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Abstract
Sligro Food Group N.V. considers the application of an integrated inventory control policy in which
crucial information is shared among the different stock points in its supply chain. The actual decision
for the implementation depends on the (monetary) benefit of the application of a new inventory
control policy. In support of this decision, this report describes the research which results into the
potential inventory holding cost savings of the application of an installation stock policy with central
demand pooling – in which downstream demand data is shared with the CDC – and of the
application of a (near-)optimal multi-echelon inventory control policy – in which the inventory of all
stock points is centrally managed – with respect to the current application of a regular installation
stock policy. Moreover, a potential cost saving classification is constructed based on the
characteristics which seem to affect the cost saving potentials. Although the results are quite
impressive, the recommendation comprises the execution of a pilot-project by Sligro Food Group
N.V. which should validate these findings and which should also provide insight on the impact the
application of another inventory control policy has on other logistical cost aspects.
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Management Summary
A Dutch version of the management summary is included in Appendix A.

Problem description
Currently, the ABS and Slim4 inventory management systems generate replenishment decisions for
each stock point in the Sligro supply chain in isolation, merely based on their own individual
inventory levels, sales forecasts and own delivery and replenishment preferences. With an eye on
supply chain efficiency and the shortcomings of the decentralized inventory control in the Sligro
supply chain, it is considered to be worthwhile to investigate whether focussing more intensively on
information sharing within the Sligro supply chain results into lower cumulated inventory levels in
the supply chain and thus into an inventory holding cost reduction. Therefore, this research project
is initiated to determine what (theoretically) the cost saving potential is of the application of an
installation stock policy with central demand pooling compared to the current application of a
regular installation stock policy, and to determine how many cost savings can still be obtained by
applying a (near-)optimal multi-echelon inventory policy in the Sligro supply chain. An installation
stock policy with central demand pooling implies that although replenishment decisions are just
taken for each stock point individually, at the central warehouse down-stream point-of-sales
demand data instead of the actual incoming demand is used to set the required inventory levels.
Besides, it is investigated how the cost saving potentials of the demand pooling installation stock
and multi-echelon policies differ among the different articles. In other words, the impact is
determined of the article characteristics related to demand and supply on the cost saving potential.

Problem scope
Only stock points are incorporated into this research project where no “commercial play” takes
place; the in-scope stock points are the CDC, RDCs and the BSs. Moreover, only articles are
considered for which inventory is held as well at the CDC as at the RDCs and/or BSs since
information sharing only plays a role in a multi-echelon system. Besides, from the logistical trinity
transportation-storage-handling, only the storage component (inventory holding costs) is considered
without taking into account its impact on the other two components.

Problem analysis
In total, 11.449 different stock-keeping-units (SKUs) are in-scope of this project, of which 1.310 SKUs
are in the assortment of the RDCs and 10.472 SKUs in the assortment of the BSs. For the RDCs, this is
in number of SKUs and in value merely roughly 10% of the entire assortment; while for the BSs it
constitutes almost 35% of the entire assortment and represents 70% of the total sales value. It turns
out that over 2013 for these in-scope SKUs a fill rate of 98,7% was realized for the BS customers and
that the service level offered at the RDCs equalled just 92,2%. Internally, the service levels from the
CDC to the BSs and RDCs equalled around 96%. These internal service levels from the CDC as well as
from the RDCs to the EMTÉs are particularly high and it is expected that these can significantly be
lowered while still be able to deliver the same service at the EMTÉ-stores. In order to realize this, on
average, in total more than 45 million euros are invested in inventories of the in-scope SKUs. This
corresponds to an average of eight weeks of inventory held in the Sligro supply chain. Looking at the
distribution of the in-scope inventory among the Sligro chain, it turns out that 48% of the inventory
is located downstream and the other 52% upstream at the CDC. Therefore, it can be concluded that

v

relatively much inventory is held at the CDC, while this does not directly contribute to the service
offered to the customers.
The current supply chain performance of Sligro does not merely result from the intended functioning
of ABS and Slim4. It turns out that, on average, the inventory managers at the RDCs and BSs adapt
around 16% of their ABS order advices, while at the CDC even around 36% of the order advices
generated by Slim4 are manually adapted. These order advice adaptations conceal the performance
which would have been achieved when ABS and Slim4 functioned autonomously because order
advice adaptations can affect the service and inventory costs positively but also negatively.

Research design
Three scenarios are defined according to the research problem. The benchmark scenario comprises
the application of a (R,S)-policy at the BSs/RDCs and a (R,s,nQ)-policiy at the CDC. The demand
pooling scenario imitates a similar situation as in the benchmark scenario despite that the logic of
aggregate demand forecasting at the CDC is applied. These two installation stock policy scenarios are
evaluated with the use of the DoBr tool. The third scenario imitates a situation in which a real multiechelon inventory management policy is applied in the Sligro supply chain. This optimal scenario is
evaluated with the ChainScope tool. The relative reductions in inventory investments and inventory
holding costs for the latter two scenarios are determined by expressing the inventory values per
scenario-internal fill rate-target fill rate combination as index numbers with the inventory value of
the regular installation stock policy with unchanged fill rates as base value. The absolute cost saving
potentials are determined by simply subtracting the total inventory costs of the second or third
scenario from the total inventory costs of the first scenario. The considered output measures are
besides to the monetary values of the inventory investments and inventory holding costs also the
number of inventory turnover weeks, since this implicitly also affects the quality offered by Sligro.
The objective of the evaluation of each scenario is to minimize the sum of the total inventory holding
costs over all in-scope stock points and SKUs. Thus, the (average) inventory levels implicitly are the
decision variables in the optimization problem. The RDC and BS supply chain parts are evaluated
separately so that a costs saving potential per supply chain part is obtained and a possible
implementation of an integrated inventory management system can be considered for both the
retail chain and BS-chain individually. The evaluations are based on a sample of 1200 BSs SKUs and
300 RDCs SKUs for which demand and supply data was available for entire 2013. The input variables
considered in the optimization of the (average) inventory levels constitute the constraints to the
optimization problem. Logically, at first target customer fill rates are defined per SKU, as well as
internal target fill rates for the evaluation of the installation stock policies. Besides, review periods
are included in the evaluation, as well as the expected lead times and the variations of the lead
times. Furthermore, minimal order quantities and base replenishment quantities are incorporated in
the analysis. Lastly, demand per SKU is characterized by the average daily demand and the forecastcorrected daily demand variance. The factors considered in the cost saving potential classifications
are the CDC review period, the weighted average BS/RDC review period, the average CDC lead time,
the coefficient of variation of the CDC lead time, the relative base replenishment quantity, and the
average total daily demand. Per factor HIGH and LOW classes are defined and it is tested whether
significant differences could be found in the cost saving potentials between different combinations
of factor classes.
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Results
As expected, aggregate demand forecasting based on shared down-stream demand data indeed
results into a lower demand uncertainty at the CDC for nearly all SKUs. The average volatility of the
aggregate demand at the CDC amounts even only roughly half of the average volatility of the actual
incoming CDC demand. Assuming unchanged internal and external fill rates, this reduction in CDC
demand variability results into a 27% decrease in inventory investment and inventory holding costs
in the BS supply chain part, and even up to a 58% decrease in the RDC supply chain part, with
respect to the benchmark scenario. Although the relative cost saving potential in the RDC supply
chain part is double the relative cost saving potential in the BS supply chain part, due to the limited
number of in-scope SKUs the absolute potential cost saving of € 210.000 in the RDC supply chain
part is relatively small compared to the € 730.000 potential holding cost reduction in the BS supply
chain part. The relative and absolute cost saving potentials of the application of an installation stock
policy with central demand pooling in the Sligro supply chain can even be amplified if moreover a
lower internal fill rate is pursued by the CDC. Illustratively, an additional approximatively € 170.000
holding cost reduction can be realized when the internal fill rate between the CDC and the BSs and
RDCs is lowered to 0,8 in the demand pooling scenario, which equals a relative cost saving potential
of 36% compared to the benchmark scenario.
Moreover, even more cost savings can potentially be realized in the different Sligro supply chain
parts when the (near-)optimal situation is pursued. Assuming an unchanged external target fill rate
in the demand pooling scenario, potential relative cost savings of 25% and 20% still remain with
respect to the demand pooling scenario for the BS and RDC supply chain parts respectively. These
potential cost saving percentages absolutely equal potential holding cost reductions of € 610.000
and € 40.000 for the BS and RDC supply chain parts respectively. Thus, with respect to the
benchmark scenario, the Sligro inventory holding costs can roughly be halved from three million
euros per year to one and a half million euros in the optimal scenario. In line with the expectations,
these additional diminutions in the supply chain wide inventory levels can be realized by positioning
the major proportion of the total inventory of a SKU downstream in the Sligro supply chain at the
BSs and/or RDCs.
Besides, it can be concluded that most can be saved – both absolute and relatively – on SKUs with a
relatively high (aggregate) demand and a relatively low base replenishment quantity Q at the CDC.

Recommendation
Although the above mentioned potential holding cost reductions are substantial, to make the
transition to another inventory control policy in the Sligro supply chain worthwhile, the holding cost
savings should outweigh the initial expenditures and additional handling and transportation costs of
the application of another inventory control policy. Therefore, the recommendation to the heads of
the Sligro inventory management department is twofold: firstly, examine the suitability of the
existing and other inventory management systems to accurately apply the installation stock policy
with central demand pooling or the optimal multi-echelon inventory control policy in the Sligro
supply chain; secondly, set up a pilot project regarding the application of another inventory control
policy to validate the theoretical holding cost saving potentials and to determine the impact of it on
other inventory control related activities and costs. Besides to the adoption of another inventory
control policy, it is also advised to change the inventory planner’s daily operations and the way in
which their performance is assessed in line with the new inventory control policies.
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1. Introduction
This chapter firstly briefly introduces the problem addressed in this report and thereafter outlines
the context of the problem. Afterwards, the project approach is explained, according to which the
project is executed and the remainder of the report is structured.

1.1 Problem introduction
Inventory constitutes a significant fraction of the assets of a retail firm. According to Standard &
Poor’s industry survey on general retailing, for example, ‘‘Merchandise inventories are a retailer’s
most important asset, even though buildings, property and equipment usually exceed inventory
value in dollar terms’’ (Sack, 2000). Thus, the importance of improving inventory management in
retail trade cannot be overemphasized (Gaur & Kesavan, 2009). Inventory is not only large in dollar
value but also critical to the performance of retailers. Ensuring product availability when consumers
need it without holding too much inventory is critical to business performance since out-of-stocks
(OOSs) can result in lost sales. Companies which are able to manage this balance successfully have a
strong competitive advantage. It is therefore that more and more (retail) companies, including Sligro
Food Group N.V., focus nowadays on supply chain efficiency – offering a certain desired service level
at least costs. As part of this focus, Sligro Food Group N.V. strives for an inventory allocation over its
supply chain which balances the offered customer service level and related inventory costs.
Recently, as part of the integrated inventory management business case, Sligro started a pilot
project regarding the implementation of the Slimstock inventory management software package
Slim4 in order to verify whether the use of such a (more) sophisticated inventory management tool
results into a more appropriate inventory allocation. Besides, Sligro Food Group N.V. initiated the
current research project to determine what (theoretically) the cost saving potential is of applying an
installation stock policy with central demand pooling compared to a regular installation stock policy,
and to determine how many cost savings can still be obtained by applying a (near-)optimal multiechelon inventory policy in the Sligro supply chain. Scientifically, this project can be considered as a
case study on multi-echelon inventory management in a food retail/food service environment with
respect to the potential cost savings of different inventory management policies.
In the remainder of the report is referred to Sligro Food Group N.V. as Sligro Food Group or simply
Sligro. Besides, inventory management policy, inventory control policy, replenishment policy and
stock policy are used as synonyms. Moreover, important to keep in mind, integrated and central
inventory management refer to the central inventory control of all stock points in the Sligro supply
chain instead of stocking inventory at one central location.

1.2 Problem context
The problem context should be taken into account when analysing a problem and designing and
implementing a possible solution. Therefore, before the actual problem is introduced, a company
description of Sligro Food Group N.V. is provided and the Sligro supply chain is briefly described.

1.2.1 Sligro Food Group N.V.
Sligro Food Group N.V., established in 1935 in Veghel, encompasses food retail and foodservice
companies selling directly and indirectly to the entire Dutch food and beverages market. The food
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retail activities comprise around 130 full-service EMTÉ supermarkets, of which around thirty are
operated by independent retailers. Sligro Food Group leads the Dutch foodservice market with a
nationwide network of cash-and-carry and delivery services serving large and small-scale bars and
restaurants, leisure facilities, volume users, company and other caterers, fuel retailers, small and
medium-sized enterprises, smaller retail businesses and the institutional market. The cash-and-carry
activities are served by 46 Sligro cash-and-carry wholesalers, while delivery services are provided by
nine Sligro delivery centres and Van Hoeckel, which is fully focused on the institutional market. The
delivery service customers can place orders via a completely customized order system called Slimis.
Besides, Sligro Food Group also operates its own in-house production facilities for specialized
convenience products, fish and patisserie and delicatessen items, as well as a meat-processing
centre focusing on the retail market.
The success of the Sligro Food Group activities depends primarily, both directly and indirectly, on
consumers’ spending behaviour in the Netherlands. However, consumers have been reducing their
expenditure on food in 2013, as household budgets are squeezed by the continuing decline in real
disposable incomes in the Netherlands. The long-term trend in the market is that food service is
gaining market share over food retail. Nevertheless, EMTÉ again outperformed the market in 2013,
with like-for-like growth of 1.9%. EMTÉ is one of the few full-service supermarkets which managed
to grow faster than the market, because a large proportion of the market growth was due to the
hard discounters. Though, the medium-term focus for EMTÉ is mainly to improve existing operations
which do not require heavy investment. The cash-and-carry Sligro stores also again outperformed
the market by a clear margin. The priority for food service is the market position in the medium
term, focusing on structural growth in profitability while maintaining the right balance with shortterm results. The recently announced acquisitions of Rooswinkel and Horeca Totaal Sluis are the
next steps in that strategy and there may well be further moves towards consolidation. Sligro shall
therefore continue to invest actively in our market position and in our outlets, logistics and ICT
infrastructure. Besides, operating expenses are reduced through ongoing tight cost control and a
joint integral logistics strategy, of which the current project under consideration is a prime example.
In order to be assured of sufficient purchasing power in the market, the food retail purchases are
handled by the Superunie co-operative purchasing organization, which has a 30% share of the Dutch
supermarket sector. As one of the largest players in the foodservice market, Sligro Food Group
handles its own purchasing for these activities – worldwide and, where possible, direct from the
source.
On average, 5.829 full-time equivalent employees worked for Sligro Food Group in 2013. Over that
year, they generated a net sales of almost 2.5 billion euros and an operating profit (EBIT) of 89
million euros. These and other key figures of 2013 and 2012 are shown in Table 8 in Appendix B.
The company description and key figures above are taken from the corporate website of Sligro Food
Group N.V. and the Annual Report 2013.

1.2.2 Sligro supply chain
Figure 1 graphically shows the different stock points in the Sligro organisation and the major product
flows between these locations. The thickness of an arrow roughly indicates the relative volume of
the product flow. For the purpose of this project, the “Sligro supply chain” is defined as the part of
2

the entire supply chain which is comprised by the green box in Figure 1. As can be seen, it
encompasses the stock points and product flows which (in)directly serve the service and/or retail
customers. So the Van Hoeckel company, which serves the institutional customers, and the in-house
suppliers are not considered as a part of the Sligro supply chain. The Sligro supply chain is supplied
by (external) suppliers and its customers are the service and retail end customers.

Stock point
Customer demand

CDC Veghel

ZB (46)

Product flow ordered by Slim4
Product flow ordered by ABS
Cross-dock product flow ordered by ABS

BS (9)
Supplier

RDC (2)

EMTÉ (130)

Sligro Food Group

Figure 1: Graphical representation Sligro supply chain

As mentioned in the company description above, the Sligro Food Group serves its different
customers by the use of Sligro cash-and-carry wholesalers (Zelf-Bediening vestigingen – ZBs), Sligro
delivery centres (Bezorg-Service vestigingen – BSs) and EMTÉ supermarkets. The foodservice
locations are mainly supplied from the central distribution centre located in Veghel. The food retail
locations are mainly supplied from the retail distribution centres in Putten and Kapelle. Besides,
however, external suppliers sometimes deliver to the sales locations directly (e.g. perishable goods),
occasionally transhipments take place between ZBs and BSs, and sometimes cross-dock delivery
takes place from the CDC to the EMTÉ stores via a RDC. Since the product flows are so diverse, the
Sligro supply chain can best be characterized as a generally structured multi-echelon system; the
different stock points do not have at most one predecessor or at most one successor.
The product flows in Figure 1 are triggered by an incoming order from a downstream location which
has demand for a certain article. As can be seen, the Automated Ordering System (Automatisch
Bestel Systeem – ABS) is used as inventory management system within the entire Sligro supply chain,
except for the management of the product flow between the (external) suppliers and the CDC, for
which SLIM4 is used. The general working of both inventory management systems is described in
Appendix C.

1.3 Project approach
Current project is a typical business-problem solving project which has the ultimate aim to improve
the performance (i.e. efficiency) of the logistic system of the Sligro Food Group. In order to carry out
3

the proposed project, the classic problem-solving regulative cycle by Van Strien (1997) is adopted. As
can be seen in Figure 2, the regulative cycle encompasses five basic steps. The first three steps
(orange) constitute the design part of the project and are the main steps carried out by the author
during this project. The intervention step (light orange) – change part – and evaluation step (pale
orange) – learning part – could possibly follow the design part of this project when the management
of Sligro is satisfied with the expected results of an intervention. The dotted arrow between the
evaluation step and problem definition step indicates that after the evaluation of the
implementation possibly new problem(s) arise which can/should be solved, which starts the
regulative cycle again. It should be mentioned that the regulative cycle is not a completely stepwise
approach as it appears to be in Figure 2; when necessary, iterations have taken place between (and
within) some steps.

Problem
defenition

Evaluation

Analysis &
Diagnosis

Intervention

Plan of action

Figure 2: Regulative cycle by Van Strien (1997)

The problem definition encompasses an extended problem description, the problem scope and the
research questions. This first step of the regulative cycle is elaborated in chapter 2. This chapter is
followed by an overview of the relevant literature in chapter 3. The subsequent step of the
regulative cycle regarding the analysis and diagnosis of the problem, which is elaborated in chapters
4, 5 and 6, encompasses a thorough analysis of the as-is situation and a diagnosis of the problem.
This second step ultimately results into a solution design. The third step, the plan of action is
described in the recommendation part of chapter 7. Furthermore, chapter 7 encompasses a general
conclusion. In the following chapter 8 are the limitations and implications of the diagnosis and
redesign stated. The fourth step of the regulative cycle, intervention, possibly follows this project
when Sligro decides to implement (or start a supply chain-wide pilot project with) an inventory
management system in its supply chain which is based on demand pooling at the CDC or even multiechelon inventory control.
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2. Problem statement
The problem statement is the first step in the regulative cycle presented in section 1.3. This chapter
encompasses a description of the business problem and the delineation of the scope of the project.
Furthermore, the research questions are formulated and elucidated.

2.1 Problem description
The current project is not initiated because Sligro experiences a service-oriented problem; the
service levels of most articles at the EMTÉs and especially ZBs are (relatively) even remarkably high.
The EMTÉ stores have an average ready rate of 97,8% with a minimum of 95,6% (Verschure, 2013),
and the ZB stores have an average ready rate of 99,6% and a minimum of 99,4% (van Pelt, 2013).
Instead, the current project has a clear efficiency-focus – can the inventory levels be achieved at less
inventory costs? The inventory managers at the Sligro headquarter are convinced that the high
service levels are probably the result of (unnecessarily) high inventory levels within the Sligro supply
chain. Logically, high inventory levels incur high holding costs. Therefore, the inventory managers at
Sligro are wondering whether it would be possible to obtain certain acceptable service levels at
lower inventory costs by reorganizing the inventory allocation over the Sligro supply chain by
adopting an integrated inventory management policy in the Sligro supply chain in which crucial
information is shared among different stock points to set the reorder levels more appropriately.
Unusual high inventory levels can of course be the result of strategic considerations, for example
when financial benefits can be obtained when orders are placed in certain batch quantities or when
future price increases or demand peaks are expected to occur. However, other factors which induce
high inventory levels in a multi-echelon system result from inefficient inventory control, such as
safety stock considerations because of unnecessary demand uncertainty, (poorly controlled)
installation stock policies and the bullwhip effect. These causes can probably (partly) be diminished
by sharing information more intensively among different levels in a supply chain. Currently each
stock point in the Sligro supply chain bases its order decisions merely on its own individual inventory
levels, sales (incoming orders) forecasts and its own delivery and replenishment preferences, and
does not take into account the demand of other locations in the supply chain and/or other article
characteristics per stock point.
Considering above mentioned efficiency-focus and the shortcomings of the decentralized inventory
control in the Sligro supply chain, it is worthwhile to investigate whether it is beneficial for Sligro to
focus more intensively on information sharing within the Sligro supply chain. Adopting an inventory
management system in which crucial demand and inventory information is shared probably results
in the same (or another desired) service level at less costs because of lower (cumulated) inventory
levels in the supply chain. Therefore, this project has the aim to verify whether the application of an
installation stock policy with central demand pooling in the Sligro supply chain results into a more
appropriate inventory positioning – and thus less inventory costs – compared to the application of a
regular installation stock policy (as used in the current inventory management systems). An
installation stock policy with central demand pooling implies that although replenishment decisions
are just taken for each stock point individually, at the central warehouse (indirect) point-of-sale
(POS) demand data is used to determine the required inventory levels instead of the actual incoming
demand at the central warehouse as in the regular installation stock policy. Furthermore, this
project aims to determine what (theoretically) the additional cost saving potential is of the
5

application of an optimal multi-echelon inventory policy in which the demand and supply
characteristic of all other stock points are also considered when determining the required on-hand
inventory for a particular stock point.
Moreover, interesting to investigate is how the cost saving potentials of the central demand pooling
and multi-echelon policies differ among the different articles. In other words, what is the impact of
the article characteristics related to demand and supply on the cost saving potential? The potential
cost savings per defined article class indicate whether it would be worthwhile to apply a new
inventory policy on that type of articles or not. This potential cost savings classification is also
included in the current project to bring in the compulsory design part.
The focus of this project has slightly changed in the course of the project. Initially, the aim of the
project was to determine what would be the optimal (most appropriate) inventory allocation among
the in-scope stock points in the Sligro supply chain and which inventory management software
package would best be able to realize this inventory allocation. However, during the project it turned
out that (already) a pilot-project was started with the implementation of Slim4 at BS Gilze. In
consultation with the Sligro inventory management director, it is therefore decided to slightly
change the focus of the project towards a kind of ‘second opinion’ with regard to the potential
benefit of the application of an installation stock policy with central demand pooling (as applied by
Slim4). Then, the aim of the project became to investigate the cost saving potential of an installation
stock policy with central demand pooling and to determine the still remaining cost saving potential
which could be achieved by applying an optimal multi-echelon inventory management policy. Thus,
the current project can be considered as support for the business case regarding the implementation
of an integrated inventory management system in the Sligro supply chain.

2.2 Problem scope
Since it should be feasible to address the problem within the prescribed timeframe and amount of
effort, the scope of the problem is clearly delineated. First of all, the existing supply chain design is
taken for granted; the focus of this project merely is on the inventory planning within the Sligro
supply chain. So the current existing stock points and product flows between these locations are
taken as starting point and the focus of the project is on the (adaptation of) replenishment and
information sharing strategies at the different stock points. In other words, from the logistical trinity
transportation-storage-handling, only the storage component is considered without taking into
account its impact on the other two components. Besides, in this research only the required
inventory levels at the different levels in the Sligro supply chain are considered without ascertaining
whether it is actually advantageously to also keep inventory at the CDC; the trade-off of central
inventory comprises another type of research. Moreover, the capacity at the different stock points is
assumed to be sufficient to hold all the required inventory. Incorporating capacity constraints would
complicate the research since in case of a capacity shortage prioritization should be made among
the SKUs and also capacity utilization of the out-of-scope SKUs should be included in the research.
Although the current supply chain design is taken as starting point, the incorporation of all stock
points and existing product flows would make the analysis and design part of the project too
complex. Therefore, it is decided to, as desired by the inventory managers at Sligro, only address
stock points in the Sligro supply chain where no “commercial play” takes place; so the EMTÉ stores
and ZBs are eliminated from the scope. At the ZBs and EMTÉs the inventory-focus is not merely on
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efficiency but also on the visual presentation of articles in the stores and commercial considerations
of the store-managers. This implies that stock points in-scope are the CDC, RDCs and the BSs.
However, BS Vlissingen is an exception which is also excluded from the scope because this location is
a combination of a BS and a ZB for which the inventory control is not separated. Furthermore, BS
Haps is out-of-scope since this location is closed in 2013 and its activities are adopted by BS Venray.
Moreover, only product flows which take place via the CDC are considered since information sharing
only plays a role in a multi-echelon system. Therefore, the product flows which are in the scope of
this project are product flows which take place from suppliers via the CDC to the RDCs and product
flows which take place from the suppliers via the CDC to the BSs. So product flows from the CDC to
ZBs are out-of-scope, as well as product flows from external suppliers directly to the RDCs and BSs
and cross-dock product flows from the CDC via a RDC to EMTÉ stores. In conclusion, only articles are
considered for which inventory is held as well at the CDC as at the RDCs and/or BSs. Furthermore,
the project is restricted to articles for which the inventory is controlled by the current inventory
management systems since for these all required data is available.
The part of the Sligro supply chain which is in the scope of this project is graphically represented in
Figure 3. As can be seen, a multiple-item two-echelon distribution system remains with one central
warehouse (CDC) and ten non-identical “retailers” (RDCs and BSs). The grey stock points and product
flows in Figure 3 are out-of-scope and the black dashed arrows represent the indirect customer
demands which come in at the RDCs via the EMTÉs.

ZB (46)

BS (8)

CDC Veghel
Supplier

RDC Putten

EMTÉ (67)

RDC Kapelle

EMTÉ (63)

Stock point
(Indirect) Customer demand
Product flow ordered by Slim4
Product flow ordered by ABS
Grey objects are out-of-scope

Sligro Food Group

Figure 3: Graphical representation scope Sligro supply chain

External demand only occurs at the most downstream locations (the BSs and RDCs) and can be
typified as dynamic and independently distributed across the stock points and across periods in
time. Continuous demand occurs at the BSs, while orders arrive at the RDCs on pre-specified
moments, both with stochastic volumes. Excess demand at the CDC and RDCs is considered as lost
sales since no backorders can be placed and the internal customers have to order these articles
again the next ordering moment. Of course, the inventory managers are aware that these orders do
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not reflect actual (independent) demand. The excess customer demand at BSs can also be
considered as lost sales since it is substituted or ordered again by the final customer; no backorders
can be placed at the BSs. When the demand exceeds the available inventory, split deliveries take
place according to the First Come-First Served (FCFS) principle to partly fulfil customer orders, if
possible. Although the RDCs have the possibility to restrict the order amount per EMTÉ store for a
certain article to guarantee a balanced distribution, at the CDC and RDCs where orders arrive
periodically, it can however be assumed that the available inventory is allocated randomly among
the demanding stock points.
The service metric of interest is the fill rate realized at the EMTÉs and BSs as a surrogate of the
stock-out costs. However, the EMTÉ stores are out-of-scope and therefore the internal service level
between the RDCs and EMTÉs is adopted as service metric to focus on. Contrary to the BSs, the RDCs
do actually not deliver to end customers and therefore a lower fill rate at the RDCs can still be
sufficient to achieve desired fill rate at the EMTÉ stores. When relatively much inventory is held at
the lowest level stock points, the internal service level does not have to be as high as the desired
service level offered to the end customers.
The assortment of the RDCs and BSs encompass perishable and non-perishable article classes.
Although strictly seen all food-articles can be characterized as perishable, ‘perishable’ articles are in
this report defined as articles which pertain article classes with a relatively short prevalent shelf life
(THT) – less than two weeks. The non-food article classes are just typified as ‘non-food’ and,
logically, the other article classes as ‘other’ (food with a relatively long shelf life). Besides the
perishability, at a certain point in time, articles can also be classified as promotional or regular. Since
promotions introduce additional complexity to the analysis and redesign, it is accounted for when
necessary to prevent a bias in the analyses.

2.3 Research questions
As mentioned in the problem description – section 2.1 – the problem considered in this project is to
determine the cost saving potentials of the application of an installation stock policy with central
demand pooling and of an optimal multi-echelon inventory policy with respect to a regular
installation stock policy, given certain preconditions and taking into account the scope of the project.
In line with this problem, the main research question is formulated as:
What is the cost saving potential of the application of an installation stock policy with central
demand pooling among the scoped Sligro supply chain with respect to the application of a regular
installation stock policy and which cost saving potential still remains?
With installation stock policy is referred to a situation in which the inventory is controlled at each
stock point individually and independently. For the policy with central demand pooling, downstream (indirect) demand information is shared with the CDC to set its inventory levels, while for the
regular installation stock policy the CDC bases its inventory levels just on its own incoming demand.
The cost saving potential is defined as the possible reduction in inventory holding costs because of
lower inventory levels, while still achieving the desired service levels. The scope of the project – as
clarified in section 2.2 – is constantly taken into account when answering this research question.
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In order to be able to answer the main research question, four research sub-questions are
formulated:
1) What is the current Sligro inventory management situation?
2) What is the (theoretical) cost savings potential of the application of an installation stock
policy with central demand pooling?
3) What is the still remaining (theoretical) cost savings potential of the application of a
(near-)optimal multi-echelon inventory management policy?
4) How differs the cost saving potential among different article classes? In other words, which
demand and supply factors affect the potential cost savings?
To determine what the benefit of other inventory management policies can be, first the current as-is
situation should be known. Therefore, the first sub-question considers the functioning of the current
inventory management systems and the current inventory related performance in the scoped Sligro
supply chain. Then, an evaluation of the central demand pooling and (near-)optimal inventory
control scenarios as well as the evaluation of a regular installation stock scenario results into the
(theoretical) potential cost savings of the application of these two inventory control policies in the
Sligro supply chain. The last research sub-question considers the differences in the potential cost
savings among article classes and thus indicates for which article classes an application of another
inventory management system would be more worthwhile and for which less.
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3. Literature overview
In order to reflect the academic relevance of, and to provide some background to the problem
statement provided in chapter 2, this chapter gives a brief overview of the scientific literature on
(multi-echelon) inventory management related topics. First, general aspects related to inventory
management are explained. Afterwards, retail distribution systems are described and information
sharing among supply chain partners is discussed. Lastly, issues related to the implementation of a
new inventory control policy are briefly mentioned.

3.1 Inventory management aspects
This section briefly describes general reasons to hold inventory and mentions the relevant inventory
costs which should be considered when optimizing an inventory system. Moreover, frequently used
inventory management performance indicators are discussed. Lastly, two inventory management
perspectives are explained.

3.1.1 Incentives to hold inventory
A wide variety of reasons exists why retail companies hold inventories (Nahmias, 2009). First of all,
inventory can be held to be able to handle uncertainties related to demand, supply and/or lead
times, which is defined as safety stock. Even when a peak in the demand is foreseen, it can be
beneficial to build up inventory in advance because it helps to alleviate the disruptions caused by
peak demand. Furthermore, cycle inventory can be held because economies of scale may exist when
it is cheaper to order in larger batch sizes; or anticipation inventory is held to anticipate on an
expected future rise in the value and/or the cost of an article. Besides, pipeline inventory necessarily
exists when the transportation time between stock points is positive. Additionally, other constraints
on the logistic system, such as minimum order quantities, may require to hold more inventory.

3.1.2 Inventory costs
Although good reasons exist to hold inventory, holding inventory also incurs certain costs. Nahmias
(2009) explains three different inventory-related cost categories: holding costs, order costs and
penalty costs. Holding costs are the sum of all costs that are proportional to the amount of on-hand
inventory at any point in time. Holding costs include the costs related to physically store articles;
taxes and insurance costs; costs which are the result of breakage, deterioration and obsolescence;
and most important the opportunity costs of alternative investments. Order costs depend on the
amount of inventory that is ordered and can include a fixed setup cost component and a variable
cost component. Lastly, penalty costs (stock-out costs) are the costs of not having sufficient on-hand
inventory to satisfy a demand when it occurs. This cost category has of course another
interpretation depending on whether excess demand is back-ordered or lost. Reasonably, the higher
the average inventory level and related holding costs, the lower the order frequency and fixed order
costs, and the lower the expected number of stock outs and related costs. Indirectly related to how
inventory is controlled are also costs because of transportation, warehousing and in-store
operations, and execution of the inventory planning.

3.1.3 Inventory management performance
Since holding inventory is costly, several inventory management performance indicators exist. The
signals that a retailer can use to determine how well it manages its inventory include inventory
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turnover, inventory growth rate, and payables to inventory ratio (Gaur & Kesavan, 2009). However,
as mentioned above, the ultimate motive why retail companies invest in safety stocks is to be able to
handle uncertainties related to demand, supply and lead times. Doing this, companies (try to)
provide a certain service performance to its customers. Lagodimos (1992) presents three commonly
used service levels. The P1 service level is defined as the probability of not stocking out during a
replenishment cycle, referred to as the non-stock-out probability. The P2 service level is defined as
the proportion of demands that is filled from stock, also known as the fill rate. And the P 3 service
level is defined as the proportion of the time that the stock is positive, also known as the ready rate.
Usually, the ready rate is used to determine the performance of a retail company. The relationship
between these different service levels is not unambiguous; it strongly depends on the demand
process and the used replenishment policy how the different service levels are correlated.

3.1.4 Inventory management perspective
Inventory can be managed from a customer-service perspective or from a cost minimization
perspective. Managing inventory and calculating safety stock levels based on customer service
considerations is widely used in retail practice. In that case the target customer service level per
stage is not the result of some integral supply chain consideration, but the target customer service
level at each of the stages is set by local management based on their specific business objectives.
This target customer-service level acts as a constraint in the design of the supply chain and its
inventory control mechanism. Contrarily, managing inventory from a cost minimization perspective
means balancing cost and revenue. Customer service is taken into account by incorporating
backordering and/or lost sales costs or the objective is to maximize the customer-service level given
a certain budget constraint. To offer the consumer the same service level, the total supply chain
inventory with cost optimal control, will be lower than with the target service level approach (van
der Vlist, 2007). A useful inventory management strategy can also be based on a combination of
these two inventory control methodologies.

3.2 Inventory management at retail distribution systems
The inventory system under consideration in this project is a divergent or distribution system with
stochastic demand. In a distribution system, each stock point has at most one predecessor but can
have several successors. Typically, a retail distribution system has one central warehouse at the start
which is supplied by external suppliers and which directly or indirectly supplies to several retailers.
This section firstly explains some difficulties regarding inventory control. Subsequently, the supply
chain management (SCM) concept is explained, as well as the value of information sharing in a
supply chain and the impact of the bullwhip effect. Afterwards, the optimal control policy for a
distribution system is discussed. Lastly, the inventory positioning in a retail distribution system and
inventory allocation policies for a central warehouse are considered.

3.2.1 Inventory control difficulties
As already pointed out by Hadley and Whitin in 1963, all theory on inventory control is dedicated to
answering two fundamental questions: when to replenish the inventory, and how much
replenishment to order. In case of the central warehouse in a retail distribution system, Axsäter,
Marklund & Silver (2002) refer to these questions as the warehouse ordering problem. Related to
this problem is the allocation problem – how should the available inventory be allocated between
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the central warehouse and the retail stores and among the different retailers? Two difficulties
related to inventory control in retail distribution systems are lost sales and batch-ordering.
It is typical for a retail distribution system that customer demand is lost if it cannot instantaneously
be delivered to the customers from inventory on hand. However, in scientific literature limited
attention exists for lost sales systems because discrete-time inventory models with stochastic
demand, a constant lead-time and lost sales are notoriously difficult to optimize (Zipkin, 2008).
Important to keep in mind during the analysis and optimization phases of this project is that the
assumption that a lost sales system can simply be approximated by a backordering system if the
target fill rate is at least 95%, may lead to serious approximation errors (van Donselaar &
Broekmeulen, 2013). The safety stock is particularly overestimated if the relative demand
uncertainty during lead-time and review periods is small and/or the number of outstanding orders is
large.
Another difficulty related to inventory control which is normally the case in retail distribution
systems is batch-ordering. Batch-ordering policies are, in general, much more difficult to evaluate
and optimize than ‘one-for-one’ ordering policies since batches have a disturbing effect in divergent
supply chains (Axsäter, 2003). The use of (minimal) order quantities limits the possibility and the
effectiveness of allocation. Several different heuristic approaches are developed for the batchordering policy evaluation problem in distribution systems, such as METRIC type approximations and
disaggregation of warehouse orders (Axsäter, 2003).

3.2.2 Supply chain management
A natural response of companies to the complexity of multi-echelon supply chains, such as a retail
distribution centre, is to treat the various levels independently (Nahmias, 2009). Practitioners handle
upstream and downstream stock points even quite often in a similar way (Axsäter, 2003). However,
research indicates that a good inventory balance between the different levels in a distribution
system is rarely found by directly applying single-level (installation stock) approaches to multilevel
problems (Hausman & Candea, 1994). Therefore, the management of the flow of goods as an
integrated system channel is an important issue that arises in multi-echelon supply chains, which is
normally referred to as Supply Chain Management (SCM). Although SCM is a widely used and
discussed concept, not one unambiguous definition exists. The most general and simplest definition
appears on the Stanford Supply Chain Forum (1999) Website: “Supply chain management deals with
the management of materials, information and financial flows in a network consisting of suppliers,
manufacturers, distributors, and customers”. However, the more manageable definition of SimchiLevi et al. (1999) which merely focuses on the flow of goods is adopted for the purpose of this
project: “Supply chain management is a set of approaches utilized to efficiently integrate suppliers,
manufacturers, warehouses, and stores, so that merchandise is produced and distributed at the right
quantities, to the right locations, and at the right time, in order to minimize system wide costs while
satisfying service level requirements”. This definition is adopted because it mentions crucial aspects
of the integration of the entire product delivery system from suppliers of raw materials to the
distribution channels of finished goods and it includes the efficiency focus with an eye on service
level requirements.
The best way to integrate the inventory management of all parties in a supply chain is by
establishing a central control of the product flows within the chain. In the context of retail
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distribution systems, a decentralized control system can be defined as one where the receiving party
orders from the next higher echelon based on its local viewpoint and a central control system as one
where decisions upon deliveries are taken based on some system-wide viewpoint (van der Vlist,
2007). These systems can also sometimes referred to as “Pull” and “Push” systems, respectively.
From a supply chain perspective, decentralized systems never can be better than a correctly
implemented central system, due to the broader view across all downstream clients (e.g. de Kok
(2001)).

3.2.3 Information value
Information plays a key role in the management of a supply chain. The performance of a supply
chain depends critically on how its members coordinate their decisions and a prerequisite for good
coordination is information sharing (Chen F. , 2003). It has been recorded that by exchanging
information related to inventory level, forecasting data, and sales trend, companies can reduce their
cycle times, fulfil orders more quickly, reduce excess inventory and improve customer service
(Simchi-Levi & Zhao, 2003). A relatively simple way to take information into account is to base
replenishment decisions at a stock point based on the echelon stock instead of the installation stock
(Axsäter & Rosling, 1993). Chen (1998) conducted an extensive numerical study on 1.536 examples
of serial supply chains in which the relative cost difference between central and decentralized stock
policies is determined. His results show that the value (cost saving) of centralized demand
information ranges from 0% to 9% with an average of 1,75%. Furthermore, Cachon & Fisher (2000)
provide a model to quantify the value of downstream inventory information in a one-warehouse
multiretailer system. In a numerical study with 768 examples, they found that the systemwide
supply chain costs reduce on average 2,2% – with a maximum of 12% – in the full information
sharing-scenario where the warehouse has acces to the retailers’ inventory status on a real-time
basis and can therefore use more sophisticated rules for ordering and allocation. It should however
be noted that, even when all relevant information about a distribution system is centrally available
and all the concerns of management are reflected in the objective function, a multi-echelon policy
does not always outperform single-echelon installation policies. For distribution inventory systems
with a central warehouse and a number of retailers it is known that installation stock (R,Q)-policies
and echelon stock (R,Q)-policies may outperform each other under different assumptions (Axsäter &
Juntti, 1996) (Axsäter, 1997). This can also partly depend on managerial and organizational issues
(e.g. independent performance evaluation) when optimizing a system (Hausman & Erkip, 1994).
The above mentioned cost reductions are mainly the result of lower inventory levels and a smarter
positioning of the inventory over the supply chain. The lower inventory levels are partly caused by a
diminution of the bullwhip effect. Reasonably, one would expect that inventories serve as buffer and
smooth out the peaks and valleys of demand and in turn generate a relatively stable environment
for the production or supply of raw materials. Industry data, however, demonstrate the opposite
(Chen F. , 2003). The phenomenon where the replenishment orders generated by a stage in a supply
chain exhibit more volatility than the demand the stage faces is called the bullwhip effect (Lee,
Padmanabhan, & Whang, 1997). Causes of the bullwhip are demand signal processing, a rationing
game, order batching, and price variations (Lee, Padmanabhan, & Whang, 1997). When POS data is
shared with upstream locations in a supply chain, as is done in the installation stock policy with
central demand pooling, the variability in demand forecasts can be reduced which can result in
lower average inventory levels (Nahmias, 2009). Choudhury et al. (2008) argue, based on a
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simulation experiment, that the benefit due to the availability of real time inventory information
increases as the end item demand variance increases but decreases as the retail network grows.

3.2.4 Optimal control policies
Already in 1960, Clark & Scarf first introduced an optimal control policy for a serial multi-echelon
inventory system with periodic review. Diks & de Kok (1998) showed that the optimal control of a
divergent multi-echelon inventory system is to apply an order-up-to-policy at every stock point
(under the balance assumption). In general, however, an optimal policy for large-scale integrated
multi-echelon systems are quite complex and mostly even impossible to determine (Swaminathan &
Tayur, 2003). But the possibilities for efficient control of multi-echelon inventory systems have
increased substantially during the last four decades because of progress in research but even more
because of the highly improved technical possibilities of information technologies (Axsäter, 2003).
For simplicity of managerial authority, organizations control, and performance monitoring, multilevel supply chains are commonly decomposed and individual facilities are analysed under different
conditions (Hausman & Erkip, 1994). Then, optimization means that it is tried to coordinate the
resulting simple decision rules in the best possible centralized decision model.
Van Donselaar, de Kok & Rutten (1996) compared in their study the ‘fixed reorder level’
replenishment strategy and the ‘dynamic’ replenishment strategy – the optimal reorder quantity is
determined each period – for a lost sales environment. Both replenishment strategies determine the
target service level quite accurately; the best heuristic for the relatively simple fixed reorder level
strategy has an average error of 1.0%. However, the more sophisticated dynamic replenishment
strategy heuristics result into relatively smoother ordering patterns, which is especially beneficial to
the supplier, and less inventory is needed to obtain a given service level. This is the case because this
strategy aims for the same service level every period which leads to a varying inventory position over
time.

3.2.5 Inventory positioning
Determining how to allocate inventory in a multi-echelon distribution system between the DCs and
retail stores is an important strategic consideration which has a significant impact on the business
performance (Nahmias, 2009). Intuitively, it seems attractive to keep back some portion of the
inventory at the central warehouse because of variability pooling – the ability to react to changing
conditions at the stores. However, inventory held at the warehouse is not directly available to meet
customer demand and does not directly contribute to the offered service level. Therefore, the basic
challenge is to balance the efficiency of central inventories with the responsiveness of distributed
inventories so as to provide high system performance without excessive inventory investment (Hopp
& Spearman, 2008). Based on simulation experiments, Whybark & Yang (1996) conclude that for
different inventory control systems, shipment frequencies and overall amounts of inventory, the
positioning ratio that maximizes the final service level is higher than 0,8 and most often substantially
higher. Since the positioning ratio is defined as the ratio of the average inventory at the retail stores
to the average system-wide inventory, it seems beneficial to locate almost all inventory downstream
the system. However, it should be mentioned that if for a certain article a stock point has a relatively
long lead time, some extra safety stock is needed at that stock point (van der Vlist, 2007). The
downstream inventory positioning implies that the replenishment need between the warehouse and
the retail locations is less urgent than when more inventory is held centrally. Therefore, the internal
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service level from the warehouse to the downstream locations can be relatively low compared to
the desired external customer service level, while still achieving the desired customer service level.
An optimal internal service level even seems to exist because for lower internal service levels the
downstream locations are forced to raise their safety stocks while for higher internal service levels
the central warehouse is forced to hold more inventory (Diks, de Kok, & Lagodimos, 1996).
According to Axsäter (2003), the warehouse should even have a negative safety stock and the
warehouse fill rate for orders from the retailers should be just slightly above 50% when retailers are
required to provide a fill rate of 95%.

3.2.6 Inventory allocation
Several allocation rules are developed to distribute the still available inventory and new incoming
inventory, in case of a shortage situation. For simplicity, in the literature on multi-echelon inventory
control it is standard to assume that backorders at the warehouse are served according to the FCFS
policy, although this is normally not optimal (Axsäter, 2007). Alternatively, Eppen & Schrage (1981)
introduced the Fair Share (FS) rationing policy which aims to maintain all the end-stock points at a
balanced position (same non-stock-out probability). More general rationing rules are the
Appropriate Share (AS) rationing and the Consistent Appropriate Share (CAS) rationing for which any
demand distribution can be used and any service definition can be used with different target levels
among retailers and which aim to ensure predetermined target service levels at the retailers (de Kok,
Lagodimos, & Seidel, 1994). Another proposed allocation policy is Priority rationing for which
retailer’s demand is satisfied according to a certain sequence of retailers based on their priorities
(Lagodimos, 1992). McGravin, Schwarz & Ward (1993) show that for a retail distribution system the
optimal allocation policy is to balance the inventory at every allocation opportunity, i.e. to maximize
the lowest retailer-inventory position.
A phenomen which impacts the allocation evaluation is imbalance. Eppen & Schrage (1981) refer to
this phenomenon as not being able to achieve the targeted service levels at the end-stock points
because the inventories deviate from the average inventory at the final stage. Verrijdt and de Kok
(1996) generalize this definition by defining imbalance as the phenomenon where the rationing
policy of an intermediate stock point allocates a negative quantity to at least one of its successors.
Usually, to ease the analysis and optimization, in literature it assumed that such a negative allocation
is allowed; this is called the balance assumption. Van Donselaar (1990) shows that the impact of
imbalance is in most cases small for divergent systems. Doǧru, de Kok & van Houtum (2009) found
that for a distribution system with non-identical retailers a main determinant for a relatively great
impact of imbalance is a long warehouse lead time. Nevertheless, it can be stated that divergent
systems can be controlled efficiently with an integral control rule. According to Van der Heijden
(2000) the Balanced Stock rationing rule is developed to minimize the so called phenomenon of
imbalance.

3.3 Implementation
This project does not concern the actual implementation of another inventory management system
in (a part of) the Sligro supply chain. Nevertheless, a good implementation is crucial to the final
success (benefit) of a new inventory management system. Therefore, this section briefly sums up
some key finding regarding the actual implementation of inventory management policies.
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De Kok & Graves (2003) state that the extensive application of inventory models in practice since
1985 has revealed that the majority of used formulas yield quantitatively invalid results, as they are
based on assumptions that are not valid in practice. This implies that users of inventory
management systems actually experience service levels which (highly) deviate from the targeted
service levels. Because of limitations and constraints of reality, it is hardly possible to fully
implement the ideal optimal situation. Therefore, it is highly important to convert the stylized,
optimal integrated inventory policy into a feasible and workable (sub-optimal) control policy.
Besides, responsible managers find it quite difficult and risky to replace an existing simple inventory
management system by a relatively advanced multi-echelon system. Therefore, Axsäter (2003)
claims that it may be appropriate to implement a new multi-echelon technique first for a small
number of representative items and/or stock points and then slowly improve it and apply it on more
items and stock points.
System inadequacy can also arise because of poor implementation (van Donselaar, Gaur, Woensel,
Broekmeulen, & Fransoo, 2010). The full capability of inventory management systems may not be
harnessed because it takes effort and process discipline to maintain them. Furthermore, van
Donselaar et al. (2010) found that retail store managers may not follow order advices generated by
an automated inventory replenishment system if their incentives differ from the cost-minimization
objective of the system or if they perceive the system to be suboptimal. This finding can possibly also
be extended to inventory managers at DCs and for example BSs. They care more about product
availability and labour capacity requirements. Using orders, shipments, and point-of-sale data for
19,417 item–store combinations over five stores, they show that (i) store managers consistently
modify automated order advices by advancing orders from peak to nonpeak days, and (ii) this
behaviour is explained significantly by article characteristics such as case pack size relative to
average demand per item, net shelf space, article variety, demand uncertainty, and seasonality
error. Although generally adaptations to the (optimal) order advice result into sub-optimal
replenishment decisions, store managers can possibly also improve the automated order advices by
incorporating two ignored factors: in-store handling costs and sales improvement potential through
better in-stock (van Donselaar, Gaur, Woensel, Broekmeulen, & Fransoo, 2010). Typically, handling
workload costs in a supermarket store are larger than inventory holding costs (van Zelst, van
Donselaar, Van Woensel, Broekmeulen, & Fransoo, 2009).

3.4 Research contribution
Although current project is not expected to provide new scientific insights on multi-echelon
inventory management, it can be seen as a prime case study on the evaluation of theoretical
inventory management concepts applied on a real, complex supply chain. Besides, it is determined
which factors that do affect the required inventory levels, also have an impact on the relative
difference in the required inventory levels between different scenarios. In other words, which
factor(s) affect the (relative) potential inventory investment reduction and inventory cost saving
potentials in the Sligro supply chain. No particular literature was found considering this relationship.
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4. Problem analysis
The second step of the regulative cycle, as presented in section 1.3, partly encompasses a thorough
explorative analysis of the current situation which serves as starting point for the diagnosis. Firstly,
this chapter briefly describes the inventory management systems currently used at Sligro. Secondly,
the degree of adaptation of the order advices generated by the current inventory management
systems is analysed. Lastly, the results of the as-is performance analysis are presented and
explained.
From here on, the term stock-keeping unit (SKU) is used instead of article, since the same article can
be available in multiple packages and/or case pack sizes which should be distinguished from each
other. Although the frequently used definition by Silver, Pyke & Peterson (1998) distinguishes SKUs
also on location, the definition of an SKU adopted in this report is ‘an item of stock that is completely
specified as to function, style, size, colour’.

4.1 Inventory management systems
As explained in the introduction section 1.2.2, two inventory management systems are currently
used in the Sligro supply chain: ABS (Automated Ordering System) and Slim4. ABS is an internally
developed, relatively simple, inventory management system which is used at (and in between)
almost all stock points within the Sligro supply chain. Only for the inventory management at the CDC
and for the order flows between the CDC and external suppliers Slim4 is used. Slim4 is an externally
developed, more sophisticated, service level-driven inventory management system. The exact
functioning of both ABS and Slim4 is extensively explained in Appendix C.
Since ABS is designed to merely include demand and inventory information with respect to a local
stock point to take a replenishment decision and because Slim4 is currently not set to use
downstream inventory and demand information, it turns out to be that a forecast-driven installation
stock policy is applied at all stock points within the Sligro supply chain. In other words,
replenishment decisions are made for each stock point in isolation, i.e. without considering the
states of the other nodes in the supply network. Based on the literature review above, it can be
expected that information sharing in the Sligro supply chain can result into a lower supply chain wide
inventory level and into a more appropriate inventory positioning over the supply chain, which
results into lower inventory costs.

4.2 Order advice adaptation
The current supply chain performance of Sligro does not merely result from an autonomously
functioning of ABS and Slim4. Manual order advice adaptations by inventory managers distort the
intended functioning of ABS and Slim4 and thereby also affect the performance. Therefore, it is
checked how often the actual placed orders deviate from the generated order advices. Table 1
shows the percentages orders which deviate from the order advices, per stock point (type) and per
SKU type (Non-food/Perishable/Other). The Order advice adaptation section in Appendix D describes
how these percentages are derived from the original data.
On average, the inventory managers at the RDCs and BSs adapt around 16% of their ABS order
advices. However, the degree of order advice adaptation greatly varies among the different stock
points; BS Den Haag and BS Gilze merely adapt less than 10% of their order advices, while BS
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Barendrecht adapts almost 30%. Besides, great differences can be observed between the three SKU
types. While the order advices of the non-perishable article classes are, on average, adapted just
10%, more than 40% of the order advices of the perishable SKUs are adapted. It should however be
noted that the BSs and RDCs, but also the different stock points of the same type, cannot mutually
be compared without notion since they all face different demand characteristics and inventory
restrictions. BS Barendrecht, for instance, has a limited storage capacity and a significant part of its
demand comes from the shipping industry and is therefore quite capricious and unpredictable. As a
comparison with the down-stream stock points, at the CDC, on average, around 36% of the order
advices generated by Slim4 are manually adapted. Although this seems quite much, many order
advice adaptations probably result from agreed supplier (multiple-item) conditions such as minimal
order quantities (MOQs), incremental order quantities (IOQs) or full truck loads which are not
automatically incorporated in the order advices. Indicatively, it appears that 31% of the order
advices are increased, while merely 5% of the order advices are decreased. Remarkably, in contrast
to the RDCs and BSs, relatively few order advices of perishable SKUs are adapted; the non-food and
other article classes are adapted roughly twice as much while Slim4 is actually not designed for the
inventory management of perishable SKUs. Concluding, on average, quite many order advices are
manually adapted by the inventory managers at both the CDC as well as at the BSs and RDCs, and
therefore the actual performance possibly significantly deviates from the performance which would
have been realized when the inventory management systems would have operated autonomously.

BS DRACHTEN

BS AMSTERDAM

BS VENRAY

BS ENSCHEDE

BS NIEUWEGEIN

BS DEN HAAG

BS BARENDRECHT

BS GILZE

RDC KAPELLE

RDC PUTTEN

BSs

RDCs

RDCs & BSs (ABS)

CDC (Slim4)

Non-food

17%

11%

14%

5%

10%

1%

20%

1%

18%

22%

7%

19%

8%

36%

Perishable

47%

38%

35%

35%

56%

34%

58%

40%

55%

50%

43%

53%

43%

19%

Other

16%

16%

14%

8%

13%

4%

24%

3%

13%

12%

11%

12%

12%

43%

Total

22%

19%

18%

12%

20%

7%

29%

9%

15%

14%

16%

15%

16%

36%

Table 1: Percentages adapted order advices (BSs and RDC: 2013; CDC: March 2013)

As already noted above, relatively high degrees of order advice adaptations conceal the
performance which would have been achieved when the inventory management systems functioned
autonomously because order advice adaptations can affect the performance and (inventory) costs
positively but also negatively. If an inventory management system incidentally generates an order
advice of which an inventory manager on forehand knows that this amount is insufficient to fulfil
demand in the coming period, or contrary, that this amount probably causes a surplus, the inventory
manager can correctly intervene in the replenishment process. However, it also appears to be the
case that inventory managers adapt order advices of certain SKUs structurally because of incorrectly
set system parameters and/or without discernibly logical reasons. Moreover, as found by Van
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Donselaar et al. (2010), retail store managers may not follow order advices generated by an
automated inventory replenishment system if their incentives differ from the cost-minimization
objective of the inventory management system or if they perceive the system to be suboptimal.
Thus, many order advice adaptations complicate the diagnosis of a problematic functioning
inventory management system. Since the considerations underlying the manual order adaptations
are not known, no general conclusion can be drawn about the effect of the order advice adaptations
on the supply chain performance. Nevertheless, as an indication it is still interesting to correlate the
customer fill rates and number of inventory weeks performance measures to the degree of order
advice adaptation, as is illustrated, explored and elucidated in appendix F.

4.3 Current performance
A crucial part of the problem analysis consists of the determination of the current values of the
inventory related performance measures per SKU and per stock point (over 2013) since these serve
as input for the subsequent diagnosis. The values of the key measures of the problem-scope are –
per stock point type and in total – summed up in Table 2. Moreover, the service levels per item
stream, the volume of the streams from the CDC and the average total inventories at the different
stock point types are graphically represented in Figure 4. These key figures provide insight in the
current baseline situation and ultimately possibly also indicate problems in the Sligro supply chain.
How all the different measures are derived from the original data sets, is described in the Current
performance analysis section in Appendix D.

Data analysis results

CDC

RDCs

BSs

Total

# in-scope SKUs

11.449

1.310

10.472

11.449

# items ordered at CDC

12.956.241

43.281.916

56.238.157

# items delivered from
CDC

12.447.366

41.779.942

54.227.308

Received service level

93,5%

96,1%

96,5%

Delivered service level

96,4%

92,2%

98,7%

€ 36.218.929

€ 265.278.454

€ 301.497.384

Value stream from CDC
Average on-hand
inventory (# items)

6.447.657

607.430

2.129.129

9.184.216

Average on-hand
inventory (€)

€ 29.308.428

€ 1.584.183

€ 14.153.248

€ 45.045.860

Average on-hand
inventory (weeks)

4,2

3,8

3,9

8,0

Inventory weeks ratio

52%

Holding costs

€ 3.517.011

48%
€ 190.102

Table 2: Key figures 2013 problem scope
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€ 1.698.390

€ 5.405.503

In total, 11.449 different SKUs are in-scope of this project, of which 1.310 SKUs are in the assortment
of the RDCs and 10.472 SKUs in the assortment of the BSs. For the RDCs, this is in number of SKUs
and in value merely roughly 10% of the entire assortment; while for the BSs it constitutes almost
35% of the entire assortment and represents 70% of the total sales value. The number of items
ordered at and delivered from the CDC and the value stream from the CDC presented in Table 2 are
the total amounts in 2013 per stock point type (RDCs and BSs). As can be seen, the volume of the
item stream to the BSs is more than three times as large as the item stream to the RDCs; while its
value is more than seven times as large. These ratios between the BSs and RDCs are graphically
depicted in Figure 17 in Appendix E. Furthermore, Figure 18 in Appendix E shows the histograms of
the number of items ordered and delivered per SKU.

Figure 4: Key measures problem scope (2013)

The service levels in Table 2 represent fill rates – the ratios between the ordered and on-time
delivered numbers of items. The incoming service level of 93,5% from the suppliers to the CDC
results from the multiplication of the percentage orders which is delivered on-time of 97,7% and the
percentage actual delivered order amounts of 95,7%. Thus, 4,3% of the ordered SKUs is not
delivered at all, while 2,3% of the ordered SKUs is received with a certain delay.
As can also be seen in Figure 4, the 98,7% service level offered to BS customers is remarkably high. In
contrast, the service level offered at the RDCs equals just 92,2%. However, this is not considered to
be problematic because it is just an internal service level; the actual service is offered at the EMTÉstores. As mentioned before, Verschure (2013) showed that the EMTÉ-stores still achieve an
acceptable average ready-rate of 97,8%. Probably, this internal service level from the RDCs to the
EMTÉs can even be lower while still delivering the same service at the EMTÉ-stores. Probably the
same holds for the service levels from the CDC to the BSs and RDCs, which equal around 96%. The
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correlation between the received and delivered service levels per article class is graphically
represented in Figure 20 in Appendix E for both the BSs and RDCs.
The average on-hand inventories represented in Table 2 are expressed in number of items, euros
and number of inventory weeks. On average, in total more than 45 million euros are invested in
inventories of the in-scope SKUs. However, it should be noted that the inventory at the CDC is for
some SKUs also available for the ZBs and/or Van Hoeckel and can therefore cause a distorted picture
of the actual inventory available for the in-scope stock points. Although no inventory at the CDC is
specifically assigned to a certain (type of) downstream stock point, if the CDC inventory is distributed
based on its relative sales amount, the average CDC inventory available for only the BSs and RDCs
equals 16,4 million euros. These inventory amounts correspond to an average of eight weeks of
inventory held in the Sligro supply chain. Looking at the distribution of the in-scope inventory among
the Sligro chain, it turns out that 48% of the inventory is located downstream and the other 52%
upstream at the CDC – based on the number of inventory weeks. Therefore, it can be concluded that
relatively much inventory is held at the CDC, while this does not directly contribute to the service
offered to the customers. The distribution of the inventory weeks among the SKUs is graphically
shown in the histograms in Figure 19 in Appendix E. In the scatterplots in Figure 21 in Appendix E can
be seen that the offered service levels per article class do hardly depend on the average total
inventory weeks.
Lastly, the holding costs are calculated based on the average on-hand inventories and an interest
rate of 12% per year (this rate is substantiated in section 5.1.4.1). This results into over five million
euros of capital costs per year for the in-scope SKUs and in-scope stock points.
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5. Research design
The second step of the regulative cycle as presented in section 1.3 partly encompasses the diagnosis
of the current problematic situation on which the solution design will be based. As stated in the
problem description (section 2.1), the current project has the aim to verify whether the application
of an installation stock policy with central demand pooling in the Sligro supply chain results into a
more appropriate inventory positioning – and thus less inventory costs – compared to the
application of a regular installation stock policy, and what (theoretically) the additional cost saving
potential is of the application of an optimal multi-echelon inventory policy. Moreover, a cost saving
potential classification has to be determined based on SKU demand and supply characteristics. This
chapter describes the design of the research which should result into this solution design.
The description of the research design is structured as follows: first the modelling of the Sligro
supply chain is described based on which the different scenarios are evaluated. Subsequently, the
different scenarios are elucidated and the tools which are used to evaluate the different scenarios
are introduced. Then, the used data set is briefly discussed and the model validation is exemplified.
Lastly, the methodology is explained according to which the cost saving potentials of the installation
stock policy with central demand pooling and the multi-echelon inventory policy are derived and
according to which the potential cost savings classification is made up.

5.1 Modelling
In order to be able to evaluate the performance of the regular and demand pooling installation stock
scenarios and the optimal multi-echelon scenario, a model of the actual scoped Sligro supply chain is
constructed. Firstly is clarified why the Sligro supply chain is further broken down into two parts.
Secondly, the objective function of and the constraints to the evaluation of the different scenarios
are formulated. Finally, consecutively the input variables and output measures of the Sligro supply
chain evaluation are elucidated.

5.1.1 Supply chain breakdown
The scoped Sligro supply chain, as depicted in section 2.2, is for the sake of this research further
broken down into two separate supply chain parts, as illustrated in Figure 5. One part consists of the
CDC and all BSs and another part comprises the CDC and both RDCs. In other words, the CDC is
actually split into two parts which serve each supply chain part with own reserved inventories.
The reason to evaluate these two supply chains parts separately is twofold. First, it provides a costs
saving potential per supply chain part and thus it provides the opportunity to consider a possible
implementation of an integrated inventory management system for both the retail chain and BSchain separately. Secondly, if the scoped supply chain was evaluated as a whole, the difference in
demand characteristics between the RDCs and BSs for a certain SKU would have complicated and
distorted the evaluation. The relatively large difference in the demand levels between the RDCs and
BSs greatly impacts the allocation decision at the CDC and reduces the ability to maintain downstream stock points at the same stock-out probability which makes the balance assumption less
plausible.

22

Figure 5: Research supply chain

5.1.2 Objective function
As stated before in the problem description (section 2.1) the current project has the aim to identify
the cost saving potentials of the application of an installation stock policy with central demand
pooling and an optimal multi-echelon inventory policy in the Sligro supply chain, compared to the
application of a regular installation stock policy. The cost saving potentials equal the difference in
inventory holding costs between the different scenarios. To determine the inventory holding costs of
the different scenarios, an optimal functioning of the inventory control policies is assumed. In other
words, the inventory holding costs are minimized given the inventory control policy and the values
of the required input variables.
The objective function (1) and the constraints (2) below give a formal mathematical formulation of
the optimization problem per scenario. As can be seen, the objective of the evaluation of each
inventory policy is to minimize the sum of the total inventory holding costs over all in-scope stock
points and SKUs. This implies that for each scenario an optimal functioning of the inventory control
policies is assumed; the inventory reorder levels are set optimally such that they result in the lowest
(average) inventory levels. Thus, the (average) inventory levels – of all SKUs at all stock points –
implicitly are the decision variables in this problem. The only self-imposed constraints to the
optimization problem are the target customer fill rate inequalities, and for the installation stock
policies also the internal fill rate inequalities.

23

𝑶𝒃𝒋𝒆𝒄𝒕𝒊𝒗𝒆:
𝑴𝒊𝒏𝒊𝒎𝒊𝒛𝒆 ∑ (𝑰𝒏𝒗𝒆𝒏𝒕𝒐𝒓𝒚 𝒉𝒐𝒍𝒅𝒊𝒏𝒈 𝒄𝒐𝒔𝒕𝒔)𝒌
𝑺𝒖𝒃𝒋𝒆𝒄𝒕𝒆𝒅 𝒕𝒐: 𝑻𝒂𝒓𝒈𝒆𝒕 𝒄𝒖𝒔𝒕𝒐𝒎𝒆𝒓 𝒇𝒊𝒍𝒍 𝒓𝒂𝒕𝒆 𝒇𝒓𝒐𝒎 𝒋 ≥ 𝒚𝑻𝑪𝑭𝑹
𝒋

1
2

𝒚𝑰𝑭𝑹
𝒋

𝑰𝒏𝒕𝒆𝒓𝒏𝒂𝒍 𝒇𝒊𝒍𝒍 𝒓𝒂𝒕𝒆 𝒕𝒐 𝒋 ≥
𝒋 ∈ (𝒂𝒍𝒍 𝑩𝑺𝒔⁄𝑹𝑫𝑪𝒔 ); 𝒌 ∈ {𝒋, 𝑪𝑫𝑪}
𝒚.𝒋 ≥ 𝟎; 𝒚𝑻𝑪𝑭𝑹
≤ 𝟏; 𝒚𝑰𝑭𝑹
≤𝟏
𝒋
𝒋

5.1.3 Input variables
Besides to the constraints (2) to the optimization problem, the inventory holding costs per SKU-stock
point combination depend on other factors which serve as input variables for the evaluation of the
different scenarios. Successively, the (target) fill rates, review periods, lead times, (minimum) order
quantities, and demand characteristics are discussed below. These input variables and the fill rates
are explained below and the determination of the parameter values is discussed.

5.1.3.1 Fill rates
In this project, the service level is viewed as a constraint to the inventory system rather than an
objective – the holding costs constitute the objective function. As already mentioned in section 4.3,
the service level of main interest for Sligro is the fill rate offered to its final customers. In the scope
of this project, merely at the BSs direct service is provided to the final customer; the RDCs just
supply the self-owned EMTÉ retail stores. In consultation with the headmen of the inventory
management of Sligro, for the BSs a target service level is set which equals 98,5%. Although no real
target service level is – and should be – defined for the RDCs, for the purpose of this project, the
currently achieved (and unconsciously pursued) average fill rate of 92,2% is set as target for the
RDCs. It has been proven that with this incoming service level the EMTÉ stores are able to offer a
satisfactory service to the final customers (Verschure, 2013). However, since the inventory
management headmen are not completely convinced that 98,5% is THE best target service level to
pursue for the BSs and because the service level of 92,2% at the RDCs can possibly even be lowered
without harming the service level of the EMTÉ stores, also sensitivity analyses are performed to
determine the impact of a change in the target service level on the inventory holding costs.
Theoretically, an optimal internal fill rate can even be found for the installation stock situations
through an iterative process.
For the evaluation of the multi-echelon scenario, the target service levels for the final stages in the
Sligro supply chain are sufficient. However, to evaluate the installation stock policies, also internal
target service levels from the CDC to the BSs and RDCs should be defined. However, as for the target
service level at the RDCs, for these internal service levels also holds that no real target exists because
merely the service offered to the final customer is of interest. Nevertheless, to evaluate the
installation stock policies, target values should be defined. Therefore, for the same reasons as for
the RDCs, for the purpose of this project the currently achieved average fill rates of 96,5% and 96,1%
are pursued to the BSs and RDCs respectively. Also for these target service levels sensitivity analyses
are performed in order to determine the impact on the inventory holding costs.
The RDC target fill rate and the CDC target fill rates to the RDCs and BSs are just average realized fill
rates over all stock points and all SKUs. Nevertheless, these target fill rates are pursued per SKU and
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per stock point since the actual fill rates realized per stock point and per SKU do not logically result
into better performance. Besides, the target fill rate for the BSs is also set for each BS and each SKU
separately and not as aggregate target. In reality, however, this rough target does not apply to each
SKU and strongly depends on the characteristics of the customer(s).
Since the tools used to evaluate the different scenarios, which are introduced in the next section 5.3,
do not provide the possibility to input a value for the incoming service level but do provide the
possibility to characterize the incoming lead time, the incoming service level per stock point (and for
the CDC also per SKU) is used to determine the two moments of the lead time. In this way, the
incomplete supply is still incorporated in the evaluation of the different scenarios. How this is
precisely done, is explained in the lead time section.

5.1.3.2 Review periods
The length of the review period affects the required inventory level since it impact the amount of
demand that has to be covered between two review moments and thus in between two potential
delivery moments. At the CDC as well as at the BSs and RDCs, fixed (average) review periods are
derived from the number of order moments per week, as explained in the input data preparation
section in Appendix D.

5.1.3.3 Lead times
Another factor which greatly impacts a replenishment policy is the incoming lead time of a stock
point, and especially its variation. The greater the average lead time and the greater the variation of
the lead time, the greater the variation of the demand during the lead time and the more safety
stock is needed to cover the period between a review moment and the (potential) delivery moment.
The external lead time from a supplier to the CDC is currently characterized as a contractually
agreed, constant value. In practice, however, orders are not always fully delivered on-time. It occurs
that the delivered quantity is less than the ordered quantity and/or that an order is delivered with
some delay with respect to the agreed lead time. In order to determine the average lead time and
variation of the lead time per SKU, a relatively simple (approximate) model is proposed, as stated at
equation 3. On the left side of the formula, the different values of the lead time (𝑙𝑖 ) are presented
with on the right side the corresponding probabilities (𝑤𝑖 ). The agreed-on lead time, logically, is
realized with a probability equal to the actual fill rate (𝑝2 ). The actual fill rate is, in fact, a
multiplication of the percentage orders delivered on-time (𝑝𝑂𝑇 ) and the average percentage of an
order amount which is actually delivered (𝑝′2 ). Inevitably, a percentage of (1 − 𝑝𝑂𝑇 ) ∗ 𝑝′2 of the
ordered items is delivered with some delay. For the sake of simplicity of the model and the limited
data availability, just an average delay (𝑑̅) per SKU is used instead of an empirical distribution to
determine the two lead time moments. For the remaining (1 − 𝑝′2 ) percent of the ordered amounts
that are not delivered at all, it is assumed that this demand is ordered again the next order moment
(after review period R) and fully delivered the next (potential) delivery moment. Although in practice
a new order is generated for this fraction of the demand which is probably largely fulfilled on-time,
the actual demand still originates from the order moment before and thus the extended lead time
actually equals R+L. Since an extended lead time of R+L is used in this model, it is implicitly assumed
that the supplier is certainly able to deliver the shortage the next delivery moment. In practice,
however, it occurs that a supplier has structural production or inventory problems and is therefore
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unable to deliver multiple consecutive periods. But again for the sake of simplicity, and because the
Sligro does generally not hold inventories to anticipate on structural supply distortions, it is assumed
that a supplier can deliver the shortage in full the next delivery moment.

𝑳𝒆𝒂𝒅𝒕𝒊𝒎𝒆(𝒔𝒖𝒑𝒑𝒍𝒊𝒆𝒓 − 𝑪𝑫𝑪) =

𝑳

𝒑𝟐 = 𝒑𝑶𝑻 ∗ 𝒑′𝟐

̅
𝑳+𝒅

(𝟏 − 𝒑𝑶𝑻 ) ∗ 𝒑′𝟐

{𝑹 + 𝑳

3

𝟏 − 𝒑′𝟐

How the values of the contractual lead time, average delay, on-time delivery probability, and
delivery percentage are determined per SKU, is described in the input data preparation section in
Appendix D.
Given the lead time values (𝑙𝑖 ) with the corresponding probabilities (𝑤𝑖 ), the expected lead time
𝐸[𝐿] and the variance of the lead time 𝑣𝑎𝑟[𝐿] are calculated with the formulae 4 and 5 respectively.
𝑬[𝑳] = ∑𝒏𝒊=𝟏(𝒘𝒊 ∗ 𝒍𝒊 )

4

𝒗𝒂𝒓[𝑳] = ∑𝒏𝒊=𝟏(𝒘𝒊 ∗ (𝒍𝒊 − 𝑬[𝑳])𝟐 ) = ∑𝒏𝒊=𝟏(𝒘𝒊 ∗ 𝒍𝒊 𝟐 ) − 𝑬[𝑳]𝟐

5

The internal lead time between the CDC and the BSs and RDCs can be considered as fixed in terms of
days. If orders are placed at a certain day (before 22:00), these are normally delivered two workdays
later in the course of the day (A-for-C). However, as stated before, orders are not always fully
delivered. A fraction of (1 − 𝑝2 ) of the ordered amounts are not delivered. Although practically the
shortage has to be ordered again the next order moment, the internal delivery situation can be
considered as a backordering situation since only the actual ‘internal sales’ are considered as
demand. Assuming that there is no lack of inventory at the CDC, the remaining fraction of the order
can be delivered after R+L. In practice, however, it occasionally occurs that the CDC is unable to
satisfy incoming demand multiple consecutive periods because of a lack of supply from the supplier
and the lead time is even longer. But this rarely happens and if it happens, it is unclear to give a
precise expectation of the duration. Besides, as the CDC, the BSs and RDCs do not hold extra safety
stock to anticipate on a structural supply problem. Therefore, R+L is chosen as reasonable
approximate extension of the extended lead time in case of partial delivery. Equation 6 gives the
lead time formula for the lead time to the BSs and RDCs.
𝑳=𝟐

𝒑𝟐

𝑳𝒆𝒂𝒅𝒕𝒊𝒎𝒆(𝑪𝑫𝑪 − 𝑩𝑺𝒔/𝑹𝑫𝑪𝒔) = {

6
𝑹+𝑳=𝑹+𝟐

𝟏 − 𝒑𝟐

The review period is determined per SKU, as explained in Appendix D. The fill rate, on the other
hand, is not determined per SKU but for each SKU the average current fill rate is used – 0,965 for the
BS orders and 0,961 for the RDC orders (other values for the sensitivity analyses). The average
service level over all in-scope SKUs is used because this value is also (initially) set as target for the
CDC installation stocks policies. Formulae 4 and 5 are again used to determine the expected lead
time 𝐸[𝐿] and the variance of the lead time 𝑣𝑎𝑟[𝐿].
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It should be noted that the lead time models (3 and 6) are highly simplified representations of reality
and do not provide reliable results. For the external lead time, it would have been an option to
derive an empirical or theoretical distribution of the delay and include this in the calculation of the
two lead time moments. However, not enough data was available to derive representative
distributions. For the internal lead time, it is on forehand impossible to come up with a
representative distribution because the internal lead time depends on the supply from the CDC
which also depends on the new inventory control policy. Notwithstanding, the used lead time
models provide a good opportunity to include the incoming service levels in the evaluations and give
valuable indications of the impact of the internal service levels and lead time variances on the
inventory levels. Moreover, the bias as a result of the simplicity of the models affects all three
scenarios and thus is the impact on the difference in the required inventory levels between different
scenarios expected to be small.
Another lead time type which does not directly influence the on-hand stock and related costs but
impact the processing of the incoming demand, is the customer order lead time. Although both the
BS customers and the EMTÉ retail stores are generally served according to the A-before-B principle
(orders are delivered the next day), no customer order lead time is assumed in the different
scenarios. This can be justified by the fact that incoming demand is immediately processed and
orders could be picked just thereafter. Thus, for the BSs and RDCs the customer order lead time does
not constitute a kind of slack time.

5.1.3.4 MOQs / Qs
Other factors that are considered which have an enhancing effect on the size of the replenishment
orders and thus the (average) inventory levels, are the MOQ and fixed order quantity Q. With all
outside suppliers and for each SKU, a MOQ and a Q are specified. However, for more than 88% of
the in-scope SKUs, these external MOQ and Q are equal which implies that practically only the Q is
of interest.
Internally, for the RDCs and BSs, a parameter called “order by” (“bestellen per”) is specified per SKU
which defines in which quantities ABS generates its order advice. However, since these parameter
values are self-imposed without a clear underlying logic and inventory managers at the BSs and RDCs
do still have, and frequently use, the freedom to order each SKU in an amount which deviates from
the “order by” value, these values are not considered as strict order quantities. Thus, internally,
apparently no MOQs and Qs exist. However, when ignoring the “order by” values, the expected
beneficial effect of aggregate forecasting at the CDC in the demand pooling installation stock policy
would be strongly reduced while in reality (when there are order quantities) the effect would
probably be much larger. Therefore, though it is decided to include the actual variance of the
incoming CDC demand in the scenario evaluations instead of the variance of the orders generated by
the (R,S)-policies at the BSs or RDCs.

5.1.3.5 Demand patterns
The demand pattern of a SKU constitutes the last input for the evaluation of the different inventory
control policies. Although historical demand is made up by a time series, for the sake of simplicity of
the analysis the demand for a SKU at a certain stock point is just indicated by its two moments
(mean and standard deviation) and a theoretical demand distribution. Besides, stationary and non-
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seasonal demand is assumed, notwithstanding that ignoring non-stationarity and yearly seasonality
in the demand data can have a significant biasing effect on the evaluation and its results. For
example, Graves (1999) shows that dramatically more safety stock is required when demand is nonstationary in comparison with a theoretical case of stationary demand. It would have been possible
to evaluate different seasons of a seasonal SKU by simply evaluating the periods with different
demand levels separately. However, since only one-year data is available, it is impossible to
statistically identify yearly seasonality in the demand series per SKU and define the different
seasons. It is considered to use the current Slim4 seasonality test statistic. However, these are only
available for the CDC which would imply that for each seasonal SKU per BS and RDC the seasonal
period had to be determined manually – and which criterion should be used to determine the length
of the different seasons? Therefore, perforce it is decided to also ignore seasonality in the
evaluation.
The demand at the BSs and RDCs is based on the actual ordered amounts, while the incoming
demand at the CDC is derived from the actual delivered order quantities by the CDC to the BSs
and/or RDCs. How the two moments of the demand per SKU and stock point are exactly calculated is
explained in the input data preparation section Appendix D.
Demand distribution
A discrete demand distribution reflects the actual demand most precisely because SKUs are sold in
whole units. However, much literature suggests that the gamma probability distribution is also
capable of adequately describing the demand characteristics of most typical inventory items
(Snyder, 1984). Instead of just relying on the normal distribution and negative exponential
distribution to represent the demand for fast and slow moving items respectively, the gamma
distribution is able to encompass both former distributions as special cases but also covers the gaps
left by them. When KPI’s are determined using a continuous demand model, such as the gamma
distribution, while in reality demand is discrete, Zipkin (2000) suggests to correct the reorder level
with 0,5 in the formulas for continuous demand models.
OOS situation
As already mentioned in section 2.2, excess internal demand at the CDC and RDCs as well as
customer demand at the BSs can be considered as lost sales since no backorders can be placed at
the Sligro stock points. However, because for the CDC actual (average) fulfilled demand is used for
the evaluation of the installation stock policies instead of the actual demand, a backordering
situation is assumed for the sake of the evaluation. Moreover, in the scenario-evaluations a
backordering situation is also assumed for the RDCs and BSs for the sake of comparability of the
different scenarios. As explained in section 5.3, the ChainScope tool merely provides the possibility
to evaluate backordering situations. Therefore, it is decided to assume a backordering situation for
the evaluation of all scenarios such that the results can be compared as fair as possible.
Van Donselaar & Broeukmeulen (2013) found that the evaluation of a backordering situation in case
of a lost sales situation may lead to serious approximation errors, especially for relative small
demand uncertainty during lead-time and review periods is and/or a large number of outstanding
orders. However, all three scenarios are biased to the same extent and therefore the impact on the
cost saving potentials between the different scenarios is expected to be acceptably small. Moreover,
the required inventory levels given a certain target fill rate are higher in a backordering situation
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than in a lost sales situation and therefore the inventory levels are actually overestimated,
compared to the real situation, and the resulting cost savings potential of the application of an
optimal multi-echelon inventory policy underestimated. Thus, approximating a lost sales system with
a backordering system result into conservative results.
Demand variance correction due to forecasting
Demand forecasting and stock control are traditionally examined as independent of each other;
most research on inventory management ignores forecasting and simply assumes that the
distribution of demand and all its parameters are known. Nevertheless, it is important to understand
the interaction between both because forecast errors can seriously distort projections of customer
service (Syntetos & Boylan, 2008). The performance of an inventory policy depends on the quality of
the demand forecast since the decision parameters of the inventory policy are based on an
estimated demand distribution obtained from the results of the forecast procedure. Various
research projects have demonstrated that the substitution of the true moments of a demand
distribution with estimates leads to an inevitable loss of performance (Strijbosch, Moors, & de Kok,
1997). Since inventory management systems (such as ABS and Slim4) usually base their
replenishment decisions on a demand forecast instead of the (real) two moments of the demand,
implicitly, the level and standard deviation of the actual demand are also estimated based on a
limited data history.
The loss of performance due to substituting parameter estimates for the (unknown) true moments
of the demand distribution can be accounted for by upgrading the desired service level a little, which
is of course only feasible when this loss is more or less constant under varying circumstances
(Strijbosch, Heuts, & van der Schoot, 2000). Van Donselaar (1990) proposes a formula which gives a
rough approximation for the target service level β which should be set when an actual service level
of α has to be reached. However, the service level in this study was defined as the percentage of
periods that demand can be met instantaneously from the inventory on-hand (P3 measure). It turned
out that this formula does not reveal satisfactory results for the P2 service level, as pursued in this
project. Therefore, another approach is adopted in this project to correct for the negative impact of
replacing the real demand parameters by estimators.
Already in 1959, R.G. Brown recommended to use the standard deviation of the forecast error in
safety stock calculations instead of the standard deviation of the actual historical demand. He
reasoned that the forecasting process introduces sampling error into the estimation process, and
this sampling error is accounted for in the value of the standard deviation estimator of the
forecasting error. In general, the standard deviation of the forecast error is higher than the standard
deviation of the actual demand, which results from additional sampling error introduced by a
forecasting scheme that uses only a small portion of past observations. It appears to be that the
forecast error distribution plays a key role in the correct application of inventory models in practice
because (additional) safety stocks should be kept in order to protect against the error in the
forecast. Therefore, the standard deviation of the forecast error is used in the evaluation of the
different inventory control policies instead of the standard deviation of the actual historical demand.
According to Silver, Pyke & Peterson (1998), to find the standard deviation of forecast errors for the
purpose of setting inventory levels, a simple relationship exists between the value of (the estimator
of) the standard deviation of forecast errors (𝜎𝑒 ) and the (sample) mean-squared-error (MSE):
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𝝈𝒆 = √𝑴𝑺𝑬

7

The MSE is given by:
𝑴𝑺𝑬 =

𝟐

𝟏
𝒏

∑𝒏𝒕=𝟏(𝒙𝒕 − 𝒙
̂𝒕−𝟏,𝒕 )

8

Where 𝑥𝑡 represents the actual observed demand at period t, and 𝑥̂𝑡−1,𝑡 represents the one-period
ahead forecast – the forecast made at the end of period (𝑡 − 1) of demand in period t.
For two relatively simple forecasting methods, however, the standard deviation of the forecasting
error can even directly be derived from the standard deviation of the actual demand (σ). For simple
moving averages over N periods the standard deviation of the forecast error is approached by
formula 9.
𝑵+𝟏
𝑵

𝝈𝒆 = 𝝈 ∗ √

9

Besides, for simple exponential smoothing with smoothing factor alpha the standard deviation of the
forecast error is approached by formula 10.
𝟐
𝟐−𝜶

𝝈𝒆 = 𝝈 ∗ √

10

Since the general functioning of several inventory control policies is evaluated instead of the
functioning of particular inventory management systems, the forecast methodology is not specified.
Though, a reasonable choice has to be made for the assumed forecasting methods for the evaluation
of the different replenishment policies. Since currently a regular installation stock policy is used in
the Sligro supply chain, the current forecast methods of ABS and Slim4 are adopted for the
evaluation the regular installation stock policy. As explained in Appendix C, a moving average
forecast is applied by ABS with a typical N of six and Slim4 applies a simple exponential smoothing
forecast with an alpha of 0,2. Because of the interest of Sligro in the possibility to implement Slim4
also in the BSs and/or RDCs, for the evaluation of the installation stock policy with central demand
pooling, also at the BSs/RDCs a simple exponential smoothing forecast with an alpha of 0,2 is
assumed.
Equating formulae 9 and 10, it turns out that both formulae result into the same standard deviation
of the forecast error if equality 11 holds. Considering the forecasting parameter values of ABS and
Slim4, it turns out that this equality does not hold for these two forecasting methods; the correction
factor for ABS is 1,080, which is 2,5% higher than the correction factor of 1,054 for Slim4. Thus, the
(expected) decrease in inventory costs as a result of the application of central demand pooling,
besides to the aggregate forecasting at the CDC, also partly comes from a more accurate forecasting
method at the BSs and RDCs.
𝟐

𝜶 = 𝑵+𝟏

<=>

𝑵=

𝟐−𝜶
𝜶
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For the multi-echelon scenario just the normal standard deviation of the demand is used since the
ideal near-optimal situation is pursued in which the demand characteristics are exactly known
instead of the evaluation of an actual inventory policy.
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Demand during lead time
Since the lead time and demand are characterized by their two moments, both factors can also be
characterized by the average demand and standard deviation of the demand over the review period
and over lead time. Since the lead time is characterized as a discrete stochastic variable with mean
𝐸[𝐿] and variance 𝑣𝑎𝑟[𝐿], demand in one period (𝐷1) is stochastic with mean 𝐸[𝐷1 ] = 𝜇 and
𝑣𝑎𝑟[𝐷1 ] = 𝜎𝑒 2 , and the review period is equal to an integer value R, the mean demand during the
review period (𝐷𝑅 ) and the mean demand during the lead time (𝐷𝐿 ) can be determined using the
equations (van Donselaar & Broekmeulen, 2014):
𝑬[𝑫𝑹 ] = 𝑹 ∗ 𝑬[𝑫𝟏 ] = 𝑹 ∗ 𝝁 = 𝝁𝑹
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𝑬[𝑫𝑳 ] = 𝑬[𝑳] ∗ 𝑬[𝑫𝟏 ] = 𝑬[𝑳] ∗ 𝝁 = 𝝁𝑳

13

The variance of the demand during the review period and the demand during the lead time can be
determined using the equations (van Donselaar & Broekmeulen, 2014):
𝒗𝒂𝒓[𝑫𝑹 ] = 𝑹 ∗ 𝒗𝒂𝒓[𝑫𝟏 ] = 𝑹 ∗ 𝝈𝒆 𝟐

14

𝒗𝒂𝒓[𝑫𝑳 ] = 𝑬[𝑳] ∗ 𝒗𝒂𝒓[𝑫𝟏 ] + 𝑬𝟐 [𝑫𝟏 ] ∗ 𝒗𝒂𝒓[𝑳] = 𝑬[𝑳] ∗ 𝝈𝒆 𝟐 + 𝝁𝟐 ∗ 𝒗𝒂𝒓[𝑳]
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Thus, the equations for the standard deviation of the demand during the review period and the
demand during the lead time are:
𝝈𝑹 = √𝒗𝒂𝒓[𝑫𝑹 ] = √𝑹 ∗ 𝝈𝒆 𝟐
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𝝈𝑳 = √𝒗𝒂𝒓[𝑫𝑳 ] = √𝑬[𝑳] ∗ 𝝈𝒆 𝟐 + 𝝁𝟐 ∗ 𝒗𝒂𝒓[𝑳]
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5.1.4 Output measures
Logically, as follows from the objective function (1), the output measure of interest in the
evaluations is the (average) inventory holding costs. Besides, however, also the inventory turnover is
considered since a reduction in the required (average) on-hand inventory also implies a reduction in
the number of inventory weeks and thus affects the quality of the offered SKUs.

5.1.4.1 Inventory holding costs
Although the objective function regards the minimization of the inventory holding costs, the input
variables are actually used to determine the minimum average (on-hand) inventory which is
required to ascertain the target fill rate can be realized. Subsequently, average inventory costs, the
average inventory value (investment), and the average number of inventory weeks are derived from
the average (on-hand) inventory.
However, it turns out to be really complicated to determine the real (on-hand) average inventory
over a certain time period by taking the integral over the inventory level. Therefore, the average onhand inventory is usually approximated. The average on-hand inventory at a certain stock point can
for example be approximated by averaging the expected on-hand inventory just after a (potential)
delivery moment (𝐸[𝐼𝑂𝐻 (𝜏 + 𝐿)]) and the expected on-hand inventory just before a (potential)
deliver moment (𝐸[𝐼𝑂𝐻 (𝜏 + 𝑅 + 𝐿)]). As can be seen in Figure 32 in Appendix J, the on-hand
inventory just after a (potential) delivery moment is the highest on-hand inventory level in the
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delivery cycle, while the on-hand inventory just before a (potential) deliver moment gives the lowest
on-hand inventory level in the delivery cycle. The average of these two levels is, however, just an
approximation of the average on-hand inventory because, as can also be seen in Figure 32 in
Appendix J, some delivery cycles will end up in an OOS situation before a new delivery takes place
since the (target) fill rate is not equal 100%. This implies that the during the (average) delivery cycle
the on-hand inventory does not decrease proportionally with the time and therefore the average onhand stock is a bit overestimated. Although this deviation is (very) small for high fill rates, it becomes
larger if the target fill rate is lower. Another commonly used approximation of the average on-hand
inventory is just the average on-hand inventory at the end of each time period such as a day. This is
also just an approximation of the actual average on-hand inventory because the typical fluctuation in
the on-hand inventory during a time period, which results from a fixed delivery moment during the
period, is ignored.
In addition to the (average) on-hand inventory at the different stock points in the Sligro supply chain,
also the average pipeline inventory in between the CDC and the BSs/RDCs constitutes the total
supply chain inventory. Therefore, this pipeline inventory is also included in the calculation of the
average inventory levels.
The average inventory value is calculated by multiplying the average (on-hand) inventory by the cost
price of a SKU. It is assumed that the value of the SKU remains the same at all stages in the Sligro
supply chain. The inventory holding costs per year are subsequently calculated based on the average
inventory value and an interest rate of 1% per month (12% per year). This interest rate is commonly
used within the Sligro organisation to calculate the costs of holding inventory. However, this
percentage is not directly related to a certain official measure but is derived from several financial
indicators. Firstly, the weighted average interest rate on long-term loans roughly equals 4%. The
cost-of-capital (of foodservice), however, equals around 8%. Moreover, the return on total invested
capital is 14%. Since no one of these measures is arguably the best one to apply to calculate the
holding costs, a 12% interest rate is taken as illustrative measure. Therefore, however, the
determined holding costs are just an indication and eventually the focus is on the relative reduction
of the holding costs instead of on the absolute values.

5.1.4.2 Inventory turnover
Besides the average inventory value, the inventory turnover is also an output measure of interest
because a decrease in the required inventory weeks of a SKU induces an improvement in the offered
quality by Sligro. If a perishable product is held as inventory in the Sligro supply chain for a shorter
time period, it has a longer remaining shelf life at the customer. Thus, a reduction in the required
amount of inventory of a perishable SKU does not only result into less costs but also into a better
customer service; it cuts both ways. The number of inventory weeks is simply calculated by dividing
the average on-hand inventory level by the average weekly demand.
As already mentioned in section 2.2, SKUs can be classified as perishable, non-food and other based
on their shelf life. Although this classification does not directly influence the evaluation of the SKUs
per se, the shelf life and inventory turnover rate are factors to keep in mind when evaluating the
different scenarios. Firstly, the different inventory policies do not incorporate the perishability of the
SKUs. Thus, it can occur that in terms of inventory weeks more is inventory is held than the
remaining shelf life of the SKUs. Moreover, no trade-off is considered between the costs of achieving
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a certain target service level and the costs of shrinkage. Nevertheless, through the relatively short
review periods and lead times, indirectly is accounted for the limited shelf life of the perishable
products.

5.2 Scenarios
Since the current project has the aim to verify whether the application of an installation stock policy
with central demand pooling in the Sligro supply chain results into a more appropriate inventory
positioning – and thus less inventory costs – compared to the application of a regular installation
stock policy, and what the additional cost saving potential is of the application of an optimal multiechelon inventory policy, accordingly several scenarios are defined for which the inventory levels
and related inventory holding costs are determined given the desired service levels and the values of
the other input variables. The first so-called “benchmark scenario” encompasses the application of a
regular installation stock policy in the Sligro supply chain and serves as benchmark for the other two
scenarios. The second so-called “demand pooling scenario” imitates a situation where an installation
stock policy is applied in the Sligro supply chain with the logic of aggregate forecasting at the CDC.
And lastly, the third “multi-echelon scenario” or “optimal scenario” imitates a situation in which a
real multi-echelon inventory management policy is applied in the Sligro supply chain and
approximates the optimal situation. The three scenarios are explained more extensively below. It is
expected that the required inventory levels and related inventory holding costs are lower in the
second scenario than in the first scenario, and even lower for the third scenario.
The benchmark scenario instead of the actual current situation with the realized performance
measures over 2013, as presented in section 4.3, is taken as benchmark for the other two inventory
control scenarios because of three reasons. Firstly because of the significant amount of order advice
adaptations as elucidated in section 4.2. Although little can be said about the effect of the order
advice adaptations, they surely interrupt the intended working of the ABS at the BSs and Slim4 at the
CDC. Imaginably, it can be possible that the ABS would perform significantly better if the values of
the ABS parameters such as the Min, Max, number of inventory days and internal order quantities
are set more wisely and thus less adaptations are required. The same holds for the functioning of
Slim4 at the CDC. If this is the case, it is not fair to compare the current performance obtained with
the current parameter settings with the application of another inventory control policy since the
current inventory management systems in itself also have a potential for improvement. In other
words, not all cost saving potential directly results from another inventory management system but
probably (partly) results from the currently poorly controlled ABS and Slim4. Therefore, scenario 1
imitates the situation in which the installation stock policies at the different stock points would have
been controlled ideally. The second reason is closely related to the first one. Since the evaluation of
both hypothetical scenarios 2 and 3 are based on the application of (relatively simple) theoretical
inventory control polices, it would not be fair to compare these with the actual realized performance
in the complexity of reality. It is better to compare these scenarios with another simplified and
stylized model of the current situation. The breakdown of the Sligro supply chain, as explained at
section 5.1.1, is the third reason to take scenario 1 as a benchmark. The research is actually split into
two different supply chain systems, one for the BSs and one for the RDCs. Thus, for both systems it is
assumed that all CDC inventory completely available for those low-level stock points and no other
stock points pick away CDC inventory. In reality, however, no CDC inventory is reserved for a certain
stock point type. Thus, the BSs and RDCs, and possibly even the ZBs and Van Hoeckel, draw from the
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same CDC inventory. Therefore, it is impossible to compare the demand pooling and multi-echelon
scenarios with the real current situation.
Finally, it should be mentioned that the three scenarios are just approximations of the real situations
when new inventory management policies would have been applied in the Sligro supply chain since
it are ideal situations based on theoretical, stylized models of reality. Nevertheless, these scenarios
provide a valuable – but rough – indication of the potential differences in required inventory and
thus in the cost savings potentials of the demand pooling and multi-echelon inventory management
policies.

5.2.1 Scenario 1: current benchmark situation
As said above, the first scenario encompasses the current installation stock situation in which no
valuable data is shared between the different levels in the Sligro supply chain and serves as
benchmark for the latter two scenarios. Currently, installation stock policies are applied at the CDC
and the RDCs and BSs by the ABS and Slim4 respectively and no POS demand data is shared and used
to make replenishment decisions at the CDC. As explained in Appendix C, the logic underlying ABS
can be considered as an (R,S)-policy with a variable reorder level S depending on the demand
forecast. However, for the sake of the analysis, an (R,S)-policy with a fixed reorder level is assumed
underlying ABS since the analysis is just based on the mean and standard deviation of stationary
demand instead of a real time series on which a forecast can be based. As also explained in Appendix
C, the logic underlying Slim4 can best be typified as an (R,s,nQ)-inventory control policy. Since a
perfect functioning of the installation stock policies is assumed, the local optimal reorder levels are
determined for each SKU and based thereon the average on-hand inventory and related holding
costs are calculated.

5.2.2 Scenario 2: central demand pooling situation
In the first scenario, the CDC anticipates on its incoming orders instead of on the actual customer
demand and bases its required inventory levels thereon. In contrast, the second scenario imitates a
situation in which POS demand data of the BSs and RDCs is shared with the CDC; the CDC has ‘a
farsighted view in the down-stream supply chain’. The aggregate demand data is then used to
forecast the actual future customer demand and thus to set the optimal reorder level at the CDC.
The orders generated by the independent BSs and RDCs, are placed less frequent and in larger
amounts than the customer demand and thus increase the uncertainty of the demand at the CDC. As
already clarified in section 3.2.3, demand uncertainty that is propagated and magnified over a supply
chain network – defined as the bullwhip effect – is a crucial cause of ineffective multi-echelon
inventory control. Because installation stock policies are applied in the entire Sligro supply chain,
signal processing, rationing games and order batching probably induce more volatility in the BS and
RDC orders than exists in the (indirect) customer demand and thus induce unnecessarily high
inventory levels at the CDC. An approach which may be used to reduce demand uncertainty upstream in a supply chain and thus to improve the forecasting (and inventory control) performance is
appropriate demand aggregation at upstream locations (e.g. Aigner & Goldfeld (1974); Caplin (1985);
Chen, Hsu & Blue (2007); Yehuda & Zvi (1960)). Demand aggregation is generally known as a “riskpooling” approach (Chen & Blue, 2010). Another phenomenon which may affect the demand
uncertainty at the CDC because of demand aggregation is time disaggregation (Rostami-Tabar,
Babai, Syntetos, & Ducq, 2013). Since the BSs and RDCs are normally operational six days a week,
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POS data is available at smaller time buckets than it is for the incoming order at the CDC processes
its incoming demand five times a day. However, the effect of time disaggregation can both be
positive or negative and differ per stock point and SKU.
Concluding, it is expected that due to the application of an installation stock policy with central
demand pooling at the CDC instead of the regular installation stock policy, the demand uncertainty
at the CDC decreases. Thus it is expected that – for most SKUs – the variation coefficient (CV) of the
demand is lower for the aggregate (indirect) POS demand than for the actual CDC demand (the CV
has to be compared instead of the variation because of the time disaggregation). Logically, it is also
expected that the required inventory levels decrease because less safety stock is needed when the
demand volatility is lower, and less required inventory implies lower inventory holding costs.

5.2.3 Scenario 3: (Near-)optimal multi-echelon situation
Lastly, the third scenario imitates a situation in which a real multi-echelon inventory management
approach is applied in the Sligro supply chain which balances the CDC inventory and the inventory
downstream in the best possible way given the different supply characteristics and two demand
moments per SKU. The scenario is formulated as one wherein the supply chain inventory is balanced
in ‘the best possible way’ (near-optimal) instead of ‘optimally’ since no method exists (yet) which
can exactly calculate the optimal solution for such a (divergent) multi-echelon system. Instead of the
two former scenarios, in this scenario the stock points are no longer considered as individual and
independent of each other but a two-echelon approach is applied which accounts at the BSs and
RDCs for the effect of central inventory at the CDC and vice versa. Thus, implicitly, it is assumed that
demand and inventory information is shared among the CDC and the BSs/RDCs. This scenario should
result into the lowest possible supply chain inventory and thus the least cost.
Based on the experiments of Whybark & Yang (1996), it is expected that most – possibly even up to
80% – of the inventory in the Sligro supply chain will be positioned downstream at the BSs and RDCs.
Inherently, in line with Axsäter (2003), it is expected that the internal fill rates will be significantly
lower than the currently realized fill rates – possibly even down to 50%.

5.3 Tools
Two tools are selected to evaluate the different scenarios outlined in section 5.2. The DoBr tool is
adopted to evaluate the installation stock policies in scenarios one and two; the ChainScope tool is
adopted to evaluate the third multi-echelon scenario. These tools are consecutively introduced
below. The tools and the parameter settings of the tools are chosen such that the evaluations of the
different scenarios can be compared as fairly as possible. Thus, the found differences between the
scenarios (mostly) depend on the different used inventory control policies and as little as possible on
the tool specific parameter characteristics.

5.3.1 DoBr
The DoBr tool can be used to evaluate (R,s,nQ) and (R,s,S) inventory policies and is recently
developed according to the latest theoretical insights. Since several frequently used input
parameters such as case pack size and MOQ can be incorporated and fewer and more realistic
assumptions are made compared to standard applications, situations encountered in practice can be
evaluated more precisely and reliably. Therefore, the DoBr tool is selected for the evaluation of the
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installation stock policies – first two scenarios. The functionality of the DoBr tool is more extensively
described in Appendix G.
DoBr provides the possibility to choose between the Gamma and Normal continuous probability
distributions and a discrete probability distribution to imitate the actual demand distribution.
Although a discrete distribution is most appropriate for these scenarios because the SKUs are sold in
whole units, it turns out that the discrete distribution cannot be used for all SKU-stock point
combinations due to a build-in calculation time restriction. If the CDC demand (both regular and
aggregate) is evaluated for all SKUs, for different target fill rates, it turns out that for around 40% of
the SKUs no results can be obtained. These are all SKUs with a relatively high average demand
and/or a relatively high Q. Evaluating the BS and RDC demand for all SKUs, for different target fill
rates, it turns out that all SKUs can be evaluated with a discrete probability distribution. Therefore, it
is decided to adopt the gamma distribution for the evaluation of the SKUs for which the exact
distribution results into an error. Because the gamma distribution is only used for SKUs with a
relatively high demand and/or relatively high Q value and thus a large reorder level, the effect of a
reorder level correction as proposed by Zipkin (2000) can be neglected. As already noted at section
5.1.3.5, a backordering situation is assumed at all stock points.
As is explained in Appendix G, DoBr can merely take into account either the MOQ or the Q in the
evaluation, but not both at the same time. For the SKUs for which at the CDC besides the fixed base
replenishment quantity Q also an MOQ is specified – 13% of the BS SKUs and 6% of the BS SKUs –
initially the Q is included and the MOQ is ignored in the evaluation. After evaluating these SKUs, it
turned out that, with exception of four BS SKUs and one RDC SKU, the expected order sizes (𝐸[𝑂𝑆])
of all other SKUs were smaller than the MOQ. Thus, it was concluded that the initial Q value could
easily be replaced by the MOQ value so that also the MOQ constraint was incorporated in the
evaluation. Since the expected order sizes are mostly smaller than the MOQs, it is expected that no
more is ordered than MOQ when the Q value is replaced by the MOQ. This is also proven by the fact
the expected order sizes after incorporating the MOQs on average deviated only less than one to
four percent from the MOQs, for the different scenarios and for different target fill rates.
The average (on-hand) inventory per stock point is approximated by averaging the maximum
inventory level at the beginning of a delivery cycle and the minimum inventory level at the end of a
delivery cycle, as explained before in section 5.1.4.1.

5.3.2 ChainScope
The ChainScope tool is developed to identify and analyse near-optimal inventory positioning in a
multi-echelon supply chain with periodic review order-up-to-policies. The ChainScope tool is
selected for the evaluation of the third multi-echelon scenario since it claims, especially for
distribution systems, to approximate the exact optimal situation very accurately. The used
optimization algorithms are based on special periodic review order-up-to-policies (which makes it
highly comparable to the DoBr policies) for multi-item multi-echelon inventory management called
Synchronized Base Stock (SBS) policies, as described by de Kok & Visschers (1999) and de Kok &
Fransoo (2003). Despite the fact that SBS policies are not real optimal, earlier research has revealed
that they outperform commonly used rolling schedule approaches and that they are close-tooptimal for pure divergent systems under the balance assumption (de Kok & Graves, chapters 10-12,
2003). The functionality of ChainScope is more extensively described in Appendix H.
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As for many SKUs evaluated with the DoBr tool, ChainScope uses the gamma distribution to
represent exogenous demand, based on the mean and standard deviation of the real observed
demand. Besides, as already explained in section 2.2, ChainScope does not provide the possibility to
evaluate a lost sales situation and therefore customer demand is assumed to be backordered.
Furthermore, ChainScope does not provide the possibility to characterize the lead time to a certain
stock point by its two moments; merely the expected lead time can be specified. For the CDC,
instead of the contractually agreed, constant lead time from a supplier to the CDC, the expected lead
time as determined with model 3 presented in section 5.1.3.3 is used. For the internal lead time
between the CDC and the BSs and RDCs, however, just the assumed constant lead time of two days
is used, since the internal fill rate needed to calculate the expected lead time with model 6 is not
known on forehand.
As is explained in Appendix H, Chainscope can merely take into account a base replenishment
quantity Q in the evaluation and no MOQ. For the SKUs for which at the CDC besides the fixed base
replenishment quantity Q also an MOQ is specified – 13% of the BS SKUs and 6% of the BS SKUs –
initially the Q is included and the MOQ is ignored in the evaluation, as is done in DoBr. After
evaluating these SKUs, it turned out that, with exception of five BS SKUs and none RDC SKU, the
expected order sizes (“E_Order”) of all other SKUs were smaller than the MOQ. Thus, it was
concluded that the initial Q value could easily be replaced by the MOQ value so that also the MOQ
constraint was incorporated in the evaluation. Since the expected order sizes are mostly smaller
than the MOQs, it is expected that no more is ordered than MOQ when the Q value is replaced by
the MOQ.
The average on-hand inventory per stock point is approximated by averaging the on-hand inventory
levels at the end of each day, as explained before in section 5.1.4.1.
To keep the comparison between the first two scenarios and the third one as fair as possible, the
other input parameters are chosen such that these are (implicitly) equal to the ones in the DoBr tool:
no maximum stocks are assumed, no release costs and customer order lead times are specified, and
the yield is assumed to be 100% at each stock point.

5.4 Data
Although the data, as well as the required preparation, is extensively described in Appendix D, the
main aspects are briefly summed up here. Due to practical limitations to the gathering of the
demand data and limitations to the evaluation capabilities of DoBr and Chainscope, the data is
gathered and evaluated of only 1200 BSs SKUs and 300 RDCs SKUs. The current fill rate values are, as
already mentioned in section 4.3, based on aggregate demand and sales data over 2013. The mean
demand and the standard deviation of the demand per SKU are based on the daily demand over
2013. Also the percentage on-time delivery per supplier and the average delay are based on order
data over 2013. For the other factors of interest – the specified supplier lead time, the weekly order
schedule per SKU and stock point and the MOQ and Q per SKU – the current values are adopted
since no history of these parameters is saved. However, these parameters just rarely change or are
rarely adapted and therefore the current values are expected to be mostly the same as over 2013.
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5.5 Model validation
Model validation can be described the process of establishing documented evidence that provides a
high degree of assurance that a model accomplishes its intended requirements. The importance of
model validation is also emphasized in the ChainScope User Manual (de Kok & Janssen, 2008). It is
stated that for a model without validation an optimization or decision support will be doubtful and
thus useless. However, as already explained in sections 2.2 and 5.1.1, the constituted model in
section 5.1 does not represent the actual complete Sligro supply chain. Instead, the evaluations of
the different scenarios are based on hypothetical separated parts of the supply chain for which no
real performance measures exist which can be compared with the output values of DoBr or
ChainScope to do a reliable validation.
Though, to ascertain the model does not contain major anomalies and errors it is checked whether
the average inventories found in the benchmark scenario for the actual current internal and external
service levels are of the same order of magnitude as the actual average inventories realized over
2013, as presented in section 4.3. If the CDC inventory is assigned to each supply chain part
according to the relative sales amounts, the average inventory values equal around 29 million euros
for the BS supply chain part and 3,4 million euros for the RDC supply chain part. As represented later
in chapter 6, the inventory values found at the evaluation of the benchmark scenario are about 3
and 23 million euros for the RDC and BS supply chain part respectively. Based on these values it can
be concluded that both realized values and the values derived from the model evaluation are indeed
of the same magnitude. The slightly lower values for the benchmark scenario can logically be
explained by, among others, the fact that they result from an ideal and stylized situation in which
the inventory control policy functions optimally, which is of course not realistic.
Moreover, the ‘evaluation’ mode in Chainscope is used to verify whether an evaluation of the model
given the current inventory levels results into approximately similar service levels as actually
realized, as presented in section 4.3. It turns out that a customer fill rate of 97,9% is found for the BS
supply chain part and a customer fill rate of 97,4% for the RDC supply chain part. This fill rate for the
BS supply chain part is actually even remarkably close the realized BS service level of 98,7%. The fill
rate found for the RDC supply chain part, on the other hand, is considerably higher than the actually
realized service level of 92,2%. Possibly this can partly be explained by a negative effect of the order
advice adaptations and the artificial inventory reservation at the CDC. Notwithstanding, the values
are close enough to conclude that the model provides a quite representative reflection of the actual
Sligro supply chain from which – to a certain extent – reliable results can be obtained.

5.6 Methodology
Lastly, hereafter it is explained which methodology is followed to determine the cost saving
potentials of the central demand pooling and multi-echelon inventory control policies and how the
cost saving potential classification is established.

5.6.1 Determination cost saving potential
The relative reduction in inventory investments and inventory holding costs for the installation stock
policy with central demand pooling and the multi-echelon inventory control policy are determined
by expressing the inventory values per scenario-internal fill rate-target fill rate combination as index
numbers with the inventory value of the regular installation stock policy with the current internal
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and external fill rates as base value. As already mentioned in section 5.1.3.1, evaluations are
performed for several (combinations of internal and) external target fill rates as kind of sensitivity
analysis; to investigate the impact of these target fill rates on the potential inventory costs
reductions. The absolute cost saving potentials are determined by simply subtracting the total
inventory costs of the second or third scenario from the total inventory costs of the first scenario.
The same holds for the determination of the absolute reduction in the number of inventory weeks.
How these different results are exactly obtained from the DoBr and Chainscope output, is explained
in the DoBr/ChainScope output data processing section in Appendix D.

5.6.2 Cost saving potential classification
As already stated before, this project does also have the aim to design a cost saving potential
classification based on demand and supply characteristics in order to gain insight into the benefit of
the application of an installation stock policy with central demand pooling or a multi-echelon
inventory policy per SKU (class). The methodology which is used to come up with such a
classification is described below. First, it is explained how the different input variables are
incorporated into the analysis and subsequently it is described how the actual potential cost saving
classification is composed.

5.6.2.1 Factors
Besides as input variables, the factors presented in section 5.1.3 are also considered to define
different SKU classes which differ in the cost saving potential per scenario. Therefore, first per factor
is described how it is incorporated in the potential cost savings analysis, although ultimately not all
factors are included in the classification because not all factors affect the reduction in the required
inventory.
Fill rate factors
The internal and external fill rates are not used as factors in the classification since the potential cost
savings are determined between different scenarios with the same internal fill rate and target fill
rate instead of within the same scenario between different internal and/or external fill rates.
Review period factors
The cost savings potential (probably) depends on both the review period at the CDC and the review
periods at the BSs and RDCs. The CDC review period can simply be considered as one factor in the
cost savings classification. However, the review periods among the BSs and among the RDCs
mutually differ, while the cost savings potential has to be determined per SKU and thus over all BSs
or all RDCs. Thus, the review periods of the BSs and of the RDCs have to be incorporated into one
factor. Therefore it is decided to just take the average review period at the BSs or RDCs as another
review period classification factor.
Lead time factors
Since the internal lead time is assumed to be equal for all SKU and all BSs and RDCs, it is not included
as classification factor. On the other hand, both the average supplier lead time and the variation of
the supplier lead time affect the required inventory levels and thus probably also the cost savings
potential and are therefore considered as factors in the potential cost savings classification.
However, the supplier lead time variation is not considered as factor in itself but in proportion to the
average supplier lead time because an equal absolute lead time variation has a greater impact on a
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SKU with a relatively short average lead time than on a SKU with a relatively long average lead time.
Therefore, the coefficient of variation (CV) is calculated per SKU to represent the supplier lead time
variation factor. Moreover, since the variation of the supplier lead time is only considered in the
evaluation of scenarios 1 and 2, the variation of the supplier lead time has only to be included as
classification factor when the cost savings potential between those two scenarios is determined.
Base replenishment quantities
Al already explained in 5.1.3.4, only external MOQs and Qs are considered in the evaluation of the
Sligro supply chain; internally no actual MOQs and Qs exist. Moreover, as is explained in section 5.3,
eventually the external MOQ values are considered as base replenishment quantities (Qs) in the
evaluations of the different scenarios. Thus, the external MOQ and Q are reduced to one factor in
the scenario evaluations.
The external MOQ and Q values only make sense in relation to the average (aggregate) demand for a
SKU since this determines whether the value of the Q or MOQ is relatively small or relatively large.
Therefore, instead of the absolute value, the Q (or MOQ) value is divided by the average daily
demand per SKU and this ratio is considered as factor in the cost savings potential classification.
Hence, the value of this factor can actually be interpreted as the expected number of days that the
demand is covered by the base replenishment quantity (or MOQ).
Demand factor
Logically, the demand patterns at the different stock points directly impact the required amounts
inventory of a certain article. Both the level and the variability of the demand determine how much
inventory is needed to guarantee a certain service level. Therefore, it can be reasoned that both
demand characteristics should be incorporated as factors in the research. However, Silver, Pyke &
Peterson (1998) argue that an empirical relationship has been observed between the demand
variability (σ) and demand level (μ) which gives a reasonable fit for many articles at many
organizations. If such relationship also exists for the articles in the scope of this project, the demand
for an article can be characterized by just one factor instead of two. The mentioned relationship is of
the form:
𝝈 = 𝒄𝟏 ∗ 𝝁𝒄𝟐
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The 𝑐1 and 𝑐2 represent regression coefficients. The formula can be rewritten in terms of the natural
logarithm as:
𝒍𝒏(𝝈) = 𝒍𝒏(𝒄𝟏 ) + 𝒄𝟐 ∗ 𝒍𝒏(𝝁)
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Since the regression coefficients are constants, a linear relationship is expected between ln(𝜎) and
ln(𝜇). It is checked whether such a linear relationship exists in the demand data of the in-scope
articles by plotting the ln(𝜎) and the ln(𝜇)and assessing the fit of the least-squared-error (LSE)
regression line.
The left scatterplot in Figure 6 shows the correlation between the variability and level of the daily
CDC demand per in-scope SKU; the right scatterplot in Figure 6 shows this correlation for the daily BS
demand per in-scope SKU and per BS. As can be seen, clear linear relationships between ln(𝜎) and
ln(𝜇) can be observed in both graphs and the coefficients of determination (R2) are quite high. For
the BS demand, the same can be concluded for individual SKUs – as shown (per SKU type) in
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Appendix I. Therefore, it is decided to merely consider the mean daily demand characteristic as
factor in this research design. Since the cost savings potential is determined per SKU (over the entire
Sligro supply chain instead of per stock point), the aggregate daily demand per SKU over all BSs (or
all RDCs) is used as classification factor.

Figure 6: Correlation 𝐥𝐧(𝝈) and 𝐥𝐧(𝝁) for the CDC demand (left) and the BS demand (right)

5.6.2.2 Composition potential cost saving classification
Before the actual composition of a classification, first an impression is obtained of the effects of the
individual factors on the relative cost saving potentials by considering the correlation coefficients
and scatterplots between the different factors and the relative cost savings potentials between the
different scenarios. The relative cost saving potential is defined per SKU as the (negative) percentage
difference between the inventory values (or on-hand inventory levels) of two scenarios. Besides, the
proportion of the potential cost saving of scenario 2 (with respect to scenario 1) in the total
potential cost saving (scenario 3 compared to scenario 1) is considered. Subsequently, also multiple
regression analyses are conducted with the relative cost saving potential as dependent variable and
the factors as independent variables to determine the significance of the impact of the different
factors on the cost saving potentials.
Then, per factor are HIGH and LOW classes defined (and for the demand factor also a MEDIUM
class). The critical value(s) per factor which divide(s) the different classes, as well as the logic behind
these values, are presented and explained in the potential cost saving classification section in
Appendix D. From this division per factor, 96 (= 25 * 3) different combinations of factor classes can
be composed. It is however impossible to identify any pattern or regularity from such a large matrix,
let alone to draw any meaningful conclusion. Therefore, initially the average cost saving potentials
per class resulting from the combination of two factors are determined; which are four (or six)
classes per factor combination. Next, also combinations of three factors are considered to see
whether substantial differences exist in the relative potential cost savings between the different
classes. Again, besides the relative potential cost savings, also the proportion of the relative cost
saving potential of scenario 2 (with respect to scenario 1) in the total potential cost saving (scenario
3 compared to scenario 1) is considered in the classification. Furthermore, also cost price aspect on
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the potential cost savings is included, which results into the average absolute cost saving potentials
per combination of factor classes.
Because most data is available for the BS supply chain part (1200 SKUs) and the major interest is in
this supply chain part because it has the far most absolute cost saving potential, the classification is
composed for the BS supply chain part only. However, since the BS SKUs are characterized by solely
the same input variables and the supply chain part only differs on the number of down-stream
inventory points, the resulting cost saving classifications probably also apply on the RDC supply chain
part.
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6. Results & discussion
The results of the research described in the prior chapter are presented and discussed in this
chapter. First, the cost savings potentials as well as some additional related outcomes are presented
per supply chain part, as these are explained in section 5.1.1. Subsequently, also the total cost saving
potential is briefly mentioned. Finally, the cost savings potential classification is elaborated.

6.1 BSs supply chain part
As explained in the description of scenario 2 in sub-section 5.2.2, it is expected that for most SKUs
the variation coefficient (CV) of the demand is lower for the aggregate (indirect) POS demand – used
in scenario 2 – than for the actual incoming CDC demand – used in scenario 1. If these two CVs are
compared per SKU for the BSs supply chain part, it indeed turns out that for 99% of the SKUs the CV
of the aggregate demand is lower than the CV of the actual incoming CDC demand. On average, the
CV of the CDC demand even almost halves (-49%). Besides, the smaller demand variance correction
due to forecasting in scenario 2 than in scenario 1, as stated in sub-section 5.1.3.5, is found to result
into an average inventory reduction at the BSs of merely 3% to 4% for the different target fill rates.
Therefore, it can be concluded that the major part of the inventory reduction in scenario 2, and thus
also the cost savings potential, results from the aggregate forecasting at the CDC.
Table 3 presents the index numbers for the average inventory values per scenario-internal fill ratetarget fill rate combination, with scenario 1, the current internal fill rate of 0,965 and the current
external target fill rate 0,985 as base value. Of main interest are the bolded and underlined values,
which are the index numbers corresponding to the current internal fill rate (scenario 1 & 2) and the
current target fill rate. The other index numbers show the sensitivity of the inventory value to the
internal fill rate and the target fill rate. The inventory value index numbers are also graphically
shown in Figure 7. The inventory value index numbers represent the required inventory investment
as well as the resulting inventory costs since the inventory costs are proportional to the inventory
investment. Thus, the inventory value index numbers indirectly give the relative cost savings
potential with respect to the base value.

Scenario

1

2

3

Internal fill rate

Target (external) fill rate
0,98
0,985
0,99
97%
100%
104%

0,965

0,95
88%

0,975
95%

0,995
111%

0,9

74%

81%

83%

86%

90%

97%

0,8

65%

72%

75%

78%

82%

88%

0,965

61%

68%

70%

73%

77%

83%

0,9

57%

64%

67%

69%

73%

80%

0,8

55%

62%

65%

67%

71%

78%

0,452

42%

47%

49%

51%

54%

59%

Table 3: Inventory value index numbers – BSs supply chain part (Base value: scenario 1, internal fill rate
0,965, target fill rate 0,985)
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It can be concluded from the inventory value index numbers in Table 3 that, assuming the current
internal fill rate (0,965), the inventory value decreases with more than one quarter (-27%) in
scenario 2 compared to scenario 1, and with almost a halve in scenario 3 (-49%). Furthermore, it can
be seen that with eleven percent more inventory investment in scenario 1, an external fill rate of
0,995 can be realized. And, it can be concluded that just lowering the internal (target) fill rate inbetween the CDC and the BSs (in scenarios 1 & 2) can already result into a significant inventory value
reduction (although the lead time models with which the internal fill rates are incorporated in the
analysis are quite simplistic). To indicate the significance of these potential investment and costs
reductions, it should be conceived that the in-scope SKUs constitute around 70% of the total BS sales
value.

Figure 7: Inventory value index numbers per scenario and internal fill rate – BSs supply chain part (Base
value: scenario 1, internal fill rate 0,965, target fill rate 0,985)

In Appendix K, Figure 33 shows similar inventory value index number but with scenario 2 and the
internal and external fill rates as base value, so that relative inventory value reduction of scenario 3
can be determined with respect to scenario 3. In other words, the potential percentual decrease in
the inventory investment and inventory costs which remains when an installation stock policy with
central demand pooling is applied in the Sligro supply chain. For internal rate 0,965 and target fill
rate 0,985, a potential inventory value reduction over 25% still remains.
In Figure 34 in Appendix K are the inventory value index numbers presented per SKU type to give an
impression of the differences in the required inventory investments and in the inventory costs
among the SKU types. To give an indication of the importance of the different SKU types, Figure 35 in
Appendix K shows a circle diagram of the division of the in-scope BS SKUs over the different SKU
types based on the sales value. It can be concluded that significant differences exist in the required
inventory values between the SKU types, but the SKUs of the type ‘Other’ are o main interest since
these make out the major portion of all SKUs.
The absolute investment and costs reductions are determined based on the absolute inventory
values. It should however be noted that these absolute values are just indicative since future
circumstances regarding the demand, assortment and logistical organization won’t be exactly the
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same as they were in 2013 and because a simplified model of the real Sligro supply chain is adopted
for the evaluation of the different scenarios. The translation of the inventory value index numbers
into the average inventory value and the yearly inventory costs are shown in Figure 36 and Figure 37
in Appendix K respectively. It turns out that, assuming an internal fill rate of 0,965 (scenario 1 & 2)
and a target fill rate of 0,985, the average Sligro supply chain inventory investment decreases from €
22,8 million in scenario 1 to € 16,7 million in scenario 2, and to € 11,6 million in scenario 3. A
proportional decrease can be observed in the yearly inventory holding costs: from € 2,7 million in
scenario 1, to € 2,0 million in scenario 2, and to € 1,4 million in scenario 3. Thus the cost savings
potential of scenario 2 amounts around 0,7 million euros and the cost savings potential of scenario 3
around an additional 0,6 million euros. The inventory cost saving potentials per year, per scenario
and internal fill rate, with respect to scenario 1, internal rate 0,965 and target fill rate 0,985, are
graphically shown in Figure 8.

Figure 8: Inventory cost savings potential per scenario and internal fill rate (with respect to scenario 1,
internal rate 0,965, target fill rate 0,985) – BSs supply chain part

As already mentioned in sub-section 5.1.4.2, the number of required inventory weeks is, beside the
average inventory, also an output parameter of interest because it partly contributes to the offered
customer service. Figure 9 shows the number of inventory weeks in the entire Sligro supply chain per
scenario and per internal fill rate (scenario 1 & 2); as presented in Table 12 in Appendix K. As can be
seen, for the internal rate 0,965 and target fill rate 0,985, the average supply chain inventory
decreases from 5,9 inventory weeks in scenario 1 to 4,3 inventory weeks (-26%) in scenario 2, and to
3,0 inventory weeks (-50%) in scenario 3. Similarly, Figure 38 in Appendix K shows the Sligro supply
chain inventory weeks per SKU type. From that graph it can be concluded that the inventory weeks
greatly differ among the different SKU types. Particularly for the perishable SKU type, the reduction
of the total inventory with 0,9 weeks in scenario 2 compared to scenario 1, and with an additional
0,8 weeks in scenario 3 (internal rate 0,965, target fill rate 0,985), greatly improves the offered
quality.
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Figure 9: Inventory weeks per scenario and internal fill rate – BSs supply chain part

Besides to the total supply chain inventory weeks, Table 12 in Appendix K also represents the
number of inventory weeks at the CDC and at the BSs and the ratio between these stock points. For
the current internal fill rate and target fill rate, the composition of the total number of inventory
weeks per scenario are presented in Figure 10. As explained in the description of scenario 3 in subsection 5.2.3, it is expected that in the near-optimal situation most – possibly even up to 80% – of
the inventory in the Sligro supply chain will be positioned at the BSs and that the internal fill rates
will be significantly lower than the currently realized fill rates – possibly even down 50%. As can be
seen, the major inventory reductions take place at the CDC and thus relatively more inventory is
positioned down-stream at the BSs. In scenario 3, indeed as expected, around 80% of the total
inventory is positioned at the BSs. In line with this finding, it also turns out the internal fill rate vary
around 45% for the different target fill rates. Similarly to Figure 10, Figure 39 up to Figure 41 in
Appendix K show the inventory positioning per scenario for the perishable, non-food and other SKUs
respectively.

Figure 10: Inventory positioning Sligro supply chain per scenario (target fil rate 0,985) – BSs supply chain part
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6.2 RDCs supply chain part
If the CVs of the aggregate (indirect) POS demand are compared with the CVs of the actual incoming
CDC demand per SKU, also for the BSs supply chain part it turns out that for 95% of the SKUs the CV
of the aggregate demand is lower. The CV of the CDC demand on average even decreases with 62%.
Besides, it is found that the average inventory at the RDCs is 2% to 3% lower for the different target
fill rates because of the smaller demand variance correction due to forecasting, as explained in subsection 5.1.3.5. Thus, also for the RDC supply chain part it can be concluded that almost the entire
inventory reduction in scenario 2, and thus also the cost savings potential, results from the
aggregate forecasting at the CDC.
Index numbers are determined for the average inventory values per scenario-internal fill rate-target
fill rate combination, with scenario 1, the current internal fill rate of 0,961 and the current external
target fill rate 0,922 as base value. These are presented in Table 4. Of main interest are the bolded
and underlined values, which are the index numbers corresponding to the current internal fill rate
(scenario 1 & 2) and the current target fill rate. The other index numbers show the sensitivity of the
inventory value to the internal fill rate and the target fill rate. The inventory value index numbers are
also graphically shown in Figure 11. The inventory value index numbers represent the required
inventory investment as well as the resulting inventory costs since the inventory costs are
proportional to the inventory investment. Thus, the inventory value index numbers indirectly give
the relative cost savings potential with respect to the base value.

Scenario

1

2

3

Internal fill rate
0,965

0,8
97%

Target (external) fill rate
0,85
0,9
0,922
98%
99%
100%

0,95
101%

0,9

74%

75%

77%

78%

79%

0,8

58%

59%

61%

62%

63%

0,965

38%

39%

41%

42%

43%

0,9

36%

37%

38%

39%

41%

0,8

34%

35%

37%

38%

39%

0,668

26%

28%

30%

31%

33%

Table 4: Inventory value index numbers – RDCs supply chain part (Base value: scenario 1, internal fill rate
0,961, target fill rate 0,922)

It can be concluded from the inventory value index numbers in Table 3 that, assuming the current
internal fill rate (0,961), the inventory value decreases by more than half (-58%) in scenario 2
compared to scenario 1, and with more than two thirds in scenario 3 (-69%). Furthermore, it can be
seen that if both the internal fill rate (from the CDC to the RDCs) and the external fill rate (from the
RDCs to the EMTÉs) are lowered to a scientifically plausible value of 0,8, the inventory value is
already expected to decrease with around 40% in scenario 1 and even up to 65% in scenario 2. To
indicate the significance of the potential investment and costs reductions, it should be conceived
that the in-scope SKUs constitute only around 10% of the total RDC sales value.
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Figure 11: Inventory value index numbers per scenario and internal fill rate – RDCs supply chain part (Base
value: scenario 1, internal fill rate 0,961, target fill rate 0,922)

In Appendix K, Figure 42 shows similar inventory value index number but with scenario 2 and the
current internal and external fill rates as base value, so that relative inventory value reduction of
scenario 3 can be determined with respect to scenario 3. In other words, the potential percentual
decrease in the inventory investment and inventory costs which still remains when an installation
stock policy with central demand pooling is applied in the Sligro supply chain. For internal rate 0,961
and target fill rate 0,922, a potential inventory value reduction over 20% still remains.
In Figure 43 in Appendix K are the inventory value index numbers presented per SKU type to give an
impression of the differences in the required inventory investments and in the inventory costs
among the SKU types. To give an indication of the importance of the different SKU types, Figure 44 in
Appendix K shows a circle diagram of the division of the in-scope BS SKUs over the different SKU
types based on the sales value. It can be concluded that significant differences exist in the required
inventory values between the SKU types, but the SKUs of the type ‘Other’ are o main interest since
these make out the major portion of all SKUs.
If the inventory value index numbers are translated into the absolute inventory values, the absolute
investment and costs reductions can be determined. Again, it should however be noted that these
absolute values are just indicative since future circumstances regarding the demand, assortment and
logistical organization won’t be exactly the same as they were in 2013. The translation of the
inventory value index numbers into the average inventory value and the yearly inventory costs are
shown in Figure 45 and Figure 46 in Appendix K respectively. It turns out that, assuming an internal
fill rate of 0,961 (scenario 1 & 2) and a target fill rate of 0,922, the average Sligro supply chain
inventory investment decreases from € 3,0 million in scenario 1 to € 1,2 million in scenario 2, and to
€ 0,9 million in scenario 3. A proportional decrease can be observed in the early inventory holding
costs: from € 360.000 in scenario 1, to € 150.000 in scenario 2, and to € 110.000 in scenario 3. Thus
the cost savings potential per year of scenario 2 amounts around 210.000 euros and the cost savings
potential of scenario 3 around an additional 40.000 euros. The inventory cost savings potentials, per
scenario and internal fill rate, with respect to scenario 1, internal rate 0,965 and target fill rate 0,985,
are graphically shown in Figure 12.
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Figure 12: Inventory cost savings potential per scenario and internal fill rate (with respect to scenario 1,
internal rate 0,961, target fill rate 0,922) – RDCs supply chain part

As already mentioned in sub-section 5.1.4.2, the number of required inventory weeks is, beside the
average inventory, also an output parameter of interest because it partly contributes to the offered
customer service. Figure 13 shows the number of inventory weeks in the entire Sligro supply chain
per scenario and per internal fill rate (scenario 1 & 2); as presented in Table 13 in Appendix K. As can
be seen, for the internal rate 0,961 and target fill rate 0,922, the average supply chain inventory
decreases from 10,2 inventory weeks in scenario 1 to 3,9 inventory weeks (-62%) in scenario 2, and
to 2,8 inventory weeks (-73%) in scenario 3. Similarly, Figure 47 in Appendix K shows the Sligro
supply chain inventory weeks per SKU type. From that graph it can be concluded that the inventory
weeks greatly differ among the different SKU types. Particularly for the perishable SKU type, the
reduction of the total inventory with 0,8 weeks in scenario 2 compared to scenario 1, and with an
additional 0,9 weeks in scenario 3 (internal rate 0,961, target fill rate 0,922), greatly improves the
offered quality.

Figure 13: Inventory weeks per scenario and internal fill rate – RDCs supply chain part
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Besides to the total supply chain inventory weeks, Table 13 in Appendix K also represents the
number of inventory weeks at the CDC and at the RDCs and the ratio between these stock points.
For the current internal fill rate and target fill rate, the composition of the total number of inventory
weeks per scenario are presented in Figure 14. As for the BSs supply chain part, also for the RDCs
supply chain part it turns out that in scenario 3 the inventory reduction compared to scenario 1
takes place at the CDC; the RDC inventory even more than doubles. Inherently, relatively more
inventory is positioned down-stream at the RDCs (64%), although it is less than for the BSs. Logically,
the internal fill rate is higher than for the BSs supply chain part, it varies between 0,6 and 0,7 for the
different target external fill rates. Similarly to Figure 14, Figure 48 up to Figure 50 in Appendix K
show the inventory positioning per scenario for the perishable, non-food and other SKUs
respectively.

Figure 14: Inventory positioning Sligro supply chain per scenario (target fil rate 0,922) – RDCs supply chain
part

6.3 Total Sligro supply chain
Because initially the main research question concerned the cost savings potential of the entire
(scoped) Sligro supply chain, this section sums up the results of the BSs and RDCs supply chain parts.
Table 5 represents, per scenario and internal fill rate (scenario 1 & 2), the inventory investments and
costs, as well as the indexes and (potential) reductions. As already mentioned before, the absolute
values are just indicative because of the assumptions and simplifications and since future
circumstances regarding the demand, assortment and logistical organization won’t be exactly the
same as they were in 2013.
As can be seen, assuming the current internal fill rates, the inventory value and related costs can be
reduced by approximatively 30% when an inventory management system which applies a central
demand pooling is implemented in the scoped Sligro supply chain. This will save Sligro an inventory
investment of almost eight million and yearly inventory costs of almost one million euros. Moreover,
although the lead time models in section 5.1.3.3 were quite simplistic, an indication exists that the
cost savings potential of an installation stock policy with central demand pooling even increases
when a lower internal fill rate between the CDC and the BSs/RDCs (and also between the RDCs and
EMTÉs) is pursued. An additional 20% potential inventory reduction still remains when an
installation stock policy with central demand pooling is applied. Thus, in the near-optimal situation,
Sligro can approximatively halves the inventory investment to twelve and one-half million euros and
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the inventory holding costs to a bit more than one and a half million euros. The total Sligro supply
chain inventory investment and inventory costs are graphically shown in Figure 51 in Appendix K.

Scenario Internal fill rate
(x € 1.000.000)
Current
1

2

3

Inventory investment
Value
Reduction
25,8
-

Inventory costs
Value
Reduction
3,09
-

Index
100%

0,9

21,9

3,8

2,63

0,46

85%

0,8

19,5

6,2

2,34

0,75

76%

Current

17,9

7,9

2,15

0,94

70%

0,9

17,0

8,8

2,04

1,05

66%

0,8

16,5

9,2

1,98

1,11

64%

Near-optimal

12,6

13,2

1,51

1,59

49%

Table 5: Potential inventory investment reduction and potential cost savings potential total Sligro supply
chain (Target fill rates: BSs 0,985; RDCs 0,922)

Concluding, a yearly cost savings potential of around one million euros entails the implementation of
an installation stock policy with central demand pooling in the scoped Sligro supply chain, and an
additional half a million can still be saved per year when the near-optimal inventory positioning is
pursued. The real (theoretically) potential savings are probably even slightly higher since in the
current evaluations the Sligro supply chain was split into two parts, while in reality less inventory
would be required at the CDC when inventory is held for both supply chain parts together.
Furthermore, when the installation stock policy with central demand pooling or the multi-echelon
inventory control policy is applied optimally, the practical cost saving potentials are probably even
higher than the values presented in this chapter because of deficiencies of the design of the current
inventory management systems. In this research an optimal regular installation stock policy is taken
as benchmark while the current regular installation stock policy is not optimally applied and thus
performs sub-optimally, as argued in Appendix C and section 4.2.

6.4 Cost savings classification
Based on the scatterplots in Figure 52 in Appendix L, it seems that the CDC Q/demand ratio and the
average total daily BS demand do have a clear effect on the relative cost saving potentials of
scenarios 2 and 3 with respect to scenario 1 and 2 respectively. The relative size of the base
replenishment quantity Q seems to have a negative impact on the relative cost saving potential – a
larger Q/demand ratio seems to correspond to a lower potential cost saving. In contrast, the
aggregate BS demand seems to have a positive effect on the cost saving potential; relative more can
be economized on the SKU with a relatively high demand. The plotted linear regression lines in the
other scatterplots are (nearly) flat which indicates that these factor do not directly affect the relative
cost saving potential. Moreover, merely the Q/demand ratio seems to have a major (negative) effect
on the potential cost saving proportion of the second scenario in the total cost saving potential; the
other factors do not seem to have an effect on the potential cost saving division between the
different scenarios.
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The same can also be concluded from the correlation matrix in Table 14 in Appendix L. Only the CDC
Q/demand ratio and the average total daily BS demand show relatively high correlation coefficients
of above 0,1 (underlined) with the different relative cost saving potentials. Furthermore, from the
mutual correlation coefficients of the factors can be concluded that no multicollinearity appears
among the factors; no factor is highly correlated to another factor and can therefore be excluded
from the analysis.
Moreover, also the results of the multiple regression analyses in Table 15 indicate that the
Q/demand ratio and the average total daily BS demand do have a significant individual effect on the
relative cost saving potentials, when corrected for the effect of the other factors. Furthermore, also
the CDC review period and expected CDC lead time seem to have a significant impact on the cost
saving potential of scenario 3 with respect to scenario 1.

Relative cost saving
potentials
Scenario 2
in respect to
scenario 1
Scenario 3
in respect to
scenario 2
Scenario 3
in respect to
scenario 1

CDC
Q/demand
ratio

Average total daily BS demand
HIGH

MEDIUM

LOW

Total

HIGH

-15%

-14%

-17%

-16% *

LOW

-28%

-26%

Total

-27% *

-22% *

HIGH

-19%

-23%

LOW

-38%

-35%

-28%
H

-22% *

-27% *
H

-23%

-23% *

-32%
H

-23%
-35% *

H

Total

-37% *

-31% *

HIGH

-31%

-34%

-36%

-35% *

LOW

-56%

-52%

-51%

-53% *

Total

-53% *

-46% *

-42% *

-46%

Table 6: Relative cost saving potential classification (*

(H)

-27% *

-30%

p < 0,01 (with respect to HIGH))

Keeping in mind these correlations, different classes per factor are defined and explained in the
potential cost saving classification section in Appendix D. Table 16, Table 17 and Table 18 in
Appendix L show per combination of two factors the average cost saving potentials of respectively
scenario 2 with respect to scenario 1, scenario 3 with respect to scenario 2 and scenario 3 with
respect to scenario 1 per class. The darkness of the cell colour indicates the relative size of the cost
savings potential. Furthermore, the average potential cost savings per factor class are represented
and it tested whether this significantly differs from the other class(es) of the same factor. From the
tables can also clearly be observed that only major significant differences in the cost saving
potentials exist between the different classes of the Q/demand ratio and the average total daily BS
demand. All combinations of other factors do not show major (significant) differences in the cost
saving potentials among the different classes. Table 6 above shows the same results again for merely
the combination of the Q/demand ratio and the average total daily BS demand factors, per relative
cost saving potential. Besides, Table 21 in Appendix J gives the proportion of SKUs per factor class
combination. As can be seen in Table 6, HIGH average total daily BS demand results into result into a
significantly higher relative cost saving potential than for MEDIUM and LOW demand. The relative
cost saving potential of scenario 3 with respect to scenario 1 is even significantly higher for MEDIUM
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demand than for LOW demand. Besides, even larger (significant) differences in the relative cost
saving potentials can even be observed between the HIGH and LOW CDC Q/demand ratios. From
Table 6 it can be concluded that, for the cost saving potentials between different scenarios,
relatively most cost savings can potentially be obtained for SKUs with relatively high demand and a
relatively low base replenishment quantity Q. Least cost savings can potentially be obtained, on the
other hand, for SKUs with relatively high demand and a relatively high base replenishment quantity
Q. Besides, from Table 19 in Appendix L it can be concluded that the proportion of the total relative
cost saving potential which can be achieved by applying an inventory control policy with central
demand pooling compared to the total relative cost saving potential merely depends on the CDC
Q/demand ratio; the lower the relative base replenishment value Q, the higher the relative cost
saving potential which can already be obtained in scenario 2.

Average absolute
cost (investment)
saving potentials
per SKU
Scenario 2
in respect to
scenario 1
Scenario 3
in respect to
scenario 2
Scenario 3
in respect to
scenario 1

Average total daily BS demand
CDC
Q/demand
ratio

HIGH

MEDIUM

LOW

Total

HIGH

- €88 (- €733)

- €45 (- €374)

- €78 (- €651)

- €67 (- €557)*

LOW

- €237 (- €1974)

- €103 (- €856)

- €118 (- €987)

H

H

- €145 (- €1207)*

Total

- €224 (- €1867)*

- €84 (- €702)*

- €94 (- €787)*

- €115 (- €960)

HIGH

- €78 (- €650)

- €57 (- €474)

- €39 (- €325)

- €47 (- €392)*

LOW

- €225 (- €1873)

- €95 (- €793)

- €63 (- €528)

- €124 (- €1033)*

Total

- €212 (- €1767)*

- €83 (- €692)*

- €49 (- €407)*

- €95 (- €789)

HIGH

- €166 (- €1383)

- €102 (- €848)

- €117 (- €976)

- €114 (- €949)*

LOW

- €462 (- €3847)

- €198 (- €1649)

Total

- €436 (- €3634)*

H

- €167 (- €1394)*

- €182 (- €1515)
H

- €143 (- €1194)*

- €269 (- €2241)*
- €210 (- €1749)

Table 7: Average absolute cost saving potentials (and absolute investment reduction potential) per SKU per
(H)
cost saving potential class (* p < 0,01 (with respect to HIGH))

Although the relative cost saving potentials provide the possibility to fairly compare the cost saving
potentials of SKUs with different monetary values and give a good understanding of the effect of the
different factors (input variables) on the cost saving potentials, what actually counts for Sligro are
the absolute, monetary cost saving potentials (and investment reductions). Therefore, also the cost
prices of the SKUs should be considered in the classification. As can be seen in Table 20 in Appendix
J, large significant differences exist in the average cost prices of the different class combinations of
the Q/demand ratio and the average total daily BS demand. SKUs with a HIGH Q/demand ratio and a
HIGH aggregate BS demand have a relatively low value of on average of 2,7 euros, while SKUs with a
LOW Q/demand ratio and a LOW aggregate BS demand have a value which is on average almost five
times larger (12,9 euros). Taking into account these cost prices results into the average absolute
yearly cost saving potentials (and inventory investment reductions) per SKU presented in Table 7. As
can be seen, the inclusion of the cost price aspect results into even greater (significant) differences
in the cost saving potentials between the different factor class combinations. Again, most savings
can be achieved on SKUs with HIGH aggregate BS demand and a LOW Q/demand ratio; about two
times the total average cost saving potential over all SKUs. However, the relative differences among
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the other factor class combinations are not that large as for the relative cost saving potentials. It
seems that absolutely least can be saved on the SKUs with a HIGH Q/demand ratio and a LOW to
MEDIUM aggregate BS demand.
In addition to the above analysis of the combination of two factors, also the differences in relative
cost saving potentials among class combinations of three factors are analysed. However, no new
significant major differences were found in the potential relative cost savings than the already found
differences between the Q/demand ratio classes and the average total daily BS demand classes. For
the relatively great deviations in relative cost saving potentials that were found, it turned out that at
least one factor class combination was based on a very small number of observations and therefore
the differences were not significant. Thus, this analysis does not reveal any new insight on the effect
of (combinations of) the different factors on the relative cost saving potentials.
Hence, it can be concluded that the factors which have a major significant effect on the cost saving
potentials are the (aggregate) demand and the relative size of the base replenishment quantity Q. It
turns out that most can be saved – both absolute and relatively – on SKUs with a relatively high
(aggregate) BS demand and a relatively low base replenishment quantity Q at the CDC.
Notwithstanding, the application of an integrated inventory policy seems to be beneficial for all
combinations of (aggregate) demand and base replenishment quantity; even for SKUs with a
relatively high demand and relatively high base replenishment quantity the potential cost savings
seems no to be negligibly small. As already stated before, the use of (minimal) order quantities limits
the possibility and the effectiveness of inventory allocation over a supply chain (Axsäter, 2003). The
higher benefit for SKUs with a relatively low base replenishment quantity can be explained by the
reasoning that for SKUs with a relatively high Q the average inventory levels mainly depend on the
relatively high Q value instead of the required safety stock and therefore another inventory control
policy has less impact. For SKUs with a relatively low Q, replenishment orders are placed more
frequently in smaller amounts and thus the average inventory levels are more dependent on the
safety stock levels and thus on the inventory control policy. Therefore, relatively higher cost (and
investment) reductions can probably be realized for SKUs with a relatively low base replenishment
quantity Q (or MOQ).
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7. Conclusion & recommendation
Although the current customer performance for the in-scope SKUs and stock points is satisfactory, it
turns out that this performance is not realized by an autonomous functioning of the current
combination of ABS and the Slim4 inventory management system. A significant degree of manual
order advice adaptations by inventory managers at the different Sligro stock points distorts the
intended functioning of ABS and Slim4 and thereby probably also affects the (indirect) customer
service levels and (average) inventory levels. Therefore, it can be concluded that the current regular
installation stock policy is not set optimally and does still have room for improvement in itself. To
fulfil this opportunity, the reasons underlying structural order advice adaptations should be
identified and translated into appropriate system parameter settings. As stated by Van Donselaar et
al. (2010), it takes effort and process discipline to maintain the full capability of an inventory
management system. Besides, accidental adaptations to the order advice without discernibly logical
reasons should be avoided. Then, ABS and Slim4 can function primarily autonomously and achieve a
stable target service level. Of course, an inventory manager can accidentally still correctly intervene
in the replenishment process if an inventory management system incidentally generates an order
advice of which an inventory manager on forehand knows that this amount is insufficient to fulfil
demand or causes a surplus in inventory in the coming period. Besides to the parameter settings, in
particular for ABS, relatively simple adaptations to the logic underlying the current inventory
management systems can probably also induce a significant improvement in terms of performance
and required inventory levels, without abandoning the regular installation stock policy. Although not
subject of this research project, two examples of obvious adaptations to ABS are the determination
of a safety stock per SKU instead of a number of safety days per article group and the application of
a seasonal index in the demand forecast per SKU. Currently, a number of safety days is determined
per article class for which the average daily demand should be held as inventory per SKU while it
would probably much more convenient to use a safety stock on SKU level which is based on the
demand variability of a SKU. Dankers (2012) already suggested that the accuracy of the ABS demand
forecasts could significantly be improved if seasonal indexes are applied on SKU level instead of
article class level. Thus, in conclusion, the potential benefit of the application of another inventory
control policy in the Sligro supply chain does not merely result from the application of the other
policy but also partly from a sub-optimal functioning of the current regular installation stock policy.
Hence, even when the management of Sligro decides not to apply another inventory management
policy (soon), adaptations to the current inventory management systems can probably already result
into inventory holding cost reductions.
As expected, central demand pooling at the CDC in the Sligro supply chain – which implies aggregate
demand forecasting based on shared down-stream demand data – indeed results into a lower
demand uncertainty at the CDC for nearly all SKUs. The average volatility of the aggregate demand
at the CDC amounts even only roughly half of the average volatility of the actual incoming CDC
demand. Assuming unchanged internal and external fill rates, this reduction in CDC demand
variability results into a 27% decrease in inventory investment and inventory holding costs in the BS
supply chain part, and even up to a 58% decrease in the RDC supply chain part, with respect to the
benchmark scenario. Although the relative cost saving potential in the RDC supply chain part is
double the relative cost saving potential in the BS supply chain part, due to the limited number of inscope SKUs the absolute potential cost saving of € 210.000 in the RDC supply chain part is relatively
small compared to the € 730.000 potential holding cost reduction in the BS supply chain part. The
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relative and absolute cost saving potentials of the application of an installation stock policy with
central demand pooling in the Sligro supply chain can even be amplified if moreover a lower internal
fill rate is pursued by the CDC. Illustratively, an additional approximatively € 170.000 holding cost
reduction can be realized when the internal fill rate between the CDC and the BSs and RDCs is
lowered to 0,8 in the demand pooling scenario, which equals a relative cost saving potential of 36%
compared to the benchmark scenario. However, pursuing a lower internal fill rate should
thoughtfully be introduced in the Sligro supply chain since it highly impacts the (average) required
inventory levels at the downstream locations. Therefore, first the distribution of the delay of the
missed demand should be determined so that it can be incorporated in the calculation of the
reorder levels of the BSs and RDCs. As said before, in this research relatively simple lead time models
(3 and 6) are used. However, it is advised to Sligro to adopt more representative probability
distributions or even empirical distribution to represent the delay which would result into more
reliable estimation of the lead time average and variation and thus into more realistic reorder levels
at the BSs and RDCs.
Although the application of an installation stock policy with central demand pooling in the different
Sligro supply chain parts can already result into a significant reduction in the holding costs, even
more cost savings can potentially be realized when the optimal situation is pursued. Assuming an
unchanged external target fill rate in the demand pooling scenario, potential relative cost savings of
25% and 20% still remain with respect to the demand pooling scenario for the BS and RDC supply
chain parts respectively. These potential cost saving percentages absolutely equal potential holding
cost reductions of € 610.000 and € 40.000 for the BS and RDC supply chain part respectively. Thus,
with respect to the benchmark scenario, the Sligro inventory holding costs can roughly be halved
from three million euros per year to one and a half million euros in the optimal scenario. In line with
the expectations, these additional diminutions in the supply chain wide inventory levels can be
realized by positioning the major proportion of the total inventory of a SKU downstream in the Sligro
supply chain at the BSs and RDCs. To determine the (near-)optimal inventory positioning per SKU,
integral replenishment decisions should be taken for each stock points based on the demand and
supply characteristics of all stock points. Hence, inherently, a high degree of information sharing in
the Sligro supply chain is required.
No doubt the above mentioned potential holding cost reductions are substantial. Notwithstanding,
to make the transition to another inventory control policy in the Sligro supply chain worthwhile, the
holding cost savings should outweigh the initial expenditures and (additional) operational costs of
the application of another inventory control policy. Initial expenditures comprise the costs related to
adaptation of the current inventory management system(s) to make it suitable to share information
required to apply integral inventory management, or costs associated with the purchase and
implementation of a new inventory management system which is able to facilitate the application of
central aggregate forecasting or even optimal multi-echelon inventory control. Besides, the
application of another inventory control policy (and possibly also another inventory management
system) also affects operational costs regarding inventory handling and transportation and the salary
costs of operational inventory planners since less planners may be needed. Thus, the impact of the
application of an installation stock policy with central demand pooling or an optimal multi-echelon
inventory control policy on these cost factors should firstly also be examined before the application
of one of these policies can deliberately be considered. Moreover, the practical realizability of the
theoretically found holding cost reductions, which are based on multiple simplifications an
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assumptions regarding reality, should first be validated. Otherwise, the actual service levels could
(highly) deviate from the targeted service levels, as often observed in reality by De Kok & Graves
(2003).
Therefore, the recommendation to the heads of the Sligro inventory management department is
twofold: firstly, examine the suitability of the existing and other inventory management systems to
accurately apply the installation stock policy witch central demand pooling and the optimal multiechelon inventory control policy; secondly, set up a pilot project regarding the application of another
inventory control policy to validate the theoretical holding cost saving potentials and to determine
the impact on other inventory control related activities and costs. An integrated inventory
management system should be implemented in the Sligro supply chain in order to facilitate the
information sharing among all stock points required for the application of central demand pooling or
optimal multi-echelon inventory control. As already explained in section 5.2, in the demand pooling
scenario downstream demand data should be communicated with the CDC; in the optimal multiechelon scenario moreover the characteristics with regard to the review period, lead time, order
quantity and target fill rate of all stock points should be available centrally. The Slim4 inventory
management system currently used at the CDC is suitable to apply an installation stock policy at the
CDC with demand pooling; it is able to use downstream demand information as input to set the CDC
reorder levels. However, to do so, the current ABS used at the BSs and RDCs should be adapted and
both systems should be connected such that the demand information can appropriately be shared
with Slim4. An alternative solution would be to implement a new inventory management system at
all stock points which is designed to apply an integrated inventory management policy. Many
inventory management systems are available with each their strengths, weaknesses and costs. An
additional advantage of the implementation of a more sophisticated inventory management system
would be that the shortcomings of ABS, as some explained at the beginning of this chapter, are also
immediately overcome. The decision to implement a new inventory management system based on
central demand pooling or on a multi-echelon approach should be made based on the expected
added value, the available budget and expected payback period, the (temporarily) required and
available amount of extra effort and resources, and the extent to which the Sligro inventory
management is currently ready to adopt another inventory management system in terms of current
insight in the supply chain and data availability.
Although many different inventory management systems can be opted, since Slim4 is already used
at the CDC and a pilot-project has been started at BS Gilze, it is most obvious for Sligro to adopt
Slim4 and implement it supply chain wide. However, Slim4, as well as most other inventory
management systems, is only able to share downstream demand information and base central
reorder levels thereon, but not to make supply chain wide analyses to determine the most
appropriate reorder levels for all stock points. In other words, Slim4 is designed to apply the
installation stock policy with central demand pooling. Furthermore, the logic underlying Slim4 and
most other inventory management systems does generally not result into (near-)optimal reorder
levels, as exactly derived by DoBr for the backordering situation in this research. Therefore, besides
the implementation of an integrated inventory management system, it is also advised to consider
the use of a separate tool, such as DoBr, to manually set the most appropriate reorder levels per
SKU. Otherwise, the cost saving potential can still be confined.
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Subsequently, when it is decided to adapt ABS or to adopt another suitable inventory management
system, it is advised to first execute a pilot-project with respect to its implementation. This pilotproject should have the aim to validate the (theoretical) potential holding cost reductions found in
this research and to determine the impact of the application of another inventory control policy on
other logistics related cost factors. The potential cost savings found in this project are based on a
model of the real Sligro supply chain and are therefore based on several assumptions and
simplifications regarding reality. As a result, the actual potential cost savings probably deviate from
the values found in this research. It is especially important to empirically investigate the impact of
the lower internal service levels on the distribution of the internal lead times and the resulting
realized customer service levels. The observed means and variations in the internal lead times can
be used to (iteratively) refine the parameter setting of the downstream locations in order to achieve
the target customer service level at least inventory holding costs. Besides, the effect of inventory
allocation at the CDC in case of an inventory shortage on the performance of the downstream stock
points should be closely examined. Especially when lower internal fill rates are pursued, the
inventory allocation at the CDC is of greater importance because inventory shortages occur more
frequently. Furthermore, a change in the inventory control policy and resulting replenishment
decisions also affects inventory handling operations and transportation and the associated costs.
Moreover, when the system parameters are properly set, probably less inventory planners are
needed at the different stock points than currently is the case. On occasion of all these uncertainties,
it is advised to first apply the new inventory control policy (and inventory system) on a small-scale in
the form of a pilot-project preparatory to the actual decision to implement it supply chain wide.
Moreover, as claimed by Axsäter (2003), responsible managers find it quite difficult and risky to
replace an existing simple inventory management system by a new relatively advanced system and
therefore it may be appropriate to implement a new inventory management system first for a small
number of representative items and/or stock points and then slowly improve it and apply it on more
items and stock points. It is advised to execute the pilot for a selected set of fast moving SKUs with a
relatively high average demand and relatively low external Q/MOQ, since the differences in
inventory levels and related inventory costs are expected to be most apparent for these SKUs.
Furthermore, it is advised to apply the pilot merely on the BS supply chain part because it is most
likely that a new inventory control policy is anyway applied at the BSs since the major proportion of
the BS assortment is supplied via the CDC instead of the minor proportion for the RDC assortment.
Hence, SKUs should be selected for the pilot which are held as inventory at the CDC merely to supply
the BSs so that the impact of the application of another inventory control policy can totally be
compassed. When the actual holding cost reductions and the effect on other cost factors are
determined, the actual added value of the adoption of an integrated inventory control policy in the
Sligro supply chain can be ascertained and a deliberate decision on a Sligro supply chain (part) wide
implementation can be taken. The proposed pilot-project differs from the current Slim4 pilot-project
at BS Gilze in the sense that the proposed project is able to capture the full cost saving potential of
the application of an integrated inventory control policy. As found in this research, substantially all
cost savings are achieved at the CDC while the (average) inventory levels at the BSs and/or RDCs stay
almost the same. Thus, the application of Slim4 at BS Gilze is not expected to result into a holding
cost saving at BS Gilze and its impact on the total CDC inventory is expected to be negligible. The
proposed pilot-project, on the other hand, should be applied on all BSs and on SKUs which merely
belong to the BS assortment so that the full potential holding cost reduction can be observed at the
CDC.
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When the outcomes of the proposed pilot-project are satisfactory, the consecutive step is the fullscale implementation and operationalization of the new inventory management policy/system.
Inherent to the application of another integrated inventory control policy is a change in the daily
operations executed by the inventory planners in the Sligro supply chain. As already mentioned
above, Sligro should strive to optimally set the inventory system parameter settings per SKU such
that manual adaptations to the generated replenishment orders are minimized to occasional
emergencies. Inherently, the activities executed by the inventory planners should change from
structurally intervene in the replenishment process to primarily monitor the autonomous
functioning of the (new) inventory management system and ‘maintain’ the parameter settings of the
different SKUs according to renewed circumstances. Moreover, a change should take place in the
management and control of the inventory planners. Firstly, the inventory planners at all stock points
should be assessed based on how well they ‘maintain’ the parameter settings and thus enable an
autonomous functioning of the inventory management system. Secondly, the inventory planners at
the CDC should no longer primarily be assessed based on the realized internal fill rates. In the
current installation stock situation the inventory planners at the CDC strive to meet all incoming
demand and be assessed based thereon. In the demand pooling and multi-echelon scenarios,
however, the (average) on-hand inventory levels at the CDC are no longer sufficient to immediately
fulfil (nearly) all incoming orders. Of course, the objective should still be to fulfil as much incoming
demand from stock as possible given the limited amount of inventory, but of greater importance is
the timing of the fulfilment of the backorders. In order to minimize the required inventory levels at
the RDCs and/or BSs, the inventory planners at the CDC should strive to minimize the mean and
particularly the variation of the internal lead times. Thus, an additional performance measure for the
CDC inventory planners could become the average delay in the backorder fulfilment and even the
variation of this delay. An alternative would be to measure the CDC inventory planners’ performance
as the percentage demand which is fulfilled within a certain number of days after the order is
placed, instead of the percentage of the demand which can immediately be fulfilled from stock – the
fill rate. Notwithstanding, once again, these performance objectives should primarily be achieved by
an intended functioning of the new inventory management system, which can be influenced by the
inventory planners by adapting the parameter settings per SKU. The same holds for the inventory
planners at the BSs and RDCs; they should also partly be assessed based on the ‘maintenance’ of the
parameter settings of the inventory management system and partly on the realized customer service
levels. However, when they are unable to fulfil customer demand because of insufficient supply of
SKUs through no fault of their own, they should not be held accountable. Besides, instead of defining
a new general performance measure per planner, it is advised to define a target fill rate per SKUcustomer combination at the BSs and RDCs and to define a target value for the new performance
measure(s) at the CDC per SKU. Not all SKUs have the same importance for different customers and
therefore also the required internal service levels differ per SKU. Then, an inventory planner should
be assessed based on the overall degree to which it achieves the different performance targets and
on the (average) relative deviation from these targets.
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8. Limitations and future research
As already mentioned before, the results presented in chapter 6 depend on assumptions and
limitations which constitute limitations to the conducted research. Although these limitations are
already – implicitly or explicitly – stated throughout the report, these are briefly summed up in this
chapter in order to provide a comprehensive overview. Besides to the research limitations,
moreover suggestions for future research are stated.

8.1 Research limitations
The research limitations can be classified into limitations related to the scope of the project, the
research design and the data. These three types of research limitations are consecutively explained
in this section.
As explained in section 2.2, the scope of the project is confined to only the CDC, BSs and RDCs while
the actual Sligro supply chain also comprises the ZBs, EMTÉs and Van Hoeckel. Especially in the ZBs,
the application of an integrated inventory control policy probably results into significant cost saving
potentials as well. Thus, the current research does probably not comprise the full potential of the
application of an integrated inventory control policy. Moreover, the current supply chain design is
taken for granted. This implies that for all the in-scope SKUs it is assumed that it is best to hold
inventory at both the CDC and the BSs and/or RDCs, and vice versa for the out-scope SKUs. However,
it is not examined per in-scope SKU whether it is actually most appropriate to hold inventory at the
CDC instead of direct supply to the BSs and/or RDCs without keeping inventory at the CDC.
Rationally, it could be the case that for some SKUs that the additional cost of keeping inventory at
the CDC does not outweigh the benefit of central inventory. The same holds for the review periods
at the BSs and RDCs which are considered as externally given. Furthermore, capacity constraints to
the different stock points are ignored, while they definitely do have effect on the inventory control.
Furthermore, also the number of order moments per week per SKU and the agreed on MOQs and/or
Qs with external suppliers are considered to be fixed although these can possibly be changed when
appropriate. Implicitly, it is moreover assumed that the supply chain design, assortments and all SKU
characteristics remain unchanged, although this is no realistic assumption since Sligro operates in a
dynamic environment. The precise benefits of the application of an integrated inventory control
policy also depend on these changes. Lastly, the scope of this project merely comprises the holding
costs while ignoring the handling and transportation costs. As already mentioned in the
recommendation above, change in the inventory control probably also affect these cost aspects and
these should therefore also be considered when deciding to implement an integrated inventory
management system or not.
As extensively explained in chapter 5, the research design comprises many assumptions and
simplifications regarding the real situation which limit the reliability of the results. Firstly, an optimal
functioning of the installation stock policies is assumed while in reality is seems to be impossible to
optimally apply an inventory control policy. Possibly, the optimal functioning of an inventory control
policy is possibly even inappropriate if it has a major negative affect on other operations such as
handling and transportation. Besides, the optimal regular installation stock policy is taken as
benchmark for the determination of the cost saving potentials instead of the real situation. This
implies that the actual potential cost savings are probably even higher. Secondly, for the sake of the
research, the Sligro supply chain – and thus the CDC – is divided into a BS part and a RDC part. Thus,
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the interactive affect between both supply chain parts is ignored. Thirdly, regular demand is
assumed for all SKUs and thus the impact of promotions on the inventory is ignored while this
logically has a significant impact. Fourth, the perishability of the SKUs is ignored in the evaluation of
the different scenarios. In other words, in the determination of the reorder levels is not accounted
for the shelf life of the SKUs and no trade-off is made between spoilage and missed sales. Fifth, a
backordering situation is assumed for the (indirect) customer demand at the BSs and RDCs, while in
reality excess demand is usually lost. Although the bias is expected to be small for the high fill rates
and the three scenarios are all affected to the same extent, though the results are probably slightly
distorted. Sixth, one identical target service level is defined for all SKUs – and implicitly also for all
customers – while in reality a certain SKU can be more important for certain customers than others
and therefore differences may exist in the required service levels among SKUs and customers.
Seventh, in the evaluations no internal Qs and MOQs are assumed, while in reality these do exist to
control the impact on handling. Furthermore, in the installation stock policies, merely three different
internal target fill rates are evaluated while the most appropriate internal service level is unknown
and can iteratively be found. Eighth, the used correction factors for the demand variation have
meanwhile become obsolete. A more accurate correction factor is suggested by Syntetos & Teunter
(2014) which also includes a lead time effect. Ninth, the evaluation is based on a sub-sample of 1500
SKUs. However, the sample is expected to be large enough to provide reliable results. Tenth, for the
sake of the research, average review periods are used in the evaluations instead of the actual order
days per week; the expected supplier lead time is averaged over the different lead times per order
moment; simplistic models are used to determine the variation in the lead times; a theoretical
demand distribution which is based on only two moments is adopted to represent the actual
demand pattern; and the average inventory levels are approximated instead of exact calculated by
taking an integral. Eleventh, the current parameter values for the number of order moments, lead
times, MOQs and base replenishment quantities are used in the evaluations instead of the historical
values which correspond with the demand data period. Twelfth, although it is expected to be
acceptably low, the exact impact of the balance assumption on the results is unknown. Thirteenth,
the critical values for the factor classes are subjectively chosen without a clear reasoning and
therefore the results per class are just indicative. Lastly, two different tools are used for the
evaluation of the scenarios with each their own logic and limitations which affect the outcomes of
the evaluations. The differences between the evaluation of the three scenarios (and both tools) are
schematically represented in Appendix M.
The availability and reliability of the data also puts limitations to the research. First of all, it seems to
be impossible to simply identify the in-scope SKUs – SKUs for which inventory is hold at both the CDC
and the BSs and/or RDCs. Hence, the in-scope SKUs are identified quite cumbersomely and the
selection is therefore probably not highly accurate. This also implies that the inventory managers
themselves do probably not have a clear picture of the current supply chain design and the
reasoning behind. Secondly, no long term records are kept of historical daily inventory data and
(adaptations to) the order advices. Therefore, the historical performance cannot precisely be
determined and no detailed analysis are possible. For example, the average inventory levels are
determined based on the Sunday values. Thirdly, merely one year sales data is used for the
evaluations of the different scenarios which implies that it is impossible to statistically test for
seasonality. Hence, seasonality is ignored in the research, while it can have a serious impact on the
inventory control and average inventory levels. Lastly, and probably most important, the inventory
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managers at the Sligro head quarter do not deem the data very reliable and also during the project
discrepancies are found in the data.

8.2 Suggestions for future research
The research limitations presented in section 8.1 inherently provide opportunities for future
research. Moreover, during the course of the project also other issues appeared to be interesting to
examine more deeply in future research. Hence, this section briefly suggests future research
directions with respect to the inventory management in the Sligro supply chain.
As already mentioned in the recommendation in chapter 7, also the handling and transportation cost
components should be considered when deciding to apply an integrated inventory control policy.
Although it is suggested to start a pilot-project to determine the impact on these cost components,
another possibility would be to conduct a more comprehensive analysis of (a part of) the Sligro
supply chain which does also include the handling and transportation aspects in the optimization.
Then, the actual benefit of the application of an integrated inventory control policy can more
accurately be determined. Besides, future research could be conducted to develop an appropriate
inventory allocation rule for the CDC. Furthermore, future research can also focus on the
applicability and the benefit of an integrated inventory control policy on the ZB supply chain part
since it is expected that this supply chain part also has a significant holding cost reduction potential.
Moreover, as already mentioned in section 8.2, for the in-scope SKUs it is also questionable whether
keeping inventory at the CDC is appropriate or not. Therefore, it would be interesting to examine for
which SKUs it is beneficial to keep central inventory at the CDC and for which SKUs it is more
beneficial to supply directly to the BSs and/or RDCs and hold no inventory at the CDC. The last
suggestion for future research regards the order advice adaptations. To overcome the current high
degree of order advice adaptations, first the underlying reasons should be identified. Then, these
reasons can possibly be incorporated in the inventory management systems so that it is no longer
necessary to structurally adapt the order advices, which would probably result into more stable
service levels and less required effort from the inventory planners.
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Appendix A: Dutch management summary
Probleembeschrijving
Het ABS en het Slim4 voorraadmanagementsysteem generen momenteel bevoorradingsbeslissingen voor elk voorraadpunt in de Sligro supply chain afzonderlijk, slechts gebaseerd op de
lokale voorraadniveaus, verkoopverwachtingen en bevoorradings- en bezorgingsvoorkeuren. Met
het oog op supply chain efficiëntie en de tekortkomingen van dit decentrale voorraadbeheer, wordt
het waardevol geacht om te onderzoeken of dat een intensievere focus op informatiedeling in de
Sligro supply chain resulteert in lagere cumulatieve voorraadniveaus in de supply chain en dus in
lagere voorraadkosten. Dit onderzoeksproject is daarom gestart om na te gaan wat (theoretisch
gezien) de potentiële kostenbesparing is van de toepassing van een installation stock policy met
central demand pooling in de Sligro supply chain in vergelijking tot de huidige toepassing van een
‘reguliere’ installation stock policy, en om na te gaan hoeveel kostenbesparing dan potentieel nog
behaald kan worden door het toepassen van een (bijna-)optimale multi-echelon inventory control
policy in de Sligro supply chain. Een installation stock policy met central demand pooling houdt in
dat, hoewel bevoorradingsbeslissingen nog steeds voor elk voorraadpunt individueel worden
genomen, vraagdata van de BS’s en RDC’s wordt gebruikt om de benodigde voorraadniveaus van het
centrale warehouse te bepalen. Daarnaast is ook onderzocht hoe de potentiële kostenbesparingen
van de central demand pooling en multi-echelon policies verschillen onder verschillende artikelen.
Met andere woorden, de impact is bepaald van vraag- en aanbod-gerelateerde artikeleigenschappen
op de potentiële kostenbesparing.

Probleemscope
Alleen voorraadpunten waar geen “commercieel spel” plaatsvindt zijn opgenomen in dit
onderzoeksproject; de in-scope voorraadpunten zijn dus het CDC, de RDC’s en de BS’s. Bovendien
zijn alleen artikelen beschouwd waarvoor zowel voorraad wordt aangehouden op het CDC als op de
RDC’s en/of BS’s omdat informatiedeling alleen een rol speelt in multi-echelon systemen. Daarnaast
is enkel het opslag-component van de drie-eenheid transport-opslag-handling meegenomen in dit
onderzoeksproject zonder de impact op de andere twee componenten na te gaan.

Probleemanalyse
In totaal vallen 11.449 verschillende stock-keeping-units (SKU’s) in de scope van dit project, waarvan
1.310 SKU’s tot het assortiment van de RDC’s behoren en 10.472 SKU’s tot het assortiment van de
BS’s. Voor het RDC, dit is in zowel aantal als in waarde grofweg slechts 10% van het gehele
assortiment, terwijl het voor de BS’s bijna 35% uitmaakt van het gehele assortiment en 70% van de
totale verkoopwaarde. Voor de in-scope SKU’s blijkt in 2013 een fill rate van 98,7% gerealiseerd voor
de BS-klanten en de RDC’s hebben een service level van 92,2% gerealiseerd. De interne service levels
van het CDC naar de BS’s en RDC’s waren gelijk aan ongeveer 96%. Deze interne service levels vanaf
het CDC én van de RDC’s naar de EMTÉ’s zijn bijzonder hoog en kunnen naar verwachting significant
naar beneden worden gebracht zonder een negatief effect te hebben op de service van de EMTÉ
supermarkten. Bovendien blijkt dat er gemiddeld zo’n 45 miljoen euro is geïnvesteerd in de
voorraden van de in-scope SKU’s, wat gelijk staat aan gemiddeld acht weken voorraad in de Sligro
supply chain. Van deze voorraad bevindt zich 48% stroomafwaarts in de BS’s en RDC’s, en de andere
52% bevindt zich stroomopwaarts bij het CDC. Het kan dus worden geconcludeerd dat relatief veel
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voorraad wordt aangehouden op het CDC, terwijl dit niet direct bijdraagt aan de geleverde service
aan de klanten.
Deze huidige supply chain prestatie resulteert niet slechts van het beoogd functioneren van ABS en
Slim4. Het is ook gebleken dat de voorraadmanagers van de RDC’s en BS’s gemiddeld 16% van de
ABS-orderadviezen aanpassen, en dat op het CDC 36% van de orderadviezen gegenereerd door
Slim4 handmatig wordt aangepast. Deze aanpassingen van de orderadviezen verbloemen de
prestatie die zou zijn behaald als ABS en Slim4 autonoom zouden hebben gefunctioneerd omdat
deze orderadvies-aanpassingen zowel een positief als negatief effect kunnen hebben op de service
en voorraadkosten.

Onderzoeksdesign
In overeenstemming met het onderzoeksprobleem zijn er drie scenario’s gedefinieerd. Het
benchmark scenario omvat de toepassing van de (R,S)-policy bij de BS’s/RDC’s en de (R,s,nQ)-policy
bij het CDC. Het demand pooling scenario bootst een soortgelijke situatie na als in het benchmark
scneario, alleen dan is de logica van aggregaat-voorspelling toegepast bij het CDC. Deze twee
installation stock policy scenario’s zijn geëvalueerd met de DoBr tool. Het derde scenario imiteert
een situatie waarin een echt multi-echelon voorraadmanagement policy is toegepast in de Sligro
supply chain. Dit scenario is geëvalueerd met de ChainScope tool. De relatieve reducties in de
voorraadinvesteringen en de voorraadkosten voor de twee laatstgenoemde scenario’s zijn bepaald
door de voorraadwaarden per scenario/interne fill rate/target fill rate combinatie uit te drukken als
indexwaarde met de voorraadwaarde van de regular installation stock policy met gelijkblijvende fill
rates als basiswaarde. De absolute potentiële kostenbesparingen zijn simpelweg bepaald door totale
voorraadkosten van het tweede en derde scenario af te trekken van de totale voorraadkosten van
het eerste benchmark scenario. De beschouwde output-maten zijn naast de geldelijke waarden van
de voorraadinvesteringen en voorraadkosten, ook het aantal voorraad-omloopweken, omdat deze
impliciet ook invloed hebben op de geboden kwaliteit door Sligro.
De doelstelling van de evaluatie van elke inventory policy is om de som van de totale voorraadkosten
over alle in-scope voorraadpunten en SKU’s te minimaliseren. Dus de (gemiddelde) voorraadniveaus
zijn impliciet de beslisvariabelen van het optimalisatieprobleem. De RDC en BS supply chain delen
zijn afzonderlijk geëvalueerd zodat the potentiële kostenbesparing per supply chain deel wordt
verkregen en een mogelijke implementatie van een geïntegreerd voorraadmanagementsysteem
apart kan worden overwogen voor de retail-keten en BS-keten. De evaluaties zijn gebaseerd op een
steekproef van 1200 SKU’s uit het BS-assortiment en 300 SKU’s uit het RDC-assortiment, waarvoor
vraag en aanvoer data beschikbaar was over geheel 2013. De inputvariabelen die mee worden
genomen in de optimalisatie van de (gemiddelde) voorraadniveaus vormen de beperkingen tot het
probleem. Logischerwijs zijn allereerst de target customer fill rates gedefinieerd per SKU, als ook de
interne target fill rates voor de evaluatie van de installation stock policies. Daarnaast zijn ook de
review periods en de verwachtingen en varianties van de lead times opgenomen in de evaluaties.
Bovendien zijn ook minimale bestelhoeveelheden (MOQ’s) en vaste bestelhoeveelheden
meegenomen. Ten slotte is de vraag per SKU gekarakteriseerd bij de gemiddelde vraag per dag en de
voorspellings-gecorrigeerde variantie van de dagelijkse vraag. Defactoren die zijn meegenomen in de
classificatie van de potentiële kostenbesparing zijn de CDC review periode, de gewogen gemiddelde
review periode van de BS’s/RDC’s, de gemiddelde CDC lead time, de variatiecoëfficiënt van de CDC
lead time, de relatieve vaste bevoorradingshoeveelheid, en gemiddelde totale dagelijkse vraag van
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een SKU. Per factor zijn een HOOG en LAAG klasse gedefinieerd en vervolgens is er getest of dat er
significante verschillen konden worden gevonden in de potentiële kostenbesparingen tussen
verschillende combinaties van klassen van factoren.

Resultaten
Zoals verwacht resulteert aggregaat vraagvoorspelling gebaseerd op down-stream vraag data
inderdaad in een lagere voorraad onzekerheid bij het CDC voor nagenoeg alle SKU’s. De gemiddelde
volatiliteit van de aggregaat vraag bij het CDC bedraagt ruwweg zelfs maar de helft van de volatiliteit
van de werkelijke binnenkomende CDC vraag. Uitgaande van onveranderde interne en externe
service graden resulteert deze reductie in de vraag variabiliteit in een 27% afname in de
voorraadinvesteringen en voorraadkosten in het BS supply chain deel, en zelfs tot een afname van
58% in het RDC supply chain deel, ten opzichte van het benchmark scenario. Hoewel de relatieve
potentiele kostenbesparing van het RDC supply chain deel het dubbele bedraagd van het BS supply
chain deel, is de absolute potentiële kostenbesparing van € 210.000 in het RDC supply chain deel
relatief klein vergeleken met de € 730.000 potentiële kostenafname in het BS supply chain deel door
het beperkte aantal in-scope SKU’s van het RDC assortiment. De relatieve en absolute potentiële
kostenbesparingen van de toepassing van een installation stock policy met central demand pooling
in de Sligro supply chain kunnen worden versterkt als bovendien een lagere interen target fill rate
wordt nagestreefd door het CDC. Ter illustratie, een extra voorraadkostenvermindering van
ongeveer € 170.000 zou kunnen worden gerealiseerd wanneer de interne fill rate tussen het CDC en
de BS’s en RDC’s zou worden verlaagd naar 0,8 in het demand pooling scenario, wat gelijk is aan een
relatieve potentiële kostenbesparing van 36% vergeleken met het benchmark scenario.
Bovendien, zelfs meer kostenbesparingen zouden potentieel kunnen worden gerealiseerd in de
verschillende Sligro supply chain delen als een optimale situatie zou worden nagestreefd. Uitgaande
van een onveranderde externe target fill rate in het demand pooling scenario, potentiële relatieve
kostenbesparingen van 25% en 20% blijven nog steeds mogelijk ten opzichte van het demand
pooling scenario voor de BS en RDC supply chain delen respectievelijk. Deze percentages potentiële
kostenreducties zijn in absolute zin gelijk aan potentiële voorraadkostenafnamen van € 610.000 voor
het BS supply chain deel en € 40.000 voor het RDC supply chain deel. Dus ten opzichte van het
benchmark scenario kunnen de Sligro voorraadkosten ruwweg worden gehalveerd van drie miljoen
euro per jaar naar een anderhalf miljoen euro per jaar in het optimale scenario. In lijn met de
verwachtingen, deze extra vermindering in de supply chain-wijde voorraadniveaus kunnen worden
gerealiseerd door het grootste gedeelte avn de totale voorraad van een SKU down-stream in de
Sligro supply chain te positioneren op de BS’s en RDC’s.
Daarnaast kan worden geconcludeerd dat het meeste kan worden bespaard – absoluut en relatief –
op SKU’s met een relatief hoge (aggregaat) vraag en een relatief lage vaste bestelhoeveelheid Q bij
het CDC.

Aanbeveling
Hoewel de bovengenoemde potentiële kostenreducties substantieel zijn, moeten deze besparingen
opwegen tegen de initiële uitgaven en additionele transport en handling kosten die de toepassing
van een andere inventory control policy met zich meebrengen om een dergelijke transitie in de Sligro
supply chain de moeite waard te maken. Daarom is de aanbeveling naar de hoofden van de Sligro
voorraadmanagement-afdeling tweeledig: onderzoek allereerst de geschiktheid van de huidige en
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andere voorraadmanagementsystemen om de installation stock policy met central demand pooling
of de optimal multi-echelon inventory control policy accuraat in de Sligro suply chain toe te passen;
en ten tweede, zet een pilot project op met betrekking tot de toepassing van een andere inventory
control policy om de gevonden theoretische potentiële kostenbesparingen te valideren en om de
impact van een andere inventory control policy op andere voorraadbeheersing-gerelateerde
activiteiten en kosten te bepalen. Naast het overwegen van de adoptie van een andere inventory
control policy in de Sligro supply chain, is het ook aan te raden om dagelijkse werkzaamheden en de
prestatie-beoordeling van de voorraadplanner te herzien in overeenstemming met een mogelijk
nieuw inventory control policy.
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Appendix B: Key Figures Sligro Food Group N.V.
Key Figures

2013

2012

Result (amounts x €1.000.000)
Net sales
Operating profit before depreciation and amortisation (EBITDA)
Operating profit (EBIT)
Profit for the year
Net cash flow from operating activities
Free cash flow
Proposed dividend

2,498
142
89
68
133
101
46

2.476
142
89
69
129
96
46

Equity and liabilities (amounts x €1.000.000)
Shareholders’ equity
Net interest-bearing debt
Total equity and liabilities

571
38
1.006

555
69
968

5.829
233

5.848
227

Ratios
Increase in sales on previous year (%)
Increase in net profit on previous year (%)
Gross margin as % of sales
Gross operating profit as % of sales
Operating profit as % of sales
Profit for the year as % of sales
Return as % of average shareholders’ equity
Operating profit as % of average net capital employed
Shareholders’ equity as % of total equity and liabilities

1.3
(0.9)
23.1
5.7
3.5
2.7
12.1
13.6
56.8

1.9
(11.1)
22.6
5.8
3.6
2.8
12.5
13.1
57.3

Figures per €0.06 share
Number of shares in issue (year-end x 1.000)
Shareholders’ equity (€)
Profit after tax (€)
Proposed dividend (€)
Year-end share price (€)

43.7
13.07
1.55
1.05
28.21

43.8
12.65
1.56
1.05
21.75

Employees
Year average (full-time equivalents)
Salaries, social security charges and pension expenses
(x €1.000.000)

Table 8: Key figures Sligro Food Group N.V. 2012 and 2013 (Sligro Food Group N.V., 2014)
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Appendix C: Current inventory management systems
Below is explained how currently the inventory is exactly managed and how replenishment orders
are released by ABS and Slim4.

Automated Ordering System (ABS)
The ABS (Automatisch Bestel Systeem) is an internally developed, relatively simple, inventory
management system which is used at (and in between) almost all stock points within the Sligro
supply chain, except for inventory management at the CDC and the order flows between the CDC
and external suppliers.
The ABS automatically generates a demand forecast (sales at EMTÉs and ZB, incoming orders at BS
and DCs) per SKU for each day in the coming week based on historical data. Normally, for each
weekday the expectation of the demand is just the average demand on that day over the last six
weeks. However, when a part of the data is noisy (e.g. promotion), this part is left out in the
calculation. A seasonal index can be applied to adjust the demand expectation for seasonal effects
and the impact of holidays or other events.
The order amount (OA) plus the current on-hand stock (minus outstanding orders) should be enough
to satisfy demand in the period from order placement to the delivery of the next order. Therefore,
the order amounts are based on the demand expectation over that period plus one or more safety
days; see the equation of the expected demand during the cover period below. At the EMTÉs, the
demand expectation on the safety day(s) is determined by the average expected demand (ED) over
the coming week. At the other stock points, the demand expectation on the safety day(s) is
determined by the expected demand on the day(s) following the delivery of the next order.
𝑬𝑫(𝒄𝒐𝒗𝒆𝒓 𝒑𝒆𝒓𝒊𝒐𝒅 𝑪𝑷) = 𝑬𝑫(𝒓𝒆𝒗𝒊𝒆𝒘 𝒑𝒆𝒓𝒊𝒐𝒅 𝑹) + 𝑬𝑫(𝒍𝒆𝒂𝒅 𝒕𝒊𝒎𝒆 𝑳) + 𝑬𝑫(𝒔𝒂𝒇𝒆𝒕𝒚 𝒅𝒂𝒚𝒔 𝑺𝑫𝒔) =
𝑬𝑫(𝑪𝑷) = 𝑬𝑫(𝑹 + 𝑳) + 𝑬𝑫(𝑺𝑫𝒔)
20

Normally, the different stock points can order a certain SKU only on several predefined moments in
a week. The number of order moments per week strongly depends on the inventory turnover ratio
of a SKU at a certain stock point. When a certain SKU can be ordered at a certain stock point on a
certain day, an order advice is generated the night before based on the inventory position (IP), the
expected demand (ED) during the coming cover period and the Min and Max values. The Minimum
(Min) value and the Maximum (Max) value per SKU are the two main control parameters in ABS. At
the EMTÉ stores and ZBs, the Min is based on the belief that a shelf should still look attractable just
before an SKU is replenished (assuming regular demand). The Max is defined by the maximum
number of items that fits into the shelf. Therefore, at the BSs and DCs, the Max and Min values are
not that important because it does not matter whether the inventory levels still look attractable and
plenty of space is available to stock SKUs. An order advice is determined as follows:
(𝑴𝒂𝒙 – 𝑰𝑷)+
𝑶𝑨 = {(𝑬𝑫(𝑪𝑷) – 𝑰𝑷)+

𝑬𝑫(𝑪𝑷) ≥ 𝑴𝒂𝒙
𝑴𝒊𝒏 ≤ 𝑬𝑫(𝑪𝑷) < 𝑴𝒂𝒙
𝑬𝑫(𝑪𝑷) < 𝑴𝒊𝒏

+

(𝑴𝒊𝒏 – 𝑰𝑷)
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Subsequently, these order advices are always rounded up in terms of the Minimal Order Quantity
(MOQ) or Incremental Order Quantity (IOQ), which also depend on the case pack sizes called collo
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(plural: colli). When the order advices are generated, the store managers at the EMTÉs and ZBs and
the inventory managers at the different DCs and BSs have the possibility to adapt the order advices
to their own insights and preferences until a certain time on that day, before the order advices are
automatically sent as an actual order to a DC or an external supplier.
Considering the ABS policy, it can be argued that is acts like a (R,s,nQ)-policy. However, the internal
replenishment quantities Q are not strict Therefore, the ABS policy can be considered to be a (R,S)policy with a variable reorder level S. Since the RDCs, BSs and the CDC place orders according to a
pre-specified schedule, the policy can be classified as periodic review with a review period R which
can differ within a week. The S-level is recalculated each order moment as follows:
𝑬𝑫(𝑪𝑷) ≥ 𝑴𝒂𝒙
𝑴𝒊𝒏 ≤ 𝑬𝑫(𝑪𝑷) < 𝑴𝒂𝒙
𝑬𝑫(𝑪𝑷) < 𝑴𝒊𝒏

𝑴𝒂𝒙
𝑺 = {𝑬𝑫(𝑪𝑷)
𝑴𝒊𝒏
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The Min and Max values can be seen as the boundaries between which the reorder level S can vary.
From this definition of the reorder level S can also the equation of the safety stock (ss) be derived.
Normally, the safety stock equals the expected demand during the coming safety days. However, it
also depends on the Min and Max restrictions, as can be seen in the equation below.
𝑬𝑫(𝑪𝑷) ≥ 𝑴𝒂𝒙
𝑴𝒊𝒏 ≤ 𝑬𝑫(𝑪𝑷) < 𝑴𝒂𝒙
𝑬𝑫(𝑪𝑷) < 𝑴𝒊𝒏

𝑴𝒂𝒙 − 𝑬𝑫(𝑹 + 𝑳)
𝒔𝒔 = {
𝑬𝑫(𝑺𝑫𝒔)
𝑴𝒊𝒏 − 𝑬𝑫(𝑹 + 𝑳)
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Slim4
Slim4 is a service level-driven inventory management system which is developed by Slimstock B.V..
Per SKU, Slim4 calculates the replenishment level which minimizes the on-hand inventory, based on
statistics and predetermined target service levels. It does not take handling costs or ordering costs
into account.
Slim4 can be seen as a dynamical system since all the system parameters are recalculated at the
start of each month. Each month, a demand forecast is generated per SKU for the coming twelve
months, based on the historical demand over the last twenty-four months (when available). Slim4
tries to fit a probability distribution to the actual sales data over the last two years. Demand classes
are applied to categorize SKUs based on their demand distribution. Some of the commonly used
classes are Normal, Lumpy, Slow, and User specified. Most SKUs are classified as Normal for which
the demand pattern is typified as the normal distribution. Lumpy SKUs are SKUs that do not have a
demand pattern that is steady enough to assume a normal distribution according to Slimstock, such
as SKUs that only have a positive demand in six months a year. For these SKUs, Slimstock uses high
safety stocks to cope with high demand in particular months. SKUs in demand class Slow are
characterized by customer’s demand of relatively small amounts in low frequencies. These SKUs’
demand is assumed to follow a Poisson distribution. For SKUs for which Slim4 cannot determine a
suitable demand distribution, users can set a manual forecast. These SKUs are categorized as User
specified.
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After the SKUs are categorized, it is also determined whether a significant trend can be identified in
the historical demand data which should be included in the forecast. Subsequently, with the use of a
Fisher test is determined whether a significant seasonal pattern can be found; a critical value of 2,82
is applied, corresponding to 95% certainty. When no seasonality is identified, or not enough data is
available, an inventory manager can decide to manually incorporate a self-made seasonal pattern in
the sales forecast for a certain SKU if necessary. Next, based on the determined demand pattern, a
monthly demand forecast is calculated for the coming year. Optionally, a smoothing factor –
regularly 20% – can be applied to the sales data of the last month which gives these sales more
weight in the demand forecast. Then, the monthly forecasted demand is divided into a daily demand
forecasts based on the average weekly demand pattern. It seems not very convenient that no
weekly demand forecast is generated since retail chains arrange most of their processes, such as
promotions and delivery schedules, on a weekly basis.
Since Sligro has agreed on fixed order and delivery moments with its suppliers, the review periods
and lead times are set as deterministic. Slimstock refers to the period between a particular review
moment and the moment at which the next order is delivered as the cover period (i.e. review time
plus lead time). The demand expectation during this cover period is used as basis for the calculation
of the desired order-up-to level. The corresponding desired buffer stock consists of the safety stock
and a possible desired additional surplus. The safety stock depends on the target P1-service level,
the average demand and variation of the demand, the cycle period, Minimal Order Quantity (MOQ)
and the supplier reliability, and can indirectly manually be set by the inventory managers by
adapting the cycle period and MOQ. The P1-service levels in Slim4 have to be set and validated in
such a way that Sligro’s target P2-service level will be satisfied.
Generally, at each review moment, an order advice is generated by Slim4 considering the
determined order-up-to level and the current inventory position at the CDC which is based on the
current on-hand stock and possible outstanding orders. However, when the demand forecast
requires to order more items than to raise the inventory position to the order-up-to level, the order
advice can be increased by adding a “confirmed extra” order amount. Furthermore, the order advice
is rounded up to the MOQ or to the multiples of the Incremental Order Quantity (IOQ) if the
unrounded order advice exceeds the MOQ. All in all, Slim4 has been designed as an inventory
replenishment system that is similar to an (R,s,S)-system, but due to many restrictions of suppliers
regarding batch ordering, it can better be typified as an inventory replenishment system that is
similar to an (R,s,nQ) system.
Slim4 automatically alerts the inventory manager on the order advices which are an exception
considering the normal order amount and the current inventory positions. When an inventory
manager at the CDC is convinced that an order advice, indicated as exception or not, significantly
deviates from the required amount of a SKU, he can adapt the order advice manually. At the end of
each day, the order advices are saved and eventually it is checked whether the accumulated order
advices meet possible pre-set order conditions such as minimum order values or full truck loads at
certain suppliers. If all restrictions are satisfied, possibly after adapting the order advices once again,
the order advices are converted into actual orders which are sent to the suppliers via Electronic Data
Interchange (EDI), fax or mail.
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Appendix D: Data preparation / analysis / processing steps
The different performed analyses are based on data files retrieved from “Informatieplein” and
datasets provided by Sligro data-analysts. When not mentioned, the data was gathered over 2013.
Unfortunately, because of technical restrictions and availability of the data, it was impossible to
acquire and process data of multiple years. Therefore, seasonality – and its effect on other
(performance) variables – is not taken into account in the analyses. Correctness of the data is
assumed, although (minor) errors may exist. Hereafter, per analysis section is described which steps
are followed to process that data.
Current performance analysis
1. It turns out to be impossible, without very complex and time-consuming artifices, to retrieve
a dataset with all in-scope SKUs – all SKUs for which inventory is held at both the CDC and
the RDCs and/or BSs. Therefore, these SKUs had to be identified indirectly via other yet
available datasets.
An excel-file is retrieved which contained the total deliveries in 2013 from CDC to the RDCs
and from the CDC to BSs per SKU and per RDC and BS (Vlissingen and Haps excluded).
Besides, an excel-file is retrieved which contained the on-hand inventories registered each
Sunday in 2013 at the CDC, RDCs and BSs per SKU. Then, the SKUs are selected for which the
average CDC inventory, average BSs inventory and the average CDC-BSs deliveries were
positive and/or the average CDC inventory, average RDCs inventory and the average CDCRDCs delivery were positive. SKUs which have no CDC inventory or no RDCs/BSs inventory,
but a positive CDC delivery are assumed to be cross-dock SKUs. Contrary, SKUs which have a
non-positive CDC delivery are assumed to be ordered and delivered directly from suppliers.
Furthermore, SKUs which are ordered at the CDC but for which nothing is delivered, are also
removed because it is assumed that these SKUs were not intended to be available to order
at the CDC.
2. SKUs which belong to administrative article classes are removed from the data set, such as
“Onbekend”, “Ledige kratten”, “Verhuur”, “Aktie korting”, “Eigen gebruik”, “Spaaracties”,
“Artikelen kerstpaketten”, “Onderhoudscontracten”, “Uitprijzing”, “Afwaardering”, “Provisie
/ Opslag / Rente”, “Retouren”, “Rolcontainers / Pallets / Kratten”.
3. Per SKU is the ratio determined between the deliveries from the BSs/RDCs to the customer
in 2013 and the CDC deliveries in 2013. When this ratio is significantly higher than one, it is
reasonable that the stock point did not supply its customers from a surplus in inventory but
is also (partly) supplied by external suppliers. Therefore, for stock points for which the ratio
is more than 1,25, it is assumed that the BSs and or RDCs are out-of-scope. Although this
critical value is determined in cooperation with an inventory manager, it can still be seen as
arbitrarily. However, some critical value had to be chosen.
4. Unfortunately, the on-hand inventory levels were not registered per day in 2013 but merely
each Sunday. Based on these measures, it was impossible to determine the actual average
daily inventory per SKU. Since it is imaginable that a certain repeating pattern of the
inventory levels can be found within weeks, the Sunday measures can possibly be no
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representative measures for the average weekly inventories. Therefore, it is verified to what
extent the (average) Sunday inventory measures correspond to the average weekly
inventory measures. To do so, for a selection of 180 SKUs (30 article classes; 1725 SKU-stock
point combinations) are the daily inventory measures identified by dead reckoning; each
Sunday inventory level is taken as starting point and based on the order receipts, outgoing
orders, shrinkage, returned items, and inventory discrepancies, the inventory levels are
determined for the following weekdays. Because of the immense amount of needed data, it
was impossible to derive the daily inventory levels for all in-scope SKUs. Although,
theoretically, the Sunday values derived from the daily mutations should be equal to the
registered Sunday values, comparing these measures among all SKUs and over all different
stock points shows that the average deviation of the derived Sunday level is just +0,8%. The
average absolute deviation, however, equals 19,5%; for merely perishable article classes
even 34,3%. Then, comparing the average registered Sunday inventory levels with the
calculated weekly average inventory levels among all SKUs and over all different stock
points, it turns out that an average difference exists of 1,3% and an average absolute
difference of 4,9%, which seems quite acceptable. However, it can also be noticed that for
perishable article classes the average difference equals 2,7% and the average absolute
difference 8,8%. It can be reasoned that for this perishable SKUs a minor weekly pattern
exists in the inventories which implies a larger deviation between the Sunday registrations
and actual weekly average inventories. The precise deviations per article type and stock
point can be found in Table 9.
Relative deviation
CDC
RDCs
BSs

Absolute deviation
CDC
RDCs
BSs

Deviation derived Sunday inventory level versus registered Sunday inventory level
Average
Perishable SKUs
Other SKUs

-0,3%
-0,2%
-0,3%

0,1%
0,76%
0,0%
0,1%

0,8%

13,4%

1,0%
0,8%

17,5%
12,6%

11,9%
19,49%
18,4%
10,8%

20,5%
36,6%
16,9%

Deviation average derived weekly inventory level versus average registered Sunday
inventory level
Average
Perishable SKUs
Other SKUs

0,4%
-2,5%
0,9%

2,2%
1,27%
4,4%
1,9%

1,1%

6,6%

2,8%
0,7%

5,6%
11,8%

7,2%
4,91%
6,3%
13,2%

4,3%
3,6%
7,6%

Table 9: Deviation derived inventory levels and registered Sunday inventory levels

5. Per SKU and per CDC, RDC and BS is determined what was the first week with a positive
inventory and the last week with a positive inventory. Then, for the RDCs and for the BSs is
determined what were the minimum first week inventory and maximum last week
inventory. Subsequently is for the CDC, RDCs and BSs determined what the difference was
between the first inventory week and last inventory week since this is defined as the weeks
in which the SKU was available for these locations. However, when the start week was lower
than week six it is assumed that the SKU was available from the beginning of 2013; when the
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end week was later than week forty-seven it is assumed that the SKU was available to the
end of 2013. Then, the ratio is determined between the weeks in which a SKU was available
at the CDC and the weeks in which the SKU was available in the RDCs and in the BSs. When
the CDC availability was more than two times the availability of the RDCs or BSs, it is
assumed that the SKUs were not part of the assortment of the RDCs or BSs the entire year
and are therefore out-of-scope since they disturb the analysis. Moreover, the other way
around, when the RDCs availability or BSs availability was more than two times the
availability of the CDC, it is assumed that the SKUs were not delivered via the CDC the entire
year and are therefore out-of-scope since they disturb the analysis. Again, although this
critical value is determined in cooperation with an inventory manager, it can still be seen as
arbitrarily. However, some critical value had to be chosen.
6. The prices are retrieved for the remaining SKUs to ultimately determine the value of the
inventories and item streams in the supply chain. It should be mentioned that although SKUs
are normally valued at ZB-sales prices in the Sligro supply chain, from the analysis
perspective it is more realistic to use the cost prices. When multiple cost prices were
available per SKU, a weighted average is determined. If it turned out that a SKU had no cost
price, it was removed from the data set (merely 285 SKUs).
7. Expired (“Vervallen”) SKUs were removed from the dataset since these are no longer of
interest for Sligro. Moreover, these SKUs disturb the analysis since they have an intended
declining inventory and eventually even an intended out-of-stock.
8. It is determined whether a SKU can be typified a RDC-SKU, a BS-SKU or both, depending on
the positive inventory and delivery stream(s) (see point 1.), the delivery ratio (see point 3.)
and the inventory availability ratio (see point 4.). If a SKU is classified as RDC-SKU, the
possibly registered BS orders, BS deliveries and BS inventories are removed from the
dataset, and vice versa, since these data is not in-scope and disturb the analysis.
9. For the CDC to the RDCs and BSs, and for the RDCs and BSs to their customers are the
service levels determined by dividing the number of case packs ordered by the number of
case packs delivered. For the orders placed by the CDC at external suppliers however, are
the orders and deliveries only available per article class. Thus, the incoming service level is
determined over all SKUs in an article class and not merely for the in-scope SKUs.
10. Per type of stock points is per SKU the average inventory level per week determined by
dividing the sum of the average inventory levels per week among all stock points of the
same type (CDC/RDC/BS) by the number of weeks in which the inventory was available, as
determined at point (4.). Furthermore, the average yearly inventory level per week per stock
point type and over the entire chain (CDC, RDCs and BSs) over 2013 (52 weeks) are
determined. Although this last inventory measure does not indicate the actual average
inventory for SKUs which were not in the assortment the entire year, this measure is needed
to aggregate the inventory levels over all SKUs over 2013 and derive the inventory related
costs. Subsequently, the average inventory levels at the CDC, RDCs and BSs and the total
inventory level are multiplied by the cost prices as calculated at point (5.) to determine the
value of the inventories. Moreover, the average demand per week per location type is
determined, defined as the – total – number of case packs ordered. Thus, for the CDC, for
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instance, also the demand from the ZBs is incorporated. With these demand values are per
SKU and per location type the average number of inventory weeks calculated; defined as the
number of weeks of average demand that can be fulfilled with the average inventory.
Moreover, per SKU are the total average inventory weeks in the entire chain determined
and the ratio between the inventory weeks in the first echelon (RDCs and BSs) and the
second echelon (CDC, RDCs and BSs).
11. For further analysis purposes, per SKU is also determined whether the SKU was in the
assortment the entire year or just temporary. A SKU is typified as temporary as the first
inventory week is larger than five and/or the last inventory week is smaller than forty-eight –
based on the first and last inventory weeks as determined at (4.). If the first inventory week
was five or smaller and the last inventory week was forty-eight or larger, a SKU is typified as
ongoing. A newly introduced SKU can initially cause a surplus or shortage of the inventory
because of unexpected low or high sales. Contrary, an ending SKU can bias further analyses
because it has an intentionally declining inventory and eventually even an intended out-ofstock. Both disturbing effects can also appear for a temporary action article.
12. Furthermore, it is also checked whether a weekly pattern can be identified in the inventory
levels of a certain SKU since it biases the determination of the average inventory level which
is based on the average Sunday values. To determine the degree of weekly-seasonality in the
inventory levels, it is tested for a seasonal pattern in the selection of SKUs as mentioned at
point (4.). Whether the inventory level development of a certain SKU-stock point
combination contains a seasonal pattern, firstly the average inventory level and standard
deviation are determined per weekday and per week. Based on these values and the
number of observations, the T-statistic is calculated to determine the (un)equality between
a weekday-average and the week-average. Then, it is determined per weekday whether a
significant difference is found between the day-average inventory level and the weekaverage inventory level, with both a 95% and 99% confidence. Afterwards, per SKU-stock
point combination is determined whether for more than one weekday a significant
difference is found between the week-average and day-average inventory levels. If so, it is
typified as an SKU-stock point combination which’s inventory pattern shows seasonality.

Percentage SKUs with significant weekly inventory pattern

Average
Perishable SKUs
Other SKUs

95% confidence
CDC
RDCs
BSs
42,7% 25,7% 1,2%
9%
80,0% 53,1% 5,5%
35,2% 20,7% 0,4%

99% confidence
CDC
RDCs
BSs
33,8% 17,1% 0,5%
7%
73,3% 45,8% 2,6%
25,9% 11,8% 0,0%

Table 10: Percentage SKUs with significant weekly inventory pattern

As can be seen in Table 10, around 8% of the SKU-stock point combinations can be typified
as combinations with a week pattern. However, it can also be seen that at the CDC and RDCs
SKUs contain a week pattern much more often; probably because these stock points are
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delivered and deliver their own customers on standard weekdays – per article class. It was
decided to use the T-statistics per weekday instead of the F-statistics over all weekdays since
this makes it more likely to find a significant deviation on one weekday – which can also be
considered as week-pattern.
13. Lastly, the number of SKUs in-scope, the item streams, service levels, and inventory levels (in
euros and weeks) are aggregated over the different article classes into sums and averages.

Order advice adaptation
14. For the BSs and RDCs, which place their orders via ABS, data files were retrieved which
contained the number of orders placed for which the order advice was manually adapted
and the total number of orders placed, per BS/RDC and per article class. This implies,
however, that the actual adaptation or the cause of the adaptation cannot be determined.
When the actual orders, order advices and demand would have been available per day for a
substantial period of time, it would have been possible to determine whether the actual
orders outperformed the order advices by cumulating them over time. It turned out to be
impossible to gather and process these values per in-scope SKU over the entire year for all
in-scope stock points. Therefore, it was decided to aggregate the total number of orders and
number of adapted orders over the article classes. However, it was only possible to
aggregate over all SKUs in an article class instead of merely over the in-scope SKUs in an
article class. But it is assumed that the average degree of order adaptation for a certain
article class and/or stock point roughly corresponds to the average degree of order
adaptation for the in-scope SKUs since no obvious reason exists why order advices for inscope SKUs are more or less often adapted than order advices of out-scope SKUs.
Subsequently, per stock point type (BSs/RDCs) are the article classes deleted from the
dataset which are determined to be out-of-scope in the previous analysis section.
Furthermore, the (sub)totals for both measures are determined per article class and per
stock point. Then, the order advice adaptation percentages are calculated by dividing the
number of adapted orders by the total number of orders. In order to obtain a correct
interpretation of the effect of order adaptations, the offered service levels and average
number of inventory weeks were also determined over all SKUs in the in-scope article
classes.
15. For the CDC, which place their orders via Slim4, a data file could be retrieved which contains
the actual orders placed per SKU over a certain period of time. However, the order advices
generated by Slim4 were only available per SKU in separated Excel-files per day. Therefore, it
was practically impossible to determine the order adaptations over 2013 or even over a
certain month. It is chosen to cover a two-weeks period in March (10-23) in which no special
events occurred. This small period makes it, however, feasible to cover merely all in-scope
SKUs. For the ten days on which was ordered at CDC, the order advices are compared to the
actual orders placed and a (positive or negative) deviation between both is defined as an
order advice adaptation. Then, the degree of order adaptations are calculated per article
class and article type and these are matched to the corresponding service levels and
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inventory weeks. Because of the small period of time, it was also not possible to check
whether the actual orders outperformed the order advices in meeting demand over time.

DoBr/ChainScope input data preparation
16. A data file was retrieved which contained, among others, per RDC and BS and per in-scope
SKU the order schedule. Based hereon, the number of order moments per week is
determined. Subsequently, the average review period (R) is calculated by dividing the
number of order moments per week by six workdays. The review period is based on six days
because in both DoBr and ChainScope orders can be generated and delivered each day and
the RDCs and BSs are (normally) operational six days a week.
17. Another data file was retrieved which contained, among others, per in-scope SKU at the CDC
the order schedule and lead times per order day, and the MOQ and fixed base
replenishment quantity. Based on the order schedule, the number of order moments per
week is determined. Subsequently, the average review period (R) is determined for a five
day workweek and a six day work week. Although the CDC is (normally) operational five days
a week and thus for the evaluation of the installation stock policies a five days week is
assumed, for the evaluation of the multi-echelon scenario the length of a week should be
the same as for the BSs and RDCs. Per order moment, the lead time is also corrected for the
weekend days. Subsequently, the average (corrected) lead time (L) per SKU is determined
over the different order moments in a week. Besides, the MOQ and fixed base
replenishment quantity Q are compared per SKU. If these are equal, the MOQ value is
deleted since it implies that orders have to be placed with a minimum amount of Q.
18. Because of a limitation in the data query-software of 300 SKUs for which the demand data
could be retrieved per session, and because of the limitation in ChainScope of 1.000 SKUstock point combinations (nine in-scope combinations per SKU) which can be evaluated or
optimized per run, it is decided to make a selection of 1.500 SKUs for which the demand
data is retrieved and which are evaluated in the different scenarios. Roughly in accordance
with the ratio BS and RDC SKUs, 1.200 SKUs are selected to evaluate the BS scenarios and
300 for the RDC scenarios. In order to come up with a good, representative selection, first
SKUs are deleted for which the review period and/or lead time data was not (completely)
available, as well as SKUs which were just temporarily in the assortment in 2013 (20%).
Temporarily available SKUs are deleted because even less demand data is available for these
SKUs.

Figure 15: review period CDC graph (left) and lead time CDC (right)
89

The input variables which (probably) affect the inventory levels required to achieve a certain
service level – summed up in section 5.1.3 – are considered making the SKU selection in
order to guarantee a representative subset of SKUs. However, the demand characteristics
cannot be used as factor since the selection is just made to retrieve the demand data.
Moreover, because a great variation exists in the review periods among the BSs and among
the RDCs per SKU, and because the influence of MOQ/Q on the inventory levels depends on
the average demand, these factors are neither be used to make a selection of SKUs. Thus,
the only two factors considered to make a representative selection are the review period at
the CDC and the lead time at the CDC. Graphs are constructed for both factors with the
values in increasing orders, as shown in Figure 15. As can be seen, three classes with
respectively low, median and high values are defined per factor. For the CDC review period,
this division in classes is quite obvious. For the CDC lead time, however, a small fraction
(10%) of the SKUs has relatively high to very high values. Therefore, this fraction is defined
as a separate class and the remaining SKUs are divided into two classes as evenly as possible.
For the BSs, the critical values of the classes of the review period and the lead time are
presented in the matrices in Table 11. The left matrix in Table 11 shows the percentages
SKUs per cell. Based on these percentages and a sample size of 1.200 SKUs, the right matrix
in Table 11 shows the amount of SKUs that are selected per cell (lead time class – review
period class combination) for the BSs. Although it has been considered to select an equal
amount of SKUs from each cell (if possible), it is decided to select an amount proportional to
the amount in the entire population because it is not known how the factors (including the
demand characteristics) are distributed among the different cells in the matrix.
Subsequently, a random number is assigned to each SKU and per cell the SKUs are
increasingly ordered on the random numbers. Then, the first x numbers per cell are selected.
When checked, it turned out that the fractions perishable, non-food and other SKUs are
quite similarly distributed in the selection as in the population. The same holds for the
division of SKUs over the article classes and the fraction promotional SKUs.

R
L
≤3
> 3 & < 10
≥ 10
Total

< 2,5

2,5

12% 22%
1% 3%
0% 0%
14% 25%

R
5

Total

25% 59%
26% 31%
10% 10%
61% 100%

L
≤3
> 3 & < 10
≥ 10
Total

< 2,5 2,5
146 275
21 41
0
0
167 316

5
Total
289
710
317
379
111
111
717 1200

Table 11: SKU selection matrices

The same approach is followed to select the 300 SKUs for the evaluation of the RDC
scenarios.
19. Then, demand data was retrieved for the selected SKUs. Per BS and RDC, the actual
incoming orders per SKU per day are retrieved and for the CDC, the actual ‘sales’ (delivered
orders) cumulated over the BSs (with exception of BS Haps) and RDCs per SKU per day are
retrieved. The actual sales instead of the actual demand is recorded for the CDC because
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missed demand is not backordered but ordered again – in case of an OOS situation BSs have
to place new orders each period again – and therefore this has a strong biasing effect on the
registered ‘real demand’. Then, demand data on promotional days is filtered out since
promotions also bias the demand data and merely ‘regular circumstances’ are considered in
this project (orders delivered by the CDC can also have a promotion label). Furthermore, the
null-demand before the opening of BS Venray is deleted from the BSs data set. The
aggregate demand is simply calculated by summing the actual incoming orders over the BSs
or RDCs. Each day on which at least one stock point is marked as promotional for a certain
SKU, the aggregate demand is also marked as promotional and thus omitted from the
demand data. Based on the remaining data, the average demand and standard deviation of
the demand were calculated per SKU and per stock point.
20. To determine per SKU the percentage orders delivered on-time by the external supplier, per
month in 2013 a file was retrieved which contains all orders and per order the planned and
realized delivery date. Then, per SKU the number of late orders is divided by the total
number of orders. Besides, over the late orders, the average delay in days is calculated and
this value is corrected for the non-operational weekend days.
21. To prevent excessively high coefficients of variations due to incidentally uncommon large
orders, the data series of all SKUs – for BSs, RDCs and CDC – are corrected for outliers. To
detect outliers, first all SKUs are sorted on their coefficient of variation (CV) of the demand
for a certain stock type. Then, for the top SKUs with an extraordinary high CV, it is checked
whether there were five or less data points over 2013 which where all more than ten times
as large as the average demand and more than two times as large as the maximum demand
of all other demand points. If so, these data points were marked as outliers and removed
from the data series. Although this is a quite subjective method, also for proven statistical
methods a critical limit had to be defined and it turned out to be quite effective. For the (five
or less) data points per SKU which can be marked as outlier, it is assumed that the demand
did not result from regular orders which should be fulfilled from the normal inventory but
that these were incidental and exceptional orders for which a special order is placed at the
CDC and/or outside supplier.

DoBr/ChainScope output data processing
22. Besides to the on-hand stock at the CDC and the BSs and RDCs, to determine the total supply
chain inventory also the pipeline inventory in between the CDC and the BSs / RDCs is
included. The average pipeline inventory to each BS and RDC is determined per SKU by
simply multiplying the (fixed) two logistics days by the average fulfilled demand per day per
stock point, which equals the fill rate times the average demand per day.
23. The value of the (average) on-hand inventory is determined by first calculating the inventory
value of the SKUs used in the research and subsequently upscaling the inventory to the
entire assortment. The value of the average on-hand inventory is calculated by simply
multiplying the average on-hand inventory by the cost price. Then, per article type the
conversion factor is calculated which equals the ratio between the number of SKUs in the
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entire assortment and the number of SKUs in the research subset. The inventory value of the
entire assortment is determined by multiplying the conversion factor per article type by the
inventory value of the SKUs in the research subset per article type.
24. The inventory costs per year are calculated by simply multiplying the average inventory
value by a yearly interest rate of 12%. At the end of section 4.3 is explained how this interest
rate percentage is attained.
25. The average number of inventory weeks per SKU and per stock point are determined by
dividing the average on-hand inventory by the expected weekly demand. The expected
weekly demand is calculated by multiplying the expected daily demand by the average
number of operational days per week per stock point. For the CDC, the number of
operational days in 2013 equals 272 and thus the number of average operational days in a
week equals 272/(365/7) = 5,22 days. Similarly, for the BSs, the number of operational days
in 2013 equals 316 and thus the average number of operational days in a week equals
316/(365/7) = 6,06 days. For the RDCs, the number of operational days in 2013 equals 306
and thus the average number of operational days in a week equals 306/(365/7) = 5,86 days.
The average numbers of inventory weeks per article type, per stock point or over the total
supply chain are calculated by weighing the inventory weeks per SKU by the expected
demand.
26. The inventory value index numbers are calculated by simply dividing the inventory values of
the different scenarios, internal fill rates and target fill rates by the base inventory value.
Inventory value index numbers are calculated with a base value scenario 1, the current
internal fill rate (BSs: 0,965 / RDCs: 0,961) and the defined target fill rate (BSs: 0,985 / RDCs:
0,922), and with a base value scenario 2, the current internal fill rate (BSs: 0,965 / RDCs:
0,961) and the defined target fill rate (BSs: 0,985 / RDCs: 0,922).

Cost saving potential classification
27. The values of the demand, review period and lead time factors per SKU are based on the
modelled six-day week.
28. The supplier lead time coefficient of variation (CV) is calculated by simply dividing the
standard deviation of the supplier lead time by the average lead time per SKU.
29. The relative cost saving potentials per SKU are calculated by the following formula:
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑠𝑡 𝑠𝑎𝑣𝑖𝑛𝑔 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝑛 𝑤𝑖𝑡ℎ 𝑟𝑒𝑠𝑝𝑒𝑐𝑡 𝑡𝑜 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝑚 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑙𝑒𝑣𝑒𝑙 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝑛 − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑙𝑒𝑣𝑒𝑙 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝑚
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑙𝑒𝑣𝑒𝑙 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝑚
The inventory levels can be used instead of the inventory values or inventory costs because
these are just proportional multiplications of the average inventory levels.
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30. All factors are simply ‘entered’ into the regression analysis. Based on the scatterplots in
Figure 52 in Appendix L, no need seems to exist to transform the factor values or to add
interaction effects to the regression by adding the multiplication of two factors. An intercept
is added to the regression since its value can be considered as the effect of the application of
another inventory control policy in itself.
31. The classes per factor are defined based on multiple considerations. Firstly, it is tried to
minimize the number of different classes per factor (two: HIGH and LOW), since an extra
class (MEDIUM) results into much more class combinations with other factors. Only for the
demand factor an additional third class MEDIUM is incorporated because it is expected to be
a highly influential factor of which the impact is considered more precisely. Secondly,
although the initial approach is to divide the different classes into equal sizes, it should also
be prevented that the effect of the high values on several factors is obscured by the other
values in a certain class. As can be seen in the graphs in Figure 16, in which the factor values
are presented in an ascending order, several factors have a long tail with relatively low
values and a small portion of higher values. If, for example, the average CDC lead time
classes would have been divided equally, the possible impact of the higher values in the
HIGH class would possibly have been negated by the relatively low values in the same HIGH
class. Therefore, the critical value(s) per factor are also based on the representativeness of
the factor values.
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Figure 16: Factor classes of the relative costs saving potential classification

Taking into account the above considerations, the critical values per factor and percentage
SKUs are chosen per factor as shown in Figure 16. The critical value of the average CDC lead
time corresponds to one week. Besides, the critical value of the CDC Q/demand ratio of 26
days roughly corresponds to one month ( (365/7)/12 = 4,35 weeks per month).
32. Z-test with significance levels of 95% and 99% are used to determine the significant
differences in the relative and absolute cost saving potentials between different classes of
the same factor in the cost saving potential classifications. The same hold for the differences
in the proportion relative cost saving potentials of scenario 2 in the total relative cost saving
potentials and the differences in the average cost prices per factor class.
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Appendix E: Graphical representation performance analysis
This Appendix Graphically clarifies the data analysis results, partly represented in section 4.3.

Figure 17: Ratios: number of SKUs per stream, number of items ordered per stream, value of items delivered
per stream (2013)

The circle diagram presented in Figure 17 above, graphically shows the ratios on the number of SKUs
per SKU stream, the number or ordered items and the value of delivered items between the RDCs
and the BSs. The RDCs circle (right) can be seen as base circle to which the size of the BSs circle can
be compared, indicating the relative volume or value. In the righter diagram, the dark red circle
represents the number of ordered items by the BSs, while the larger light red circle represents the
delivered value compared to the RDCs base circle.

Figure 18: Histograms: number of items ordered per SKU, value of items delivered per SKU (2013)

Figure 18 shows histograms of the number of ordered items and value of delivered items per SKU. It
can for example be seen that, at both the BSs and RDCs, for most SKUs between 1.000 and 5.000
items are ordered in 2013.
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Figure 19: Histograms: inventory weeks per SKU - per stock point type and total (in-scope) chain (2013)

Figure 19 shows histograms of the number of inventory weeks per SKU, per type of stock point and
in the entire chain. It can for example be seen that at the BSs for most SKUs between two and four
weeks inventory is held, while at the CDC for most SKUs merely between one and three weeks
inventory is held. Overall, this corresponds to an average of four to six weeks inventory.

Figure 20: Scatterplots: RDCs service level vs. CDC service level per article class (size corresponds to value),
BSs service level vs. CDC service level per article class (size corresponds to value) (2013)

Figure 20 shows scatterplots of the delivered service level against the received service level per
article class, for the RDCs and BSs respectively. The size of a circle represents for a particular article
class the value of the item stream from the CDC. Figure 21 shows scatterplots of the delivered
service level against average number of inventory weeks per article class, for the RDCs and BSs
respectively.

Figure 21: Scatterplots: RDCs service level vs. RDCs inventory weeks per article class, BSs service level vs. BSs
inventory weeks per article class (2013)
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Appendix F: Order advice adaptation
Although the direct impact of order advice adaptations on the performance is hard to determine, as
an indication it is still interesting to correlate the customer fill rates and number of inventory weeks
performance measures to the degree of order advice adaptation. Therefore, these correlations are
illustrated, explored and elucidated in this appendix.
In Figure 22 below, a scatterplot is presented of the offered service level versus the average number
of inventory weeks for the BSs and RDCs, in which the diameters of the bubbles indicate the degree
of order advice adaptation. The same is presented in the scatterplots in Figure 23, but disaggregated
per article type. The bubbles with a black outline represent the two RDCs. The two arrows in the left
scatterplot in Figure 23 designate two barely visible red bubbles. Actually, no unambiguous
relationship can be observed in both figures between the degree of order advice adaptation per
stock point and its performance.

Figure 22: Weighted scatterplot of the correlation between offered service level and average number
inventory weeks weighted by the order advice adaptation per stock point (2013)

Figure 23: Weighted scatterplots: correlation between offered service level and average number inventory
weeks weighted by the order advice adaptation per stock point (2013) – non-food and other article classes
(left), perishable article classes (right)

The figures below show scatterplots in which the degree of order advice adaptation is related to the
offered service levels and to the number of inventory weeks. For each figure is briefly explained
what can be observed in the plots.
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Figure 24: Scatterplots: correlation between offered service level (left) and average number inventory weeks
(right) and order advice adaptation – per article type and per stock point (BSs and RDCs) (2013)

In Figure 24 the service level and average number of inventory weeks are plotted against the
percentages order advice adaptations per ABS stock point and per SKU type. The different stock
points can be differentiated based on the symbols; the three article types can be differentiated
based on the colours of the symbols: non-food (red), perishable (green) and other (blue). Neglecting
the perishable SKUs in the scatterplots in Figure 24, a slightly negative correlation can be observed
between the number of inventory weeks and the order adaptation, while it seems that the service
level greatly vary among the different degrees of order advice adaptation. Although these
correlations do not necessarily result from a causal relationship, this might be an indication that
relatively more order adaptations at the BSs and RDCs for non-perishable SKUs result into less
inventory (costs) while still be able to offer the same service.

Figure 25: Scatterplots: correlation between offered service level and order advice adaptation – per article
class and per stock point (BSs and RDCs) respectively (2013)

In the left scatterplot in Figure 25, the offered service level per in-scope article class – aggregated
over the BSs and RDCs – is plotted against the order advice adaptation per in-scope article class.
Furthermore, a distinction is made between the different article types and trend lines are added. It
seems to be that article classes for which order advices are adapted more regularly, do not have a
significantly better or worse service level. The same can be observed in the right scatterplot in Figure
25, where the offered service level – aggregated over the in-scope article classes – is plotted for the
BSs and RDCs against the order advice adaptation.
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Figure 26: Scatterplots: correlation between average number inventory weeks and order advice adaptation
– per article class and per stock point (BSs and RDCs) respectively (2013)

In the left scatterplot in Figure 26, the number of inventory weeks per in-scope article class –
aggregated over the BSs and RDCs – is plotted against the order advice adaptation per in-scope
article class. Furthermore, a distinction is made between the different article types and trend lines
are added. Although the perishable article classes are logically adapted more often since less
inventory can be held, also the other trend lines slope visibly downwards which possibly indicates
that the order advice adaptations are made to reduce the amount of inventory (without affecting
the service level). However, this does not necessarily indicate a causal relationship. In the right
scatterplot in Figure 26, in which the number of inventory weeks – aggregated over the in-scope
article classes – is plotted for the BSs and RDCs against the order advice adaptation, no unambitious
relationship between both measures can be observed; a great variance exists.

Figure 27: Scatterplots: correlation between order advice adaptation and offered service level CDC (left) and
between order advice adaptation and number inventory weeks at the CDC (March 2013)

In the left scatterplot in Figure 27, the offered service level is plotted against the order advice
adaptation per article class at the CDC. Again, a distinction is made between the different article
types and trend lines are added. It seems that the degree of order advice adaptations does not
affect the offered service level by the CDC. Besides, it also turned out that the degree of order
adaptations is not really influenced by the received service level. In the right scatterplot in Figure 27,
the number of inventory weeks at the CDC is plotted against the order advice adaptation at the CDC
for all in-scope article classes. As can be seen, contrary to what was observed for the BSs and RDCs in
Figure 26, relatively more order adaptations seem to correspond to more inventory. The same is
observed when the number of inventory weeks in the entire Sligro chain is plotted against the
degree of order advice adaptation at the CDC. However, it does not necessarily indicate a causal
relationship.
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Appendix G: DoBr tool
Unless stated otherwise, the description below is based on Van Donselaar & Broekmeulen, 2014.
The DoBr tool is a recently released VBA-based tool developed by Broekmeulen and Van Donselaar
which can be used to evaluate the (R,s,nQ) and (R,s,S) inventory policies. Since several frequently
used input parameters – such as case pack size, MOQ and shelf capacity – can be incorporated and
fewer and more realistic assumptions are made compared to standard applications, more situations
encountered in practice can be evaluated. For instance, inventory control systems in which ordering
can only be done periodically and in (multiples of) a fixed batch-size are very common in practice but
receive hardly any attention in standard textbooks. The DoBr tool, on the other hand, provides the
opportunity to evaluate the performance of these systems.
In practice, usually some type of coordination in replenishment of inventories is desirable.
Supermarkets, for example, typically have a fixed ‘ordering and delivery’ schedule to be able to
predict and balance the workload in the DC and in the supermarkets. Also when items are shipped
from the same supplier, when items are using the same transportation mode, or when a supplier
offers a discount when the total volume ordered for a set of items at the same time exceeds a
certain total volume, coordinated replenishment is preferable. Ordering in (multiples of) a fixed base
replenishment quantity is also in line with the actual practice in many companies and industries. This
is primarily done to enable efficient handling of goods, but it also helps to protect the goods against
damage and to reduce errors in the issuance or administration of goods. Although it has been
proven in inventory theory that order-up-to systems such as the (s,S)-system result in lower total
average costs than systems using fixed base replenishment quantities, it is important to recognize
that these proofs are given for models that do not include the handling efficiencies described above
in their objective function.
Since the objective functions and constraints may be different in each situation in practice, multiple
Key Performance Indicators (KPIs) are calculated in the DoBr tool. For the situations with stationary
demand and backordering, the returned Key Performance Indicators (KPIs) are exact. In the other
situations, the results are based on approximations. The expressions of the KPIs for the different
situations are presented and elucidated in Van Donselaar & Broekmeulen, 2014. The determined
KPIs are:
-

Fill rate (P2): The long-term fraction of demand delivered immediately from stock.

-

Discrete ready rate ( 𝑷𝒅𝒊𝒔𝒄𝒓𝒆𝒕𝒆
): The probability of having a positive inventory on hand just
𝟑
before a potential delivery moment.

-

𝑬[𝑶𝑳]: The expected number of order lines per review period. In other words, the
probability that an order is placed at the end of a review period.

-

𝑬[𝑶𝑺]: The expected order size, which is the long term average quantity ordered (averaged
over all replenishment orders).

-

𝑬[𝑰𝑶𝑯 (𝝉 + 𝑳)]: The inventory on hand at the beginning of the potential delivery cycle just
after a potential delivery (when the inventory on hand is at the highest level during the
cycle)
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-

𝑬[𝑰𝑶𝑯 (𝝉 + 𝑹 + 𝑳)]: The inventory on hand at the end of the potential delivery cycle just
before a potential delivery (when the inventory on hand is at the lowest level during the
cycle)

Besides, the DoBr tool provides the possibility to enter a desired service level and calculate the
required (minimal) reorder level. Subsequently, when the optimal reorder level is determined, also
the other KPIs can be calculated for the desired service level (ceteris paribus).
The required input for the DoBr tool is:
-

Demand distribution
Although a full empirical distribution functions give exact results, theoretical probability
distributions are preferred to imitate the demand for several reasons. First of all, the reality
is that often the empirical distribution is based on a limited set of historical sales and
therefore biases the results. Besides, the theoretical probability distributions are fully
specified by the mean and standard deviation.
DoBr provides the possibility to choose between the Gamma and Normal continuous
probability distributions and a discrete probability distribution to imitate the demand
distribution. Although the problem encountered in this project encompasses discrete
demand, a continuous probability distribution can also be very useful since the inaccuracy of
using a continuous distribution function decreases when the average demand during the
lead time plus review period increases, while the computational time is rather relatively low.
Therefore, the DoBr tool does have a build-in functionality that it automatically selects the
best probability distribution given a certain mean demand and standard deviation of the
demand.
In fact, for discrete demand, an approximative probability distribution is found by a simple
and effective fitting procedure developed by Adan, van Eenige & Resing (1995). First the
average demand and standard deviation of the demand are determined and then a
theoretical discrete probability distribution is chosen based on these two moments. The
procedure considers the fit of four discrete probability distributions, namely the geometric,
the negative binomial, the Poisson, and the binomial distribution.
Thus, to characterize the demand, the mean and standard deviation of the demand have to
be entered and (optionally) the preferred demand probability distribution.

-

OOS situation and fill rate measure
The so-called LSX parameter determines the assumed situation in case of out of stocks,
backordering or lost sales, and the type of approximation for the fill rate in case of a lost
sales situation. The first approximation of the fill rate in a lost sales situation (𝑃2𝐿𝑆1 ) is
determined by first calculating the fill rate for a similar backordering system and then solving
the fill rate for the lost sales system (see Tijms & Groenevelt (1984), Silver, Pyke & Peterson
(1998)). This basic approximation for the fill rate can be further refined by using an iterative
procedure to determine the fill rate in a lost sales system. This second approximation (𝑃2𝐿𝑆2 )
is based on the notion that the main reason for a higher fill rate in a lost sales system
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compared to the otherwise identical backordering system is due to the fact that in a lost
sales system sales is less than demand (see Van Donselaar & Broekmeulen (2013)). The third
approximation for the fill rate (𝑃2𝐿𝑆3 ) in a lost sales system improves the accuracy of the first
two approximations using regression (see Van Donselaar & Broekmeulen (2013)).
-

Review period R: the time between two moments when the inventory levels are reviewed to
see whether a replenishment of the inventory is needed.

-

Lead time L: the time that elapses between the moment a replenishment order is created
and the moment the replenishment order arrives in the stock point. The lead time can be
entered as constant, but it is also possible to characterize the lead time by a mean and
standard deviation.

-

Fixed base replenishment quantity Q (case pack size). As mentioned above, ordering in
(multiples of) a fixed quantity is in line with the actual practice in many companies and
industries. The current version of DoBr requires that Q=1 in the case of a (R,s,S) system.

-

MOQ: minimal order quantity. The current version of DoBr requires that MOQ=1 in the case
of a (R,s,nQ) system. In the case of a (R,s,S) system with discrete demand it is assumed that:
𝑺 = 𝒔 − 𝟏 + 𝑴𝑶𝑸
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𝑴𝑶𝑸 = 𝑺 − 𝒔 + 𝟏
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Equivalently:

Since DoBr is primarily developed as tool to evaluate replenishment systems in retail stores, also the
shelf space capacity can optionally be entered as input parameter. However, since shelf capacity is
not relevant in the scope of this project, this variable can be ignored. The same holds for the
optional KPIs expected amount of overflow in the backroom and expected number of idle
replenishments.
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Appendix H: ChainScope
This Appendix Criefly explains the functionality of the ChainScope software tool. The tool is
developed by de Kok and his team as part of a project on supply chain synchronization at Philips
Electronics (see de Kok, Janssen, van Doremalen, van Wachem, Clerkx & Peeters, 2005). This
description is mainly based on information obtained from the corporate website of ChainScope and
the ChainScope user manual (de Kok & Janssen, 2008).
As said before, it is a notoriously difficult problem to provide a certain desired customer service level
at the lowest possible inventory costs for situations of multi-node multi-echelon multi-product
inventory control. On its website, it is claimed that ChainScope is the natural choice of companies
which are looking for the best optimized supply chain performance. ChainScope is a stand-alone tool
that identifies the relationship between inventory capital invested and operational customer service
in complex value networks and supports optimisation by determining the best strategy for where to
locate materials (stock points) and how to control these (stock levels and replenishment policies).
The reported reductions in inventory capital investment, after the application of ChainScope, are
between 20% and 60% of the on-hand stock. It should, however, be stated that these cost savings
are just approximations because ChainScope is a model of the reality based on several simplifying
underlying assumptions and algorithms.
ChainScope has two main functionalities. Firstly, it provides the possibility to simulate and evaluate
the as-is situation of a certain existing network given the inventory allocation and thereby gives an
insight in costs and performance realized. The used replenishment policy in the evaluate mode has
the aim to reach the same inventory levels as the current obtained inventory levels. Besides that the
evaluation provides insight in the current situation, it should also be used to validate the model
which will be used for optimization. As part of the evaluation of the current situation, ChainScope
furthermore provides a reference for inventory strategy changes and supply chain improvements.
Secondly, ChainScope provides the possibility to calculate the inventory allocation for a given
performance requirement differentiation by product-customer combination and thereby the
allocation of (safety) stocks to stock points and to customers. Logically, the total amount of invested
capital does not automatically lead to the maximum service level, as can be seen by the current
situation (red dots) in Figure 28. The allocation of the stock capital among the stock points, as shown
below in Figure 28, is very important and also influences the achieved performance level.
ChainScope delivers the optimal situation where the invested stock capital and service level are
balanced. The grey dot in the left graph in Figure 28 represents the situation where one can achieve
the same service level as in the current situation but at reduced invest stock capital. The blue dot in
the left graph, instead, represents the situation where no extra capital is invested but a higher
service level is achieved by smarter and better synchronized stock allocation. When the maximum
achievable service level with the current spend capital is too expensive for the considered pay off for
this service level and the current achieved service level is too low, ChainScope can also provide the
control parameters for an optimal situation where the service level is higher and less capital is
invested in the supply chain, as shown in the right graph in Figure 28.
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Figure 28: service level vs. invested stock capital ChainScope

In order to be able to run an analysis with ChainScope, information regarding the existing supply
chain is required as input. ChainScope starts from a supply chain structure consisting of stock points
and item successor relations, and a market structure consisting of customers. An ‘item’ in
ChainScope is defined as an SKU (article-location combination). Therefore, for the scope of this
project, each article is represented by nine items – one for each in-scope stock point. Per Item the
following item input parameters are required:
-

Item code & Item description

-

(Expected) lead time L: The lead time is the throughput time between the moment of
release of an order for the item and the moment at which the ordered item is available for
‘usage’ in other items and/or delivery to customers.

-

Added value: The added value is the value that is added to the item during the
transformation process that creates the item. One can also say that the added value is the
monetary value of the specific item minus all the values of the input items. Items which are
ordered from other suppliers have an added value that is equal to the total price one pays
for the items.

-

Release costs: The release costs are the costs for releasing an order for the item, this are
fixed costs for each order.

-

Yield: During the transformation process an item can get broken and becomes useless. The
yield value is the ratio of the number of products which are not broken.

-

Review Period R: The review period is the period between subsequent release decisions for
an item.

-

Target stock: The item target stock is the current targeted average number of items in the
stock point.

-

Max Stock: Maximum storage capacity at the stock point for the item.

-

Lot Size Q: Fixed replenishment quantity in (multiples of) which the item should be ordered.

-

Classes: For reporting and analysis it can be helpful to create classes, for example the class
importance or type of product.

Besides the item input, the relation input should be specified by entering for a certain item code the
successor item code and the number of items needed during the transformation process to create
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one successor item. Since in this project no ‘assembly’ takes place but each item at the CDC has nine
successor items at the BSs for the same article, this number always equals one.
Furthermore, for the end items – items at the most downstream stock points – the item customer
input has to be specified, per item-customer combination:
-

Item code

-

Customer code & Customer description

-

Expected demand & Standard deviation of demand. The demand is the number of products
per period the customer wants to receive. The standard deviation of the demand indicates
the demand uncertainty.

-

Customer order lead time: The customer order lead time are the number of periods
between the moment a customer places an order and wants to receive the ordered items.

-

Margin: The margin is a ratio of the total value added which is the profit for the supply chain
owner on every item sold to a specific customer.

-

Target P1: Target value for the ready rate service level. The ready rate is the fraction of time
during which the net stock is positive.

-

Target P2: Target fill rate, the target fraction of customer demand that is met routinely,
without backordering.

Lastly, the number of periods per year have to be defined and the interest rate per year has to be
specified (per scenario). A supply chain is always subject to change with regard to, for example, lead
times, margin and demand. Therefore, the supply chain performance and the optimal position in
Figure 28 also change. ChainScope provides the possibility to evaluate multiple scenarios based on
these differences and to determine the new optimal control parameters.
Output can be generated by ChainScope for the ‘Evaluate’-mode or the ‘Optimize’-mode. This
output is subdivided to customer specific output, item level output, and an aggregated scenario
summary. The customer specific output encompasses per item-customer combination the following
performance measures:
-

Actual P1 & P2: Actual values for the ready rate service level and fill rate service level,
respectively.

-

Capital & Allocated stock: Average value of the products in the stock point which are in the
stock point because of the customer. This value is expressed in euros (Capital) and in
numbers (Allocated stock).

-

Average backlog & Expected waiting time: The average backlog value is the number of
items a customer ordered but not receives on time. The abbreviation EW stands for the
expected waiting time; this is the average time a customer has to wait if an order cannot be
delivered on time.

The item level output encompasses per item the following performance measures:
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-

Actual P1 & P2: Actual values for the ready rate service level and fill rate service level,
respectively.

-

Average OHS: Average on-hand stock, expressed in numbers, time and monetary value.

-

Dead stock: Average dead stock, expressed in numbers, time and monetary value. Dead
stock is surplus inventory of items and thus useless items in a stock point which do not
tribute to customer service.

-

Remnant stocks: Average number of items which are in the stock point because other items
are not available.

-

Pipeline stocks: Average number of items of a product that are in the transformation
process before they are in the stock point of the item.

-

Backlog: Average number of items backordered in each period.

-

Order quantity: The expected average order size, the standard deviation of the expected
average order size, and the probability that an item has to be ordered at a certain review
moment.

-

Feasible review period: Number of periods between subsequent release decisions for an
item in the supply network.

-

Effective stock: Stock which does contribute to the customer service (opposite of dead
stock), expressed in time and monetary value.

-

Safety stock: number of items held as inventory to be able to handle uncertainties related to
demand, supply and/or lead times.

The aggregate scenario summary comprises several aspects. Firstly, numerical and graphical results
regarding the costs, investments, time (inventory periods) and service levels are presented per
scenario in a project. Furthermore, for a certain scenario, the inventory value and time can
graphically be shown per stock point and per defined class. Besides, a Du Pont scheme can be
generated and the current/optimal performance can be presented on an efficient frontier graph.
The gamma distribution is used to represent exogenous demand, which is determined by the mean
and standard deviation of the real observed demand. Furthermore, it is assumed that missed
demand is backordered. The used optimization algorithms are based on special periodic review
order-up-to-policies for multi-item multi-echelon inventory management called Synchronized Base
Stock (SBS) policies, as described by de Kok & Visschers (1999) and de Kok & Fransoo (2003). Despite
the fact that SBS policies are not optimal, earlier research has revealed that they outperform
commonly used rolling schedule approaches and that they are close-to-optimal for pure divergent
systems under the balance assumption (de Kok & Graves, chapters 10-12, 2003). The resulting
optimal output variables on-hand stock level, safety stock and feasible review period should be used
to define the parameter values of the real replenishment policies.
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Appendix I: Correlation mean and st. deviation demand
Figure 29, Figure 30 and Figure 31 show the correlation between ln(σ) and ln(μ) for perishable SKUs,
non-food SKUs and other SKUs respectively, for five randomly selected SKUs. Per graph, also the
average coefficient of determination (R2) over all SKUs of that SKU type is presented. The average R2
over all in-scope SKUs equals 0,856.

Figure 29: Correlation ln(μ) and ln(σ) subsample perishable SKUs

Figure 30: Correlation ln(μ) and ln(σ) subsample non-food SKUs

Figure 31: Correlation ln(μ) and ln(σ) subsample other SKUs
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Appendix J: Graphical representation determination E[OHS]

Figure 32: Graphical representation inventory development (R,S)-policy and determination expected
inventory on-hand
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Appendix K: Scenario evaluation results
BSs supply chain part – inventory value

Figure 33: Inventory value index numbers per scenario – BSs supply chain part (Base value: scenario 2, target
fill rate 0,985)

Figure 34: Inventory value index numbers per SKU type – BSs supply chain part (internal fill rate 0,965) (Base
value: scenario 1, target fill rate 0,985)

Figure 35: SKU type division based on sales value – BSs supply chain part
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Figure 36: Inventory value per scenario and internal fill rate – BSs supply chain part

Figure 37: Inventory costs per scenario and internal fill rate – BSs supply chain part
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BSs supply chain part – inventory weeks

Target fill rate

Scenario 1

Scenario 2

Scenario 3

Stock location
CDC
BSs
Total supply chain
CDC
BSs
CDC
BSs
Total supply chain
CDC
BSs
CDC
BSs
Total supply chain
CDC
BSs

0,95
3,4
1,4
5,2
71%
29%
2,0
1,4
3,7
60%
40%
0,5
1,6
2,5
22%
78%

Target fill rate
0,985
3,4
2,0
5,9
63%
37%
2,0
2,0
4,3
50%
50%
0,5
2,1
3,0
18%
82%

0,995
3,4
2,6
6,4
57%
43%
2,0
2,5
4,9
44%
56%
0,5
2,5
3,3
15%
85%

Table 12: Inventory weeks (absolute and ratio) per stock location and in total (including pipeline stock) and
per scenario – BSs supply chain part (internal fill rate 0,965)

Figure 38: Inventory weeks per SKU type – BSs supply chain part (internal fill rate 0,965)
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Figure 39: Inventory positioning Sligro supply chain perishable SKUs per scenario (target fill rate 0,922) – BSs
supply chain part

Figure 40: Inventory positioning Sligro supply chain non-food SKUs per scenario (target fill rate 0,922) – BSs
supply chain part

Figure 41: Inventory positioning Sligro supply chain other SKUs per scenario (target fill rate 0,922) – BSs
supply chain part
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RDCs supply chain part – inventory value

Figure 42: Inventory value index numbers per scenario – RDCs supply chain part (Base value: scenario 2,
target fill rate 0,922)

Figure 43: Inventory value index numbers per SKU type – RDCs supply chain part (internal fill rate 0,961)
(Base value: scenario 1, target fill rate 0,922)

Figure 44: SKU type division based on sales value – RDCs supply chain part
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Figure 45: Inventory value per scenario and internal fill rate – RDCs supply chain part

Figure 46: Inventory costs per scenario and internal fill rate – RDCs supply chain part

114

RDCs supply chain part – inventory weeks

Target fill rate

Scenario 1

Scenario 2

Scenario 3

Stock location
CDC
BSs
Total supply chain
CDC
BSs
CDC
BSs
Total supply chain
CDC
BSs
CDC
BSs
Total supply chain
CDC
BSs

0,8
9,2
0,4
9,9
95%
5%
2,9
0,4
3,6
87%
13%
0,9
1,2
2,4
43%
57%

Target fill rate
0,922
9,2
0,7
10,2
93%
7%
2,9
0,7
3,9
81%
19%
0,9
1,6
2,8
36%
64%

0,95
9,2
0,8
10,3
92%
8%
2,9
0,8
4,0
78%
22%
0,9
1,8
3,0
33%
67%

Table 13: Inventory weeks (absolute and ratio) per stock location and per scenario – RDCs supply chain part
(internal fill rate 0,961)

Figure 47: Inventory weeks per SKU type – RDCs supply chain part (internal fill rate 0,961)
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Figure 48: Inventory positioning Sligro supply chain perishable SKUs per scenario (target fill rate 0,922) –
RDCs supply chain part

Figure 49: Inventory positioning Sligro supply chain non-food SKUs per scenario (target fill rate 0,922) – RDCs
supply chain part

Figure 50: Inventory positioning Sligro supply chain other SKUs per scenario (target fill rate 0,922) – RDCs
supply chain part
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Total Sligro supply chain

Figure 51: Total inventory value (left) and total inventory costs (right) per scenario (BSs internal rate 0,965;
RDCs internal rate 0,961)
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Appendix L: Cost saving potential classification

Relative cost
saving potential

Average total daily BS demand

Average total daily
BS demand

CDC Q/demand ratio

CDC Q/demand ratio

CV CDC lead time

CV CDC lead time

Average CDC lead time

Average CDC lead
time

Weighted average BS review period

Weighted average BS
review period

CDC review period

Scenario 2 in respect to
scenario 1
Scenario 3 in respect to
scenario 2
Scenario 3 in respect to
scenario 1
Proportion scenario 2 in
total
CDC review period

0,024

0,012

-0,011

0,015

0,159

-0,083

0,008

0,056

0,099

0,359

-0,261

0,020

0,050

0,055

0,345

-0,208

0,018

0,028

0,085

-0,001

-0,030

1
0,227
0,265
0,071
0,079
-0,100

1
0,133
0,057
0,075
-0,151

1
-0,097
0,105
0,054

1
-0,095

1

1
0,005
-0,006

Table 14: Correlation matrix relative cost saving potentials and factors

Relative cost saving potential
Mean
(Min - Max)

Scenario 2 in respect
to scenario 1
Coeff.

Intercept
CDC review period
Weighted average
BS review period
Average CDC lead
time
CV CDC lead time
CDC Q/demand
ratio
Average total daily
BS demand

4,58
(1,2 – 6)
2,59
(1,2 – 6)
6,10
(1 – 78)
0,13
(0 – 1,98)
39,23
(0,1 – 2748)
16,36
(0,45 – 381)

St. Err.

Scenario 3 in respect
to scenario 2

Scenario 3 in respect
to scenario 1

Coeff.

St. Err.

Coeff.

St. Err.

-0,2299**

0,0156

-0,2892**

0,0105

-0,4531**

0,0145

0,0011

0,0025

-0,0040

0,0017

-0,0028*

0,0023

-0,0016

0,0047

-0,0004

0,0032

0,0001

0,0043

-0,0005

0,0006

0,0013

0,0004

0,0008**

0,0005

0,0092

0,0245

0,0002**

0,0000

0,0003**

0,0000

0,0004**

0,0000

-0,0003*

0,0001

-0,0009**

0,0001

-0,0009**

0,0001

R Square

0,031

0,191

0,152

Adjusted R Square

0,026

0,187

0,148

Table 15: Regression results relative cost saving potentials (* p < 0,05; ** p < 0,01)
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Figure 52: Scatterplots relative cost saving potentials versus factors
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Average
CDC lead
time

HIGH

LOW

HIGH

LOW

Total

HIGH

-24%

-22%

-22%

-23%

-23%

-22%

-16%

-28%

-23%

LOW

-22%

-24%

-18%

-23%

-23%

-23%

-16%

-26%

-23%

Average CDC
lead time

HIGH

-24%

-20%

-22%

-18%

-23%

-20%

-15%

-28%

-22%

LOW

-23%

-23%

-23%

-23%

-23%

-23%

-16%

-27%

-23%

CV CDC lead
time

HIGH

-25%

-22%

-23%

-23%

-23%

-23%

-17%

-27%

-23%

LOW

-21%

-24%

-22%

-23%

-20%

-23%

-16%

-27%

-22%

CDC Q/demand
ratio

HIGH

-17%

-16%

-16%

-16%

-15%

-16%

-17%

-16%

-16%*

LOW

-28%

-26%

-28%

-26%

-28%

-27%

-27%

-27%

-27%*

HIGH

-30%

-25%

-28%

-25%

-28%

-26%

-26%

-27%

-15%

-28%

-27%*

MED.

-22%

-22%

-22%

-23%

-22%

-22%

-22%

-22%

-14%

-26%

-22%*H

LOW

-21%

-22%

-21%

-22%

-18%

-22%

-22%

-21%

-17%

-28%

-22%*H

-23%

-23%

-23%

-23%

-22%

-23%

-23%

-22%

-16%*

-27%*

-23%

Average total
daily BS
demand
Total

LOW

CDC review
period

HIGH

LOW

CDC
Q/demand
ratio

HIGH

CV CDC lead
time

LOW

CDC review
period

HIGH

Scenario 2
in respect to
scenario 1

Weighted
average BS
review
period

Table 16: Relative cost saving potential scenario 2 in respect to scenario 1 per factor class combination
(H)
(* p < 0,01 (with respect to HIGH))

LOW

Total

CDC review
period

HIGH

-30%

-30%

-30%

-30%

-23%

-36%

-30%

LOW

-29%

-32%

-27%

-31%

-22%

-34%

-31%

Average CDC
lead time

HIGH

-29%

-30%

-30%

-27%

-20%

-37%

-29%

LOW

-30%

-31%

-30%

-31%

-23%

-35%

-31%

CDC Q/demand
ratio

HIGH

-23%

-22%

-23%

-22%

-20%

-23%

-23%*

LOW

-35%

-35%

-36%

-34%

-37%

-35%

-35%*

HIGH

-36%

-37%

-35%

-38%

-35%

-37%

-19%

-38%

-37%*

MED.

-30%

-31%

-31%

-30%

-29%

-31%

-23%

-35%

-31%*

LOW

-27%

-26%

-27%

-25%

-26%

-27%

-23%

-32%

-27%*

-30%

-31%

-30%

-31%

-29%

-31%

-23%*

-35%*

-30%

Average total
daily BS
demand
Total

LOW

HIGH

HIGH

CDC Q/demand
ratio

LOW

Average CDC
lead time
HIGH

CDC review
period

LOW

Weighted
average BS
review period
HIGH

Scenario 3
in respect to
scenario 2

Table 17: Relative cost saving potential scenario 3 in respect to scenario 2 per factor class combination
(* p < 0,01)
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LOW

Total

CDC review
period

HIGH

-46%

-45%

-45%

-46%

-35%

-54%

-46%

LOW

-44%

-48%

-39%

-47%

-35%

-52%

-46%

Average CDC
lead time

HIGH

-45%

-44%

-45%

-39%

-32%

-55%

-45%

LOW

-46%

-47%

-46%

-47%

-36%

-52%

-46%

CDC Q/demand
ratio

HIGH

-35%

-34%

-35%

-35%

-32%

-36%

-35%*

LOW

-54%

-52%

-54%

-52%

-55%

-52%

-53%*

HIGH

-55%

-52%

-54%

-53%

-54%

-53%

-31%

-56%

-53%*

MED.

-46%

-47%

-46%

-46%

-45%

-47%

-34%

-52%

-46%*

LOW

-42%

-42%

-43%

-41%

-39%

-43%

-36%

-51%

-42%*

-45%

-47%

-46%

-46%

-45%

-46%

-35%*

-53%*

-46%

Average total
daily BS
demand
Total

LOW

HIGH

HIGH

CDC Q/demand
ratio

LOW

Average CDC
lead time
HIGH

CDC review
period

LOW

Weighted
average BS
review period
HIGH

Scenario 3
in respect to
scenario 1

Table 18: Relative cost saving potential scenario 3 in respect to scenario 1 per factor class combination
(* p < 0,01)

Proportion relative cost saving
potential scenario 2 in total

CDC Q/demand ratio

Average total daily BS demand
HIGH

MEDIUM

LOW

Total

HIGH

48%

42%

45%

44% *

LOW

47%

49%

52%

49% *

Total
47%
47%
47%
47%
Table 19: Proportion relative cost saving potential scenario 2 in total relative cost saving potential
(* p < 0,01)

Average cost price SKUs

CDC Q/demand ratio

Average total daily BS demand
HIGH

MEDIUM

LOW

Total

HIGH

2,7

5,3

7,3

6,4*

LOW

5,6

8,4

12,9

8,8*

Total

5,4*

7,4*

9,6*

7,9

Table 20: Average cost price SKU per relative cost saving potential class (* p < 0,01)

Proportion of SKUs

CDC Q/demand ratio

Average total daily BS demand
HIGH

MEDIUM

LOW

Total

HIGH

2%

13%

23%

38%

LOW

18%

29%

16%

62%

Total

19%

42%

39%

100%

Table 21: Proportion of SKUs per relative cost saving potential class
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Appendix M: Scenarios, tools & evaluation differences

Scenario

1

2

3

Inventory control
policy

Regular installation
stock

Installation stock with
central demand
pooling: aggregate
forecasting at CDC

(Near-) optimal
multi-echelon

Tool

DoBr

DoBr

ChainScope

Demand variance
correction factor

CDC: 1,054

CDC & BSs/RDCs: 1,054

None

Demand distribution

Discrete + Gamma

Discrete + Gamma

Gamma

Lead time
characterization

Two moments

Two moments

Only expected lead
time

Internal fill rate

Input variable

Input variable

Output variable

Average inventory

Average of inventory
levels begin and end
delivery cycle

Average of inventory
levels begin and end
delivery cycle

Average daily end
inventory level

BSs/RDCs: 1,080

Table 22: Scenario, tools and evaluation differences
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