝑖 ∗ 𝑄𝑖𝑡

𝐼

𝑖=1

 

7.1.4 Consumer Retrieval 
As indicated in the previous work of Broekmeulen and van Donselaar (2009) and Haijema and Minner 

(2017), the ratio in which consumers retrieve the products LIFO or FIFO highly affects the performance 

of the store. Currently, this ratio is unknown for the ISP-department. As the exact ratio is unknown at 

this moment, the simulation will be conducted for different ratios. This way, the effect of the consumer 

behaviour will be visible.  

Besides the FIFO/LIFO consumer retrieval, the timing of the consumer demand will be considered. As 

the store produces twice per day, the consumer retrieval will arrive between these periods. Thus, the 

first retrieval moment is from 08.00-16.00h. The stores have indicated that around 50 percent of the 

total demand arrives during these hours. The second retrieval moment is from 16.00-20.00, here the 

other 50 percent of consumer demand arrives. As can be seen in figure 12, first the production is 

executed, and the IP is replenished, after that the demand is retrieved. 

The last aspect to consider from the consumer retrieval, is the substitution behaviour of consumers. The 

simulation model simulates a system which contains multiple items and several similar products are 

offered. The team leaders of the ISP-department have indicated that consumers are often willing to 

substitute to a similar product in case their preferred product is not available. This substitution behaviour 

is studied in the literature by investigating the consumers response to OOS’s. Corsten and Gruen (2003) 

found that 45 percent of consumers are willing to substitute their demand when an OOS occurs in non-

perishable product categories. Van Woensel, Van Donselaar, Broekmeulen and Fransoo (2007) also 

investigated the consumer response to OOS’s but focus on perishable products (bakery bread). They 
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have found that for perishable goods, the willingness to substitute is much higher. On average around 

84 percent of the consumers are willing to substitute their demand within the same product category. 

As the willingness for substitution is high for perishable products, this behaviour will be simulated. 

Mahajan and van Ryzin (2000) review several models of consumer substitution behaviour of 

consumers. Several commonly applied methods are the multinomial logit model, which the substitution 

probability can be calculated based on general preference for products (the utility of a certain product). 

As these utilities are unknown the ISP-department, this model cannot be adapted in this situation. Yücel, 

Kareasmen, Salmaln and Türkay (2009) developed a model to optimize product assortment and 

inventory planning and developed a different method to model consumer behaviour. In their model, 

they assume that a deterministic proportion of the consumers is willing to substitute their demand when 

an OOS occurs. In case consumers substitute their demand, a certain cost is associated which represents 

the cost of loss in goodwill for the retailer. Yücel et al. (2009) note that substitution cost associated are 

dependent on the customer expectation of the store. For example, in case consumers expect high service 

from a store or product category, the substitution cost should be higher than when customers are used 

to products being OOS.  

The model developed by Yücel et al. (2009) will be applied for the simulation of the ISP-department. 

The willingness to substitute has been found to be 84 percent for perishable products (Van Woensel et 

al., 2007), this percentage will therefore be assumed as the deterministic proportion of substitution. For 

each product one substitution option has been identified, in case the substitution option is not available 

either, the sales will be lost. The substitution option for each product has been identified in collaboration 

with the team leaders. Based on their expertise, they have indicated which product is most similar to 

the first choice and which would be a reasonable substitution option. For example, the substitution 

option for pepper steak has been defined to be regular steak, both pieces are made from the same PAT 

and are very similar to each other. When determining the substitution option for each product, several 

product characteristics have been considered. First, the substitution product should be made from the 

same PAT as the original product. Second, the price of the substitution option should be similar to the 

preferred product. At last, the customers are assumed to substitute to a “neutral” product, thus, for 

example in case the consumer preferred a pepper steak, they will substitute to a regular steak. 

Consumers who prefer a regular steak will substitute to another neutral steak in the same price range.  

As stated by Yücel et al. (2009) the store should be penalized in case consumers decide to substitute, to 

account for the lost goodwill at the store. When consumers are not willing or unable to substitute, the 

sales are lost, and the lost sales are penalized. In the calculations bellow, the calculation of the 

substitution- and lost sales cost are explained. 

To calculate the substitution costs, the amount of consumer demand for product i substituted by j at 

time t will be calculated as follows: 

𝑥𝑖𝑗𝑡 = 𝑚𝑖𝑛{𝐼𝑃𝑗𝑡 , (𝑚𝑎𝑥{0, (𝐷𝑖𝑡 − 𝐼𝑃𝑖)} ∗ 0.84)} 

After that, the substitution costs are calculated as follows: 

𝐶𝑧𝑡 = ∑ 𝑥𝑖𝑗𝑡 ∗ 𝑐𝑧𝑖

𝐼

𝑖=1

 

Here, czi represent the substitution cost for product i. These substitution costs are calculated as a margin 

of the lost sales costs, this margin will be varied during the simulation as the exact substitution costs 

are currently unknown.  

To clarify the above formula’s, in case product i is OOS, 84 percent of the consumer demand that cannot 

be fulfilled will be substituted by product j. The actual demand that can be substituted depends on the 
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IP of product j. The consumer demand that can be substituted will be penalised by the substitution cost 

czi which is calculated as a margin of the lost sales cost of product i.  

The lost sales costs are calculated in a similar way as the substitution cost. Again, first the amount of 

lost sales are calculated: 

𝑥𝐿𝑆𝑖𝑡 = (𝑚𝑎𝑥{0, (𝐷𝑖𝑡 − 𝐼𝑃𝑖)} ∗ 0.16) + 𝑚𝑎𝑥{0, (𝑥𝑖𝑗𝑡 − 𝐼𝑃𝑗𝑡)} 

This formula shows that the lost sales consist of the amount of consumers who’s sales are directly lost 

because they are not willing to substitute, and by the consumers that were unable to substitute their 

demand. With that, the lost sales costs are calculated as follows: 

𝐶𝐿𝑡 = ∑ 𝑥𝐿𝑆𝑖𝑡 ∗ 𝑐𝐿𝑖

𝐼

𝑖=1

 

Here, cLi represents the lost sales cost. These lost sales represent both the lost profit margin and the 

lost goodwill. 

7.1.5 Calculate Performance 
This section describes the calculation of the performance measures (KPI’s) used in the simulation. The 

total cost of the system per day are calculated as follows: 

𝐶𝑡 = 𝐶𝑤𝑡 + 𝐶𝑝𝑡 + 𝐶ℎ𝑡 + 𝐶𝐿𝑡 + 𝐶𝑧𝑡  

Thus, the total costs consist of the waste cost, production cost, lost sales- and substitution cost. In this 

case, the inventory holding cost are not considered as these are not determined as the main cost drivers 

of the system. This has also been found by Broekmeulen and van Donselaar (2009) who indicated that 

the holding cost have little impact on the total cost of the system. As a final performance measure, the 

long-term average of the daily costs is calculated, and this measure will be used to compare the 

performance of several experiments.  

After calculating the total cost, the profit per day of the department will be calculated as follows: 

𝑃𝑟𝑜𝑓𝑖𝑡𝑡 = 𝑆𝑎𝑙𝑒𝑠𝑡 − 𝐶𝑡  

Maximizing the long-term average of the daily profit will be the objective of the model.  

Besides this, the shrink percentage is calculated per day. This shrink percentage is calculated as follows: 

𝑠ℎ𝑟𝑖𝑛𝑘𝑡 =  
𝑘𝑔𝑊𝑎𝑠𝑡𝑒𝑡

𝑘𝑔𝑆𝑎𝑙𝑒𝑠𝑡
∗ 100 

At last, the service level of the department will be monitored. In the current situation, the service level 

of the department is not measured. Yet, to assure that the service level is not compromised in the 

different scenarios, the service level is a crucial measure. The OSA will be measured by taking the 

percentage of the demand that can be fulfilled form the shelves directly, before substitution. This 

measure is also called the fill rate. 

7.2 Scenario’s 
Scenario 1: Current Situation 

The first scenario is designed such that it best represents the current way of working. In this scenario, 

the weighted moving average will be used as a demand prediction method. The (R, S) logic will be 

applied in two stages to mimic the replenishment decisions of the butchers.  
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Scenario 2: Exponential Smoothing 

In the second scenario, the demand prediction has been adapted to exponential smoothing with the 

optimized parameter for each category. It is expected that the performance of the model will improve 

significantly as exponential smoothing provides a more accurate demand prediction. The base-stock 

levels will be set more accurately with an improved demand prediction and therefore, the inventory on 

shelves will better meet the consumer demand. 

Scenario 3: Improved Handling 

In the third scenario, the assumption is made that expiration date visibility is applied. The need to 

manually checking all the expiration dates will be eliminated by applying expiration date visibility. As 

the expiration date check can be eliminated, the parameter for handling cost changes and the activity 

“Check expiration date” will not be needed anymore. This removes a handling activity which takes 

0.039 cent per kg of meat on shelf. When the expiration dates are known, a tool will be used that 

indicates which products are expired on a specific date. The tool will indicate which products have to 

be removed from the shelves. The activity “handle shrink” will therefore not be affected by the 

expiration date visibility. Applying this improvement in handling costs separately form the improved 

demand prediction, will give insight in the individual effects of the demand prediction and the 

improvement in handling costs.  

Scenario 4: Change Base-Stock Level 

In the last scenario, each PAT-store combination will be divided into two groups such that the optimal 

safety margin for each group can be found. In the previous scenarios, only one optimal ss will be applied 

for all PAT’s and their respective products in all stores. Here, each PAT-store combination will be 

assigned to a certain group, and the optimal ss for each group will be found. This distinction is made as 

the optimal safety margin for each PAT is likely to defer due to specific product characteristics. In order 

to investigate what the effect would be of setting several safety margins, this scenario will be tested. 

To divide the PAT-store combinations into two groups, the DoBr-tool, developed by Van Donselaar 

and Broekmeulen, will be used. When given certain input values, this tool will provide an optimal base-

stock level for a given product under a certain target fill rate. The calculations made to determine the 

base-stock levels in the DoBr-tool are further explained in appendix F. With this base-stock level, the 

safety margin could be calculated by dividing the base-stock level by the mean demand. As this tool is 

not designed for this, the output of the tool will only be used as an indication of what the optimal level 

could be. The output of the tool will provide insight in the need for a high- or low level of ss, and this 

will be used as a basis to divide the PAT-store combinations into two groups. After this, the optimal 

level for each product group will be found by an iterative search.  

To divide the products into two categories, it has been found that the proposed ss highly correlates with 

the coefficient of variation of the PAT-store combination. The correlation coefficient is highly 

significant with a correlation coefficient of 0.915. This high correlation shows that the main determinant 

for the ss calculation is the coefficient of variation. To divide the products in two groups, the cut-off 

value of the cv has been set to 0.64. With this cut-off value, around 80 percent of the products are 

assigned to the first group and 20 percent to the second. When closely investigating both groups, it can 

be found that, the first group mainly consist of smooth and erratic products, which together account for 

about 80 percent of the products. This similarity is logical as the grouping of products for the demand 

prediction is based on the squared coefficient of variation, and the calculated ss is mainly determined 

by the coefficient of variation.  

Important to note is that, the shelf life of all the products is the same. In case products have a different 

shelf life, the optimal ss is likely to be different as the ss influences the shrink- and OSA performance 

and with that, the profit. Therefore, the optimal ss for products with a different shelf life should be 

recalculated. This condition applies for the optimized ss levels in all scenarios.   
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Part 3: Results and Evaluation 

8. Results 

8.1 Experiment Set-Up 
To investigate the improvement potential, the model will be simulated and evaluated through several 

KPI’s. The simulation has been built in RStudio and will investigate the potential of the nine selected 

stores. In total, in total 583 product-store combinations are represented. During the simulation, the 

following KPI’s are evaluated: 

- Shrink  

- OSA 

- Total cost (Ct) 

o Waste cost (Cw) 

o Handling cost (Ch) 

o Production cost (Cp) 

o Lost sales cost (CL) 

o Substitution cost (Cz) 

- Profit  

For the simulation, empirical data will be used for the demand arrival. The sales data from 27-02-2017 

until 10-04-2019 will be used. During the simulation, all Sundays and holidays are removed from the 

dataset as the stores are closed on these days. Due to this, the simulation results cannot be directly 

compared to the performance of the current situation. Yet, the results can still be used to show the 

potential of the proposed model and which factors influence the performance of the ISP-department. 

The use of empirical data has the advantage that it is easily understandable by all the stakeholders 

involved. Using an adapted distribution with a given mean and standard deviation would require 

statistical knowledge of the stakeholders in order to understand and validate the solution design. As the 

observed system contains several products in several stores, sufficient data is available to accurately 

review the current model and the proposed solution design with the empirical data.  

In table 5 the input parameters and the different levels of the parameters are represented.  

TABLE 5: LEVELS OF INPUT PARAMETERS 

Input Level 

f [0, 0.25, 0.5, 0.75, 1] 

ss [0.9, 0.95, 1, 1.05, 1.1, 1.15, 1.2, 1.25, 1.3, 1.35, 

1.4, 1.45, 1.5, 1.55, 1.6, 1.65, 1.7, 1.75, 1.8, 1.95, 

2] 

Lost sales cost ratio (cLi/mi) [1, 2, 3] 

Substitution cost ratio (czi/cLi ) [0, 0.5, 1] 

ch3 [0.039, 0] 

Store 9 selected stores 

 

The different values for the parameters have been chosen to investigate the performance of the improved 

model, and to test the sensitivity. As identified by Broekmeulen and van Donselaar (2009) and Haijema 

and Minner (2017), the FIFO-ratio highly affects the shrink level when dealing with perishables and 

therefore several FIFO-ratios are investigated. Aside from this, ss has been varied. As can be seen in 

the table, a quite large range is applied to vary this parameter. This has been done because the ss highly 
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influences all the output variables, and this is a controllable input variable which can be optimized. 

Thus, during the experiments, the optimal ss has been searched within this range.  

Next to that, several cost related parameters have been varied. Varying the lost sales cost- and the 

substitution cost ratio changes the balance between overage- and underage cost and ultimately affects 

how much inventory should be held on stock. The lost sales cost, represent the lost profit margin of the 

products and can therefore never be less than 1. The substitution costs are calculated in a ratio to the 

lost sales cost. Logically, the substitution cost would never be higher than the lost sales cost and 

therefore the substitution cost ratio will never be higher than 1. The handling cost will be set to two 

different values, the first value represents the handling cost in the current situation. The second value 

represents the situation in which the expiration date visibility is applied. The handling cost parameter 

will be adapted as described in scenario 3 in chapter 7.2. 

To evaluate the results of the department, first, a base-scenario has been formulated. This base is aimed 

to best represent the current situation at Delhaize Belgium. The current estimated FIFO percentage is 

expected to be 0.75 and therefore, f is set to 0.75. The lost sales cost ratio is set to 2, a value of 1 would 

not sufficiently penalize lost sales, and this would result in optimal values with non-realistic service 

levels. Next, the substitution cost ratio is set to 0.5, the substitution cost would logically be lower than 

the lost sales cost. The handling cost is set to the first level, as this represents the current situation in 

which expiration date visibility is not applied yet. From this basis scenario, the different input 

parameters will be altered to investigate their effects and the four scenarios are represented. Doing so, 

8,073 experiments are conducted.  

8.2 Results 
In this section, the performance of the different scenarios are compared. The performance is determined 

based on the set KPI’s as described in chapter 7.1.5. To compare the performance of the scenarios, the 

optimal ss values for each scenario are calculated. After that, the difference between these optimal 

experiments are calculated. This is calculated as follows: 

∆𝐸[𝑆ℎ𝑟𝑖𝑛𝑘] =  
𝐸[𝑆ℎ𝑟𝑖𝑛𝑘2] − 𝐸[𝑆ℎ𝑟𝑖𝑛𝑘1]

𝐸[𝑆ℎ𝑟𝑖𝑛𝑘1]
∗ 100 

In this case, the formula presents the KPI “shrink” but for each KPI the percentage difference has been 

calculated according to this formula. 

As described in chapter 7.1, scenario 1 presents the model which applies the weighted moving average 

as the demand prediction. Scenario 2 uses exponential smoothing as the demand prediction, and 

scenario 3 improves this model further by applying expiration date visibility which reduces the handling 

time. In scenario 4, the products are split into two groups and for each group the ss is optimised. 

8.2.1 Results Scenario 1 and 2 
In table 6, the results of the optimization of the ss level in the two scenarios are presented with the 

percentage difference between the two. In the table, only the results under the optimal ss are presented. 

The optimal ss is the value for which the profit of the experiment would be highest. The results of all 

the levels of ss can be found in appendix G. 
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TABLE 6: RESULTS FOR SCENARIO 1 AND 2 UNDER OPTIMAL SS 

KPI Scenario 1 Scenario 2 % Δ 

Optimal ss 1.55 1.5  

Shrink 5.2 3.8 -25.97 

OSA 87.4 88.5 1.24 

Profit €258.65 €325.35 25.79 

Sales €1,848.64 €1,862.36 0.74 

Ct €1,589.99 €1,537.01 -3.33 

Cw €74.75 €54.21 -27.48 

Ch €212.71 €209.77 -1.38 

Cp €1,120.92 €1,107.70 -1.18 

CL €137.59 €124.65 -9.40 

Cz €44.02 €40.68 -7.59 

 

Shrink Percentage 
Looking at scenario 1, the shrink percentage has been found to be 5.2 percent. In scenario 2, this shrink 

percentage is reduced to 3.8 percent. These values show that the shrink of the department can be reduced 

by 26 percent when changing the demand prediction from weighed moving average to exponential 

smoothing. Only the optimal ss levels are shown in table 6, yet the shrink percentage is highly dependent 

on this ss. Looking at all the levels of ss in figure 13, it can be seen that the shrink in scenario 1 ranges 

from 1.38 to 10.68 percent, and the shrink for scenario 2 ranges from 1.06 to 9.06 percent. Logically, a 

higher ss leads to higher shrink percentages, as more safety margin is applied. What can be observed 

from these ranges, is that the potential shrink reduction is higher in scenarios with lower levels of ss. 

This can be explained as the production planning follows the demand prediction more closely in 

experiments in which the safety margins are small. Therefore, an accurate demand prediction becomes 

more important.  

On Shelf Availability 
The average OSA in scenario 1, is 87.4 percent whereas the OSA of the EXP model is 88.5 percent. 

This means that improving the demand prediction does not only decrease the shrink percentage, the 

OSA can be increased by 1.2 percent as well. Like for the shrink percentage, the OSA is highly 

dependent on the ss applied. Implementing higher safety margins will lead to higher service levels.  

In figure 13 the shrink percentage and OSA are displayed under different levels of ss. As can be seen 

in the figure, increasing the safety margin, increases the OSA and the shrink percentage. The figure 

shows that, around a safety margin of 1.5, the shrink starts to increase much more than the OSA. The 

optimal ss of 1.55 in scenario 1 and 1.5 in scenario 2 can be explained by this observation. These results 

can also be compared to the previous work by Broekmeulen and Van Donselaar (2017), who 

investigated the “efficient frontier”, which represents the optimal balance between the OSA and shrink 

percentage. In their research, they have found that a shrink percentage of two percent could be obtained 

with an OSA of 88 percent in the fresh meat department. In this case, the shrink percentage would be 

5.7 percent in scenario 1 and 3.5 percent in scenario 2, meaning that the efficient frontier is not reached 

in both scenarios. This can be explained by the fact that Broekmeulen and Van Donselaar (2017) assume 

a shelf life of 9 days for the fresh meat department. In this situation, the shelf life is only 3 days. In their 

research, they have found that the shelf life impacts the efficient frontier, and therefore, the indicated 

efficient frontier cannot be met in this situation. 
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FIGURE 13: DISPLAY OF SHRINK PERCENTAGE AND OSA UNDER DIFFERENT LEVELS OF SS 

Waste Cost 

The waste cost in scenario 1 are 27.48 percent lower than the waste cost in scenario 2. This reduction 

in waste cost is roughly the same as the reduction in shrink, which is logical as the two are directly 

related to each other. 

Handling- and Production Cost 

In scenario 2, the handling- and production cost are slightly reduced compared to scenario 1. This can 

be explained as the shrink percentage in scenario 2 is lower. The shrink decrease shows that the products 

which were previously disposed, are now sold and therefore, less new products have to be produced. 

The handling- and production cost behave similarly. This is due to the fact that the unit handling cost 

consists for 90 percent of the production- and replenishment cost. So, for each item produced, the 

generated costs are the unit purchase price (the production cost), the unit handling costs for production 

and the unit handling costs for replenishment.  

Lost Sales- and Substitution Cost 

On average, the lost sales- and substitution cost are lower in scenario 2 than in scenario 1. The lost sales 

cost are, on average, reduced by 9.40 percent, and the substitution cost with 7,59 percent. An 

explanation for this decrease in the higher OSA in scenario 2. When the OSA increases, more demand 

can be fulfilled from the shelves immediately and therefore, less sales are lost. This means that less 

consumers will feel the need to substitute their demand and therefore, the substitution cost are decreased 

as well. The observation that the lost sales cost reduce more than the substitution cost can also be 

explained by the higher OSA in scenario 2. When customers do apply substitution, with a higher OSA, 

the consumers are more likely to be able to purchase their substitution option and with that, creating 

substitution cost. Therefore, the decrease in substitution cost is lower than the decrease in lost sales 

cost. 

8.2.2 Results Scenario 3 
In this section, scenario 1 and 2 are compared to scenario 3. In scenario 3, the handling cost parameter 

is adapted to quantify the potential reduction in handling cost in case expiration date visibility is applied. 

In scenario 1 and 2, expiration date visibility is not applied and this leads to handling costs to check the 

expiration dates of 0.039 euro per kg on stock. These handling costs are eliminated in scenario 3, as the 

expiration dates are known with expiration date visibility.  
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This section will closely reflect on the handling cost as the changes made in scenario 3 only affect the 

handling cost. The change in handling cost does not lead to a different optimal ss and therefore, the 

other KPI’s remain unchanged. The change decrease in handling cost will lead to lower total cost and 

higher profit.  

In table 7, the handling cost under the different scenarios are represented. In the table, scenario 3 is 

represented by showing displaying scenario 1 and 2 with the handling cost of 0. 

TABLE 7: OVERVIEW OF HANDLING COST UNDER DIFFERENT LEVELS 

ch3 Scenario 1 Scenario 2 % Δ 

0.039 €212.71 €209.77 -1.38 

0 €209.38 €206.89 -1.19 

Improvement -1.57 -1.38  

 

Applying expiration date visibility to scenario 1 results in a decreased handling cost of 1.57 percent, in 

scenario 2 the handling cost are decreased by 1.38 percent. This cost reduction leads to a profit increase 

of 1.29 percent in scenario 1, and an increase of 0.88 percent in scenario 2. This is a relatively small 

improvement when comparing this to the improvements that can be made by just applying scenario 2. 

Yet, it is worth considering when evaluating the implementation for item level visibility. In case the 

department would both change the demand prediction as suggested in scenario 2, and the item-level 

visibility suggested in scenario 3, a reduction of 2.74 percent in handling cost can be obtained.  

8.2.3 Results Scenario 4 
As discussed above, the optimal ss dependents on several input parameters. In all these experiments, 

the safety-margins for the PAT’s and their respective products have been set to the same levels. As 

described in scenario 4 in chapter 7.2, it can be expected that the model could be further optimized by 

working with a different ss for different products. To show how the model could be further improved, 

the products have been divided in two groups. The first group consists of roughly 80 percent of the total 

products and represents products with a low coefficient of variation, and the second group represents 

the 20 percent of the fixed assortment with a high coefficient of variation.  

The results of scenario 2 are compared to scenario 4 in table 8. Here, only scenario 2 and scenario 4 are 

compared to each other, as the previous results have showed that the model described in scenario 2 

performs better than scenario 1. This section investigates if the proposed changes in scenario 4 will 

further improve scenario 2.  

TABLE 8: RESULTS FOR SCENARIO 2 AND SCENARIO 4 THE OPTIMAL BASE-SCENARIO 

 Scenario 2 Scenario 4  % Δ 

Shrink 3.8 3.90 1.34 

OSA 88.5 89.45 1.09 

Profit €325.35 €328.38 0.93 

Sales €1,862.36 €1,862.11 -0.01 

Ct €1,537.01 €1,533.73 -0.21 

Cw €54.21 €53.46 -1.40 

Ch €209.77 €209.72 -0.03 

Cp €1,107.70 €1,106.36 -0.12 

CL €124.65 €124.17 -0.39 

Cz €40.68 €40.03 -1.59 
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Table 8 shows that, scenario 4 performs slightly better than scenario 2. To further explain these results, 

the performance of the two groups from scenario 4 are compared and an overview of the optimal ss, 

and the main KPI’s are displayed in table 9, the cost structure is displayed in table 10. In appendix H, 

the absolute results of the two groups are presented.  

TABLE 9: KPI'S PER GROUP 

KPI Group 1 Group 2 

Optimal ss 1.55 1.35 

Shrink 3.20 6.59 

OSA 90.81 84.26 

 

TABLE 10: COST STRUCTURE PER GROUP 

Cost measure Group 1 Group 2 

Cw 3.21 % 4.51 % 

Ch 14.34 % 11.13 % 

Cp 73.72 % 66.09 % 

CL 6.28 % 15.00 % 

Cz 2.44 % 3.27 % 

Ct 100 % 100 % 

 

Table 9 shows that the optimal ss for the first group is much higher than for the second group. The 

optimal ss of the first group is even higher than the optimal ss in scenario 2. The optimal ss level of 

scenario 2 is closer to the optimal ss of group 1 than of group 2, as group 1 is much larger. The reason 

for the higher ss in the first group can be found when looking at the shrink percentage in table 9. The 

shrink percentage of the first group is much lower than from the second group even though the ss of the 

first group is higher. As described in chapter 7.2, the first group represents the products with a low 

coefficient of variation. Therefore, the demand can be better predicted which leads to a more efficient 

production with less shrink. The OSA of the first group is much higher than for the second group. This 

is partially explained by the fact that the optimal ss of the first group is higher than the second group. 

Yet, the OSA of the first group is also higher than the second group under the same safety margin. The 

more stable demand for products in the second group is also the reason for this higher OSA.  

The observed differences in cost structure displayed in table 10, can be explained by the difference in 

shrink and OSA. The relative higher waste cost can directly be explained by the higher shrink levels of 

that group and the higher lost sales- and substitution cost by the lower OSA. The handling- and 

production cost are relatively higher in group 1 than in group 2 which can be explained as these costs 

are directly related to the sales made. In an ideal situation, these would be the only costs made. As the 

production for group 1 is more efficient, the percentage of handling- and production cost of the total 

cost becomes higher. 

Now that the difference between the two groups are explained, the two scenarios can be properly 

compared. As the specific product needs are considered in scenario 4 by applying two different levels 

of ss, the model is slightly improved. Scenario 4 could be even further improved by optimizing the 

allocation of the two groups or by implementing more than two groups. This would make 

implementation for Delhaize more challenging. Delhaize Belgium should therefore determine whether 

theoretical optimal performance or ease of implementation is more valuable for the department. 
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8.2.4 Sensitivity Analysis 
In the current experiment set-up, the FIFO-, lost sales- and substitution cost ratio are variables which 

are not exactly know. As these variables have a high impact on the performance of the model, these are 

varied in this section to investigate how sensitive the performance of the model is to these. During the 

sensitivity analysis, only scenario 1 and 2 have been investigated as the other scenarios only slightly 

differ and follow the same pattern. 

Sensitivity to FIFO-ratio 

Figure 14 displays the sensitivity of the optimal ss and the total profit to the FIFO-ratio. In the figure, 

the percentage difference from the base scenario is presented. Therefore, under a FIFO-ratio of 0.75, 

the figure reads 0. The profit shown in the figure is the profit under the optimal ss for that scenario. 

Both the profit and the optimal ss are highly sensitive to the FIFO-ratio, with profits even decreasing 

up to 40 percent in case consumers would retrieve full LIFO.  

 

FIGURE 14: SENSITIVITY OF OPTIMAL SS AND CORRESPONDING PROFIT TO FIFO-RATIO 

These large changes can mainly be explained by looking at the behaviour of the shrink percentage. In 

table 18 in appendix G.3, the shrink performance under the different FIFO-ratio’s is presented. This 

table shows that, when keeping the ss constant, the shrink ranges from 9.92 to 4.70 percent in scenario 

1, which shows a decrease in shrink with 52.6 percent when changing from full LIFO- to full FIFO 

retrieval. In scenario 2, the shrink ranges from 8.46 to 3.45 percent, a decrease of 59.2 percent. This 

shows that the shrink percentage is highly influenced by the amount of FIFO retrieval and confirms the 

findings from Broekmeulen and Van Donselaar (2009) and Haijema and Minner (2017) who have found 

the same effect.  

As the FIFO-ratio highly influences the shrink percentage, the optimal ss changes under different FIFO-

ratios as can be seen in figure 14. By applying the optimal ss under each FIFO-ratio, the shrink level 

remains roughly the same. These results are presented in table 19 in appendix G.3. Seeing that the shrink 

level remains roughly the same, shows that the shrink percentage highly influences the optimal ss. This 

shows that a certain level of shrink is allowed to offer the right service at the department. After that, the 

cost to maintain this shrink become too high and the increase in service level cannot compensate for 

this anymore.  

Unlike the shrink percentage, the OSA is not dependent on the FIFO-ratio. Table 18 in appendix G.3 

shows that the OSA remains roughly the same under each FIFO-ratio in both scenarios. Optimizing the 

ss under the different FIFO-ratios causes a change in OSA. In experiments with a low FIFO-ratio, the 

optimal ss’s are lower than in experiments with a high FIFO-ratio. Due to this, the OSA levels are lower 
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in experiments with a low FIFO-ratio and this explains the lower profit in these experiments. The 

difference in OSA level is explained by the change in the optimal ss, not by the change in consumer 

behaviour.  

Sensitivity to Lost Sales- and Substitution Cost Ratio 

Varying the lost sales- and substitution cost ratio, will change the optimal ss and the profit for each 

scenario. The sensitivity of the optimal ss and the profit under this optimal ss are displayed in figure 15 

and 16, the absolute results are displayed in table 20, 21, 22, and 23 in appendix G.3.  

 

FIGURE 15: SENSITIVITY OF OPTIMAL SS AND CORRESPONDING PROFIT TO LOST SALES COST RATIO 

 

FIGURE 16: SENSITIVITY OF OPTIMAL SS AND CORRESPONDING PROFIT TO SUBSTITUTION COST RATIO 

The figures show that the profit and optimal ss are especially sensitive to changes in the lost sales cost 

ratio. This is logical as the substitution cost are also affected by a change in the lost sales cost ratio, as 

the unit substitution cost are calculated as a ratio of the unit lost sales cost. When keeping ss constant, 

the lost sales- and substitution cost in both models account for roughly 6, 11 and 16 percent for the 

levels 1, 2 and 3 respectively. As this percentage of the total cost varies when changing these levels, ss 

changes as well. During the experiments with low penalty cost, less safety margin is needed than in 

experiments with high penalty cost. This lower ss does lead to a lower OSA and therefore lower sales 

but as lost sales are barely penalised, the ultimate profit is higher in these experiments. 
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Varying the substitution cost ratio affects the performance of the model much less. The optimal ss and 

the profits do change but the effects are much lower compared to changes in the lost sales cost ratio. 

This can be explained as the substitution cost account for a smaller percentage of the total cost, and a 

change in substitution cost ratio does not cause any changes in the lost sales cost.  

8.2.5 Store Performance 
In this research, nine stores from Delhaize Belgium were selected with different performances in terms 

of shrink. Table 11 displays the performance of the stores, the column “shrink percentage” indicates the 

shrink performance in the current situation. The other columns show the simulated shrink percentage 

and OSA in the first and second scenario. 

TABLE 11: STORE PERFORMANCE 

  Scenario 1  Scenario 2  

Store Shrink Performance Shrink OSA Shrink OSA 

StoreA Low 4.06 87.51 3.13 89.38 

StoreB High 5.87 84.99 4.29 86.58 

StoreC High 4.34 87.08 3.54 89.19 
StoreD Low 7.29 82.56 5.76 84.96 

StoreE High 4.52 86.36 3.77 88.36 

StoreF Medium 4.80 85.19 3.72 87.62 
StoreG Medium 5.07 87.24 3.97 88.40 

StoreH Medium 4.32 87.99 3.26 90.02 

StoreI Low 3.99 90.34 3.20 91.87 

 

Table 11 shows that the performance in the current situation is not in line with the simulated 

performance. In the current situation, the performance of the store is determined by the team leaders 

decision and by the variability in the demand arriving at the store. The simulation model determines the 

production quantity with the formulated replenishment logic, which is the same for all stores. With that, 

the influence of the team leaders judgement is filtered and the variability in demand remains. In the 

simulated results, the store performances still defer. Stores with a high shrink percentage have a lower 

OSA, which can be explained by the variability in the demand. For these stores the demand is more 

difficult to predict and therefore perform worse.  

Overall, these results show the high impact of the team leaders decision on the store performance. 

Generating a production planning for the stores can eliminate this factor and form uniformity throughout 

the stores which can optimize the store performance.  

8.3 Conclusion 
In this chapter, the performance in scenario 1 and scenario 2 were compared to investigate the 

improvement potential for the ISP-department. The two scenarios apply the same logic to determine the 

production quantities, yet scenario 1 is based on the current demand prediction method, weighted 

moving average, and scenario 2 uses exponential smoothing. The value of expiration date visibility is 

investigated in scenario 3, by adapting the handling parameter affected by the expiration date visibility. 

The performance of scenario 2 has been further improved in scenario 4 by dividing the products in two 

groups and adapting the optimal ss for each group. To test the performance of these scenario’s, a base-

scenario has been formulated from which the input parameters are altered. Doing so, resulted in 8,073 

experiments conducted to investigate the performance and the sensitivity of the model, answering the 

seventh research question: “How can the performance of the scenarios be analysed and compared?” 

The results of the experiments showed that the shrink in scenario 2 is 25.97 percent lower than in 

scenario 1, and the OSA is increased by 1.24 percent. This improvement is reached as the demand 

prediction in scenario 2 is more accurate, and therefore the production planning is more efficient. When 
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searching the optimal ss in each scenario, it has been found that both scenarios are highly sensitive to 

the FIFO-ratio and the lost sales cost ratio. In experiments with a high FIFO-ratio, the optimal ss is set 

higher as les shrink is created in these experiments. The system is therefore able to apply a higher ss to 

increase the service level for consumers, and with that, increase the sales and ultimately the profit. 

Varying the FIFO-ratio has shown that the optimal ss is mainly determined by the shrink percentage. 

In experiments with high shrink, not only the waste costs are created, also extra handling- and 

production cost are created to produce that waste. Therefore, the system will only perform optimal under 

a certain level of shrink, after that, the service level should be compromised.  

The fourth scenario investigates the improvement potential in case two levels of ss are applied. It has 

been found that the second scenario can be further improved, as the ss is better adapted to the specific 

product needs. For the products with a high coefficient of variation, a lower ss should be applied. This 

demand is more uncertain and due to this more waste is created. Therefore, the optimal ss of these 

products is lower. This fourth scenario does improve the performance of the system, but this scenario 

is more complex for Delhaize Belgium to implement. The best scenario for Delhaize Belgium therefore 

depends on whether ease of implementation or the theoretical optimum is more important.  

At last, research question eight is answered: “How does expiration date visibility affect the performance 

of the model?”. This research question is answered in scenario 3 by altering the unit handling time. In 

this scenario, the handling cost can be reduced by roughly 1.5 percent. This is a small improvement 

compared to the improvement made in scenario 2. Yet, the improvement would be worth considering 

when investing in expiration date visibility. Investment in expiration date visibility have other 

advantages such as more accurate shelf stock information. This accurate shelf stock information would 

be needed to implement the proposed solution design. All these improvements combined give a 

complete view on the advantage gained by implementing expiration date visibility. 
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9. Managerial Insights 
Through the conducted experiments in this research, several managerial insights can be gathered for 

Delhaize Belgium and other companies that face the same problems. With that, this chapter answers the 

ninth research question: “What insights can be gathered for other retailers that deal with highly 

perishable goods?” 

First, this research shows the importance of an accurate production planning. This accurate production 

planning is crucial in several ways. In the current situation, each team leader has the freedom to decide 

their own production. Due to this, Delhaize Belgium does not control the production quantities and the 

assortment offered at each store. During this research it was found the variable assortment is highly 

inefficient and creates high waste. Offering a production planning gives Delhaize Belgium the ability 

to control the offered assortment at the stores. Another advantage of the production planning is that the 

production quantities can be optimised. Reducing the shrink at the ISP-department is not only crucial 

to reduce waste cost, but also to reduce the handling cost. As found in this research, the perishable 

products of the ISP-department require extra handling time as the products are produced in the stores 

and the products require extra handling time to check their expiration dates. In case the products get 

wasted, not only the product is lost, also the handling efforts used for that product are wasted. At last, 

when optimizing the production planning, the right balance between shrink and OSA can be found and 

offered at each store. 

Second, looking at this balance between the OSA and shrink percentage, it has been found that, with 

the improved demand prediction, the optimal OSA level would be 89.5 percent and the shrink 

percentage would be 3.9 percent. An OSA level of 89.5 percent could be considered as a low OSA but, 

as customers of the ISP-department are willing to substitute their demand, this OSA level is sufficient. 

The optimal values are highly influenced by the input parameters and especially the FIFO-ratio 

influences this optimal balance. Shifting from a low- to a high FIFO-ratio, either the shrink can be 

reduced, or a higher service level can be offered which ultimately leads to a higher profit. Innovations 

such as dynamic pricing could contribute to this shift and for this innovation, expiration date visibility 

is needed. This change in consumer behaviour is one of the advantages that could be gained with 

expiration date visibility.   

At last, the solution model includes the handling costs of the department. As stated before, most 

handling costs can be reduced by optimizing the production planning, such that fewer handling efforts 

get wasted. Aside from that, the effects of expiration date visibility to reduce the handling time have 

been investigated. It has been found that, the handling cost could be reduced by around 1.5 percent by 

implementing expiration date visibility. This reduction is small compared to the improvements made 

by the optimized production planning, yet the improvement adds to other improvement possibilities 

which can be gained with expiration date visibility. To evaluate the true value of expiration date 

visibility, all possible advantages should be combined which are applicable in the specific setting.  
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10. Conclusion 

10.1 Conclusions 
This research aimed to investigate how the shelf replenishment at the IPS-department could be 

improved and what value expiration date visibility would have. For this, the following research question 

was formulated which can now be answered: 

How can shelf replenishment for highly perishables be improved by capturing expiration dates 

of the shelf stock? 

In order to investigate this, the working methods of the team leaders were studied. Currently, the 

production planning is not used, and the team leaders decide the production quantities intuitively. The 

team leaders look at the available shelf stock per PAT to decide what to produce. It is highly important 

to represent all PAT’s on the shelves at the ISP-department. Consumers are often willing to substitute 

within the same product category, and therefore the team leaders focus on representing all PAT’s on 

the shelves.  

Based on this working method, a model has been developed to determine the daily production quantities 

of the department. This model is based on the intuitive approach of the team leaders and uses a 

structured demand prediction. The shelf stock at PAT level is checked to determine if production is 

needed. Production is triggered in case the IP of the PAT reaches below the base-stock level. After that, 

the production quantities are calculated on item-level. To determine if production is needed and to 

calculate the production quantities, the base-stock levels are calculated using the demand prediction 

with a certain safety-margin. A more systematic approach and uniformity throughout the stores can be 

created when this model is used to construct a production list.  

Several scenarios were tested to investigate the performance of the model and to test the potential of 

expiration date visibility. The model was first tested with the current demand prediction method, which 

was improved in the second scenario. In the third scenario, expiration date visibility was applied, and 

this would reduce the handling time needed for the handling time of shrink. The model was further 

improved in the fourth scenario by dividing the products into two groups and optimizing the safety 

margin for each group. 

Reviewing all these scenarios showed that changing the demand prediction from weighted moving 

average to exponential smoothing resulted in the highest improvement. Applying this change could 

increase the profit by almost 26 percent. Further improving this model by applying different safety 

margins for the two groups can even further improve the model and increase the profit with almost one 

percent. The handling cost could be reduced by 1.5 percent when implementing expiration date 

visibility.  

The consumer behaviour highly affects the performance of the model in several ways. First, the amount 

of FIFO retrieval influences the optimal parameters and the profitability of the model. Shifting from a 

system with full LIFO retrieval to full FIFO retrieval, could increase the profit with roughly 50 percent. 

For example, dynamic pricing could be used to shift the FIFO-ratio. In order to implement this 

innovation, expiration date visibility is required. Dynamic pricing will stimulate consumers to purchase 

the oldest products first, and with that, shift the FIFO-ratio. Second, the substitution behaviour of 

consumer influences the performance. At the ISP-department, customers are often willing to substitute 

their demand within the same PAT in case their preferred product is not on stock. Due to this 

willingness, the model is designed to determine if production is needed based on the shelf stock of the 

total PAT. This assures sufficient shelf stock for the products within the PAT such that consumers have 

the possibility to substitute and like this, sales are not lost. 

In conclusion, the shelf replenishment of the ISP-department can be improved in several ways. The 

replenishment quantities can be improved by creating a production planning that determines the 
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production in two stages. The production decision is based on the shelf stock of the PAT, and the 

production quantities are determined on item-level. To determine the production quantities, exponential 

smoothing will be used as a demand prediction as this method is more accurate than the current 

prediction method. Other improvements can be made by investing in expiration date visibility. The 

handling cost can be reduced by eliminating the need for a full shelf stock control. Next to that, 

expiration date visibility could be used to implement, for example, dynamic pricing which would shift 

the FIFO-ratio at the department. 

10.2 Scientific Contribution 
This research has contributed to the existing literature in several ways. First, the special handling needs 

for perishables in-store operations have been identified. It has been found that highly perishable goods 

require extra handling cost by the need for extra shelf control to check expiration dates and handling 

shrink. Aside from this, in the ISP setting, the actual production of the goods require extensive handling 

time and replenishment activities are time consuming as the shelves have to be prepared for FIFO 

retrieval. In traditional research that focuses on optimizing store ordering for perishables, handling cost 

are not considered in the equation. This research adds to the literature by including these handling cost 

when determining the optimal ordering quantities. It has been found that the handling cost contribute 

significantly to the total cost, and therefore, these costs should be considered. Considering handling 

cost when determining the optimal ordering quantities, lowers these quantities slightly. Adding handling 

cost to the equation increases the cost of overage while the costs of underage remain the same. Due to 

this, the optimal balance shifts, resulting in slightly lower ordering quantities to be optimal. 

Second, the effect of expiration date visibility on these handling efforts has been investigated. In the 

current literature, expiration date visibility is used to optimise replenishment decisions by adding a 

waste estimate (Broekmeulen and van Donselaar, 2009; Haijema and Minner, 2017). As the production 

lead time in this situation is zero, expiration date visibility cannot be used to calculate a waste estimate, 

and with that, improve store ordering. Expiration date visibility can however be used to reduce the 

handling time needed. As mentioned, checking expiration dates is a time-consuming handling effort. 

With expiration date visibility this handling activity can be eliminated, reducing the handling efforts by 

roughly 1.5 percent. This improvement in handling costs is quite low, as the handling costs mainly 

consist of the production- and replenishment costs. Expiration date visibility does not affect the 

handling of shrink, the shrink still has to be disposed when detected. This activity remains time 

consuming as waste is created daily due to the short shelf-life of the products. 

At last, this research contributes to the scientific research as the ISP setting in supermarkets has not 

been researched before. In current literature on perishables, tradition ordering settings are reviewed and 

thus not a production setting. The production setting has some specific system characteristics. In case 

production is triggered for a production category, a full PAT has to be used meaning that a certain 

product quantity on category level has to be produced. On the other hand, as one PAT can be used to 

produce several products, the ISP offers high flexibility in the production quantities. Thus, on the one 

hand, the production setting forces certain production quantities on a product group level, on the other 

hand it offers extra flexibility in the production quantities on item level. This research has developed a 

model in which this setting is considered by developing a two-stage model to determine production 

quantities. The decision whether or not to produce is made on product category level and after that, the 

production quantities are determined on item-level. These two stages aim to represent these two aspects 

of the production setting. With this model, this research contributes to the literature by developing a 

first model to represent the replenishment decision for perishables in a production setting.  
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10.3 Limitations and Future Research 
In this section, the limitations and suggestions for future research are discussed. As simulation is used 

in this research, several assumptions have been made to be able to simulate the system. The first 

limitation due to the use of simulation is that full flexibility of the production quantities is assumed. 

This assumption means that any production quantity can be created. In real-life, the butchers are able 

to adjust the production quantity, but they are still influenced by the PAT sizes. Aside from the 

influences of the PAT size, the production quantities depend on the training of the butchers. Well trained 

butches are able to use the PAT’s more efficiently which also influences the actual production 

quantities. The exact influence of the PAT size and the variability in production sizes has not been 

investigated during this research but is expected to influence the performance of the system. An in-

depth study focusing solely on the production of the PAT’s would be needed to investigate this and this 

could be an area of future research. 

Second, Sundays and holidays are not considered in the simulation of the mode. This means that only 

the days on which the stores were open are considered. As the system deals with perishable goods, this 

would usually affect the performance of the stores. The Sundays and holidays increase the shrink in real 

life, as freshness for consumers is lost on these days. Excluding these days for the simulation has 

therefore limited the research and the results cannot be directly compared to the current situation. 

Third, the current OSA levels of the stores have not been investigated. The OSA is a crucial measure in 

order to interpret the shrink performance to compare stores to each other. Currently, Delhaize Belgium 

does not apply any OSA measures and therefore, the OSA levels have only been investigated during 

the simulation. This lack of data at Delhaize Belgium, makes comparison with the simulated 

performance extra difficult. A reason for this missing measurement at Delhaize Belgium is that the ISP-

department offers a variable assortment. Therefore, the number of different products present on the 

shelves differs every day, making an accurate OSA measurement challenging. An interesting aspect for 

future research is developing an OSA measurement in situations with a variable assortment. 

Fourth, the modelled substitution behaviour applied in this research is simplistic. The model assumes 

that all consumers follow the same substitution behaviour and that each customer only has one 

substitution option. In real life, this substitution behaviour is much more complex. Consumers are often 

willing to switch to several different products and not all consumers would have the same preferences. 

The substitution behaviour highly influences the performance of the ISP-department as the OSA levels 

are kept relatively low to force consumer to substitute. This is needed as maintaining a high OSA level 

would be too costly and would highly increase shrink. Due to this, team leaders maintain some products 

from each product category to please consumers and prevent lost sales. As the substitution behaviour 

highly influences the performance, an in-depth study of the consumer behaviour would be a valuable 

area of for future research. 

At last, an interesting area of future research would be to investigate the optimal assortment to offer at 

the ISP-department. As shortly indicated during the analysis of the current situation, the shrink 

percentages of the variable assortment are extremely high. This raises the question if offering these 

products is even profitable. Besides this, most products offered at the ISP-department could also be 

offered in as a pre-packed product. These pre-packed products have much longer shelf lives and are 

therefore easier to manager. It would be interesting to investigate for which products consumers value 

the fresh products from the ISP-department. The optimal assortment could be constructed based on this 

information.  



47 
 

References 
Bertolini, M., Ferretti, G., Vignali, G., Volpi, A. (2012/2013). Reducing out of stock, shrinkage and 

overstock through RFID in the fresh food supply chain: Evidence from an Italian retail pilot. 

International Journal of RF Technologies, 4, 107-125 

Broekmeulen, R.A.C.M., van Donselaar, K.H. (2009). A heuristic to manage perishable inventory with 

batch ordering, positive lead-times, and time-varying demand. Computers & Operations Research, 36, 

3012-3018 

Broekmeulen, R.A.C.M., van Donselaar, K.H., Quantifying the potential to improve on food wastes, 

freshness and sales for perishables in supermarkets. International Journal of Production Economics 

(2017), https://doi.org/10.1016/j.ijpe.2017.10.003 

Cooper, L.G., Baron, P., Levy, W. Swisher, M., Gogos, P. (1999). PromocastTM: A New Forecasting 

Method for Promotion Planning. Marketing Science, 18(3), 301-316 

Corsten, D., Gruen, T. (2003). Desperately seeking shelf availability: an examination of the extent, the 

causes and the efforts to address retail out-of-stocks. International Journal of Retail & Distribution 

Management, 31(12), 605-617 

Croston, J.D. (1972). Forecasting and Stock Control for Intermittent Demands. Journal of the 

Operational Research Society, 23(3): 289-303 

Van Donselaar, K., van Woensel, T., Broekmeulen, R., Fransoo, J. (2006). Inventory control of 

perishables in supermarkets. Int J. Production Economics, 104, 462-472 

FAO (2011). Global food losses and food waste: Extend, causes and prevention. Rome 

Haijema, R., Minner, S. (2017). Improved ordering of perishables: The value of stock-age information. 

International Journal of Production Economics, https://doi.org/10.1016/j.ijpe.2018.03.008 

Kang, Y., Gershwin, S.B. (2005). Information inaccuracy in inventory systems: stock loss and stockout. 

IIE Transactions, 37(9), 843-859  

Mahajan, S., Van Ryzin, G. (2000). Stocking retail assortments under dynamic consumer substitution. 

Operations Research, 49(3): 334-351 

Mersereau, A.J. (2015). Demand Estimation from Censored Observation with Inventory Record 

Inaccuracy. Manufacturing & Service Operations Management, 17(3), 335-349 

Mou, S., Robb D. J., DeHoratius, N. (2018). Retail store operations: Literature review and research 

directions. European Journal of Operational Research, 265: 399-422 

Nahmias, S., Olsen, T.L. (2015). Production and Operations Analysis. Long Grove, IL: Waveland 

Raman, A., DeHoratius, N., Ton, Z. (2001). Execution: The missing link in retail operations. California 

Management Review, 43(3), 136-152 

Van Strien, P.J. (1997). Towards a methodology of psychological practice. Theory and Psychology, 

7(5): 683-700 

Syntetos, A.A., Boylan, J.E. (2001). On the Bias of Intermittent Demand Estimates. International 

Journal of Production Economics, 71: 457-466 

 

https://doi.org/10.1016/j.ijpe.2017.10.003
https://doi.org/10.1016/j.ijpe.2018.03.008


48 
 

Syntetos, A.A., Boylan, J.E., Croston, J.D. (2005). On the categorization of demand patterns. Journal 

of the Operational Research Society, 56(5), 495-503 

Trautrims A., Grant, D. B., Fernie, J., Harrison, T. (2009). Optimizing on-shelf availability for customer 

service and profit. Journal of Business Logistics, 30(2), 231-247 

Van Woensel, T., van Donselaar K., Broekmeulen, R., Fransoo, J. (2007). Consumer responses to shelf 

out-of-stocks of perishable products. International Journal of Physical Distribution & Logistics, 37(9), 

704-718 

Yücel, E., Karaesmen, F., Salman, F.S., Türkay, M. (2009). Optimizing product assortment under 

customer-driven demand substitution. European Journal of Operations research, 199: 759-768 

Van Zelst, S., van Donselaar, K., van Woensel, T., Broekmeulen R., Fransoo, J. (2009). Logistics 

drivers for shelf stacking in grocery retail stores: Potential for efficiency improvement. Int J Production 

Economics, 121, 620-632 

  



49 
 

Appendix 

Appendix A: Demand 
Table selected stores: 

TABLE 12: OVERVIEW SALES, SHRINK 

Selection Sales ISP 2018 in euro’s Shrink Percentage 

StoreA 914,625 3.78 

StoreB 464,987 7.62 

StoreC 1,445,061 8.46 

StoreD 648,059 3.76 

StoreE 930,145 8.11 

StoreF 627,895 7.02 

StoreG 903,291 6.58 

StoreH 1,336,711 6.26 

StoreI 1,481,195 3.52 

 

Detection trend: 

TABLE 13: TREND SALES PER STORE 

Store Slope Intercept 

StoreA -426 82,825 

StoreB 65 36,030 

StoreC -745 133,184 

StoreD -309 58,966 

StoreE 846 60,532 

StoreF -347 57,953 

StoreG 441 68,094 

StoreH -878 128,233 

StoreI -585 134,060 

Total -1939 759,877 
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Appendix B: Shrink 
 

TABLE 14: PLOT DATA SHRINK 
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Appendix C: Analysis Variable Assortment 
C.1 Demand 
In figure 17 the monthly sales pattern for the variable assortment is compared to the monthly sales 

pattern of the total assortment. As can be seen in the figure, the variable assortment follows a very 

different pattern with high sales in the summer months. This indicates that the consumer demand is very 

different in the summer months than in the winter months. In the winter months, the fixed assortment 

is sufficient to fulfil most of the consumer demand, and in the summer months, consumers require 

different products.  

 

FIGURE 17: MONTHLY SALES PATTERN VARIABLE ASSORTMENT 

In figure 18 the weekly sales pattern is presented for the variable- and total assortment. The variable 

assortment follows roughly the same pattern as the total assortment. It can be seen that the sales of the 

variable assortment are slightly lower on Mondays and slightly higher on Saturdays. This again 

indicates that consumers require a different assortment during the weekends.  

 

FIGURE 18: WEEKLY SALES PATTERN VARIABLE ASSORTMENT 
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C.2 Shrink 
In table 15 the shrink percentage of the variable- and the total assortment are presented. As can be seen, 

the shrink percentage is much higher for the variable assortment than for the total assortment. This is 

the case for both well- and poor performing stores. The difference in performance between the stores is 

also much less clear, both poor- and well performing stores have high shrink percentages. These shrink 

percentages raise the question if offering the variable assortment is even profitable and could indicate 

that a revision of the assortment could be needed.  

TABLE 15: OVERVIEW VARIABLE SHRINK PERCENTAGE PER STORE 

Store Shrink Variable Shrink Total 

StoreC 32.7 8.5 

StoreB 20.5 7.6 

StoreE 22.5 7.0 

StoreG 25.4 6.6 

StoreH 60.6 6.3 

StoreF 13.7 5.9 

StoreI 44.7 3.8 

StoreA 11.6 3.8 

StoreD 16.2 3.5 

 

In figure 19 the shrink percentage of the variable assortment is compared to the ratio between the fixed 

and variable assortment. Here, it can be seen that the shrink of the variable assortment increases in case 

the ratio of the fixed assortment is higher. This indicated that the production of the variable assortment 

is more efficient when the sales are higher. Yet, the shrink percentage of the variable assortment remain 

very high compared to the total- and fixed assortment.  

 

FIGURE 19: VARIABLE SHRINK PERCENTAGE COMPARED TO THE RATIO VARIABLE / FIXED ASSORTMENT 
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Appendix D: Demand pattern per Product Category 
Figure 20 represents the monthly sales pattern per product category. As can be seen in the figure, no 

clear monthly pattern can be detected. In December of 2017, a high peek is detected in the lumpy 

demand. As this peek can be determined as an outlier as it does not reoccur. Therefore, it cannot be 

concluded to be a pattern.  

 

FIGURE 20: MONTHLY SALES PATTERN PER PRODUCT CATEGORY 

Figure 21 displays the weekly sales pattern. This pattern is the same for each production category and 

is the same as for the entire meat department, as described in chapter 3.3.  

 

FIGURE 21: WEEKLY SALES PATTERN PER PRODUCT CATEGORY 
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Appendix E: Explanation Demand Prediction Methods 
 

Croston’s Method 

Croston’s method uses the time between the arrival of two demands to predict the future demand. This 

interarrival time will be used to estimate the probability that demand arrives for a certain day. The 

probability that demand arrives is multiplied by the estimated non-zero demand and like this, the 

demand for the next period is estimated (Croston, 1972). With Croston’s method, the estimates are only 

updated in case the demand is larger than zero. In case the demand is equal to zero, the estimates will 

remain the same for the next period.  

First the forecasted non-zero demand (a) is calculated as follows: 

𝑎𝑡+1 = ∝ ∗ 𝑑𝑡 + (1−∝)𝑎𝑡 

In which alpha represents the smoothing parameter, as can be seen, the calculation of the forecast of the 

non-zero demand is the same as the forecast calculation of exponential smoothing. In the formula, dt 

represents the actual observed demand at time t.  

Then, the forecasted interarrival time (p) is calculated as follows: 

𝑝𝑡+1 = ∝ ∗ 𝑞𝑡 + (1−∝)𝑝𝑡 

For the estimation of the interarrival time, the same smoothing parameter will be used as for the 

calculation of the average demand level. In the formula, the q represents the actual observed interarrival 

time.  

At last, the forecast for t+1 will be made by multiplying the average demand level by the probability 

that demand arrives that day. This is calculated as follows: 

𝐹𝑡+1 =
𝑎𝑡+1

𝑝𝑡+1
 

Syntetos and Boylan’s Method 

Syntetos and Boylan’s method is very similar to Croston’s method but as they have found a bias in 

Croston’s prediction, they aim to correct for this bias. They aim to do this, by correcting the forecast by 

including the smoothing parameter in the actual forecast. In Syntetos and Bolayn’s method, the forecast 

is calculated as follows (Syntetos and Boylan, 2005):  

𝐹𝑡+1 = (1 −
∝

2
) ∗ (

𝑎𝑡+1

𝑝𝑡+1
) 
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Appendix F: DoBr-Tool 
To calculate the optimal base-stock level under a certain target-fill rate, the DoBr-tool uses the 

following formula: 

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 = 1 −
𝐸[𝐵𝑂]

𝐸[𝐷(𝜏 + 𝐿, 𝜏 + 𝑅 + 𝐿)]
 

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 = 1 −
𝐸[𝐵𝑂(𝜏 + 𝑅 + 𝐿)] − 𝐸[𝐵𝑂(𝜏 + 𝐿)]

𝐸[𝐷(𝜏 + 𝐿, 𝜏 + 𝑅 + 𝐿)]
 

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 = 1 −
𝐸[{𝐷(𝜏, 𝜏 + 𝑅 + 𝐿) − 𝐼𝑃(𝜏)}+] − 𝐸[{𝐷(𝜏, 𝜏 + 𝐿) − 𝐼𝑃(𝜏)}+]

𝐸[𝐷(𝜏 + 𝐿, 𝜏 + 𝑅 + 𝐿)]
 

As the demand in the simulation model is discrete, indicated formula can be derived to determine the 

base-stock level: 

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 = 1 −
𝐸[{𝐷(𝜏, 𝜏 + 𝑅 + 𝐿) − 𝐼𝑃(𝜏)+] − 𝐸[{𝐷(𝜏, 𝜏 + 𝐿) − 𝐼𝑃(𝜏)}+]

𝐸[𝐷(𝜏 + 𝐿, 𝜏 + 𝑅 + 𝐿)]
 

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 = 1 −
∑ 𝑃(𝐼𝑃 = 𝑘)(𝐸[{𝐷(𝜏, 𝜏 + 𝑅 + 𝐿) − 𝑘}+] − 𝐸[{𝐷(𝜏, 𝜏 + 𝐿) − 𝑘}+])∞

𝑘=−∞

𝐸[𝐷(𝜏 + 𝐿, 𝜏 + 𝑅 + 𝐿)]
 

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 = 1 −

1
𝑄

∑ ∑ [𝑃(𝐷𝐿+𝑅 = 𝑑) − 𝑃(𝐷𝐿 = 𝑑){𝑑 − 𝑠 − 𝑖}∞
𝑑=𝑠+𝑖+1

𝑄−1
𝑖=0

𝐸[𝐷𝑅]
 

This formula, in combination with a search procedure, finds the needed reorder level given a certain fill 

rate. In this case, a target fill rate of 0.85, as this is the previous scenarios have shown that the fill rate 

at the ISP-department lays around this target. When the base-stock levels are calculated, these are 

divided by the mean demand to calculate the ss. This ss will only be used as a basis to group the PAT’s. 

The actual optimal ss will later be calculated with an iterative search. As the indicated formula is not 

designed for this specific setting, the indicated values will not give the actual optimal value.  
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Appendix G: Results 
G.1 Results Scenario 1 
 

 TABLE 16: RESULTS EXPERIMENTS SCENARIO 1 

  

ss Shrink OSA Profit Sales Ct Cw Ch Cp CL Cz 

0.9 1.38 73.34 €98.98 €1,630.43 €1,531.45 €16.04 €176.32 €939.01 €330.99 €69.09 

0.95 1.55 74.95 €128.24 €1,657.55 €1,529.31 €18.49 €179.79 €956.85 €307.08 €67.10 

1 1.74 76.46 €153.99 €1,682.28 €1,528.30 €21.23 €183.08 €973.66 €285.27 €65.06 

1.05 1.95 77.82 €175.63 €1,704.05 €1,528.43 €24.25 €186.11 €989.01 €266.04 €63.02 

1.1 2.18 79.11 €194.88 €1,724.44 €1,529.56 €27.58 €189.06 €1,003.89 €248.04 €60.99 

1.15 2.43 80.31 €211.47 €1,743.22 €1,531.75 €31.26 €191.91 €1,018.18 €231.47 €58.93 

1.2 2.70 81.44 €225.43 €1,760.48 €1,535.05 €35.32 €194.67 €1,031.97 €216.19 €56.90 

1.25 3.00 82.48 €236.88 €1,776.33 €1,539.45 €39.78 €197.36 €1,045.34 €202.06 €54.90 

1.3 3.32 83.44 €246.00 €1,791.12 €1,545.11 €44.69 €200.02 €1,058.57 €188.91 €52.93 

1.35 3.67 84.33 €252.70 €1,804.61 €1,551.91 €49.97 €202.62 €1,071.43 €176.88 €51.01 

1.4 4.06 85.15 €256.76 €1,816.80 €1,560.04 €55.71 €205.18 €1,084.00 €165.96 €49.19 

1.45 4.47 85.90 €258.22 €1,827.83 €1,569.60 €61.91 €207.71 €1,096.39 €156.15 €47.45 

1.5 4.92 86.58 €257.53 €1,838.02 €1,580.48 €68.58 €210.24 €1,108.80 €147.07 €45.79 

1.55 5.20 87.40 €258.65 €1,848.64 €1,589.99 €74.75 €212.71 €1,120.92 €137.59 €44.02 

1.6 5.68 87.99 €253.68 €1,857.08 €1,603.40 €82.34 €215.24 €1,133.27 €130.04 €42.51 

1.65 6.20 88.53 €246.52 €1,864.78 €1,618.25 €90.46 €217.80 €1,145.74 €123.16 €41.08 

1.7 6.74 89.04 €237.56 €1,871.92 €1,634.37 €99.08 €220.43 €1,158.41 €116.78 €39.67 

1.75 7.32 89.50 €226.38 €1,878.28 €1,651.90 €108.24 €223.06 €1,171.19 €111.13 €38.30 

1.8 7.94 89.95 €213.45 €1,884.31 €1,670.86 €117.98 €225.78 €1,184.37 €105.73 €36.98 

1.85 8.58 90.35 €198.95 €1,889.91 €1,690.96 €128.18 €228.56 €1,197.78 €100.69 €35.75 

1.9 9.25 90.73 €182.55 €1,895.06 €1,712.51 €138.95 €231.41 €1,211.49 €96.08 €34.58 

1.95 9.95 91.08 €164.60 €1,899.84 €1,735.24 €150.17 €234.32 €1,225.47 €91.81 €33.46 

2 10.68 91.41 €144.86 €1,904.08 €1,759.21 €161.87 €237.28 €1,239.60 €87.99 €32.48 
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G.2 Results Scenario 2 
 

TABLE 17: RESULTS EXPERIMENTS SCENARIO 2 

 

  

ss Shrink OSA Profit Sales Ct Cw Ch Cp CL Cz 

0.9 1.06 75.34 €147.62 €1,659.90 €1,512.28 €12.40 €178.56 €951.44 €304.03 €65.84 

0.95 1.19 77.00 €179.10 €1,687.60 €1,508.50 €14.28 €181.98 €969.06 €279.60 €63.58 

1 1.34 78.52 €205.99 €1,711.86 €1,505.87 €16.37 €185.09 €984.92 €258.13 €61.36 

1.05 1.50 79.89 €228.82 €1,733.29 €1,504.46 €18.70 €187.96 €999.39 €239.20 €59.22 

1.1 1.67 81.16 €249.42 €1,753.24 €1,503.82 €21.27 €190.71 €1,013.25 €221.53 €57.06 

1.15 1.87 82.34 €267.14 €1,771.38 €1,504.25 €24.18 €193.33 €1,026.42 €205.44 €54.88 

1.2 2.08 83.46 €282.47 €1,788.10 €1,505.63 €27.40 €195.86 €1,039.06 €190.63 €52.69 

1.25 2.32 84.49 €295.60 €1,803.59 €1,507.99 €30.92 €198.32 €1,051.29 €176.89 €50.55 

1.3 2.58 85.45 €306.48 €1,817.90 €1,511.42 €34.82 €200.74 €1,063.25 €164.20 €48.41 

1.35 2.86 86.31 €314.35 €1,830.50 €1,516.14 €39.08 €203.04 €1,074.64 €153.04 €46.36 

1.4 3.16 87.09 €320.31 €1,842.11 €1,521.81 €43.71 €205.32 €1,085.76 €142.61 €44.41 

1.45 3.49 87.83 €324.29 €1,852.93 €1,528.65 €48.75 €207.58 €1,096.88 €132.99 €42.44 

1.5 3.85 88.49 €325.35 €1,862.36 €1,537.01 €54.21 €209.77 €1,107.70 €124.65 €40.68 

1.55 4.24 89.10 €324.40 €1,870.93 €1,546.52 €60.16 €211.99 €1,118.45 €116.97 €38.96 

1.6 4.65 89.67 €321.62 €1,878.97 €1,557.35 €66.57 €214.24 €1,129.39 €109.81 €37.35 

1.65 5.10 90.18 €316.40 €1,885.96 €1,569.56 €73.46 €216.49 €1,140.25 €103.54 €35.82 

1.7 5.57 90.66 €309.48 €1,892.50 €1,583.02 €80.82 €218.80 €1,151.33 €97.68 €34.40 

1.75 6.07 91.10 €300.50 €1,898.32 €1,597.82 €88.66 €221.13 €1,162.48 €92.51 €33.05 

1.8 6.61 91.51 €290.01 €1,903.81 €1,613.80 €97.02 €223.53 €1,173.94 €87.56 €31.76 

1.85 7.18 91.89 €277.61 €1,908.84 €1,631.23 €105.93 €225.98 €1,185.72 €83.07 €30.53 

1.9 7.77 92.24 €263.22 €1,913.27 €1,650.05 €115.33 €228.50 €1,197.70 €79.18 €29.34 

1.95 8.40 92.57 €247.51 €1,917.55 €1,670.04 €125.26 €231.09 €1,210.08 €75.38 €28.23 

2 9.06 92.89 €230.25 €1,921.56 €1,691.30 €135.71 €233.76 €1,222.86 €71.83 €27.15 
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G.3 Sensitivity Analysis 

Sensitivity to FIFO-ratio 

 

TABLE 18: RESULTS EFFECT FIFO-RATIO ON KPI’S OPTIMAL SS OF BASE-SCENARIO 

Scenario 1 – ss: 1.55 Scenario 2 – ss: 1.5 

F 0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1 

Shrink 9.92 7.63 6.05 5.20 4.72 8.46 6.13 4.60 3.85 3.45 

OSA 87.34 87.37 87.39 87.40 87.41 88.47 88.49 88.49 88.49 88.48 

Profit 77.49 168.97 228.02 258.65 275.73 146.48 241.31 298.70 325.35 339.06 

Sales €1,848.2 €1,848.3 €1,848.4 €1,848.6 €1,848.6 €1,862.3 €1,862.5 €1,862.5 €1,862.4 €1,862.3 

Ct €1,770.7 €1,679.3 €1,620.4 €1,590.0 €1,572.9 €1,715.8 €1,621.2 €1,563.8 €1,537.0 €1,523.2 

Cw €156.7 €115.2 €88.5 €74.8 €67.0 €135.3 €92.4 €66.4 €54.2 €47.9 

Ch €229.3 €220.9 €215.5 €212.7 €211.2 €226.3 €217.6 €212.2 €209.8 €208.5 

Cp €1,202.6 €1,161.2 €1,134.6 €1,120.9 €1,113.1 €1,188.7 €1,146.0 €1,119.9 €1,107.7 €1,101.4 

CL €138.0 €137.9 €137.8 €137.6 €137.6 €124.7 €124.6 €124.6 €124.7 €124.7 

Cz €44.2 €44.1 €44.1 €44.0 €44.0 €40.7 €40.6 €40.6 €40.7 €40.7 

 

TABLE 19: RESULTS EFFECT FIFO-RATIO ON KPI’S UNDER OPTIMAL SS  

Scenario 1        Scenario 2     

F 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 

ss 1.20 1.30 1.40 1.55 1.55 1.20 1.30 1.45 1.50 1.55 

Shrink 4.73 4.58 4.63 5.20 4.72 4.13 3.83 4.14 3.85 3.78 

OSA 81.40 83.41 85.15 87.40 87.41 83.45 85.45 87.84 88.49 89.10 

Profit €152.8 €201.9 €236.4 €258.7 €275.7 €207.8 €262.1 €301.4 €325.4 €340.2 

Sales €1,760.2 €1,790.9 €1,816.7 €1,848.6 €1,848.6 €1,788.1 €1,818.0 €1,853.0 €1,862.4 €1,870.9 

Ct €1,607.4 €1,589.0 €1,580.3 €1,590.0 €1,572.9 €1,580.3 €1,555.9 €1,551.7 €1,537.0 €1,530.7 

Cw €68.2 €64.6 €64.9 €74.8 €67.0 €61.3 €55.0 €59.2 €54.2 €52.9 

Ch €201.1 €203.9 €207.0 €212.7 €211.2 €202.7 €204.8 €209.7 €209.8 €210.5 

Cp €1,064.7 €1,078.4 €1,093.2 €1,120.9 €1,113.1 €1,073.0 €1,083.5 €1,107.4 €1,107.7 €1,111.2 

CL €216.5 €189.2 €166.1 €137.6 €137.6 €190.6 €164.1 €132.9 €124.7 €117.0 

Cz €56.9 €52.9 €49.2 €44.0 €44.0 €52.7 €48.4 €42.4 €40.7 €39.0 
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Sensitivity to Lost Sales Ratio 

 

TABLE 20: RESULTS EFFECT LOST SALES COST RATIO ON KPI’S OPTIMAL SS OF BASE-SCENARIO 

Scenario 1 – ss: 1.55 Scenario 2 – ss: 1.5 

LSR 1 2 3 1 2 3 

Shrink 5.20 5.20 5.20 3.85 3.85 3.85 

OSA 87.40 87.40 87.40 88.49 88.49 88.49 

Profit €349.46 €258.65 €167.85 €408.01 €325.35 €242.69 

Sales €1,848.64 €1,848.64 €1,848.64 €1,862.36 €1,862.36 €1,862.36 

Ct €1,499.18 €1,589.99 €1,680.79 €1,454.35 €1,537.01 €1,619.67 

Cw €74.75 €74.75 €74.75 €54.21 €54.21 €54.21 

Ch €212.71 €212.71 €212.71 €209.77 €209.77 €209.77 

Cp €1,120.92 €1,120.92 €1,120.92 €1,107.70 €1,107.70 €1,107.70 

CL €68.80 €137.59 €206.39 €62.33 €124.65 €186.98 

Cz €22.01 €44.02 €66.03 €20.34 €40.68 €61.01 

 

TABLE 21: RESULTS EFFECT LOST SALES COST RATIO ON KPI’S UNDER THE OPTIMAL SS 

Scenario 1 Scenario 2 

LSC 1 2 3 1 2 3 

ss 1.30 1.55 1.55 1.35 1.50 1.60 

Shrink 3.32 5.20 5.20 2.86 3.85 4.65 

OSA 83.44 87.40 87.40 86.31 88.49 89.67 

Profit €366.92 €258.65 €167.85 €414.05 €325.35 €248.04 

Sales €1,791.12 €1,848.64 €1,848.64 €1,830.50 €1,862.36 €1,878.97 

Ct €1,424.19 €1,589.99 €1,680.79 €1,416.45 €1,537.01 €1,630.93 

Cw €44.69 €74.75 €74.75 €39.08 €54.21 €66.57 

Ch €200.02 €212.71 €212.71 €203.04 €209.77 €214.24 

Cp €1,058.57 €1,120.92 €1,120.92 €1,074.64 €1,107.70 €1,129.39 

CL €94.45 €137.59 €206.39 €76.52 €124.65 €164.71 

Cz €26.47 €44.02 €66.03 €23.18 €40.68 €56.02 
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Sensitivity to Substitution Cost Ratio 

 

TABLE 22: RESULTS EFFECT SUBSTITUTION COST RATIO ON KPI’S OPTIMAL SS OF BASE-SCENARIO 

Scenario 1 – ss: 1.55 Scenario 2 – ss: 1.5 

LSR 0 0.5 1 0 0.5 1 

ss 1.55 1.55 1.55 1.50 1.50 1.50 

Shrink 5.20 5.20 5.20 3.85 3.85 3.85 

OSA 87.40 87.40 87.40 88.49 88.49 88.49 

Profit €302.67 €258.65 €214.63 €366.03 €325.35 €284.67 

Sales €1,848.64 €1,848.64 €1,848.64 €1,862.36 €1,862.36 €1,862.36 

Ct €1,545.97 €1,589.99 €1,634.01 €1,496.33 €1,537.01 €1,577.68 

Cw €74.75 €74.75 €74.75 €54.21 €54.21 €54.21 

Ch €212.71 €212.71 €212.71 €209.77 €209.77 €209.77 

Cp €1,120.92 €1,120.92 €1,120.92 €1,107.70 €1,107.70 €1,107.70 

CL €137.59 €137.59 €137.59 €124.65 €124.65 €124.65 

Cz €0.00 €44.02 €88.04 €0.00 €40.68 €81.35 

 

TABLE 23: RESULTS EFFECT SUBSTITUTION COST RATIO ON KPI’S UNDER THE OPTIMAL SS 

Scenario1       Scenario2     

SCR 0 0.5 1 0 0.5 1 

ss 1.40 1.55 1.55 1.45 1.50 1.55 

Shrink 4.06 5.20 5.20 3.49 3.85 4.24 

OSA 85.15 87.40 87.40 87.83 88.49 89.10 

Profit €305.95 €258.65 €214.63 €366.73 €325.35 €285.45 

Sales €1,816.80 €1,848.64 €1,848.64 €1,852.93 €1,862.36 €1,870.93 

Ct €1,510.85 €1,589.99 €1,634.01 €1,486.20 €1,537.01 €1,585.48 

Cw €55.71 €74.75 €74.75 €48.75 €54.21 €60.16 

Ch €205.18 €212.71 €212.71 €207.58 €209.77 €211.99 

Cp €1,084.00 €1,120.92 €1,120.92 €1,096.88 €1,107.70 €1,118.45 

CL €165.96 €137.59 €137.59 €132.99 €124.65 €116.97 

Cz €0.00 €44.02 €88.04 €0.00 €40.68 €77.92 
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Appendix H: Results Exponential Smoothing: Two Groups 
H.1 Results Scenario 4 – Group 1 
 

TABLE 24: RESULTS EXPERIMENTS SCENARIO 4 GROUP 1 

ss Shrink OSA Profit Sales Ct Cw Ch Cp CL Cz 

0.9 0.74 76.99 €157.29 €1,364.33 €1,207.03 €7.66 €148.63 €771.54 €226.53 €52.67 

0.95 0.83 78.66 €183.71 €1,386.41 €1,202.70 €8.79 €151.33 €785.07 €206.78 €50.73 

1 0.93 80.18 €206.29 €1,405.54 €1,199.26 €10.06 €153.77 €797.03 €189.56 €48.83 

1.05 1.05 81.56 €225.55 €1,422.35 €1,196.79 €11.49 €155.99 €807.84 €174.49 €46.98 

1.1 1.18 82.84 €243.16 €1,438.03 €1,194.86 €13.09 €158.10 €818.17 €160.37 €45.13 

1.15 1.32 84.02 €258.65 €1,452.36 €1,193.71 €14.93 €160.12 €827.98 €147.44 €43.26 

1.2 1.48 85.15 €272.31 €1,465.57 €1,193.26 €16.98 €162.05 €837.34 €135.52 €41.37 

1.25 1.66 86.21 €284.39 €1,477.99 €1,193.60 €19.27 €163.94 €846.50 €124.38 €39.52 

1.3 1.86 87.17 €294.63 €1,489.30 €1,194.67 €21.83 €165.77 €855.27 €114.13 €37.68 

1.35 2.09 88.03 €302.40 €1,499.24 €1,196.84 €24.66 €167.50 €863.60 €105.15 €35.92 

1.4 2.33 88.82 €308.73 €1,508.42 €1,199.69 €27.77 €169.22 €871.74 €96.74 €34.23 

1.45 2.59 89.56 €313.44 €1,516.88 €1,203.43 €31.18 €170.90 €879.77 €89.03 €32.54 

1.5 2.88 90.20 €315.66 €1,524.13 €1,208.47 €34.92 €172.53 €887.53 €82.44 €31.04 

1.55 3.20 90.81 €316.43 €1,530.85 €1,214.42 €39.04 €174.18 €895.33 €76.28 €29.58 

1.6 3.54 91.37 €315.61 €1,537.02 €1,221.42 €43.53 €175.85 €903.19 €70.64 €28.21 

1.65 3.92 91.87 €312.78 €1,542.35 €1,229.57 €48.40 €177.53 €911.02 €65.74 €26.89 

1.7 4.32 92.34 €308.52 €1,547.28 €1,238.77 €53.65 €179.24 €918.99 €61.19 €25.69 

1.75 4.75 92.77 €302.48 €1,551.58 €1,249.10 €59.31 €180.98 €927.03 €57.24 €24.53 

1.8 5.22 93.16 €295.23 €1,555.64 €1,260.41 €65.40 €182.78 €935.34 €53.46 €23.44 

1.85 5.72 93.52 €286.26 €1,559.27 €1,273.01 €71.96 €184.62 €943.91 €50.09 €22.42 

1.9 6.26 93.85 €275.64 €1,562.44 €1,286.80 €78.95 €186.51 €952.69 €47.24 €21.41 

1.95 6.82 94.17 €263.95 €1,565.49 €1,301.53 €86.36 €188.48 €961.80 €44.42 €20.48 

2 7.42 94.47 €250.97 €1,568.32 €1,317.36 €94.20 €190.52 €971.25 €41.81 €19.58 
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H.2 Results Scenario 4 – Group 2 
 

TABLE 25: RESULTS EXPERIMENTS SCENARIO 4 GROUP 2 

ss Shrink OSA Profit Sales Ct Cw Ch Cp CL Cz 

0.9 2.33 74.06 -€9.67 €295.58 €305.25 €4.74 €29.94 €179.90 €77.50 €13.17 

0.95 2.65 75.65 -€4.61 €301.19 €305.80 €5.48 €30.65 €183.99 €72.82 €12.85 

1 3.01 77.11 -€0.30 €306.32 €306.62 €6.31 €31.32 €187.89 €68.57 €12.53 

1.05 3.40 78.42 €3.27 €310.94 €307.67 €7.21 €31.97 €191.55 €64.71 €12.23 

1.1 3.83 79.61 €6.26 €315.21 €308.96 €8.18 €32.60 €195.08 €61.16 €11.93 

1.15 4.30 80.70 €8.49 €319.03 €310.54 €9.26 €33.21 €198.45 €58.00 €11.62 

1.2 4.82 81.71 €10.15 €322.52 €312.37 €10.42 €33.81 €201.72 €55.11 €11.32 

1.25 5.37 82.62 €11.21 €325.60 €314.39 €11.65 €34.39 €204.80 €52.52 €11.04 

1.3 5.96 83.48 €11.84 €328.59 €316.75 €13.00 €34.97 €207.98 €50.08 €10.73 

1.35 6.59 84.26 €11.95 €331.26 €319.31 €14.41 €35.54 €211.03 €47.88 €10.44 

1.4 7.25 84.96 €11.58 €333.69 €322.11 €15.94 €36.10 €214.02 €45.88 €10.17 

1.45 7.94 85.64 €10.84 €336.06 €325.21 €17.57 €36.68 €217.11 €43.96 €9.90 

1.5 8.67 86.27 €9.69 €338.23 €328.54 €19.29 €37.24 €220.16 €42.21 €9.63 

1.55 9.44 86.83 €7.98 €340.08 €332.10 €21.12 €37.81 €223.12 €40.68 €9.37 

1.6 10.25 87.37 €6.01 €341.95 €335.94 €23.04 €38.39 €226.21 €39.17 €9.14 

1.65 11.10 87.85 €3.62 €343.60 €339.99 €25.06 €38.97 €229.23 €37.80 €8.93 

1.7 11.99 88.31 €0.97 €345.22 €344.25 €27.16 €39.56 €232.34 €36.49 €8.71 

1.75 12.89 88.75 -€1.99 €346.73 €348.72 €29.34 €40.15 €235.45 €35.27 €8.51 

1.8 13.84 89.15 -€5.21 €348.18 €353.39 €31.62 €40.75 €238.61 €34.10 €8.31 

1.85 14.80 89.57 -€8.65 €349.57 €358.23 €33.97 €41.36 €241.81 €32.97 €8.11 

1.9 15.80 89.93 -€12.41 €350.83 €363.25 €36.39 €41.98 €245.00 €31.94 €7.93 

1.95 16.83 90.27 -€16.44 €352.06 €368.50 €38.90 €42.61 €248.28 €30.96 €7.75 

2 17.89 90.59 -€20.71 €353.23 €373.95 €41.50 €43.24 €251.61 €30.02 €7.57 

 

 


