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Abstract 

This master thesis has been conducted in collaboration with Prodrive Technologies B.V. The thesis is 

focused mainly on complex decision making in multi-level Material Requirements Planning and the 

effect of uncertainty in the rolling forecast schedules. Prodrive perceives a lot of uncertainty in its 

production planning due to the changes in the rolling forecast schedules by customers, and does not 

know how to handle this issue. 

This thesis makes a contribution by investigating on the behavior of the changes in the rolling 

forecast schedules, and the effect that this has on the multi-level production planning. In order to 

investigate the impact, first the behavior of the changes in the rolling forecast schedules were 

classified according to their biasedness. Then, a simulation model has been developed to evaluate the 

performance of the material requirements planning. An enumeration over possible solutions 

provides the optimal solution according to inventory, setup and backorders costs. Furthermore, a 

compensation rule was developed to compensated biasedness in the forecast schedules were needed. 

Evaluation of the model is performed in both a validation study and a case study on actual product 

sets. Based on these studies managerial insights were provided that will help Prodrive to improve 

the material requirements planning and cope with uncertainty in their forecast. Concluding, this 

research showed the effect of uncertainty and biasedness in forecast schedules on the material 

requirements planning, and how decision making in the material requirements planning can be 

improved by compensation of biasedness and providing insight in the performance of the FPR-

decisions. 

 

 

Disclaimer 
This thesis has been written representing the status of the company as of before 01-12-2018. On this 

date a large fire raged through the head office, destroying the main production facility and denying 

access to the office rooms. After a period of recovery, production processes where slowly recovered, 

but it is expected that the consequences from the fire will be seen in the production schedule for at 

least one year afterwards. This thesis will focus on data before 01-12-2018 in order to make it 

possible to rely on the data. Also, where referred to the (fiscal) year of 2018, the first 11 months are 

addressed as to contain the information of one full year. 
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Management Summary 

Introduction 

Prodrive is a Dutch high-tech manufacturing company that perceives uncertainty in its material 

requirements planning due to changes in customers’ forecast. This is one of the outcomes of the 

flexibility Prodrive wants to give to its customers, sometimes even outside of the contractually 

specified flexibility boundaries. To be such an exclusive supplier for its customers and operate 

efficiently, Prodrive needs to operate with a flexible supply chain. 

Prodrive creates the material requirements planning according to the forecasts that customers 

provide for each end product. Such forecasts consists of a schedule in which the customer estimates 

his demand for a given horizon. When the forecast changes the customer sends an update and the 

material requirements planning is changed. The changes in the material requirements planning 

follow the Fixed Period Requirements lot sizing rule, which is a static rule that determines the size of 

the replenishments.  This is determined by fixing the number of periods of requirements that need 

to be covered by this replenishment, where the fixed number of periods is an input given by the 

planners of Prodrive. In this research this input is referred to as the FPR-decision.  

Prodrive does not know how this decision exactly affects the supply chain, considering the changes 

in the rolling forecast and the complex Bill of Materials (BOM). Since the FPR-decision has to be made 

for every item in the BOM, this is an often recurring event. The automated calculations for all supply 

chain decisions are based on the rolling forecast and the translation of the rolling forecast 

downstream through the BOM by the FPR-decision. Therefore Prodrive would be helped by gaining 

insight in the behavior of the rolling forecast and the consequences it has on the production planning 

and the FPR-decision. To do so, the main Research Question in this thesis is: 

How can the Material Requirements Planning with changing rolling forecast schedules be 

improved? 

Solution Design 

In order to answer the research question, first an analysis on the forecast schedule data was 

performed. The analysis on this data pointed out that the amount of changes in the forecast schedules 

is significantly high. Also, it was shown that a linear trend occurs in the changes of some of the 

schedules, i.e. the forecasted orders are increasing or decreasing over time. In order to handle these 

trends a classification has been made between negatively-, positively- and non-biased forecast 

schedules. A representation of this classification is given in Figure 1 by the blue colored area, which 

is determined from the Mean Percentage Error (MPE) for s-number of weeks ahead forecast. From 8 

analyzed end-products, 1 was classified as positively biased, three as non-biased and 4 as negatively 

biased. 
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In order to increase insights on the performance of the material requirements planning, a model has 

been developed that evaluates the performance of decision making in the FPR-rule in the complex 

product structure and under the uncertainty that occurs from changes in the rolling forecast 

schedules. The product structure of the Bill-Of-Materials (BOM) is very complex for most products, 

i.e. there are many levels and interdependencies between end-products, sub-assemblies and 

components. Therefore, this research has focused on situations with two end-products and one sub-

assembly. This scope is presented in Figure 2. 

In order to analyze the performance of the material requirements planning, a simulation model was 

developed. In an enumeration over all feasible solutions the total costs from inventory, setups and 

backorders for the sub-assembly and both end-products were minimized. Furthermore, the model 

was extended with a compensation model that removes the biasedness from the forecast schedules. 

The simulation model has been tested in three scenarios of forecast errors. Furthermore, a case study 

was performed to show the model effectiveness on an actual product set. In order to evaluate the 

proposed FPR decision in the case study, Part Period Balancing (PPB) and the Silver-Meal (S-M) 
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heuristic were added as a benchmark. These rules were proven effective in previous literature and 

are known as economical lot sizing rules. The economical lot size rules differ from the static lot size 

rules, such as FPR, by making the trade-off on the decision for the amount of periods of requirements 

to cover each time the forecast schedule is updated.  

Main Findings 

In the case study 4 sets of products from practice were analyzed to compare the proposed solutions 

from the model with the original situation. It was shown that the proposed solutions significantly 

reduce total costs in the multi-level Material Requirements Planning (MRP) of Prodrive (between 

25% and 45%). The decrease in set-up costs was most significant, against a moderate increase in 

inventory costs. Also backorder costs were slightly decreased. However, before implementing the 

proposed decision first the trade-off with capacity has to be made over the whole product mix, which 

was excluded from this research. The results from the enumeration can be used as a basis for this 

trade-off. Furthermore, PPB and S-M were slightly outperformed by the optimal FPR decision. This is 

mainly caused due to the provided stability from the static FPR decision in an environment with 

uncertain forecast and constant demand. 

In general, changes in the forecast schedules were found to have a negative impact on the material 

requirements planning, regardless of FPR-decision. Therefore the model was extended with the 

ability to classify and compensate biasedness in the rolling forecast schedules. This has been 

successfully performed for negatively biased forecast schedules. In situations with positive 

biasedness, the compensation was not beneficial. This was caused by the effect of adding safety to 

the material requirements planning which provides a buffer for he increased forecasts. 

Concluding, this research showed the effect of uncertainty and biasedness in forecast schedules on 

the material requirements planning, and how decision making in the material requirements planning 

can be improved by compensation of biasedness and providing insight in the performance of the FPR-

decisions. 

Recommendations 

In order to improve the Material Requirements Planning Prodrive should: 

1. Increase the FPR-decision 

Increasing the FPR-decision up to the proposed solution from the simulation model significantly 

decreases setup costs, against a slight increase in backorder costs. By increasing end-product FPR-

decisions also backorder costs are decreased. Prodrive should determine how far to increase the 

FPR-decision based on their capacity limitations and the results of the enumeration over possible 

solutions in this research. While determining the FPR-decision also the multi-level effect should be 

taken into account, the best solution is gained by equalizing the FPR-decisions for both end-products. 
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Also, setup costs of the sub-assembly can be decreased by increasing the end product FPR-decision. 

This is an important finding, since setups for the sub-assembly are the most costly. 

2. Reduce forecast uncertainty  

Prodrive perceives a lot of uncertainty from changes in the forecast schedules, which cause extra 

setups for both end-products and sub-assemblies.  Prodrive can improve here by collaborating with 

customers or by refusing changes in the rolling forecast schedules that cause the most uncertainty. 

Such as an increase in forecast in the near future. The analysis in this research on the amount of 

changes in the rolling forecast schedules can help to strengthen such decisions towards customers. 

3. Log causes of changes in rolling forecast schedules 

Prodrive can win a lot by decreasing the uncertainty in the forecast schedules. However, at this 

moment it is not known what the cause of a specific change is, and thus it is not known what the effect 

is of different sources of changes. This research excluded internal causes such as production planning 

and component in unavailability from the scope. Furthermore, the changes in the forecast schedules 

from customers within 4 weeks of ordering have not been taken into account as well. In order to be 

able to handle all the sources of changes in the rolling forecasts, Prodrive should log the causes of the 

changes in the rolling forecast schedules. 

4. Avoid negatively biased forecast schedules 

Negatively biased forecast schedules cause extra inefficiency in the production planning, since an 

increase in the forecast schedules will increase the amount of required setups. Since setups are costly 

in the production processes of Prodrive negatively biased forecast schedules should be avoided. This 

could be done by the classification and compensation model that is developed in this research.  

5. Avoid economical lot size strategies 

In the environment of Prodrive with constant demand, changing rolling forecast and high setup costs 

it is more beneficial for the material requirements planning to work with a static decision compared 

to an economical decision. This is mainly caused by the fact that an economical decision will evaluate 

the amount of periods that a replenishment needs to cover each time the forecast schedule changes. 

Due to this evaluation a small change in the forecast schedule may lead to a larger change in the 

downstream requirements, causing the amount of setups to increase on lower level production 

processes. 
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1 Introduction 

The first chapter of this master thesis report introduces the environment in which the research was 

conducted and describes the research problem. The research was conducted in cooperation with 

Prodrive Technologies B.V., a high tech manufacturing company. The outline of the introduction is as 

follows: in 1.1 some background information of the company is given, in 1.2 the research problem is 

described, in 1.3 the research questions are given and in 1.4 the research approach is presented. 

1.1  Prodrive Technologies 

Prodrive-Technologies B.V. (hereafter referred to as Prodrive) is a young and fast growing high-tech 

manufacturing company which has its main facility located in Son, near Eindhoven. The company’s 

revenue and the productivity (in revenue per FTE) have been growing for the last years, and Prodrive 

expects to grow even further, as is represented in Figure 4. The growth can also be noticed by the 

new office building and new production facility that Prodrive opened during the summer of 2018. 

 

 

 

 

 

 

Prodrive delivers its products & solutions in six programs: 

High-end Computing, Motion & Mechatronics, Power 

Conversion, Industrial Automation, Vision & Sensing and 

Internet of Things. In Figure 2 the relative size in revenue of 

each program is given for 2017 in blue and for 2016 in grey. 

Within the programs Prodrive can perform both design and 

production for their electronic products, depending on the 

customers need. Prodrive does so by using its own R&D 

department and production facility, which are focused on 

delivering custom designed products to the customers. In 

total, over 1.000 different products are sold, which are 

produced out of more than 50.000 different components. 

Further explanation on the production processes is given in 

Chapter 2.3. Source: Annual report 2017, Prodrive-Technologies 

Figure 3. Revenue per program for 2016 and 2017 

Figure 4 Revenue and productivity growth expectation (Annual report 2017, Prodrive) 
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1.2  Research Problem 

Prodrive produces products with complex, multi-level Bill of Materials (BOM) and long lead times for 

sourcing and production. Prodrive perceives a lot of uncertainty in its planning and sourcing, since 

customers change their orders within the window of the supply- and production lead time. This is 

one of the outcomes of the flexibility Prodrive wants to give to its customer, sometimes even outside 

of the contractually specified flexibility boundaries. To be such an exclusive supplier for its customers 

and operate efficiently, Prodrive needs to operate with a flexible supply chain. 

1.2.1 Rolling Forecast Schedules 

Prodrive works with a production planning that is driven by rolling forecast schedules. The 

customers provide these forecast schedules, in which they predict their orders for the coming 

periods. The customers can update these forecast schedules when their requirements change. 

Prodrive then takes over these changes in its production planning, in order to make sure that the 

amount of products that are planned to be produced match the demand from the customer. In this 

way the planning is always matching the current demand from customers correctly, however, the 

changes affect the supply chain as well. This happens because the production of sub-assemblies and 

the purchasing of component is also done based on the changes in the forecast schedules. Prodrive 

does not know what the behavior of changes in the forecast schedules is, and what the effect is of 

these changes on the production planning. 

1.2.2 Material Requirements Planning  

In order to handle the large amount of supply chain decisions that are made each day, Prodrive works 

on the digitization and automation of its planning and sourcing processes. One of the 

implementations hereof is the decision making for production planning and purchasing of 

components in the Material Requirements Planning (MRP) system. This MRP system is managed in a 

software program, which calculates an inventory planning for each production level in the BOM. The 

inventory planning for the end-products is driven by the rolling forecast schedule from the 

customers. Then, for each period is determined according to the MRP when an order will be placed. 

These orders then determine the forecast schedules on lower production levels, and eventually 

determine to purchase components from suppliers. An advantage of MRP is that it automatically 

manages production planning on each production level according to the given settings. The main 

challenge here is to operate with the most efficient parameters settings. These settings are set by the 

planning employees of Prodrive, and are mainly based on experience. Interviews at Prodrive point 

out that there is no calculation done to make a quantified decision on these variables, usually it is just 

gut-feeling. Moreover, after the decision variables in the MRP-system are set, they usually stay the 

same for a long time. This makes sense, seeing the large product set that Prodrive has, however, it 

also implies an even more inefficient planning.  
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1.2.3 Fixed Period Requirements 

The most important planning variable in the MRP-system is the ‘lot size decision’. This is the variable 

which determines the batch size, and thus determines the demand on the lower production levels. 

Within the MRP-system of Prodrive the ‘lot size decision’ is made according to the Fixed Period 

Requirements lot sizing rule (FPR). In this rule the lot size is exactly enough to provide for the 

requirements over a fixed amount of periods. In order to operate with this rule, a decision has to be 

made on the amount of periods of demand that a lot needs to cover. Prodrive does not know how this 

decision exactly affects the supply chain, considering the changes in the rolling forecast and the 

complex BOM. Since the FPR-decision has to be made for every item in the BOM, this is an often 

recurring event. The automated calculations for all supply chain decisions are based on the rolling 

forecast and the translation of the rolling forecast downstream through the BOM by the FPR-decision. 

Therefore Prodrive would be helped by gaining insight in the behavior of the rolling forecast and the 

consequences it has on the production planning and the FPR-decision. 

1.3  Research Questions 

In order to address the research problem, the following main research question has been established: 

How can the Material Requirements Planning with changing rolling forecast schedules be 

improved? 

In order to structure the research, the main research question is split into several sub research 

questions: 

RQ 1 What is the main challenge in the production planning of Prodrive? 

RQ 2 What trends are present in the changes of the rolling forecast schedules? 

RQ 3 What simulation model can be built to evaluate the material requirements planning and 

handle changes in the rolling forecast schedules?  

RQ 4 How does the Fixed Period Requirements rule perform for different trends in changes in 

the rolling forecast schedules? 

RQ 5 How does the proposed decision improve the current situation compared to other solutions 

from literature? 

RQ 6 Which strategic implications can be recommended to Prodrive based on the gained 

insights? 

1.4  Research Approach 

The research will be conducted according to the steps in the combination of the empirical research 

cycle (Van Aken, Berends, & Van Der Bij, 2007) and the quantitative research model (Mitroff et al., 

1974)(Appendix A. Figure A. 1). This combination fits this research best, since the primary concern 

is to gain knowledge by fitting a model on a practical situation. This is in contrast to a research that 

only focusses on mathematical correctness of the model itself. Therefore methodology is considered 
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less valuable (Bertrand & Fransoo, 2002). This reflects on the literature contribution this research 

has, next to the practical contribution it has by conducting the research at a company. In this research 

only the first three steps are considered, the fourth step ‘implementation’ is left out of scope due to a 

limitation in time. 

Chapter 1 contained the initialization research step, in which the case is selected and the research 

approach is described. The remainder of the report continues in the structure as in the combination 

of both research cycles, this structure has been presented graphically in Figure 5. In this figure the 

arrows indicate the iterative development of the research, the structure of the report will follow the 

chapter numbers. In Part I, the As-Is Situation of Prodrive is described, enlightening the current 

processes and the specific environment in which the problem is perceived. This part starts with a 

description of relevant supply chain processes in Chapter 2. A more detailed explanation of the 

research problem is given in Chapter 3 by answering RQ 1: “What is the main challenge in the 

production planning of Prodrive?”. In Chapter 4 the research problem and possible solutions will be 

further discussed on the basis of preliminary literature. In Part II the modeling step is presented. This 

starts with a data analysis in Chapter 5 that answers RQ 2: “What trends are present in the changes 

of the rolling forecast schedules?”. In Chapter 6 the development of the simulation model is presented 

and answers RQ 3: “What simulation model can be built to evaluate the material requirements 

planning and handle changes in the rolling forecast schedules?”. A simulation model is chosen to 

Figure 5. Research Approach 

Part III. Model Solving & Results 
Chapter 7: Validation 
Goal: Answer RQ 4 
  
Chapter 8: Case Study 
Goal: Answer RQ 5 
  

Part II. Modeling 
Chapter 5: Data Analysis 
Goal: Answer RQ 2 
  
Chapter 6: Simulation Model 
Goal: Answer RQ 3 
  

Part I. As-Is Situation 
Chapter 2: Supply Chain Description 
Goal: Describe relevant processes and 
 background information 
  
Chapter 3: Production Planning  
Goal: Answer RQ1 
  
Chapter 4: Literature Review 
Goal: Describe research problem 
  and possible solutions from  
 literature perspective 
  

Part IV. Evaluation 
Chapter 9: Managerial Insights 
Goal: Answer RQ 6 
  
Chapter 10: Conclusion 
Goal:  Answer Main RQ  
  
Chapter 11: Reflection 
Goal: Describe the evaluation on the 
 research including its 
  limitations 
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evaluate the performance of the material requirements planning, since the simulation model van 

incorporate rolling forecast schedules and multi-level material requirements planning. Then, Part III 

model solving & results are presented. First, in Chapter 7, the behavior and sensitivity of the model 

are analyzed by answering RQ 4: ”How does the Fixed Period Requirements rule perform for different 

trends in changes in the rolling forecast schedules?”. Then, in Chapter 8, RQ 5 is answered: “How does 

the proposed decision improve the current situation compared to other solutions from literature?”. 

Finally, in Part IV, the evaluation part of the research is given. In Chapter 9, managerial insights are 

given by answering RQ 6: “Which strategic implications can be recommended to Prodrive based on 

the gained insights?”. In Chapter 10 conclusions about the research are drawn, and an answer to the 

main research question is given: “How can the Material Requirements Planning with changing rolling 

forecast schedules be improved?”. Finally, in Chapter 11 a reflection on the research itself and its 

interpretation is given, including possible extensions towards further research and the limitations. 
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 As-Is situation 

In Part I the current processes at Prodrive regarding the production processes and inventory 

planning are described. At first a description of the supply chain and the scope this thesis addresses 

is given in Chapter 2. This chapter contains background information to explain relevant background 

information and to scope the research, and has no specific research question. Then, in Chapter 3, the 

inventory planning is explained in more detail. In Chapter 3, sub research question 1 will be 

answered by presenting a cause-end-effect diagram: 

RQ 1  What is the main challenge in the production planning of Prodrive? 

2 Supply Chain Description 

The goal of Chapter 2 is to explain the relevant background information and the supply chain 

processes, and to further scope the research problem. In order to do so in 2.1 a description is given 

of the forecast and demand processes, in 2.2 the sourcing processes are explained. Finally, in 2.3 the 

production processes and the scoping of the product structures are described. 

2.1  Forecast and Demand 

Prodrive sells the majority of its product to customers who have very specific requirements for their 

products, since the companies that are the customers of Prodrive use the product as part of their 

solution or greater product they will sell to an end-user. Therefore, the products that Prodrive sells 

are custom made for the customers, and Prodrive has just one customer for an end-product in most 

situations, therefore the forecast of an end-product solely depends on the needs of this customer. 

How the supply chain of Prodrive looks specifically in terms of demand and supply is described in 

this chapter.  

Figure 6. Schematic representation of the business model 

Customers order products by sending out a rolling forecast, in which they predict their demand for a 

contractually specified horizon, which is usually between 20 and 50 weeks ahead. Based on this 

rolling forecast, Prodrive purchases its components and creates an initial production planning. 

Prodrive needs such a rolling forecast, in order to plan the production of its products and the 

purchasing of its components based on the specific needs of a customer. Within 4 weeks ahead of 
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time, Prodrive changes the forecast into fixed order by ‘freezing’ the orders, as presented 

schematically in Figure 6. Changing the forecasted orders to fixed orders is done to reduce the 

amount of abrupt changes in the production planning close ahead in time. An example of a rolling 

forecast over time is given in Figure 7. In this example two forecast schedules are graphically given 

for one product with a forecasting horizon of 20 weeks, the schedules represent the forecast that a 

customer has sent in week 1 and week 2 in which the customer states its demand for the nearest 20 

weeks. Since the lead times for production and purchasing are longer than the timing in which the 

customer can change the rolling forecast, each of the changes in the forecast schedules represents an 

effect on the supply chain of Prodrive. A decrease in forecast results in larger inventory and lower 

machine utilization than was initially planned, an increase in forecast can result in a shortage of 

inventory and an increase in machine utilization. Furthermore, when the production plan has to be 

adjusted, more work has to be done by the planners. The changes in the forecast schedules represent 

the uncertainty that is perceived in the production planning. These changes and the perceived 

uncertainty are further explained in the data analysis in Chapter 5. 

2.2  Sourcing 

Prodrive has a wide variety of components it purchases, for which it uses very different strategies, 

dependent on how the market offers them. The suppliers differ from large distributors, which sell 

genuine components, to small production companies, which deliver the more specific and dedicated 

components. In general the genuine components are bought in large quantities to gain discounts, 

whereas the specific components are bought in smaller batches since they are only needed in a 

limited set of products.  

A challenge within the supply chain that Prodrive works in is that customers want short lead times, 

while suppliers offer large lead times. One of the reasons for the large supplier lead times is the 

current shortage in the market for specific electrical components. Also, a lot of the parts that are used 

in the solutions that Prodrive makes need to be custom designed in order to fit with the product. 

Figure 7. Example of a rolling forecast schedule for t=1 and t=2 and h=20 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

diff 0 0 0 0 5 12 0 3 0 10 7 2 5 8 0 7 12 0 0 0 0

1 53 51 56 40 60 44 44 53 47 46 54 33 55 68 49 49 67 50 64 53

2 51 56 40 55 56 44 50 47 36 47 35 50 60 49 56 55 50 64 53 58
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Since these parts are not standardized, also the lead time is longer. On top of that, a lot of items are 

hauled via international shipments, such as deliveries from China. These shipments are preferably 

carried by boat since this is the least expensive transportation mode. However, a drawback is that 

this increases the lead time significantly, i.e. up to 7 weeks, depending on the sourcing location. The 

last main reason that the lead times are long is the way the wholesalers work, they need to know the 

demand far in advance in order to deliver the components for a low price. Since a lot of components 

that are purchased by Prodrive come from these wholesalers, this has a big impact. In the end, in 

terms of sourcing, it can be said that the further ahead in time Prodrive can plan its production the 

less costly their components are. To illustrate this, in Figure 8 a representation of the frequencies for 

lead times of all components (count = 56.790) is displayed. 

The set is grouped in bins of 7 days and cut-off at 55 weeks (<0.1%). As can be seen, only 39% of all 

the components can be purchased within 4 weeks ahead, and 77% of components can be purchased 

within 10 weeks. There are even 257 items that have one year of lead time. The figures are 

compensated for the standard 8 days safety time that Prodrive incorporates for its components, 

which cover for supplier unreliability and the time before a product is entered in the information 

system. Figure 8 hereby represents the flexibility Prodrive can offer, in terms of sourcing, without 

having to make extra costs. In the case a customer wants to change its forecast and/or final orders, 

the percentage of components that can still be ordered from suppliers is given in this chart.  

Figure 8. Cumulative percentage of components within lead time 

In the case of an emergency replenishment, i.e. an unplanned increase in demand, there are two 

possibilities, depending on the situation. As discussed, Prodrive can decrease the delivery time 

significantly by changing the shipping method from sea freight to air freight, for components that are 

purchased from outside of Europe. Doing this will increase transportation costs significantly, but is 

cost-efficient compared to not producing a product in time for which all the other components are 

available. The other possibility is to purchase the components at a local broker. This is a solution that 

can be used for generic parts. The market of electrical components has many of these brokers, since 

there is a scarcity of supply and regular lead times are long. Ordering at a broker is possible in smaller 

batches, but is significantly more costly than the regular purchasing. Also this possibility is still cost 
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efficient compared to not producing a product in time for which all the other components are 

available. 

In order to address the performance on inventory, the inventory turnover rate (ITR) can be used a 

metric. Specifically, the ITR is a measure that refers to the rate on which, on average, inventory is 

used each year. This can be calculated by dividing the costs of goods sold over the average inventory 

over a year. Since data for the costs of goods sold is not available, the total revenue will be used, which 

will result in a slightly higher ratio, which can be seen as an upper bound. This calculation gives an 

ITR of 3.78 turns per year, or a period of 96.5 days that inventory takes from entering to leaving the 

production plant. This is a rather slow turnover ratio for a company that only produces its products 

based on actual demand, and is operating in the fast moving electronics markets, while also adding a 

lot of value to the products with its designing and software departments, by which the revenue is 

biased from the costs of goods sold. Industry averages are 9.38 and 5.97 for the Technology and Basic 

Materials markets (Bloomberg Law, 2010), which are significantly higher than the 3.78 of Prodrive. 

A low ITR is referred to as an overstocking situation, in which excess inventory is held. Since the 

investments that are made in this excess inventory could not have been used in other investments or 

payables, this can be seen as an inefficiency measurement.  

In their internal inventory, Prodrive distinguishes between three types of items. These are 

components (ROH), sub-assemblies (HALB) and end-products (FERT). In Figure 9 can be seen how 

the distribution in inventory value is between the three categories. An interesting fact from this figure 

is that 35% of total inventory has already started production but has not been finished or delivered 

to a customer yet. In terms of the ITR, this means that on average the inventory spends 63 days as a 

component, 20 days as a sub-assembly and 14 days as a end-product. This seems to be in 

contradiction to the business model, since it is focused on producing products specifically based on 

customers’ orders instead of holding stock.  

Figure 9. Average part of total stock per stock type during 2018 

2.3  Production Processes  

The production process for the products that Prodrive produces varies a lot between the 1.000 

different end-products it delivers. This is mainly due to the variety of markets Prodrive delivers to 
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and the different types of solutions Prodrive delivers on these markets. A generic representation of 

the most important production processes is given in Figure A. 2 in Appendix A. In this figure the 

production processes are differentiated based on either timing, location or requirements (such as 

machine lines). One exception is made for the product specific processes, i.e. System Assembly and 

Final Assembly, which do not make use of generic machines/tooling but have a similar place in the 

production process.  

Each production process starts with the availability of all components that are needed in the process. 

Then, at first the printed circuit board is produced, where SMD PCBA is the generic production 

process through which every of the products must go in order to be finished. This production step is 

the key of the production process of Prodrive, which makes it inherent that this production process 

has 5 machine lines operational. During the SMD PCBA process, small electronic components are 

assembled on the printed circuit boards (PCBs). These PCBs are the basis for the computing and 

controlling equipment Prodrive produces. Even though this process is standard for each product, 

there still is a wide variety of number of PCBs that are installed in an end-product and the complexity 

of the PCBs that is installed, in terms of different components and processing times. Also a 

combination of PCBs can be used in an end-product, meaning that the next production process is 

dependent on several batches of the SMD PCBA lines. After the machine line is finished some PCBs 

need to do some conventional or manual PCBA steps, which covers the assembly steps that cannot 

be performed by the machine line automatically. The next step is the System Assembly, which makes 

use of the Printed Circuit Board, and the cables and product modules which are produced in 

preliminary production steps. In the system assembly step, the end-product is produced including its 

housing, electronic components, internal connections such as cables, and the input and output 

possibilities, such as input connectors. After this production step, some of the products need to go 

through a final assembly step, in which the product’s non-technical parts are added. This step only 

has to be made for the customer use products which consist of a whole ‘kit’ rather than just an end-

product. Finally, every product leaves Prodrive via the packing and expedition department, where 

the products are put into a box before being delivered to the customer. 

As there are a lot of different end-products with similar and/or shared production processes, there 

are also a lot of interdependencies in the BOM of the end-products. The composition of each end-

product is specified in its bill of materials, which shows all components and subassemblies that are 

needed in order to fulfill the production of the end-product. The interdependencies in the BOMs of 

different end-products is quite high, since similar end-products require similar components for a 

large part of their BOM. This is mainly due to the printed circuit board and cabling production step. 

In these production steps a lot of different sub-assemblies are produced which consist of a lot of 

components (100+ per item) which are slightly different from the other types. The interdependencies 

of different BOM ‘structures’ are analyzed by Brahimi et al. (2006) and Gicquel et al. (2008), whom 

refer to the interdependent BOMs from Prodrive as the ‘General product structure’. The definition of 
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this product structure refers to items in the BOM that have multiple children (predecessors) and 

multiple parents (successors) in terms of production steps.  

Another implication of the wide product variety is the capacity constraint, in order to be able to sell 

all different products there has to be a switch in the production planning within a short time horizon. 

This can be seen by the fact that Prodrive does not want to use lot sizes that are too large, since their 

costs efficiency brings extra costs in the problem of the product variety. This issue is occurring 

especially at the PCBA production process, which makes use of the machine lines that are generic for 

a large variety of products. For this reason, the PCBA production process consists of 5 parallel 

machine lines. However set-up times and production times are still long. The total production lead 

time depends on a few different characteristics. There are differences between complex and less 

complex products, and also in the amount of products that are produced in one batch, i.e. for a larger 

batch it takes longer for the production line to finish this batch. However, since Prodrive works with 

sequential work centers within one production process, several handling steps have to be performed 

to go from one work center to another, which are usually carried out in between shifts or at the 

beginning of a day. Therefore the lead time is rounded in number of days in the general planning. 

2.3.1  Production Process Scope 

Since product structures affect the validity of the lot sizing outcome very much (Reference), this 

research will focus on the products that have one sub assembly on the PCBA production lines and 

two end-products with the final assembly line. This choice is made, since Prodrive typically sells two 

variants of its end products for which the same sub assembly is used. Furthermore, the sourcing 

processes are significantly different from the planning processes in decision making and inventory 

planning, and were therefore chosen not to be incorporated in this research. Due to the complexity 

of the production processes and their planning at Prodrive, not all production processes can be 

incorporated in this research, however, still a lot of extra value can be achieved when analyzing the 

complexity of the product structures correctly. Therefore, the focus of this research will be mainly on 

(1) the Printed Circuit Board production step, including the SMD PCBA and (2) the System Assembly 

step. These are the two most generic production steps for a lot of end-products, and can therefore be 

applied in a large part of the operational processes. A representation of this scope is given in Figure 

8.  

In general, from the sourcing and production processes, the following challenges which Prodrive 

faces can be concluded: 

- Customers change demand within lead time of production and sourcing 

- The production planning is not efficiently aligned with actual demand according to ITR 

- There is a wide variety of unique production processes (based on components or process) 

- Prodrive has complex product structures, including many-to-many relationships  
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Figure 10. Production process scope 

3 Production Planning 

In order to manage all the production processes as described in the previous chapter, Prodrive has a 

team of ´Demand Planners´, who receive the demand from the customers as explained in Chapter 2.1 

and make a production planning based on this demand. This planning is created for each specific 

component, sub-assembly and end-product that can be defined in the BOM. Thus, Prodrive has 

separate inventory planning for each single item and level in the product structure, as also 

represented by the triangles in Figure 8. The responsibility of a planner is to plan in which week a 

specific production process needs to be finished, but not to determine a specific hour or day at which 

it should be produced. This is referred to as scheduling rather than planning (Rogers, 1958) and is 

done by the ‘Shop floor planner’. Since this research is focused on planning rather than scheduling, 

the perspective of the ‘demand planner’ will be used in this research.  

In this chapter the production planning and the challenges that Prodrive faces are explained. This is 

done by describing the material requirements planning in Chapter 3.1, then, in Chapter 3.2 an 

explanation is given of the strategy that is used in the production planning, finally, in Chapter 3.3 a 

cause and effect diagram is presented that describes the main challenge that Prodrive faces in 

production planning. Hereby this chapter answers Sub Research Question 1: 

RQ 1 What is the main challenge in the production planning of Prodrive? 
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3.1  Material Requirements Planning  

In order to manage all the production processes, Prodrive makes use of SAP, a material requirements 

planning (MRP) software program that does the calculations for the production planning for each 

item in the BOM. These calculations are done based on fixed decision variables and the rolling 

forecast schedules from the customers at the end-product level. The values of the planning decision 

variables and the demand are entered into SAP by the planner. At the end of each day an MRP-run is 

performed, in which all the calculations are performed. Since this is a time-consuming process it can 

only be carried out once per day for the whole system. The way the MRP system works is represented 

in Figure 11: at each stock point in the production process an inventory schedule is created, for which 

the individual inventory position is calculated over time. The inventory position is calculated 

depending on the forecasted requirement perceived from one level higher, based on this inventory 

position requirements are created to the items one level lower. For each schedule, the requirements 

that are perceived depend on the MRP decision variables one level above. In Figure 11 every end-

product, sub-assembly and component in a stock location, represented by a triangle, has such an 

MRP-schedule.  

This way of automatically planning the material requirements throughout the BOM is very 

convenient, but also emphasizes the relevance of the planning decision variables, since they 

determine the inventory planning of every item. In general, due to the batching, safety and rounding 

there is some extra inventory held at each production level, however, how much how long and under 

which circumstances what inventory strategy is optimal is not exactly known within Prodrive. In 

order to look further into this, the remainder of this chapter looks into the use and strategies of the 

current planning decisions. 

Figure 11. Calculation processes of an MRP-system 

The rolling forecast that is entered into the MRP by the planner is the same as the forecast that the 

customers provide, as described in Chapter 2.1. No specific calculations are done based on this 

forecast. This means that, every time a customer changes its forecast, the requirements planning in 
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all levels of production changes according to this demand change. Specifically, after forecast is 

entered into the system and an MRP-run is performed at night, SAP calculates the requirements for 

each lower production step. The allocation of the requirements is done in First Come First Serve 

(FCFS) order, i.e. when multiple parent items require the same lower level item, the parent item 

which has its requirements first in time will receive the allocation of the lower level item first on that 

specific requirement. When both items have requirements in the same week, the MRP system 

allocates the order to the item that has its requirements first in that week. In practice, there are 

several factors that can determine which items is required first in a certain week, such as a fixed 

production day or a preference by a planner.  

To manage the requirement on all components, i.e. the lowest level items in the BOM, also the MRP 

is used. One of the ways to manage the huge amount of components that is ordered is the automation 

of the ordering process for standardized orders. Such an automatic order is carried out in the form 

of an automatically generated email from the MRP-system towards the supplier of the components. 

In this way, orders that have regular order settings be ordered without human interaction. In order 

to manage the large amount of different components that are ordered, Prodrive encourages to take 

as much advantage of this opportunity as possible. This seems natural, since it is an easy costs saver, 

however, more emphasis is laid on correct production planning and FPR-decision making. When the 

planning of an item is changed incorrectly, the automatic orders that are dependent on this planning 

will be fired without an extra human control. The combination of this sourcing environment and 

strategies emphasizes once more the relevance of correctly applying the decision making in FPR-

decision in every step of the BOM.  

3.2  Production Planning Strategy 

In terms of inventory planning, the situation at Prodrive can be described by the (s, S)-inventory 

system. The review cycle can be seen as continuous, since the material requirements are updated on 

a daily basis, and the forecast schedules are updated on a weekly basis. This findings is also supported 

by the inventory analysis of Axsater (2006) for MRP systems. The small s in the (s, S)-system refers 

to the reorder point and the large S refers to the order up-to level. An important issue in the inventory 

planning of Prodrive is that the order-up-to level is not constant. This is due to the fact that the 

decision for the order-up-to level is based on the Fixed Period Requirements (FPR) lot sizing rule. 

According to this lot sizing rule the Order-Up-To level for any period t can be given by 

𝑆𝑡 = 𝑠𝑠 + ∑ 𝐹𝜏,𝑡

𝑡+𝐿+𝐹𝑃𝑅

𝜏=𝑡+𝐿

 

Where 
𝑆𝑡 = Order-up-to level 
𝑠𝑠 = Safety stock  
𝐿 = Lead time 
𝐹𝑃𝑅 = Fixed Period Requirements decision in number of periods 
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𝐹𝜏,𝑡 = Forecast for period 𝜏 from period t 

 
In this formula the forecast is given by the expectation of the demand. Then the replenishment 

quantity, i.e. the lot size, is the result of the amount of items that are needed to replenish the inventory 

level up to the Order-Up-To level, and can be given as 

𝑄𝑡 = 𝑆𝑡 − 𝐼𝑡 

Where 
𝑄𝑡 = lot size for period t  
𝐼𝑡 = Inventory in period t 

The decision in the FPR-lot sizing rule refers to the amount of periods that one lot needs to cover, 

then the lot size is set to be exactly large enough to cover the demand for the specified number of 

periods. How this decision determines the lot size is graphically represented in Figure 12 for an FPR-

decision of 2 periods. As can be seen, the replenishment quantities are different in size over time: 

[15, 20, 35, 15] but are each covering exactly two periods of requirements. An important aspect of 

this rule is that, when a change in the forecast schedule occurs as in Figure 7, the planned 

replenishments will change accordingly, reflecting a change in the requirements on the lower levels 

in the product structure. This has a favorable effect in the way that demand from customers is directly 

translated into a new planning in the whole BOM, but can also have a negative effect because the 

production planning is to be rescheduled each time a change occurs. 

3.2.1 Descriptive Statistics 

In order to get an insight in the FPR-decisions that are made by Prodrive, the decisions for all end-

products and sub-assemblies are given in Figure 13. A lot of the decisions refer to the 1-weekly lot 

size decision, in which the requirements are directly projected on the one level lower items in the 
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BOM. This decision is similar to the Lot-For-Lot lot sizing rule, in which there is no calculation done 

at all to project the requirements to lower level items in the BOM (Olinder & Olhager, 2010). 

Furthermore, it is visible that almost all decisions are 4-weekly or smaller. Especially for the end-

products, whereas the sub-assemblies have a slightly larger decision on average. It is also remarkable 

to see that the decisions which are a multiple of each other: 1-2-4-8 are decisions that are used more 

often than the other decisions. 

 

Figure 13. Frequencies on the current FPR decisions 

In general, from the planning processes, the following challenges which Prodrive faces can be 

concluded: 

- Fixed Periods Requirements-lot sizing rule 

- Automatic Material Requirements Planning based on static decisions 

- Multi-level dependency of internal demand 

 

3.3  Conclusion 

From the previous two chapters a cause-and-effect diagram is created as a fish bone structure in 

Figure 14. In here the main challenge of Prodrive is described as a conclusion from Chapter 2 and 3. 

Therefore this figure answers the research question: 

RQ 1 What is the main challenge in the production planning of Prodrive? 

In the previous two chapters it has been described that there are 4 main causes for the discrepancy 

between demand and supply: Sales, Purchasing, Production and Planning. From sales perspective the 

main cause is the uncertainty in the forecast, which comes from the changes in the rolling forecast 

schedules that the customers update. From a Purchasing perspective, the long lead times decrease 

the flexibility of the supply chain. I.e., the number of ways in which supply can be matched with 

demand. Furthermore, the automatic ordering slightly decrease the precision of ordering, since the 

ordering directly follows up on orders created by the system. From the Production perspective, the 
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complex product structures and the large mix of products to produce increase the complexity of 

production planning. Due to the large amount of interdependencies it is harder to match demand and 

supply correctly for each item. 

In order to improve the material requirements planning, the remainder of this research will focus on 

(1) the changes in the forecast schedules and how to handle them, and (2) the material requirements 

planning, (3) in a two-level product structure.  These areas are also marked in Figure 14. As described 

in Chapter 3, the material requirements planning is mainly determined by the FPR-decision, 

therefore this decision-making will be evaluated within the two-level product structure. Concluding, 

Prodrive needs a solution that helps to evaluate the FPR-decision. Furthermore, Prodrive needs to 

know how changes in the forecast schedules affect the performance and decision making and how to 

handle the changes in the forecast. In order to increase insights a model will be developed that 

evaluates the performance of decision making in the FPR-rule in the complex product structure and 

under the uncertainty that occurs from changes in the rolling forecast schedules. 

4 Literature Review 

This research is related to literature that focusses on FPR-lot sizing and forecast errors in a multi-

level environment. In this chapter the overview of previously written literature is given, which was 

consulted to gain insights in the possible application of lot size optimization models and strategies. 

Furthermore, the literature is consulted to find gaps to which this study can add its value, as part of 

the scientific contribution of this study. At first, in section 4.1, the position of the main topics of this 

research in academic literature will be addressed. Afterwards, in section 4.2, the addition of this 

research is stated. 

Figure 14. Cause and Effect Diagram 

Inefficient material 
requirements planning

Automated planning 
by SAP

          Automatic 
          ordering

Long lead time 
for components

Complex product
structures

Uncertainty 
in Forecast

Large mix of products

Production delays



18 
 

4.1  Position in Literature 

The goal of lot sizing can be formulated as: determining the periods where production should take 

place and the amount that needs to be produced in each period, in order to satisfy demand (Brahimi 

et al., 2006). Below the position of this research is stated in relation to the three main concepts: lot 

size-rules, product structure and forecast uncertainty in section 4.1.1, 4.1.2 and 4.1.3 respectively. 

4.1.1 Lot Size-Rules 

This research focusses on finding an optimal solution for the FPR-decision in the Fixed Period 

Requirements (FPR) lot sizing strategy, in a situation where multi-level production planning is 

controlled by Material Requirements Planning (MRP). In the FPR lot sizing strategy, the decision for 

setting the lot size is referring to the number of periods of demand that needs to be fulfilled each time 

a lot is produced. In a setting with deterministic demand this would mean that there is a fixed 

replenishment interval, such as presented in Figure 7, however, in practice demand will be subject 

to changes, which is reflected in the amount of times a production batch is started. The main 

advantage of the FPR-lot sizing rule is that it synergizes with the planning in the MRP-system, since 

every production order can be assigned to specific demand from one level higher in the BOM (Orlicky, 

1975). Whenever an MRP-run is performed, the amount of periods of demand that one lot covers is 

always an integer number, and thus no leftovers are remaining. A drawback is that it follows all the 

changes in the requirements of the end-products directly downwards through the bill of materials, 

creating a nervous environment for planning. To compare the FPR lot sizing rule to other practices, 

an overview of several well-known lot sizing rules is presented in Table 1. The FPR can be considered 

a discrete, time-based lot sizing rule, which has no natural economical trade-off and has a variable 

quantity over time  (Olinder & Olhager, 2010; Orlicky, 1975). The Lot-For-Lot (LFL) rule can be seen 

as a special case of the FPR rule, where the amount of periods that are consolidated into one lot is set 

to 1. Note that the difference between Time-based and Quantity-based lot sizing rules refers to the 

fact that a different decision variable is used. Where Quantity-based rules focus on the size of the lot, 

the Time-based rules focus on the timing of the lot. 

Table 1. A taxonomy of lot sizing rules (Olinder & Olhager, 2010) 

The distinction between static and dynamic lot sizing strategies is made by  Bookbinder & Tan 

(1988), where a static lot sizing strategy refers to the situation where all decisions are predetermined 

at the beginning of the horizon, and dynamic lot sizing models refer to the situation where each 
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period the decision is re-evaluated. Naturally, the dynamic lot sizing models provide better results 

(Adacher & Cassandras, 2014; Wagner & Whitin, 1958), however they require more computational 

effort, and thus are tough to apply on many production processes at a time.  

For this reason, some simplified dynamic lot sizing rules have been developed. Two generally good 

performing lot sizing rules are Part Period Balancing (PPB) and Silver Meal heuristic (S-M) 

(Callarman & Hamrin, 2015). Choi et al. (1984) already showed that in a multi-level environment 

they perform better than POQ, and can be close to optimal. Both rules are economic and dynamic 

rules, referring to the fact that they present the optimal solution according to a costs trade-off in each 

period. PPB and S-M are both discrete rules, thus, the decision represents the demand for an integer 

amount of periods. PPB creates its solution by increasing the amount of periods to cover until the 

moment that the inventory costs are larger than the setup costs. PPB then selects the decision just 

before that moment. S-M has a slightly different approach, i.e. it also increase the amount of periods 

to cover but stops at a different moment. It calculates the total costs in each period, when the costs 

are starting to increase, the decision just before that is selected, representing a discrete local 

minimum (Choi et al., 1984). In practice, a drawback for PPB or S-M can be that always the economical 

solution will be selected. In FPR one can select a deliberately worse solution to cope better with 

issues such as capacity constraints.  

4.1.2 Product Structure 

In the light of product structure complexity, the production processes at Prodrive would classify 

within the General product structure (Brahimi et al., 2006; Gicquel et al., 2008; Sum, Png, & Yang, 

1993), since there are a lot of common components used in different end-products. However, since 

the sourcing part of the production process is left out of scope the considered production process can 

be said to have an arborescent product structure, following the scope in Figure 8. A graphical 

representation of possible product structures is given in Appendix C. Regarding the computational 

requirements to get to an optimal solution, the general product structure is harder to optimize 

compared to the arborescent product structure (Gicquel et al., 2008). Attempts to analyze the general 

product structure planning by dynamic lot sizing models have proven it to be NP-hard. The best 

performing lot sizing rule for multi-level product structures is the single level Wagner-Whitin (Jacobs 

& Khumawalas, 1982; Xu et al., 2000), under some slight heuristic adaptation. Downsides of this 

strategy are that it does not take into account the multi-level dependency, does not synchronize with 

the MRP planning, and still has large computational requirements (Orlicky, 1975).  

Axsater (2006) explains that batching in a distribution setting is inefficient by definition, since the 

demand will fluctuate according to the demand perceived at each end product. Therefore, the end 

product lot size decisions will have to align together with the sub assembly lot size decision in such 

a way that the inventory at the sub assembly level is efficiently consumed. This is an important 

implication and restriction for solution possibilities that has to be taken into account. Bahl et al. 



20 
 

(2001) make an even more specific statement, saying that the sub assembly lot size decision should 

be an integer multiple of its parent lot size decision(s). 

4.1.3 Forecast Uncertainty 

Bahl et al. (2001) emphasize the gap of determining the robustness of multi-level incapacitated lot 

sizing models against production delays, rolling planning horizons and forecast errors. Bodt & 

Wassenhove (1983) already pointed out the relevance of the demand uncertainty in a rolling horizon, 

in terms of costs increases on setups and inventory. Donselaar (1992) describes that a rolling forecast 

horizon leads to a quasi-deterministic planning concept. Referring to the fact that revisions in future 

periods may lead to changes in the production plan for the current period for lower levels in the 

product structure. Therefore, the quasi-deterministic planning refers to the fact that the quality of 

the production planning can be only as good as the forecast is. In other words, optimizing the lot size 

according to an incorrect forecast, would not give an optimal solution. In order to cope with this, 

Heath & Jackson (1994) used the Martingale Model of Forecast Evolution (MMFE) to describe the 

behavior of rolling forecasts over time. They describe that the behavior of the evolution highly effects 

the multi-level inventory decisions. Furthermore, (Albey et al., 2015) describe the behavior of 

forecast schedules with the MMFE model by working with it after compensating the forecast data for 

their biasedness. Also, they implemented the idea of a forecast update matrix (FUM) here, which is a 

matrix that describes the behavior of rolling forecasts over time by describing the updates in each 

forecast schedule relative to the previous one, i.e. the evolutionary aspect of the rolling forecast. With 

the FUM Albey et al. (2015) integrate ideas from forecast evolution and inventory theory to plan work 

releases into a production facility in the face of stochastic demand. 

An important issue in forecast behavior that has to be addressed is the biasedness (Armstrong, 2001; 

Chatfield, 2000). In general, a forecast shows biasedness when it tends to structurally over- or under- 

predict the demand. Armstrong (2001) advises to eliminate the biasedness since it can incur extra 

costs in terms of shortage or extra inventory. He specifically refers to the judgmental cause of 

biasedness, which can be found in situations such as a sales employee overestimating his capability 

to sell his products. Raising awareness about the consistency of the bias can make a difference here 

already, in order to change the behavior of the sales employee. Another approach is to cancel out the 

bias after it has been introduced. Albey et al. (2015) apply such a compensation of biasedness by 

estimating the biasedness with a linear regression analysis and compensating the forecast schedule 

so the errors in the forecast will be centered around 0 again. This approach will be used in this 

research to show how biasedness affects the results. 

4.2  Addition to Literature 

This thesis differs from most previous literature in the fact that it analyses the effect of multi-level 

lot sizing for the FPR rule. Most studies do not (fully) consider this approach, since it is assumed to 

be an insufficiently optimal lot sizing rule. In previous section it has been discussed that within the 
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boundaries of smooth planning in MRP the preference for this rule is indicated, and thus the 

relevance of analyzing the performance of decisions in the FPR lot sizing rule is this there. By 

example, Olinder & Olhager, (2010) describe results for the FPR lot sizing rule, however they use it 

as a benchmark for the worst outcome by deliberately setting the FPR-decision in a poor way. In 

literature the focus is to find the best lot sizing decision according to a predetermined costs function 

and a set of costs efficient lot sizing rules, where the practical preference for the FPR rule is neglected.  

Furthermore, this research extends the lot sizing model with the classification and compensation of 

biasedness of the forecast schedules. The evolution of forecast errors is already described in 

literature by the MMFE (Heath & Jackson, 1994), which brought up the effect that forecast errors 

have on the optimality of a lot size decision. Since the FPR rule makes the production planning in all 

levels of the BOM directly dependent on the forecast schedules, incorporating this input is necessary 

to determine the performance of FPR-decisions. Callarman & Hamrin  (1990) already performed a 

case study on the effect of forecast errors on costs of lot sizing in an MRP environment. However, 

they disregarded the FPR strategy in their analysis. In other previous literature, classifying and 

compensating the forecast errors in a rolling forecast horizon before using the forecast as input to 

evaluate the performance of FPR decisions, has not been found. As stated, Albey et al. (2015) 

approached this situation best  by applying the MMFE in practice. They stated that their research was 

an “exploratory first step” in the direction of the application of rolling forecast modeling by MMFE in 

production planning. This study tends to explore the research even further. 

In this way this study combines and extends previous findings towards the specific situation of 

Prodrive, which intends to lead to an improved control of matching supply and demand. Referring to 

the definition of Brahimi et al. (2006) in the beginning of paragraph 4.1: we will model the fact that 

we need to have control over the demand in order to have control over the determination of the 

optimal planning decision. 
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Part II  Modeling 

In order to improve the situation as described in Part I, a simulation model will be developed that 

evaluates the performance of the material requirements planning under different decisions for the 

FPR-rule. In Chapter 5, a detailed analysis of the data on the rolling forecast schedules is performed. 

In Chapter 6, the translation of the research problem into a conceptual model and the development 

of the mathematical expressions is performed. 

In order to create a valid model, the validation approach from Sargent (2003) will be followed during 

the modeling and model solving step of this research. This approach consists of four steps, which 

each have one or two core topics that need to be incorporated in the development. How the validity 

is ensured throughout the chapters is presented in Table 2.  

 Validation step Description Addressed in 

1 Data Validity Correctness and applicability of data Chapter 5 

Part II 

Modeling 
2 Conceptual model validity 

Correctness of theories and assumptions 

Chapter 6 Representation of logic of the model 

3 Computerized model validity 
Mathematical modeling 

Solving of the model 

Chapter 7 

Part III 

Model 

Solving 
4 Operational validity 

Validation of output of model on given 

input 

Table 2. Validation steps according to Sargent (2003) 

Hereby Part II will answer sub research question 2 and 3, in Chapter 5 and 6 respectively: 

RQ 2 What trends are present in the changes of the rolling forecast schedules? 

RQ 3 What simulation model can be built to evaluate the material requirements planning and handle 

changes in the rolling forecast schedules?  

5 Data Analysis 

The first step of the model development is to determine how to process the rolling forecast data. In 

section 5.1, first the data extraction and accumulation is described. Afterwards in section 5.2 the 

behavior of the changes in the forecast schedules is described. In section 5.3 the trends in this 

behavior are given, including a way to classify them. This analysis will give an insight in the forecast 

uncertainty that Prodrive perceives, and thus the amount of flexibility that is needed to incorporate 

in its supply chain. This chapter hereby answers research question 2: 

RQ 2 What trends are present in the changes of the rolling forecast schedules? 
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5.1  Data Extraction and Accumulation 

The available data consists of the forecast schedules from week 21 until week 48 of 2018 for 8 end-

products. In each week there is a forecast schedule stored, so the total amount of forecast schedules 

per product that can be used for analysis is 27. The data is retrieved from the database storage at 

Prodrive. Since this is a location with raw data, pre-processing was performed in order to work with 

the data. The dataset was reworked into a useable dataset to retrieve a table with data that represents 

the forecast for period t generated from period s, where t ≥ s. In general it can be said that it would 

be more preferred to work with more data, since it gives a slightly selective insight in the large 

numbers-of-weeks ahead forecasts.  

Furthermore, the considered data consists of the production planning schedule, which is a 

combination of actual demand and confirmed demand. In the schedules the confirmed demand 

replaces the actual demand, giving a different interpretation of actual demand. More specifically, 

when a component is not delivered in time, a sub assembly is not finished in time or another product 

is prioritized in the production planning, the planning changes, which is directly reflected in the 

forecast schedule, by delaying the demand to the moment when it can be delivered. Since these are 

issues that occur most frequently on a short time basis, and, as we know that the forecast cannot be 

changed by the customer anymore within 4 weeks ahead of time, the demand, as in the amount of 

products that a customer ultimately wishes to receive in a certain period, is considered to be equal 

to the 4-weeks ahead forecast in the forecast schedule. By the lack of actual demand data and the lack 

of internal supply uncertainty data, this assumption was developed together with the data manager 

of Prodrive. 

In order to run the simulation model correctly, we have to do an analysis on the forecast and demand 

data of the relevant products. In order to say something about the forecasts, first the behavior of the 

demand was analyzed. After looking at the demand plot, no clear trend can be recognized for each of 

the end-products, either in a seasonal or in a linear trend. Only for the 3rd series, represented by the 

yellow line, we can see some strange behavior. Three times during the 30 period horizon there is a 

sudden surge in demand, while the rest of the demand is quite constant. Since we are looking for a 

proper distribution to describe demand, we cannot fit another distribution here. In order to 

strengthen the findings, a linear regression analysis was performed. This analysis also proved the 

change in demand over time to be between 0% and 1% of the average demand, with a confidence 

interval that was not strictly positive. Therefore we conclude that, within the available data, no 

evidence for a significant trend has been found. Thus, in the remainder of this research demand is 

considered to be constant. 

5.2  Forecast Schedules 

As described before, the forecast schedules are the basis of the planning and purchasing for Prodrive. 

Due to data limitations we have a different number of data points on each #-weeks ahead forecast, 
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whereas the large weeks ahead contain less data points and the few weeks ahead much.  In order to 

compare the data points correctly we will use error measures that are averaged over their mean in 

this section. The analysis is given in the following sections. 

In order to get an insight in the behavior of a single weeks forecast over time, an analysis is performed 

on the performance of the forecast errors against the number of weeks ahead the forecast is made. 

To do so, we will start with a linear approximation of the loss function (Chatfield, 2000). The Mean 

Absolute Error is a performance measurement that can provide insight in such behavior, giving an 

insight in how ‘wrong’ a forecast has been.  Since we also want to compare the performance of the 

forecast over different products, with different average demand parameters, we should assess the 

performance with a scale-independent measure. Therefore we will use the Mean Absolute 

Percentage Error (MAPE). The MAPE for product i and s weeks ahead forecast can be written as 

follows: 

𝑀𝐴𝑃𝐸𝑖,𝑠 =
100%

𝑇 − 𝑠
 ∑ |

𝜀𝑖,𝑡,𝑡−𝑠

�̅�𝑖
|

𝑇

𝑡=𝑠+1

 

With 

𝜀𝑖,𝑡,𝑡−𝑠 = 𝐹𝑖,𝑡,t−𝑠 − 𝐷𝑖,𝑡 

Where 
𝜀𝑖,𝑡,𝑡−𝑠 = s Weeks ahead forecast error for product i in week t  

𝐹𝑖,𝑡,𝑡−𝑠 = s Weeks ahead forecast for product i in week t 

�̅�𝑖 = Average demand for product i  
𝐷𝑖,𝑡 = Demand for product i in week t 

T = Total number of weeks with a forecast schedule: 27 
 
The average MAPE for 8 end-products for s weeks ahead forecast is given in Figure 15, for s ∈ [1, 20]. 

We can directly see that there is an increase in the absolute error, the further ahead in time the 

demand is forecasted. In other words, the further ahead the forecast is made, the more wrong it is, 
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Figure 15. Average MAPE for s-weeks ahead forecast of 8 end-products 
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compared to the actual demand. This finding is not necessarily counterintuitive, since it is harder to 

predict demand for further away weeks.  

An important comment that has to be made here is that this analysis focusses on the average 

difference over time of the forecast. Therefore, it neglects the correlation of individual changes such 

as a correlation in changes in the forecast for weeks next to each other. This can be done since the 

goal is to describe the behavior of the forecast schedule on a general level, i.e. in behavior or trend, 

since any change in the forecast schedules will have an effect on the MRP. In the following sections, 

this behavior will be further enlightened. 

5.3  Forecast Biasedness  

In order to get more insights in the specific behavior of a products forecast schedule over time the 

relative error can be used as a measurement, referred to as the mean percentage error (MPE). This 

method is useful here, since we want to get insight in the error on a product level in order to evaluate 

a trend both in positive or negative direction. The MPE for s weeks ahead forecast for product i can 

be written as the MAPEi,s without the absolute brackets, i.e.: 

𝑀𝑃𝐸𝑖,𝑠 =
100%

T − s
 ∗ ∑

𝜀𝑖,𝑡,𝑡−𝑠

�̅�𝑖

𝑇

𝑡=𝑠+1

 

Plotting the MPE against the number of weeks ahead forecast for 3 example end products gives the 

plot in product’s forecast schedules, implying different trends, from positive to negative and 

relatively constant behavior. 

Figure 16. MPE for s-weeks ahead forecast for 3 end products 
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In order to validate the exact relation, also a linear regression analysis can be performed, to see if the 

structure is significantly explained by the number of weeks ahead forecast (Chatfield, 2000). 

Afterwards we can derive the following three categories of products’ forecast schedules 

- Positively biased (lower bound > 0.5): forecast error is increasingly positive over number 

of weeks ahead forecast 

- Negatively biased (upper bound < -0.5): forecast error is increasingly negative over number 

of weeks ahead forecast 

- Unbiased (lower bound < 0.5 & upper bound > -0.5): forecast error is centered around 0 over 

number of weeks ahead forecast 

Where the lower bound and upper bound refer to the bounds of the 95% confidence interval of the 

relation between the MPE and the number of weeks ahead forecast. The significance here is 

determined by looking at the 95% confidence interval, rather than the mean of the biasedness, due 

to the limited amount of data, so there will be more stable results. The values of 0.5 and -0.5 are 

chosen arbitrarily in collaboration with Prodrive, and represent a forecast biasedness of 10% over 

20 weeks ahead. This value is expected to have a significant impact on the performance of production 

planning. The area outside of which the linear coefficient’s 95% confidence interval must fall is given 

in Figure 16 as well. From the 8 end-products that were analyzed, 1 is considered to be positively 

biased, 4 are considered to be negatively biased and 3 are considered to be unbiased. These 

statements are the result of a linear regression analysis, which was measured using the least squares 

method as performance measurement, which is the most common for linear regression (reference). 

The intercept of the regression analysis is fixed at 0, since the error for 0-weeks ahead forecast 

always has to be 0. Furthermore, the results have been tested for a significant increase or decrease 

in the mean and standard deviation in the errors over time. No significant difference has been found, 

thus, a linear approximation of the slope can be considered sufficient to describe the level of the 

forecast biasedness.  

5.3.1 Forecast Updates 

It is also interesting to look into the timing of the changes in the forecast over the numbers of weeks 

ahead, since this gives an insight in the amount of times the forecast, and thus the production 

planning, is rescheduled and how far ahead these changes occur. Figure 17 shows the average 

amount of updates in the forecast per week, for the specific number of weeks ahead forecast. As can 

be seen, there are more updates closer to the moment where demand is fixed (i.e. s=0), than for the 

demand further away in time. In general, we can distinguish three ‘stages’ of changes in the demand, 

for s = [1, 8], [9, 13] and [14, 20]. Corresponding to averages of 0.27, 0.20 and 0.07. 

The three stages represent the chance that a change occurs in the forecast, which can be given by ps 

as follows: 
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𝑝𝑠 = {

27%        𝑓𝑜𝑟 𝑠 ∈ [1 … 8]    

20%        𝑓𝑜𝑟 𝑠 ∈ [9 … 13]  
7%          𝑓𝑜𝑟 𝑠 ∈ [14 … 20]

 

Contrary to the timing of the changes in the forecast, the level of the changes is constant against the 

number of weeks ahead. This behavior is represented in Figure A. 6 in Appendix F. Due to the limited 

data we cannot explicitly conclude a linear trend with mean zero, however, no positive or negative 

trend can be concluded from the data as well. Therefore we will work with a constant trend in this 

research.  

6 Simulation Model 

In this chapter the description of the simulation model, including the compensation model is given. 

At first, in Chapter 6.1, the concept of the simulation model is described. In this light the requirements 

and development of the simulation are described. Then, in section 6.2 the mathematical formulation 

of the model is given. In this section the definitions of the model from section 6.1 are described in 

more detail and mathematical formulations. In order to do so, the information about the production 

planning processes from Chapter 3 will be applied in parallel. Furthermore, in section 6.2 the 

compensation of the forecast biasedness will be addressed. The aim of this Chapter is to answer 

Research Question 3: 

RQ 3 What simulation model can be built to evaluate the material requirements planning and handle 

changes in the rolling forecast schedules?  

6.1  Conceptual Model 

This research considers the general problem as described in the detailed production planning 

analysis in Part I. Therefore the simulation model considers a manufacturer that wants to investigate 

Figure 17. Average amount of updates in the forecast schedules, for #-weeks ahead forecast 
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the multi-level effect of the FPR decision in the MRP on its total costs. The aim of this model is to 

provide quantitative insights in the decision making regarding material requirements planning, 

while also including the behavior of end-products’ forecast schedules regarding uncertainty and 

biasedness. The model should be able to evaluate the performance of the material requirements 

planning, and has to be able to handle the trends in the forecast schedules. In order to do so in this 

section the specific concepts that need to be addressed in the model are enlightened. The detailed 

mathematical description of these sections is given in section 6.2. 

6.1.1  Requirements  

In order for the model to correctly describe the production planning situation as in Chapter 3, and to 

evaluate meaningful decisions, the model was created according to the practical requirements. These 

requirements are outlined in this section. 

Fixed Periods Requirements 

The FPR-lot sizing rule is used by Prodrive to determine the production planning. This rule is 

implemented because of its synergy with MRP, and needs to be reflected in the model. In this rule the 

decision is to determine the amount of periods of demand that a production lot needs to cover, this 

decision will be referred to as the FPR-decision in the remainder of this research. According to the 

product structures, the FPR-decisions will be evaluated for each end product and the sub assembly 

separately, i.e. each solution consists of three decisions. These decisions will be used as input to 

determine the (s, S) reorder policy as described in Chapter 3.  

Demand  

The demand is perceived as the demand from one customer, since there is only one customer for each 

product in practice, thus no compounding calculation have to be performed on end-product level. 

This also makes for a full backorder situation since the unique products cannot be easily sourced at 

other suppliers. Thus orders that are not fulfilled in any period are still demanded by the customer 

in the next period. Furthermore, customers will not accept delivery of orders any earlier than 

requested. 

Product Structures  

As has been described in Chapter 2.3.1, the scope of this research is focused on a product structure 

with 1 sub-assembly and 2 end-products. Therefore also the model has to be designed in order to 

evaluate decisions in this exact product structure. Due to this decision, no other product structures 

will be considered in this research. The allocation of inventory from the sub assembly to the end 

products in one period is done randomly. In practice this is done either by first come first serve or 

arbitrarily by a planner, since there is no fixed decision rule here it is chosen to allocate randomly. 
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Freeze Period 

The freeze period is used to freeze the production plan 4 weeks ahead in time. As concluded from the 

forecast update delivery agreements with customers and the settings under which planners have to 

operate. The goal of this setting is to stabilize production planning, this setting accounts for both end-

product and sub-assembly production planning. In the model the freeze time is fixed, i.e. also changes 

against some emergency costs are not allowed. The freeze period will be modelled as a fixed period 

of 4 weeks in which production planning is not allowed to change. 

Objective 

To evaluate the performance in the simulation model an objective function is used. This function 

consists of the following three Key Performance Indicators (KPIs): 

 Inventory 

 Machine line setups  

 Backorders 

The inventory is reflected as the costs for warehousing and the costs of investment. The setup time 

is determined as the average time needed to setup the machine line, cost considerations are made for 

the wages of the operator and for the idle machine time. The backorders are measured as the orders 

that are not fulfilled during a week for which the customer demanded the order. These orders are 

always backordered, since the products that are made a very specific and unique, the customer 

cannot easily switch to another product or supplier. In practice, the costs can vary from an emergency 

shipment costs for an out of stock component, to the occasion that a customer has a production delay. 

Since these costs are hard to estimate and can vary a lot, the backorder costs will be determined as a 

function of the service level and the inventory costs. 

Capacity and Internal Supply Uncertainty 

In this model, capacity considerations and uncertainty of production/supply will not be taken 

into account. Since Prodrive has a large product mix, the capacity considerations are very 

complex, and incorporate a lot of the lot scheduling practices as referred to in Chapter 4. 

Furthermore, the large product mix also drives Prodrive to keep FPR-decisions relatively small. 

Presenting the effect of the FPR-decisions under the relaxed constraint of the capacity is most 

interesting, to show the quantitative loss in the decision making. Furthermore, for production 

and supply uncertainty not enough data was available to incorporate a substantiated effect. 

Examples of these issues are late component deliveries by suppliers, delayed production of sub 

assembly (for instance due to capacity or production priority issues). For the end-products an 

estimation has been made on the amount of changes within the freeze period, however, no 

information about the sub assembly delivery performance is present. Therefore, the internal 

supply uncertainty regarding sourcing and planning issues will be neglected and the planning 

will be assumed to be fixed in this interval.  
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Generation of Forecast Schedules 

The requirements for the end products will be entered in the model as in practice, using rolling 

forecast schedules. Since the amount of data available does not cover a significantly long enough 

simulation horizon, the model will have to be extended by generating forecast schedules based on 

parameters from the actual data. This will be done according to a forecast analysis to describe the 

demand and forecast parameters, as in Chapter 5, and the MMFE to generate the schedules according 

to their evolutionary behavior.  

Forecast Error and Biasedness 

Since the forecast schedules of Prodrive show significant biasedness, the biasedness will be 

compensated in the model. The compensation is done by the classification to either positively, 

negatively or non-biased trends according to their mean percentage error (MPE) as in the linear 

regression analysis in Chapter 5.3. This improvement is in line with the suggestion from (Bodt & 

Wassenhove, 1983) and the application of the MMFE by Albey et al. (2015). When a product is found 

to have significantly biased forecasts, the model will compensate the forecast schedules that are used 

as input.  

6.1.2  Model Solving 

As the multi-level lot size optimization problem is too hard to solve exactly (NP-hard), in this research 

we will use an enumeration of proposed solutions. These solutions are evaluated by measuring the 

performance of the decision in a simulation model. In this way several proposed decisions and 

environmental differences can be evaluated based on their total costs, resulting from the three KPIs. 

The input for the proposed FPR-decisions can be limited by combining knowledge from experience 

in the company and literature and by trial and error. In Figure 18 a high-level schematic 

representation of the model is given. The input consists of mean and standard deviation for both 

demand and forecast errors. Then, forecast schedules will be generated according to the MMFE, and 

if necessary the biasedness will be compensated according to the linear regression analysis in 

Chapter 5.3. These forecast schedules will be evaluated in the simulation model for each set of FPR-

decisions. The solution of this enumeration will be the best performing FPR-decision, according to 

the objective costs. The decision and the objective costs together are the output of the model.  

Data Processing Enumeration

Data Generation
Generate Forecast 

Schedule

Simulation Model
Calculate performance

Output
- Best FPR-Decision

- Objective Costs

Classification
Compensate Biasedness

FPR-Decision

Input
- Demand mean and Std.

- Forecast error mean 
and Std.

For Each 

FPR

Figure 18. Schematic representation of the scientific model 
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Scenarios  

Part of the model will rely on product settings from the environment of Prodrive. This part of input 

originates from the system data and considers the values that are used in the costs calculation. Such 

as the product value and the setup time. In order to describe the sensitivity of the model under 

different scenarios, these settings will be fixed in the experimental setup. Afterwards, when the 

model is applied on actual product sets, the specific products settings from the environment of 

Prodrive will be used. 

6.2  Mathematical Formulation 

This section describes the detailed design for the simulation model. The main goal is to explain the 

mathematical application of the conceptual model, and to show how the described situation can be 

modelled. In section 6.2.1 the calculation of the model performance is addressed. Then in section 

6.2.2 the application of the inventory model is described. In section 6.2.3 is described how the 

forecast schedules are generated from estimated parameter settings. Finally, in section 6.2.4, it is 

shown how biasedness in these forecast scheduled will be compensated.  

The calculation steps of the simulation model are represented by the detailed simulation diagram in 

Appendix D. A general definition for the used parameters in this section are given in Table 3. 

Parameter Definition 

𝑩 Number of Backorders 

𝑩𝑪 Backorder Costs 

𝑪 Total Costs 

𝑫 Demand 

𝜺 Forecast error 

𝒉 Weekly holding costs  

𝑯 Forecasting Horizon 

𝑭𝑷𝑹 Fixed Period Requirements-decision in number of weeks 

𝑰𝑪 Inventory Costs 

𝑰 Inventory at the end of a week 

𝑰𝑻 In Transit/In Production inventory 

𝑳 Lead Time 

𝒓 interest rate of stock 

𝑺𝑪 Setup Costs 

𝑺𝑳 Service Level 

𝑻 Total amount of periods  

𝑽𝒊 the value of product i 

𝒀 Amount of Setups 

Table 3. Parameter definitions   
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6.2.1  Model Performance 

The performance of the model will be measured based on a costs function, which represents a 

weighted measurement of three KPIs. This costs function consists of three main elements and can be 

written as:  

𝐶(𝐹𝑃𝑅) = 𝐼𝐶(FPR) + 𝑆𝐶(FPR) + 𝐵𝐶(FPR) 

In the formula FPR represents the decision for the amount of weeks that the lot needs to cover, 

according to the FPR-rule. The elements in the costs function refer to the inventory costs (IC), the set-

up costs (SC) and the backorder costs (BC). These elements are calculated during each simulation 

run over all the relevant periods, for both end products and the corresponding sub assembly. Except 

for the backorder costs, which can only occur at end product level. Furthermore, the target function 

of the model can be written as 

𝑚𝑖𝑛 𝐶(𝐹𝑃𝑅) = 𝐼𝐶(FPR) + 𝑆𝐶(FPR) + 𝐵𝐶(FPR) 

KPI 1 - Inventory Holding Costs 

Inventory holding costs are typically determined by two main factors: the costs of storing an item 

and the costs of investment in the item. Since Prodrive is a high-tech company with products 

relatively small to their value, the cost of investment is high while the cost of storing is low. Silver et 

al. (1998) describe the costs of investment as the costs of not being able to invest in a following 

opportunity. In this light, the inventory costs can be determined as follows: 

ℎ𝑖  =  ((1 + 𝑟)(
1

52
) − 1) ∗ 𝑉𝑖 

Where: 
ℎ𝑖 = Weekly holding costs for product i  
𝑟 = Interest rate of stock 
𝑉𝑖 = Value of product i 
 
The interest rate on stock r is determined by the annual interest rate, which is discounted into a 

weekly rate according to the weekly planning process at Prodrive. As Mikosch et al. (2010) describe, 

the physical inventory costs is reasonably approximated by taking a percentage of the total value of 

the product that is stored. They suggest to set r between 0.15 and 0.25. 

The costs are calculated over the value of all items that are kept on stock each week. Since the 

inventory costs is used as a measurement to measure the performance, only the excess inventory 

costs are measured in the model, i.e. the amount of inventory that is kept in stock at the end of a week 

and thus has to be stored before being used in another week. Items that are put on stock and taken 

from stock in the same week are not taken into account as excess inventory. In a production 

environment, this is a commonly used way of evaluating (Mikosch et al., 2010). Within the inventory 

costs there is also a third factor that has influence, which is the possibility of dead stock, i.e. the 
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outdating of the product when it is replaced by a newer or different version. Since component section 

is left out of scope, and production will only start when there is some liability on demand, we will not 

take this into consideration. Also, the costs of inventory are incurred for both the sub-assembly and 

the end-products planning, since the demand is assumed to be fixed and products cannot be delivered 

earlier than demanded by customers. 

The total inventory costs for n items over horizon T can then be written as 

𝐼𝐶(FPR) =  ∑ ∑ ℎ𝑖

𝑇

𝑡=1

∗ 𝐼𝑖,𝑡(FPR) 

𝑛

𝑖=1

 

Where: 
𝐼𝑖,𝑡(𝐹𝑃𝑅) = inventory of item i in week t for decision FPR 

KPI 2 - Setup Costs  

The setup costs consists of two main factors: (1) the costs of physically setting up a production 

process, i.e. the man work, and (2) the amount of time that is required to set-up the machine in which 

no products can be produced. The former is directly related to a costing function: these costs are 

estimated using the setup time and the hourly wage. During the setups no costs from loss of material 

or cleaning are made. The duration of the setup depends on several characteristics of the item, and is 

the same for all setups. The latter setup costs factor is more important for Prodrive, however, also 

harder to express in terms of costs. It represents the idle-time on a machine line, which could have 

been used to produce another product. The idle machine time is important since the company is 

growing and capacity limits require smooth planning. Furthermore, for a production batch no 

variable ordering costs are considered by the company. Per item only one production process is 

considered, therefore the calculation of the setup is done per item and not per machine. The following 

formula can be used to calculate the set-up costs of item i  

𝑠𝑐𝑖 = (𝑚𝑖 + w) ∗ 𝑠𝑡𝑖 

Where: 
𝑠𝑐𝑖 = Setup costs for item i 
𝑚𝑖 = Idle machine costs per hour for machine on which item i is produced  
W = Hourly wage of an operator 
𝑠𝑡𝑖 = Setup time of the machine for item i 
  
The total set-up costs for n items over horizon T can be represented by the following formula 

𝑆𝐶(FPR) = ∑ ∑ 𝑠𝑐𝑖 ∗ 𝑌𝑖,𝑡(FPR)

𝑇

𝑡=1

𝑛

𝑖=1

 

Where: 

𝑌𝑖,𝑡(FPR) = { 
1       𝑖𝑓 𝑎 𝑠𝑒𝑡𝑢𝑝 𝑜𝑐𝑐𝑢𝑟𝑠 𝑓𝑜𝑟 𝑖𝑡𝑒𝑚 𝑖 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡
0       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.                                                         
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KPI 3 – Backorder Costs 

The third costs pillar considers the backorder costs, this is the measure that describes the negative 

effect of unfulfilled demand. The amount of backorders is determined by the amount of products in 

demand that cannot be fulfilled in each week for each end product. The number of occurrences are 

multiplied by the value of the costs of a shortage. Where the amount of shortages is easy to measure 

in a B2B production environment, the valuation of this shortage is hard to determine, since the effects 

of a shortage can be very different. In some cases customers have the capacity in safety stock or safety 

time to wait for (part of) the products, where in other cases a customer is depending on the products. 

In the first case there will be no direct harm and costs from the customer, where in the second case 

the customer will increase large costs due to the shortage. Furthermore, there is the possibility to 

change transportation of the delivery from a regular shipment to an express shipment, which 

increases costs but does not affect customer satisfaction, as is also acknowledged by Mikosch et al., 

(2010). Since the difference in these situations can never be known while planning the production, 

an estimation of the average costs has to be determined. We chose to do this according to the 

application of Albey et al. (2015), whom describe it relative to the holding costs as in the trade-off by 

the classical newsvendor model. This model balances the holding costs and the backorder costs to 

the level that is not favorable to increase inventory nor to increase the amount of backorders. The 

formula for the backorder costs parameter can now be written as 

𝑏𝑖  =  ℎ𝑖 ∗
𝑆𝐿

1 −  𝑆𝐿
 

Where: 
𝑏𝑖 = Backorder costs rate for product i 
ℎ𝑖 = Holding costs rate for product i 
𝑆𝐿 = Desired service level 
 
The total backorder costs for the end products over horizon T can be given by the following formula. 

𝐵𝐶(FPR) = ∑ ∑ 𝑏𝑖 ∗ 𝐵𝑖,𝑡

𝑇

𝑡=0

(FPR)

𝑖∈𝐸𝑃

 

Where: 
𝐵𝑖,𝑡(𝐿𝑆) = Amount of backorders of end product i in period t for decision FPR 

EP = Set of end-products  
 
Since backorders are added to demand in the next week, the backorder costs rate is calculated as the 

costs of delivering 1 week too late, and is linear when a backorder occurs over multiple weeks 

consecutively. 
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6.2.2  Application of the Inventory Model 

In order to make a simulation model that can evaluate the FPR-decisions according to the target 

function described in the previous paragraph, the model has to follow the production planning logic 

as described in Chapter 3. Here was described that the production planning will be made for the 

whole forecasting horizon, and is calculated again each week according to the updated forecast 

schedule. The mathematical formulations that are used to represent the inventory model are given 

in this section. 

As described, the inventory system can be represented as an (s, S)-policy, in which the reorder level 

(s) is determined by the safety stock and the order-up-to level by the expected demand over the 

coming period. The length of this period is determined by the FPR-decision. The evaluation of St+h 

over the forecasting horizon H is done according to the following formula  

𝑆𝑡+h  =  𝑠 + ∑ 𝐹𝜏,𝑡

𝑡+ℎ+𝐿+𝐹𝑃𝑅

𝜏=𝑡+ℎ+𝐿

         ∀  ℎ ∈ [0, H] 

Where: 
𝑆𝑡+ℎ  = Order-up-to level for period t + h  
𝑠 = Reorder level 
𝐹𝜏,𝑡 = Forecast for period τ from period t 

L = Production lead time  
𝐹𝑃𝑅 = Fixed Period Requirements–decision in number of weeks 
𝐻 = Forecasting horizon 

There will be a production order created according to this order-up-to level each time the inventory 

position drops below the reorder level. The size of the production order for period t+h is given by 

𝑄𝑡+ℎ = {
𝑆𝑡+ℎ − 𝐼𝑃𝑡+ℎ       𝑖𝑓 𝐼𝑃𝑡+ℎ  <  s
0                            𝑖𝑓 𝐼𝑃𝑡+ℎ  >  s

       ∀  ℎ ∈ [0, 𝐻] 

Where 
𝑄𝑡+ℎ = Lot size for period t+h 
𝐼𝑃𝑡+ℎ = Inventory position in period t+h 
 
Above functions will be evaluated over the whole forecasting horizon in each period, in order to 

correctly generate the forecast schedules for the lower level requirements. This horizon is reflected 

by ℎ ∈ [0, 𝐻], where H should be at least as large as the sum of the lead time and the FPR-decision for 

an end product and sub assembly. This is necessary to have the simulation cover all the decisions 

that could affect the current decision in the sub-assembly level. In the function of St+h the FPR-

decision is given in number of weeks, according to the FPR rule. The evaluation will be done 

according to the three KPIs: inventory costs, setup costs and backorder costs. The inventory planning 

is calculated again in each period for the full forecasting horizon, and might change because of new 

information. Only the decision for the current period cannot change anymore, and will be added to 
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the KPIs. Herewith the simulation model follows the MRP heuristic (van Donselaar, 1992). The 

mathematical definition of the three KPIs can be given as:  

𝐼𝑖,𝑡 = 𝐼𝑖,𝑡−1 + 𝐼𝑇𝑖,𝑡 − 𝐷𝑖,𝑡 

𝐵𝑖,𝑡 = (𝐷𝑖,𝑡 + 𝐵𝑖,𝑡−1 − 𝐼𝑖,𝑡)+ 

𝑌𝑖,𝑡 = {
1           𝑖𝑓 𝐼𝑇𝑖,𝑡 > 0

0           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
 

Where: 
𝐼𝑖,𝑡 = Inventory level of product i in period t 
IT𝑖,𝑡 = In Transit inventory that will replenish product i in period t 

D𝑖,𝑡 = Demand for product i in period t 
𝐵𝑖,𝑡 = Amount of items backordered of product i in period t 
𝑌𝑖,𝑡 = Amount of setups of machine line of product i in period t 

 
The in transit inventory allocation from the sub assembly to the end product is done based on a non-

preferential situation. Within the production process of Prodrive, the preferential situation differs 

per order for a specific product between First Come First Serve and manual choices. Due to the 

randomness in these decisions, it is chosen to allocate the sub-assemblies randomly to the end 

products. Therefore, the in transit stock for end-product i in period t can be given by the following 

formula 

𝐼𝑇𝑖,𝑡 = {
min(𝑄𝑖,𝑡, 𝐼𝑆𝐴,𝑡−𝐿𝐸𝑃

)     𝑖𝑓 𝐼𝑃𝑡  <  s

0                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
 

Where ISA,t represents the sub-assembly inventory in period t-LEP, referring to the production lead 

time period before the item is needed.   

6.2.3  Generation of Forecast Schedules 

In order to create a simulation model that is able to verify the performance of a decision reliably, we 

will have to work with forecast schedules that have sufficient length. Since the amount of data is 

limited we developed a generic system which can generate forecast schedules according to the 

corresponding product characteristics. As described in Chapter 4 this can be done according to the 

Martingale Method of Forecast Evolution (MMFE), as proposed by Heath & Jackson (1994), and 

following the application of Albey et al. (2015). They presented a system to simulate the rolling 

forecasts according to an error distribution, which can be empirically estimated. The advantage of 

this method is that it describes the updated forecast as a function of the previous forecast, i.e. the 

evolution of the forecast over time. The equations that are used from their research are described in 

the remainder of this paragraph. The forecast for period t seen from period t-s can be given as: 

𝐹𝑡,t−𝑠 = 𝐹𝑡,t−𝑠−1 + 𝜀𝑡−𝑠  
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In Appendix G. an empirical analysis on the distribution fitting of the error is given. In this analysis is 

proven that the error rate for the forecast can be represented by a normal distribution, when the 

mean and standard deviation are estimated empirically from the available data. Therefore, the error 

rate εt-s is a random sample out of the following distribution 

ε𝑡−𝑠 = {
𝑁~(εμ, εσ)                 𝑤𝑖𝑡ℎ 𝑝 =  𝑝𝑡−𝑠        

0                                    𝑤𝑖𝑡ℎ 𝑝 = 1 − 𝑝𝑡−𝑠 
 

In this function, 𝑝𝑡−𝑠 describes the chance of an update in the forecast schedule by the customer for 

t-s weeks ahead forecast, as was empirically estimated in Figure 17. Therefore, 𝑝𝑡−𝑠 can be given as 

𝑝𝑡−𝑠 = {

27%        𝑓𝑜𝑟 (𝑡 − 𝑠) ∈ [1 … 8]    

20%        𝑓𝑜𝑟 (𝑡 − 𝑠) ∈ [9 … 13]  
7%          𝑓𝑜𝑟 (𝑡 − 𝑠) ∈ [14 … 20]

 

The demand can then be written as 

𝐷𝑡 =  𝐹𝑡,t−𝑠 + ∑ 𝜀𝑗

𝑡−𝑠

𝑗=1

 

Which eventually results in the following formula for s=0 

𝐷𝑡 =  𝐹𝑡,𝑡 

Furthermore, since we do not have a starting point to describe above forecasting formulas, we will 

use a distribution of demand and recalculate the forecast for that period using the evolution 

equations described above. The application of the normal distribution can be done by estimating the 

mean and standard deviation from the available data: 𝑁~(Dμ, 𝐷σ) . The mean and the standard 

deviation are considered to be constant over time, as was concluded in 5.1.  
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6.2.4  Compensating the Forecast Biasedness 

In order to improve decision making, biasedness in the forecast schedules can be compensated 

(Albey et al., 2015). This can be done by estimating the trend, to change the forecast schedule into an 

updated version. Therefore, when a product’s historical forecast schedule is found to be significantly 

biased, the biasedness in the generated forecast schedules will be compensated. A forecast schedule 

is considered to be significantly biased when the slope of the estimator for the MPE per week ahead 

forecast error lays above 0.5% or below -0.5%, according to the 95%-confidence interval (section 

5.3). The function that is used to estimate this prediction is the linear estimation as given by formula 

y: 

𝑦𝑡,t−𝑠 = −𝑎𝑠 ∗ 𝐹𝑡,t−𝑠 

Where:  
𝑦𝑡,𝑠= Compensated s weeks ahead forecast for period t generated from period s  
𝐹𝑡,𝑡−𝑠 = s weeks ahead forecast for period t  

𝑎𝑡−𝑠 = Estimated biasedness for s periods ahead forecast 
 
For this equation, 𝑎s ∀ 𝑠 ∈ [0, 𝐻𝑓𝑐] was derived from the linear regression analysis of the biasedness 

estimation. This will be done as in Chapter 5.3, for each product that is classified as significantly 

biased. 
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 Model Solving & Results 

The third part of this thesis describes how the model is solved, how it performs and what the results 

are of the case study. To validate the model, in Chapter 7 is described how the model was solved. 

Furthermore the sensitivity is described by the performance in three different environments of 

forecast uncertainty. In Chapter 8, a case study is performed on actual product sets in order to show 

the performance in the environment of Prodrive. These applications of the model are in line with the 

procedure of Sargent (2003) for creating valid model, as described in Table 2. In general, this section 

provides answer to research question 4 and 5 in Chapter 7 and 8 respectively: 

RQ 4 How does the Fixed Period Requirements rule perform for different trends in changes in the 
rolling forecast schedules? 

  
RQ 5 How does the proposed decision improve the current situation compared to other solutions 

from literature? 
 

7 Validation 

In this chapter the validity of the model is ensured according to the operational validity step in Table 

2. First in section 7.1 is described how and with which settings the model was solved. Then, in section 

7.2 the performance of the model in three scenarios of forecast uncertainty is presented. In section 

7.3 the findings from the validation chapter are summarized. By doing so this Chapter answers 

research question 4: 

RQ 4 How does the Fixed Period Requirements rule perform for different trends in changes in the 
rolling forecast schedules? 

 

7.1  Model Solving 

Computerized model validity 

The mathematical model is solved in Python Programming Language, which is an object-oriented 

programming language that has very wide simulation flexibility. Using this flexibility all aspects of 

the practical situation can be incorporated into the model. In Python, a pseudo random generator has 

been used to generate the forecast errors and customer demand. The development of the simulation 

model in Python has been verified by the Data Manager of Prodrive. In order to validate the 

computerized model according to its output, the operational outcomes are validated in step 4 of Table 

2. Sargent (2003) describes operational validity as the most important validation step in which all 

the validation techniques come together, since any error in the previous development steps will 

result in an error in the operational validity. In order to evaluate the operational validity the 

parameter settings in Table 4 will be applied. These settings were set to analyze the performance of 

the model according to the production processes at Prodrive. The model is solved using a costs 

evaluation in an enumeration over possible FPR-decisions.  
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Table 4. Input parameters for simulation model 

Decision variables 

The set of solutions that the model van present consists of a combination of three decisions within 

the FPR-rule. These three decisions each represent the decision for the number of periods of demand 

a lot has to cover, for the sub-assembly and both end-products. Due to the large product mix that has 

to be ran on the machine lines of Prodrive the amount of possible solutions are limited. For the sub-

assembly all possibilities between 2 and 8 periods are considered, for the end-products the 

possibilities between 1 and 4 periods. The model evaluates the decisions for two end-products and 

one sub-assembly, resulting in 7x4x4=112 possibilities. 

Production environment 

As described in Chapter 2 the lead time for the production process of an item depends on the type of 

the product and the amount of products that are produced in a batch. However, the items considered 

are similar in production time. Also, since the range of the FPR-decisions is limited, the total 

production time will not differ more than a few days, as was described in Chapter 2.3. Since the 

production planning is done in terms of weeks instead of days, the production lead time will not be 

affected by the difference in batch size and is fixed at 2 weeks. Next to the lead time, the freeze period 

is applied. This freeze period requires that the production planning is fixed within 4 weeks of 

production and cannot change anymore within this timing. Furthermore, as described in Chapter 6 

the uncertainty in production lead time will not be taken into account, hence every fixed production 

order will be finished in time. 

 

Input parameter Symbol Values 

Decision variables   
FPR end-product FPR_EP [1, 2, 3, 4] for both EP 
FPR sub-Assembly FPR_SA [2, 3, 4, 5, 6, 7, 8] 
Production environment   
Lead time end-product LEP 2 periods 
Lead time sub-assembly LSA 2 periods 

Freeze period F 4 periods 
Inventory system    
Backorder costs End Product b 19*h 
Inventory costs h 0,0035 * 𝑉𝑖 
Set-up costs End Product Sc_EP 67 
Set-up costs Sub Assembly Sc_SA 300 
Safety-stock End product SSEP 0 
Safety-stock Sub Assembly SSSA 0 
Simulation settings    
Simulation runs Runs 10 runs 
Simulation Horizon T 50 periods 
Forecast Horizon Fc_H 18 periods  
Warm-up Period W_H 10 periods 
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Inventory system 

The parameter for the backorder costs function is determined by setting the service level to 95%, 

referring to the formula of paragraph 6.2.1, the backorder costs are equal to 19 times the holding 

costs. The holding costs are relative to the actual specified product value with a yearly interest rate 

of 20%. This level is average according to Mikosch et al. (2010), and is confirmed by employees within 

the company. The set-up costs were determined by setting the idle machine time costs to 260 Euro 

per hour for sub-assemblies and 27 Euro per hour for end-products, and the wage costs to 40 Euro 

per hour. Furthermore, the safety stock of each item has been set to 0, this is similar to most cases of 

end-products and sub-assemblies in practice. 

Simulation settings 

The forecasting horizon has to be at least as large as the sum of the lead time and the FPR-decision 

for both production steps in order to incorporate the relevant horizon. In order to hold this in each 

simulation run, a fixed amount of 18 periods ahead is chosen. A simulation horizon of 50 weeks will 

be used in the model, which is ran 10 times in different simulation runs. From the 50 periods the first 

10 will not be taken into account for analysis since these are used for initiating the model. Sum et al. 

(1993) suggests the minimum amount of periods to include in the simulation horizon is 36. Since 40 

relevant periods are considered in each run, this has been covered by the simulation settings. Also, 

an evaluation on the variability of the performance in scenario settings has been performed. The 

simulation model was ran 10 times over 50 periods and another 20 times over 80 periods. Increasing 

the amount of periods from 50 to 80 and runs from 10 to 20, respectively, would result in a decrease 

of the standard deviation of the objective costs of 0.765%. This is not considered to be significant 

enough compared to the extra time the simulation model would take. A detailed comparison of the 

performance is made in Appendix H. . With the described simulation settings, the run time is ca. 1 

hour for one product set. 

7.2  Scenario Performance 

In order to describe the behavior of the model, three different scenarios of forecast uncertainty are 

used in which the model can operate: deterministic scenario, scenario with forecast uncertainty, and 

a scenario with biasedness in the uncertainty. These scenarios are described in section 7.2.1, 7.2.2 

and 7.2.3 respectively. Then, in section 7.2.4 the effect of adding compensation model for the 

biasedness. For each scenario the performance in total costs and the optimal decision is described to 

visualize the behavior of the model.  
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7.2.1  Deterministic Scenario 

For the deterministic scenario the parameters settings in Table 5 will be used as input to generate 

the forecast schedules and to run the enumeration. 

 

 

 

Table 5. Deterministic scenario parameter settings 

7.2.1.1 Operational Validity 

In each period, the model determines when a production order needs to be started by comparing the 

inventory position and the expected demand. In order to verify if the decision rule in the model 

correctly represents the practice, the number of set-ups in the deterministic situation were counted 

and compared to the expected amount of set-ups by a manual calculation. In Table 5 the comparison 

is made for the end product and sub assembly setups. The manual calculations are reflected correctly 

by the model, so we can conclude that the decision rule was correctly modeled.  

 

  

 

 

 

Table 6. Validating count of production set-ups by manual calculations 

Set 𝑫𝝁 𝑫𝝈 𝜺𝝁 𝜺𝝈 

1 
100 20 0% 0% 

100 20 0% 0% 

 Simulation Manual 

Decision End-Product Sub-Assembly End-Product Sub-Assembly 

[2, [1, 2]] 600 200 600 200 

[3, [3, 3]] 260 130 260 130 

[5, [2, 2]] 400 80 400 80 

[7, [2, 1]] 600 60 600 60 
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7.2.1.2 Sensitivity on Model Output 

The sensitivity on costs for the FPR-decisions for the sub-assembly (SA) and the end-products (EP) 

is given in Figure 19 and Figure 20. Backorder costs are not included in this overview, since they are 

0 for the   deterministic scenario. The figures are representing the local (single-level) costs, against 

the FPR-decision in number of periods on the x-axis. For the end products the costs are given for the 

situation that the FPR-decisions for both end-products have the value on the x-axis. The minimum 

can be found at 2 for the end-product and 6 for the sub-assembly, which refers to the optimal solution 

when the decision is evaluated in single-level environment. The slope of the graphs slightly changes 

when looking at the sensitivity on total costs i.e. the costs over both production levels in Figure 21 

and Figure 22. A relative y-axis is chosen here to give better insight in the difference in costs when 

changing a decision. The percentages are relative to the optimal decision, and therefore show the lost 

potential in costs savings. Interesting to see is that the difference in costs per FPR-decision for the 

sub-assembly is very significant for decisions below 4. Furthermore, the scale difference has to be 

noted between the plot for the sub-assembly and the end-product.  

 

Figure 20. Local costs per FPR-decision for end-products Figure 19. Local costs per FPR-decision for the sub-assembly 
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Figure 21. Relative total costs for each SA FPR-decision Figure 22. Relative total costs for each EP FPR-decision 
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Multi-level effect 

Next to the relationship between the single level decisions, also the alignment between the end-

product is interesting. Therefore, the relative costs of the combined end-product FPR-decision have 

been given in Figure 23. As can be seen, the costs for combined decisions [2, 2] and [3, 3] are slightly 

lower than ‘mixed’ solutions as [3, 2] or [2, 3]. Furthermore, also [1, 1] and [4, 4] perform better than 

[1, 4] or [4, 1]. Thus, it can be said that it is beneficial for the total objective costs to plan with 

consistency in the end-products’ decisions, which is a confirmation of the findings by Axsater (2006) 

and Bahl et al. (2001). When looking further into the cause of this decrease in costs for the [2, 2] 

decision and the [3, 3] decision, it can be seen that the set-up costs on the sub-assembly level are 

lower due to the alignment in requirements. 

Now that the positive effect of aligning the end-product FPR-decision is shown, it is interesting to 

further investigate the effect of end-product decisions on costs at sub assembly level. Figure 24  

shows the effect of the different end-product FPR-decisions on both the total objective costs and the 

local costs for end-products and the sub-assembly. The end-products clearly have a local optimum at 

FPR-decision of 2 periods, which seems to be an improvement of 11% and 7% when compared to 

Figure 23. Objective costs per combined end product decision 
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Figure 24. Relative local and global costs per EP FPR-decision 

100%

105%

110%

115%

[1, 1] [1, 2] [1, 3] [1, 4] [2, 1] [2, 2] [2, 3] [2, 4] [3, 1] [3, 2] [3, 3] [3, 4] [4, 1] [4, 2] [4, 3] [4, 4]

Costs of Combined EP Decision

Objective Costs



45 
 

FPR-decision of 1 and 3 periods respectively. However, costs at sub-assembly production processes 

are decreasing with increased end-product FPR-decision. Therefore, the total performance for the 

FPR-decision of 2 or 3 periods for the end-product are similar. The decrease in the sub-assembly 

costs can be clarified by the fact that the amount of times demand is required decreases, which 

decreases the amount of set-ups at the sub-assembly level. 

7.2.2 Forecast Uncertainty 

For the scenario with uncertainty, the parameters settings in Table 7 will be used as input to generate 

the forecast schedules and to run the enumeration. The difference with the previous section is the 

standard deviation of 10% for the forecast errors. 

Set 𝑫𝝁 𝑫𝝈 𝜺𝝁 𝜺𝝈 

1 
100 20 0% 10% 

100 20 0% 10% 

Table 7. Parameter settings for scenario with uncertainty 

When including uncertainty in the forecasting schedules we can note a few differences in the 

performance. A visualization for the difference in costs for the end-product decisions is shown in 

Figure 25. In the legend, SC refers to setup costs, IC refers to inventory costs and BC refers to 

backorder costs. As can be seen, an increase in costs for every KPI results from the uncertainty. 

Furthermore, it is interesting to see that the crossing of the inventory and set-up costs lines is at the 

same position on the x-axis, i.e. between 2 and 3.  However, now also the backorder costs have to be 

incorporated. These costs are decreasing with an increase in the FPR-decision. Another remarkable 

finding is that the total costs for backorders is significantly lower than the costs for inventory and 

setups. This is partly due to the fact that the backorder costs that are incurred here, are the 

backorders due to the forecast changes by customers. Since the backorders that are caused by 

production scheduling or delays are not taken into account. Therefore, the direct comparison with 
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inventory and setup costs should not be made. Due to this modeling choice we can, however, allocate 

the backorder costs directly to the changes in customer forecasts. 

The effect of uncertainty on total costs is visualized in the relative costs plot in Figure 26. The effect 

of the end-product FPR-decision on relative costs in Figure 26 can be compared to the situation 

without uncertainty given in Figure 24. From these figures can be seen that the effect on sub assembly 

costs is significantly increased for the 2-period decision. This is mainly caused due to an increase in 

setup costs on the sub assembly level, caused by changing production plans on the end-product level. 

From the results can be seen that this effect is limited when the decision is increased to 3 periods. It 

makes sense that this does not happen for the 1 period decision, since in this situation there is already 

a planned requirement in each period. 

 

 

 

 

 

 

 

7.2.3  Forecast Biasedness 

For the scenarios with positive and negative biasedness the parameters settings in Table 8 will be 

used as input to generate the forecast schedules and to run the enumeration. The difference with the 

previous section is that the mean of the forecast errors is now either positive or negative. 

Set 𝑫𝝁 𝑫𝝈 𝜺𝝁 𝜺𝝈 

1 
100 20 1.5% 10% 

100 20 1.5% 10% 

2 
100 20 -1.5% 10% 

100 20 -1.5% 10% 

Table 8. Parameter settings for scenario with biasedness 

The effect of the biasedness on the total costs can be seen in Figure 27, in which the difference in 

costs per FPR-decision has been presented. Most remarkable is that the scenario with positive 

biasedness performs better than the neutral scenario, under all FPR-decisions. This effect could be 

seen as a sort of safety stocking, i.e. deliberately forecasting too much decreases the amount of 

backorders. Also, the amount of setups is decreased, since there are less changes in forecast that 
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Figure 26. Relative local and global costs per EP FPR-decision under uncertainty 
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require an extra set-up. On the other side, a small increase in inventory costs is a result of the positive 

biasedness.  

The average difference in costs for the positively- and negatively biased situation are presented in 

Table 9, in brackets are the effect on total costs by that KPI. Naturally, the scenarios have an opposed 

effect on each KPI. The relative change in the backorder costs seems to be the most significant one, 

however, since backorder costs are not significantly high it does not have a large effect on the total 

costs. The effect on setup costs determines the biggest difference in performance between the 

positively and negatively biased scenarios. When looking further into the cause of this increase, it is 

found that 85% of the effect is perceived in the costs for set-ups of the sub-assembly. 

Scenario Δ IC Δ SC Δ BC 

Positively biased +7% (+2%) -8% (-5%) -52% (-1%) 

Negatively biased  -9% (-3%) +11% (+7%) +93% (+3%) 

Table 9. Effect of biasedness on KPIs and total costs 

7.2.4  Biasedness Compensation 

The previous section already gave insights on the effect of biasedness on the FPR-decision and costs. 

In order to improve decision making, the trend in the historic forecast schedules has been 

determined according to a linear regression analysis (Chapter 5.3). Then, when a historic forecast 

schedule is significantly biased, the forecast schedules in the simulation model are compensated for 

their biasedness. The forecast schedules are said to be biased when the average change is >0.5% or 

<-0.5% per period. Figure 29 presents the difference in costs between the situation with 

compensated biasedness and the situation without compensation, for situations with positively and 

negatively biased forecast schedules. As could be expected from previous paragraph, the situation 

with positive bias is not improved by compensating the biasedness. On the other side, the negative 

scenario is significantly improved. While for both situations the effect diminishes with an increase in 

FPR-decision for the End-Products. 

Figure 27. Difference in performance per EP decision 
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In order to get further insights in the performance of the model, it is also interesting to compare the 

performance to the situation with no biasedness, as in paragraph 7.2.2.  The results of this 

comparison have been given in Table 10 per KPI, in brackets the effect on total costs is given. It can 

be concluded that the situation after compensation of biasedness gives higher costs than the situation 

without biasedness at all. The reason for this costs increase can be explained by the fact that the 

compensation is also accounted for the accurate forecasts. Thus, when any correct forecast is 

compensated downwards, this results in a backorder. Furthermore, it triggers an extra set-up at the 

end-product level and possibly at the sub-assembly level. It has to be noted here that the increase for 

the backorders is relative to the backorders that originate from the customers demand changes only, 

which is very low in the case of positively biased forecasts. Hence, the limited effect on total costs of 

7%. In the end we can conclude that, when using the model in the situation of Prodrive, it can be 

expected that the situation with compensation will only improve the solution for a negative bias. 

Scenario Δ IC Δ SC Δ BC Δ C 

Compensated 

positive biasedness 
-9% (-3%) +15% (+9%) +241% (+7%) 13% 

Compensated 

negative biasedness 
+10% (+3%) -5% (-3%) -29% (-1%) 0% 

Table 10. Effect of compensation on KPIs and total costs compared to the unbiased scenario 

7.3  Findings from the Model Behavior 

FPR-decisions 

In this Chapter the behavior of the simulation model has been shown for three scenarios of forecast 

uncertainty and 112 combinations of FPR-decisions. Furthermore the effect of compensating the 

biasedness in the forecast schedules has been analyzed. An important insight was that the ‘multi-

Figure 29. Effect of bias-compensation on total costs per EP decision for both scenarios 
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level effect’ of the FPR-decisions was found to be significant, and has to be taken into account to find 

a global optimum. In Chapter 7.1 was found that the effect on local costs is different than the effect 

on total costs for the end-products decision. This was due to the effect of the planning for the end-

products on the planning for the sub-assembly. More specifically, it was found that the alignment of 

the end-product FPR-decisions results in lower total costs, due to the synchronized requirements 

planning towards the sub-assembly production process. This does not only hold for the optimal 

solution, but also for the worse performing solutions. Furthermore, the costs decrease for increasing 

the FPR-decision is very significant for lower FPR-decisions, but decreases rapidly afterwards. In 

other words, FPR-decisions close to the optimal one are also considered good solutions, which only 

deviate up to 2% from the optimal solution. The planning for the sub-assembly did not show a 

significant effect on the planning of the end-products. 

Forecast uncertainty 

From the model it could be concluded that any forecast uncertainty negatively affects the 

performance of the Material Requirements Planning. All KPIs (Setup costs, inventory costs and 

backorder costs) increase in case of uncertainty. Furthermore, lower FPR-decisions perceive larger 

impact from uncertainty than higher FPR-decisions. Due to this effect the optimal FPR-decision 

increases for uncertain forecast schedules. 

Next to that, it was found that biasedness in forecast schedules showed a bilateral effect. Positive 

biasedness decreases the costs and negative bias increases the costs, regardless of FPR-decision. This 

is mainly caused due to the fact that negatively biased forecast schedules underestimate demand. 

Therefore the forecast schedules increase over time, causing more setups than needed. This can be 

seen both at the sub-assembly and at the end-product level. Especially at the sub-assembly level 

setups are very costly compared to inventory, therefore forecasting too low has a negative effect on 

performance. On the counterpart, the number of setups decreases when forecasts are positively 

biased. This effect could be compared with holding safety stock. Forecasting too high covers for 

positive changes in the forecast schedules, and therefore decreases the extra setups. This turned out 

to be less costly than holding extra inventory. The effect of biasedness on total costs significantly 

decreases when the FPR-decision for number of periods is increased. 

Compensating the biasedness showed a decrease in setup and backorder costs for negatively biased 

forecast schedules, against a slight increase in inventory costs. The performance of the material 

requirements planning for an inventory schedule that was compensated for its negative biasedness 

was not as good as the situation with no biasedness. The main reason here is the fact that the 

compensation also affects the correctly forecasted periods. For the positively biased forecast 

schedules it was better to not compensate the biasedness at all. Seeing that the positively biased 

forecast schedules reduce costs, this outcome is in line with expectations.  
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8  Case Study 

In this chapter the improvement on the current situation is shown by applying the simulation model 

to 4 cases of actual product sets. Furthermore, the results are benchmarked by two discrete lot sizing 

rules that were found to perform well in literature. In section 8.1 the set-up of the numerical analysis 

is presented. In section 8.3 the results and the findings from the application of the model are given. 

The goal of this chapter is to answer RQ 5: 

RQ 5 How does the proposed decision improve the current situation compared to other solutions 
from literature? 

 

8.1  Set-up of Numerical Analysis 

The evaluation of is performed over 4 sets of product structures, all consisting of two end-products 

and one sub-assembly as in Figure 10. The demand and forecast schedule characteristics of the 

relevant products are presented in Table 11. The format for the FPR-decisions is given as in Chapter 

7 for each of the three items in one product set: [SA, [EP, EP]]. In this format, each number refers to 

the amount of periods of demand that need to be covered in each production batch (FPR-decision). 

In the format SA refers to the decision for the sub-assembly and EP refers to the end-product.  

 

Table 11. Characteristics of product sets 

In Chapter 7 was found that the compensation of the biasedness does not perform well for positively 

biased forecast schedules. Therefore, it seems intuitive to only apply the compensation of biasedness 

for negatively biased forecast schedules. In order to investigate this relation in the Case Study as well, 

both the solutions with biasedness compensation and without biasedness compensation are 

evaluated for each product set. Furthermore, the solution from the enumeration over the simulation 

model will be compared to other lot sizing rules from literature that were found in Chapter 4. In that 

Chapter it was already stated that previous research proved that Part Period Balancing (PPB) and 

Silver Meal heuristic (S-M) are close to optimal for multi-level product structures, while not requiring 

too much computational effort. Furthermore, Part Period Balancing was found to be optimal under 

forecast errors in single level product structures (Urban, 1989)(Choi et al., 1984). PPB and S-M 

Set 
FPR-

Decision 
𝑫𝝁 𝑫𝝈 𝜺𝝁 𝜺𝝈 

1 [3, [1, 2]] 
69 8.1 -1.01% 9.6% 

40 13 -1.78% 8.7% 

2 [4, [1, 1]] 
25 7.2 -3.03% 14.9% 

117 36.5 -0.63% 9.3% 

3 [4, [1, 2]] 
53 9.4 -0.41% 8.6% 

12 3 -3.28% 10.6% 

4 [3, [1, 2]] 
63 13.8 1.45% 8.1% 

6 0.6 -0.03% 11.2% 
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heuristic make the decision for the number of period requirements each week based on a trade-off 

between holding costs and setup costs. This relaxes the static decision-making, and switches to an 

economical solution (see Table 1). For both rules the discrete decision making is maintained, i.e. the 

decision will always be made to fulfill an integer number of weeks of requirements. Next to that, 

decisions for PPB and S&M were limited to <8 periods for SA and <4 periods for EP. This is done to 

include capacity limits in the same way as in the situation of the FPR-evaluation. 

8.2  Performance of Proposed Decisions 

The results of the application of the model on the 4 product sets of Prodrive are given in Table 12. In 

here, the performance of the model solution (both with and without compensation for biasedness) is 

compared to the performance with the original settings originating from 01-08-2018. Also the 

improvement in costs for the solutions from PPB and S-M are given in the table for both scenarios.  

Fixed Period Requirements Decision 

As can be seen, all solutions significantly decrease the total costs in comparison with the original 

situation. Almost all original decisions can be improved by the suggested decision by increasing the 

FPR-decision. Only for two End Products the proposed FPR-decisions are the same as the current 

decision, i.e. 1 in product set 3 and one in product set 4. Most remarkable is the huge increase in FPR-

decision for the sub assembly (i.e., the first number in the decision). Therefore, Figure 30 is presented 

to show the effect of changing the decision for the sub-assembly level. As was shown in Chapter 7.2.1, 

the effect on costs difference for increasing the FPR-decision for the sub-assembly decreases after a 

decision of 4. This effect is also shown, to some extent, for the actual product sets. The curves have 

slightly different shapes, since they differ in costs due to environmental parameters such as demand, 

forecast uncertainty, value and production times.  

Table 12. Difference in total costs compared to original decision 

In general it can be seen that the largest increase is found at the lower FPR-decisions, e.g. the gain of 

increasing FPR from 2 to 3 is larger in every situation than increasing form 3 to 4. Furthermore, 

difference in costs is different per product set. Which is an interesting finding, since the difference in 

gained costs for an extra increase in the FPR-decision should be taken into account when making the 

  Without bias compensation With bias compensation 

Rule FPR FPR PPB S-M FPR PPB S-M 

Set 
Original 

Decision 

Proposed 

Decision  
Δ C Δ C Δ C 

Proposed 

Decision 
Δ C Δ C Δ C 

1 [3, [1, 2]] [8, [3, 3]] -41% -39% -37% [7, [3, 3]] -43% -41% -38% 

2 [4, [1, 1]] [8, [3, 3]] -24% -23% -16% [8, [3, 3]] -25% -22% -18% 

3 [4, [1, 2]] [8, [2, 3]] -40% -38% -32% [8, [3, 2]] -44% -41% -38% 

4 [3, [1, 2]] [7, [2, 2]] -42% -42% -40% [8, [3, 3]] -35% -29% -33% 
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trade-off between increasing the FPR-decision under capacity. The outcomes show that for Set 2 and 

Set 3 it would be more beneficial to increase the FPR-decision than for Set 1 or Set 4. In the original 

decision made by Prodrive, this has been reflected properly, since the FPR-decision for Set 1 and 4 

were fixed at 3 periods and for Set 2 and 3 at 4 periods of requirements. 

 

 

 

 

 

 

 

 

Figure 30. Effect of SA decision on relative costs for 4 product sets without compensation 

Biasedness compensation 

The model with biasedness compensation is performing better for products Sets 1, 2 and 3. Which 

are the product sets with (slightly) negatively biased forecast schedules, see Table 11. For Set 4 the 

model without biasedness compensation is performing better. This outcome could be expected from 

the results in Chapter 7, since the positively biased forecast schedules reduce the number of setups 

in an environment with uncertainty. Thus, when applying the model the compensation should only 

be used for forecast schedules that show negative biasedness. 

Benchmark 

In order to compare the FPR-decision to the discrete PPB and S-M, the results of these rules were also 

added in Table 12 for each product set. Both rules improve the current situation, however for each 

product set they do not perform as well as the optimal FPR-decision. Reason for the slightly worse 

performance are the changes in the production planning. Since PPB and S-M evaluate the decision on 

amount of periods of requirements that needs to be covered each time the forecast schedule changes. 

Therefore a change in the forecast schedules may lead to a greater change in the planning for the sub 

assembly. Since setups are costly for this process, these changes are decreasing the performance of 

the whole product set. As can also be seen in Table 12, is that for most cases PPB performs better 

than S-M. This is a result of the fact that the PPB rule always selects the discrete decision just before 

the minimum and S-M selects the discrete decision that is closest to the minimum, i.e. just before or 

just after the minimum. Therefore S-M is more subjective to changes, which results in a less stable 

production planning.  
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In general, the stability is key in the performance of the material requirements planning, and thus 

PPB and S-M perform worse. However, both rules can be expected to perform less due to the 

assumption of linear constant demand. Since they are both economical rules, they will make the 

trade-off in each period, where the FPR-rule is a static rule, meaning the decision for the amount of 

periods of requirements need to be covered is fixed. Thus, when over time demand changes or a trend 

occurs, PPB and S-M could be more interesting to look into. Since these rules will adapt the optimal 

decision based on holding and setup costs according to the requirements. For the investigated 

product sets a constant trend was already concluded in Chapter 5, thus it can be concluded that the 

application of the optimal FPR-decision should be maintained. 

8.3  Findings from the Case Study 

In the case study, the product set of Prodrive showed significant decreases in costs when the 

proposed solutions were applied. In general, the FPR-decisions would need to be increased to 

decrease costs. Whereas it was concluded from Figure 30 that the initial increase delivers the largest 

gains. Furthermore, the finding from Chapter 7 that end product FPR-decisions should be aligned 

was confirmed in the case study results. Even for the product sets with widely differing average 

demand between the end-products (i.e. product sets 2, 3 and 4) the model suggests to equalize the 

FPR-decision. 

With respect to the forecast biasedness, it was found that when a product has positively biased 

forecast schedules, the model without compensation performs better than the model with 

compensation. For the negatively biased forecast schedules the results show that it is better to apply 

the compensation of the biasedness. This is also in line with the findings from Chapter 7. 

Compared to PPB and S-M, FPR is performing slightly better in the environment of Prodrive. This is 

expected to be mainly due to the restriction of constant demand. In the case of a change in the 

demand, both PPB and S-M would follow the trend as an economical lot size rule. Whereas the FPR-

decision is static and will not be changed. 
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 Evaluation 

In this part the findings and the process of the research is evaluated. At first managerial insights from 

the case study and research results are presented in Chapter 9. Then, the conclusions are drawn to 

the study as a whole in Chapter 10. Finally a reflection towards the research is done in Chapter 11, 

including the limitations and extensions for further research.  

9 Managerial Insights 

In this chapter managerial insights are presented from the gained insights throughout this research. 

At first, insights towards the decision making in the fixed period requirements rule are given in 

section 9.1. Then, in section 9.2, managerial insights towards the uncertainty in the rolling forecast 

schedules are given. In general this part answers RQ 6: 

RQ 6 Which strategic implications can be recommended to Prodrive based on the gained insights? 

9.1  Fixed Period Requirements Decision 

At first, we can conclude from the case study that, for all considered product sets, total costs will 

decrease by increasing the FPR-decision. Especially, a significant decrease in setup costs can be 

achieved, against a slight increase in inventory costs, and also a minor decrease in backorder costs. 

However, before implementing the results also the trade-off with capacity has to be made by 

Prodrive, which was excluded from this research. The shift from the incapacitated lot sizing problem 

to the capacitated lot sizing problem is a quite difficult step due to the large product mix, so Prodrive 

should be aware that this may cost much effort. Within this trade-off, Prodrive should use the results 

from the enumeration in this research. Then, the gain for increasing the FPR-decision can be 

compared amongst several product sets, in order to allocate the capacity better. An important insight 

that needs to be taken into account here is that the initial increase of the FPR-decision gives the 

largest gains, i.e. the marginal gains decrease each time the FPR-decision is increased. 

Second, Prodrive should take into account the multi-level effect when determining the FPR decision. 

The results show that the decisions made in the end product level affect the MRP of the sub assembly 

significantly. A decrease in costs can be gained by aligning the FPR-decisions. In general, the best 

result is gained for setting the end-product FPR-decisions at the same value. If Prodrive will put even 

more effort in this, it would most be interesting to include the MRP of components in the scope of 

setting FPR-decisions. The planning of the components can be interesting since these typically have 

long lead times, and will be affected a lot by the uncertainty on the end-product level. 

Third, Prodrive should not change its lot sizing strategy from the current static strategy to an 

economical strategy. The application of the optimal FPR-decision performs slightly better than the 

solutions from PPB and S-M. The main reason for this difference is that the application of the 

‘economical’ lot size-rules results in more setups when a lot of changes occur in the forecast 

schedules. This is due to the fact that the amount of periods of requirements that need to be fulfilled 
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is evaluated each time the forecast schedule is updated in an economical lot sizing rule. Also, since 

demand is constant, the economical decision will not improve significantly compared to the static 

decision. Therefore, it would not be beneficial for Prodrive to use an economic lot sizing rule for any 

of its products that share the characteristics of constant demand and uncertainty in forecast 

schedules.  

9.2  Forecast Uncertainty 

Regarding the forecast uncertainty, the most important finding was that forecast uncertainty always 

significantly increases costs, regardless of the FPR-decision. The main reason for the increase in costs 

is the increase in the amount of setups on the sub assembly level, which results from changes in the 

production planning on end product level. Also, the optimal FPR-decision increases under uncertain 

forecast schedules, which results in a negative effect since this would increase capacity requirements. 

Therefore the first improvement step for Prodrive should be to reduce the uncertainty in the forecast 

schedules. Possibilities to increase the reliability of the forecast are to focus on better alignment with 

customers and having the right people evaluate the forecasts (Armstrong, 2001; Chatfield, 2000). 

Furthermore, Prodrive should decide on which changes from customers they will follow up on, and 

which changes to refuse. Refusing the changes in the rolling forecast that cause a lot of uncertainty, 

such as large changes in the near future, can limit the effect on production planning. The insights 

provided by the classification of forecast schedules in this research can help Prodrive to further 

strengthen such decisions towards its customers.  

Secondly, Prodrive should take into account that having a positive bias in the forecast schedules can 

reduce costs. This effect originates from the fact that positively biased forecast buffers against 

changes in the forecast schedules. This buffer diminishes the effect that changes in the forecast 

schedules for end products have on the amount of setups for the sub-assembly. For this reason, 

compensation of biasedness is only found to be effective for negatively biased forecast schedules.  

Third, in order to make better decisions in the future, Prodrive should increase the quality of the data 

logging. The most interesting would be to log the causes of changes in the forecast schedules, also for 

less than 4 weeks ahead. With this information the analysis can be focused more towards the specific 

causes of the changes in the forecast schedules, which would make it easier for Prodrive to reduce 

the perceived uncertainty. 

Finally, since the evaluation of the FPR-decision performance is based on demand and forecast error 

parameters, the model can also be applied to determine the initial FPR-decision for products that are 

in development phase and are to be extended to serial production.  
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10  Conclusion 

This research has focused on improving the Material Requirements Planning by gaining insights in 

the FPR-decision and the effect of changes in rolling forecasts. The main research question was:  

How can the Material Requirements Planning with changing rolling forecast schedules be 

improved? 

To answer this research question a simulation model has been designed that could handle rolling 

forecast schedules and evaluate the performance of FPR-decisions in an enumeration procedure. The 

rolling forecast schedules were generated from empirically estimated parameters, according to the 

application of the Martingale Method of Forecasting Evolution by Albey et al. (2015). Furthermore, 

the model was designed to recognize biasedness in the rolling forecast schedules, and compensate 

the biasedness where needed. The evaluation of the FPR-decisions was done based on a costs 

function which included inventory costs, setup costs and backorder costs. To evaluate the behavior 

of the model, three scenarios of forecast uncertainty were analyzed and a case study on actual 

product sets was performed.  

In the case study 4 sets of products from practice were analyzed to compare the proposed solutions 

from the model with the original decisions. It was shown that the proposed solutions significantly 

reduce total costs in the multi-level Material Requirements Planning (MRP) of Prodrive (between 

25% and 45%). The decrease in set-up costs was most significant, against a moderate increase in 

inventory costs. Also backorder costs were slightly decreased. However, before implementing the 

proposed decision first the trade-off with capacity has to be made over the whole product mix, which 

was excluded from this research. The results from the enumeration can be used as a basis for this 

trade-off. Furthermore, the proposed solutions from the model were compared to economical lot 

sizing rules PPB and S-M. Both rules were slightly outperformed by the optimal FPR decision. This is 

mainly caused due to the provided stability from the static FPR decision in an environment with 

uncertain forecast and constant demand. 

In general, changes in the forecast schedules were found to have a negative impact on the material 

requirements planning, regardless of the FPR-decision. Therefore the model was extended with the 

ability to classify and compensate biasedness in the rolling forecast schedules. This has been 

successfully performed for negatively biased forecast schedules. In situations with positive 

biasedness, the compensation was not beneficial. This was caused by the effect of adding safety to 

the material requirements planning which provides a buffer for an increase in the forecast.  

Concluding, this research showed the effect of uncertainty and biasedness in forecast schedules on 

the material requirements planning, and how decision making in the material requirements planning 

can be improved by compensation of biasedness and providing insight in the performance of the FPR-

decisions. 
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11  Reflection 

This chapter captures the reflection and evaluation of the research. First, section 11.1 reflects on the 

rigorousness in the form of the scientific contribution, then, in section 11.2 the limitations and 

anticipations for future research will be addressed to place the research in its environment and make 

adjustments implementable. Finally some extensions for future research are given in section 11.3. 

11.1 Scientific Contribution 

This research differs from previously written literature by combining the evaluation of decisions 

within the FPR-lot sizing rule for a multi-level product structure with biasedness in forecast 

schedules. In literature limited solutions were found for the optimal implementation of this lot sizing 

rule, especially for the case of multi-level product structures and changes in rolling forecast 

schedules. Therefore this research has combined (1) the modeling of rolling forecast schedules, (2) 

the evaluation of FPR-decisions in a two-level Material Requirements Planning and (3) the 

classification and compensation of biasedness in the forecast schedules. The modeling of the rolling 

forecast schedules was done according to the evolutionary approach in the Martingale Method of 

Forecasting Evolution (MMFE), including the compensation of biasedness. With the combination, 

insights were generated on the effect of biasedness and uncertainty in forecast schedules on the 

performance of the material requirements planning. Also the effect it has on decision making in the 

material requirements planning was shown for the situation at Prodrive. 

11.2  Limitations 

This research is subject to some limitations, which are summarized in this section. 

At first, this research could not cover the changes in the first three weeks ahead forecast due to a 

limitation in data availability. Even though this was believed to be a relevant assumption, it could not 

be verified whether the customers of Prodrive are kept to their contractually specified limits of not 

changing their orders within 4 weeks ahead of time. Next to that, the case study was performed on 

just 4 product sets. Extending the amount of product sets, also taking into account different types of 

products, can provide better generalizable results. 

Furthermore, describing forecast schedules as an evolutionary behavior is not necessarily the best 

representation of reality, since it neglects any correlation between changes in the forecast schedule. 

In terms of customer behavior, only actual forecast schedules can include these. Since not enough 

data was available to include this in the research, the model results will have to be re-evaluated after 

enough data is available.  

Finally, this research focused on reviewing the current situation at Prodrive and finding how this 

current situation can be improved. Therefore, the research did not incorporate solutions that neglect 

the use of Material Requirements Planning in SAP. Also the use of quantity based lot sizing rules 
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instead of period based lot sizing rules, such as the Fixed Period Requirements rule, was not 

considered in this research.  

11.3  Extensions 

The most interesting direction would be to further integrate the model into a greater production 

process scope. In this research, a first step was made towards improving material requirements 

planning under changes in rolling forecasts for a multi-level product structure. When the scope is 

increased towards more complex product structures, more relevance can be gained by the solutions. 

From this research the multi-level effect was already shown to occur on the first two levels of the Bill 

Of Materials. Therefore, it will be interesting to see how changes in rolling forecast schedules affect 

decision making when looking at product structures that have more than 2 levels of production. 

Extending the model to situations where demand is not constant can be interesting for the use of 

other economic rules, such as PPB and S-M. To investigate where the trade-off lays between 

stability in planning from a static rule and following the demand pattern with an economic rule can 

be interesting. For Prodrive it can already be interesting to evaluate for each of its products which 

category it would fit. 

Furthermore, research could be extended by completing the trade-off on production planning by 

incorporating capacity allocation into the model. When this is done, the decision that is proposed by 

the model will be better applicable to practice. Until now, combining the allocation of capacity with 

the multi-level lot sizing problem has found to be too hard. Therefore, any manufacturer in general 

will be benefitted by a research that helps to improve decision making. 

Finally, the handling of biasedness and uncertainty in forecast schedules can be further improved in 

the model. This research has focused specifically on the compensation of biasedness in order to 

reduce the mean error to zero. It would be interesting to see how other improvements on customer’s 

rolling forecast schedules affect the material requirements planning. An application that could be 

interesting is to classify the changes in the forecast schedules based on the effect they have on the 

material requirements planning. Possibly, the effect of individual changes in the rolling forecast 

schedules on the material requirements planning can be interesting to investigate on, in order to 

focus on diminishing the specific changes in the rolling forecast schedules that harm the planning the 

most.  
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Appendices 

Appendix A.  Research Cycle 

 

Appendix B.  Production Processes 

In Figure A. 2 a generic overview of the production steps at Prodrive are given 
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Figure A. 2 Simplified overview of production processes 
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Figure A. 1 Quantitative Research Model by Mitroff et al.(1974) and Empirical Research Cycle by van Aken et al.(2007) 
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Appendix C.  Classification of production processes based on product structures 

In Figure A. 3 the four types of product structures that were distinguished by Brahimi et al. (2006) 

and Sum et al. (1993) are given graphically 
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Figure A. 3 Product Structures in production processes (Brahimi et al., (2006), Sum, Png, & Yang, (1993)) 

 

Appendix D.  Simulation Diagram 

In Figure A. 4 & Error! Reference source not found. the detailed calculation steps of the simulation 

diagram have been given schematically.  

Simulation Diagram

For Each 
Run

New Scenario:
- Forecast schedule

Create 
MRP SA

Inventory
Back-order

Produce 
EP

Set-up

MRP-calculation:
- Forecast/Demand:          
fcs(t+L, T)/D(t+1)
- Inventory/Backorders:   
I[t]/B[t]

Run

Create 
MRP EP

DEP

For Each 
Setting

 LSEP

New Scenario:
- Production 

Planning
Settings

Inventory
Back-order

Produce 
SA

Set-up

For Each 
Period

Period

Scenario 
Costs

Period 
Costs

Total Costs

For Each 
EP

For Each 
EP

For Each 
SA

For Each 
SA

MRP-calculation:
- In Transit Inventory:      IT[t+L]
- Production moments:   Y[t]

Get PN fc 
distribution 
parameters Pseudo random 

sample

- Forecast
- Demand

- Costframe
- MRP settings

 

Figure A. 4 Simulation diagram 
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Appendix E.  Forecast Data 

The available data consists of all the forecast schedules from week 18 until week 48 for the end-

products. This consists of raw data, representing all the planned subtractions from stock. In general 

these subtractions are equal to the orders from the customer. Therefore all data points have to be 

converted from negative to positive. 

In order to make use of the raw data first some pre-processing has been performed. The first step 

was to note that the data originates from the first MRP-run during the given week, which is ran after 

the first change in the planning, this change in planning could either be a change in requirements, a 

finished order increasing the inventory, or a delivery to the customer. When the MRP-run originated 

from a delivery to the customer, this delivery was added to this week’s forecast, since it has 

disappeared (it has been delivered already) from the data schedule, while it was still forecasted at 

the exact beginning of this week. 

As for the amount of data, this is different for each number of weeks ahead forecast, since a 20 weeks 

ahead forecast, requires 20 weeks of data before the first data point is established, where the 1 week 

ahead forecast requires only 1 week of data. In total, there are 28 1-week ahead forecast schedules 

for each product.  

The distillation for the effect with which we can make statements about the forecasting model is given 

by the figure of Shewhart & Wilks (2008) As a rule of thumb, they state that for a sample size of 20, 

95% confidence interval can be reached with a half width of 0.5. Therefore the focus is to make 

statements solely within this range. 

 

Figure A. 5. Estimated relation between half-width confidence intervals and sample size 
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Appendix F.  MAPE for 1-week ahead forecast 

In Figure A. 6 the MAPE for the 1-week ahead changes in forecast schedules has been given 

 

Figure A. 6 Average change in the forecast schedule per period, for #-periods ahead in time 

 

Appendix G.  Forecast errors 

Assuming that the forecast errors are normally distributed is a common practice (Axsater, 2006). In 

order to determine that this assumption is valid, several normality tests exists. First it can be 

interesting to look at the distribution for a given number of weeks ahead forecast. This has been done 

in Figure A. 7. In this figure the columns present an occurrence of the level of error, and the blue line 

is representing the estimation of the normal distribution. As can be seen, the specific bell-curve for 

the standard normal distribution cannot be found, however, a normal distribution with high standard 

deviation could be applied to generate these figures.  Furthermore, as is also shown in the graphs, 

the amount of data points is very limited, which makes it not less convenient to fit any distribution. 

This is caused due to a lack of data, and will have to be overcome in this research. 

The standard deviation and the mean of the forecast errors can be empirically estimated in Python 

using the basic Math functions. Then, to test the forecast errors, a KS test and a Shapiro test have been 

performed. For both tests, a threshold of 95% was used for the p-value. Both test have been 

performed to test the normality for s number of weeks ahead forecast, for s in [1, 14]. These are the 

weeks for which enough data is available to perform the analysis on, as results from 0. 

The results of the KS test and the Shapiro test both show that for each forecast schedule no more than 

1 of the s-number of weeks ahead forecast error data sets were found to be not in the normal 

distribution. In other words, for at least 13 out of 14 of the s-number of weeks ahead forecasts the 
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test did showed no prove was found to reject the hypothesis of a normal distribution. For most s-

number of weeks ahead forecast the hypothesis was not rejected. Only in 5 cases a number of weeks 

ahead forecast error prove was found for rejecting the hypothesis of assuming a normal distribution. 

Concluding, for several number of weeks ahead forecast the hypothesis was rejected. Meaning for 

these specific sets the normal distribution would not be applicable. However, since the dataset on 

which the tests are performed is very small, it is tough to fit a correct distribution on all error 

measurements. Therefore, it is chosen for now to continue with the normal distribution to estimate 

the forecast error. However, after Prodrive has succeeded to gather more data, this study has to be 

performed again to see how the model behaves. 

Appendix H.  Simulation Length  

In order to be determine the amount of periods that needed to be covered in the simulation runs, two 

settings were compared over 112 different scenarios of decisions for the lot size. When subtracting 

the objective costs of the scenario setting that was ran 20 times over 80 periods from the objective 

costs of the scenario setting that was ran 10 times over 50 periods, Figure A. 8 can be generated.  

The most important aspect is that there are no high peaks in the differences. An overall difference 

can be explained by the fact that the generated forecast schedules would give slightly different 

results, however, since the scenarios are all tested on the same forecast schedule there is no internal 

difference here in the model evaluation. 

In order to dive further into the differences we can compare the standard deviation as percentage of 

the average outcome, and see whether it decreases significantly when running over a larger set of 

runs. For each scenario the two situations are compared in Figure A. 9. There is a slight decrease 

Figure A. 7 Forecast error distributions for 9 weeks ahead forecasts per product. 
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noticeable in the standard deviation in most scenarios (96/112) when increasing the amount of runs 

from 10 to 20 and increasing the amount of periods from 50 to 80. On average this would mean a 

decrease of 0.765%, which is not considered to be significant enough compared to the extra time the 

simulation would take. 

When looking again at Figure A. 5 in 0 that describes the decrease on the 99%-half width interval to 

1 time the standard deviation for 10 observation, we can conclude that this finding could be expected. 
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Figure A. 9 Standard deviation comparison 
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Appendix I.  Operational Validity Classification Table 

According to the research on validation and verification of simulation models by Sargent (2003), 

operational validity can be classified according to the overview in Figure A. 10. 

Figure A. 10 Operational Validity classification 


