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Abstract

Food retailers are facing endless challenges to survive in their highly competitive market. The needs of
customers continuously increase while a reduction in food waste is expected (Teller, Holweg, Reiner,
& Kotzab, 2018). A potential improvement in operations is the availability of expiration dates in the
replenishment system (Broekmeulen & Van Donselaar, 2009; Haijema & Minner, 2019; Janssen,
Diabat, Sauer, & Herrmann, 2018). The implementation of extended bar codes allows retailers to keep
track of expiration dates on item level. However, an alternative method that only registers the
expiration dates when a batch of items arrives at the store has approximately the same performance
as item-level expiration date visibility while easier to implement (Broekmeulen & Van Donselaar,
2019b). Subsequently, the system estimates the expiration date of items sold to customers to monitor
which expiration dates remain in stock. The fraction of customers who are taking the item with the
oldest expiration date can be estimated based on the daily sales, amount of waste, and inventory
levels. This Master thesis shows that this fraction can accurately be estimated after 20 days on which
customer withdrawal behavior could be observed. Retailers can therefore easily determine the
withdrawal behavior of individual stock keeping units with a relatively small amount of empirical data.
A simulation experiment is executed which confirmed that batch expiration date visibility can
potentially reduce the amount of waste for a product department with highly perishable items. Food
retailers such as Jumbo should register expiration dates on a batch level due to the performance
increase while the implementation difficulty is low in comparison to alternatives.



Executive summary

This research focuses on the use of expiration dates (ED’s) in the inventory system of a food retailer.
The research is conducted at Jumbo Supermarkten, a Dutch supermarket chain. This retailer operates
in a highly competitive market and is able to establish growth by continuously improving its operations.
However, Jumbo and the majority of other food retailers misses valuable information related to the
expiration of the perishable items in their stores. The use of expiration date information has the
potential to significantly increase store performance with respect to availability and waste inventory
(Broekmeulen & Van Donselaar, 2009; Duan & Liao, 2013; Haijema & Minner, 2019; Janssen, Diabat,
Sauer, & Herrmann, 2018). In particular, the addition of knowledge on when and how many items in
stock expire makes it possible to improve replenishment. Several levels of expiration date registration
could be implemented at a grocery retailer. The detail of registration leads to an impact on the store
operations. First of all, extended bar codes allow retailers to keep track of expiration dates on the
consumer unit level. This level provides complete information about expiration dates (defined as Item
level ED visibility). Secondly, the expiration dates of items can be monitored only on Batch level. Batch
expiration date visibility means that the expiration date is only registered when a batch of items arrives
at the store (Broekmeulen & Van Donselaar, 2019b). Consequently, the system estimates the
expiration date of items sold by customers to keep track which expiration dates remain in stock. The
impact of the expiration date visibility level helps to decide how Jumbo can benefit from the use of
expiration dates. Therefore, the main research question is defined as stated below.

Insight 1; Main research question.

How should Jumbo register and control the expiration dates of items in the stores with
respect to performance, required operational changes and finances?

Analysis of current store operations

The first step of this research was to analyze the current store operations with respect to expiration
date availability and performance related to availability and waste. The supply chain of Jumbo consists
of multiple information systems. These systems are related to the stores or the distribution centers
(DC’s). Moreover, three product distribution flows occur in the supply chain of Jumbo: 1) distribution
from the storage of a Jumbo DC, 2) cross-dock distribution, and 3) distribution direct from the supplier.
The ED information available differs for these product flows. The DC information system has ED
information available on the items that are stored in the DC. No ED information is available in the other
two distribution flows while a large part of perishable items is distributed by cross-dock suppliers.
Although the DC system contains ED information, this information is not transferred to the store
information system. The store information system needs this information to be able to implement an
age-based replenishment policy. These policies outperform replenishment policies without ED visibility
because they can react to the expiration of items before the actual expiration (Haijema & Minner,
2019). Research shows that the Estimated Withdrawal and Aging policy of Broekmeulen and Van
Donselaar (2009) have the highest potential performance with respect to general key performance
indicators such as availability and waste. Therefore, it is suggested that this policy should be used by
Jumbo when ED information is available to the store information system. This ED information can be
registered on Item and Batch level visibility. However, the latter requires information on customer
withdrawal behavior on SKU/store level. Currently, this behavior is still unknown.



Simulation model and results

The simulation model of this research consists of two parts. The first part focuses on the estimation
procedure of customer withdrawal behavior. The second part tests the ED visibility scenarios in order
to compare the potential performance with the current situation at Jumbo.

A recent study by Broekmeulen and Van Donselaar (2019b) introduced a procedure to estimate the
FIFO fraction of daily customer demand. They showed that this procedure provides a reasonably
accurate FIFO fraction in the long-term. This research analyzed the performance of this procedure by
measuring the estimated FIFO fraction on each day that the procedure could observe the daily FIFO
fraction. Figure 1 presents an example of the accuracy curve of one replication for one parameter
setting. The graph shows that the estimated FIFO fraction approaches a constant value relatively close
to the actual FIFO fraction.
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Figure 1. FIFO fraction estimation over number of observations for one replication of a parameter setting withD =4, m =
6, Q =4, and target OSA = 99.9%.

The estimation procedure is conducted for a variety of parameter settings with multiple replications.
These results are analyzed and an accuracy threshold is determined that at least 20 observations are
required to confirm that the estimated FIFO fraction is reasonably close to the constant level they will
reach in the long-term. This threshold is immediately used in the determination of the FIFO fraction
for SKU’s at Jumbo. An assumption is expressed that the FIFO withdrawal fraction is the same for SKU’s
in the same product segment and store. Therefore, the FIFO fraction for several product segments
could be estimated by combining the finding on individual SKU’s in the segment. This part of the
research shows that Batch ED visibility could be used at Jumbo.

The next step of this research was to test the ED visibility levels for a wide variety of input parameters.
These input parameters present the SKU’s of different product departments at Jumbo. A simulation
tool developed by Broekmeulen and Van Donselaar at the University of Technology Eindhoven is used
to simulate the performance of two scenarios with ED visibility in comparison with a scenario without
this information. Both Batch and Item ED visibility significantly outperformed the scenario without ED
visibility for the majority of parameter combinations. For instance, when only considering the waste
results of the input parameter combinations that correspond to the characteristics of SKU’s in a typical
Potato/Vegetable/Fruit department the waste reduction is relatively large. Table 1 presents the
percentage of potential waste fraction reduction for both visibility levels in this department as a



weighted average of the demand of the parameter combination. The potential waste reduction for a
scenario in which the actual FIFO fraction is 40% and 80% is given while the availability level remains
constant.

Table 1. The average percentage of waste reduction compared to the waste fraction of the scenario without ED visibility.
Actual FIFO = 40% Actual FIFO = 80%
Batch ED visibility: Item ED visibility: Batch ED visibility: Item ED visibility:

relative waste relative waste relative waste relative waste
Product department reduction reduction reduction reduction

P.V.F. (Potato/Vegetable/Fruit) 8.8% 9.3% 4.3% 4.6%

Iltem ED visibility performs on average slightly better than Batch ED visibility in terms of the balance
between availability and waste. However, this research also analyzed the required changes that Jumbo
should make to be able to implement both visibility levels. Iltem ED visibility is significantly harder to
implement than Batch ED visibility because the external suppliers have to make some large changes to
their production processes. These changes are necessary because the ED should be included in the bar
code of each item when Item ED visibility should be implemented.

Recommendations

All the results of this research are analyzed and considered in the recommendations for Jumbo. The
potential performance of the scenarios highly depends on the characteristics of the SKU/store
combination. Several changes are required in the organization to implement the ED visibility scenarios.
Therefore, the recommendation is that Jumbo should decide the ED visibility scenario based on the
characteristics of the product department or group. However, the difference in the implementation
difficulty between Batch and Item level concludes the exclusion of Iltem ED visibility. Batch ED visibility
should be implemented in the product departments for which the performance increase is significant.
The product department P.V.F. can benefit the most from ED visibility in the store operations. Jumbo
should implement Batch ED visibility for the SKU’s in this department. In particular, the ready-to-cook
product group has a high potential waste reduction. Therefore, a pilot study should focus on SKU’s in
this group. The department Butchery and Fish also can significantly be improved compared to the
scenario without ED visibility, so if the implementation at the P.V.F. department is successful, it is
recommended to subsequently implement ED visibility to these departments.
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1 Introduction

The food retail market is highly competitive, and food retailers are facing endless challenges to survive
on the market. Innovative technologies are continuously changing the possible opportunities for a
retailer. Innovations such as smart shopping and home delivery are necessary to fulfill the needs of
customers, while the improvements of transparent sustainability in the food supply chains and
reduction in food waste are expected (Teller, Holweg, Reiner, & Kotzab, 2018). A key success factor of
grocery retailers are the retail store operations; these operations have a high impact on the total costs,
profit, and service levels (Reiner, Teller, & Kotzab, 2013). Furthermore, approximately 70% of all retail
food sales were accounted for by food that is perishable (Tsiros & Heilman, 2005). The demand for
perishable fresh items is still increasing. Moreover, the quality of fresh products is the most important
criterion of customers to select a store to buy groceries (Broekmeulen & Van Donselaar, 2017;
Ketzenberg, Gaukler, & Salin, 2018). The challenge of perishable items is the balance of maintaining
product availability, reducing food losses and increasing the freshness and sales of products.

Due to new item registration technologies, such as RFID tags, more information on perishable items
becomes visible to retailers. Replenishment policies including the remaining shelf life of fresh products
can increase the service levels while also reducing food waste (Broekmeulen & Van Donselaar, 2009).
More studies confirmed the positive operational consequences and potential improvement when
more information on the expiration dates (ED’s) of items in the store is registered and controlled (Duan
& Liao, 2013; Haijema & Minner, 2019). However, the implementation of ED visibility methods in
grocery stores is still limited. Detailed visibility on items seems too difficult to implement on a large
scale. The potential improvement and practical implementations of a method with less detailed
information are less investigated in the literature and in the food retail market. Furthermore, the
knowledge on the behavior of customers towards the ED’s is limited in the academic context.

A food retailer who believes that the age-information of products in their stores can lead to positive
effects is Jumbo Supermarkten. They seek to understand the consequences of possible
implementations of visibility methods in their operations.

1.1  Jumbo Supermarkten

Jumbo Supermarkten, in short Jumbo, is a Dutch supermarket chain. Jumbo is founded and managed
by the Van Eerd family, and is headquartered in Veghel. Due to a market share of 20% (in 2018) and
more than 600 stores nationally, Jumbo is the second-largest food retailer in the Netherlands (Jumbo,
2018). Jumbo is currently an important retailer due to successes that contribute to significant growth
in the last decade. Jumbo’s operations increased by multiple acquisitions. In 2009, Jumbo took over
former food retailer Super de Boer and 175 stores became Jumbo stores. The acquisition of C1000 in
2012 resulted in 400 new stores for Jumbo. In early 2018, Jumbo also took over the majority of EMTE
stores. In 2017, Jumbo realized total revenue of almost €8 billion while in 2002 it was only €400 million.
Currently, Jumbo still seeks opportunities to grow its operations on different aspects.

The foundation of the successes of Jumbo is the importance of the customers in all its core activities
and the ‘Every Day Low Costs’ formula. They provide customers the largest assortment, for the lowest
prices, and the highest service. Jumbo created the ‘7 certainties’ for customers to realize this promised
high service for customers. The ‘7 certainties’ of Jumbo are: (1) Euros cheaper, (2) Service with a smile,
(2) For all your groceries, (4) Fresh is also really fresh, (5) Smooth shopping, (6) Not satisfied? Money
back!, (7) Your wishes are most important. These certainties towards the customer will not only satisfy



customers but exceed their expectations when shopping. Jumbo’s objective is to let customers leave
the store with a smile. Jumbo has a high-level customer service orientation.

Jumbo also increased its operations with other concepts besides the traditional supermarkets. They
bought the Dutch restaurant chain La Place. In addition, they introduced the concept of the Jumbo
Foodmarket; a combination between a traditional supermarket and the possibility to buy freshly
cooked and prepared food made by professional cooks. Furthermore, the Jumbo City concept is
created, which consists of small stores in urban areas (e.g. train stations, the center of cities), where
customers can quickly buy products. Lastly, Jumbo introduced an online channel to sell its products.
On Jumbo.com customers can order groceries online, and pick them up on Jumbo pick-up points or
even let them deliver to their homes. Customer satisfaction is the highest priority in all these concepts.

1.2 Problem description

Jumbo operates in the highly competitive Dutch food retail market, and even establish to grow its
operations each year. Continuously improving operations is crucial in becoming and remaining a
successful retailer in this market. Therefore, Jumbo always seeks new opportunities in its business
processes and continues its growth.

Jumbo notices that the management of the expiration dates of their products can be improved. More
specifically, the organization lacks to register the expiration dates (ED’s) of items in the stores.
Although, information about the ED’s of items in Jumbo’s DC’s is registered, on the moment the items
are shipped to the stores there is no information available in the store systems about an item’s ED. A
food retailer can obtain more control when more information about expiration is available. For
instance, forecast and replenishment operations could be more accurate when more useful
information can be used. Information concerning the expiration of items is useful in controlling
inventory (Broekmeulen & Van Donselaar, 2009; Duan & Liao, 2013; Haijema & Minner, 2019; Janssen,
Diabat, Sauer, & Herrmann, 2018). Moreover, replenishment policies that include ED information
outperform policies without ED visibility (Broekmeulen & Van Donselaar, 2009). However, the
operations at Jumbo have to change to be able to collect and store ED information.

Multiple methods about the visibility of ED’s are possible to implement in Jumbo’s operations.
However, the exact consequences of each implementation are currently unknown. The difference
between methods is generally about the detail level of ED measurements. The lack of knowledge about
the effects of these methods leads to no decision making in which method to implement. When all
effects of possible implementation are known, a decision can be made from which method Jumbo will
benefit the most. Subsequently, Jumbo can implement a method to its operations, and realize new
improvements to its operational processes.

The definitive problem statement of this research is defined as follows:

Insight 2; Definitive problem statement of this research proposal.

Although Jumbo has information about the expiration dates (ED’s) of items in its DC’s, they
have no ED visibility on items in its stores. Jumbo believes that it is beneficial to have insights in the
ED’s of these items. However, multiple methods with different levels of detail are possible to
implement, and it is unclear for Jumbo which consequences these implementations will deliver.
Moreover, knowledge about the advantages and disadvantages of possible ED visibility methods,
and the size and impact of these effects is missing.




1.3 Literature review

In addition to this research proposal, a literature review is conducted in the preparation of the
research. This literature review provides insights from the academic context in the research area of
the problem at Jumbo. The chapter describes the main findings of the full literature review in short.

1.3.1 Store retail operations processes

Although the importance of being flexible to respond rapidly to competitive and market changes in the
retail market is known for decades (Porter, 1989), grocery retailers still have to continuously deal with
changes and innovations (Teller et al., 2018). A literature review of Mou, Robb, and DeHoratius (2018)
analyzed academic findings from multiple perspectives of retail store operations. Mou et al.
emphasized that the high impact on the economy resulted in a growth of interest in these topics, but
that research in some perspectives is still limited. Relevant perspectives for this study are the in-store
logistics and inventory management with respect to perishable items.

According to a study by Reiner et al. (2013), the logistic processes in retail stores are of significant
importance for retail-related to a retailer’s profit, costs, and customer service. However, they indicated
that the in-store logistics are often assumed as a black box. Furthermore, they evaluated a study of
Liebmann and Zentes from 2001, which stated that more than 40% of the working hours of a retail
store employee is taken by in-store logistics processes. In addition, the total retail costs consist also of
approximately 40% of logistics processes. Kotzab & Teller (2005) stated that issues related to
operational processes in retail stores are avoided in the academic context. Kotzab and Teller developed
a model for the in-store logistics (shown in Appendix A) and distinguished eight processes:
delivery/receipt, transport to the backroom, storage in the backroom, transport to store shelves,
handling/storage at store shelves, processing of the transaction, re-ordering, and disposal/recycling.

Multiple studies investigated the effects of these processes. Curseu, Van Woensel, Fransoo, Van
Donselaar, and Broekmeulen (2009) indicated that the critical activities of replenishment are the
stacking of new inventory and the grabbing and opening of the case packs (as cited by Reiner et al.,
2013). Moreover, these activities are highly dependent on both the psychical dimensions of the store,
aisle, and shelf and the dimensions of the product. Van Donselaar, Van Woensel, Broekmeulen and
Fransoo (2006) showed that store managers tend to change the order size advised by the automatic
replenishment system. This behavior reduces the positive effects automated store ordering has on
store performance and activities. Furthermore, waste disposal is another critical activity in in-store
retail logistics according to Curseu et al. (as cited by Reiner et al., 2013). Reiner et al. (2013) showed
that 1.2% of all articles in the dairy product group had to be disposed in the stores they investigated.

1.3.2 Inventory replenishment

The majority of papers that study the effects of ED visibility and inventory management focuses on the
replenishment of products. Silver, Pyke, and Peterson (1998) classified a base policy (R, s, nQ)-policy
for inventory management systems to determine the optimal order quantity. The following research
extended this policy for a system with perishable items. Haijema & Minner (2019) reviewed the most
relevant studies on policies with stock-age information. The majority of these papers used a base stock
policy to determine the order quantity due to its simplicity and easy practical use. Another variation
to the policy of Silver et al. in order to reduce waste is to add a maximum order quantity in the
replenishment (Haijema & Minner, 2019; Broekmeulen and Van Donselaar, 2019). Broekmeulen and
Van Donselaar showed that this policy can perform relatively well in comparison with policies with ED
visibility in situations in which the case pack size is small, the shelf life is low, and the FIFO fraction is
high. Furthermore, a policy of Haijema & Minner (2016) reduces waste by occasionally skipping order
moments. Broekmeulen and Van Donselaar (2009) construct the Estimated Withdrawal and Aging
(EWA) policy. The order advice of this policy is adapted based on stock-age information; moreover, the
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heuristic forecasts the waste per day for a large assortment of SKU’s. Haijema, Van der Wal and Van
Dijk (2007) and Duan and Liao (2013) classified items between old and new items. The amount of items
in each group determines the ordering advice. Lastly, Tekin, Girler and Berk (2001) constructed a
policy that is based on time instead of the age of items. This policy increased the number of order
moments to increase availability. The majority of these replenishment policies need ED visibility to
perform; retailers can monitor ED’s on several levels of detail.

1.3.3 Levels of ED visibility

Technology such as RFID tags allows retailers to keep track of the ED’s on consumer unit level, so-called
Item ED visibility. However, the adoption of these technologies among retailers is slow (Beck, 2018);
especially, supermarkets lack to implement RFID tags due to high costs (Broekmeulen & Van Donselaar,
2019b). Therefore, Broekmeulen and Van Donselaar (2019b) studied the effects when only ED visibility
on Batch level is being used. Batch level visibility requires only to register the ED’s when items arrive
in the store, which means that age-information on consumer unit level is not required. This policy will
estimate the number of consumer units in stock per ED based on sales, waste, and the withdrawal rate
of customers. This customer withdrawal rate determines the ED of a sold item which is used in the
estimation of the remaining ED’s in stock. The study showed that the performance in terms of
availability and waste of Batch ED visibility is extremely close to Item ED visibility.

Insight 3; Short description of ED visibility on Batch level.

Batch ED visibility only checks ED’s of each batches when they arrive in the store. This policy
forecasts waste based on estimated quantities per ED using customer withdrawal behavior.

The academic context misses evidence about the practical performance of ED visibility methods.
Retailers can implement a method they prefer while the effects of several new methods are not
validated in practice yet. Moreover, a replenishment policy with Batch ED visibility is dependent on
the actual customer withdrawal behavior, which is also an unknown factor.

1.3.4 Customer withdrawal behavior

The knowledge of customer withdrawal behavior is limited in the literature. Cohen and Prastacos
(1981) studied inventory systems with complete LIFO or FIFO demand and concluded that the
differences in performance are significant. Several studies estimate the fraction of customers picking
the first item on the shelf (FIFO), instead of searching for a fresher item (LIFO). Customers prefer the
freshest food (Broekmeulen & Van Donselaar, 2009; Broekmeulen & Bakx, 2010) while the retailer
prefers First-in-first-out (FIFO) logic from its customers to reduce food waste. The differences in studies
that estimate a general FIFO fraction are large; Teller et al. (2018) stated a FIFO fraction of 0.25, Janssen
et al. (2018) estimated 0.60, Kiil, Hvolby, Fraser, Dreyer and Strandhagen (2018) found a fraction of
0.90. A study of Van Burgh (2007) stated that the differences between the supermarkets, product
groups, and shelf dimensions were significant. A recent study of (Broekmeulen & Van Donselaar,
2019b) is the first that developed a procedure to estimate the FIFO fraction on product and store level
from empirical sales, waste, and inventory data. The performance of systems with the estimated
fractions was relatively close to systems with known withdrawal rates.

1.3.5 Conclusion of literature review

The literature review discovered that still, several gaps exist related to the effects of ED visibility
methods and customer withdrawal behavior. This research seeks to find insights about these gaps, and
contribute to the scientific area of retail store operations.



1.4 Research objectives

The objectives of this research correspond to the problem statement and knowledge from the
academic context. Generally, the problem of Jumbo is the lack of knowledge about all consequences
ED visibility could deliver. Therefore, the main objective of this study is to gather knowledge about all
the effects that can occur to their operations and changes that are required for a specific method.
Moreover, the objective of this research is to gather knowledge about:

e Avariety of ED visibility designs that are possible to implement in Jumbo's stores.
e The withdrawal behavior of customers in the stores, and how accurate this behavior can be
estimated.
o The potential performance improvement of different ED visibility scenarios.
= The existing key performance indicators (KPI’s) of Jumbo that can be improved.
= Other useful performance measurements that are possible to measure due to an
implemented method.
= The size and impact of the implemented method.
o All required changes in operational processes in the DC’s, in the stores, and possibly for
suppliers for different ED visibility methods.
e The financial benefits that arise from the implementation of the ED visibility scenarios.

1.5 Research questions

A research question (RQ) is constructed by combining the problem statement and research objectives
with the knowledge of existing and missing academic insights related to the problem. This main
research question is substantiated by sub-questions (SQ’s) to provide structure and guidance towards
the finding of an answer. The main research question is determined as:

Insight 4; Main research question.

How should Jumbo register and control the expiration dates of items in the stores with
respect to performance, required operational changes and finances?

In addition to the main research question, four sub-questions are constructed as:

sQ1l. What are the characteristics and performance measures of the current store
operations related to expiration date visibility?
SQ2. To what extent is it possible to accurately estimate the customer withdrawal behavior

in Jumbo stores?
a. How accurate can the withdrawal behavior be estimated when limited
empirical data is available?
b. What is the customer withdrawal behavior of Jumbo SKU’s?
SQ3. Which ED visibility level has the largest potential performance improvement?
a. What are the potential improvements of ED visibility levels related to key
performance measures?
b. What are the financial consequences of the ED visibility level?
SQ4. Which operational changes are required in the processes and information
systems of Jumbo to implement the ED visibility scenarios?

1.6 Research design and thesis outline

Multiple methods are considered to provide answers to the previously stated research questions. A
simulation-based approach is preferred in the design of this study because simulation modeling can
solve real business problems safely and efficiently. Moreover, this approach is easy to understand, is



able to provide a representation of complex systems, and analyze quickly multiple methods with clear
insights. In order to conduct quantitative research in operations management and decide which ED
visibility level Jumbo should be implemented to control the ED’s in stores, the research model of
Mitroff, Betz, Pondy, and Sagasti (1974) is followed. This model presents an interaction between four
phases: 1) conceptualization, 2) modeling, 3) model solving, and 4) implementation. Figure 2 presents
the model.

Feed|back
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Scientific
Model

Problem
Situation

Validation

Figure 2; Quantitative research model by Mitroff et al. (1974).

The outline of this thesis follows the phases of this research model. First of all, Chapter 2 discusses the
current situation at Jumbo, including the analysis and diagnosis of the store processes and its
performance. The reality and problem situation at Jumbo is conceptualized. Chapter 3 describes the
conceptual design of this study after the conceptualization phase. The conceptual design is modeled
to a scientific model, which is discussed in Chapter 4. A simulation experiment is conducted in the
model solving phase and the results are discussed in Chapter 5. Based on these results a solution is
suggested. The required organizational changes to implement this solution at Jumbo are discussed in
Chapter 6. Finally, Chapter 7 concludes the answers on the sub research questions and provide an
answer to the main research question. The limitations of this study and recommendations for further
research are also discussed in this chapter. Table 2 provides an overview of the thesis outline in
combination with the research model of Mitroff et al.

Table 2. Thesis outline based on components of the research model of Mitroff et al. (1974).

# ‘ Chapter Component of the research model
1 | Introduction Reality of problem situation

2 | Analysis of current store operations Reality of problem situation

3 | Conceptual design Conceptual model

4 | Scientific model Scientific model

5 | Results Solution

6 | Implementation of ED visibility Solution

7 | Conclusion and recommendations Implementation of solution




2 Analysis of current store operations

The previous chapter introduced the business problem at Jumbo and the current academic knowledge
in the literature related to the problem. This chapter starts by answering the research questions.
Analysis and diagnosis of the as-is situation at Jumbo are provided in this chapter. Two parts divide the
chapter. The first part discusses the characteristics of the current store operations of Jumbo. The
second part outlines the performance of the current operations related to expiration dates. At the end
of this chapter, the first sub-question of this research is answered.

Insight 5; Sub-question 1 of this research.

“What are the characteristics and performance measures of the current store operations related
to expiration date visibility?”

2.1 Characteristics

The characteristics of store operations provide the first impression of Jumbo’s current capabilities
related to ED information flows and how the organization uses ED information in the processes. Firstly,
this section discusses the supply chain of Jumbo and ED handling in the in-store processes.

2.1.1 Supply chain of Jumbo

The supply chain of Jumbo contains the product flow from supplier to customer. Generally, Jumbo
manages three stages of the supply chain: the national distribution centers (NDC's), the regional
distribution centers (RDC’s), and the stores. Jumbo has two regular NDC’s, one NDC only for freezer
goods, and four RDC’s. The regular NDC’s deliver to the RDC’s, who subsequently deliver to their part
of the stores. The freezer goods NDC delivers directly to the stores. Currently, Jumbo has
approximately 680 stores in all parts of the country (Jumbo Jaarverslag, 2018). A representation of the
supply chain is shown in Figure 3.

NDC
, Freezer goods flow
™ 2 regular NDC’s, and 1 l

freezer foods NDC

Supplier
Su Iiersl:: NDC/RDC e NDC-RDC flow Store
o T postorase Approximately 650 [—® Customer
via cross-dock, or flows

stores

directly to store

A
RDC RDC-store

4 RDC’s, all supplier of flow
a part of the stores

Cross-dock flow [y

Direct flow

Figure 3; Supply chain of Jumbo, including the different product flows.

Several product flows occur in the supply chain. This study focuses only on perishable products that
occur in three distribution flows to stores: 1) distribution from NDC or RDC storage, 2) cross-dock
distribution, and 3) distribution direct from the supplier. The ED information available differs for these
product flows. The current knowledge related to ED’s is discussed in the following two subsections.

2.1.1.1 Available ED information in Jumbo distribution centers

The majority of items are stored at the NDC’s or RDC’s before being delivered to a store. External
suppliers deliver to an NDC or RDC, dependent on the type of product. All DC’s use the same
information system to store product data: WMS Locus. In addition to the storage quantity and location,
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the ED of items in storage is also available in WMS Locus. The ED of a batch is checked when a supplier
delivers to a DC. Agreements are made between Jumbo and suppliers on the minimum shelf life at
delivery. These agreements are made to decrease waste and increase the freshness of items sold to
customers. The majority of the deliveries consist of an ED significant higher than the minimum agreed
on shelf life. Especially the delivered batches of SKU’s with a high average shelf life are often several
days or even weeks longer than the agreed minimum.

The system also monitors the ED’s of batches that are delivered to stores. The historical data of these
deliveries can only be traced within approximately half a year. Although ED information is available in
the DC’s, Jumbo only uses this information in the DC disposal process.

2.1.1.2 Available ED information in cross-dock and direct distribution

Products can also be distributed to stores without being stored in a Jumbo DC. The majority of SKU’s
in these flows are distributed using cross-dock. External cross-dock suppliers do deliver to an RDC.
These deliveries are already sorted for each store and Jumbo only provides the transport from the RDC
to the store. As a result, WMS Locus contains no information on these orders. Therefore, no ED
information is available to the system as well. Cross-dock suppliers are directly in contact with the
store information system SAP. Most highly perishable SKU’s are delivered through this cross-dock
distribution.

Jumbo has made strict agreements with cross-dock suppliers due to the highly perishable items in this
distribution flow. Therefore, there is less variance in the actual delivered shelf life. The low variance
makes it possible to estimate the delivered ED. The delivered shelf life of the largest cross-dock supplier
(vegetables and fruit supplier) has on average a probability of 0.30 to be equal to the agreed minimum
shelf life and a probability of 0.70 to be one day longer. These probabilities are the most useful
information Jumbo has related to the actual delivered ED of cross-dock SKU’s. A small part of the
deliveries is directly transported from the supplier to the store. The characteristics of this distribution
are the same as cross-dock distribution.

2.1.2 Operational processes and information systems in Jumbo stores

The stores are the last stage in the supply chain of Jumbo. Jumbo aims to provide customers a high
service, thus the performance of the stores is crucial. The information system that manages the store
inventory is SAP. The SAP information system consists of three different systems: SAP Retail, SAP CAR,
and SAP F&R. These systems are involved in different store processes. The literature review in the
previous chapter showed that Kotzab and Teller (2005) defined eight in-store logistics processes. These
processes also apply to the store operations of Jumbo. The general description of Kotzab and Teller
and how these processes interact are presented in Appendix A. Although these descriptions can be
applied to the processes of the majority of grocery stores, the study of Kotzab and Teller (2005) misses
descriptions of the level of ED visibility in these processes. The interaction between the information
systems and the in-store logistics processes with relevance to ED information is presented in Figure 4.
Details of these processes are discussed in the next sections.
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Figure 4; Overview of information systems and flows with operational processes at Jumbo.

2.1.2.1 Delivery and receipt process

At store delivery, the store employees check whether the quantity matches the delivery message and
if the quality of the products is sufficient. Although the DC information system (WMS Locus) has
insights on which ED’s are delivered, the delivery message lacks to include this information. Stores only
have the certainty that the delivered batch has at least the SKU’s minimum shelf life.

The SAP Retail system stores the information from the delivery messages derived from a Jumbo DC or
supplier, and updates the inventory levels in the system. The current SAP Retail is able to distinguish
different batches of an SKU, which could lead to the distinction of different ED’s. However, this feature
is currently used for a different purpose: to make a distinction between regular items and promotion
items. After the delivery and receipt process, the products are transported to the backroom storage
or to the shelves in the salesroom of the store.

2.1.2.2 Handling and storage at the shelf

The SAP Retail information system contains the inventory levels of all SKU’s in the store. Employees
are supposed to replenishment the shelves using FIFO logic, and thus placing items with a higher
remaining shelf life at the back of the shelf. Furthermore, two methods related to ED handling are
applied at Jumbo store departments. The first method is to check the ED of each item in the
department every day and dispose of when necessary. The other method is to manually register the
oldest ED of each SKU in the personal digital assistant (PDA) tool and keep updating it at daily ED
checks. The advantage of the second method is that the employee only has to check the SKU’s that
according to the PDA tool has a possibility of having an old ED. The ED’s are entered manually in the
PDA tool which can lead to mistakes and inaccurate information. The first method is believed to be
more effective in product departments with almost only SKU’s with a low shelf life and easily visible
ED’s on the package (e.g. ready-to-cook department). The PDA tool is used in product departments
with many SKU’s and with a high diversity of shelf lives (e.g. dairy and eggs department).




2.1.2.3 Processing of transaction

Jumbo stores use a Point Of Sales (POS) information system to process the transaction when customers
buy a product: the R10 information system. This system translates the scanned barcodes to sales data.
SAP CAR receives the sales quantities, and once a day inventory corrections are sent to SAP Retail.

2.1.2.4 Re-ordering

The re-ordering process is mainly performed by the SAP systems. The SAP Retail system sends the
inventory data to the SAP F&R system. This system generates automatic order advice (AOA) for each
SKU/store combination. SAP F&R sends this back to SAP Retail. Stores can accept the AOA or adjust
the quantity if they consider it necessary. The SAP information systems have no insights into the ED’s
of items in the stores. Therefore, the replenishment logic used in the re-ordering process cannot
include the forecasted outdating in the order advice. Moreover, the uncertainty in inventory
management is higher due to the unforeseen expiration of items. Therefore, this method results in
lower availability to the customer if the same reorder levels are used.

2.1.3 Conclusion characteristics of ED information

Although Jumbo has complete ED visibility in the DC’s, the store information system has no insights
into the ED’s of items in the stores. The two information systems are not exchanging ED information
while the benefits for store operations are high according to the literature. An overview of the
information systems at Jumbo in combination with the important processes is presented in Figure 4.

2.2  Performance

The indication of the current performance of Jumbo provides a benchmark to compare the potential
performance of implemented ED visibility methods. First of all, a selection of SKU’s and stores are
presented that will be used in this study. Secondly, Section 4.2.2 discusses several key performance
indicators that are used or missed in Jumbo’s store operations.

2.2.1 Store and SKU selection for performance analysis

A data set at Jumbo is collected for the analysis of the store operations performance. This data set
consists of daily sales and outdating for a selection of SKU/store combinations at Jumbo. This data set
is defined as Data set Y. This empirical data set will also be used in the parameter determination of the
scientific model; Section 4.1.2 describes this part in more detail. The focus in this section is to provide
an indication of the performance of Jumbo. Stores, SKU’s and a period are selected for this data set.
Fifty stores are selected based on earlier research at Jumbo by Van Beuningen (2018). All of these
stores have their daily order moment in the morning (at last before 10:00). Data from these stores is
collected from week 23 until week 34 in 2018. The SKU’s are selected based on the following
constraints:

e The SKU was available for customers in all 50 selected stores in the period from week 13 until
week 34 in 2018.
e The SKU had waste due to expiration in at least one of the selected stores in the period from
week 13 until week 34 of 2018.
e The SKU is part of a product department that is considered to have ‘fresh’ products. The
following departments are considered fresh product departments:
= P.V.F. or Potato/Vegetable/Fruit (A.G.F.)
= Convenience (Convenience)
= Cheese of the knife (Kaas van het Mes)
=  Pre-packed cheese (Kaas Verpakt)
= Butchery (Slagerij)
= Fish (Vis)
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= Meat Service (Vleeswaren Bediening)
=  Pre-packaged meat and salads (Vvp Vleeswaren/Salades)
= Dairy and Eggs (Zuivel en Eieren)
e The SKU has a minimum shelf life of at most 30 days at store arrival.

The requirements are tested for the SKU’s in Jumbo’s assortment. Only 393 SKU’s met the constraints
and are included in Data set Y. Appendix B shows the number of SKU’s per product department.

2.2.2 Key performance indicators

This section discusses several used and missing KPI's at Jumbo. The store and SKU selection are used
to provide actual values to the KPI’s. This study focuses specifically on sales, availability, and waste. A
KPI for freshness to customers is a relevant KPI that Jumbo misses in its operations.

2.2.2.1 Sales

Sales data is collected from the SAP information system for the period from week 23 until week 34 of
2018. It is assumed that data from these weeks is sufficient to provide an indication for the variety and
distribution of sales among SKU’s and stores. Figure 5 presents the average daily demand of the 393
selected SKU’s based on sales data from the 50 stores. Only the days on which the SKU was available
in the store are included in the calculation for the average daily demand. Three SKU’s from the
selection have an exceptionally high average daily demand (resp. 48, 50 and 170).

m0.5-1.0
m11-20
@2.1-3.0
@3.1-4.0
@3.1-4.0
@5.1-7.0
b7.1-10.0
010.1-15.0
015.1-20.0
020.1-25.0
O>30

Figure 5; Indication of average daily demand variation between SKU’s in selection.

Besides the variation of the daily demand between SKU’s, a variation between stores for the same SKU
exists. The average variance-to-mean (VTM) ratio is 1.3 of the SKU’s in the selection (excluding the
three SKU’s with the exceptionally high demand). Interviews with Jumbo store employees confirm that
a part of the customers searches for items with a better expiration date. Therefore, these demand
levels can be divided into FIFO and LIFO demand.

2.2.2.2 Availability

The KPI's related to the availability of items are crucial for service-oriented retailers. Several
measurements of the availability are known. This study highlights two KPI’s: On-Shelf Availability (OSA)
and non-empty shelves probability (or In-Store Availability). The OSA (or fill rate) measures the fraction
of demand delivered to customers. This KPI provides a valuable indication of customer service,
however, the OSA cannot be actually measured in practice. A frequently used alternative is the non-
empty shelves probability. This KPI measures the availability of an item at discrete moments in time.
Just before a potential delivery moment, the probability of a non-empty shelf is measured. Jumbo
applies the non-empty shelf probability as an indicator of the availability of items to customers. Non-
empty shelf norms are set for each product department. These norms indicate the minimum
probability that stores should realize.
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2.2.2.3 Waste due to expiration

Perishable items inevitably lead to waste in the long-term. An indication of the waste at the Jumbo
stores is collected over the period from week 23 until week 34 of 2018. The average waste is calculated
as a fraction of the daily demand for all SKU’s in the selection. Almost 200 SKU’s have on average a
waste fraction lower than 0.01. Approximately 130 SKU’s have an average waste fraction between 0.01
and 0.05. The highest average waste fraction measured in this period is approximately 27% of the
average demand for this SKU. The results only consider waste due to the expiration, or in other words,
items that reach the end of their shelf life. In practice, also other reasons lead to waste such as damage,
theft, or disappearance without a known reason. In the remainder of this study, waste is only
considered waste if the reason is outdating (reaching the end of shelf life). The other variations are
included in the inventory corrections.

2.2.2.4 Fresh Case Cover

The Fresh Case Cover (defined by Broekmeulen and Van Donselaar, 2017) is calculated for all the 393
SKU’s (defined as the case pack size divided by the average demand during the shelf life). The average
daily demand for all 50 stores, as discussed in the previous section, is used as input for the demand.
Furthermore, the minimum shelf life of each SKU is used in the calculation. The average demand of all
stores is used in the calculations of the FCC. Therefore, the FCC for specific SKU/store combinations
can significantly deviate from the average FCC. SKU/store combinations with a higher FCC should have
on average a higher amount of waste. The FCC is mostly used as a good first indicator of the amount
of waste (Broekmeulen & Van Donselaar, 2019a).

Table 3. Fresh Case Covers of SKU selection.

FCC Number of SKU’s

0-0.20 177
0.21-0.40 156
0.41-0.60 47
0.61-0.80 10
0.81-1.00 2
1.01-1.20 1

2.2.2.5 Freshness to customer

The quality of a product based on the remaining shelf life is the freshness. The freshness also declines
during the shelf life of a product, and it assumed in the literature that the freshness is at its maximum
when arrival in the store (Ferguson & Ketzenberg, 2006). Broekmeulen and Van Donselaar (2019a) are
the first that derive an exact and approximate expression for freshness for perishable products with
stochastic demand. They defined the freshness to the customer as the average remaining shelf life of
the items of a customer. The freshness is dependent on the shelf life, the inventory levels, the waste,
the fill rate, and the daily sales. The study proved that the approximate expression is accurate and can
be used to determine the freshness of SKU’s. Jumbo misses information about the actual shelf life to
be able to determine the freshness. The implementation of ED visibility could potentially provide the
missing information, which would lead to new useful insights about the performance of Jumbo.

2.3 Conclusion of opportunities for current store operations

All performance measures at Jumbo stores have the potential to be improved. The balance between
availability and waste should be able to be improved with the implementation of an ED visibility level.
However, changes are required to the operational processes and information systems for
implementation. Both Batch and Item level ED visibility have the potential to be successfully
implemented at Jumbo. However, the FIFO fraction of the customer demand for Jumbo SKU’s is
currently unknown and has to be investigated. The remainder of this report shows the potential
performance increase of both visibility levels.
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3 Conceptual design

The previous chapter described the current store operations and performance of Jumbo with respect
to availability and waste. The implementation of a variant of ED visibility has the potential to increase
this performance according to the literature. The characteristics of the current inventory system of
Jumbo is conceptualized in the first phase of Mitroff et al. (1974). This chapter describes the conceptual
design that is constructed in this phase. The aim of the study is to determine the best ED visibility
method (for each SKU, product group, or product department) to increase the overall store operations
performance. The parts of this conceptual design will be modeled to a scientific model to be able to
test the performance of ED visibility methods.

The Jumbo stores reorder products at Jumbo’s distribution centers in periodic review moments and in
multiples of a fixed order quantity (case pack size). These case pack sizes are set for each SKU. Product
orders are delivered with a deterministic lead time. Products leave the system when sold by customers
or when they reach the end of their shelf life. Customers are arriving by following a Poisson
distribution, and two types of customers are distinguished. These types behave differently towards the
ED’s of items. The first type of customer follows the FIFO logic when they take an item from the shelf;
the second type follows the LIFO logic. A product store combination has a fixed ratio between
customers taking items LIFO or FIFO from the shelf. Unfortunately, this ratio between customers is
unknown to Jumbo. Items that reach the end of their shelf life at the end of the day leave the system
at that moment. The number of outdated items determines the waste of the system. The timing of
events during a day in the model is the following: the store opens, inventory decreases due to FIFO
and LIFO customer demand, the store closes, the shelf life of items decreases with one day, items with
a shelf life of 0 are removed from the inventory (outdating), the estimated quantities for each ED are
updated if required, a new order is placed if required, and in-transit goods arrive at stores and are
immediately placed on the shelves. Figure 6 illustrates the simplified model of a Jumbo store.

DiriFo)
Jumbo DC

+«— Do)

Outdating

Figure 6; Simplified model of Jumbo store system.

The objective of finding the best method related to an ED visibility level is determined by the inventory
management in the store. Multiple scenarios with different levels of ED visibility are feasible for Jumbo
to implement. However, the effect on the overall performance differs for each scenario. Therefore,
the expected value for several KPI's is determined for each scenario by also using replenishment
policies with or without age information. The Batch ED visibility level needs customer withdrawal
behavior to be able to be implemented. Therefore, the model consists of two parts that will be
executed separately. The first part focuses on customer withdrawal behavior (described in Section 3.2).
The second part tests the ED visibility scenarios for a variation of SKU’s (Section 3.3). First of all, a
description of the used replenishment policies in both parts is provided.

3.1 Replenishment policies
As discussed earlier, a replenishment policy can use age information in the determination of orders if
this data is available. The current replenishment situation at Jumbo misses this information. Therefore,
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it is assumed that the (R, s, nQ)-policy is used in the replenishment (Silver et al., 1998). The expiration
of items is unforeseen in systems with this policy. The reorder levels are set based on the desired
balance between availability and waste. The possible desired situation at Jumbo is to include ED’s in
the replenishment. The literature review of this report showed that the EWA policy (Broekmeulen &
Van Donselaar, 2009) outperforms other replenishment policies with ED information. According to the
literature, the reorder levels of a scenario with ED visibility should be equal or lower than reorder levels
with a scenario that uses the (R, s, nQ) logic while remaining the same availability level.

The customer withdrawal behavior part of the model uses age information. Therefore, the EWA policy
is used in this model. The part of the model which tests the ED visibility scenarios uses this policy for
the two scenarios (Batch and Item) with ED visibility. The replenishment in the scenario without ED
visibility is performed by the (R, s, nQ) policy.

3.2  Part 1: Customer withdrawal behavior

Customer withdrawal behavior is a critical variable in inventory management with perishable items.
Insights in the customer withdrawal behavior of Jumbo contribute to the estimation of potential
performance the ED visibility methods can realize. The fraction of customers taking the first item on
the shelf (FIFO withdrawal) is still hard to estimate, but a recent study provides new insights
(Broekmeulen & Van Donselaar, 2019b). They developed a procedure to estimate the fraction of FIFO
withdrawal from empirical sales, waste and inventory data. This procedure could estimate the fraction
relatively accurate. However, this estimation was based on a high number of periods (i.e. 20,000
periods). In practice, retailers have no empirical data available that consists of over 10,000 days or
even close to that. Therefore, this study firstly seeks a minimum threshold of days required to have an
acceptable accuracy on the customer withdrawal behavior estimation. The design of the estimation
procedure of Broekmeulen and Van Donselaar (2019b) is used to find this threshold. Secondly, the
procedure is tested with empirical data of Jumbo to estimate customer behavior towards their SKU’s.
The model assumes that the FIFO fraction of the demand for similar SKU’s in the same store is equal
and constant. Moreover, the first part of the model seeks to find correlations between the FIFO
fraction and other SKU or store characteristics. These relations can possibly provide a good first
indicator of the FIFO fraction of an SKU/store combination before using empirical data.

3.3  Part 2: Scenarios with ED visibility

The second part of the model measures the potential performance of scenarios with different ED
visibility levels. Three scenarios with the three general levels of ED visibility are included in the model:
No ED visibility, Batch ED visibility, and Item ED visibility. This section describes how these scenarios
are implemented in the design.

3.3.1 No ED visibility

First of all, the base scenario of the model is the scenario without ED visibility. The system has no
information about the ages of the items available. Therefore, the (R, s, nQ) replenishment policy is
used for the older generation. The majority of the current retailers are working with this scenario in
their stores. The results of the new scenarios are compared to this base scenario to indicate the
potential increase in ED visibility levels.

3.3.2 Batch ED visibility with actual shelf life and known FIFO withdrawal

This scenario presents the visibility level in which ED’s are visible on Batch level. Multiple variations of
Batch ED visibility can be implemented. First of all, this scenario uses the actual shelf life. This implies
that the system knows the precise shelf life of items that enter the store, even when the shelf life at
store arrival has a variance. The variance of the shelf life that is used in each scenario represents the
actually delivered shelf lives for a large part of the fresh departments at Jumbo. The shelf life at store
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arrival has a probability of 0.3 to be the minimum shelf life of each item and a probability of 0.7 to be
one day longer than the minimum shelf life. The modeled system knows the exact shelf life when the
order is delivered at the store. Secondly, the FIFO withdrawal fraction is known. Therefore, the
estimation of the FIFO fraction is not included in the simulation experiment. Broekmeulen and Van
Donselaar (2019b) indicated that an error in the estimation of the FIFO fraction has a limited effect on
the performance of a scenario. However, a sensitivity analysis is conducted to test the effects of the
error margin for the results in this study. As discussed in the previous section, the EWA replenishment
logic is used in this scenario because an age-vector is included in the method. The age-vector of the
inventory is estimated based on the customer withdrawal fractions, thus less accurate than a known
age-vector.

3.3.3 Item ED visibility

The last scenario that will be tested in the simulation experiment is Iltem ED visibility. This is the most
complete scenario related to age information. The system knows the remaining shelf life for each item
on the shelf on each moment exactly. The majority of literature papers with ED visibility uses visibility
on Item level. Due to the known age-vector, the EWA replenishment logic is also used in this scenario.

3.4 Key performance indicators
The performance of the scenarios is analyzed by measuring several KPI’s. Three performance indicators
are used in this analysis. These KPI’s are the following ones:

e  On-Shelf Availability (OSA). The OSA (also called the fill rate) is the long-term fraction of
demand that could directly be delivered from the store shelf to customers. This KPI is
unmeasurable in practice because the actual sales are monitored instead of customer demand.
However, it provides the most relevant indication of customer service related to availability.
The model assumes lost sales costs (p) for each customer with demand for an item that could
not be delivered directly from the shelf.

e The waste fraction. The waste fraction or relative outdating measures the long-term fraction
of items that reach the end of its shelf life relative to the average daily demand. The model
assumes that waste costs (w) occur for each item that reaches the end of its shelf life.

Another decision rule of the model is related to the balance between the OSA and the relative waste.
To be able to easily compare the scenarios with the base scenario without the cost parameters, the
OSA level remains at a constant level and the corresponding waste levels are compared. The decrease
in the waste fraction of a scenario represents the performance of the scenario. The results of the
scenarios are also tested using a cost parameter to provide an indication of the potential cost
reduction. The ratio between lost sales cost and waste costs represents the cost parameter.

3.5 Position in literature

The first part of the model is based on a newly developed procedure to estimate the FIFO fraction of
customer withdrawal based on empirical data (Broekmeulen & Van Donselaar, 2019b). They used data
on sales, waste, and inventory to determine the fraction of FIFO demand each day. Three situations
can occur in which the customer behavior could be estimated: 1) the observed waste at the end of the
day is equal to the size of the batch with a remaining shelf life of 1 at the start of the day, 2) the
observed waste plus the realized demand is equal to the size of the batch with a remaining shelf life of
1 at the start of the day, and 3) positive waste is observed while the observed waste plus the realized
demand is less than the total inventory at the start of the day. A simulation experiment showed that
the actual FIFO fraction could be reasonably accurately estimated. This study showed that a difference
between the actual and estimated FIFO fraction only affects the results with respect to availability and
waste are small. The cost increase for a difference of 0.25 or less is below 1.5%.
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Secondly, the model focuses on the performance of different levels of ED visibility. The addition of
different levels of ED visibility is studied less in the literature, as indicated in Chapter 3. The most
relevant paper to this study is the research from Broekmeulen and Van Donselaar (2019b). They only
recently introduced the concept of Batch ED visibility. This new level of visibility was possible to use
because they developed an estimation method on customer withdrawal behavior. This study showed
a simulation experiment that analyzed five scenarios with different ED visibility levels. These are the
following scenarios: 1) No ED visibility with (R, s, nQ) replenishment logic, 2) No ED visibility with (R, s,
nQ, Q™) replenishment logic, 3) Batch ED visibility with known FIFO fraction and EWA replenishment
logic, 4) Batch ED visibility with estimated FIFO fraction and EWA replenishment logic, and 5) Item ED
visibility with EWA replenishment logic.

The experiment used varying levels for six input parameters to generate approximately 2,000 unique
inventory systems that are analyzed by using seven different values for the cost ratio parameter. The
performance of all visibility scenarios is tested for these inventory systems. The conclusion of the study
stated that the majority of benefits that resulted from Item ED visibility could be gained by a scenario
with Batch ED visibility. Even the Batch ED visibility scenario with errors in the FIFO fraction estimation
performed relatively close to the scenario with complete age information.

Another concept introduced by Broekmeulen and Van Donselaar (2019a) is the Efficient Frontier. The
Efficient Frontier consists of a representation of the tradeoff between availability and waste. As
suggested in their research, this concept can be used to quantify the performance of fresh
departments in retail stores. The expected performance of the visibility scenarios can be expressed by
the Efficient Frontier. This frontier shows that is it possible to increase both availability and waste.
Other details about the position in literature are given in Chapter 3 and the extended literature review
that is conducted as preparation for this study (Bastiaanssen, 2019).

3.6 Addition to literature

The customer withdrawal behavior part of the model continues the research of Broekmeulen and Van
Donselaar (2019b) in estimating the customer withdrawal behavior. First of all, the model determines
a threshold on the number of observations required to have a reasonable accuracy on the estimated
FIFO fraction. In other words, the average FIFO fraction approaches a constant level and the model
shows how many observations are required to have no large deviations from the estimated FIFO
fraction in the long-term. Secondly, the model uses empirical data of a real retailer to test whether the
customer behavior in stores of this retailer can be estimated. Thirdly, this part of the model seeks an
indication of whether relations between the estimated FIFO fraction based on empirical data and the
general SKU characteristics exist. These relations can be helpful to estimate the FIFO fraction of an SKU
without the need for empirical data.

The simulation part of the model of this study also contributes to the literature as an addition to the
study of Broekmeulen and Van Donselaar (2019b). The contribution of the model is in twofold. First of
all, the simulation model will use input parameters based on the characteristics of the actual SKU’s of
an actual grocery retailer. Therefore, the variation between the average daily demand, shelf life, and
case pack size is different than in a study of Broekmeulen and Van Donselaar. They used 64 unique
combinations between these three parameters. This study uses the most common combinations in
practice. Moreover, these combinations are directly corresponding to one of multiple SKU’s at Jumbo.
It can be stated that a wide diversity of SKU’s is tested and that the results between actual product
groups can easily be compared. A second contribution to literature is to include a variation on the shelf
life of items in the model. In practice, retailers are not always receiving the exact same shelf life at
store arrival for a specific SKU. Therefore, the model includes a variation of the delivered shelf life that
corresponds to the actual average variation measured at a retailer such as Jumbo.
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4 Scientific model

The scientific model of this study consist of two parts: 1) the estimation of the customer withdrawal
behavior, and 2) the simulation experiment to test the ED visibility scenarios. These parts are
conducted and analyzed separately. Furthermore, both parts are based on a different data set. The
data description is discussed in the first part of this chapter. The notations, assumptions and a
description of both parts are described in the remainder of this chapter.

4.1 Data description

The two parts of the scientific model both have different needs of data. Therefore, this study collected
two different data sets at Jumbo. The first described data set is used to estimate the customer
withdrawal fractions of several Jumbo SKU’s; this data set is smaller than the next one and is defined
as Data set X. The second data set is larger and is already used in the analysis of the current
performance of Jumbo (discussed in Section 2.2). In addition, this data set is used to determine the
input parameters for the simulation experiment. This data set is defined as Data set Y. The next
sections describe the data sets in more detail.

4.1.1 Description of Data set X: estimation of customer withdrawal behavior

One of the objectives of the first part of the model is to estimate the FIFO withdrawal fraction for
several Jumbo SKU’s. Therefore, an empirical data set is required to be able to use the estimation
procedure of Broekmeulen and Van Donselaar (2019b). This data set is defined as Data set X.

4.1.1.1 Data set X: the selection of stores and SKU’s

A constraint of the estimation procedure is that the shelf life at store arrival is known. Jumbo misses
this exact information, however, several SKU/store combinations have a constant shelf life at store
arrival which is equal to the ‘minimum shelf life’ plus one day. An analysis at Jumbo shows that highly
perishable items have less variance in the shelf life at store arrival. In particular, the part of the ready-
to-cook product group that is delivered by cross-dock suppliers has, in general, a low variance.
Furthermore, the timing of the daily store delivery affects the variance of the shelf life. Stores that are
delivered at the end of the day receive almost always a shelf life equal to the ‘minimum shelf life’ plus
one day for the highly perishable items delivered by cross-dock. Therefore, Data set X is constructed
with a new selection of stores, SKU’s, and for a different period than Data set Y. Five stores that are
delivered at the end of the day are randomly selected. The SKU’s in this data set are selected based on
two criteria: 1) the SKU is part of the 393 SKU selection used in Data set Y (discussed in Section 2.2.1),
and 2) the minimum shelf life plus one day is 8 days or less. The latter criteria are equal to the maximum
shelf life that is used in the study of Broekmeulen and Van Donselaar (2019b). These criteria resulted
in a selection of 69 SKU’s. The period for this data set is from June 10, 2019, until August 8, 2019.

4.1.1.2 Data set X: data collection and preparation

Empirical data for the abovementioned selection is collected at Jumbo and consists of the following
data: daily sales or realized demand, daily outdating due to expiration, daily deliveries, daily inventory
mutations, and the inventory on-hand at the begin of August 8, 2019. These inventory mutations are
corrections to the inventory on-hand in the system based on the actual inventory on-hand. In other
words, a negative inventory mutation signifies that the actual inventory on-hand is lower than the
system’s inventory on-hand. Therefore, the system’s inventory on-hand has to be decreased. These
negative mutations represent items that leave the store without registration. The inventory mutations
also consist of positive corrections. The actual inventory on-hand was, in that case, lower than the
inventory on-hand in the system. A reason for these mutations could be that items are delivered to
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the store without registration of the delivery in the system Lastly, a part of the inventory mutations is
canceled the next day (a positive mutation that exactly cancels out the negative mutation on the day
before, or vice versa). The estimation procedure of Broekmeulen and Van Donselaar (2019b) requires
the inventory on-hand on each day. Therefore the realized demand (or sales) D;, the number of expired
units (or outdating) E, the size of placed orders q;_,, and inventory mutations M, are used to calculate
the inventory on-hand at the begin on day t.

The inventory on-hand on August 8 is used to calculate the inventory on-hand for August 7. However,
the inventory on-hand at the begin of day t IZ cannot be less than the size of the delivery on the end
of day t-1 (equal to the placed order on the day before that, thus g;_,). An additional correction is
made if the inventory on-hand is lower than the delivered quantity. This correction is added to the
mutation quantity of the previous day. The expressions for the inventory on-hand and the addition to
the inventory mutations are defined as:

If = max(If;; — qe—p — My + D¢ + E; qp—5) (1)
If IZ < q;_,, then
My =M, +1If = qe; (2)

The calculations of the inventory on-hand continue until the inventory on-hand on June 10 is also
computed. Due to these additions, Data set X can be used in the estimation of the customer withdrawal
behavior for Jumbo SKU'’s.

4.1.1.3 Description of Data set X’

The accuracy of the estimation procedure is investigated before the empirical data is used to estimate
the FIFO fractions of Jumbo SKU’s. The accuracy test needs a high amount of data to be able to compare
the accuracy of the procedure over time. Therefore, this study uses bootstrapping to create a large
data set that can be used in the estimation procedure. This new data set is defined as Data set X’. A
demand distribution is used to generate daily demand. Moreover, constant values for the shelf life at
store arrival and case pack sizes are determined. The characteristics of this distribution and values for
other parameters are discussed in Section 4.4.1.1.

4.1.2 Description of Data set Y: simulation experiment of ED visibility scenarios

Data set Y is the same as the data set used in the performance analysis in Section 2.2. The data set
consists of fifty stores that all receive the delivery at the start of the day and 393 SKU’s from varying
‘fresh’ product departments (from week 23 until week 34 in 2018). Data set Y contains empirical sales
data. Again, bootstrapping is applied to create a data set that can easier be used in the simulation
experiment. This data set is defined as Data set Y’. This data set contains a demand distribution with a
high variety of means. The characteristics of this distribution and other input parameters that are used
in this data set are described in more detail in Section 4.5.

4.2 Notations

The notations used in the model are presented in Table 21 in Appendix C. This table consists of the
abbreviations and definitions of all parameters and variables of the simulation model. These notations
are also used in the objective functions of the simulation model. These functions are described in
Section 8.4.
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4.3 Assumptions

During the description of the conceptual model and in the previous sections related to the withdrawal
behavior estimation and the simulation model several assumptions are mentioned. In addition, the
model makes several more assumptions. The list below presents the additional assumptions:

e The store is open every day. Demand could occur and orders can be delivered each day.

o The average daily demand is constant for each day. In other words, no week pattern is involved.

e The average daily demand based on 77 days is representative of current and near-future demand
of the corresponding SKU’s at Jumbo.

e The system is a lost sales environment, thus no backorders are possible.

e Suppliers have ample stock and delivery reliability of 100%.

e (Case pack sizes are constant for each SKU.

e The lead time and review period are constant.

e The review moment is at the end of the day, after possible removal of items.

e Theleadtimeis 1 day and orders are delivered at the end of the day and are directly placed on the
shelves in the store.

e Shelves have no capacity limit.

e Shelves are replenished with FIFO logic. The item with the oldest expiration date is placed in the
front of the shelf.

e The shelf life at store arrival is equal to the minimum shelf life of an SKU with a probability of 0.70
to be one day longer. The shelf life is known when arriving in the system.

e The shelf life decreases with 1 day at the end of the day. Items with a shelf life of 0 will be directly
removed from the shelves.

e The actual FIFO customer withdrawal behavior is constant for each SKU.

e Inventory holding costs are not relevant and excluded from the model.

4.4 Part 1: Customer withdrawal behavior estimation

The first part of the model consists of the accuracy and implementation possibilities of the customer
withdrawal behavior estimation. The procedure of Broekmeulen and Van Donselaar (2019b) is used
with small adaptions for estimation of the withdrawal behavior. The model will tests the accuracy of
the estimation procedure (Broekmeulen and Van Donselaar, 2019), estimate the FIFO fraction of
Jumbo SKU’s, and describes a simple linear regression to gain more insights.

4.4.1 Accuracy of the estimation procedure

The FIFO fraction of customer withdrawal can be estimated with data of the realized demand Dy, the
inventory on hand at the begin of the day IZ, and the number of expired units E; (Broekmeulen & Van
Donselaar, 2019b). Subsequently, the number of items with a remaining shelf life of r days B, can be
estimated. The FIFO and LIFO demand are determined on each day using a FIFO fraction. Firstly, the
LIFO demand removes the items from the shelf with the highest remaining shelf life. The FIFO demand
removes items from the oldest batch. To be able to estimate the FIFO fraction f, three constraints have
to be met: 1) realized demand is positive during a day, 2) total inventory at the start of the day is higher
than the realized demand, and 3) multiple batches (so with different remaining shelf lives) are available
in stock. At the end of each day, three situations can occur in which the FIFO fraction during that day
can be determined (discussed in Section 3.5). The procedure for the FIFO fraction estimation is
expressed below; a list with the notations is presented in Table 21 in Appendix C.
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Lett:=0 andf := 0.50, and at the end of each sales day do
If[0 <D, <IE] A [Byy>0] A [IZ— B, > 0] then
If [E;=By] V [Di+E =By] v [(Df+E <IPB) A (E; > 0)] then

Update: t==17+1, F = %andf= % -1 F;
t
The FIFO fraction is updated each period with an observation. This updated fraction is directly used to
divide the demand between FIFO and LIFO. During the estimation, the number of items in each batch
should be calibrated when it is required (e.g. amount of expired units at the end of the day is higher
than the number of items in Batch with remaining shelf life of 1 day at the start of the day). Details of

the procedure can be found in their paper (Broekmeulen & Van Donselaar, 2019b).

4.4.1.1 Input parameters for the accuracy test

Data set X’ is used to test the accuracy of the estimation procedure. The estimation procedure is
conducted for several combinations between input parameters. Different values for the mean of the
demand distribution, the case pack size, and the shelf life at store arrival are used. Furthermore, the
estimation of six actual FIFO fractions (f) is conducted. The demand distribution is constructed to use
a rectified normal distribution, thus all negative values are reset to 0. Subsequently, the generated
demand values are rounded to the nearest integer. The values of the mean of the normal distribution
before the rectification are set on 2, 4, and 7. However, the rectification slightly raises the average
demand level due to the exclusion of negative numbers. The resulted mean daily demand and variance
are presented in Table 4. This table also presents the other input parameters of the accuracy test.

Table 4; Input parameters for the test experiment of the FIFO estimation method.
Input parameter ‘ WEVELS
Combinations mean p and standard {(2.046, 1.353);
deviation o of demand distribution: (y, o) | (4.014, 1.982);
(7.004, 2.655)}

Case pack size {4, 6}
Remaining shelf life {3, 6}
Estimated FIFO fraction in periodt=0 {0.50}
Actual FIFO fraction {0.0,0.2,0.4,0.6, 0.8, 1.0}

The EWA replenishment policy (Broekmeulen & Van Donselaar, 2009) is used in the test experiment.
All parameter settings are executed with 5 replications for two different reorder levels. These reorder
levels are discrete, fixed, and determined for each input parameter settings such that the expected
OSA level is just above 95% and 99.9%. The two OSA levels are selected to present a realistic target at
Jumbo (95%) and to generate a higher amount of observations in the same period by using a high
availability level (99.9%). The mean daily demand and the case pack size are the only varying input
parameters that affect the reorder level, thus these combinations result in 12 different reorder levels
used in the experiment. The reorder level is independent of the shelf life and actual FIFO fraction due
to the characteristics of the EWA policy. The start level of the estimated FIFO fraction is 0.50 because
that level has the lowest maximum distance from a possible FIFO fraction. No warm-up period is used
because the aim is to find the accuracy for a short period of time.

4.4.1.2 Additions to the estimation procedure

The estimation procedure of Broekmeulen and Van Donselaar (2019b) requires an addition due to the
inventory mutations (M) in Data set X". These inventory mutations are considered as required updates
to the estimated batch quantities in order to keep the inventory on-hand in the estimation procedure
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equal to the calculated inventory on-hand from Data set X. Therefore, the mutations are added to the
‘calibrate’ procedure explained in the study of Broekmeulen and Van Donselaar. The majority of
inventory mutations in the data set occurred due to unknown reasons. However, a part of the
mutations only occurred to cancel out the inventory mutations of the previous day (as discussed in
Section 4.1.1.2). The inventory mutations are removing or adding items LIFO from the batches on the
shelf due to this known reason. By removing/adding the items LIFO, the effects on the FIFO calculation
are minimized when the inventory mutation was incorrect and had to be corrected the next day. If the
inventory mutation is positive then the amount of the mutation has to be added to the batches on the
shelf, however, the updated estimated batch size should not exceed the original batch size upon
arriving in the store. If the inventory mutation is negative then remove the amount of the mutations
from the batches on the shelf. The batches should first be updated due to the difference between the
actual and the estimated waste. Thereafter, the batches are again updated due to the inventory
mutations. The expression for the updating of the batch quantities due to inventory mutations is
described below.

If My > 0 then add M, items LIFO to the batches on the shelf, i.e., forr =m,m —1,...,1do
UM = min(q¢—r—m-r) — By My — Y12y UM) and By, = By + UM (3)

If M; < 0 then remove M, items LIFO from the batches on the shelf, i.e., forr =m,m —1,...,1do
UM = min(By; —M; — X%, U) and By, = By, — U (4)

4.4.2 Clustering by existing product groups

This study assumes that the FIFO withdrawal behavior is the same for SKU’s from the same product
segment in the same store. The selection of 69 SKU’s consist of 20 product segments. Two small
segments (‘cooking vegetables’ and ‘cooking vegetables winter’) are considered as one due to the
similarities of the products; these products variate from spinach to endive. Therefore, this study
considers 95 clusters (19 segments * 5 stores) in the FIFO fraction calculation. The FIFO fraction for
these clusters is determined by the model.

4.4.3 Simple linear regression on FIFO fraction of clusters

The last analysis in the customer withdrawal behavior part of the model seeks to find relations
between the estimated FIFO fraction and the general characteristics of clusters. Simple linear
regression is constructed to find if any correlations exist that can be helpful to estimate the FIFO
fraction without the use of empirical data.

4.4.3.1 Dependent and independent variables

The dependent variable in the regression analysis is the estimated FIFO fraction of a cluster. A list of
multiple independent variables that are tested is presented in Table 5. These independent variables
are dependent on the store, the product segment, or both. Moreover, a distinction between metric
and non-metric variables is indicated in the overview. The categories for non-metric variables are
presented in the last column. All these independent variables could have an effect on customer
withdrawal behavior.

Table 5; List with independent variables for multivariate regression analysis.
Independent Variable Segment or store  Type of Category

dependent variable
Average daily demand Segment and store | Metric -
Average shelf life at store | Segment Metric -
arrival
Average waste fraction Segment and store | Metric -
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Average Fresh Case Cover | Segment and store | Metric -

Average week pattern of | Segment and store | Metric -

demand

Average consumer price Segment Metric -

Average stock level Segment and store | Metric -

Type of product segment | Segment Non-metric {Potato processed, Cooking
vegetables, Herms/germ, Stir-fry,
Lettuce Basic, Lettuce Premium,
Carrots ready-to-cook, Burgers,
Fish Meal, Filet-pate-raw}

Region Type of store Store Non-metric {Very urban, Urban, Rural}

Customer budget of store | Store Non-metric {Premium, Multicultural, Budget}

A regression analysis tool is used to test the relation of the FIFO fraction with the independent
variables. The relation is considered as significant if the p-value is below 0.05.

4.4.3.2 Additional contributors to customer withdrawal behavior

A high variety of factors has an effect on customer withdrawal behavior. Several factors are
independent variables in the simple linear regression. This section contains a list of examples of
additional contributors to the withdrawal behavior. These factors came up during interviews with
employees at the Jumbo stores and HQ or are mentioned in the study of Van Burgh (2007). These
contributors are not included in the regression analysis due to several reasons. These reasons vary
from the difficulty to measure to the need for field research to be able to measure them. Future
research in customer withdrawal behavior could investigate the effects of these factors in more detail.

4.5

Substitution behavior: the change in behavior when a substitute of the product is out of stock.
Promotion: the effect when the product (or substitutes) has a discount and/or are placed on
another location in the store.

ED of the oldest batch on the shelf: if the oldest batch is close to expiration, the FIFO fraction
could decrease.

Difference between ED’s: a higher difference between the expiration dates could lead to a
lower FIFO fraction.

Shelf dimensions: all dimensions could affect the degree of how easy it is to take an item from
the back of the shelf.

Poor shelf replenishment: other effects on the FIFO behavior occur when the shelf is not or
partly replenishment with FIFO logic.

Desired moment of consuming the product: the FIFO behavior could decrease when the
customer is planning to consume the product after a few days.

The mood of the customer.

The weather.

The season or weekday.

Part 2: Simulation experiment of ED visibility scenarios

The second part of the model consists of a simulation experiment to test several ED visibility scenarios.
The simulation experiment is executed by using the DoBr-tool of Broekmeulen and Van Donselaar of
TU/e. This tool makes it possible to test multiple situations with different parameters. The tool
provides a clear overview of the desired KPI’s.
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4.5.1 Input parameters

Data set Y’ is used in the simulation experiment. The generated values in this data set are determined
by using the empirical data from Data set Y. The simulation setting fluctuates by varying four input
parameters: 1) demand, 2) case pack size, 3) shelf life, and 4) FIFO customer withdrawal. The
description of each parameter is described in the upcoming subsections.

4.5.1.1 Daily demand

The daily demand is the first input parameter for the simulation experiment. The demand corresponds
to the sales data of the second described in the data set. The average daily demand for an SKU can
vary strongly among the stores. Therefore, several SKU’s are represented with different values for the
daily demand in the simulation experiment. The demand distribution function in this part of the model
is a discrete Poisson distribution for a variance-to-mean ratio below 1, and a shifted geometric
compounded distribution for a variance-to-mean ratio equal to 1 or higher. This means that the arrival
process is Poisson distributed and the number of demand for each customer is shifted geometric due
to the assumption that an arrived customer always has a demand of at least 1. Table 32 in Appendix F
shows which values for the average daily demand are used in the simulation experiment (values
between 0.3 and 27).

Week patterns are clearly visible in the collected sales data. However, the majority of papers with
replenishment policies do not include the week pattern in their model (Haijema & Minner, 2019).
Although this study assumes that the week pattern has no significant effect on the relevant results, a
sensitivity analysis will be executed to test whether this assumption is valid.

4.5.1.2 Case pack size

Stores are limited in replenishment due to an incremental order quantity (I0Q) for each SKU.
Therefore, the minimum order quantity (MOQ) is at least equal to the 10Q. The 10Q is different for
each SKU and is equal to the size of the case pack for a store. The replenishment order size is always
rounded to an integer number of case pack sizes. Each SKU has a fixed case pack size. Table 32 in
Appendix F shows all case pack sizes selected in the simulation experiment (values between 1 and 20).

4.5.1.3 Shelf life

The third varying input parameter is the remaining shelf life at store arrival. Unfortunately, the actual
shelf life arriving at stores is not measured at Jumbo. The only collected value for the shelf life for each
SKU is the minimum shelf life. This shelf life is the minimum number of days the item can still be sold
when arriving at the store. As discussed earlier, a large part of the highly perishable items has the
following variance on the shelf life: the average shelf life at store arrival is the minimum shelf life with
a probability of 0.30 and the minimum shelf life plus one day with a probability of 0.70. Therefore, the
minimum shelf life with a probability of 0.70 to be one day longer is used in the simulation model for
each SKU. An overview of the values for the shelf life used in the experiment is shown in Table 32 in
Appendix F (values between 2 and 20).

4.5.1.4 Customer withdrawal behavior

The fourth input parameter is the FIFO customer withdrawal fraction. This parameter is unknown to
Jumbo for each SKU/store combination. However, based interviews with employees in-store and HQ,
investigation in stores, and the analysis of this research on the empirical data, it is assumed that most
products have a FIFO fraction somewhere between 0.40 and 0.80 (or slightly outside these
boundaries). Therefore, the results with these FIFO fractions should provide a reasonable indication of
the potential performance improvement.
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4.5.1.5 Final selection of input parameters

The final input parameters for the simulation model are selected based on the characteristics of the
actual SKU’s from the SKU selection. A high number of simulations are required to test the scenarios
for all combinations of frequent values for the daily demand of a store, case pack size, and shelf life.
Therefore, we aim to create a selection of 80 to 100 combinations of these parameters. The parameter
combinations are selected based on the following criteria:

e Parameter combinations of SKU’s with FCC > 0.60 using the average demand of all 50 stores.
o The number of selected parameter combinations with these criteria: 26.
=  Case pack size and shelf life of 13 SKU’s in combination with a low and high
average daily demand of the SKU.
e Parameter combinations of SKU’s with actual average waste fraction > 12% in all 50 selected
stores.
o The number of selected parameter combinations with these criteria: 20.
= (Case pack size and shelf life of 10 remaining SKU’s in combination with a low
and high average daily demand of the SKU.
e Remaining frequent parameter combinations between case pack size and low shelf life.
o The number of selected parameter combinations: with this criteria: 26.
= 15 frequent combinations between case pack size and low shelf life with 1-3
common values for daily demand.
e Remaining frequent parameter combinations between daily demand, case pack size, and shelf
life in order to represent a large part of SKU’s in the fresh product departments.
o Number of selected parameter combinations with these criteria: 20
= 20 combinations that represent a vast part of the SKU’s in the fresh product
departments.

The final selection of input parameter combinations for the simulation model contains 92
combinations. The complete list is presented in Table 32 in Appendix F. To conclude, the number of
unique parameter combinations for two values of the actual FIFO fraction results in 184 different
simulations. Each simulation experiment is replicated 25 times and the report presents the average of
the output values for each simulation setting.

4.5.2 Objective function

The main objective function of the simulation model is based on the waste fraction at a target
availability level. This section discusses this target availability and costs related to availability and
waste. The definitive objection function is presented in the remainder of this section.

4.5.2.1 Target availability

Although Jumbo uses ISA as a performance indicator in its operations, this model uses OSA for the
target availability level. The reason that Jumbo uses ISA is that this availability indicator is easy to
measure. However, in the simulation model, the OSA is as easy to measure as ISA while it provides a
more complete representation of the performance. For instance, OSA measures the fraction of time
items are available to customers while ISA only measures availability at a discrete moment. The target
ISA levels at Jumbo are used to determine the OSA level that is used in the simulation experiment of
this study. Several simulation tests analyzed the relation between the ISA and the OSA level. This
analysis led to an OSA level of 95% that will be used in the simulation experiment. Additionally, a
sensitivity analysis will be conducted to check the results at different OSA levels.
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4.5.2.2 Cost parameters

The model considers two cost parameters: lost sales costs (p) and waste costs (w). Lost sales costs are
defined as the cost related to the demand that cannot be fulfilled because there are no items in stock
left. Waste costs are the costs for items that have to be disposed of because they have reached the
end of their shelf life. The simulation model compares the availability with the amount of waste,
therefore, the ratio between these two cost parameters is important (Haijema & Minner, 2019).
Several lost sales ratios are used in the model; these are described in more detail in Section 5.2.2.

4.5.2.3 Objective functions

This part of the model contains two objective functions to compare the ED visibility levels: a main
objective function and a financial objective function. The first one focuses on the waste decrease when
the availability level remains constant. The aim is to decrease the amount of waste significantly with
the ED visibility methods compared to the base scenario without ED visibility. This main objective
function of the simulation experiment is presented below.

max Waste%Decrease (5)
with Waste%Decrease = Waste%noppvisivitity — Waste%gpscenario
where EDscenario = {BatchED, ItemED}

In addition to the main objective function, a financial objective function is defined to indicate the
possible financial benefits for each SKU/scenario combination. The OSA is not a constant in this
objective function because the aim is to minimize the overall costs including lost sales costs compared
to the base scenario.

max CostReduction% (6)

(LostSalesCostsyogpvisibility +W asteCostSnoEDvisibility )

with CostReduction% = (. —1)*100%

(LostSalesCostSgpscenariotWasteCostSgpscenario)

where EDscenario = {BatchED, ItemED}
LostSalesCosts = p * (1 — 0SA) * u
WasteCosts = w * waste% *

4.5.3 Generic expressions for the replenishment policies

The scenarios with and without ED visibility follow a different replenishment logic due to the addition
of ED information in the new scenarios. The following sections discuss the replenishment policies used
in respectively the base scenario without ED visibility and the scenarios with ED visibility.

4.5.3.1 (R, s, nQ) replenishment

The replenishment policy for the base scenario misses age information about the stock. Therefore, the
(R, s, nQ) logic is used in the model (Silver, Pyke & Peterson, 1998). This policy is introduced in the
classification of inventory systems and is often used as a benchmark in new replenishment policies in
the last two decades ((Broekmeulen & Van Donselaar, 2009; Haijema & Minner, 2016; Haijema &
Minner, 2019). The notations of the policy indicate the classification variables. Moreover, R indicates
that the system is reviewed periodically. The presence of a reorder level is indicated by s. It is possible
to let this reorder level be dynamic. If the inventory position (/P) of an item is strictly below the reorder
level on a review moment, an order is created. The size of the order should raise the inventory position
back to or just above the reorder level. However, case pack sizes (the size of the case pack is indicated
by Q) are included in the base policy. Therefore, the order quantity g is rounded up to a multiple of the
case pack size. The order policy of this base stock policy at time t expressed as:
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If IP, < s theng, = Q * [St Ipt] (7)

This base stock policy is widely used by academics and retailers because of its simplicity.

4.5.3.2 EWA replenishment

Both scenarios with ED visibility are able to use age information. Therefore, the EWA replenishment
policy can be used for these scenarios (Broekmeulen & Van Donselaar, 2009). Basically, the EWA policy
creates orders to raise the inventory position minus the forecasted waste back to or above the base
stock level. Depending on the requirements of the system, the base stock levels can be fixed or
dynamic. The simulation model of this study assumes fixed base stock levels for each SKU. The
expression for the order quantity on time t is as follows:

(8]

sp—IP Ay IHLAR=10, LAR_1 A
qt:{Q*[t - lHl if IP, = Nt 10 < s¢

0 otherwise

with s, =SS+ YR E[D;] and [x] implies to round x up to the nearest integer.

4.5.4 Generic expressions for KPI's

The performance of the scenarios is tested by determining several KPI’s. This section shows the general
functions to calculate the relevant KPI’s. Earlier studies introduced mathematical expressions for the
expected waste fraction and OSA as a function of the demand (Van Donselaar & Broekmeulen, 2012;
Van Donselaar & Broekmeulen, 2013). These expressions are included in the DoBr-tool that will be
used for the simulation experiment. The output of the KPI’s will be analyzed in the next chapter.

4.5.5 Interpolation of the waste fraction

Interpolation is required to determine the waste fraction at a fixed availability level because of the
discrete reorder levels. The simulation experiment seeks to find the waste fraction at an OSA level of
0.950. The output of the model consists of an expected OSA value and waste fraction for a range of
reorder levels. No interpolation is required if a given OSA value is already equal to 0.950. Otherwise,
the two reorder levels with an OSA level just above and below 0.950 are used for interpolation. Only
two reorder levels are considered because otherwise, interpolation could give a waste fraction for OSA
= 0.950 which is higher (or lower) than for reorder levels with an OSA > 0.950 (or OSA < 0.950).
Exponential interpolation still provides a simple but suitable representation of the Efficient Frontier.
The expression for the waste fraction with exponential interpolation is as follows:

0.950-054;9,,

Waste%nigh« 0S4, -+ —0SAr
Waste% = Waste9 —ugn high—0SAiow 9
% Horow * (Waste%low [9]

The OSA and waste fraction with ‘high” and ‘low’ indicate the values for the reorder level with an OSA
respectively just above and below 95%. Due to this interpolation, the waste fractions will have small
deviations from the Efficient Frontier.
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5 Results

This chapter discusses the results of the customer withdrawal behavior estimation and the execution
of the simulation experiment to test the performance of ED visibility scenarios. The third and fourth
research questions are answered in respectively Section 5.1 and 5.2.

5.1 Results of customer withdrawal behavior

Customer withdrawal behavior is a crucial concept in this study. The previous chapters described how
the customer withdrawal behavior can be estimated, however, it is still unclear how accurate the FIFO
fraction of withdrawal can be estimated. In other words, this section focuses on the estimation of
customer withdrawal behavior and answers the third sub-question of this study.

Insight 6; Sub-question 3 of this research.

“In what extent is it possible to accurately estimate the customer withdrawal behavior in  Jumbo
stores?”
a. “How accurate can the withdrawal behavior be estimated when less empirical data is
available?”
b. “What is the customer withdrawal behavior of Jumbo SKU’s?”

5.1.1 Accuracy of customer withdrawal behavior estimation

The procedure of Broekmeulen and Van Donselaar (2019b) is executed to estimate the FIFO fraction
for different parameter settings for a period of 2,500 days using Data set X’. Observations of the FIFO
withdrawal behavior occurs on a part of these days; each observation affects the estimated FIFO
fraction. Figure 7 shows the estimated FIFO fractions for one parameter setting (D =4, m =6, Q = 4,
target OSA = 99.9%)) and one replication for each of the selected actual FIFO fractions relative to the
number of observations.
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Figure 7. FIFO fraction estimation over number of observations for one replication of a parameter setting with D =4, m =
6, Q =4, target OSA = 99.9%

According to the figure, the estimated FIFO fractions approaches a constant level that is close to the
actual FIFO fraction relatively quickly. This estimation is conducted for 24 different parameter settings
with all five replications. The outcome of the average estimation of all these executions is presented
in Figure 8. The grey lines indicate 99% confidence intervals.
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Figure 8. Average FIFO fraction estimation over the number of observations for six actual FIFO fractions.

The average estimated FIFO fractions approach constant levels that are close to the actual FIFO
fraction. As in the study of Broekmeulen and Van Donselaar (2019b), the actual FIFO fraction is not
exactly reached, however, the deviation only has a small effect on the final results; this will be
confirmed in Section 5.2 as well. This study seeks a threshold in the number of observations for which
we can state that the estimated FIFO fraction remains approximately constant. The estimated FIFO
fraction of each number of observations for each replication is compared to the FIFO fraction that is
estimated after 200 observations in that replication (approximately the same fraction at 50
observations). Table 7 presents the results of this comparison. The average number of observations
that are required to be within a distance of 0.05 and 0.10 of the estimated FIFO fraction after 200

observations (f.

,00) @nd without leaving this range are both shown.

Table 6; The average number of observations required to be within a distance of {0.05; 0.10} of estimated FIFO fraction
with 200 observations.

Distance Actual FIFO fraction

from f,5, Variable . . 04 06 08 1.0

0.05 Average number of observations
required to be within distance
Standard deviation of the
number of observations

0.10 Average number of observations
required to be within distance
Standard deviation of the
number of observations

8.8 20.3 33.6 | 245 | 215 | 10.0 | 19.7

1.6 22.0 27.1 | 221 | 173 8.9 20.3

5.0 8.1 103 | 8.3 7.3 5.4 7.4

0.6 11.2 126 | 11.2 5.6 2.8 8.4

The results in the table show that the extreme FIFO fractions (0.0 and 1.0) are the easiest to approach.
The actual FIFO fraction of 0.4 requires the most observations to be approached by the estimation. It
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is expected that a FIFO fraction somewhere between 0.4 and 0.6 requires the most observations
according to these results. By including the standard deviations of the number observations required
an upper confidence interval can be determined. For a distance of 0.10 and an actual FIFO fraction of
0.4, the upper confidence interval is 13.75 observations. For a distance of 0.05 and an actual FIFO
fraction of 0.4, the upper confidence interval is 41.14. The number of observations required
significantly increases for individual replication if the estimated FIFO fraction has to be very accurately
estimated. The number of observations required for the range of 0.10 is relatively low.

The number of withdrawal behavior observations seems to be highly dependent on the parameter
settings. The fraction of days with observation is higher when the potential waste is higher because
observation can only be made if there is positive stock for the batch with a remaining shelf life of 1.
Table 8 shows the percentage of days with observations for each parameter setting.

Table 7. Average fraction of observations over the total of days for each parameter setting.
Maximum Average Minimum Maximum Average Minimum

(Actual (all FIFO (Actual (Actual FIFO  (all FIFO (Actual

Q m D FIFO=0.0) fractions) | FIFO =1.0) =0.0) fractions) = FIFO = 1.0)
41 3| 2] 95% 15.2% 10.6% 6.9% | 99.9% 24.5% 21.3% 18.8%
41 3| 4] 95% 18.0% 11.7% 5.7% | 99.9% 25.5% 21.7% 18.0%
41 3| 7| 95% 18.0% 9.9% 3.5% | 99.9% 28.8% 25.2% 21.6%
6| 3| 2|95% 15.6% 9.6% 5.3% | 99.9% 19.6% 17.2% 16.1%
6| 3| 4]|9% 15.7% 9.1% 4.2% | 99.9% 29.8% 25.2% 19.1%
6| 3| 7]|95% 17.3% 9.3% 3.5% | 99.9% 28.8% 25.4% 23.7%
41 6| 2| 95% 8.8% 4.4% 0.9% | 99.9% 13.2% 11.2% 8.4%
41 6| 4| 95% 6.6% 2.0% 0.1% | 99.9% 18.0% 12.4% 6.3%
4| 6| 7| 95% 4.1% 0.9% 0.0% | 99.9% 17.1% 10.9% 4.7%
6| 6| 2|95% 7.6% 3.6% 0.8% | 99.9% 12.6% 10.4% 7.0%
6| 6| 4| 95% 5.7% 1.7% 0.1% | 99.9% 15.6% 10.7% 6.0%
6| 6| 7|95% 3.5% 0.8% 0.0% | 99.9% 21.0% 11.7% 3.8%

According to the results in the table, it seems that the availability level has a high effect on the
possibility of measure the withdrawal behavior. The fraction of observations for the OSA is 99% seems
to be significantly higher than for OSA is 95%. Moreover, the actual FIFO fraction also has a high
influence. More observations were possible when this unknown variable is low. It is obvious that both
of these variables have also a high correlation with the amount of potential waste.

5.1.2 Customer withdrawal behavior of Jumbo SKU’s

The second step in the estimation of customer withdrawal behavior is to test the estimation procedure
onreal SKU’s at Jumbo. Data set X with 5 stores and 69 SKU’s is used in this part. This data set contained
empirical sales, waste and inventory data. By conducting the procedure of Broekmeulen and Van
Donselaar (2019b) with a few small adaptions the FIFO fraction for 345 store/SKU combinations could
be calculated. A combination between the results of Table 7 and additionally uncertainties due to the
characteristics of Data set X in the procedure, a threshold of 20 observations is set for a fraction to be
acceptable. All fractions with less than 20 observations are not considered as an accurate estimation.

Due to the additional uncertainties in the empirical data (e.g. inventory mutations and actual shelf life
at store arrival ) the results are verified. The actual waste is compared to the expected waste if the
estimated FIFO fraction after 60 days is used in the entire period. Fourteen SKU/store combinations
are used for this verification; these can be found in Table 22 in Appendix D. For all SKU’s in which the
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expected waste by the estimation procedure is different than the actual waste, a new FIFO fraction is
used. This new fraction is the fraction for which the expected waste is equal or close to the actual
waste. Subsequently, the difference between the estimated FIFO fraction and the FIFO fraction based
on actual waste is determined. The average difference is approximately 0.00 and has a standard
deviation of 0.173. A clear confirmation about the accuracy cannot be validated based on this analysis.
However, Section 5.2.2.3 shows that small deviations in the FIFO fraction have only a small effect on
performance.

5.1.3 Customer withdrawal behavior based on Jumbo product segments

The previous section discussed the results of the estimated FIFO fraction for 69 SKU’s in five stores.
This section has clustered the SKU’s from the same product segments because this study assumes that
the customer withdrawal rate is equal for all SKU’s in the same product segment in the same store.
This clustering makes it easier to raise the number of observations above the threshold of 20 with a
small empirical data set. Table 9 shows the estimated FIFO fraction (FIFO%) for each product
segment/store combination and the corresponding number of observations (n). The product segments
with an aggregated number of observations of less than 20 observations are excluded from the table.
Five product segments failed to achieve the threshold of 20 observations, even with all the five stores
combined. These segments are not considered in the remainder of this analysis.

Table 8. Estimated FIFO fractions based on 60 days of empirical data for Jumbo segment/store combinations;
light grey values are based on too few observations (<20) to be accurate.

Store number > 3118 3428 4664 4887 5743 Aggregated

Product segment \ FIFO% | n \ FIFO% | n \ FIFO% n FIFO% | n  FIFO% | n | FIFO% n

Potato processed 036 53| 055 46| 030 38| 034 26| 045 51 | 041 214
Cooking vegetables 044 47 | 028 33| 035 32| 039 35| 031 35| 036 182
Herbs/germ 073 24| 015 17 | 062 42 | 078 23 | 069 13 | 061 119
Raw food 016 19| 085 22| 035 23| 052 35| 050 44 | 049 143
Stir-fry 050 91| 034 71| 033 63| 041 55| 044 138 | 042 418
Lettuce basic 020 23| 003 16 | 025 24| 022 14 | 0.40 55 | 027 132
Lettuce premium 055 22| 035 31| 041 25| 039 14| 026 53 | 036 145
Soup vegetables 0.17 6 0.07 11| 018 11 | 010 10 | 0.00 10 | 010 48
Wok 050 2 0.75 4 | 067 3 038 4 0.81 7 0.66 20
Carrots ready-to-cook 0.62 5 033 16 | 052 20| 053 18 | 043 22 | 047 81
Burgers 071 12 | 061 28| 055 25| 062 21| 028 22 | 054 108
Ground meat 0.02 8 0.20 1 0.00 1 - 0 0.48 16 | 031 26
Fish meal 013 10 | 050 16 | 047 15| 062 13 | 0.16 23 | 036 77
Filet-pate-raw 031 26| 053 26| 028 25| 073 25| 0.36 14 | 045 116

The FIFO fraction of 40 segment/store combinations is based on at least 20 observations. All the
segment/store combinations that fail to meet this threshold are indicated by the grey font. The
deviations of the estimated FIFO fractions between stores differ for each segment. The fraction of
several product segments is relatively close between the five stores (e.g. cooking vegetables). In other
clusters, one or two stores have a significant difference compared to the other stores (e.g. burgers).
Lastly, a high variation between the FIFO fractions of all the five stores occurs in some clusters (e.g.
raw food).
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Example 1; Deviation of cluster/store combination.
The FIFO% of raw food in store 3428 seems to be significantly higher than the FIFO% in store 4664

for this same product segment. A possible explanation is that store 4664 performed poorly in FIFO
shelf replenishment for these products.

5.1.3 Output regression on customer withdrawal behavior

Simple linear regression is conducted to model the relationship between the FIFO customer
withdrawal fraction and other variables. The goal of this regression is to provide a first indication of
which variables can possibly predict the FIFO fraction of a segment/store combination. Simple linear
regression is conducted for 23 independent variables. This study included only one independent
variable in each model. Two models appear to be significant: models with the average demand of the
segment and the product segment Herbs/germ as an independent variable.

The average daily demand for all 69 SKU’s from the selection for each segment/store combination is
compared to the calculated FIFO fraction of the combination. The regression output is presented in
Appendix E. The output shows that the regression is significant (p-value = 0.00429) and the R%is 0.195,
which indicates that only 19.5% of the variance is explained by the model. The regression coefficients
show that the segments with higher demand have on average a lower FIFO fraction. For retailers, this
would be beneficial because products with a lower demand tend to lead to more waste, although the
demand is not the only factor that affects the amount of waste. The linear expression with respect to
this model as follows (including the error term &):

FIFO% = 0.567 — 0.029 * Daily demand + ¢ (10)

The second significant simple linear regression model is the model with the Herbs/germ product
segment. The regression output is also shown in Appendix E. The p-value for this model is 0.0015, thus
the model is assumed to be significant. Moreover, the R? of the model is 0.235. The SKU’s in the
Herbs/germ product segment is significantly higher than the other SKU’s. The relation between this
segment and the FIFO fraction was easy to detect because all stores (that met the observation
threshold) had clearly a high FIFO fraction. This linear model is expressed as follows:

FIFO% = 0.418 + 0.293 x Herbs/germ + ¢ (11)

Both models provide an indication that linear relationships between independent variables and the
FIFO withdrawal fraction can exist. These relations can be useful in estimating the FIFO fraction without
the need for empirical data. Therefore, these two independent variables are included in a multivariate
regression model. The output of this model is presented in Appendix E. The p-value of this model is
significant (<0.001). The R? is increased in comparison with the simple linear regression models to
0.324. The regression coefficients provided the following expression of the model:

FIFO% = 0.514 — 0.021 * Daily demand + 0.230 * Herbs/germ + ¢ (12)

The assumptions of a multivariate regression are checked. Linearity between the FIFO fraction and
both independent variables hold. The errors between the observed and predicted values seem to be
normally distributed. Multicollinearity in the data is checked by using the VIF (variance inflation factor)
value. The VIF value is 1.123, which indicates that no significant correlation between the two
independent variables exists. The Breusch-pagan test is executed to detect if any form of
heteroskedasticity is occurring in the data. The chi-square value is 1.56, which is significantly lower
than the critical value with 39 degrees of freedom. Therefore, the test indicates that the variances are
equal, so no form of heteroskedasticity is present in the data.
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Further research on the relations between variables and customer withdrawal behavior is suggested.
This future research should study multivariate regression models to possibly be able to predict a FIFO
fraction for each segment/store combination relatively easily. A higher number of observations could
provide more significant insights for other variables as well.

5.2  Results of ED visibility scenarios

This section provides an answer to the fourth research question. The first part of the chapter discusses
the potential improvement of waste while the availability is kept constant. Secondly, an indication of
the financial benefits is provided. The remainder of the chapter shows sensitivity analyses about
factors not included in the simulation model.

Insight 7; Sub-question 4 of this research.

“Which ED visibility level has the largest potential performance improvement?”

a. “What are the potential improvements of the ED visibility levels related to key performance
measures?”
b. “What are the financial consequences of the ED visibility level?”

5.2.1 Potential decrease in the waste fraction at constant availability level

The results are a balance between availability and waste. Therefore, the results of the simulation
experiment are expressed in a waste fraction difference between the scenarios with ED visibility and
the No ED visibility scenario at a constant On Shelf Availability or OSA level of 95%. The waste fraction
is the daily waste as a fraction of the daily demand. The reorder levels in the simulation are integers.
Thus, a reorder level with an OSA of exactly 95% is not present in the majority of simulations.
Interpolation on the waste fraction is used to still be able to compare the scenarios at a constant
availability level. Exponential interpolation is adopted due to the curve of the Efficient Frontier.
However, the determined waste fraction by interpolation still has a small error margin. First of all, this
section presents the results based on the parameters from Data set Y’. The potential waste decrease
for each product department of Jumbo is provided later in this section. The differences between
product departments for the potential waste decrease are relatively large.

The waste fraction difference is the relative decrease in waste fraction between the scenario with No
ED visibility and (R, s, nQ) replenishment logic and the scenarios with ED visibility and EWA
replenishment. A higher waste fraction difference indicates a larger decrease in waste related to the
average demand while an availability level remains constant. The 93 parameter combinations
(combinations between shelf life, case pack size, and demand) are clustered to provide an overview
and are presented in Table 9. The potential waste reduction for parameter settings with a low FIFO
fraction (<0.02) had high variance, while SKU’s with these settings are not very interesting because
they have already a low waste. Therefore, the potential waste difference is set to 0% for all settings
with an (R, s, nQ) waste fraction lower than 0.02. A detailed overview is presented in Appendix F.

Table 9. The relative reduction of the waste as a fraction of the daily demand of the two ED visibility scenarios for
parameter combination clusters.

Input parameters Actual FIFO = 40% Actual FIFO = 80%
BatchED  Item ED Waste  Batch ED Item ED

f\r’::tsitoen visibility:  visibility:  fraction visibility:  visibility:
for No ED relative relative for No relative relative
visibilit waste waste ED waste waste
y reduction reduction visibility reduction reduction
5 3 13 0-0.2 1.19 45.2% 45.2% 0.78 30.7% 30.4% 1
2.0-4.4 0.47 20.3% 20.8% 0.32 14.3% 14.6% 2
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45-70 062| 357%  357%| 038| 225%  23.0% 1

20-4.4 039| 203%  20.6%| 024 11.4% = 11.5% 2

4-6 |45-70 026 16.4% 16.9%| 0.5 8.2% 8.7% 2

10.0 - 19.0 021| 157%  16.8% 0.1 6.1% 6.7% 1

45-70 027 17.3% 17.2%| 0.5 7.7% 7.7% 1

812 10.0 - 19.0 017| 13.9%  140%| 0.09 6.6% 5.9% 3

0-20 052| 17.6% 19.0% | 0.39 12.0% 13.1% 6

1-3 |20-44 028 12.6% 14.4%| 017 9.1% 9.1% 1

45-7.0 0.09 4.2% 6.0%| 0.3 -1.2% -1.2% 1

0-2.0 055| 21.8%  23.0%| 0.1 16.0% 16.6% 3

20-44 025| 11.2% 120%| 0.15 6.8% 7.4% 8

a5 | *7° 45-7.0 019| 109%  11.6% 0.1 5.6% 5.7% 3
10.0 - 19.0 0.09 6.9% 7.3% 0.03 3.8% 2.5% 1

0-20 0.89| 48.2%  48.1%| 0.87| 47.6%  47.6% 2

20-4.4 021  10.0% 11.0%| 0.3 6.2% 6.2% 2

812 45-70 020  10.2% 112%| 011 5.6% 5.1% 2

10.0- 19.0 0.08 6.1% 6.4% 0.02 2.0% 1.5% 5

0-2.0 0.06 1.7% 22%| 0.02 0.0% 0.0% 1

13 20-4.4 0.10 3.3% 57%|  0.04 -0.5% 1.5% 2

0-2.0 0.29 16.2% 18.5% 0.25 16.2% 16.4% 10

20-4.4 0.06 1.7% 3.0%| 0.02 1.7% 1.0% 3

69 | *7° 45-7.0 0.03 1.7% 1.0%|  0.00 0.0% 0.0% 1
10.0 - 19.0 0.03 2.9% 29%| 0.0 0.0% 0.0% 1

0-2.0 0.38 28.6% 28.5% 0.36 28.0% 28.0% 2

8-12 |20-44 0.10 2.4% 5.0%| 0.5 3.7% 4.3% 2
45-70 0.06 4.1% 59%| 0.01 0.0% 0.0% 1

1-3 |0-20 0.00 0.0% 0.0% 0.00 0.0% 0.0% 1

0-20 0.35 9.9%  12.6%| 0.64| 21.2%  20.9% 4

4-6 |20-44 0.01 0.1% 0.3%| 0.00 0.0% 0.0% 5

10- 20 10.0 - 19.0 0.00 0.0% 00%| 0.00 0.0% 0.0% 1
0-2.0 0.06 3.5% 37%| 0.6 3.2% 3.2% 3

8-12 |20-44 0.01 0.0% 0.0%| 0.0 0.0% 0.0% 3
45-70 0.01 0.0% 0.0%| 0.0 0.0% 0.0% 3

Average 0.24 11.7% 0.24 11.7% 12.6% 0.19| 9.1%

As expected, the Item ED visibility method performs overall the best according to the results. However,
the difference with the waste decrease of the Batch ED visibility method is relatively small in the
majority of parameter clusters. The interpolation of the results is an occurring reason for larger
differences between the Batch and Item level scenarios. The highest potential decrease is as predicted
for products with a low shelf life, high case pack size, or low demand. According to literature, the FCC
is the first indicator of waste. Therefore, it is interesting to examine the relationship between the FCC
and the waste fraction decrease potentially delivered by ED visibility methods. The FCC of the
parameter combinations are clustered and the results for the waste fraction decrease are presented
in Table 33 in Appendix F. A higher FCC seems to result in a higher potential decrease. However, both
the FCC and the waste fraction difference are highly correlated with a high waste fraction.
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The parameter combinations are referring to actual Jumbo SKU’s. The results of the parameter
combinations are assigned to SKU’s that have approximately the same daily demand, shelf life and case
pack size. Table 11 presents the potential decrease in the waste fraction by product department, group
or segment. The waste fraction and relative reduction are weighted to the demand level of the number
of SKU’s in the product department/group/segment. SKU’s with a higher demand have therefore a
higher effect on the average fractions.

Table 10; The relative reduction of the waste as a fraction of the daily demand of the two ED visibility scenarios for each

Jumbo product department and/or group.
Actual FIFO = 40% Actual FIFO = 80%

WENGE Batch ED Item ED Waste Batch ED Item ED

fraction  visibility: visibility:  fraction visibility: visibility:

Product department for No relative relative for No relative relative
Product group ED waste waste ED WENT] WENTE] Number
Product segment visibility reduction  reduction visibility reduction @ reduction of SKU’s
P.V.F. (Potato/Vegetable/Fruit) 0.15 8.8% 9.3% 0.08 4.3% 4.6% 95
Potatoes and onions 0.05 2.2% 1.9% 0.02 0.6% 0.4% 3
Bananas 0.45 28.3% 28.5% 0.39 23.1% 22.8% 1
Citrus fruit 0.06 5.1% 5.3% 0.02 1.2% 1.5% 5
Fruit cooled 0.24 16.5% 17.0% 0.12 7.2% 6.9% 1
Vegetables unprocessed 0.03 0.0% 0.0% 0.01 0.0% 0.0% 2
Ready-to-cook 0.18 9.9% 10.5% 0.10 5.2% 5.5% 80
Potato processed 0.06 3.7% 4.5% 0.02 1.0% 1.2% 13
Lettuce basic 0.14 9.2% 9.1% 0.07 3.6% 4.7% 6
Raw food 0.17 6.2% 6.6% 0.11 4.2% 3.7% 5
Cooking vegetables 0.22 10.9% 12.1% 0.13 7.4% 6.9% 7
Lettuce premium 0.15 9.1% 9.6% 0.08 4.3% 5.0% 10
Carrots ready-to-cook 0.14 9.5% 10.5% 0.07 4.4% 5.3% 3
Soup vegetables 0.36 18.4% 19.5% 0.28 14.9% 15.2% 2
Cooking vegetables winter 0.23 11.3% 12.4% 0.13 7.4% 7.4% 2
Stir-fry 0.21 11.1% 11.9% 0.12 6.6% 7.1% 13
Wok 0.34 14.6% 15.0% 0.23 9.0% 8.6% 2
Meal salad 0.36 19.3% 19.5% 0.22 10.6% 10.5% 8
Herbs/germ 0.20 11.0% 11.9% 0.12 8.0% 6.7% 6
Lettuce package/dish 0.31 18.4% 18.9% 0.18 8.6% 8.7% 3
Soft fruit exotics 0.10 8.5% 9.6% 0.04 3.1% 3.9% 1
Cooking vegetables unprocessed 0.48 15.6% 16.9% 0.37 11.2% 10.3% 2
Convenience 0.03 1.2% 1.3% 0.02 1.3% 1.3% 5
Convenience 0.09 4.1% 4.5% 0.08 4.5% 4.5% 2
Fresh juices 0.00 0.0% 0.0% 0.00 0,00% 0.0% 3
Cheese from the knife 0.02 1.1% 1.2% 0.01 1.0% 1.0% 8
Cheese service foreign 0.23 14.5% 16.0% 0.18 13.8% 14.1% 1
Cheese service Dutch 0.00 0.0% 0.0% 0.00 0.0% 0.0% 0
Tapas 0.01 0.7% 0.8% 0.01 0.7% 0.6% 7
Pre-packed cheese 0.03 1.3% 1.8% 0.02 1.3% 1.5% 6
Butchery 0.11 4.83% 6.0% 0.05 1.6% 0.9% 20
Grinded meat 0.12 5.2% 6.3% 0.05 2.5% 1.5% 10
Poultry 0.11 5.1% 7.5% 0.04 1.7% -0.2% 2
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Beef 0.19 8.3% 8.9% | 0.2 4.4% 3.8% 1
Pork 0.09 0.0% 0.0%| 0.03 0.0% 0.0% 1
Meat season 0.12 5.0% 6.8% | 0.5 -0.3% -0.3% 2
Meat substitutes 0.00 0.0% 00%| 0.0 0.0% 0.0% 4
Fish 0.20 8.0% 93%| 0.1 3.6% 3.6% 9
Meat service 0.03 1.2% 1.4%| 0.01 0.6% 0.7% 22
Salads service 0.00 0.0% 0.0%| 0.00 0.0% 0.0% 1
Meats service 0.03 1.3% 15%| 0.1 0.6% 0.8% 21
Pre-packed meat and salads 0.00 0.0% 0.0%| 0.00 0.0% 0.0% 19
Gelles [apte-omele 0.00 0.0% 00%| 0.0 0.0% 0.0% 11
Meat pre-packed 0.00 0.0% 0.0%| 0.0 0.0% 0.0% 8
Dairy and eggs 0.03 0.7% 1.5%| 0.01 0.6% 0.7% 127
Dairy day drink 0.03 1.0% 17%| 001 0.5% 0.5% 32
Dairy day eat 0.03 0.6% 15%| 0.1 0.7% 0.8% 88
Egas 0.01 0.0% 0.0%| 0.00 0.0% 0.0% 7

According to the results, the potential increase in performance varies between the product
departments. The benefits for the large P.V.F. department are the highest if one of the ED visibility
methods would be implemented. The amount of waste can potentially be reduced with 9% if the actual
FIFO fraction of P.V.F. items is approximately 40%. A decrease of 4.5% can even be obtained when the
FIFO fraction is 80% in this department. The Butchery and Fish departments also have high potential
with respect to waste decrease. However, these results are based on fewer simulations. Other
departments seem to be able to only benefit minimal of ED visibility. For instance, the Dairy and eggs
department only has a small waste reduction compared to the scenario without ED visibility.

5.2.2 Financial benefits

The previous section showed the results of the simulation experiment only based on the outcome of
the KPI’s. This section includes two variants of cost analyses. First of all, an indication of the costs
related to the waste decrease is provided. The second part describes the cost decrease for each
scenario that is accounted for the balance between availability and waste.

5.2.2.1 Waste costs

The potential waste reduction results from the previous section can also be used to express the
financial benefits when the availability level remains constant. However, note that the calculation of
the average waste fraction reduction considers all measured SKU’s as equal. In reality, the SKU’s with
a higher demand have more effect on the overall store performance. Therefore, the actual potential
benefit of waste costs is slightly different than the results of Section 5.2.1.

5.2.2.2 Lost sales cost ratio

The results of the simulation experiment are also used to express a potential decrease in costs if a
visibility scenario is implemented. This section shows the decrease in costs for both visibility methods
as a fraction of the costs of the base scenario with No ED visibility. Section 4.5 described the usage of
the ratio between lost sales (p) and waste (w) costs to indicate the financial benefits of the visibility
scenarios. The values for the lost sales ratio varies from 0.5 to 12. A higher value for the ratio implies
higher importance to availability towards the customers. Service-oriented organizations like Jumbo
should aim for a high lost sales ratio. Jumbo prefers to realize an OSA level of approximately 98% or
higher. The lost sales ratio of 6 performs the closest to this availability level. Therefore, the lost sales
ratio of 6 is used in Table 12. The presented costs for each scenario correspond to the reorder level
which yields the lowest possible costs (lost sales costs plus waste costs). Both cost variants can
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decrease if a visibility scenario is implemented due to the effect of the Efficient Frontier (Broekmeulen
& Van Donselaar, 2019a).

Table 11; Average cost reduction of Batch and Item ED visibility scenarios compared to No ED visibility scenario sort by
FCC with p/w = 6.

Actual FIFO% = 40 Actual FIFO% = 80 Number
of SKU’s

Batch ED visibility: | Item ED visibility: Batch ED visibility: | Item ED visibility:

relative cost relative cost relative cost relative cost
reduction reduction reduction reduction
0-0.09 7.6% 7.4% 2.9% 3.2% 8
0.10-0.24 5.2% 6.2% 3.7% 2.3% 27
0.25-0.39 8.5% 9.3% 5.4% 5.2% 20
0.40-0.59 8.4% 10.0% 7.5% 7.6% 15
0.60-0.79 10.5% 12.2% 7.0% 7.9% 6
0.80-0.99 15.8% 17.8% 18.7% 19.1% 5
1.00-1.49 28.6% 29.5% 31.2% 31.6% 7
1.50-2.00 34.0% 34.0% 35.0% 34.9% 4

According to the results in the table above, two clear relations are visible. First of all, a lower FIFO
fraction for the customer withdrawal rate results in a higher decrease in overall costs. A lower FIFO
fraction leads to more waste, therefore, it seems logical that a visibility method has a larger impact on
the performance. Secondly, higher FCC results in a higher decrease in overall costs. The same reasoning
as for the previous relationship is applicable to this effect.

The potential cost savings are also determined when using other lost sales ratios. A higher lost sales
ratio results in a higher decrease in costs. This effect implies that ED visibility has more effect in service-
orientated organizations. Table 13 shows the ratio in cost decrease between several p/w ratios.

Table 12. Average cost reduction of Batch and Item ED visibility scenarios compared to No ED visibility scenario for
multiple p/w ratios.
p/w=0.5 p/w=1 JAVE] p/w =6 p/w=12
Batch: Item: Batch: Item: Batch: Item: Batch: Item: Batch: Item:
FIFO relative  relative | relative  relative  relative = relative relative  relative | relative  relative

cost cost cost cost cost cost cost cost cost cost
reductio reductio | reductio reductio reductio reductio reductio reductio reductio reductio
n n n n n n n n n n

40% 1.3% 1.7% 3.4% 4.1% 7.5% 8.4% 10.6% 11.6% 14.2% 14.8%
80% 1.5% 1.3% 3.5% 3.1% 6.8% 6.5% 9.1% 8.8% 11.3% 11.2%

The results in the table show that the potential cost reduction significantly increases when a retailer
aims for a high availability level. Furthermore, the difference between the Batch ED visibility scenario
and the Item ED visibility scenario is small, as expected.

The parameter combinations correspond to one or multiple actual SKU’s of Jumbo. Therefore, it is
again possible to presents the results of the simulation experiment for each product department of
Jumbo. Table 14 shows the average cost reduction for both scenarios for all product departments. The
averages are weighted to the demand level of the SKU’s in the product department.
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Table 13; Results for average cost reduction of Batch and Item ED visibility scenarios as % of the costs for the No ED
visibility scenario sort by Jumbo product departments with p/w = 6 and weighted to the SKU demand.

FIFO% = 40 FIFO% = 80
Product departments CBatch:  ltem:  Batch:  ltem: Numbe;‘r
relative cost  relative cost  relative cost  relative cost  Of SKU’s
reduction reduction reduction reduction
P.V.F. 9.0% 9.8% 5.1% 5.5% 95
Convenience 12.1% 9.5% 9.1% 8.2% 5
Cheese from the knife 2.9% 1.9% 0.5% 0.5% 8
Pre-packed cheese 5.5% 5.2% 4.9% 4.8% 6
Butchery 6.7% 7.2% 3.3% 3.7% 20
Fish 7.8% 9.8% 5.2% 5.3% 9
Meat service 3.1% 5.2% 5.5% 3.8% 22
Pre-packed meat and salads 0.5% 1.3% 1.5% 0.5% 19
Dairy and eggs 3.7% 4.9% 1.2% 1.5% 127

A detailed overview of the results is presented in Appendix E. This appendix summarizes the results on
the product group level. According to Table 14, the highest cost reduction can be achieved in the
Potato/Vegetable/Fruit department (80/95 of this department consist of the ready-to-cook group).
The departments Meat service, Pre-packed meat and salads, and Dairy and eggs seem to have only
small or even no cost benefits when an ED visibility scenario would be implemented.

5.2.3 Sensitivity analyses

The previous sections presented the results of the experiment model. This section shows that the
assumptions made in the model are valid by conducting sensitivity analyses. The effect of different
OSA levels, the inclusion of a week pattern in, and errors in the FIFO estimation are analyzed.

5.2.3.1 Waste fraction reduction at different OSA levels

The results of the simulation experiment indicate the potential waste reduction of Batch and Item ED
visibility for a constant OSA level of 95. Although this value should be a sufficient first indicator of the
waste potential, the waste decrease at other OSA levels provides more insights into the possible waste
improvement. Ten parameter combinations are selected to test the potential waste fraction reduction
at different availability levels. The maximum shelf life of the selected parameter combination is 6 days
due to the relatively high waste reduction for these products. The mean daily demand varies between
2 and 14.6, the case pack size is 4, 6, or 8, and the shelf life varies between 3 and 6. The waste decrease
is measured at discrete OSA levels, varying from 90 to 99%. Therefore, the waste results are repeatedly
interpolated for the specific OSA level. The interpolated results are presented in Table 15. The results
differentiate the waste decrease for Batch and Item ED visibility, as well for both actual FIFO fractions.

Table 14; Waste fraction difference at different OSA levels.

FIFO% Scenario ‘90% ‘93% 96% 97%

BatchEDVis. | 6.4% | 8.8% | 10.6% | 12.5% | 15.6% | 18.1% | 25.2%
Item ED vis. 7.8% | 10.0% | 11.2% | 13.3% | 16.2% | 19.2% | 26.8%
BatchEDVis. | 4.1% | 5.4% | 7.4% | 8.7% | 10.4% | 11.7% | 14.1%
Item ED vis. 43% | 6.0% | 7.1% | 82% | 10.2% | 12.4% | 14.9%

10 40

The results show that the waste fraction reduction increases when the OSA level increases. In other
words, the effect of ED visibility on waste increases when the OSA level is higher. As shown earlier in
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this study, the potential reduction of the waste fraction only increases if retailers aim for the high
availability of items in stores. The details of the results are shown in Table 35 and 36 in Appendix G.

5.2.3.2 Week pattern

The model assumed that the week pattern would not have a significant effect on the results. In this
sensitivity analysis, a selection of 10 parameter combinations is used to analyze if this assumption is
valid. The parameter combinations are selected in order to represent a wide variety of the selection of
393 SKU’s. The input for the week pattern is based on the actual week pattern for SKU’s that are
represented by the parameter combination. The week pattern is derived from Data set Y. The
simulation experiment is executed for the parameter combinations including the week pattern with
the DoBr-simulation tool. The waste fractions of the ED visibility scenarios are again calculated using
interpolation and compared to the results of the scenario with No ED visibility.

The waste fraction differences with the week pattern included seeming to be slightly different. A paired
t-test is conducted to compare the results statistically. The week pattern is assumed to be a non-metric
variable (the assumption that the week pattern is constant for each product). The impact of the week
pattern is tested on the potential waste fraction reduction (when OSA = 95%). The results of the paired
t-test are described in detail in Appendix G. The p-values are relatively high for both ED visibility
scenarios. A low p-value would indicate a significant difference between the waste fraction differences
with and without the week pattern included in the model. The two-tailed p-values for Batch ED visibility
and Item ED visibility are respectively 0.58 and 0.41. Therefore, it could not be stated that the influence
of the week pattern has an impact on waste fraction results.

5.2.3.3 Over- and underestimation of the FIFO withdrawal fraction

The Batch ED visibility scenario has to estimate the FIFO fraction of customer demand. This section
shows the consequences of deviations in the estimation. A small subset of 7 parameter combinations
is selected to measure the effect of an error in the estimation. The actual FIFO% in the experiment
remains to be 40 or 80, but the user estimates the FIFO% to be different. The results compare the
relative waste fraction of Batch ED visibility with different estimation errors as a factor of the waste
fraction of the No ED visibility scenario. A lower factor indicates a lower waste fraction. Table 16 shows
the results; the bold fractions indicates that the user estimates the FIFO% correctly.

Table 15; Relative change in the waste fraction of Batch ED visibility scenarios with errors in the estimation of the FIFO%
compared to the scenario with No ED visibility (OSA%=95 in all scenarios).
Relative waste Batch ED visibility with estimated FIFO%:

fracti d [\ [N ] Item ED
raction compare visibility 10% 20% 40% 50% 70% 80%  100% visibility

to No ED visibility
Actual FIFO% = 40 1.000 | 0.946 - 0.899 - 0.899 - 0.921 0.884

Actual FIFO% = 80 1.000 - 1042 - 0933 - 0926 0937 | 0922

First of all, the actual FIFO fraction has the highest effect on the resulted waste reduction. The
scenarios in which the actual fraction is 40 and 80 should not be compared to each other; only the
estimation errors between the estimation differences. Two types of errors exist: over and
underestimation. According to the results, an overestimation error (estimating the FIFO% to be higher
than it actually is) has a smaller effect on the waste fraction than an equally-sized underestimation
error. This finding confirms the results of Broekmeulen and Van Donselaar (2019b). The highest
overestimation error for an actual FIFO% of 40 indicates that the waste fraction still decreases with
7.9% (1 — 0.921) compared to the scenario without ED visibility. Underestimation results in larger
differences; underestimated with 30% reduce almost half of the potential waste reduction with Batch
ED visibility. This underestimation is smaller when the actual FIFO% is 80. However, a large
underestimation (-60%) leads to even more waste than the scenario with no ED visibility in this test.
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6 Implementation of ED visibility

The previous section provides an overview of the potential performance of Batch and Item ED visibility.
This chapter shows multiple variants of these visibility scenarios and which operational changes are
required to be able to implement a visibility scenario. An answer to the fourth sub-question will be
provided.

Insight 8; Sub-question 4 of this research.

“Which operational changes are required in the processes and information systems of Jumbo to
implement the ED visibility scenarios?”

6.1 Variations of ED visibility levels

The previous section shows the potential performance of the two ED visibility levels. This section shows
multiple variations of these levels because small adaptions in the general scenario can make it easier
to implement the visibility level at Jumbo. Several changes are required in Jumbo’s processes and
information systems for all variations.

6.1.1 No ED visibility

Currently, Jumbo lacks to have ED visibility in the store information systems. Operations without ED
visibility have a lower performance with respect to availability and waste. However, several
replenishment policies for perishable items without age-information are discussed in the literature
review. These policies only require small changes to the information systems; thus could easily be
implemented at Jumbo. Haijema (2013) and Broekmeulen and Van Donselaar (2019b) provide the
potential performance of a replenishment policy including a maximum order quantity. This so-called
(R, s, nQ, Q™) policy performs close to even better than the Batch and Item level scenarios for SKU’s
with a small case pack size, an actual shelf life below five days at store arrival, a high FIFO withdrawal
fraction, and a high lost sales ratio. The required changes to implement this policy for SKU’s that hold
these conditions is negligible while the potential performance improvement is sufficient.

6.1.2 Batch ED visibility

Chapter 5 shows that scenarios with Batch ED visibility significantly improve the performance of a
retailer with respect to availability and waste. This study distinguishes two variations of Batch ED
visibility that Jumbo could implement: Batch ED visibility with the actual shelf life and Batch ED visibility
with the minimum shelf life.

6.1.2.1 Batch ED visibility with the actual shelf life

The standard variant of Batch ED visibility assumes a scenario in which the ED or shelf life of an item
arrives at the store can be measured (Broekmeulen and Van Donselaar, 2019). Therefore, the
remaining shelf life at store arrival is always known. Items with a high variation in the shelf life at store
arrival are just as easy to measure as items with a constant shelf life. The advantage of this scenario is
that the required information for Batch level visibility is complete. However, several organizational
changes at Jumbo should be made to be able to accurately monitor the shelf lives of batches delivered
to stores. In addition, an estimation of the FIFO fraction of customer withdrawal behavior should be
conducted to determine the ED of a sold item.

6.1.2.2 Batch ED visibility with the minimum shelf life

This other variant of Batch ED visibility is created to provide an easier implementation of ED visibility
at Jumbo. The actual remaining shelf life at store arrival does not have to be measured for each batch
if it is assumed that this shelf life is equal to the minimum shelf life.
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Due to the strict agreements with suppliers, Jumbo has an indication of the delivered shelf life at store
arrival. Especially SKU’s with a low minimum shelf life can easily be estimated. For instance, the largest
supplier of fresh SKU’s delivers only the minimum shelf life or with a shelf life of one day more. The
majority of delivered batches by this supplier consist of a shelf life one day more than the minimum
shelf life. The scenario with Batch ED visibility with minimum shelf life performs equal to the standard
Batch level scenario if the actual shelf life is always equal to the minimum shelf life plus one day (which
is the case for some SKU/store combinations). A variation in the shelf life at arrival exists, so Batch ED
visibility with the actual shelf life will outperform this variant. However, the required operational
changes are easier to implement for Jumbo. The differences between the two variants are discussed
in Section 6.2. The FIFO fraction of the customer withdrawal for each SKU/store combination is again
necessary to implement this scenario.

Insight 9; Batch ED visibility with minimum shelf life assumption.

The scenario ‘Batch ED visibility with minimum shelf life’ assumes that the delivered batch at store
arrival has a remaining shelf life equal to the minimum shelf life plus one day. This assumption is
feasible for a part of the fresh assortment, however the accuracy of ED visibility will decrease.

6.1.3 Item ED visibility

The most complete ED visibility method is to register the ED’s on Item level (Broekmeulen and Van
Donselaar, 2019). Chapter 5 shows that this visibility level slightly outperforms Batch ED visibility.
Although the estimation of the FIFO fraction is unnecessary in the implementation of this level, several
other required changes are hard to implement. The next section discusses all organization changes for
these scenarios.

6.2 Required operational changes

The previous section described several possible variations to implement an ED visibility level. The
difficulty of implementing these levels to an existing organization such as Jumbo varies. This section
describes the required operational changes that Jumbo should make to implement a visibility level.
Furthermore, this section also discusses the benefits to the in-store logistics processes that a method
could potentially create.

6.2.1 Operational changes for the implementation of Batch ED visibility

The two variants of Batch ED visibility should be easier to implement than a method using Item ED
visibility. However, the implementation difficulty between the two variants also differs. The required
changes in each in-store logistics process are discussed in this section. However, the general
adjustments in the information flows and systems are first described.

6.2.1.1 General required changes

The SAP information systems have to add an option to store the number of items per ED. The addition
of stock levels for each batch can easily be realized in an SAP system by using the batch number feature
in SAP. Each item in stock will have a batch number, which makes it easy to track the corresponding
batch (thus the remaining shelf life) of an item. Unfortunately, Jumbo uses the feature of batch
numbers for another destination; namely to identify if an item is part of a regular batch or a promotion
batch. A promotion batch has often a different location in the store and the performance of a regular
and a promotion batch is analyzed separately. An SAP expert at Jumbo states that this use of the batch
numbering feature of SAP is hard to change because another solution has to be found to distinguish
the promotion batches.

e Required change 1: Batch number usage in SAP systems.
e Required change 2: Other feature to distinguish regular and promotion batches
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An adjustment for the promotion inventory registration has a large impact on Jumbo’s organization,
both in the stores as in the DC’s. A change in the DC information system (WMS Locus) is necessary
because this system also uses the same batch numbers to identify promotions. The adjustment to use
the batch numbers as they are supposed to (to identify all batches) has to be made for both the ‘Batch
ED visibility with actual shelf life” as the ‘Batch ED visibility with minimum shelf life’.

6.2.1.2 Required changes in Delivery and receipt process

The majority of adjustments that are required in the delivery and receipt process are related to the
SAP system. This adjustment is different for the two Batch level scenarios. The ‘Batch ED visibility with
actual shelf life’ needs to send the actual ED of a batch to SAP Retail (from WMS Locus or directly from
the supplier). SKU’s that are delivered from a Jumbo DC should have a batch number in WMS Locus. In
that case, WMS Locus is able to send the batch number in the delivery message to SAP. The delivery
message (also called ‘desadv’-message) from cross-dock and direct suppliers should include the actual
ED of the delivered batch. SAP Retail is able to convert this to a batch number.

e Required change 3: Batch number usage in WMS Locus.

e Required change 4: Batch number in the delivery message from WMS Locus.

e Required change 5: ED in the delivery message from cross-dock and direct suppliers.

e Required change 6: Conversion of ED from cross-dock delivery to batch number in SAP.

The required information from the DC flow is easy to realize because Jumbo has control over this flow.
The information from cross-dock and direct suppliers is difficult to obtain because the suppliers must
cooperate and make adjustments to their production operations. These adjustments can have a large
impact on a supplier. Smaller suppliers are sometimes simply not able to send an extended delivery
message including more detailed information on the delivery. Larger suppliers should have the means
to include ED information. The agreements between Jumbo and these suppliers should be expanded
if Jumbo wants to realize to increase ED visibility in their organization. Additionally, the store
employees should also check if the ED of the delivered batch matches with the ED in the delivery
message from cross-dock and direct suppliers. This check is a change to the long-term tasks of store
employees.

e Required change 7: Delivery ED check by store personnel

Required changes 3, 4, 5, and 6 are not required if the ‘Batch ED visibility with minimum shelf life’
should be implemented. Instead of the actual shelf life (or ED) of delivery, it is assumed that the shelf
life at store arrival is equal to the minimum shelf life plus one day. Therefore, the accuracy of the age-
information decreases but fewer adjustments to the operations are required.

Insight 10; Difference between the scenario ‘Batch ED visibility with minimum shelf life’ and ‘ Batch ED visibility with
actual shelf life’ on the required changes in the Delivery and receipt process.

The difference between the Batch level scenarios is the required information flow to SAP Retail
containing the actual shelf life of the delivered batch for the scenario with actual shelf life. WMS
Locus and the cross-dock supplier should include ED information in the delivery message. The latter
is harder to realize because cooperation of extern suppliers is required.

6.2.1.3 Required changes in Handling and storage at shelf process

The visibility of ED’s on the shelf is increased by the addition of batch numbers in the SAP information
systems. Store employees can benefit from the increase in information availability. The SAP Retail
system connects to the PDA tool available to employees. The SAP Retail can send ED information to
the PDA tool which employees can use in their disposal checks. For instance, the store employees
currently have to manually enter the ED of the first possible outdated item for each SKU in the PDA.
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Due to the new implementation, the PDA tool shows a slightly more accurate ED of the first outdated
item per SKU and the number of tasks for employees decreases.

e Improvement 1: Store employees do not need to manually enter ED’s in the PDA tool.
e Improvement 2a: PDA tool shows estimated ED information directly from SAP Retail.

Entering the ED’s of items is only used for a part of the assortment in the majority of stores. The PDA
tool became less useful if a product group was not continuous being updated. This latter problem
disappears with the introduction of ED’s in the SAP system. SAP estimates the ED’s in both Batch ED
visibility scenarios; thus the information is slightly inaccurate. The inaccuracy is higher when the
minimum shelf life is used as an input in the previous process. The PDA tool can just display the first
possible ED (and frequently display an ED of an item already been sold) to exclude this inaccuracy for
the Batch level with actual shelf life. The employees do not need to manually enter ED’s and the
number of errors in the PDA tool decreases. Therefore, employees are able to finish the ED check
process quicker. Furthermore, the PDA tool is not used in some product departments in the majority
of stores due to a lack of daily updating the tool. The implementation of Batch visibility removes this
requirement. Therefore, the tool can be used again for these product departments and possibly saves
some more time for the employees as well.

- Improvement 3: Shorter time required for ED check.

The inventory levels in SAP Retail have to be updated on each moment an item is removed from the
shelf. SAP Retail receives information from SAP CAR and R10 is an item is sold. SAP Retail should then
decide which batch this item was part of. This is possible by including an estimation based on the
customer withdrawal rate. This fraction should be determined for each SKU/store combination before
it can actually be used.

e Required change 8; Determination of FIFO fraction for each store/SKU combination.
e Required change 9; Addition of FIFO fraction in SAP Retail.

6.2.1.4 Required changes in Re-ordering process

The re-ordering process needs to change the replenishment policy when information about the ED’s
becomes available. The EWA policy (Broekmeulen and Van Donselaar, 2009) should be introduced to
SAP. The number of items that are expected to expire the next day should be excluded in the inventory
position used in the replenishment. This exclusion is only for items that are expected the next day
because the lead time and review period are both one day at Jumbo. By using the customer withdrawal
fraction SAP Retail can easily exclude the expected number of outdating from the inventory position
that is sent to SAP F&R. No changes are required in SAP F&R.

e Required change 10: Exclude the expected number of items that will expire the next day in the
inventory position send to SAP F&R.

This requirement is the same for all ED visibility scenarios (Batch and Item level). In the end, the
automatic order advice from SAP would result in a better overall performance of the store.

6.2.2 Operational changes for the implementation of Item ED visibility

The required changes to the store operations to implement a visibility method on Item level are an
extension of the previous described operational changes. Approximately the same information flows
and in-store logistics processes as the Batch level scenarios need changes. This section shows the
differences and additional required changes for the implementation of Item ED visibility.
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6.2.2.1 General required changes

Multiple implementations are possible to realize Item ED visibility. However, the addition of extended
bar codes makes it possible without employees to manually checking the items every day. The
extended bar codes should contain the ED of an item. The SAP information systems also need the same
changes to monitor the stock levels for each ED (or batch). Therefore, the batch number feature of SAP
should again be implemented.

e Required change 1: Batch number usage in SAP systems.
e Required change 2: Other feature to distinguish regular and promotion batches

The most difficult change that is needed for an Item level implementation is the realization of the
extended bar codes. The suppliers have to cooperate with the implementation, and this cooperation
has a significant large effect on their own operations. For instance, the majority of suppliers use
standard packages with a bar code and without a specific ED for their products. The ED is printed on
the package after production. The supplier is not able to do this anymore if the bar code extension is
implemented. They have to use different packages each day of production.

e Required change 11: ED included in bar codes delivered by extern suppliers.

6.2.2.2 Required changes in Delivery and receipt process

The required changes in the ‘delivery and receipt’ process are easier on the moment that the ED of
items is included in the bar codes. The delivery message should include the same information as the
bar codes. The SAP system can convert the ED of the delivery message to a batch number. Products
that are sent from a Jumbo DC should also include this information, so the batch numbers are also
needed in WMS Locus. The warehouse system can make use of the extended bar codes for easier
implementation. Thus the following changes are required to implement Item ED visibility:

e Required change 3: Batch number usage in WMS Locus.

e Required change 4: Batch number in the delivery message from WMS Locus.

e Required change 5: ED in the delivery message from cross-dock and direct suppliers.

e Required change 6: Conversion of ED from cross-dock supplier delivery to batch number in
SAP.

Also for the employees at the stores, the same adjustment is needed. A simple check if the ED on the
delivered batch matches the ED of the delivery message.

e Required change 7: Delivery ED check by store personnel.

6.2.2.3 Required changes in Handling and storage at shelf process
The required changes in the handling and storage at the shelf process are similar for the Item ED
visibility scenarios as the Batch level scenarios.

e Improvement 1: Store employees do not need to manually enter ED’s in the PDA tool.
e Improvement 2b: PDA tool shows accurate ED information directly from SAP Retail.

The accuracy of the PDA tool is the only difference compared to the Batch level scenarios. Due to the
extended bar codes, the PDA tool can exactly display the items that reach the end of the shelf life. This
increase in accuracy also leads to a decrease in working hours that are used in the ED check of items.

- Improvement 3: Shorter time required for ED check.
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6.2.2.4 Required changes in Re-ordering process

The required changes between SAP Retail and SAP F&R related to reordering are also the same as
discussed for the Batch ED visibility scenarios. Item ED visibility requires the customer withdrawal
fraction to forecast the expected outdating the next day. The only difference is that the data send to
SAP F&R is more accurately with Item ED visibility. However, the difference in actual replenishment
decisions due to this accuracy should be small according to literature (Broekmeulen and Van
Donselaar, 2019).

e Required change 10: Exclude the expected number of items that will expire the next day in the
inventory position send to SAP F&R.

6.2.2.5 Required changes in Processing of transaction
The cash register system R10 has to make adjustments to realize the Item ED visibility scenario. The
current cash registers itself can read extended bar codes, which means that these registers do not
need a change. Small changes in R10 are necessary to include the ED of a sold item. This information
should be sent to SAP CAR and eventually to SAP Retail.

e Required change 12; Addition in R10 to include ED for each sold item.
e Required change 13; Aggregated POS sent to SAP CAR and SAP Retail include ED.

6.2.3 Conclusion required operational changes
This section provides a summary of all required changes for each ED visibility scenario. Table 17 shows
the required changes with an indication of the difficulty of implementation. The following five levels
of difficulty are used: {Very easy, Easy, Medium, Hard, Very hard}. The difficulty level is based on
estimated additional costs of implementation, knowledge that is required to make an adjustment, and
whether Jumbo needs the help of external parties.

Table 16; Indication of the difficulty level of the required adjustments to implement a form of ED visibility.
The difficulty level of required adjustment

Batch ED

Required adjustment visibility with Batch ED visibility

with the actual Item ED visibility
shelf life

the minimum
shelf life
SAP information systems
1 Batch number usage in SAP systems Very easy Very easy Very easy
Other feature to distinguish regular and

. Hard Hard Hard
promotion batches
8 Determinati i
etermination of FIF.O fraction for each Medium Medium i
store/SKU combination
9 Addition of FIFO fraction in SAP Retail Very easy Very easy Very easy
10 Exclude the expected number of items
that will expire the next day in the Easy Easy Easy

inventory position send to SAP F&R
Delivery from Jumbo DC
3 Batch number usage in WMS Locus - Very easy Very easy
4 Batch number in the delivery message

from WMS Locus - Very easy Very easy
Delivery from cross-dock or direct supplier
5 EDinthe d.ellvery me.ssage from cross- i Hard Hard
dock and direct suppliers
6 Conversion of ED from cross-dock supplier
- Very easy Very easy

delivery to batch number in SAP
In-store processes
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7 Delivery ED check by store personnel

Easy

Easy

Extern supplier

11 ED included in bar codes delivered by
extern suppliers

Very hard

Bar codes in information systems

12 Addition in R10 to include ED for each
sold item

Very easy

13 Aggregated POS sent to SAP CAR and SAP
Retail include ED

Very easy

In addition to the overview with required changes, Table 18 presents the improvements to the
processes that occur with the implementation of the scenarios. An indication of the usefulness of the
improvement is presented as well.

Table 17; Indication of benefits of an improvement to the operations due to the implementation of a form of ED visibility.

Improvement

1 Store employees do not need to
manually enter ED’s in PDA tool

Batch ED visibility
with the minimum

shelf life

Small decrease in
working hours

Batch ED visibility
with the actual
shelf life

Small decrease in

working hours

Small decrease in

Item ED visibility

working hours

2a PDA tool shows estimated ED
information directly from SAP Retail

Small increase of
stock accuracy

Small/medium
increase of stock
accuracy

2b  PDA tool shows accurate ED
information directly from SAP Retail

High increase of
ED accuracy

3 Shorter time required for ED check

Medium decrease
in working hours

Medium decrease
in working hours

High decrease in
working hours

Al ED visibility scenarios are able to reduce the workload of store employees. Employees would benefit
the most of Item ED visibility. On the contrary, the Batch ED visibility scenarios have fewer required
adjustments than the Item ED visibility scenario. Moreover, the changes for Item level visibility are on
average harder. Especially the implementation of extended bar codes at suppliers is very hard to
realize. As expected, Batch ED visibility is easier to implement than Item ED visibility. Batch ED visibility
with the minimum shelf life is the easiest but has a lower potential performance increase than Batch
ED visibility with the actual shelf life. In the end, Batch ED visibility with the actual shelf life is realistic
to implement. In particular, the expiration dates of items that are stored in a Jumbo DC should be
relatively easy to register on Batch level. Jumbo should cooperate with the cross-dock suppliers to
realize Batch ED visibility for these SKU’s. However, this cooperation is reasonable to implement.
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7 Conclusion and recommendations

The previous chapters followed the research model of Mitroff et al. (1974). All sub-questions of this
study are answered during these chapters. The answers to these sub-questions lead to an answer to
the main research question. This chapter addresses the main research question by concluding the most
important results and provide recommendations to Jumbo.

Insight 11; Main research question.

How should Jumbo register and control the expiration dates of items in the stores with
respect to performance, required operational changes and finances?

This chapter ends with a discussion on the limitations of this research and the contribution to the
scientific context is presented. Furthermore, the possibilities for future research are discussed.

7.1  Conclusion of sub-questions
The four sub-questions of this study are answered by consecutively investigating 1) the current store
operations at Jumbo, 2) the estimation of the customer withdrawal behavior at Jumbo, 3) the potential
performance of ED visibility levels, and 4) the required operational changes for implementation. The
main research question is repeated below.

7.1.1 Current store operations

The current store operations miss age-based inventory information while the information system of
the distribution centers of Jumbo has information available about the ED’s of delivered batches to
stores. Jumbo lacks to make use of the opportunity to use this information in the store information
systems. The store operations of Jumbo can use an increase in in-store performance to be able to
continue the growth of the organization in the highly competitive retail market they operate in. The
balance between availability and waste can significantly be improved when a retailer uses ED
information in their store replenishment (Broekmeulen and Van Donselaar, 2017). Therefore, the ED
visibility at the store information systems should be increased. Batch and Item level ED visibility are
both possible to implement into the store operations of Jumbo. Knowledge of customer withdrawal
behavior affects the performance of both ED visibility levels. However, the effect on Batch level
visibility is significantly higher because it is a crucial factor in the determination of the ED’s in stock.
The customer withdrawal behavior only has a small effect on the orders due to forecasted waste. The
analysis of the store operations at Jumbo concludes that customers have different preferences with
respect to FIFO or LIFO withdrawal. Therefore, this behavior is studied in more detail.

7.1.2 Estimation of the customer withdrawal behavior

The first part of the model of this study focuses on the estimation procedure of customer withdrawal
behavior. The procedure of Broekmeulen and Van Donselaar (2019b) to estimate the FIFO fraction of
customer withdrawal is accurate after a number of observations. This number is unclear, thus the
model tested the procedure for different settings to gain more insights into the accuracy of the
estimation. The results of this part of the model showed that the FIFO fraction could be estimated
accurately relatively quickly. The FIFO fractions closer to 0.5 required the most observations to
approach a constant level. The average number of observations required to approach a constant level
(within a range of 0.10) in the estimation of a FIFO fraction of 0.4 is approximately 10. A threshold on
the number of observations is determined based on confidence levels, the accuracy curve, and the
number of observations required to estimate a fraction closer to 0.5. The threshold used in this study
is set on 20 required observations to be able to confirm that the estimated FIFO fraction is accurate.
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The second step in this part is to test the estimation procedure on the empirical data of Jumbo.
Empirical sales, inventory and waste data of six weeks in five stores were collected. The FIFO fraction
for several Jumbo SKU’s could be determined in these stores due to the assumption that SKU’s in the
same product segment and store have the same customer withdrawal behavior. Several product
segments had a comparable FIFO fraction in all the five stores, but other segments had completely
different estimated fractions. This part of the model showed that the FIFO fraction for Jumbo SKU’s
can be estimated with only a few months of empirical data. This study also tested the relation of the
estimated FIFO fraction with the characteristics of the SKU’s and stores. Two significant relations
appeared. The first is that the estimated FIFO fraction was slightly lower for segments with on average
a higher daily demand. Secondly, SKU’s in the product segment Herbs/germ had a significantly higher
FIFO fraction. This part of the model confirmed that the FIFO fraction can be estimated at Jumbo.
Therefore, Batch ED visibility would be an excellent solution to increase store operations performance
at Jumbo.

7.1.3 Performance of ED visibility levels

The next step of this study was to conduct the simulation experiment to test the potential performance
of the ED visibility levels. Three visibility levels were tested in the simulation: No ED visibility, Batch ED
visibility, and Item ED visibility. The simulation experiment is tested for 93 unique combinations
between demand, case pack size, and shelf life for two different withdrawal fractions (40% and 80%
FIFO withdrawal). Batch and Item ED visibility both performed significantly better than the scenario
without ED visibility in terms of availability and waste. However, the three scenarios performed
relatively equal for a part of the parameter combinations. The amount of waste was low for the
majority of these combinations. On the contrary, the potential waste reduction at a constant OSA level
is for a large part of the combinations above 10% for both visibility scenarios. The parameter
combinations are combined with Jumbo SKU’s to examine the effects of ED visibility on the different
product departments. ED visibility has the largest effect on SKU’s in the P.V.F. product department
with the exception of SKU’s from some product groups within the department. SKU’s from the
Butchery and Fish department also have a beneficial potential waste reduction when implementing ED
visibility. The Dairy and eggs product department would only have a small to almost no performance
increase when an ED visibility scenario is introduced.

Costs for availability and waste are introduced to the results of the simulation experiment. The
potential cost reduction related to these performance measures is on average 7% for a lost sales ratio
of 6, which is a reasonable ratio for a service-oriented organization. The differences between the
product departments are the same as discussed in the previous section. Therefore, the financial
benefits related to waste and availability costs are the largest for the P.V.F. department. Jumbo has
approximately 680 stores and the costs in all these stores can be decreased with the introduction of
ED visibility.

7.1.4 Implementation of ED visibility

The last part of this research focuses on the implementation possibilities of the ED visibility scenarios.
Batch ED visibility could be implemented with two different variants: use the actual shelf life at store
arrival or assume that the shelf life at store arrival is equal to the minimum agreed shelf life of the SKU
plus one day. The latter is the easiest to implement. Jumbo only needs to make several changes in the
store information system SAP. The delivered shelf life in the cross-dock and direct distribution flow is
relatively constant, which makes it possible to assume that the shelf life is almost the same. The ED of
products that are stored in Jumbo’s DC is known, therefore, the first variant of Batch ED visibility can
easily be used for these SKU’s. Item ED visibility is also possible to implement, however, one required
change is very difficult to implement because suppliers have to cooperate. Moreover, the suppliers

47



should deliver items with the actual ED included in the bar code. Therefore, the suppliers have to make
adjustments in their production processes to be able to print the ED information on the package of
items. In the end, store employees can also gain from the introduction of ED visibility due to the
improvement of some store processes.

7.2 Recommendations

The previous section concludes the findings of this study. This section discusses the recommendations
on the implementation of ED visibility at Jumbo and thereby provides an answer to the main research
question.

Jumbo has several possibilities of ED visibility scenarios to implement in its store operations. The
potential performance of the scenarios highly depends on the characteristics of the SKU/store
combination. Several changes are required in the organization to implement the ED visibility scenarios.
Therefore, the recommendation is that Jumbo should decide the ED visibility scenario based on the
characteristics of the product department or group. The recommendations for each product
department are discussed below. However, the differences between Batch and Item level visibility
conclude the exclusion of implementation of Iltem ED visibility.

Item ED visibility performed on average slightly better in terms of the balance between availability and
waste. This difference in performance is very small to even no notable difference. On the contrary, the
difference in implementation difficulty between the two levels is large. Asking external suppliers to
change their production process to include the ED in the bar codes is hard to realize. However, Jumbo
has the means to make agreements with their suppliers to realize this change. On the other hand,
Jumbo has an easier alternative with the same potential performance. Although Item ED visibility can
have some other advantages such as dynamic pricing, it is recommended for now that Jumbo should
choose Batch ED visibility over Item ED visibility. Furthermore, two variants of Batch ED visibility are
discussed (with the actual and minimum shelf life) which are both possible to implement. Batch ED
visibility with the actual shelf life performs better, but the implementation is more difficult. Below, the
recommended ED visibility scenario for each situation at Jumbo is discussed.

e Batch ED visibility with the actual shelf life. This visibility scenario can easily be implemented
for SKU’s that are stored in the DC’s of Jumbo. WMS Locus (the DC information system) already
contains information about the ED’s of an item delivered to stores. Jumbo should increase the
interaction between WMS Locus and SAP (the store information system) by also sending the
ED of a delivery. The product departments P.V.F. and Convenience can benefit the most from
ED visibility in the store operations. Jumbo should implement Batch ED visibility for the SKU’s
in both these departments, however, the ready-to-cook product group has the highest
potential waste reduction. Therefore, a pilot study should focus on SKU’s in this group that are
also stored in the Jumbo’s DC’s. The department Butchery and Fish also can significantly be
improved compared to the scenario without ED visibility, so if the implementation at the P.V.F.
department is successful, it is recommended to subsequently implement ED visibility to these
departments.

e Batch ED visibility with the minimum shelf life. The majority of SKU’s with a shelf life of a
couple of days are distributed by cross-dock (or direct) suppliers, which means that these
products are not stored in one of the DC’s of Jumbo. Batch ED with the actual shelf life is even
recommended for this distribution flow, however, if suppliers refuse to cooperate, Batch ED
visibility with the minimum shelf life is a possibility. It is only recommended for SKU’s with a
low variance of the delivered shelf life. Preferably, the delivered shelf life is constant, but it is
expected that even with a small variance on the shelf life the availability and waste will still
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increase compared to the current situation based on the high potential increase that ED
visibility has.

o No ED visibility: The potential performance increase is for a part of the tested SKU’s low to
even no expected performance increase. Still, the recommendation is to make a minor change
in the replenishment system of these SKU’s. As discussed earlier, Broekmeulen and Van
Donselaar (2019b) also tests the performance of the (R, s, nQ, Q™) policy. The scenario with
this policy outperformed the scenario without ED visibility in their experiment. However, the
maximum shelf life at store arrival used in the experiment is 8 days. Still Jumbo could
implement this policy in the replenishment of the fresh departments for which Batch ED
visibility has not a high-performance increase. Therefore, it is recommended to implement this
Qmax policy for SKU’s that follow the criteria of the policy in the departments in which ED
visibility will not be implemented (i.e. Dairy and eggs department). Batch or Item ED visibility
can be implemented in these departments in the long-term. However, it is suggested that
these visibility levels are first tested in the departments with a higher performance increase.

7.3 Limitations
In the execution of this research, several assumptions are made which have led to several limitations
of this study. This section summarizes the limitations of this research.

First of all, the number of different input parameters is limited during the accuracy test on the
estimation procedure of the FIFO fraction. Only twelve combinations between demand, shelf life, and
case pack size are used in determining the number of observations. Moreover, the difference between
an OSA of 95% and 99.9% is significant with respect to the number of observations. More insights could
have been gained if multiple levels for all input parameters were used in the accuracy test. Secondly,
the empirical data that is used in the procedure to estimate the FIFO fractions of Jumbo SKU’s
contained inventory corrections (mutations). A simple assumption was made during this research on
how to add these corrections in the procedure. The inventory corrections could also be studied in more
detail to find the best addition in the procedure of the different corrections. Thirdly, this research could
investigate the relations between the estimated FIFO fraction and other factors in more detail.
Currently, only a simple linear regression is conducted in order to verify if relations could exist. A
multivariate regression analysis could even construct a formula to get a first indication of the FIFO
fraction based on the general characteristics.

In the analysis of the ED visibility scenarios, only Item and Batch ED visibility are tested as they are
described in the study of Broekmeulen and Van Donselaar (2019b). Batch ED visibility with the
minimum shelf life instead of the actual shelf life is a possibility to implement at Jumbo. Therefore, the
potential performance of this scenario could have been investigated in more detail as well.

7.4  Scientific contribution

This section describes the contributions to the academic context. The scientific contribution can also
be divided into two parts: research on customer withdrawal behavior and on the implementation
possibilities of ED visibility at a retailer.

Only a few studies investigate customer withdrawal behavior in supermarkets (Van Burgh, 2007; Teller
et al,, 2018; Janssen et al., 2018; Kiil et al., 2018). However, the differences in these studies on the FIFO
withdrawal are large. The recent study of Broekmeulen and Van Donselaar (2019b) developed a
procedure to estimate the FIFO fraction based on empirical data and showed reasonably accurate
results. This study continued to investigate the accuracy of this procedure. This investigation showed
that the procedure can estimate the FIFO fraction relatively close to the actual FIFO fraction with only
a small number of observations. A threshold of 20 observations is determined to be able to confirm
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that the estimated FIFO fraction is within a range of 0.10 of the estimated FIFO fraction in the long-
term. Therefore, retailers can easily use the procedure to provide an indication of customer withdrawal
behavior in their stores. On average, observations are possible on 10% of the days. This means that
only 60 days of empirical data are required to estimate the FIFO fraction of a single SKU/store
combination. However, this study assumes that the withdrawal behavior for SKU’s in the same product
segment and store are equal. Due to this assumption, retailers can even gain insights with data for a
shorter period. This study also confirms that relations exist between the average FIFO fraction of a
product segment and its general characteristics. Therefore, a first indication of the FIFO withdrawal
fraction can already be made without the need for empirical data.

The second part focuses on the implementation of different ED visibility levels at a retailer. Besides ED
visibility on item level, a recent study showed that a method in which the ED’s are estimated on batch
level performs close to Item ED visibility (Broekmeulen & Van Donselaar, 2019b). Both ED visibility is
tested for a wide variety of combinations between daily demand, shelf life, and case pack size.
Moreover, all these combinations are determined by characteristics of real SKU’s of a Dutch retailer.
Therefore, this study could quantify the potential performance increase of the two ED visibility levels
for each product department and group with respect to availability and waste. The ED visibility levels
are even tested with a variance on the shelf life to better represent an inventory system in practice.

7.5 Future research

The previous section discussed the scientific contribution of this study. Future research should
investigate the aforementioned concepts to even gain more insights. This section suggests several
possibilities for future research. These suggestions are listed below.

e Asdiscussed earlier, the knowledge of customer withdrawal behavior is limited. Broekmeulen
and Van Donselaar (2019b) developed an estimation procedure, and this research continued
to find new insights on the behavior. They started with a FIFO fraction (initial guess) of 1
because of a preference for overestimation rather than underestimation of the fraction. This
study started with a FIFO fraction of 0.5 because to reduce the maximal distance from the
starting fraction to the actual fraction. A suggestion of future research related to the
estimation procedure is to investigate the effect of the starting fraction and to determine the
optimal fraction that should be used at the begin.

e Furthermore, the aforementioned procedure can estimate the FIFO fraction with a decent
amount of observations. However, the estimated FIFO fraction in the long-term would still
have small deviations with the actual FIFO fraction. This difference has no significant effects
on the performance of ED visibility, however, future research could investigate whether it is
possible to approach the actual FIFO fraction even closer.

e This study provided a first indication that the FIFO withdrawal fraction is related to general
characteristics on SKU or store level. Future research should study these relations in more
detail. Useful insights into customer withdrawal behavior can be obtained by finding
multivariate relations. A good first indication of the FIFO fraction in combination with the
existing estimation procedure can lead to an accurate estimation with less empirical data.

e A suggestion for future research with respect to Batch ED visibility scenarios is to study the
effect of ‘Item level’ benefits (i.e. dynamic pricingd on Batch ED visibility. Although these
concepts are studied with the assumption of Item ED visibility, it would be interesting to
understand the performance of dynamic pricing while Batch ED visibility is implemented in an
inventory system. Dynamic pricing can give some difficulties related to customer satisfaction,
but future research can investigate the possibilities from several directions, and possibly come
up with a solution on how to combine the concepts of Batch ED visibility with dynamic pricing.
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Appendices

Appendix A; In-store logistics processes

This appendix presents the model introduced by Kotzab and Teller (2005) of the in-store logistics for
retail stores. The model includes the processes from the incoming dock until the checkout. Figure 9
presents the model and Table 19 provides the descriptions of each process. The in-store processes of
Jumbo match with the processes described by Kotzab and Teller.
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Figure 9. In-store logistics processes by Kotzab and Teller (2005).

Table 18; Description of in-store logistics processes (Kotzab & Teller, 2005).

# Process Description

A | Delivery / Products are delivered either from a retailer’s distribution center (DC) or from a
Receipt DC of a logistics service provider/vendor to the receiving area of a store. Store
employees take over and control the delivery.
B | Transport | Incoming goods are either transported directly to the shelves (storage Il) or to a
specific temporary storage area (storage I).

53



Storage | Additional inventory besides the stock on the shelves is stocked up in the back
store area. Tertiary packaging (= roll container/cages, pallets) is broken up to
smaller units.

Transport Il | This transport activity refers to the transport from the back store area to the
shelves.

Handling / This stage refers to all activities that are needed to prepare shelve filling such as

Storage |l breakbulk of transportation units to end-user units, shelve filling and

merchandise presentation. This process includes also inventory control in order
to generate re-ordering and replenishment.

Processing of
transaction

These activities refer to the exchange processes when end-users finally pay for
their purchase. The dispatch of the products leads to replenishment activities
and should ideally lead to automated re-ordering.

Re-ordering | By controlling permanently all flows of products (incoming/outgoing) and the
inventory management, orders might go to the headquarters or to a vendor.

Disposal / This includes either the removal of packaging material or the recycling of

Recycling damaged/broken merchandise. It also generates information for order

management. This step as well contains the re-channeling of packaging and
transportation units.
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Appendix B; Number of selected SKU’s for each product department at Jumbo

A selection of Jumbo SKU’s is made to be used in twofold. The SKU’s are first used in the analysis of
the current performance of Jumbo. Secondly, the characteristics of these SKU’s are used in the
determination of the input parameters of the simulation experiment to test the ED visibility scenarios.
The input parameters of this part of the model match one or multiple SKU’s from this selection. Table
20 presents the number of SKU’s for each product department and product group. SKU’s from the large
and important product group Ready-to-cook are even divided for each product segment.

Table 19. The number of SKU's selected for each product department and product group.

Product Product group number Product Product group number

department of SKU's department of SKU's

A.G.F. Potatoes and onions 7 Convenience Convenience 7
Bananas 2 Fresh juices 5
Citrus fruit 6 Cheese from Cheese service foreign 6
Fruit cooled 1 the knife Cheese service Dutch 1
Vegetables unprocessed 3 Tapas 10
Ready-to-cook Pre-packed - 3

cheese
- Potato processed 16 Butchery Grinded meat 12
- Lettuce basic 6 Poultry 3
- Raw food 5 Beef 1
- Cooking vegetables 7 Pork 2
- Lettuce premium 10 Meat season 3
- Carrots ready-to-cook 3 Meat substitutes 9
- Soup vegetables 2 Fish - 12
- Cooking vegetables 2 Meat service Salads service )
winter

- Stir-fry 13 Meats service 27
- Wok 2 Pre-packed Salads pre-packed 14
- Meal salads 8 meat and salads | \jeat pre-packed 12
- Herbs/germ 6 Dairy and eggs Dairy day drink 39
- Lettuce package/dish 3 Dairy day eat 106
Soft fruit exotics 1 Eggs 7
Cooking vegetables 4
unprocessed
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Appendix E; List with notations of the simulation model
The notations are based on the notation used in Silver et al. (1998) and Broekmeulen and Van
Donselaar (2019b).

Table 20; List with notations of the scientific model.

Symbol Description

By The number of items in period t with remaining shelf life r
D, Df,DE Realized total demand, FIFO demand, and LIFO demand in period t
Et,Et, Et Amount of actual expired units, estimated expired units by projection, and
estimated expired units using dead reckoning at period t
£f f; Actual and estimated fraction of FIFO demand (and based on / observations)
F; Estimate of the fraction of FIFO demand at moment t
181, Inventory on-hand at the begin (B) and the end of period t
IP; Inventory position at period t, just before ordering
L Lead time
m Product lifetime
M, Inventory mutation at period t
U Mean
0, Estimated amount of outdating (notation used in EWA replenishment policy)
OSA On-shelf availability
p Unit lost sales costs
qs Size of the order placed in period t
Q Case pack size
Qmax Upper limit on the order size
r Index for the remaining shelf life
R Review period
S, S¢ Fixed reorder level, and reorder level at period t
SS Safety stock
Standard deviation
t Period [day]
T Period where the estimation of the fraction of FIFO demand is updated
U,, UM Update quantity for the batch with remaining shelf life r (due to the difference
in actual and estimated waste, and due to inventory mutations (M))
w Unit waste costs
wWE, Wk Actual FIFO (F) and LIFO (L) withdrawal in period t with remaining shelf life r
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Appendix D; Sensitivity analysis of estimated FIFO fraction of Jumbo SKU’s

Table 22 presents the sensitivity analysis that is conducted to test whether the estimated FIFO fraction
of Jumbo SKU’s is valid in comparison with the actual waste of the SKU. The difference in the FIFO
fraction that would deliver the actual waste and the estimated FIFO fraction is relatively low. The
assumption in the customer withdrawal behavior part of the model would therefore not be rejected.

Table 21; Sensitivity analysis on the accuracy of FIFO estimation with empirical data; differences in FIFO fraction related
to actual waste versus expected waste for 14 SKU's in store 3426.

SKU number Product segment Measured n Expected  Actual FIFO% for Difference
FIFO% WWERC] WEN ] actual waste

211757 | Potato processed 0.50 3 4 11 0.20 0.30
212183 | Cooking 0.63 4 10 1 0.63 -0.01

vegetables
204503 | Herbs/germ 0.33 3 10 3 1.00 -0.67
212638 | Raw food 0.80 14 6 11 0.80 0.00
211731 | Stir-fry 0.38 4 2 5 0.23 0.15
212604 | Lettuce basic 0.25 0 1 0.25 0.00
212325 | Lettuce premium 0.17 3 0 2 0.17 0.00
208509 | Soup vegetables 0.10 12 3 15 0.00 0.10
211737 | Wok 0.70 5 6 1 0.75 -0.05
212163 | Carrots ready-to- 0.34 17 26 52 0.26 0.08

cook

208806 | Burgers 0.90 5 11 0 0.90 0.00
131278 | Grinded meat 0.35 2 42 1 0.56 -0.21
181425 | Fish meal 0.70 5 127 1 0.77 -0.07
54414 | Filet-pate-raw 0.17 9 3 17 0.00 0.17
The average absolute difference between estimated and based on actual waste FIFO% 0.129

57



Appendix E; Regression analysis of customer withdrawal behavior
The first three tables in this appendix present the regression output for the simple linear regression
model with the daily demand as an independent variable.

Table 22; Regression statistics output from the Regression data analysis tool with independent variable Daily demand.
Regression Statistics

Multiple R 0.44209
R Square 0.19544
Adjusted R Square 0.17427
Standard Error 0.14657
Observations 40

Table 23; ANOVA output from the Regression data analysis tool with independent variable Daily demand.

df SS MS F Significance F
Regression 1 0.19829 0.19829 9.23079 0.00429
Residual 38 0.81630 0.02148
Total 39 1.01459

Table 24; Regression coefficients output from the Regression data analysis tool with independent variable Daily demand.

Coefficients Standard Error t Stat P-value Lower 95% Upper 95%
Intercept 0.56694 0.04769 11.88851 0.00000 0.47040 0.66347
Daily demand -0.0290 0.00954 -3.03822 0.00429 -0.04832 -0.00968

The following three tables present the regression output for the simple linear regression model with
the product segment Herbs/germ as an independent variable.

Table 25; Regression statistics output from the Regression data analysis tool with independent variable Herbs/germ.
Regression Statistics

Multiple R 0.48503
R Square 0.23526
Adjusted R Square 0.21514
Standard Error 0.14289
Observations 40

Table 26; ANOVA output from the Regression data analysis tool with independent variable Herbs/germ.

df SS MS F Significance F
Regression 1 0.23869 0.23869 11.69033 0.00151
Residual 38 0.77589 0.02041
Total 39 1.01459

Table 27; Regression coefficients output from the Regression data analysis tool with independent variable Herbs/germ.

Coefficients Standard Error t Stat P-value Lower 95% Upper 95%
Intercept 0.41831 0.02349 17.80700 4.91E-20 0.37075 0.46586
Herbs/germ 0.29328 0.08577 3.41911 0.00151 0.11963 0.46693

A multivariate regression model is constructed with the daily demand and Herbs/germ as independent
variables. The output of this regression is presented in the following tables.

Table 28; Regression statistics output from the Regression data analysis tool with independent variable Herbs/germ.
Regression Statistics

Multiple R 0.56943
R Square 0.32425
Adjusted R Square 0.28773
Standard Error 0.13612
Observations 40
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Table 29; ANOVA output from the Regression data analysis tool with independent variable Herbs/germ.

df SS MS F Significance F
Regression 2 0.32898 0.16449 8.87710 0.00071
Residual 37 0.68561 0.01853
Total 39 1.01459

Table 30; Regression coefficients output from the Regression data analysis tool with independent variable Herbs/germ.

Coefficients Standard Error t Stat P-value Lower 95% Upper 95%
Intercept 0.51361 0.04863 10.56183 1.01E-12 0.41508 0.61214
Daily demand -0.02074 0.00939 -2.20738 0.03357 -0.03977 -0.00170
Herbs/germ 0.22999 0.08660 2.65575 0.01160 0.05452 0.40546

Appendix F; List of parameter combinations and results of the simulation experiment
This appendix presents three tables related to the results of the simulation experiment. Table 32
contains a list with all parameter combinations that are used and the corresponding results related to
the potential waste reduction when the OSA remains constant. Secondly, Table 33 presents the
potential waste reduction results based on FCC clusters. The potential decrease in the costs related to
availability and waste for each product department are presented in Table 34.

Table 31. Results simulation experiment to compare potential waste reduction for each parameter combination of the ED
visibility scenarios.
Input parameters Actual FIFO = 40% Actual FIFO = 80%

Q m | %0SA  Waste Batch ED Item ED WENTE Batch ED Item ED
fraction  visibility: visibility: fraction visibility: visibility:

for No relative waste  relative waste = for No relative relative
ED reduction reduction ED waste waste
visibility visibility ~ reduction reduction

1 19 |1 |2 |95 118.5 45.2% 45.5% 78.5 31.2% 31.0%
2 64 |1 |2 |95 61.6 35.5% 35.7% 38.4 22.2% 22.6%
12 1, 2 |3 |95 53.4 24.4% 24.9% 35.8 14.1% 14.8%
13 |3 2 |3 |95 43.0 21.4% 21.6% 27.1 12.9% 13.1%
9 42 |4 |3 |95 37.5 22.6% 23.2% 22.0 10.4% 10.4%
10 |68 |4 |3 |95 26.4 17.2% 17.5% 14.8 9.5% 9.5%
11 1024 |3 |95 21.2 15.6% 16.7% 10.3 5.8% 6.7%
7 34 |5 |3 |95 40.4 19.3% 19.1% 27.1 13.6% 14.2%
8 7 5 [3 |95 26.0 15.2% 16.0% 14.7 8.1% 8.8%
5 146 |8 |3 |95 16.6 13.1% 13.2% 7.5 7.0% 5.8%
6 266 (8 |3 |95 10.6 10.1% 10.6% 7.5 7.0% 5.8%
3 42 |20 [3 |95 66.3 39.4% 39.4% 65.0 38.5% 38.5%
4 1.1 |20 |3 | 95 22.7 17.4% 17.7% 13.4 6.6% 7.3%
43 114 |1 |4 |95 37.6 14.2% 14.8% 25.3 9.2% 10.1%
40 |1 3 |4 |95 53.6 14.4% 16.5% 41.2 11.4% 14.3%
41 |18 |3 |4 |95 34.4 12.5% 15.8% 22.8 11.5% 11.6%
42 |25 |3 |4 |95 27.8 12.6% 14.1% 16.8 8.2% 8.3%
28 109 (4 |4 |95 76.8 30.6% 31.4% 58.0 27.4% 27.9%
29 |12 (4 |4 |95 51.7 14.3% 15.6% 38.6 7.6% 8.3%
32 117 |4 |4 |95 37.0 18.1% 17.9% 25.2 5.8% 6.6%
33 |23 |4 |4 |95 30.8 14.0% 14.7% 19.5 9.7% 10.2%
35 129 (4 |4 |95 26.2 14.0% 13.4% 15.3 4.1% 4.2%
38 138 [4 |4 |95 21.9 11.4% 12.4% 12.0 6.3% 7.4%
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39 |45 (4 |4 |95 19.7 10.8% 11.4% 9.8 4.0% 3.2%
27 |35 |5 |4 |95 22.9 10.3% 11.3% 133 7.0% 6.3%
21 | 6 |4 |95 39.1 14.1% 14.8% 27.8 9.6% 10.6%
22 |32 |6 |4 |95 24.7 8.9% 9.9% 15.6 8.1% 7.5%
24 145 |6 |4 |95 20.0 10.2% 10.9% 10.9 4.9% 6.1%
25 |54 |6 |4 |95 18.1 10.9% 11.9% 9.0 7.0% 6.6%
26 | 1286 |4 |95 9.4 8.7% 9.2% 3.0 4.0% 3.4%
18 | 4 8 |4 |95 22.4 11.6% 12.9% 13.6 8.9% 8.3%
19 |65 |8 |4 |95 16.1 9.4% 10.0% 7.7 6.2% 5.2%
20 |13 (8 |4 |95 9.3 8.0% 7.8% 3.0 2.3% 1.2%
16 |10 |10 |4 |95 12.0 10.2% 11.2% 4.6 5.5% 4.0%
17 115 |10 |4 |95 8.3 8.3% 9.5% 2.5 2.3% 2.1%
14 118 |12 |4 |95 114.8 57.2% 57.2% 93.2 47.3% 47.3%
15 148 |12 |4 |95 23.4 11.4% 12.9% 14.3 4.9% 5.4%
54 |59 [1 |5 |95 9.6 5.7% 7.1% 3.2 -0.6% -1.0%
50 103 [2 |5 |95 116.3 25.9% 42.2% 96.4 32.4% 33.2%
52 |07 |2 |5 |95 41.6 20.1% 19.5% 30.2 8.3% 9.0%
53 |1 2 |5 |95 33.3 7.2% 9.4% 22.9 6.5% 7.6%
49 |26 |4 |5 |95 17.7 8.5% 9.1% 9.5 4.2% 5.9%
48 | 3 6 |5 |95 16.9 8,0% 10.6% 9.2 6.1% 7.2%
4 |11 | 75|5 |95 72.0 43.7% 43.5% 68.3 40.9% 41.0%
47 |29 |75|5 |95 19.5 6.8% 9.4% 11.7 4.6% 4.5%
45 | 1268 |5 |95 5.0 3.8% 3.8% 1.0 2.2% 2.2%
44 186 |12 |5 |95 3.4 3.6% 3.6% 0.5 3.3% 3.3%
79 127 |1 |6 |95 11.0 3.7% 5.5% 4.2 0.3% 1.4%
57 107 |4 |6 |95 40.1 19.1% 22.3% 34.4 22.2% 22.2%
58 113 (4 |6 |95 21.6 2.8% 6.7% 13.4 4.1% -0.4%
97 |3 6 |6 |95 11.1 5.4% 7.3% 49 5.8% 3.7%
98 111 |6 |6 |95 31 3.6% 3.6% 0.4 0.4% 18.5%
55 |13 |8 |6 |95 32.8 32.6% 31.9% 29.9 31.4% 31.4%
56 |27 (8 |6 |95 13.7 3.1% 4.4% 7.4 1.5% 1.9%
75 |65 |8 |6 |95 5.6 4.2% 6.0% 1.3 -1.5% 0.0%
78 121 (1 |7 |95 9.1 -0.5% 4.0% 3.2 -0.3% 0.3%
61 |06 (4 |7 |95 33.5 19.6% 21.9% 29.6 22.1% 21.5%
62 |16 (4 |7 |95 12.1 6.6% 7.7% 5.9 3.5% 3.7%
59 o5 [6 |7 |95 87.9 48.7% 48.7% 89.9 47.7% 47.7%
60 |14 (6 |7 |95 15.8 0.2% 4.3% 10.2 9.6% 9.5%
101 |68 |6 |7 |95 3.0 1.8% 0.9% 0.4 5.5% 1.3%
63 |06 [6 |8 |95 44.8 25.8% 26.3% 44.0 26.5% 26.2%
64 |15 (6 |8 |95 10.8 3.9% 5.6% 5.7 1.8% 5.1%
100 16 |2 |9 |95 5.6 2.6% 2.6% 1.5 0.7% 0.7%
67 108 [6 |9 |95 18.3 14.7% 18.0% 15.0 13.8% 14.7%
94 118 |6 |9 |95 6.4 0.6% 4.3% 2.3 0.8% 0.3%
8 |25 |6 |9 |95 4.1 1.4% 5.2% 1.0 0.7% 0.7%
8 135 |6 |9 |95 2.5 -1.6% -1.8% 0.4 0.0% 0.0%
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65 |1 12 |9 |95 42.8 25.6% 25.3% 42.7 25.5% 25.7%
66 | 24 (12 |9 |95 5.4 -2.4% 2.0% 2.7 3.7% 3.5%
69 103 (6 |10]95 114.0 23.7% 23.8% 236.8 61.8% 61.8%
71 107 |6 |10]95 17.6 22.7% 24.6% 15.2 21.8% 20.6%
72 1 6 | 10| 95 9.8 0.7% 8.0% 6.3 7.5% 6.8%
91 121 |6 |10]95 3.6 1.1% 1.9% 0.9 0.0% 0.0%
92 138 |6 |10]95 1.5 -0.4% 0.6% 0.1 0.0% 0.0%
8 |48 |10 |10 95 1.1 2.4% 1.3% 0.1 0.0% -5.9%
93 |116|6 |11]95 0.1 0.0% 0.0% 0.0 0.0% 0,0%
76 |46 |8 |12 95 0.4 0.0% 0.0% 0.0 0.0% 0.0%
82 139 |6 |14]95 0.2 0.0% 0.0% 0.0 0.0% 0.0%
8 121 |8 |14 95 0.9 1.6% 1.0% 0.1 0.6% 0.6%
9 |26 |8 |14 95 0.6 1.5% 2.7% 0.0 0.0% 0.0%
95 |4 8 |14 |95 0.2 0.0% 0.0% 0.0 0.0% 0.0%
8 |61 |10 |14 |95 0.1 0.0% 0.0% 0.0 0.0% 0.0%
73 |08 |12 |14 |95 17.4 10.6% 11.1% 17.1 9.7% 9.5%
74 |19 |12 |14 |95 1.4 0.8% 1.2% 0.4 0.8% 0.0%
9% |7 20 | 14 | 95 0.1 0.0% 0.0% 0.0 0.0% 0.0%
8 |66 |27 |14]95 0.1 0.0% 0.0% 0.0 0.0% 0.0%
8 |14 |5 |15]95 1.2 -9.6% 2.8% 0.1 -0.9% -0.9%
9 |3 6 |16 | 95 0.1 4,0% 4.0% 0.0 0.0% 0.0%
77 |23 |6 |17 |95 0.2 1.1% 1.1% 0.0 0.0% 0.0%
80 |13 |1 |20]95 0.2 6.9% 0.0% 0.0 0.0% 0.0%
8 |18 |12 | 20|95 0.2 0.0% -4.1% 0.0 0.0% 0.0%

The results of the simulation experiment are sorted by the Fresh Case Cover of the parameter
combination. Table 33 shows the waste fraction for the No ED visibility scenario and the relative waste

reduction for the two scenarios with ED visibility.

WENTS) Batch ED Item ED Waste Batch ED Item ED
fraction for = visibility:  visibility: ~ fraction visibility: visibility:
No ED relative relative for No relative relative
visibility waste waste ED waste waste Number
reduction reduction visibility reduction reduction of SKU’s
0-0.09 0.13 6.4% 7.3% 0.05 2.5% 3.1% 8
L=z 0.09 5.6% 5.7% 0.12 2.5% 2.4% 27
025 e 0.21 9.9%  10.8% | 0.15 6.0% 5.9% 20
0.40-0.59 0.23 9.0% 10.4% | 0.19 6.1% 6.6% 15
a0 = (2 0.27 10.1%  13.0% | 026 7.7% 8.4% 6
0.80-0.33 031 19.6%  21.9% | 0.51 19.2% 19.4% 5
LUl 0.56 301%  30.8% | 1.25 27.9% 28.1% 7
1.50-2.00 0.94 418%  41.9% | 0.06 50.6% 50.6% 4

Actual FIFO = 40%

Table 32; Waste fraction differences sort by FCC clusters.

Actual FIFO = 80%
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Table 34 shows the average cost reduction for both scenarios for the product departments, product
groups and product segments in the ready-to-cook group. The averages are weighted to the demand
level of the SKU’s in the product department. The lost sales ratio in the table is 6.

Table 33; Results for average cost reduction of Batch and Item ED visibility scenarios as % of the costs for the No ED
visibility scenario sort by Jumbo product departments with p/w = 6 and weighted to the SKU demand.
FIFO% = 40 FIFO% = 80

Batch ED Item ED Batch ED Iltem ED
visibility: visibility: visibility: visibility:

Product department relative relative relative relative
Product group WENT WENT WENT waste Number
Product segment reduction | reduction | reduction | reduction of SKU’s
P.V.F. (Potato/Vegetable/Fruit) 9.0% 9.8% 5.1% 5.5% 95
Potatoes and onions 2.6% 4.3% 6.1% 7.1% 3
Bananas 23.2% 23.4% 23.2% 23.0% 1
Citrus fruit 6.6% 7.5% 2.8% 2.7% 5
Fruit cooled 13.7% 13.8% 9.6% 8.8% 1
Vegetables unprocessed 5.3% 6.3% -1.2% -1.2% 2
ik 9.6%  10.3% 5.4% 6.1% 80
Potato processed 4.7% 5.1% 1.1% 1.5% 13
Lettuce basic 11.5% 12.0% 4.5% 5.8% 6
Raw food 8.2% 7.1% 6.5% 4.5% 5
Cooking vegetables 10.5% 11.3% 6.6% 6.9% 7
Lettuce premium 9.2% 10.1% 3.9% 5.8% 10
Carrots ready-to-cook 9.4% 10.8% 7.2% 7.2% 3
Soup vegetables 16.9% 18.1% 15.0% 15.3% 2
Cooking vegetables winter 10.1% 11.4% 6.7% 6.6% 2
Stir-fry 97%  11.1% 6.7% 7.4% 13
Wok 11.6% 12.2% 8.5% 8.9% 2
Meal salad 13.8% 14.1% 10.2% 9.5% 8
Herbs/germ 8.7% 10.2% 5.5% 6.5% 6
Lettuce package/dish 12.8% 13.6% 9,00% 8.7% 3
Soft fruit exotics 9.5% 10.4% 6.8% 6.2% 1
Cooking vegetables unprocessed 10.3% 13.3% 11.9% 12.1% 2
Convenience 12.1% 9.5% 9.1% 8.2% 5
Convenience 22.1% 22.6% 19.4% 20.4% 2
Fresh juices 5.4% 0.8% 2.2% 0.0% 3
Cheese from the knife 2.9% 1.9% 0.5% 0.5% 9
Cheese service foreign -3.1% 4.1% 0.0% 0.0% 3
Cheese service Dutch 5.5% 5.2% 4.9% 4.8% 1
T 5.9% 4.6% 1.0% 0.0% 5
Pre-packed cheese 5.5% 5.2% 4.9% 4.8% 7
Butchery 6.7% 7.2% 3.3% 3.7% 21
Grinded meat 6.8% 7.7% 3.9% 4.3% 9
Poultry 5.6% 7.1% 1.6% 3.8% 2
Beef 9.8%  10.7% 7.5% 6.9% 1
Pork 4.9% 7.2% 2.3% 2.9% 2
Meat season 6.1% 8.2% 3.2% 3.5% 2
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Meat substitutes 8.9% 0,0% 0.0% 0.0% 5

Fish 7.8% 9.8% 5.2% 5.3% 7
Meat service 3.1% 5.2% 5.5% 3.8% 23
Salads service 0.0% 0.0% 0.0% 0.0% 2
Meats service 3.4% 5.7% 6.0% 4.2% 21
Pre-packed meat and salads 0.5% 1.3% 1.5% 0.5% 18
Salads pre-packed -2.9% 3.7% 3.4% 0.0% 11
Meat pre-packed 1.9% 0.3% 0.7% 0.7% 7
Dairy and eggs 3.7% 4.9% 1.2% 1.5% 127
Dairy day drink 4.8% 5.4% 1.5% 1.2% 32
Dairy day eat 3.6% 4.9% 1.3% 1.8% 88
-1.1% 3.3% -0.4% -0.4% 7

Eggs
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Appendix G; Sensitivity analyses of the simulation experiment

The results of the simulation experiment (Part 2 of the model) are supported by several sensitivity
analyses. This appendix section shows the detailed results of the two sensitivity analyses: the potential
waste reduction at different OSA levels and the effect of a week pattern.

Table 35 presents the parameter combinations that are used in the sensitivity analysis with different
OSA levels. Subsequently, Table 36 presents the factor of waste reduction at different OSA levels in
comparison with the waste reduction at an OSA of 95%.

Table 34; Selected parameter combinations for the sensitivity analysis of different OSA levels.

Simulation
number D Q m FCC
12 2 2 3 033
10 68 4 3 0.20
5| 146 8 3 0.18
35 29 4 4 0.34
22 32 6 4 047
18 4 8 4 0.50
49 26 4 5 031
97 3 6 6 033
98 11 6 6 0.09
75 65 8 6 021

Table 35; The factor of the waste reduction (compared to the scenario with No ED visibility) at different OSA levels in
comparison with the waste reduction at an OSA of 95%.
FIFO% @ # Batch ED visibility Item ED visibility

95 90 93 96 95 90
40 12 21.0% | 0.69 | 0.95 122 | 1.42 156 | 2.21 | 21.5% | 0.72 | 0.96 | 1.23 | 143 | 1.57 | 2.23

10 17.3% | 0.63 | 0.78 1.09 | 1.39 1.78 | 2.06 | 17.2% | 0.62 | 0.79 | 1.13 | 1.42 | 1.74 | 2.12

5 13.9% | 0.67 | 0.89 119 | 150 | 183 | 1.81 | 133% | 0.72 | 093 | 1.28 | 1.61 | 1.95 | 1.92

35 12.6% | 0.70 | 0.77 1.25 | 1.39 155 | 258 | 12.2% | 0.83 | 0.83 | 1.35 | 1.57 | 1.70 | 2.71

22 9.7% | 0.79 | 0.96 190 | 178 | 193 | 332 | 10.6% | 0.85 | 096 | 1.85 | 1.81 | 1.87 | 3.16

18 11.8% | 0.60 | 0.84 0.99 | 1.68 | 193 | 166 | 13.0% | 0.60 | 0.87 | 0.94 | 1.60 | 1.85 | 1.61

49 8.6% | 0.47 | 0.55 1.06 | 1.10 | 1.61 | 2.18 9.5% | 0.49 | 0.58 | 1.14 | 1.09 | 1.58 | 2.08

97 4.5% | 0.59 | 0.80 1.21 | 1.59 165 | 251 6.1% | 057 | 0.98 | 1.20 | 1.53 | 1.54 | 2.54

98 2.9% | 091 | 1.23 122 | 156 | 1.10 | 3.18 29% | 091 | 1.23 | 1.22 | 1.56 | 1.84 | 3.57

75 4.1% -1 0.50 0.63 | 1.27 | 2.14 | 3.17 5.9% | 0.68 | 0.79 | 0.60 | 0.89 | 1.41 | 1.94
0.08

Average for | 10.6% | 0.60 | 0.83 | 1.18 | 1.47 | 1.71 | 2.47 | 11.2% | 0.70 | 0.89 | 1.19 | 1.45 | 1.71 | 2.39
FIFO% = 40

80 12 15.5% | 0.84 | 0.83 096|122 | 139 | 196 | 16.0% | 0.81 | 0.84 | 092 | 1.13 | 1.40 | 1.94
10 7.7% | 0.75 | 0.97 141 | 1.65| 2.00 | 2.61 77% | 0.78 | 1.06 | 1.42 | 1.68 | 1.85 | 2.72
5 6.3% | 0.48 | 0.57 094 | 144 | 166 | 239 5.0% | 0.66 | 1.05 | 1.12 | 1.96 | 2.24 | 3.52

35 5.3% | 0.99 | 1.13 142 | 1.88 | 2.09 | 2.39 54% | 1.17 | 1.20 | 1.23 | 1.56 | 2.00 | 2.14

22 7.3% | 0.37 | 0.92 1.19 | 1.69 1.68 | 1.59 6.7% | 0.67 | 1.03 | 1.24 | 1.95 | 2.12 | 1.67

18 8.6% | 0.61 | 0.37 094 | 123 | 1.56 | 2.08 8.0% | 0.70 | 0.54 | 1.02 | 1.22 | 1.69 | 2.40

49 3.9% | 1.03 | 0.89 1.53 | 1.73 1.70 | 2.14 53% | 0.64 | 091 | 1.08 | 1.08 | 1.32 | 1.87

97 5.0% -10.15 1.08 | 039 | 054 | 0.11 3.0% -] 018 | 1.26 | 0.84 | 1.26 | 0.54
0.59 0.61
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98* 0.0% | 0.00 | 0.00 0.00 | 0.00 | 0.00 | 0.00 | 18.0% | 0.00 | 0.00 | 0.39 | 0.60 | 0.24

FIFO% = 80

0.08
75* | -0.3% - - 11.19 | 6.89 | 0.00 - 0.0% | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
1.60 | 5.77 6.25
Average for 7.4% | 0.56 | 0.73 1.18 | 1.40 | 158 | 1.91 7.1% | 060 | 0.85 | 1.16 | 1.43 | 1.74 | 2.10

* Both parameter numbers not included in the average (FIFO%=80) because they highly deviate from

other results due to a low waste% difference.

The following table presents the output of the paired t-Test to indicate the effect of a week pattern.
Table 37 shows the input parameter levels for this sensitivity analysis. The week patterns are selected
based on the Jumbo SKU’s with similar input parameters. Table 38 presents the results of the t-Test
that tests the effect on the waste reduction when the week patterns for Batch and Item ED visibility

would occur in the simulation experiment.

Table 36; Input parameter combinations in week pattern sensitivity analysis.

Day of the week

6.5 8 6 16 13 15 15 15 18 8
2 2 3 16 15 13 16 16 16 8
3.2 6 4 16 15 14 16 16 16 7
2,3 4 4 15 13 13 12 18 20 9
18.6 12 5 13 11 14 15 18 20 9
1.8 12 20 12 11 13 14 19 22 9
4.8 10 10 14 13 14 14 17 19 9
1.8 6 9 14 13 13 16 17 19 8
3.9 6 14 16 13 14 14 16 19 8
2.7 1 6 20 15 15 14 14 14 8

Table 37; Results t-test: paired two sample for means for Batch and Item ED visibility.

Batch ED visibility Item ED visibility

Variable 1 Variable 2 Variable 1  Variable 2
Mean 0.049914  0.046609 | Mean 0.052979  0.056989
Variance 0.003713 0.00574 | Variance 0.004245  0.005137
Observations 20 20 Observations 20 20
Pearson Correlation 0.949175 Pearson Correlation 0.956572
Hypothesized Mean Hypothesized Mean Difference
Difference 0 0
df 19 df 19
t Stat 0.563056 t Stat -0.84713
P(T<=t) one-tail 0.28999 P(T<=t) one-tail 0.203733
t Critical one-tail 1.729133 t Critical one-tail 1.729133
P(T<=t) two-tail 0.579981 P(T<=t) two-tail 0.407467
t Critical two-tail 2.093024 t Critical two-tail 2.093024
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