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ABSTRACT 

 

This Master Thesis describes the development of a simulation based theoretical framework in 

order to identify in a complex supply chain the key areas for customer service level improvement. Two 

service performance indices are investigated in this paper, one related to the ability and another one to the 

reliability of the company when it comes to customer deliveries. A first deterministic model is designed 

for both indices to draw first some conclusions about what could have been obtained with the historical 

behavior of the system. Main results are finally obtained by a dynamic model which investigates the trade-

off between two supply chain decision variables, namely inventory level and forecast accuracy, and 

service performance. Some interesting conclusions are drawn on the impact of product competition under 

finite capacity. 
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MANAGEMENT SUMMARY 

This master thesis project is the end result of the final phase of the Master’s Study Operations 

Management and Logistics at the Eindhoven University of Technology and is based on a six-month 

internship with a particular business unit in a Global Chemical Company named GCCB for confidentiality 

reasons.  

Current Situation 

Most companies have recently been showing greater commitment to customer service because of 

the increasing competitive pressure. In the case of GCCB, the performance of the supply chain is 

measured through two key performance indicators when it comes to customer deliveries. 

The first index is named FFCOFR (First Fully Confirmed Order Fulfillment Rate) and is related to 

delivery ability.  It measures whether GCCB can promise the customer that his order will be fulfilled 

given his requirements. The second one is named OTIF (On Time In Full) and measures how reliable 

GCCB is in delivering the customer given the quantity and timing they agreed to. 

Currently, the supply chain under study exhibits very poor performance with both indices roughly 

equal to 65%. 

Objective of the present study 

Our aim is to illustrate through a case study how a theoretical framework can be developed in 

order to identify in a complex supply chain the key areas for customer service level improvement. 

Therefore, we are interested in ensuring both relevance for the academic field and applicability in the 

industry world as we address a theoretical framework within a case study. 

Methodology 

Because of the complexity of the supply chain under study, we develop a simulation-based 

framework using the Llamasoft Supply Chain Guru Software so as to provide some insights on the 

possible levers of improvement for customer satisfaction. For both indices, we use a fully deterministic 

model by fixing both inbound and outbound flows equal to their historical values in terms of timing and 

quantity. The main reason for mimicking the historical behavior of the system is to verify what service 

performance would have been possible given the historical data under some assumptions. 

For the OTIF index, the model is run so as to check if enough inventory was available in order to 

satisfy historical customer orders on time. This insight helps us to quantify the impact of outbound flows-

related issues such as transportation and carrier issues. 

For the FFCOFR index, the deterministic model allows us to assess its reliability. Since the 

decision whether or not to agree to the conditions set by the customer relies on a snapshot at the ordering 

date of the future system status, we first make sure that this snapshot is reliable by calculating the 

customer service performance that would have been possible with the historical inbound flows. 

In a second phase, we investigate thoroughly other dynamic factors. Given the study limitations, a 

strong emphasis has been put on two supply chain variables, namely forecast accuracy and inventory 
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level.  We design a dynamic process in order to link a set of forecasts and a given inventory policy to a 

possible system behavior. Through different scenarios, we generate forecasts based on stochastic 

parameters and progressively change the inventory settings in order to estimate the possible benefits of 

higher stock level and better forecast accuracy. 

Given both the information availability and timing limitations, we focused only on the most 

important index from GCCB’s point of view, namely FFCOFR ratio, narrowing the scope of the study to 

one plant and three work centers because of data restriction. 

Results 

Regarding the OTIF index, the results of the fully deterministic model suggest that carrier and 

transportation issues from GCCB locations to the customers are responsible for the most important part of 

the loss of service performance. On the aggregate level these outbound-related issues account for 29% out 

of the 35% loss in service performance since inventory is almost always available at the right time. 

Therefore, GCCB is advised either to investigate the causes of the delays in delivery (customized 

deliveries, lack of staff available…) or to consider higher transportation times in the system in order for 

the inventory to be available earlier. 

Regarding the FFCOFR index, we prove first that from an overall point of view, the theoretical 

achievable upper bound is equal to 95.7%. Indeed, in 4.3% of the cases, the customer asks for an 

unfeasible delivery as he requests a service time that is higher than the transportation time from GCCB’s 

point of view. 

Second, the outcomes of the deterministic model show that the snapshot used by GCCB to decide 

on future deliveries is reliable. Therefore, this model calculates the service performance that would have 

been possible with the historical inbounds and shows a 75.6% match between the obtained output and the 

historical service performance on the order level. Yet we find a bias because the FFCOFR value we obtain 

with the deterministic model is constantly outperforming the current value by approx. 10%. A deeper 

analysis shows that GCCB tends to give a pessimistic answer to the customer when deciding whether or 

not they can match the requested quantity and timing;   they prefer to keep some buffer in order to prevent 

the possible supply chain uncertainties. 

When analyzing the impact of dynamic factors on service performance, it is important to mention 

that (i) no costs are considered in this study (ii) lots of assumptions are made in order to mimic the 

decision process and (iii) the scope has been drastically narrowed. The strength of our conclusions will as 

a consequence be limited compared to those previously obtained by the fully deterministic model 

outcomes. 

 We investigate a number of dynamic models and draw the following conclusions: 

- A plateau of service performance is observed at 70% forecast accuracy, which means that it would 

not be worth to increase forecast accuracy beyond  this target 

- An increase in inventory level (measured in days of supply) does not result to a major FFCOFR 

increase in terms of magnitude compared to forecast accuracy improvement.  

- The theoretically achievable upper bound value can never be achieved because of products competing 

for a finite production capacity’ 



ix 
 

The main insight obtained from this study is that the theoretically achievable upper bound of 

FFCOFR ratio is never reached even in case of high forecast accuracy and high inventory settings given 

the current inventory management framework and the constrained capacity. 

The main implication for GCCB is that it seems crucial to differentiate between the different 

products in terms of inventory policy and in particular, tailoring the policy based on demand pattern in 

order to reduce product competition. This relevant insight for the business paves the way to different 

further studies. Defining product grouping rules is one of the most promising research areas for service 

customer enhancement. 
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1. INTRODUCTION 

1.1. Thesis Purpose 

Increasing competitive pressures in a dynamic, heterogeneous and complex global marketplace 

are forcing most companies to re-evaluate and improve the way in which they run and manage their 

existing facilities. The ability to change has been depicted as a key element of the success of a specific 

organization, along with its ability to continuously reinvent itself (Eisenhardt, 1999). 

During the 1980´s quality improvement became synonymous with improved sales and profit 

performance (Donaldson, 1995).  Nowadays, industries have been showing greater commitment to 

customer service. The definition of customer service varies from an organization to another (Fallah, 2011), 

but can be summarized as “the collection of activities performed in filling orders and keeping customers 

happy, creating in the customer’s mind the perception of an organization that is easy to do business with”  

(Johnson et al., 1998). 

In the current industrial environment where manufacturing skills are no longer the key asset 

(Donaldson, 1995), Customer service has been progressively recognized as a strategic value by most of 

the companies, firms being now advised to be more responsive to customer needs. 

Although this trend has pushed the industry to be customer driven, it has also raised many 

challenges. 

The main challenge has been described by Gupta et al (2003) as “the need of a unified and 

rigorous framework for capturing the various synergies and trade-offs involved despite the often 

conflicting objectives of the various business divisions”. Indeed, management is typically unclear about 

which ideal customer service level they should strive for and how they can achieve it in practice. The 

target service level is as a consequence often set based on experience, without using a scientific approach 

(Jeffery et al. 2008). 

The main objective of this paper is to illustrate an example of practical implementation of 

analytical techniques and framework in order to get some insights on key drivers of the customer service 

level. By outlining through a case study approach the process used during this internship, we aim at both 

ensuring relevance for the academic field and applicability in the industry world. 

1.2. Thesis Background 

The basis of this report lies on the experimental learning from a six months internship with a 

Global Chemical Company.  For confidentiality reasons, we will refer to the firm as GCC. This company 

is organized in multiple subgroups which operate independently. This project was developed as a pilot 

project by the internal Supply Chain Consultancy Group (SCCG) and alongside with one particular high 

tech material related business unit of GCC that we will call GCCB. 

As GCCB exhibited bad service customer performance, the main objective of this internship is to 

develop a framework for investigating a supply chain network, with the purpose of identifying key areas 

for customer service level improvement. 
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1.3. Related Literature 

Customer satisfaction has been described as a “must” today because of the increasing competitive 

pressures in the global marketplace (Gupta and Maranas, 2003). In particular, Supply Chain Management 

that is concerned with the coordination and integration of key business activities undertaken by an 

enterprise is offering great potential for organizations to reduce costs and improve customer service 

performance (Fallah, 2011). 

Literature surrounding customer satisfaction purpose in operation research is extensive and this 

review is not intended to be exhaustive. Rather it is meant to provide a summary on existing methods and 

to open the way to the methodology this project should use. 

Large amount of research have addressed multi-echelon supply chain inventory models (Jeffery et 

al. 2008). Yet, a lot of these models consider stationary model (Graves and Willems, 2000; Cachon and 

Zipkin, 1999; Monahan, 1984) that cannot be fitted to complex real world supply chain. Furthermore, in 

much of literature service level goals are selected arbitrarily (Jeffery et al. 2008), as an “a priori 

constraint”. To the best of our knowledge, two approaches are relevant to our purposes, namely analytical 

or stochastic solutions.  

On one hand, an analytical solution is found by the use of mathematical methods to obtain exact 

information on the research questions. Examples of such method include papers from Keizers et al. 

(2003), and from Jeffery et al. (2008) that investigate relationships among several factors such as 

inventory level, sales and service level. Both groups of authors use regression analysis as a mean to derive 

delivery performance relationship between customer service level and three independent variables, namely 

order lead time, errors in forecast, and variation in demand. The main advantage from this kind of analysis 

is that it is based on historical based data. However, the small number of product studied (18 in Jefferson 

study) is a problem for the use of this method.  

On the other hand, stochastic solutions such as simulation related techniques are often preferred to 

analytical ones as they allow complexity to be taken into account (Law, 2006). Gupta and Maranas (2003) 

for example captured the trade-off between customer service level and cost using stochastic programming 

Monte Carlo sampling method.  

These quantitative models are based on a set of variables that vary over a specific domain, while 

quantitative and causal relationships have been defined between these variables (Bertrand and Fransoo, 

2002). As it allows stochasticity to be taken into account and can be controlled much better (Law, 2000), 

these models are often preferred to analytical ones in order to track real complex model behavior. 

According to Chang and Makatsoris (2001), simulation is preferred for the evaluation of operating 

performance because of the following three reasons: 

- Decision maker can perform what if analysis; 

- Decision maker can compare different operational alternatives; 

- Time compression is permitted so that policy decision can be made. 

There are, however, several downsides of using simulation. First of all, several independent runs 

are often needed in order to get better insights as simulation only provides estimates of a system behavior. 

Secondly, this method is very time consuming to develop in order to get reliable insights. 
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1.4. Challenges & Thesis Overview 

As alluded to above, although customer service level investigation within operation research has 

gained a lot of attention in supply chain management area, there is a need for further literature related to 

this topic. 

We can see this project as a great opportunity to broaden this research area by providing 

additional methodology on the way to address such issues.  

The project will basically be structured following the regulative cycle (Van Strien (1997), 

depicted in the figure I_1 below.   

Problem definition

Problem mess

Analysis & 
diagnostic

Plan of action

Intervention

Evaluation

 

Figure I_1: Van Strien regulative circle 

As alluded to above, there are two methods available for this study, each of them having 

advantages and downsides.  

In order to decide on which method we should use, we conduct a first explorative phase to analyze 

the attributes of the supply chain and the characteristics of the planning system based on the data we 

obtained. The “analysis and diagnosis” step is the analytical part of the project in which the organization, 

the scope of improvement and the requirements of the solution are investigated. During the plan of action 

step, the design of the solution based on theoretical background is done. 

Subsequently, this phase will be focused on meeting the overall research assignment, which is 

achieved by developing a supply chain network model. Because of timing limitations and thus with regard 

to the scope of the project, it is impossible to provide a “complete” solution by means of direct 

intervention and evaluation (last two steps of the regulative cycle). However, by intensive contact and 

collaboration with the stakeholders of the project, the solution and recommendations which will be 

delivered will create understanding and insight with regard to the supply chain performance. Thereupon, 

we aim at delivering a solution that will be supportive in making tactical decisions.  
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2.  PROJECT BACKGROUND 

In this chapter, the system under consideration in this project is described.  After depicting the 

supply chain in scope structure in section 1, we investigate the way the high level supply chain is managed 

in section 2.  Finally, we put a particular emphasis on customer level indices as they are the core of our 

investigations at the end of the section 2.  

2.1. Supply Chain in Scope 

In this chapter we characterize the supply chain under analysis in terms of network and data available. 

2.1.1. Target Product  

Through this study, only one specific top sold polycarbonate finished good family of GCCB is 

investigated. This family contains more than 1096 different finished goods with many different 

applications such as in electronic components, construction material, data storage or automotive 

components. 

2.1.2. Network Configuration 

The scope of the project is the Asian Pacific region (APAC) that is the main business region of 

GCCB (Figure II_1).  The network under consideration is comprised of two types of facilities and includes 

thirteen important locations: five plants and eight distribution centers (DCs). All these locations are able to 

fulfill customer orders via direct deliveries, - i.e., plant to customer are allowed. These selected locations 

fulfill more than 99% of the customer orders for the product family under consideration based on 2011 

and 2012 data.  

 

Figure II_1: APAC region 

2.1.3. Data Set Provided 

As historical data are not kept in the system for a long duration, the demand, production and 

inventory data for all GCCB locations that was provided covers the time window that extends from 

January 2011 to June 2012.  The data was contained in an Excel file which gathers all relevant information 

about customer order satisfaction steps especially in terms of timing and quantity.  
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From the demand dataset we can distinguish two kinds of orders, namely external orders from a 

GCCB location to a customer and internal orders between two GCCB locations. In total 23595 orders are 

taken into account in this study. Out of these 23595 shipments 15684 (66.5%) are external shipments to 

customers for a total of 646 different materials. 

When considering the internal shipments among the different GCCB locations, intra network 

inventory movements represent more than 95% of the overall stock transfer quantity. Remaining 5% are 

related to inventory movements to other minor outside facilities of GCCB in Europa and USA. A mapping 

of the network flows is provided in Appendix A.1 and shows for each location both the number of 

shipments and the number of materials involved between each path. A detailed description of the network 

global number of orders and quantity is available in Appendix A.2. Finally the timelines representing the 

monthly ratio of orders / quantities ordered by customers from GCCB network are available in Appendix 

A.3. 

2.2. Supply Chain Analysis 

In order to get more insight about the supply chain in scope we investigate the way the business is 

handled in this section based on data analysis. A detailed description of the different activities is also 

provided from business inputs. 

2.2.1. Supply Chain Structure 

The network structure is composed of the following phases (Figure II_2): raw material 

procurement, manufacturing, packaging, internal distribution and external distribution to customer. 

 

Figure II_2: Network structure 

Obviously, the manufacturing step is only performed in plants. The GCCB supply chain under 

study differs from other GCC business units as direct deliveries from plants to customers are allowed. 

Historical data show that 41.5% of the 15684 External Shipments are provided by plants and the 

remaining 58.5% are provided by DCs. The historical portion of customer orders satisfied by each 

location is available in Appendix A.2.  Therefore plants are important fulfillment centers since the most 

important fulfillment center is the plant 5 both in terms of the number of orders and shipped quantity 

(Appendix A.2).   

Decisions about customer order allocation are made on the ordering date at a central level and are 

based on the state of the network. Orders, either internal or external, are always fulfilled by only one 

supply location and cannot be split among the network. In theory each facility is allocated to a specific 

strategic area for fulfillment, but in practice it has the ability to ship to any customer. As a confirmation, 

historical data show fuzzy multi sourcing order flows from one specific customer location to several 

fulfillment facilities. 
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To complicate things further, facilities are not specialized into handling particular products; i.e., a 

given finished good can be supplied by several locations. As a consequence, the supply network is 

complex and divergent. The term “location/material combination” is used in this report to refer to a 

material that is stored/ shipped by a fulfillment facility. We take into consideration 1073 such 

combinations in our analysis (521 different materials supplied by plants that correspond to 668 

combinations, 248 materials supplied from DCs that correspond to 405 combinations). 

The link between the aggregated number of sales orders (in terms of units) and the aggregated 

volume quantity (in kilos) on the overall network level shows in figure II_3 that the top 20% of sales 

orders in terms of quantity represent more than 47% of the aggregated delivered quantity (80% of the 

quantity is delivered in 41.3% of the sales orders) 

 

Figure II_3: Link between number of sales orders and delivered quantity 

Concerning internal deliveries, historical inventory flows across the locations are mapped in 

Appendix A.1. The same multi sourcing policy appears as replenishment is decided locally.  

Based on the data provided, we distinguish two categories of internal orders: (i) internal shipments 

between the locations in the network under consideration as defined in section 1.2.1 and (ii) internal 

shipments from a location in the network to another GCC location (in Europa or USA for example).In 

terms of quantities shipped, internal shipments inside the network represent nevertheless 94 % of the 

internal shipments in terms of quantity. The bulk of these inventory flows are delivered by the plants as it 

is obvious that product manufacturing only occur in these locations. 
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2.2.2. Production Process 

GCCB uses a two-step manufacturing process when it comes to the product family under 

consideration. The first manufacturing step is aimed at producing the unpacked product (so called Bulk) 

from purchased raw materials. This manufacturing step is done through an extruder where different sort of 

materials are melted and color is added. The unpacked material is very often specific to one finished 

product.  

The second manufacturing step is a “packaging step” that gathers both testing and packaging 

operations. Then, the produced materials are sent either to customers or to another GCCB location such as 

the DCs we depicted above. 

The production times are relatively low (around 1 second a unit) and the production follows a 

given logic that depends upon the characteristics of the finished products. Color has been described as the 

main driver of the production.  The inner loop provided in next figure II_4 represents the theoretical 

pattern the production should be following. 

 

Figure II_4: Color Sequence 

The way production orders are dispatched across the different lines is decided locally and various 

scheduling heuristics occur in order to account for the available resources and timing constrains. 

2.2.3. Product Differentiation 

GCCB uses a very straightforward classification scheme to classify products across two main 

strategies, namely Make To Order (MTO) and Make To Forecast (MTF). Make to Forecast label differs 

from Make to Stock one in SAP terminology since Make to stock production is not triggered by the 

forecasts but is related to every push process that occurs independently from forecasts.  No additional 

differentiation among customers is considered.   

We can outline that MTF products are the object of great attention as GCCB tries to keep 15 Days 

Of Supply (DOS) as a buffer stock in every location, which corresponds to the expected daily demand 

calculated based on Forecasts. This forecast release is managed locally, which means that the way these 

forecasts are produced varies from a location to another.  
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From a business perspective, the decision to manage the product with forecasts or not depends on 

a “gut feeling” about how reliable related values could be. Hence, even though no scientific background 

supports this decision, we tend to see more lumpy and erratic demands for MTO products and smoother 

demands for MTF products.  

When analyzing the data provided to us, it turns out that more than the 94% of the DC 

combinations that are managed on MTO policy have less than 10 internal shipments between January 

2011 and June 2012 (33% with only one order) that can be considered as extremely slow items.   

When analyzing the MTF demand patterns, we use the classification scheme (Figure II_5) 

proposed by Syntetos et al. (2005) that relies upon both average inter-demand interval (1.25 forecast 

period as  cut off value) and the squared coefficient of variation of demand sizes (0.49 as a cut off value), 

ErraticSmooth

Slow Lumpy

𝐶𝑢𝑡 𝑜𝑓𝑓 𝑣𝑎𝑙𝑢𝑒 𝑝 = 1.5  
(𝑚𝑒𝑑𝑖𝑎𝑛 𝑜𝑓 𝑑𝑒𝑚𝑎𝑛𝑑 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠) 

𝐶𝑢𝑡 𝑜𝑓 𝑣𝑎𝑙𝑢𝑒 𝐶𝑉2 = 0.49 
𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛  

Figure II_5: Demand Classification scheme 

We see in figure II_6 that 47% of combinations can be categorized as extremely slow items (less 

than 10 orders in the time window). 13% of the combinations exhibit a coefficient of variation higher than 

0.49 whereas remaining 40% can be considered as smooth (only 5 combinations with higher than 1.25 

month inter demand interval).  

 

Figure II_6: Demand classification results for MTF products 

Extremely 
slow - Slow 

Erratic 

Smooth 
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From an order quantity perspective, MTF- related external shipments represent 67% of the overall 

external shipments whereas MTO ones represent only 33% of shipments. The next table II_7 shows the 

MTO/MTF breakdown in terms of the number of external shipments, materials and combinations. Both 

DCs and plant perspectives are displayed. 

Planning 

Strategy 

Plant Perspective DC Perspective 

 Number 

Orders 

Number 

Materials 

Number 

Combinations 

Number 

Orders 

Number 

Materials 

Number 

Combinations 

MTF 56% 17% 19% 74% 36% 43% 

MTO 44% 82% 80% 26% 64% 57% 

 

Table II_7: Summary Make to Forecast/Make to Order characteristics 

 

2.2.4. Forecasting release process 

An interesting feature of the forecasting process is that it is almost entirely managed centrally in 

case of GCCB. First, a forecast estimation is performed every month on the overall network. The APAC 

wide demand is estimated for each finished good in a first step, before being cut and assigned to a specific 

manufacturing site. This balancing step is very complex. We can outline that it is not only a “dispatching” 

operation but also a cutting one that takes into account every facility available capacity. To the best of our 

knowledge, the forecasting process is rather subjective and not based on known quantitative forecasting 

techniques. We were unable to obtain further information about how the forecasted values are generated.  

These forecast values are then released for MTF Products in every manufacturing site as a 

production order to be fulfilled within a month. Theoretically, every facility has then to produce at least 

the corresponding forecast value within a month. The way these forecasts are to be produced depends 

from a facility to another. 

2.2.5.  Supply Chain Performance 

In order to introduce the different customer satisfaction indicators, we can first depict the ordering 

process in detail to better explain the purpose of each index. From the Excel file which was provided to us, 

different important dates are displayed for each order. First important date is the ordering date that 

corresponds to the actual date the customer gets in touch with GCCB to order a given quantity. The 

customer then asks for a requested delivery date and quantity he would like to be supplied. On average 

this requested service time is equal to 26.27 days (coefficient of variation, cv = 0.76).This requested 

service time is higher from plant of view (average 29.5 days, cv = 0.69) than from DC point of view 

(average 24 days, cv = 0.8) 
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Given the planned outbound flows that are displayed from the ordering date to the requested 

delivery date, the different planners may do some adjustments to fit first customer requirements. If it is not 

possible, planners will propose another date and quantity and both parties will agree on these two 

parameters. These parameters are referred as the Agreed delivery date/ Quantity and this step ends the 

first part of the ordering process. On average, this difference is equal to 3.96 days (cv =2.13) and is higher 

from plant point of view (average of 5.24 days cv=1.77) than from DC point of view (average of 3.06 

days, cv= 2.50) 

Then, based on this agreed delivery date, GCCB will plan outbound flows in order to satisfy 

customer on time and in full. The final date is the arrival date that is the last step and the date when the 

customer effectively receives his order. Truck and ocean transportation modes are mostly used and 

account respectively for 62 and 36 % of the shipments. To each shipment corresponds a good issue date 

that indicates the day where inventory is taken out of the stock to fulfill corresponding demand. The 

ordering process is summarized in next figure II_8. 

 

Customer contacts GCCB at 

the ordering date and asks 

for a requested date

GCCB looks at the system 
status and promises to the 

customer that he will be 

delivered on the agreed 
delivery date

Material is available at GCCB 
facility and is sent to the 

customer at the good issue 
date

Customer receives the 

shipment at the arrival date

TI
M

E

 

Figure II_8: Ordering Process 
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The performance of the supply chain is measured through two key performance indices when it comes 

to customer deliveries. These two indicators are intended to measure different aspects of the ordering 

process. 

 FFCOFR (First Fully Confirmed Order Fulfillment Rate):  this ability index measures the ability 

of GCCB to match the delivery date and quantity requested by customers at the moment when the 

order is placed.  For a given customer order, this index is equal to 1 if GCCB sets the promised 

delivery date equal to the date requested by the customer and zero otherwise.  This metric is 

measured at the ordering date when the planner, based on a prediction of future inbound and 

outbound flows, assigns the customer to be fulfilled by a particular location. 

 OTIF (On Time in Full): this reliability index measures the ability of GCCB to deliver the order 

on time and in full.  For a given customer order, this index is equal to 1 if both the final shipment 

quantity and arrival date match the terms customer and GCCB agreed upon and zero otherwise.  

This metric is measured at the arrival date when the customer order has been fulfilled in full.   

Through this project, we will semantically distinguish binary FFCOFR and OTIF index from the 

overall FFCOFR and OTIF average calculation by naming the second term as a “ratio”. 

The FFCOFR index has been described as the most important index for GCCB since it targets the first 

answer to the customer. Indeed, given the competitive market, one of the key of success is creating the 

perception in the customers’ mind of an organization that is easy to do business with. In the calculation of 

the FFCOFR ratio both indices are not prorated by quantities and small quantities have the same weight as 

big ones. This makes sense as small quantities can be referred as “customized products “  produced in 

small quantities to gain some new markets and clients. 

Based on the provided data, both FFCOFR and OTIF indicators show very poor performance with 

respective 65.6% and 65.1% ratio on average, which is far away from the 95% targets GCCB wants to 

achieve. The market for the particular product under study is very competitive, which forces GCCB to pay 

a lot of attention to supply chain performance. We can notice that the quantity criterion is hardly 

responsible for both low performance indices as orders are promised in full in 97.7% of the cases 

(FFCOFR) and orders are delivered in full in 95% of the cases (OTIF). 

With respect to other aspects, Forecast Accuracy is calculated on the overall level and compares for 

each finished good the overall network sales and overall Forecast values for a particular month. This 

indicator is then based on the following formula that calculates an average Forecast error based: 

      𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑟𝑟𝑜𝑟  𝑖𝑡   𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑟𝑟𝑜𝑟   
     𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑆𝑎𝑙𝑒𝑠  

                   

  𝑆𝑎𝑙𝑒𝑠  
 

Forecast Accuracy (FA) is very low for the product family under consideration and roughly equals 

39%. Forecast Accuracy through time evolution is depicted in Appendix A.4. 

When it comes to inventory-related metrics, GCCB uses the “days of inventory on hand” formula, 

which gives an indication of inventory turns. This days of inventory on hand tells the average amount of 

time a company will hold inventory before the inventory is sold and is calculated for each month and each 

finished goods as the average inventory on hand divided by the average of sales. The average days on 

hand are shown on an aggregate average level in Appendix A.5. 
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3. PROJECT PROPOSAL 

This project has been initiated as a pilot study by two different stakeholders, namely the central 

Supply Chain Management Department of the GCC and the GCCB board. In line with the common 

overlooking challenge for improving GCC Supply Chain, the following problem statement is described. 

3.1. Problem Statement 

While customer service has been outlined as a key driver for the business in order to improve its 

competitiveness, the supply chain under study exhibits very poor performance, with aggregated FFCOFR 

and OTIF ratios respectively equal to 65.6 and 65.1%. 

The SAP system currently used by GCCB does not allow for deep understanding and management is 

unclear about which ideal customer service level they should strive for and how to achieve it. 

The main goal of this project is to provide GCCB some historical data-based quantitative insights on 

how to enhance customer satisfaction. By analyzing the main root causes of historical bad service level for 

each of the two previously described indices, we aim at delivering some broad guidance to GCCB 

decision makers on where to focus their efforts. 

The second goal of this project is to illustrate a practical implementation of analytical techniques and 

framework through a case study. Our aim is to deliver a useful process that can be reused for future 

challenges. 

Overall project objective can be summarized as follows: 

 

 

 

Our plan of action is as follows. For each service level indicator, we first analyze the current situation 

and get an understanding of the relations between some factors and the performance of the system.  Then, 

in order to quantify the relations between factors and the performance of the system, we develop a model. 

Additional changes in dynamic factors such as inventory policy and forecast accuracy will have to be then 

investigated through the aforementioned model. 

Finally, we provide concrete suggestions on how to improve the system performance based on the 

insights we obtained. 

 

 

 

 

 

What are the root causes of low customer satisfaction indices for a 
complex supply chain and how can the situation be remedied? 
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3.2. Methodology used 

As alluded to the section 1.2, the main question regarding the method to use has been to decide 

whether the problem should be solved analytically or by means of simulation. We make a decision based 

on the complexity of the problem. 

There are two kinds of complexity (Bozarth et al, 2008): detail and dynamic ones. Detail complexity 

refers to the distinct number of components that compose a system. Dynamic complexity refers to the 

unpredictability of a system´s response to a given set of input.  

Regarding GCCB supply chain, the size of the family portfolio under consideration (several hundreds 

of finished goods that correspond to hundreds of bulk materials) along with the network variety ensure a 

detail complexity. The high degree of interaction between the elements through production, inventory or 

order flows demonstrate further system dynamic complexity. As a consequence, we believe that 

simulation is best suitable when investigating broadly supply chain issues. 

Note that this pilot project followed the introduction of the Supply Chain Guru (SCG) software at 

GCC, which is very flexible software for optimization and simulation purpose provided by Llamasoft 

company. This tool allows users to define timing and quantity as an input for each demand. As alluded to 

earlier, the main drawback of simulation is that it relies on simulated data rather than historical ones, 

impairing results quality. By fixing the demands as the historical ones, we can reproduce historical order 

flows and avoid demand distribution estimation, in order to get very close to what happened in the past. 

We can point out from last supply chain depiction that the low forecast accuracy and current basic 

inventory policy might be one of the main causes for such a performance loss. Using simulation would 

also help us to test different alternatives in order to make suggestions. 

As a consequence, given both the complexity of the system under study and the provided tool with 

high potential it has been decided with stakeholders to handle this project using simulation. 
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3.3. Project Outline 

The fundamental question investigated through this project is to get some insights about the impact of 

salient factors on the two customer service levels indices used by GCCB, namely OTIF and FFCOFR 

ratio. 

To accomplish this, we propose to break down the following study into two parts, in order to 

investigate separately the two customer service level. Indeed, notable factors will differ from the OTIF 

ratio which is a reliability index to FFCOFR ratio which is an ability index. 

After an analysis of each index, we first use a fully deterministic model. The reason for doing so is to 

investigate what service performance should have been reached based on the provided historical data and 

given a set of assumptions.  We try as a consequence in this first phase to mimic exactly inbound flows as 

it happened in the past.  As will be done with historical demands, it is possible using Supply Chain Guru 

(SCG) to fix both inbound and outbound flows (production plan and internal orders deliveries) in terms of 

timing and quantity. A screenshot of SCG corresponding interface is provided in Appendix A.6. Then, the 

corresponding finished good combination inventory will be increased as it has been done in the past. By 

offsetting any dynamic replenishment process, we aim at reproducing historical system behavior in order 

to conduct some analysis.  

The reason for developing such deterministic model differs for the two indices. For the OTIF ratio, we 

want to verify from historical data if enough inventory was there in order to satisfy orders where customer 

satisfaction is possible. In the case of the FFCOFR ratio, we want to quantify a possible bias due to wrong 

prediction on the future, thereby calculating FFCOFR that would have been possible given the “real” 

production plan. Moreover, as this FFCOFR is fulfilled on a “predictive” plan snapshot that is not 

available in provided data, verifying reliability of this index will help us to build first assumptions for 

dynamic simulation.  Note that the deterministic models also served to introduce the tool to the business 

and to gain credibility within the organization. 

We aim in a second phase at investigating dynamic factors such as the impact of forecast accuracy and 

inventory policy on service performance. Similarly to the deterministic models, outbound demand flows 

will be fixed as the historical ones, in order to get meaningful results. Concerning inbound flows, a 

decision process will be implemented that decides on inbound flows timing and quantity based on the state 

of the system. Contrary to former model where historical inbound flows were specific to the time when 

data were collected and to a given input set, we want to get in this model relationships by investigating an 

expected system behavior under different set of  forecast values and inventory policy. As a summary, we 

aim at determining the service performance that would have been obtained given different input 

conditions from the historical and under a set of assumptions. 

As we intend to get a relationship between these factors and the system performance, we incorporate 

stochastic simulation to account for forecast error and will investigate sensitivity of service performance 

to inventory policy across different scenarios. 

A description of the difference is available in next Figure III_1. 
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Figure III_1: Difference between the dynamic and deterministic models 

Stakeholders decided that, given both the knowledge limitations and the limited project time 

frame, the dynamic simulation will be used only in case of the FFCOFR index study as it has been 

described as the most important one in section 2.2.5. 

We can strongly stress at the end of this section that as this project was a pilot one, limited support 

was provided from GCCB perspective. As a consequence, main challenge to overcome through this 

project was the lack of understanding. Given the limited knowledge we got, lots of analysis have been 

done on the provided excel files as a background of this study. We have decided in this report only to 

display the most salient ones. 

Finally, the paper is organized as follows. We decided to flip over the study by investigating the 

OTIF index first in the chapter IV before studying the FFCOFR index in chapter V. The main reason for 

doing so is that we paid more attention on FFCOFR index as it has been described by GCCB as crucial. 

Finally, global conclusions are drawn in chapter VI. 
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3.4. Considered System and Process 

In cooperation with all the stakeholders it has been decided not to consider some aspects of the 

supply chain dynamics.  

Since SCG software allows demands fixed in terms of timing and quantity as an input, there is no 

need to estimate any demand distribution, as we already have all historical shipment data on hand. As a 

consequence, we will consider the historical shipment as order demand input. 

All demands are set to be specific from one location to another as it historically happened, that 

means that we do not consider the allocation process on how the one specific customer demands are 

spread among the network and assigned to be fulfilled by a specific location. This sourcing mechanism 

relies on a lot of manual adjustments and depends on a large part on the interaction between customer and 

business. Therefore, the study will be flipped over as we cannot consider customers. All models will then 

be studied from GCCB supply location (DC or plant) perspective, service performance being calculated as 

specific from a given material/ supply location combination. As a consequence, we do not investigate one 

of the main decision variables regarding GCCB supply chain management, which will limit the strength of 

our results. 

Only one aggregated finished goods inventory for each supply location is considered in all 

models. In reality, it might be that inventory is split among different storing locations inside Plants or DC. 

This allocation is considered as out of the scope as it should not impact service performance in any cases. 

Finally both service level definitions are reduced only to timing aspect. When analyzing the data it 

turned out that the quantity criteria was hardly responsible for both service level not to be fulfilled with 

respective in full ratios equal to 97% for FFCOFR and 95% for OTIF. As a consequence, we offset in the 

different models the possibility to fulfill partially the orders as we know it relies on a great part on the 

relationship between customer and business. This assumption is negligible and is allowed in the software 

we use.  Each demand will be implemented with a due date as an input. During the simulation, current 

time an order is satisfied is checked and compared to this due date in order for the software to determine if 

a shipment is on time or late. Both the ordering date and the due date set up depends on the model and will 

be thoroughly discussed for each case. 
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4. OTIF INVESTIGATION 

The intent of this chapter is to describe the OTIF related study. After describing this particular 

index in part 4.1, the way the related deterministic model is set up is discussed in part 4.2 and conclusions 

are drawn in part 4.3 and 4.4 

4.1. Study Purpose 

As explained in subsection 2.2.5, OTIF is a customer satisfaction index that targets delivery 

reliability. It checks for each order whether the final shipment quantity and arrival date match the criteria 

customer and GCCB agreed upon, i.e. the agreed delivery date and the agreed upon quantity.  

 

This indicator is equal to one when the delivery is considered as on time and in full. The delivery 

is first considered as in full when quantity deviation between delivery quantity and agreed quantity is 

within a range of +-7%. The timing criterion depends on the shipment transportation mode that is used: 

 

- For truck transportation mode, no deviation tolerance is considered, the shipment should arrive on the 

agreed delivery date. 

- For rail and ocean freight transportation modes, a tolerance of three days is implemented, which 

means that the final arrival day can exceed three days from the agreed delivery date. 

 

The OTIF index is only calculated on external shipments to customers. However, we can stress 

that this index only considers a subset of the total external orders where GCCB has the full responsibility 

for the final delivery in terms of carrier and transportation service. Therefore, shipments where customers 

are responsible of the deliveries are not included in the calculation. Moreover, it happens that the customer 

does not enter the arrival date in the data base, and the OTIF calculation becomes impossible from GCCB 

information.  

Out of the initial 15684 external shipments, only 8614 (55% of total external orders) are taken 

into account in the OTIF calculation. Among the external shipments, 3807 (24% of total external orders) 

are carried by the customer whereas 3263 (21% of total external orders) do not have an arrival date 

communicated by the customer. 

The overall OTIF ratio is equal to 65.1% on the average and a detailed analysis on Plant and DC 

level is displayed in next table IV_1. A detailed description from each facility point of view is displayed 

in Appendix B.1 

 Plant DC 

OTIF 72.20% 57.90% 

In Full 95.70% 92.40% 

On Time 74.40% 62.30% 

Number shipments 4696 3918 

 

Table IV_1 OTIF ratio details 
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From Appendix B.1, we can highlight that several locations such as DC3 and DC4 have only 

delivered a few orders where the OTIF calculation is possible. The main reason for such a data loss is 

because of the arrival date missing in this case. DC1 is out of the scope in this OTIF related study as no 

shipments from this location have an arrival date referred in the system. This data loss issue is well 

known in GCCB and is related to some complex SAP failures. 

As an assumption, we have already explained that only the time criterion was considered through 

our study when investigating both indices.  As a consequence the OTIF index is reduced to the On Time 

index (OT). The figure in Appendix B.2 depicts timeline difference between OTIF ratio and OT ratio. 

We can highlight when investigating the OTIF vs. OT ratio timelines displayed in appendix B.2 

that the OT ratio is unsurprisingly always higher than OTIF with a 5.7% maximum difference in June 

2012. From an overall point of view, an OT ratio of 65.8% is achieved and is now the reference point 

from the overall point of view. 

It is important to stress that as the ratio under study is a delivery reliability index, we may expect 

the loss of supply chain performance regarding this particular index to be related to uncertainties within 

the supply chain. This index is aimed at assessing whether GCCB can deliver the client on the agreed date 

he promised to do so. As the agreed delivery date has been proposed and validated by GCCB, it should be 

theoretically possible to deliver the customer on time from a business point of view. As a consequence, 

from a particular supply facility point of view, we can outline a twofold spectrum of reasons for bad 

performance regarding this index. 

First, uncertainties on inbound flows such as machine downtime or breakdown, unreliable raw 

material supplier, underestimation of the production or transportation issues on internal deliveries could 

impair inventory to be available on the right time, thereby delaying shipment to customer. 

Second, uncertainties on the outbound flows such as transportation or carrier issues from a 

particular GCCB location to the customer can be considered as salient when investigating this reliability 

index. 

It has already been mentioned in Section 3.3 that the OTIF investigation was not described as the 

most important index from GCCB point of view. As a consequence, and given the limited knowledge 

about the supply chain dynamics on sourcing and transportation mechanism, it has been decided by 

stakeholders only to build a deterministic model in this case. 

We aim in this model at replicating historical inbound quantities, either production plan from 

plant perspective or inbound internal shipments from DC one,  and check whether inventory was available 

in order for the customer to be delivered on time.   

As an output, we expect from this model to give some insights on the impact of outbound flows 

related uncertainties on the overall supply chain reliability performance. 

Most importantly, this first study can also be seen as a first step to introduce the tool to GCCB and 

to get credibility within the organization before investigating most critical FFCOFR ratio. 
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4.2. Deterministic model 

In this chapter the design of the deterministic model when investigating OT ratio is thoroughly 

discussed. The subsection 4.2.1 introduces the purpose of this model and paves the way to a thorough 

description of the model itself in terms of scope (Subsection 4.2.2) and design (Subsection 4.2.3). Results 

are discussed in Subsection 4.2.4. 

4.2.1. Conceptual definition 

We try in this model to mimic exact inbound flows as they happened in the past. As has been 

discussed in Section 3.3, it is possible to specify and enforce inbound flows (production plan and internal 

orders deliveries) so that they occur at a specific date, thereby increasing the corresponding combination 

finished good inventory as it has been done in the past. Then, demands are generated in such a way that 

we can check if there was enough inventory for OTIF calculation related orders in a particular location of 

a particular product in order for the client to be delivered at the agreed delivery date.  

Demand fulfillment will be done through a first-come first-serve (FCFS) policy as no client 

prioritization should be applied in theory. As only the time aspect is considered in the model, partial 

deliveries are not allowed, which means that the orders can either be fulfilled in full or be backordered by 

the system. 

Internal and external orders are all considered as demands from a specific location point of view 

in order to mimic historical behavior. The timing of these demands is crucial in this model as we want to 

see whether inventory was available in order to satisfy salient demands to be delivered on time. Therefore, 

whereas the orders where OT calculation is not possible will be implemented to occur at the historical 

good issue date that corresponds to the date inventory was historically taken out; the others will be 

implemented to occur at the day they could have been shipped in order for the client to be delivered on 

time. As a consequence, we may observe small differences when comparing simulated and historical 

inventory evolution timelines as inventory might be taken out earlier in the model in case of orders where 

the OT calculation is possible. By implementing additionally a fictive due date for this particular subset of 

external orders, we allow the software to compute a simulated service performance that is to be compared 

to the historical one for a particular Supply location/ Material Combination. The way both OT related and 

other orders are implemented in the model is thoroughly discussed in section 4.2.3.1.  

From a design perspective, a fictive supplier has been modeled with infinite inventories that will 

ship instantaneously the inbound quantities at the day they occurred in reality in order to mimic the 

inventory. The day these inbound quantities are set to be shipped is referred as an input and should match 

with historical one. Two models are then designed (Appendix B.2), one only focusing on plant perspective 

and another one only on DC perspective. Indeed, as we want to achieve a complete mimicking of the 

inbound deliveries, the two stages have to be decoupled from a designing perspective. As a consequence, a 

fictive overall supplier will be designed to supply all locations.  

As system behavior is fixed as the historical one, only two event triggered mechanisms are to be 

considered, namely inbound delivery-arrival event that simulates the replenishment of the inventory 

system and demand event, which is responsible for generating the outflow of goods from the inventory 

system.  The corresponding flowcharts are displayed in Appendix B.3. 
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4.2.2. Supply Chain in scope 

Through this study the whole network is considered within the studied time window that extends 

from 1/1/2011 to 30/6/2012. A data scan is performed additionally in order to identify outliers and missing 

data. The appendix B.4 summarizes the impact of the different inconsistency tests achieved in order to 

work with reliable data. Through different steps, we aim at first quantifying the dataset volume available 

for service performance calculation. Because of some data issues, it happened then that for some material/ 

location combinations concerning DC, inbound shipments were not correctly referred in the database. 

For each remaining Material/ Supply location combination inconsistency check is then performed 

given the following formula. With this formula we ensure that the data for each combination achieve a 

balance so that we can use it to simulate historical behavior: 

                                                                                                   

 

A maximum deviation of +- 5% the overall quantity of inbounds is considered as a threshold 

value. This choice has been done as more than half (56%) of the problematic combinations with a non-

zero deviation had a deviation of less than 5%. The Appendix B.5 displays the frequency of each 

deviation value in terms of number of combinations. 

 

For some shipments, the input data was not reliable as the good issue date when stock was 

historically taken from inventory was referred as later than the arrival date communicated by the client.  

At the end, in total 6570 orders are considered through this study for the OTIF calculation. Out of 

these 6570 orders, 3374 are ordered from plants and 3196 are ordered from DCs. In total 197 

combinations related to DCs and 388 combinations related to plants are considered. 

From an overall point of view, an OT ratio of 65.3% is achieved on the remaining subset of orders 

and will be the reference through this study. 

4.2.3. Model Design 

In this part we discuss all assumptions that are made and the OT deterministic model 

parameterization. 

4.2.3.1. Demands 

As has been introduced in section 4.1, the deterministic OT related model is aimed at checking 

whether inventory was available in order to satisfy on time the orders where system performance 

calculation is possible, thereby quantifying the impact of delivery transportation and carrier issues on OT 

ratio. It has already been outlined that the timing of these demands was an important feature of the model 

as we have to distinguish the orders where OT calculation is possible from those where it is not possible.  

In this section we discuss the way both types of orders are implemented in terms of timing and quantity. 

From a design point of view all historical (both internal and external) orders have to be considered 

for all supply location/ material combinations and a balance between inventories and demands should be 

reached at the simulation end.  
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Demands where the OT calculation is possible are implemented so that it is possible to check 

whether there was enough inventory within a time window where it would have been theoretically 

possible to deliver the customer on time based on the provided data. 

The start of the time window is the agreed first possible good issue date that corresponds to the 

difference between the agreed delivery date and a pessimistic lead time considered in SAP. This 

pessimistic SAP lead time is used in practice by the business in order to define a date where the inventory 

corresponding to the demand should be available for the customer to be fulfilled at the agreed date. 

The end of the time window is equal to the difference between the agreed delivery date and the 

minimum of the historical transportation time. Three days are added to this due date in case the order was 

historically shipped by train or rail in order to fit OT definition (Section 4.1) 

Both the SAP Lead time and the minimum historical transportation time are specific to one 

location/customer combination. 

This time window allows these orders to be fulfilled from the theoretical worst case. As a 

consequence OT related orders might be fulfilled earlier, if inventory is available, as the fictive ordering 

date in the model is always earlier or equal to the historical good issue date. 

Next Figure IV_2 provides a depiction of the simulation purpose. Historical and simulated 

inventory timelines are compared in case of an order which exhibits a service performance equal to zero. 

We observe that the inventory is increased at the inbound delivery good issue date. That means that 

enough inventories were available in order to ship the order to the customer at the Agreed first possible 

good issue date. As the SAP Lead Time refers to a very pessimistic transportation time, it would mean that 

it was possible for the customer to be delivered on time. However, in reality, although inventory was 

available, it has been shipped too late (Historical order good issue date) for the customer to be delivered at 

the agreed delivery date. The main reasons are related to transportation or carrier issues from the GCCB 

location to the customer facility. 

 

FigureIV_2: Illustration difference between historical inventory and obtained one 
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It has been underlined in section 3.4 that the model was calculating the service performance from 

a given GCCB supply location point of view. From a design perspective, two fictive “dummy customers” 

have been designed to be specific from one supply location. As these dummy customers aggregate all 

particular location customers OT related and other orders together, it makes sense to substrate the 

transportation lead time when considering order timing as it is specific from one real customer to another. 

Other demands, either external orders where OT calculation is not possible or internal orders are 

to be set up at the historical Good issue date that refers to the historical real date corresponding inventory 

was taken out. 

Simple FCFS policy is implemented as the standard demand satisfaction process. Indeed, as no 

client prioritization should be used in reality, it makes sense to satisfy first the clients business promised to 

be delivered the earliest in case of OT orders. Same remark holds for all demands as other orders where 

service performance is not calculated are implemented to take out inventory as it happened in the past. 

In terms of quantity, as we only investigate timing aspect, it has been decided to take the historical 

delivered quantities and not the agreed ones for all demands. 

This assumption means that only time aspect will be investigated for Service performance, partial 

deliveries being not allowed. The strength of this assumption is discussed thoroughly in corresponding 

part 4.2.3.5. 

4.2.3.2. Inbound Flows 

As we want to do a complete mimicking of the system, inbound flows are set to occur at the 

historical day they effectively increased the corresponding location inventory. 

That means that from a production plant point of view, production are set up to occur at the 

Production good issue date that refers to the day production is referred in the system. 

From a DC Point of view, inbound shipments are also considered to occur at the day they are 

received and entered in the system. 

Initial inventories are set up to be equal to their historical levels on 1/1/2011, which is the start 

date of the simulation.  

4.2.3.3. Output service level 

As explained in section 3.4, a fictive due date equal to the agreed delivery date minus the 

historical minimum transportation lead time is considered for each order. Indeed, we consider that it had 

already been possible for the customer to be delivered on time when considering the minimum historical 

lead time. Orders that would be shipped before this due date will have a service performance index equal 

to one otherwise equal to zero. 
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4.2.3.4. Set up Simulation Model 

This section will discuss the simulation set up parameters of this project 

As an exact replication of the historical behavior of the system is achieved, only the timing aspect 

on a defined subset of demands is modified. Thus, no replenishment decision process was included, both 

inbound and outbound shipments being considered as inputs and implemented as the historical ones. The 

only difference that might occur is an earlier update of the inventory if available in case of orders where 

OT calculation is possible. 

This model is aimed at achieving a simple calculation about what could have been achievable 

given the historical data. As a consequence, in this first part, initial inventories should be equal to the real 

historical inventories at the 1/1/2011 to get the closest approximation from reality. 

Moreover, neither a warm up period nor a number of replications are needed as only historical 

behavior is mimicked. 

As a conclusion, we sum up the simulation model with the following diagram IV_3. Historical 

inbound and outbound deliveries are taken into account as inputs. Recall that timing was slightly modified 

for orders where OTIF calculation is possible.  
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Graph IV_3: Inbounds and Outbounds of the OT deterministic model 
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4.2.3.5. Model Verification and Validation 

In order to increase the credibility of our model, we must determine whether it achieves an 

accurate description of the system and fits the requirements of the study. Verification is concerned with 

determining whether the conceptual model depicted above has been correctly translated into a computer 

program. 

The main verifications can be achieved when comparing both historical and model output 

inventory evolution curves for each material/location combination. 

As a first verification, the ending inventories should be the same for all the combinations where 

inconsistency test shows a balance equal to zero between inbound, outbound and inventory quantities.  

Moreover, the curve representing inventory that is obtained through this deterministic model 

should roughly fit with the historical one, as some inventory can be taken out earlier only in case of OT 

related orders. 

Next picture IV_4 shows a combination where zero balance was achieved. The obtained inventory 

is displayed by the blue curve although historical one is displayed by the green one.  

Note that the values for ending inventory match in both cases. The way the inventory levels 

behave seems to be roughly the same on an aggregate level although on the detailed level, one may see 

that inventory is often taken out earlier than in history. 

Figure 

IV_4: Example output OT deterministic model 

As a consequence, we should normally obtain a higher simulated OT ratio than the historical one. 

However, it might be when looking at a more detailed level that for some combinations, lower OT ratio is 

obtained because of two assumptions. First of all, FCFS demand fulfillment process may not be always 

applied and it can be argued that Customer fulfillment rule might also depend on some other criteria. 

Second of all, in order to deal with a significant amount of data, combinations that exhibit non negative 

balance of less than 5% of total quantity of inbounds are included in the study. As a consequence, some 

combinations with an error are considered that may impair the quality of our results.  
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4.3. Results 

The results of the deterministic model that is described previously are discussed in this part. 

We can first have a look at the detailed results on the supply location/ material combination level. 

Four combinations exhibit lower simulated service performance than actual one. All of these combinations 

are related to DC and show a negative balance at the inconsistency check, which means that from 

provided data, we have less inbound quantities than outbound ones. This insight is related to some error in 

the data base and overall impact is very limited with only 4 combinations concerned. 

On the 193 remaining DC related combinations, 99 show no difference between real OT and 

obtained one although 94 show simulated OT higher than the real one. 

On the 388 plant related combinations, 202 combinations show no difference although 186 show 

positive difference. 

Detailed results on every fulfillment facility are displayed in next tables IV_5 and IV_6. 

DC  Number OT Orders Actual OT ratio Simulated OT ratio 

DC2 63 34.92% 90.48% 

DC3 3 66.67% 100.00% 

DC4 161 32.30% 67.70% 

DC5 609 74.55% 99.18% 

DC6 527 80.65% 88.99% 

DC7 1717 46.77% 91.44% 

DC8 116 29.31% 35.34% 

Table IV_5 : Detailed results on the DC level 

 

Plant Number OT Orders Actual OT ratio Simulated OT ratio 

Plant1 231 80.95% 96.97% 

Plant2 289 70.24% 96.54% 

Plant3 42 73.81% 100.00% 

Plant4 439 70.84% 98.18% 

Plant5 2373 74.38% 99.58% 

Table IV_6:  Detailed results on the Plant level 

On the aggregate and average level, we can highlight from Table IV_7 that the simulated OT is 

higher from a Plant point of view (99%) than from a DC point of view (89%). 

This result makes sense as this first deterministic model is aimed at quantifying the impact of 

downstream issues from a specific supply location point of view. From a DC point of view, supply related 

issues should be conjectured to be more important from plant one as they include transportation and 

carrier issues for internal deliveries additionally in addition to the production related issues.  
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Location Type Historical OT Simulated OT 

DC 56% 89% 

Plant 74% 99% 

Overall 65% 94% 

Table IV_7: Results on the aggregate level 

The results we obtained in this chapter suggest that transportation and carrier issues from supply 

location to customers have by far the most impact on the OT ratio bad service level. On the 35% loss of 

OT, study output outine that 29% are due to output related issues from GCCB location to customer on an 

average level. Indeed, we have proved that from an overall point of view, inventory was there on time as 

these output related issues can be outlined as related to Carrier and Transportation issues from GCCB to 

customer.  

Because of the lack of knowledge on this delivery dynamics, it is difficult to draw more detailed 

conclusions. However, we might advise to the business either to understand the causes of the delays in 

delivery (customized deliveries, lack of staff available…) or to consider higher transportation times in the 

system in order for the inventory to be available earlier. 

4.4. Conclusions and Future Challenges 

This first study is aimed at introducing the tool to GCCB in order to gain credibility before next 

FFCOFR investigation. Given the duration of the internship and the lack of information about some 

important supply chain features, it has been decided with the stakeholders only to model a fully 

deterministic model given this particular customer satisfaction index. 

Nevertheless, some interesting insights can be passed on to GCCB for further consideration and 

inspection. This simple model showed that carrier and transportation issues were responsible for the most 

important part of the loss of service performance concerning this ratio as inventory is there at the right 

time. 

If the results of this study are limited by the assumptions we made and the subset of data we used, 

we may nevertheless define this study output as a primary insight. We can as a consequence advise GCCB 

to focus on the outbound deliveries to customer in order to solve OT bad service level issue. Two ways 

can be highlighted to do so. Either GCCB should understand what is really impacting the delivery process, 

or they should increase the transportation time considered in the system in order to shift outbound 

deliveries to occur earlier. 

 

The next steps of this inspection would be to get some knowledge about the way the carrier and 

transportation mode are decided in GCCB before designing a more detailed dynamic model. 
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5. FFCOFR INVESTIGATION 

The intent of this chapter is to describe the FFCOFR related study. After introducing this 

particular index in part 5.1, the way the deterministic model is set up is discussed in part 5.2. Finally, the 

dynamic model in investigated in section 5.3. 

5.1. Study Purpose 

The FFCOFR index is a delivery ability index that checks for each order whether the initial 

promised delivery criteria to the customer, i.e., both agreed delivery date and quantity, match the 

customer’s initial requirements or not. In order for this index to be equal to one, both the date and the 

quantity GCCB agrees to supply the customer have to be equal to his requirements. This index checks the 

efficiency of the “promise to able” check that is aimed at satisfying client first requirements and monitors 

the efficiency of the first part of the ordering process. As the FFCOFR ratio has been described by GCCB 

as the most critical one in section 2.2.5 since it targets the first answer to the customer, this index will be 

studied deeper in comparison to previous OTIF study. 

Contrary to the previous OTIF study, all external orders are considered. The average FFCOFR 

ratio within the time window under study is equal to 65.6 %. From a plant point of view, this ratio is equal 

to 57.4% whereas from DC point of view, this ratio is equal to 71.5% (Table V_1). A detailed description 

from each facility point of view is displayed in Appendix C.1.  

 Plant DC 

FFCOFR 57.4% 71.5% 

In Full Criteria 97.7% 98.0% 

On Time Criteria 58.6% 73.3% 

Figure V_1: FFCOFR ratio details 

Related to the global assumptions introduced in section 3.4 only the time criterion is considered 

through our study as the “in full” criterion is almost always fulfilled. The appendix C.2 depicts the 

timeline difference between FFCOFR ratio and the one back calculated only on time aspect and shows a 

maximum absolute difference of only 3.2% on average in May 2011.  

The decision to promise the customer to be delivered given his requirements depends upon a 

snapshot at the ordering date of the future predicted inbound and outbound flows. At the ordering date, 

GCCB planners theoretically decide whether they can promise the customer to be fulfilled at his 

requested date or not given the expected network status on a fictive requested material availability date. 

This date corresponds to the requested delivery date minus a fixed SAP transportation time in the system. 

If it is conjectured to get enough of the requested quantity of finished goods available by this due date, 

FFCOFR should be theoretically equal to one as the planners should promise the client to be fulfilled 

given his requirements.  

As a consequence, we may expect this index to be related to three main root causes.  
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First of all, as this index targets the first contact to the customer, it may happen that the customer 

asks for an unfeasible service time, i.e., a time that is lower than the transportation time. The figure V_2 

displays such case where the requested material availability date is earlier than the ordering one because 

the transportation lead time is higher than the requested cycle time. 

 

Figure V_2: Explanation “unsatisfiable orders” 

When computing the requested material availability date for each external order it turns out that 

an overall ratio of 4.3% “unsatisfiable orders” is obtained. These cases represent the orders that cannot be 

fulfilled whatever may be the inventory level because transportation time is considered as too high to 

fulfill the customer given his requirements. As a consequence, the overall FFCOFR ratio can never reach 

100% performance and an upper bound has always to be considered as equal to 95.7%. 

Second, this index is a predictive one as it relies on a prediction of the future system status. 

Therefore, we may expect some error bias between the prediction and what really happened, and it 

becomes crucial to assess this index reliability. In order to assess the model reliability, we intend to 

proceed as we previously did concerning the OTIF previous model by building a fully deterministic 

model in a first phase. This model is presented in next section 5.2  

Finally, as the decision of meeting the customer requested delivery date is based on the future 

predicted inbound flows, the way this replenishment process is managed should be studied as a final 

point. Since the range of decision variables exclude network structuring and demand allocation (section 

3.4), two levers of improvement can be outlined as the main levers of improvement to investigate, namely 

forecast accuracy and inventory levels. The dynamic process will then have to be modeled in a second 

phase. This model is presented in the section 5.3 
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5.2. Deterministic Model 

In this chapter is thoroughly discussed the design of the deterministic model when investigating 

OTIF ratio. 

5.2.1. Conceptual definition 

Before going further, we can recall the FFCOFR fulfillment principle as it is a ”promise to able 

index”. The decision to promise the customer to be delivered given his requirements depends upon the 

predicted inventory available. 

Related to what has been introduced in previous section 5.1, the intent of this first deterministic 

step is to calculate the FFCOFR ratio that would have been possible given the real historical inbound 

flows data. Two reasons can be argued for doing so. 

Firstly, one of the main insights of this first “obtained FFCOFR on historical inbound flows” 

calculation and its comparison to the “historical one” would be to assess whether the business has a good 

overview on its “future inbound flows”. This insight is crucial as we are targeting a predictive index and 

would be a first guess on how reliable is this performance measure. Indeed, it has been depicted in section 

5.1 that as FFCOFR ratio relies on a conjecture of what might be future inbound deliveries on the 

ordering date; bad future overview may play a great role when investigating this particular index. If the 

FFCOFR is shown to be unreliable, then looking for other dynamic levers of improvement such as the 

forecast accuracy or the inventory policy through more elaborated model would not make any sense.  

Secondly, given our limited knowledge on the supply chain dynamics (Section 3.4), this first 

deterministic model on historical data would be a first guess to pursue deeper our study. Therefore, we 

could set up assumptions for a “more elaborated” dynamic simulation model based on the historical 

production data that were provided. We can argue that setting up more elaborated model will need better 

understanding of supply chain dynamics. Therefore, we aim by performing some analysis on historical 

production plan at pursuing deeper the study. This first deterministic step will help us to ensure the 

relevance of the future assumptions before investigating the dynamic factors impact on service 

performance. 

As with the OTIF ratio, this first calculation fixes the behavior of the system to match the 

historical one and only embeds two simple events (Appendix B.3). Outbound flows are set to occur on a 

specific date and do not result from a dynamic decision based on current state of the system, thereby 

mimicking the historical production plan as it happened. Once the demand size is generated, the inventory 

on hand is decreased by this amount if there is sufficient inventory available. If it is not the case, the 

demand is backordered and postponed until the next inbound delivery event occurs. As has been 

considered in the OTIF model, demands quantities will be set equal to the historical ones as the decision 

process on when to deliver partially is offset. Demands will be implemented in this model so that we can 

check whether there were in reality enough inventories in order to satisfy the client to be delivered at his 

requested delivery date. This timing aspect is thoroughly discussed in the subsection 5.3.2.1. The demand 

fulfillment will be done through a first-come first-serve (FCFS) policy as no client prioritization is 

applied in theory. The order quantities will be equal to the historical delivered ones and not to the 

requested ones as partial deliveries are not allowed in the model. 
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5.2.2. Supply Chain in Scope 

Through this study, it has been decided by the stakeholders only to focus on plants, thereby 

neglecting the DCs. The main reason is that the replenishment policy from the production sites to the DCs 

is a complex process which involves a lot of manual adjustments, making it difficult to replicate. 

Therefore, it has already been described in section 3.4 that the mapping of the outbound deliveries 

revealed a very complex system with lots of manual adjustments. As this deterministic model has also 

been highlighted in previous subsection as a primarily step to more elaborated dynamic simulation we 

will consider the replenishment system as out of scope for future study.  

 

As a consequence, only part of the network, i.e. the plants, will be considered when investigating 

FFCOFR ratio. Internal orders from plants to DCs will be considered only as outbound deliveries from 

these locations to a dummy location. This calculation is achieved on the overall time window as we are 

using data from 2011 and 2012.  

With regards of the number of materials taken into account, the same inconsistency test has been 

conducted as in the OTIF study: 

 

 𝑆𝑡𝑎𝑟𝑡𝑖𝑛   𝑛𝑣𝑒𝑛𝑡𝑜𝑟   𝑎𝑛𝑢𝑎𝑟          𝑛 𝑜𝑢𝑛𝑑𝑠    𝑢𝑡 𝑜𝑢𝑛𝑑𝑠   𝑛𝑑𝑖𝑛   𝑛𝑣𝑒𝑛𝑡𝑜𝑟   𝑢𝑛𝑒               𝑛 𝑜𝑢𝑛𝑑𝑠 

 

Data issues such as the external shipments where the requested date is not available cannot be also 

considered. Appendix D.1 quantifies the number of orders considered. 

 

From this table we notice that the performance indicator will be in this case calculated on 5166 

orders, which correspond to 435 combinations. 

 

As a reference point historical FFCOFR ratio calculated on time aspect (blue curve) is equal to 

61.1% for the subset studied orders. FFCOFR upper bound is equal to 95.3% in this case because of 

unsatisfiable orders. 

 

5.2.3. Model Design 

In this part we discuss all assumptions that are made and model parameterization. 

5.2.3.1. Demands 

As has been previously done in OTIF related model, we have to distinguish in terms of timing the 

external orders where service performance cannot be calculated and the others. 

We can recall that as partial deliveries are not allowed, the software will determine if a shipment 

is on time or late based on a due date from which the current time order is satisfied is compared to. A due 

date has to be implemented for all external orders and is now discussed. 

In this study, the fictive due date will be the requested material availability date for each external 

order, being equal to the difference between the requested delivery date and an SAP transportation lead 

time. We can stress that this transportation time is set to be deterministic and specific from one customer/ 

one supply location combination. It is the one used by the business to make the decision whether to 

postpone the promised delivery date later than the requested one (Section 5.1).  
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Regarding the ordering date, two models have been investigated with two different definitions as 

the time the demands occur is very important given that we can only use FCFS policy.  

A first guess would be to make demands occur on the historical ordering date. Then, this simple 

policy set up a simple priority on the historical ordering date, as the order arrival event should trigger 

every decision. Then, a first model is built to follow this logic where ordering date in the model is set up 

to be equal to the historical one for both internal and external orders. 

A second logic can also be considered that makes the demand occurring at the requested material 

availability date (due date). As the same FCFS policy is applied, the demands will be prioritized based on 

the due date and not on the ordering date. This model is designed in order to take into account the 

scheduling logic, as if the demands were knowable. Therefore, it may happen that the requested service 

time (requested material availability date – ordering date) of an order is so large that GCCB planners can 

postpone this order planning in order to prioritize more urgent orders. As internal orders do not have a 

requested delivery date, they are set to occur at the historical good issue date that corresponds to the 

historical date inventory taken out. This second model is aimed at obtaining an upper bound of the 

FFCOFR that would have been possible given production and should be compared to the first one to 

quantify the number of cases impacted.  

The next figure V_3 depicts an example of the difference between the two models. Two demands 

are set to occur and have different requested service times as the demand 2 occurs earlier but exhibits a 

further due date than the first one. In this example, we can point out that the demand 2 will be prioritized 

in the first model based on the ordering date whereas second model will prioritize the demand 1 based on 

the due date. In the first model, the obtained FFCOFR ratio will be equal to 50% although in the second 

one it will be equal to 100%. 

 

Figure V_3: Difference between the two base case logics. 
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5.2.3.2. Inbound Flows 

Inbound flows to plants are set to occur as it historically happened for the set of products under 

consideration. The way these production runs are modeled in the deterministic model is the same as has 

been done when dealing with OTIF related deterministic model. 

5.2.3.3. Set up Simulation Model 

This section will discuss about the simulation set up parameters of this project. 

As in the previous OTIF related model, the historical behavior of the system is mimicked in terms 

of inbound deliveries, thereby offsetting any replenishment decision process. Demands are fixed as inputs 

in the system, being equal to the historical ones. Only difference with actual data is that the timing of 

external orders in the two different models from history. In the model 1, demands are set to occur on the 

ordering date although on the second one they are set to occur on the historical requested material 

availability date.  

As a deterministic model is investigated, neither warm up period nor a number of replications 

have to be determined. 

Initial inventories should be equal to the real historical inventories at the 1/1/2011. 

As a conclusion, we can draw the following diagram V_4 in order to summarize the model. Recall 

that the timing is slightly modified for some orders given the demand prioritization investigated. Starting 

inventories are set as the same as historical ones. 
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Figure V_4: Inbound and outbuonds deterministic model 
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5.2.4. Results 

This chapter will discuss the results of the FFCOFR related deterministic model and is broken 

down in two parts with an analysis on the aggregate level in terms of FFCOFR average ratio and on the 

order level in terms of mismatch. The model on the ordering date is called Model 1 and the one on the 

requested Material Availability date is called Model 2 in order to make easier the description of the 

results. 

It has been previously conjectured in section 5.3.1 that Model 2 should outperform Model 1 as it 

reflects optimal scheduling. On one hand, as Model 2 is based on the due date it should prioritize the 

demands that are more urgent to satisfy although the Model 1 only prioritizes the demands on the ordering 

date without taking account the requested service time. This model has been designed in such a way that 

demands with an earlier requested material availability date will occur and will be prioritized from the 

others, as if GCCB could achieve 100% future prediction. On the other hand, the first model on ordering 

date should be a closer depiction of reality as ordering event triggers all decision process. The scheduling 

step that is linked to the second model should be expected as an auxiliary step when the requested service 

time is very high and allows more flexibility in inbound flows scheduling. 

From an average point overview, a higher FFCOFR ratio is obtained on average for both models 

compared to the historical reference value of 61.1%. The first model obtained FFCOFR ratio based on the 

ordering date (red curve) is equal on average to 68.8% although the second one based on the due date 

(blue curve) is equal to 72.6%. All timeline curves are shown in next Figure V_5 and compared with the 

reference FFCOFR average ratio (green). The theoretical achievable upper bound because of 

“unsatisfiable” orders is displayed in dash line. 

 

Figure V_5: Comparison outputs of the deterministic models with history on the aggregate level 
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All curves seem to exhibit the same pattern. However, we notice a constant difference of 

approximately 10% between historical FFCOFR ratio and Model 1 output.  

The FFCOFR ratio obtained from Model 2 on the requested material availability date seems to 

diverge and always outperforms both the historical and Model 1 FFCOFR ratio. This insight makes sense 

as this model was aimed at getting an upper bound of what would have been possible with historical 

production plan. 

We can as a first conclusion argue that the first model seems to be the closer to the reality as it 

exhibits the same pattern and lower aggregate difference from historical back calculated FFCOFR. 

Reasons for such a difference are related to a prediction bias. In order to draw stronger conclusions about 

the reliability of the previous obtained results on the aggregated level we obtained, we perform in a 

second step an analysis at the order level. In this case, we compare order by order if the model output 

binary fulfillment index fits with history. We can highlight that there can be two kinds of mismatch from 

history to model output, namely orders where the obtained FFCOFR index is equal to zero although the 

historical one was equal to one and the contrary. Since on an average level both kinds of mismatch might 

compensate each other, intent of this analysis is to verify whether the aggregated results make sense. We 

can stress that the obtained ratio of orders mismatches should be higher than the absolute average 

difference on the aggregated level. We can conjecture from the previous analysis that the Model 2 on 

requested material availability date should exhibit the highest proportion of orders mismatch.  

This study is performed on both models. As expected, the aggregated mismatch ratio where  

FFCOFR differs on the order level from the model to the history is higher in the Model 2, equal to 28.9% 

of orders for the first model although it falls to 25,4% in the Model 1. Timelines analysis are performed 

and depicted in following Figure V_6 for both models. Model 1 comparison is displayed in dash lines 

with a cross as a symbol whereas Model 2 comparisons with history are displayed with round symbol. 

The color code is the following: (i) in green is displayed the matching ratio in terms of order satisfaction 

between each model and history, (ii) in blue is displayed the rate of mismatch where the order is fulfilled 

in a deterministic model and not in history , (iii) the red color is used for the opposite kind of mismatch. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure V_6 Comparison of the deterministic models Outputs results with History on the order level 
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Concerning the first model, the ratio of orders where historical reference FFCOFR index is equal 

to the obtained one ranges from 65.3% to 81.1%. The ratio of orders where outbound FFCOFR is equal to 

zero although historical one is equal to 1 ranges from 1.12 to 13.86%. Last situation where order exhibits 

an outbound FFCOFR equal to 1 although historical one was equal to zero accounts for 8.28 to 22.56% of 

the total external orders under our study. 

The model 2 exhibits a ratio of orders where historical reference FFCOFR index is equal to the 

outbound one that ranges from 52.5% to 76.9%. The ratio of orders where the outbound FFCOFR index is 

equal to zero although historical one is equal to 1 range from 1.1 to 12.9%. Last situation accounts for 10 

to 34.7% of the total external orders in study. 

As has already been seen on the aggregated analysis, the number of mismatches seems to increase 

through time in case of the second model that ensures that Model 1 is the closest to history.  

The model output may differ from historical FFCOFR because of the assumptions on order 

prioritization mechanisms. As a consequence, we may consider a structural noise in both models and the 

number of orders where FFCOFR index match seem to be good enough to consider there is no major bias 

due to wrong future plan projection. However, it turns out that the ratio of orders where the FFCOFR 

index we obtained is equal to one although in history it is equal to zero is approximately twice as large as 

the opposite situation one in Model 1. When investigating the reasons of such a deviation we can 

calculate for each order satisfied on time in Model 1 and not in the reality the number of days in advance 

from the due date the order was effectively shipped in Model 1 (Appendix D.2). This situation is 

explained in the figure V_7. 

 
Figure V_7: Explanation differences on the order level between deterministic model and history 

 

When analyzing the results displayed in Appendix D.2, it turns out that 49.9% of this kind of 

orders are fulfilled at most 5 days in advance in the model. When performing same calculation on the 

orders where both FFCOFR are equal to one, the ratio of orders satisfied at most 5 days in advance this 

ratio falls to 17.7%, which should indicate that prediction errors targets primarily orders that could have 

been satisfied at the last moment in reality. 

This insight makes sense as we may expect business to postpone the proposed delivery date not to 

promise to the client unfeasible delivery. Therefore, we can conclude that such aggregated higher 

simulated FFCOFR difference accounts for the fact that the business want to keep some flexibility in 

order to cover some supply chain uncertainties production issues or unexpected high priority production.  



36 
 

5.2.5. Conclusion  

 
The conclusions of the deterministic model on FFCOFR ratio are now discussed in this section. 

With an average of 75.6% match in terms of FFCOFR index on the order level between history 

and the first deterministic model on the ordering date, we can conclude that the snapshot used by GCCB to 

accept the delivery date or not seems to be a reliable one.  This first insight paves the way to other 

dynamic factors investigation such as forecast accuracy and inventory Position. 

 We stress that no definitive absolute value on the possible bias due to bad prediction can be 

obtained from this study. As has been explained in introductive part 5.1, the way GCCB prioritizes 

demands is a combination of FCFS based on ordering date and FCFS based on requested material 

availability date. On one hand, with an FCFS policy based on the ordering date, we obtain an average bias 

of 7.7%.  On the other hand, with an FCFS policy based on the requested material availability date, we 

obtain an average bias of 11.2%.   The actual bias is therefore likely to be between these two values.    

From both aggregated and order level analysis, we can conclude that model 1 based on the 

ordering date is to be the closest one to the historical system behavior, as it exhibits an approx. 10% 

difference on the aggregated level. This insight is important and will be used in next dynamic analysis. 

Moreover, the historical production plan can be taken as the background for further analysis as 

there seems to be a minor deviation in terms of service performance between the snapshot of the expected 

production plan at the ordering date and what really occur in the future. 

The fact that we obtained a higher service performance with this deterministic model can be 

explained by that GCCB tends to give a pessimistic answer to the customer. It has been showed that the 

ratio of mismatch where orders FFCOFR rate differed from the model output to the history was very high 

for orders that could be satisfied at the last moment by the software. This conclusion makes sense as we 

may expect the business to prefer postpone agreed delivery date, in order to keep some flexibility as 

coverage in order to prevent future unexpected events. 
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5.3. Dynamic Model 

This chapter describes the conceptual simulation model when investigating the impact of dynamic 

factors such as forecast accuracy and inventory level on FFCOFR ratio. Since we proved that FFCOFR is 

a reliable index, it makes sense to investigate the replenishment mechanism in order to evaluate how these 

two levers of improvement may impact service performance. 

Contrary to the previous deterministic models, a dynamic simulation model has to be built as both 

the forecast accuracy and the inventory policy trigger the production plan design. Indeed, what has been 

achieved so far only considered historical inbound and outbound flows, thereby fixing historical behavior 

of the system. Therefore, a decision process based on the state of the system has now to be implemented in 

order to link a service performance from a particular set of input. 

In this case, it appears that an inventory evaluation event should be included in this model in order 

to trigger replenishing mechanism, thereby linking the two first basic events we depicted in two lasts 

deterministic models (Appendix B.3) 

Then, through different scenarios that will be developed later in this section, the input values are 

progressively changed in order to get reliable results for analysis.  

If the closest approximation to reality is to use actual forecast data, we want first to know the 

supply chain benefit if forecasts were more accurate. To address this, we consider a forecast generation 

mechanism, which can generate forecasts based on defined parameters. 

Second, different inventory settings and strategies should be assessed in order to check the 

influence of inventory volume on service performance. In this study a base stock policy on the forecasts 

values is implemented, both reorder up to level and ordering parameters being equal. 

Finally, all of these changes should be done through various production scheduling strategies in 

order to quantify the impact of production drivers on service performance. 

Related to our previous static study on FFCOFR, a set of assumptions have to be considered. 

Their meaningfulness will be assessed by some analysis on the real production plan as we concluded in 

former section 5.2.5 that FFCOFR was a reliable predictive index. 

Before the discussion of the conceptual model starts, the following notations are introduced: 

 

     𝑡   𝑡 𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡  𝑚𝑜𝑛𝑡  𝑚  

    𝑡   𝑛𝑣𝑒𝑛𝑡𝑜𝑟  𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

     𝑡   𝑛𝑣𝑒𝑛𝑡𝑜𝑟  𝑜𝑛  𝑎𝑛𝑑     𝑠𝑖𝑐𝑎𝑙 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

      𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑉𝑎𝑙𝑢𝑒 𝑚𝑜𝑛𝑡  𝑚 𝑝𝑟𝑜𝑑𝑐𝑡 𝑖 

      𝑎𝑠𝑒 𝑆𝑡𝑜𝑐  𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 𝑎𝑡 𝑚𝑜𝑛𝑡  𝑚 

     𝑆𝑐𝑎𝑙𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟  𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑖𝑠𝑡𝑟𝑖 𝑢𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 𝑎𝑡 𝑚𝑜𝑛𝑡  𝑚 

      𝑆 𝑎𝑝𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟  𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑖𝑠𝑡𝑟𝑖 𝑢𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 𝑎𝑡 𝑚𝑜𝑛𝑡  𝑚 
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5.3.1. Model Conceptualization 

This chapter summarizes the conceptual model. Each component of the system will be then 

thoroughly discussed in the corresponding chapter.  

From deterministic model described in previous chapter 5.2, we can first notice that the scope of 

the study has been reduced only to the most important fulfillement center, namely plant 5 because of data 

restriction. Scope of the project is discussed in subsection 5.3.2 

We aim in this model at mimicking as closed as possible the production plan scheduling using 

simplified heuristics. Therefore, as has been described in section 2.2.1 we will consider a two-step process 

for the production of the family of finished goods under study:  (1) a bulk production and (2) a packaging 

step with no intermediate bulk stock point. Each step is achieved by a specific work center, with only one 

finished goods stock point at the end.  A work center refers in this study to a production asset that will be 

either an extruder for bulk manufacturing or a packaging line for finished goods packaging step. 

Bulk Production Packaging

Finished 
Goods 

Inventory

 
Figure V_8: Production Process 

 

The final finished goods inventory faces daily historical demands of all finished goods    𝑡   that 

are implemented to occur at the ordering date t.  Both demand timing and quantity are set to be the same 

as the historical ones and settings are discussed in the related part 5.3.4.1. As in previous studies, only the 

timing aspect is taken into account and partial deliveries are not allowed.  If there is enough inventory on 

hand of the requested product       𝑡  in the finished goods inventory at the moment the demand is 

occurring, the demand is fulfilled immediately, otherwise it is delayed and backlogged. Based on the last 

deterministic model on FFCOFR outcomes in chapter 5.2.4, we decide to model a simple demand 

satisfaction process First come first served based on the ordering date. 

The decision on when and how much to replenish is based on the inventory position     𝑡  of the 

finished goods inventory. A base stock policy is used in this model that means that replenishment decision 

relies on the comparison of the inventory order position      𝑡  and the Base Stock parameter 

value      𝑡 . This value is calculated based on the forecasts value and updated every month. The 

inventory policy settings are thoroughly discussed in corresponding part 5.3.3.1. The inventory position is 

checked continuously as a demand event triggers a check of the state of the system and the corresponding 

inventory position     𝑡  evaluation. We can stress that inventory position     𝑡   includes both inventory 

on hand (physical) and on order volumes. 

 On top of the continuous inventory position check, a monthly forecast release mechanism is 

implemented. A “fictive replenishment order” of an amount equal to half the monthly forecast value is 

released two times per month from the final inventory. This forecast release only targets Make to Forecast 

products (MTF) and follows customer order arrival sequence. Further explanations are brought in part 

5.3.3.2. Synchronic to the continuous replenishing process is updated production plan progressively, 

taking into account some scheduling heuristics. In order to mimic production constraints, a sequencing 

logic is implemented for each bulk manufacturing work center.  This sequencing policy is continuously 
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updated and triggered by the end of the production at a work center. Two sequencing policies will be 

implemented in this study, namely First In First Out (FIFO) policy and based on historical sequence one. 

The different policies are discussed thoroughly in corresponding part 5.3.3.4. 

5.3.2. Supply Chain in scope 

As the production related data on the work center level are only available from January 2012, the 

time horizon had been reduced to the first six month of June in order to get the historical bulk sequence on 

each UVP production work center for both analysis and sequencing purposes. 

We have stressed that only the plant 5 is considered in this study as this plant is the only one to 

have work centers dedicated for the studied product family production. We can recall from Appendix A.2 

that plant 5 delivered 24.48% of the total network external sales orders and is the biggest production plant 

in terms of direct customer deliveries (58.8%) 

Only three work centers out of seven are considered regarding this plant as they are dedicated to 

the studied family production. One work center line X is dedicated to packaging step whereas the two 

others lines B and C are dedicated to Bulk Material production. Other work centers could not be 

considered as only a few production of the studied family occur on these assets. A complete analysis on 

this plant production is available in Appendix E.1. In this case, the two bulk production work centers are 

very specialized as one is dedicated to light color (Transparent and Translucent) bulk materials whereas 

the other one is dedicated to dark color ones (Darker/ Hard Color or black).  

Only 60 Finished Goods are considered as their affiliated bulk material is mainly produced on the 

two studied Work centers. These materials have been chosen given two criteria concerning their affiliated 

bulk historical production, namely the portion of production orders and of produced quantity processed on 

these two considered work centers. Respective ratios equal to 60% and 80% have been considered as a 

threshold for such a decision. These finished goods represent nevertheless 81% of the overall shipments 

from plant 5 and account for 75% of the External shipments that have been sent from plant 5 in the 

considered period as can be seen in Table V_9. 

 

External + Internal orders Only External orders 

  
All 

Considered 

Materials 
Percentage All 

Considered 

Materials 
Percentage 

MTF 1555 1398 89.90% 919 809 88.03% 

MTO 395 189 47.85% 293 110 37.54% 

Overall 1950 1587 81.38% 1212 919 75.83% 

Table V_9: Analysis 60 selected products 

We can stress that these two workcenters are not fully dedicated to the family under study 

production. Hence, it happens that the two associated bulk workcenters have been producing other 

products for a given amount of days, that means that there is no capacity for considered materials during 

these time window. It has been decided to include a  high priority fictive product with a production time 

equal to one day in order to restrict available production capacity as it happened in reality. The table 

available in Appendix E.2  sum up the capacity. 
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5.3.3. Sequence of events 

As explained in part 5.3.1 we distinguish multiple particular events targeted mechanisms in 

addition to the two basic ones depicted in appendix B.3.  Three of them can be highlighted in particular as 

they are computed outside of standard SCG features via additional code. This additional code is computed 

through SCG simulation underlying language that is related to Java. A screenshot of the corresponding 

interface is provided in Appendix E.3. 

The first customized mechanism is related to the replenishment decision and is triggered by a 

demand arrival. The second one is the biweekly monthly Forecast release. The last one is the sequencing 

mechanism that is triggered by the end of the production in a work center. 

5.3.3.1. Replenishment Mechanism 

As alluded to our introductive part 5.3.1 a replenishment mechanism has now to be considered. 

When modeling the inventory policy it has been decided to consider the forecast based DOS (Days of 

Supply) inventory policy when investing impact of inventory on FFCOFR service level. This base stock 

policy (reorder point and order up to level are defined to be the same in the model) maintains inventory 

position      𝑡  of the finished goods inventory to be equal to a given value      proportional on the 

expected usage of inventory by day. Expected usage of inventory by day is calculated based on each 

month Forecast values     . Then, a specific DOS value is defined as an input in order to calculate a 

specific number of days inventory on hand to be the reorder point and inventory settings are calculated 

given following formula:          
     

                   
   𝑆 𝑣𝑎𝑙𝑢𝑒 

We can recall that GCCB should theoretically consider a buffer stock of 15 days in case of MTF 

products (section 2.2.3). When checking with provided data, it turns out that initial inventories in January 

2012 are equal to 14.63 days based on the provided historical forecasts. As a consequence, 15 days will be 

the reference inventory policy settings. 

The inventory position is continuously checked, which means that the inventory evaluation event 

is triggered by a demand arrival      𝑡  of the associated product i as inventory position     𝑡  is 

continuously reviewed. 

Every time a demand occurs, the inventory position     𝑡  is decreased by the quantity of the 

demand size       𝑡 . Inventory position is then checked regarding the reorder point value of this material 

in the current month     . If     𝑡  exceeds this value, nothing happens whereas if it is under this value, 

the finished goods inventory places an orders of a given amount (    -     𝑡 ) on the work centers so as to 

replenish up to the inventory settings. Based on the sourcing policy, this order is released in a particular 

bulk production work center and the related order arrival event is scheduled for this particular production 

order. A flowchart of this particular mechanism is displayed in appendix E.4. 

5.3.3.2. Forecast Release Mechanism 

In addition to the previous depicted continuously replenishment policy is performed a forecast 

release twice in a month for all MTF Products. It has already been said in part 2.2.3 that the link between 

MTO finished goods production and forecasts was unclear and depended on personal opinions on the 

reliability of such data. The flowchart of this model is displayed in Appendix E.5 
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The forecast production is split into two equal monthly lots that will have to be produced 

biweekly. This forecast release follows the customer orders that mean that every time finished goods 

inventory is ordering a specific MTF product due to demand occurrence, it is checked if it is the first order 

within the considered time window (either first part of the month or the second one). If it is the case and if 

the corresponding customer order quantity is lower than half of the corresponding forecast value, a 

production order is released in order to produce half of the forecast value. This forecast release mechanism 

makes sense as it delays the start of production as long as possible. 

It is to be noticed that if no order appear in the first part of the month, the first order in the second 

part of the month will trigger the complete monthly forecast value to be produced.  Moreover, this forecast 

release does not take into account the actual inventory as two equal production lots will always be 

released. As this forecast release is triggered by a demand arrival, it is to be stressed that if no order occurs 

in the month, the corresponding forecasts are not produced.  

5.3.3.3. Sourcing Policy 

From the historical analysis, it has been shown that each bulk material related to the 60 studied 

finished goods was mainly produced by one specific work center as color constrains work centers to be 

specialized in either light or dark Bulk production. As a consequence, it has been decided to implement a 

simple sourcing policy between Finished Goods inventory and the Bulk production work centers. This 

built-in feature selects for each order the workcenter based on a predifined order of preference.   When the 

production order is released from the finished goods inventory, the workcenter of highest preference is 

selected and production order is put in its queue. 

5.3.3.4. Bulk Production Sequencing Policies 

As has been previously depicted, a sequencing production logic is considered in this model. This 

event is triggered for each Bulk manufacturing work center either by the end of a production if some 

pending production orders are waiting in the queue or by an order arrival if there are no orders in the 

queue. Every time the work center state is checked, following events occur: 

1) If there are outstanding orders in the queue, the production order is selected from the queue 

according to the sequencing policy. 

2) If no outstanding orders are waiting, the work center is set on idle. 

It has been depicted in section 2.2.2 that color was one of the main drivers for production 

sequencing. However, in our case this constraint is no longer necessary as the two bulk manufacturing 

work centers are very specialized line B for light color, line C for dark ones. Yet lots of additional criteria 

or production issues such as raw material availability complicated the sequencing logic for the bulk 

production. These constraints are not easily replicable because of the lack of information we received 

about the production process.   

So instead, we decided to use simple heuristics. Two simple sequencing logics will be then 

investigated, namely one based on the historical sequence and one on a simple FIFO logic. When 

investigating production frequency within a month, we can point out that 99% of the products are either 

produced once or two times in a month. Indeed, several tests have been performed and show that  more 

than 61% of the Bulk Materials are only produced once a month (54% twice a month) within the 

considered time frame (Table V_10). 
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Planning 

Policy 

Number of times Bulk is 

produced within a month 
Frequency 

MTF 1 47.90% 

MTF 2 43.70% 

MTF 3 6.30% 

MTF 5 2.10% 

MTO 1 78.35% 

MTO 2 21.65% 

Table V_10: Analysis frequency of production  

 

This insight, correlated with the semimonthly forecast release and the former deterministic study 

leads us to take the historical Bulk sequence for each corresponding UVP production related work center 

as fixed. As a consequence, for this particular model, the main control action regarding bulk production 

concerns the quantity to be produced for each item in the sequence. We argue that the simulated 

production sequence may change from the historical one as some sequence items may be skipped if no 

outstanding orders are in the queue. The intent of such a model would be to mimic as close as possible the 

historical production as a base case when considering historical Forecasts and demands. 

 

This sequencing event is triggered by the work center update event that occurs whenever the 

production ends. As a fixed sequence is implemented, timing is important in this case as the system should 

be allowed to skip one item only after a time security.  As a consequence, it may be possible with this 

policy that the work center stays idle for a given amount of days. This “security mechanism” has been 

implemented in order to check in parallel every day the work center current state and update the system 

current position in the sequence if the work center was idle for a long duration. For each work center, this 

mechanism then checks the current production position in its respective sequence and looks in its queue if 

there are outstanding orders of the associated product. Same operation is repeated for next position and 

position +2 if the first check was unsuccessful. Then work center position in the sequence is updated if 

some orders of the different products are found to be waiting in the queue while production of these orders 

starts. A flow chart on how this policy is handled is shown in Appendix E.6. 

Taking historical bulk sequence as fixed is known to have lots of drawbacks as this sequence is 

specific from a particular set of historical inputs. These drawbacks will be discussed thoroughly in section 

5.3.7. We can additionally use this model to get the lower bound of service performance given a set of 

inputs. Therefore, we may expect to replicate production issues such as raw material availability when 

considering this particular sequencing. 

 

As a second logic, a straightforward FIFO (First in First out) logic is implemented as it has been  

described as the theoretical logic given the fact that the two work centers are color-specific. In this policy, 

the production follows a simple FIFO logic, which means that every time production ends at a work 

center, it will be checked what is the first production order in the queue. 

It can be expected that this policy will result in better performance than the historical fixed one, as 

no production constraints are included. We have decided with stakeholders to include this policy in order 

to show how it would compete with the other historical sequence and to quantify the importance of 

production constrains. Moreover, as elaborated sequencing features are not standard built- in functions in 

Supply Chain Guru and require some underlying scripting, we can argue that the results obtained with 

other “fine-tuned” policies should be compared to the obtained ones with built in FIFO policy in order to 

check the coherence of the output. 
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5.3.4. Model Design 

In this part we discuss all assumptions that are made and model parameterization. 

5.3.4.1. Demands 

 

Historical Demands (both internal and External Orders) satisfied by Plant 5 in 2012 have to be 

considered. They are implemented to be the same as have occurred in reality in terms of quantity and 

timing. 

Demands are set up to occur on the ordering date as demand event should trigger the inventory 

evaluation mechanism. We have already shown in previous deterministic study that this assumption was 

making sense. 

Both external and internal orders have to be considered. A due date equal to the requested material 

availability date is implemented in case of external orders in order to calculate FFCOFR index. 

 

Like in the other studies, only time criterion will be investigated in this model. The corresponding 

demand quantities will then still be equal to the delivered ones and not to the requested ones. 

All 60 historical studied products shipments whose historical good issue date was in between the 

considered time window have been considered. As a consequence, 193 orders (107 external) that have 

been ordered in 2011 are considered in the model as they were still pending on the first of January 2012. 

It turns out that the total amount of orders considered is equal  to 1584 orders, that corresponds to 

914 external orders. 

 

5.3.4.2. Bill of Material 

The Bill of Material is considered in order to determine the amount of original Bulk Material used 

to produce every finished good.  It has to be included in this model as replenishment mechanism is now to 

be modeled. We can notice that Bulk is very specific from a finished good to another as 58 bulk materials 

are considered in our study corresponding to the 60 selected finished goods.  

 

5.3.4.3. Production times 

Production rates are used as deterministic ones as we target a promise to able index. They are 

implemented as the ones that are used in SAP to design the production planning. 
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5.3.4.4. Forecasts 

The initial forecast accuracy is calculated on the overall network level with the adjusted forecasts 

(section 2.2.5). Through this study, we nevertheless calculate the forecast accuracy on the plant level, 

thereby adapting the formula to our scope restrictions. The reference forecast values will be the historical 

ones on the plant level as they are those that have been used in reality in order to schedule production. 

 

The corresponding reference forecast accuracy recalculated is equal to 31%.   

As we want to get a trade off between the forecast accuracy and the system performance, further study 

will have to define forecast values as a random variable whose probability density function is dependent 

upon the forecast accuracy. As a consequence, we introduce some uncertainty on the forecast values in 

order to check the impact of such a lever of improvement. Indeed, in this case, one may run several 

replications with several sets of forecasts inputs in order to get reliable insights. 

 

Forecast values are implemented to follow a gamma distribution as simulated forecasts need to be 

non-negative. We can argue additionally that this distribution is generally mathematically tractable in an 

inventory control applications and is relatively easy to fit on data sets (Silver et al, 1998). Other non-

negative distributions such as truncated normal distribution would not fit our case as the coefficient of 

variation for several finished goods related demand quantities is higher than one. Therefore, both a scale 

and a shape parameter (alpha and beta) are calculated for each considered MTF finished goods. These 

parameters are based on the average and standard deviation that should be defined for each finished good.  

The expected forecast values for one specific product i in a particular month m       will be 

defined as the monthly historical demands. 

 

Then a standard deviation is defined as the squared of the historical Forecast errors for one 

product (Silver et al, 1998) between the historical demands and the historical base case forecasts. This 

standard deviation is calculated on the 6 month time window T given the mean squared formula: 

 𝑆  𝑖  
 

 
        𝑡 

   

      

  

 

 

     𝑆  𝑖  

 

With     as the historical forecasts on the production plant 

Scale parameters are finally calculated given the following formulas 

 

     
    

 

  
   

     
  

 

    
 

 

Through this study, the standard deviation will be gradually decreased for all products together in 

order to lead to better forecast accuracy.  
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5.3.4.5. Performance indicator 

The FFCOFR ratio will only be calculated on Make to Forecast products as they are the only 

products concerned by a forecast release.  MTF products represent 45 products out of the 60 considered 

ones and account for a total amount of 806 external orders in the studied six months window.  

 

The rate of “unsatisfiable orders” due to customer behavior that corresponds to the orders where 

transportation time in the system exceeds the requested lead time is equal to 54 external orders, thereby 

leading to a performance index upper bound equal to 93.4%. 

 

As a reference, historical recalculated on time criterion FFCOFR ratio is equal to 71,7% although 

obtained one with former deterministic model is equal to 76,4%. This value will be our reference one as it 

does not take into account bias from bad prediction. 

 

5.3.4.6. Reorder point/ Ordering up to level 

Through this study, the DOS parameter will be simultaneously increased for all products together 

as no further product grouping rules are implemented. We can outline that as no Forecasts are released for 

MTO products that mean that the reorder point/ ordering up to level will always be equal to zero.  

 

5.3.5. Set up simulation Model 

This section will discuss about the simulation set up parameters of this project. Simulation run 

length is fixed by our data set limitations as only 6 months considered (From January 2012 to June 2012). 

5.3.5.1.  Base Case Estimation 

We can define the base case model as a simulation model using historical Forecasts as an imput 

and static sequence scheduling policy. Base Case inventory policy parameters will be both order up to 

level and reorder point equal to 15 days as it should be the case in reality. 

By analyzing the possible differences with reality, we might finally get a first estimation on how good 

thesimulation model mimics reality. 

 

5.3.5.2. Warm Up Period 

As we want to see how the system is behaving under different situations, changing the input set 

with different simulated forecast values and different inventory policy settings, we can stress that the bias 

from initial settings should be considered and offset contrarily to former models. Therefore, when 

changing Forecast accuracy and inventory policy, we may expect initial inventories to change as well and 

not to be equal to the historical ones. 

The limitations due to the tight time window case study  make difficult to set up of a warm up period on 

first glance. Hence, with only 6 months considered and given the fact that 25% of the external shipments 

where performance index is calculated occur in January, setting up a warm up period does not seem 

practical in our case.  
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For our base case calculation, we can argue that we want to achieve a pure mimicking of the 

system, initial inventory, forecasts and production sequencing being implemented as the real historical 

ones. As a consequence, as simulation is in this case initialized to start at the moment finished goods 

production has actually started (5
th
 of January on the first Work Center and 11

th
 of January on the second 

one), we can stress that considering a warm up period would not make any sense in this case. 

We have pointed out that uncertainty was introduced on the forecast values that will lead the 

software to calculate different forecasts values from one replication to another. Given the current 

limitations of our study in terms of data, it has been decided to artificially increase by some additional 

coding the initial inventories accordingly to January inventory settings when changing the forecast inputs. 

We can notice that the initial inventories of MTO products are kept as the same as in reality. 

5.3.5.3. Number of replications 

Uncertainty is introduced in forecasts value that will lead for each run both to different forecast 

accuracy and service performance. In order to deal with the random variation of the simulation results, 

simulation runs are usually performed a number of times and we take the average. The number of 

replications becomes important in our case regarding the measures of interest, either input values as 

Forecasts values or output one as the aggregated FFCOFR ratio. As standard deviation is decreased to get 

better Forecast Accuracy, our main interest would be to know how many runs should be simulated.  

 

As we want to get some insights about which steady state forecast accuracy (obtained from a 

given standard deviation level) will lead to which steady state of FFCOFR ratio, we investigate how good 

are the  estimates of the mean value of these measures across the simulation runs. In order to obtain an 

estimate of the mean (across simulation runs) of a´quantity of interest, 80 runs are performed on four 

different forecast accuracy cases  and  resulting time series are depicted in Appendix E.7  From these 

graphs it can be concluded that at least 40 replications should be run to get quality insights as the average 

seems to stabilize after this amount of replications. When analyzing the output it turns out that the 

intervals of confidence are at most 1.2% different from the average value that has been considered as good 

by stakeholders.The following figure V_11 sums up all ellements taken into account in our model. 
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Figure V_11: Inbounds and Outbounds of the FFCOFR dynamic model 
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5.3.6. Validation 

The validation section is an important part since several mechanisms have been computed 

independently from built in features through the software underlying scripting language. Overall tests 

depictions are available in Appendix E.8. 

 

First of all, an overall check is performed in order to assess whether the different results make 

sense. 40 replications are performed with current standard deviation value and reduced one in order to 

check whether this improvement of Forecast accuracy is properly reflected in the results.  Same increase 

in inventory settings is performed additionally. An increase in FFCOFR ratio is observed and is in line 

with first expectations. We refer to the section 5.3.8.2 to see the resulting tradeoff between these 

parameters and the FFCOFR ratio.  

Secondly, when running the base case model, an aggregate FFCOFR ratio of 80.8% is obtained. 

When comparing to the corresponding calculated one with the first deterministic model on the set of 

orders under study (section 5.3.4.4) it turns out that the results show a 4.4% absolute aggregate FFCOFR 

ratio difference, which has been considered as acceptable by stakeholders.  

Third is important to check how good the fitted distributions are when dealing with uncertainty on 

the forecast distribution. When running 80 replications for the deviation corresponding to our actual 

forecasts accuracy (nearly 30% Forecast Accuracy), it is shown that we reach an average of 74.3% overall 

FFCOFR ratio with fixed historical sequence and an average of 75.4% with FIFO sequence. It has been 

decided with the stakeholders that the difference was acceptable.  

The different mechanisms we explained in the different previous parts are then to be checked 

separately in order to trace problems easily. It is to be stressed that most of them have been developed 

through additional coding from built-in features. 

If FIFO sequencing logic is a built in feature, the historical sequence logic has to be verified by 

carefully checking from the base case model production output whether the sequence is following the 

historical pattern (section E.8.1). We would also like to verify if the sequence fits the reality in terms of 

timing. Time Flags have been implemented in the base case model and are aimed at checking whether the 

production outputs from the model is not diverging too far from actual one in terms of timing. It is shown 

in Appendix E.8.2 that production sequence maximum divergence is equal to 4 days. 

The verification of the forecast release mechanism is moreover done in section E.8.3 by 

investigating a one-time monthly release forecasts with forecast accuracy equal to 100%. We can expect 

that in this case the materials are produced only once in a month and that no further additional production 

is needed as overall quantity should cover 100% of the demand. Therefore, the forecasts are released only 

once a month and aggregate quantity covers the whole period demand. The two-time forecast release 

process is also assessed carefully with the same 100% forecast accuracy model. We can furthermore stress 

that the quantity produced should normally be equal to half the Forecasts. Additional productions are only 

allowed if the demand in the first mid of one month was exceeding half of the monthly aggregate demand.  

Finally, the order up to level change in simulation model is verified in section E.8.4. One may 

recall from last part that as final output from simulation model is to quantify the impact of both Forecasts 

Accuracy and Inventory level on System performance, Inventory settings will be progressively increased. 

After back calculating the order up to level and comparing to the one that should be used in the model, it 

also has to be checked whether the mechanism is performing as expected. Initialization of the system to 

set up initial inventories is also checked. Such tests are explained thoroughly in section E.8.5. 
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5.3.7. Discussion of the assumptions 

 

If models are helping tools for providing insights, it is important to note their limitations by 

discussing the impact of the assumptions. 

 

As has been depicted in previous deterministic study on this index, First Customer First Served 

logic based on ordering date may not reflect the reality. Indeed, it may happen that in some cases where 

customers ask for a very high order service time, planners may assign these orders to future production 

runs as they have more flexibility. Such simple FCFS policy may underestimate the service performance 

that would have been possible given a set of inputs. However, it has been proved in last study that such 

customer satisfaction logic based on ordering date does not lead to very big differences from real situation. 

 

As planners are allowed to adjust the forecasts given some expert decisions, the base case 

forecasts may not be reliable to be the ones effectively used by the business. These ad hoc additional 

cutting steps are not recorded in GCCB database and cannot be taken into account so far. As the different 

forecast distribution parameters are derived from these values, the output absolute values should be taken 

warranty.  

 

The main concern about validity of the results is related to dataset restriction. Indeed, only six 

months are considered that impairs warm up period set up. As a consequence, we may expect when 

changing either Forecast values or inventory policy parameters the obtained absolute values to be 

drastically impacted by the instability at the beginning of the simulation. If we try to lower initial 

parameters impact on final results by increasing initial inventory value, it would in any case cast some 

doubts about the reliability of absolute values. As the impact of the different factors is investigated 

through our study, we may expect that such restrictions will allow us to deduce some strong qualitative 

insights. 

 

Another concern about the validity of the results is about sequencing. It has already been 

explained that as we do not have a complete understanding about how production is handled in reality, 

simplified sequence heuristics have been used, thereby leading to main differences from what may happen 

in reality. We take as a consequence two different policies in order to get a better picture on possible 

achievable FFCOFR.  

 

The scope of the project has been reduced to only 3 work centers. It has to be noticed that only 

50% of products are only produced on the two studied work centers which means that additional 

production may occur on other work centers not considered in this study.  Moreover bulk production has 

been set up as being specific from one work center that is not the case in reality. If switching from dark 

color to light color production is very unlikely, production data show that in case of urgency, GCCB 

planners may be able to get around this constrain.  In the simulation model, capacity is as a consequence 

considered as finite, which may underestimate and bind the service level from theoretically achievable 

one. Moreover, in reality it might be possible to assign demands to different site/ work centers from those 

considered in our study.  
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5.3.8. Results 

 

This chapter thoroughly discusses the impact of the dynamic influencing factors, namely forecast 

accuracy and inventory level, on FFCOFR ratio under a given production sequencing logic. The intent of 

this simulation model has been described to find out how changes in the related input set values may 

affect the output measures of performance. As a consequence, uncertainty will be put on the forecasts 

values while inventory policy settings will be progressively changed. Several scenarios are investigated 

and discussed in detail.  

 

5.3.8.1. Experimental Design 

For each model, a first sensitivity analysis is conducted with the actual initial settings e.g. DOS 

parameter equal to 15 days. As has been previously explained, the initial standard deviation is gradually 

decreased for all products together in order to get a better forecast accuracy. For each standard deviation, 

40 replications are run in order to link an average forecast accuracy to an average service performance. In 

order to get a good overview of the possible correlation between forecast accuracy and service 

performance under current applied inventory policy, it has been decided to run in total 600 replications i.e. 

15 runs of 40 replications. 

Then, a second sensitivity analysis is performed in order to investigate inventory level impact on 

FFCOFR ratio under fixed forecast accuracy. Within this analysis, it has been decided with stakeholders to 

focus only on 30%, 50%, 70% and 95% forecast accuracy. As has already been introduced in section 

5.3.4.5, DOS Parameter is increased for all products simultaneously and 40 replications are repeated for 

corresponding standard deviation and DOS parameter.  

We can recall that no differentiation among MTF products is considered by GCCB in terms of 

inventory policy that is why we will consider same DOS parameter for all products. 

The average service performance for DOS = 25, 30, 35, 40, 45, 50, 55 and 60 days are displayed 

for each forecast accuracy in order to compare outputs when changing system settings. It has been decided 

by stakeholders only to increase DOS number as GCCB wanted to see the benefits of an higher inventory 

level. No interval of confidence is displayed on these graphs as absolute maximum deviation to the 

average is found at around 1.2%.  

Other more advanced models are also studied only on FIFO logic as historical sequence outputs 

are described as less relevant. In section 5.3.8.4 is investigated the effect of an increase in the initial 

inventories on the service performance. In section 5.3.8.5 is investigated a change in inventory settings 

calculation on a daily basis. Finally sensitivity against capacity extension and product differentiation are 

inspected respectively in sections 5.3.8.6 and 5.3.8.7 only for DOS = 15 days. 
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The reader is referred to Appendix E.9 for the detailed results about the absolute values obtained 

in every model. Next table V_12 summarizes all the models under our investigation. An X means in this 

case that the model has been investigated. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure V_12: Summary of the different modelsunder  investigation 

 

 
5.3.8.2. Impact of Sequencing Policy 

Before experiments were run, a conjecture was made about the impact of the different sequencing 

policies on FFCOFR ratio. 

The historical sequence based policy is expected to perform worse than the FIFO one in terms of 

service performance as production related issues and constrains are replicated in this policy. Moreover, as 

this sequence is fixed as being the one that was historically applied, it is theoretically specific from 

historical applied inventory policy and forecast set. Some disturbances when changing set of inputs might 

be expected when investigating this particular production scheduling. 

When comparing the tradeoff between FFCOFR and Forecast Accuracy under current inventory 

settings we obtain the scatterplot V_13 for historical sequence and the scatterplot V_14 for FIFO one. 

 

 

 

 

 



51 
 

 

Figure V_13: Trade off FFCOFR vs. Forecast Accuracy with DOS =15 under Historical Sequence 

 

Figure V_14: Trade off FFCOFR vs. Forecast Accuracy with DOS =15 under FIFO Sequence 

As was expected intuitively, an increase in Forecast accuracy results in a better service 

performance for both sequencing. Indeed, in both figures the two variables seem to be positively 

correlated. We can nevertheless outline that the relationship is not linear as after a steeper increase at the 

beginning, a plateau is reached at nearly 70% Forecast Accuracy under both sequencing at approx. 77% 

FFCOFR for historical sequence and 80% for FIFO one.  

When comparing both scatterplots, it turns out that service performance average output upper 

bound is unsurprisingly higher for FIFO sequencing than for historical sequencing. We may recall our first 

conjecture that FIFO logic does not consider any production constrains and was expected to outperform 

historical one. 
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Regarding the historical sequence, the difference between low 30 % Forecast Accuracy and high 

95% one is very small and equal to roughly 2.7% although with FIFO sequence it climbs to 4.96%.  

Important insight for GCCB is that under current inventory policy, the FCOFR upper bound is by far 

never achieved even in case of high Forecast Accuracy.  

When investigating the impact of inventory level on Service performance, we plot the customer 

satisfaction given DOS parameter for both historical sequencing (Figure V_15) and FIFO one (Figure 

V_16) 

 

 

 

 

 

 

 

 

 

 

 

Figures V_15 (left) and V_16 (right): Trade off FFCOFR vs. DOS parameter under Historical Sequence 

(left) and FIFO Sequence (right) 

From both figures, it turns out that an increase in DOS parameter results in a same manner in an 

increase in Service Performance on an average level. Although historical sequence average difference 

between different forecast accuracies remains very tight when increasing DOS parameter, we can 

nevertheless point out the same “plateau behavior” at 70% Forecast Accuracy we previously depicted. For 

both sequencing logic the 95% Forecast Accuracy corresponding curve and the 70% corresponding one 

are to be highlighted as very close from each other. The reader is referred to tables E.9.1 and E.9.2 in 

Appendix E.9 for more details about the obtained average values. 

It is important to mention that the 93.4% FFCOFR upper bound is never reached as we obtain 

respective average values of 82.92% for historical sequence and 85.87% for FIFO Sequence under 

extreme conditions DOS = 60 and FA = 95%. As the base stock parameter is simultaneously increased for 

all products together, we may expect this insight to be related to product competition under finite capacity. 

When focusing on historical sequence behavior, we can notice a very “flat” increase and some 

disturbances. These differences were expected as related to the hard sequencing constrains taken into 

account in the model. As a consequence, the values that were obtained should be taken very cautiously as 

the production sequence used is specific from original historical set of forecasts and inventory policy. 

Because of these sequencing limits, we cannot draw definitive conclusions on this specific model and will 

prefer for further investigations only to consider FIFO logic as a reference point. 
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5.3.8.3. Impact of product competition under finite capacity 

We have already stressed that the output from the former study simulation was showing 85.84% 

highest service performance under extreme conditions DOS= 60 and 95% forecast Accuracy with FIFO 

sequencing, far below the 93.4% FFCOFR theoretical upper bound. In this section are investigated the 

reasons for such a loss of performance. 

When analyzing the detailed performance outputs on the product level, five highly demand 

variable are responsible for this absolute 7.6% loss of service performance between FIFO obtained upper 

bound to theoretical one. Therefore, as has been previously indicated, the DOS parameter is increased 

simultaneously for all MTF products, as GCCB does not consider any further product differentiation. 

Because of this simultaneous increase, we may expect some effects due to product competition. In this 

case, some unexpected initial productions may be triggered because of the fact that reorder point should be 

theoretically specific from one product to another given the demand pattern. As a consequence, an upper 

bound of service performance and some disturbances when increasing DOS parameter might be 

conjectured. In our case, five products exhibit high volatility with high sales in April and May. In these 

cases, the initial base stock parameter in January is as a consequence very low compared to the one in 

April and May. Since initial inventories are increased based on January settings, high volume additional 

production quantities are needed in April and May. It is important to stress again that the initial 

inventories are calculated based on January Reorder up to level. 

Moreover, referred to the section 5.3.2 we can outline that as the available capacity for bulk 

manufacturing is constrained to two specialized work centers, additional productions in April and May 

might be postponed because of this capacity restrictions. In reality, some additional productions might be 

run on other non-dedicated work centers that are not in the scope of the project. Below is displayed in 

Figure V_17 one of these problematic products in case of 95% Forecast Accuracy at DOS = 60. The initial 

inventory in blue is set up at the beginning of the simulation to be equal to corresponding January base 

stock parameter value in red. We can observe that the reorder point is roughly equal for every month to 

twice the historical monthly demand. Because of an high demand in May, reorder up to level is suddenly 

increased at the beginning of the month triggering high production. As it appears simultaneously for the 

five products, some shortages in green appear due to competition. 

 

Graph V_17: Problematic product description 
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5.3.8.4. Impact of Initial Inventories 

It has been highlighted in section 5.3.5.2 that data shortages obliged us not to take into account a 

warm up period. This insight has been described as the major weakness of the model as we were obliged 

to upgrade initial inventories to be equal to the base stock parameter in order to offset initial production 

runs. 

 In order to see the sensitivity against initial inventories, it has been decided to increase MTF 

products initial inventories to be equal to 1.5 times initial reorder point/ order up to level for each 

replication. Only FIFO sequence policy results will be investigated as historical sequence ones have 

previously been described as less relevant. Results when investigating Forecast Accuracy (FA) trade-off 

under current DOS = 15 inventory policy are displayed in Figure V_18. Same Analysis of DOS parameter 

impact under this new inventory initialization is also achieved in figure V_19.  

  

 

 

Cmparing the magnitude 

Increase in naturally  

Less inventory wll be held 

 

 

 

 

Figure V_18 (left): Scatterplot FFCOFR vs. FA with +50% initial Inventory, FIFO Sequence, DOS =15 

Figure V_19 (right): FFCOFR vs. DOS parameter with +50% Initial Inventory FIFO Sequence    

 

When comparing to what has been obtained in 5.3.8.2 for FIFO sequence (Figures V_16 and 

V_17), it turns out that an increase in initial inventories causes a substantial increase in resulting service 

performance under historical DOS = 15 days inventory policy. An average upper bound of 84.68% service 

performance is now reached, that is to be compared to the maximum 80.38% achieved for same 

sequencing logic under initial inventories. The reader is referred to the Appendix E.9 for detailed results. 

When comparing average results of obtained FFCOFR when increasing initial inventories (Table 

E.9.3) from initial ones (Table E.9.2), the difference becomes slightly larger in case of high forecast 

accuracy as it ranges from 1.31% for 30% Forecast Accuracy to 4.30% for 95% Forecast Accuracy. This 

insight makes sense as the initial inventory increase is proportional to January Forecasts because 

calculated based on the initial inventory settings. We can as a consequence expect these initial inventories 

to be more fitted to the demand pattern in case of high forecast accuracy, thereby leading to better service 

performance improvement.  

When analyzing sensitivity to DOS parameter under these conditions,  it turns out that if an upper 

bound of nearly 88% is now reached under extreme conditions of 95% Forecast Accuracy and DOS = 60, 

all curves seem to reach a plateau after DOS = 30.  
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5.3.8.5. Impact of inventory settings calculation 

We have depicted in Section 5.3.8.3 that the output performance service level was bounded 

because of product competition under limited capacity, given that no further product differentiation was 

considered among MTF Products regarding inventory policy. Five products were then highlighted as 

critical as they all exhibit high demand volatility with for all of them a sudden demand peak either in April 

or May.  

Even with 95% forecast accuracy, increasing DOS parameter did not help to completely offset this 

effect as reorder up to level was suddenly increased in parallel with a major gap from previous value. This 

gap appeared suddenly at the beginning of the month as reorder point/ order up to level was considered as 

monthly updated. As a consequence, high production volumes were suddenly released at the beginning of 

the month, thereby leading to product competition effect. 

In this section we test another way of updating ordering point/ reorder up to level. In this case, this 

value will be daily updated and will take into account an average on next 30 days’ time window of the 

expected usage of inventory by day. Intent of this new model is to offset competition effect due to sudden 

increase in Inventory settings. 

The difference between the two calculations can be seen on next Figure V_20. The blue curve 

exhibits the initial reorder point calculation whereas the red one is related to the new one. One may see 

that if the reorder point behaves as a continuous piecewise curve as it is monthly updated, new daily 

update makes it following a piecewise linear trend behavior. It will be equal to the forecast value at the 

beginning of the month and will follow linear behavior within one month, increasing if next forecasts 

values are higher and decreasing in other case. 

In reality, if previous monthly updated reorder up to level has been described as the standard way 

used by the business  to calculate inventory policy settings, we can guess that, as planers know next month 

forecasts values, they may produce in advance in case of a big difference between forecasts in order to 

smooth workload. This statement is in line with the new calculation. 

 

Figure V_20: Difference base stock parameter calculation between monthly and daily updated formula 

Results when performing change in inventory settings calculation are displayed in following figures V_21 

and V_22. Detailed results are displayed in table E.9.4 in Appendix E.9 
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Figure V_21 (left): Scatterplot FFCOFR vs. FA with daily updated base stock parameter, DOS = 15 

Figure V_22 (right): FFCOFR vs. DOS parameter with daily updated base stock parameter 

  

All curves are shifted up compared to initial calculation (Figures V_16 and V_17) as a plateau 

seems to be reached at approx. 81.5%, e.g. approx. 1% higher than with initial settings and an FFCOFR 

ratio that seems to stabilize around  89% FFCOFR ratio for very high Forecast Accuracy under high DOS. 

5.3.8.6. Impact of Capacity 

The final test is performed toward capacity. In this case, the production times are reduced by 33% 

in order to reduce production competition as if we considered a third auxiliary work center. 

Outcomes of this model show a strong increase of FFCOFR under DOS= 15 from reference model 

(Figure V_23) as the scatterplot is slightly shifted near possible achievable upper bound. We can outline 

that all FFCOFR values range from 82.5% to 93.2%. 

 

Figure V_23: Scatterplot FFCOFR vs. FA with reduced production times 
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5.3.8.7. Proposition basic framework for product differentiation 

The main insight obtained from previous studies is that given the current inventory management 

framework and the constrained capacity, we never reach FFCOFR achievable upper bound even in case of 

high forecast accuracy because of product competition under finite capacity. Because no product grouping 

are considered among MTF products based on demand variability, the way inventories are managed have 

been described as inefficient and should be investigated more deeply. 

In order to demonstrate the potential of improvement we can get when changing the inventory product 

classification, it has been decided to allocate a variable DOS parameter for each product given the 

following equations, assuming Normal demand x and standard deviation sigma (Silver et al. 1998): 

  𝑆  
      

  
 

Where    is the expected demand over the production lead time, k is a safety factor chosen by 

management to achieve a desired service level (1.64 for 95% service level),     the daily demand and     

the standard deviation of demand over the production lead time. This example is provided to capture 

demand variability and show interesting way of improvement to the business. We can underline that the 

obtained DOS values are slightly under DOS = 15 as the maximum is around 5 DOS. Obtained results 

with this method given DOS =15 under FIFO sequencing are shown below in scatterplot V_24 

 

Figure V_24: Scatterplot FFCOFR vs. FA with product differentiation, DOS = 15 

If previous equation provides a basic framework to work from, it obviously fails to address the 

supply chain complexity. We can nevertheless point out that a significant improvement is obtained from 

initial FIFO model as FFCOFR upper bound is 5% higher than base case one. However, as less inventory 

is held because of lower DOS values, the scatterplot shows a bigger spread on low Forecast Accuracy with 

only 72.7% FFCOFR on average on 30% Forecast Accuracy. This result is to be compared to the figure 

V_14 that showed 75.42% performance on 30% FA because more inventory was held initially. 
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5.3.9. Conclusions  

In this paragraph the overall conclusion on the possible tradeoffs between both dynamic factors 

forecast accuracy and inventory level; and FFCOFR ratio is discussed and an overview of the different 

models results is given.  

It is important to mention that no costs were considered in this study as only qualitative insights 

were targeted. Therefore, guidance to GCCB will be limited as financial aspect is not included. We must 

also recall that the following conclusions depend on the assumptions that are made in section 5.3.1. Given 

the limits of the assumptions, we have investigated several models in order to grab some broad insights 

about how to improve service level. We can again stress that no absolute value about which service level 

GCCB should strive for can be proposed given the model limits. 

All models show first a positive correlation respectively between Forecast Accuracy and FFCOFR 

ratio on one hand, and between DOS Parameter and FFCOFR ratio on the other hand. Interestingly, we 

have seen that in general the FFCOFR ratio was reaching a plateau at around 70% Forecast Accuracy that 

should be advised to be GCCB target for Forecast Accuracy improvement. 

When analyzing the detailed results shown in appendix E.9 and given some financial guesses on 

inventory holding costs, it doesn´t seem worth it to drastically increase DOS parameter as different 

simulation outputs do not show major increase in terms of magnitude compared to Forecast Accuracy 

improvement.  

The main insight that can be given to GCCB is that because of product competition under finite 

capacity we never reach FFCOFR achievable upper bound even in case of high forecast accuracy and high 

inventory settings given the current inventory management framework and the constrained capacity,  

As a global conclusion, benefits of different product grouping based on demand pattern criteria 

can be highlighted as the most crucial point from simulation output. By finding the right parameters for 

inventory management, GCCB could avoid most of the stock outs caused by conflicting production 

requirements.  
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6. CONCLUSIONS AND RECOMMENDATIONS 

In this chapter we first present the global conclusions of the study. We then discuss the limitations 

of this research project and provide recommendations for further studies. 

 

6.1. Conclusions for the project 

 
While GCCB has a very complex supply chain, a generalized framework for identifying key areas 

for customer satisfaction improvement can be used to improve supply chain performance. In this instance, 

a simulation model is used to evaluate the impact of several factors on both a reliability index (OTIF) and 

an ability index (FFCOFR). We break down our analysis in two steps.  

First, a deterministic step is aimed at evaluating what should have been possible with the 

historical data. Within this step we try to mimic the inbound and outbound flows as they actually happen 

in order to test what should have been achieved.  

With this kind of modeling we prove that most of the OTIF performance loss is due to outbound-

related issues. Outputs of the model show that sufficient inventory was generally available at GCCB. Our 

advice to GCCB is to investigate the root causes of the delays in the deliveries (customized deliveries, 

lack of staff available…) or to consider higher transportation times in the system in order for the inventory 

to be available earlier. 

Regarding the FFCOFR we show that only a maximum of 95.7% is achievable, as customer asks 

for an unfeasible service time in the remaining 4.3% of the cases.  Further, we prove through a 

deterministic model that, although the decision to promise the customer to be delivered at a given date is 

based on a conjecture of what might be the future system status, this conjecture generally matches what 

would have been possible with the historical inbound flows. By implementing a deterministic model based 

on the historical production plan, we show that the FFCOFR index at the order level match for 75.6% of 

the orders with reality. Yet we found a bias as the average service performance of the deterministic model 

was higher than the provided one. When analyzing the causes for such a difference, we find that this is due 

to GCCB providing a pessimistic answer when deciding whether or not to match the conditions requested 

by the customers.  We conjecture that GCCB does so because they want to keep some buffer in order to 

prevent future unexpected events. 

Second, a dynamic simulation model has been implemented for the FFCOFR study. The aim of 

this study is to investigate dynamic levers of improvement such as forecast accuracy and inventory level 

on this particular ratio. Our conclusions are limited as our study does not include any financial aspect and 

was limited to a one plant under a particular set of assumptions.  

On one hand, we see that the service performance has a nonlinear relationship with forecast 

accuracy as a plateau is reached at 70% forecast accuracy. On the other hand, the impact of the inventory 

policy impact is shown to be limited since no differentiation is currently applied among the products. 

Therefore, because of product competition under finite capacity, the FFCOFR theoretically achievable 

upper bound was never reached. Grouping products into clusters may lead to substantial benefits as GCCB 

could avoid most of the stock-outs caused by conflicting production requirements in case they found the 

right parameters based on the demand pattern. 
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6.2. Limitations and future research 

Despite the contributions of this study towards practical and scientific purposes, it is subject to 

limitations and several recommendations can be made. 

Throughout the previous study, it has often been emphasized that the lack of supply chain 

understanding and missing data forced us to make strong assumptions, thereby limiting the explanatory 

power of our results in terms of absolute values. Because we narrowed the scope on only a small subset of 

products and data and considered only a part of the network, we cannot generalize the results.  

Therefore, we strongly suggest that GCCB first works on improving the accuracy of the model by 

adding some complexity and extending its scope. The replenishment mechanism from plant to DC as well 

as the order allocation process should at the end be considered as they offer promising way of improving 

the supply chain.  

There are also a number of potentially interesting directions for future research.  

First of all, product grouping has been highlighted as a promising source of benefits when 

analyzing last dynamic models simulation outputs.  The use of aggregation procedures from the operation 

management literature should be investigated as it may help managers to monitor and control system 

performance from a strategic perspective more efficiently when dealing with hundreds of SKU´s.  The 

ABC-type methods are the  most frequently used in practice for grouping SKUs ( Partovi, 2002), but we  

advise future studies to take into account Ernst and Cohen paper (1990) as the aggregation procedure takes 

into account other criteria as the demand pattern or the bill of resource for capturing the relationship 

between the different items. 

Second financial aspects have not been considered in this study. As a consequence, in order to get 

better insights, it is then necessary to evaluate the tradeoff between inventory and costs in order to derive 

significant quantitative insights. Different costs components should be incorporated (Crnkovic et al., 

2008), like the cost of generating demand forecasts, the cost of operating the Supply Chain, stock out and 

excess inventory costs. We refer to the recent papers of Jeffery et al. (2008) for such an analysis. 

 

Finally, different forecasts mechanisms should be included as well in the model in order to test 

what could have been possible with different statistical model. We can refer to the paper from Crnkovic et 

al. (2008) that includes several factors to affect the quality of the forecasts such as the passage of time as 

the generated forecasts should presumably get closer to the reality as we advance in time. 

 

 

 

 

 

 



61 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



62 
 

References 

Bertrand, J.W.M. & Fransoo, J. C. (2002). Modelling and Simulation: Operations management research methodologies using 

quantitative modelling. International Journal of Operations and Production Management, 22(2). 

Bozarth Cecil C.  a,*, Warsing Donald P.  a,1, Flynn Barbara B. b,2, E. Flynn James (2008)The impact of  Supply chain 

complexity on manufacturing plant Performance, Journal of Operations Management 

Cachon, G. and Zipkin, P. (1999), “Competitive and cooperative inventory policies in a two-stage supply chain”, Management 

Science, Vol. 45 No. 7, p. 936. 

Crnkovic J. , Tayi G.k., Ballou D.B. (2008). A decision-support framework for exploring supply chain tradeoffs, Int. J. Production 

Economics 

Y. Chang, H. Makatsoris (2001), Supply chain modelling using simulation, International Journal of Simulation 1  

Donaldson W.G. (1995), Manufacturers need to show greater commitment to customer service, Ind. Market. Manage. 24 421_ 

430. 

Eisenhardt, K. M. (1989). Making fast strategic decisions in high-velocity environments. Academy of Management Journal, 32: 

543–576. 

Ernst R, Cohen MA (1990). Operations related groups (ORGs): a clustering procedure for production/inventory systems. Journal 

of Operations Management;9:574±98.  

Fallah (2011),” Customer Service”,  Logistics Operations and Management Concepts and Models, Pages 199–218 

Gupta, A., Maranas, C. (2003), “Managing demand uncertainty in supply chain planning”, Computers and Chemical Engineering, 

Vol. 27 No. 8, pp. 1219-27. 

Graves, S., Willems, S. (2000), “Optimizing strategic safety stock placement in supply chains manufacturing and service”, 

Operations Management, Vol. 2 No. 1, pp. 68-83. 

Jeffery M.M., Butler J.R., Malone C.L., (2008) Determining a cost-effective customer service level, Supply Chain Manage. An 

Int. J. 13 225_232. 

Johnson C.J., Wood F.D., Wardlow D., Murphy R.P.  (1998) Contemporary Logistics, seventh ed., Prentice-Hall International, 

Upper Saddle River, NJ,. 

Keizers, J., Will, J. and Wessels, J. (2003), “Diagnosing order planning performance at a navy maintenance and repair 

organization using logistic regression”, Production and Operations Management, Vol. 12 No. 4, pp. 445-63. 

Law, A.M. & Kelton, W.D. (2000). Simulation Modelling and Analysis (3rd ed.). New York, NY:McGraw Hill. 

Monahan, J.P. (1984), “A quantity discount pricing model to increase vendor profits”, Management Science  

Partovi, F. Y., & Anandarajan, M. (2002). Classifying inventory using artificial neural network approach. Computers and 

Industrial Engineering, 41, 389–404. 

Silver, E.A., Pyke, D.F. & Peterson, R. (1998). Inventory Management and Production Planning andScheduling (3rd ed.). New 

York, NY: Wiley. 

Syntetos, A.A., Boylan, J.E., Croston, J.D., 2005. On the categorization of demand patterns. Journal of the Operational Research 

Society 56 (5), 495–503 

Van Strien P. J. (1997). Towards a methodology of psychological practice. Theory and Psychology, 7, 683-700. 

http://www.sciencedirect.com/science/book/9780123852021


63 
 

List of abbreviations 

APAC: Asian Pacific region 

FA: Forecast Accuracy 

GCC: Global Chemical Company 

GCCB: Global Chemical Company Business Unit  

MTF: Make to Forecast 

MTO: Make to Order 

SCG: Supply Chain Guru (Software) 
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Appendix A: Supply Chain in Scope 

Appendix A.1: Network flow mapping  

On each row are displayed the number of shipments and the number of material involved. In grey are 

displayed all outbound shipments outside the network (either customer or other GCCB facility)  

 

Index A.2: Detailed ratio of customer orders satisfied per GCCB facility 

Plant 
% Number external 
Shipments 

% Sum of Delivery 
quantity 

Plant 1 4.95% 1.94% 

Plant 2 5.60% 3.51% 

Plant 3 0.49% 0.39% 

Plant 4 6.06% 3.40% 

Plant 5 24.48% 31.78% 

DC 1 0.66% 3.38% 

DC 2 0.88% 1.01% 

DC 3 3.74% 6.22% 

DC 4 20.21% 26.53% 

DC 5 7.39% 6.92% 

DC 6 11.02% 6.10% 

DC 7 12.79% 8.12% 

DC 8 1.75% 0.70% 
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Appendix A.3: Timeline share of total delivered external shipments oin terms of  

quantity and number 
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Appendix A.4: Timeline Forecast Accuracy 

 

Appendix A.5: Timeline Days on Hand 
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Appendix A.6: Supply Chain Guru Screenshots 

1) Outbound Flows ( Demand) Table 

 

2) Inbound Flows ( Production) Table 

 

3) Inbound Flows (Internal Shipments) Table 
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Appendix B: OTIF Study 

Appendix B.1: Detailed OTIF analysis on fulfillment center  

  OTIF 
% number of OTIF 
available 

Plant 1 77.42% 31.13% 

Plant 2 73.76% 42.26% 

Plant 3 23.26% 12.99% 

Plant 4 74.64% 70.46% 

Plant 5 71.20% 54.50% 

DC1 n.a. 0.00% 

DC2 25.20% 22.96% 

DC3 53.33% 1.37% 

DC4 29.51% 1.71% 

DC5 72.49% 46.20% 

DC6 70.20% 24.16% 

DC7 44.17% 43.99% 

DC8 48.12% 46.72% 

 

Appendix B.2: Timelines/ Comparison between OTIF, OT and IF ratios 
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Appendix B.3: Description deterministic model 

1) From Plant point of view: 

 

 

2) From DC point of view: 
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Appendix B.3: Flowcharts Deterministic Model 

1) Inbound delivery Event 

 

Increment Inventory level by 
the Inbound Quantity

Inbound Delivery 
Event

Eliminate Inbound Delivery 
from consideration

Return

 

2) Demand Event 

Decrement inventory by the 
demand size

Demand Event

Is there enough 
Inventory on 

hand?

Backorder the demand

Return

Yes

No
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Appendix B.4: Inconsistency Check 

 

 

 

 

Appendix B.5: Frequency of deviation on the total number of combination 

 

 

 

 

 

 

 

 

 

 

 

Confidential 



72 
 

Appendix C: FFCOFR Analysis 

Appendix C.1: Detailed FFCOFR ratio on location level  

  FFCOFR 

Plant1 34.89% 

Plant2 43.05% 

Plant3 68.83% 

Plant4 72.57% 

Plant5 61.17% 

DC1 97.12% 

DC2 64.44% 

DC3 67.81% 

DC4 63.19% 

DC5 69.60% 

DC6 64.83% 

DC7 89.03% 

DC8 90.15% 

 

Appendix C.2: Timelines aggregated FFCOFR ratio compared to timing and 

quantity aspects  
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Appendix D: FFCOFR Deterministic Model 

Appendix D.1: Inconsistency Check 
 
 
 
 
 
 
 

 
 
Appendix D.2: Frequency number of days in advance customer is satisfied 
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Appendix E: FFCOFR Dynamic Model 

Appendix E.1: Analysis Plant 5 in first six month of 2012 
 

 

 

 

 

 

 

 

Table E.1.1 Comparison Bulk Producing Workcenters in terms of production orders 

 

 

 

 

 

 

 

 

 

Table E.1.2 Study dedication of Workcenters A, B, C and D for the studied family 

 

 

 

 

 

 

 

 

 

 

Table E.1.3 Comparison Workcenters A, B, C and D in terms of MTF/MTO 

 

From the previous tables E.1.1 and E.1.2 can be drawn several conclusions. Six WorkCenters are available 

in the considered plant 5 for bulk production. Lines E and F  are aimed at producing very specialized 

products and will not be taken into account in this study because of the very low production volume. Line 

D only produces less than 15000 kg Orders and is mainly used for Small “MTO”  urgent demands. Lines 

A, B and C produce main quantity of the studied family from plant 5 point of view. 

From Table E.1.3.  only three workcenters, namely Line B, Line C and Line D can be first selected as they 

are mainly producing the considered Bulk of the studied family. Nevertheless, as only Make to Forecast 

products are considered in the study in terms of service analysis only lines B and C for Bulk production 

will be considered 
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Appendix E.2: Capacity restriction 
 
Each table summarizes the capacity offset from each line in order to mimic other thean studied family 
related production 
 
Line B: 
 

Beginning time window Duration (Days) 

1/5/2012 4 

1/10/2012 3 

1/25/2012 9 

2/14/2012 13 

3/7/2012 9 

3/26/2012 9 

4/26/2012 19 

5/21/2012 9 

6/9/2012 11 

 
Line C: 
 

Beginning time window Duration (Days) 

1/1/2012 9 

1/15/2012 10 

2/1/2012 13 

2/29/2012 5 

5/29/2012 13 
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Appendix E.3: Screenshot Coding Interface 
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Appendix E.4: Replenishment mechanism flow chart 
 

Is Inventory 
Position 

IOPi(t)<Si,m

Determine Amount 
to be ordered
 Si,m(t)- IOPi(t)

Determine Work 
Center for this order

Schedule order 
arrival event for this 

order

No Yes

Demand Arrival 
Event

Return
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Appendix E.5: Forecast release mechanism 
Production Order 

release event

Check date 
Production order 

release

Production order 
date release in 
the first half of 

the month?

Check Forecast 
Status for first half 

of month

Check Forecast 
Status for second 

half of month

Forecast 
Released?

Forecast 
Released?

Check Production 
order quantity

Set Forecast status 
as „released“ for 

corresponding half 
of the month

Production Order 
Qty< (Forecast 

Qty)/2?

Check date 
Production order 

release

Check Forecast 
Status for first half 

of month

Forecast 
Released?

Change Poduction 
Order Quantity = 
(Forecast Qty)/2

Change Poduction 
Order Quantity = 

(Forecast Qty)

Return

No

Yes

Yes
No

No

Yes

YesNo

Yes

No
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Appendix E.6: Historical sequence mechanism 
 

Evaluate Work 
Center status

Check Work Center 
Current Position in the 

sequence and 
corresponding Product

Outstanding 
orders of 

corresponding 
product? 

Start Production of 
Corresponding 

Product

Calculate Time since 
Last Production

Free Work 
Center?

Time Since Last 
Production > 2 

DAYS?

Work Center Sequence  
Position  = Work Center 
Sequence  Position + 1

Yes

No

Check Next Position in 
sequence and 

corresponding Product

Outstanding 
orders of 

corresponding 
product? 

Check Next Position in 
sequence and 

corresponding Product

Outstanding 
orders of 

corresponding 
product? 

Yes

Yes

Yes

No

No

No

Update Work Center 
Current Position in 

the sequence

No

Yes

No

Work Center Update 
Event

Return
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Appendix E.7: Number of replications 
 

Following graphs show the average evolution of the two measures of interest, namely FFCOFR ratio and 

Forecast Accuracy across the number of runs. Two runs of 60 replications were run for the actual standard 

deviation for both Static and FIFO production logic sequences. 

 

Next Figures horizontal axis represents the amount of runs whereas the related vertical axis represents the 

average of the measure of performance over all the replications. 

 

We can argue that we get a steady state after nearly 40 runs for both measures. 
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Appendix E.8: Validation 
 

Section E.8.1: Historical Sequencing logic Verification 

 

 

 

 

 

 

 

 

 

 

 

 

Section E.8.2: Deviation in terms of timing of  the base case from the history: 

 

1) From Line B point of view 

 

Line B 

Base Case Output Historical Production Deviation (Days) 

1/5/2012 1/5/2012 0 

1/10/2012 1/10/2012 0 

1/25/2012 1/29/2012 4 

2/14/2012 2/18/2012 4 

3/7/2012 3/6/2012 1 

3/26/2012 3/28/2012 2 

4/26/2012 4/27/2012 1 

5/21/2012 5/21/2012 0 

6/9/2012 6/11/2012 2 

 

2) From Line C Point of view 

 

Line C 

Base Case Output Historical Production Deviation (Days) 

1/10/2012 1/10/2012 0 

1/27/2012 1/25/2012 2 

2/16/2012 2/14/2012 2 

3/6/2012 3/5/2012 1 

6/11/2012 6/11/2012 0 
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Section E.8.3: Forecast Release Mechanism 

 

1) One Forecast Release with 100% Forecast Accurate Forecasts: 

 

 
 

On last figure is provided an example of Inventory on hand evolution when performing a monthly 

Forecast release of an amount equal to the monthly demand. As expected, the forecast release covers the 

entire demand. 

 

2) Biweekly Forecast Release with 100% Forecast Accurate Forecasts: 

 

Different from previous model, the forecast release is done two times in a month with equal production 

lots. There may be additional production in case the biweekly demand was exceeding half the monthly 

demand. In provided example, it is the case for February and May. Other production lots qre equal to half 

the Forecast values 

Demands/forecasts 

(units) 

January February March April May June 

Product X 60025 90000 96000 108025 219000 39000 

 

Example Product Monthly demand as  Forecast values 
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Section E.8.4: Replenishing system 

 

Following is depicted an example where two situations are compared, namely DOS = 0 day (red Curve) 

and DOS = 1 day(green Curve) for one specific product. In this case, the ordering point/Reorder up to 

level value is equal to zero in one case and equal to one day of the expected demand calculated based on 

the forecast values ( purple curve). As expected every time this specific product is produced, system is 

replenishing up to the reorder point when considering DOS equal to one day whereas in DOS = 0 Base 

Case, inventory Is falling down to zero after each production run. 

 

 
Section E.8.5 Inventory Initialization 

 

Related to the system initialization, initial inventories are to be set up at the beginning of each simulation 

run to the initial base stock parameter value. The next figure displays this case 
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Appendix E.9: Detailed Results  
 
Table E.9.1: Matrix average FFCOFR values historical sequence 

 
Table E.9.2 Matrix average FFCOFR values FIFO Sequence 

 
Table E.9.3:Matrix average FFCOFR values FIFO Sequence with modified inventories 
 

 
Table E.9.4: Matrix average FFCOFR values FIFO Sequence with recalculated reorder pont 
 

 

 

 

 

Average 
FFCOFR ratio 

DOS= 
15 days 

DOS= 
20 days 

DOS= 
25 days 

DOS= 
30 days 

DOS= 
35 days 

DOS= 
40 days 

DOS= 
45 days 

DOS= 
50 days 

DOS= 
55 days 

FA= 30% 74.34% 76.38% 78.07% 79.05% 80.11% 80.92% 81.64% 82.20% 82.55% 
FA= 50% 76.07% 77.45% 79.06% 79.91% 80.34% 80.59% 81.10% 81.99% 82.67% 
FA= 70% 77.18% 78.42% 79.93% 81.00% 81.81% 82.54% 82.74% 82.67% 82.72% 
FA= 95% 77.03% 78.76% 79.53% 80.58% 81.44% 82.86% 84.67% 84.87% 83.55% 

Average 
FFCOFR ratio 

DOS= 
15 days 

DOS= 
20 days 

DOS= 
25 days 

DOS= 
30 days 

DOS= 
35 days 

DOS= 
40 days 

DOS= 
45 days 

DOS= 
50 days 

DOS= 
55 days 

FA= 30% 75.42% 76.45% 76.77% 77.50% 78.23% 78.92% 79.38% 80.25% 80.58% 

FA= 50% 77.84% 79.12% 79.81% 80.16% 80.79% 81.03% 81.21% 81.25% 81.26% 

FA= 70% 79.38% 80.93% 82.40% 82.96% 83.39% 83.19% 83.62% 83.98% 84.04% 

FA= 95% 80.38% 81.18% 82.84% 84.65% 84.87% 84.35% 84.46% 84.97% 85.34% 

Average 
FFCOFR ratio 

DOS= 
15 days 

DOS= 
20 days 

DOS= 
25 days 

DOS= 
30 days 

DOS= 
35 days 

DOS= 
40 days 

DOS= 
45 days 

DOS= 
50 days 

DOS= 
55 days 

FA= 30% 77.23% 78.54% 79.29% 80.10% 80.50% 80.86% 81.44% 81.63% 82.18% 
FA= 50% 80.22% 81.33% 82.35% 82.96% 83.52% 83.79% 83.86% 83.82% 83.77% 
FA= 70% 83.24% 84.25% 85.27% 85.88% 86.30% 86.33% 86.39% 86.47% 86.49% 
FA= 95% 84.68% 85.53% 86.68% 86.99% 87.37% 87.94% 88.02% 87.94% 87.62% 

Average 
FFCOFR ratio 

DOS= 
15 days 

DOS= 
20 days 

DOS= 
25 days 

DOS= 
30 days 

DOS= 
35 days 

DOS= 
40 days 

DOS= 
45 days 

DOS= 
50 days 

DOS= 
55 days 

FA= 30% 74.87% 76.46% 77.52% 78.69% 79.59% 80.13% 80.80% 81.32% 81.58% 
FA= 50% 79.25% 80.07% 81.18% 82.09% 82.53% 82.84% 83.13% 83.42% 83.85% 
FA= 70% 80.55% 82.38% 84.19% 85.26% 85.99% 86.34% 86.63% 86.73% 86.76% 
FA= 95% 81.44% 83.41% 84.62% 86.35% 88.10% 88.97% 88.24% 87.79% 88.21% 


