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Abstract 

This study investigates the integration of tactical production and inventory planning in a 

petrochemical environment. A model is developed which jointly optimizes production cycle 

lengths and inventory targets, under the assumption of fixed production sequences. The model, 

extended to take into account non-linearity of inventory holding costs, leads to significantly 

lower costs than sequentially optimized models. Furthermore, we derive how biased demand 

forecasts affect inventory levels in an environment of supply uncertainty. Finally, we investigate 

the relationship between recent feedstock price movements and the level of biasedness.  
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Management Summary 

Without targets having been increased, realized delivery capabilities have considerably risen in 

the last couple of years. Being able to fulfill much more demand directly from stock than 

targeted for is only possible by having more inventory installed than required, entailing higher 

inventory holding costs and, probably, reduced profitability. Having more inventory installed 

than required for satisfying service level targets can originate from inflated inventory targets, 

possibly due to an inadequate inventory planning model, and to inventory levels deviating from 

target. Both have been analyzed in this study, as discussed below. 

Biased Demand Forecasts 

Demand forecasts at SABIC turn out to be significantly positively biased, implying that demand 

forecasts significantly overestimate future demand levels. Measured over a three-year period, 

demand forecasts were found to overestimate next month’s demand levels by on average 10%. 

Planning production based on overly optimistic demand forecasts leads to higher inventory 

levels than targeted for. Although this effect is partly offset by aggregate production levels 

being, on average, lower than expected, average inventory levels are considerably higher than 

targeted for because of the biasedness of forecasts. A demand forecast bias of 10% is found to 

lead to an increase of the average inventory level of 6.0%, equivalent to an increase of the 

assumed safety stock level of 12.7%. The bias of demand forecasts must be reduced to less than 

4% to get inventory levels in line with targets. 

 
The effect of positively biased forecasts (the mean percentage error MPE measures the level of biasedness) 
on the average inventory level (   ) and the average inventory level just before arrival of production (  ). 

Factors Affecting the Level of Forecast Biasedness 

In order to provide concrete guidance for diminishing the forecast bias, several factors which 

might affect the level of biasedness were investigated. Differences in the level of biasedness 

between grades could not be explained by differences in demand and market dynamics. On the 

other hand, seasonal patterns were found to be involved: demand forecasts appeared to much 

more overestimate realized demand in the last quarter of the year than in the first quarter. 

Apparently, forecasters underestimate an end-of-year effect, which might have to do with 

customers targeting for lower inventory levels at the end of the year: 
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The level of forecast biasedness (measured by the mean percentage error MPE) on a quarterly basis, 

comparing realized demand and forecasted demand per quarter (indexed: realized demand in Q1 = 100). 

Besides, a significant positive relationship was found between previous-month (feedstock) price 

movements and the forecast bias level: when prices have increased relatively much in the 

previous month, the level of biasedness tends to be higher. This relationship is stronger for 

commodity grades, being more price-sensitive, than for specialty grades. 

Inventory Planning Model 

An inventory planning model, aligned between all polymerization plants in Europe, has been 

developed for determining safety stock levels required for satisfying target delivery capabilities. 

The model takes into account uncertainty from both demand- and supply side, the benefit from 

pooling inventories of different SKUs of the same grade, as well as the difference between 

specialty and commodity grades concerning customer reactions on out-of-stock situations. 

Joint Optimization of Tactical Production and Inventory Planning 

In the current tactical optimization process, tactical production and inventory planning 

outcomes are generated in separate models, which are sequentially optimized. As such, safety 

stock costs and external storage costs are not taken into account when determining optimal 

production cycle lengths, possibly leading to a suboptimal solution in terms of total costs. For 

this reason, a comprehensive model, integrating tactical production and inventory planning, has 

been developed. The integrated model enables joint optimization of production cycle lengths 

and inventory targets. As joint optimization takes into account the effect of the production cycle 

length on safety stock levels and external storage capacity required, it usually yields a 

significant reduction in total costs compared to sequential optimization: 

6,7% 

12,5% 

11,3% 

16,5% 

0%

2%

4%

6%

8%

10%

12%

14%

16%

18%

85

90

95

100

105

110

115

Q1 Q2 Q3 Q4

MPE (%) Demand 
Index 

Realized Demand Demand Forecast MPE (Quarterly Basis)



 

IX 
 

 
The benefit in terms of total costs of applying joint optimization of tactical production and inventory 

planning compared to sequential optimization. The distribution of the total cost benefit is generated through 
a simulation experiment. 

The cost benefit usually comes from providing a lower production cycle length than under 

sequential optimization, which is beneficial from the perspective of safety stock and external 

storage costs. Pursuing joint optimization turns out to be especially valuable if internal storage 

capacity is limited and the costs of external storage capacity are relatively high. 

Recommendations to SABIC 

The integrated production and inventory planning model has been developed into an Excel-

based tool, applicable to all of SABIC’s polymerization plants. Given the values of the input 

parameters, the tool simultaneously generates the optimal production cycle length and optimal 

inventory targets. Making use of the tactical planning tool is recommended, not only because it 

leads to a solution entailing lower total costs. A second major benefit is the standardization and 

alignment between Business Units, in contrast to the current situation, where as many models 

and spreadsheets are in use as there are polymerization plants. Having an automated tactical 

planning tool available, it is also recommended to run the tactical optimization process more 

frequently, for instance twice a year, instead of only once a year. More frequently running the 

tactical optimization process allows for better adapting to changing demand expectations, 

introduction of new grades and seasonality of grades. 

In order to get inventory levels in line with inventory targets, it is important to reduce the 

biasedness of demand forecasts. Based on the end-of-year effect and the tendency of forecasts to 

be more biased after considerable price increases, it is important to challenge the demand 

forecasts especially in the last quarter of the year and in times when prices are increasing. It is 

recommended to keep track of and publish forecast errors on, for instance, a monthly or 

quarterly basis. Increasing awareness of the existing forecast bias will help to diminish it. 

Finally, it is recommended not to level up demand forecasts when business management desires 

higher sales levels, which occasionally happens when inventory levels are high. Ensuring 

independency between demand forecasts and sales targets is recommended, as a positive 

forecast bias is likely to arise in such an environment. 
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1 Introduction 
We start this introductory chapter by defining the problem to be addressed in this study. 

Subsequently, we introduce the research questions and the project scope, before providing an 

overview of the report structure. 

1.1 Problem Statement 
Recent developments dramatically affect the plastics industry in Europe, as will be discussed in 

more detail in section 3.2. SABIC Europe Polymers too suffers from the global economic crisis, 

as well as from recent feedstock price developments provoked by the U.S. shale gas revolution. 

Turnover and profitability are under pressure for several years now, increasing the necessity to 

focus on customer value and cost minimization. 

Considering customer value from a supply chain planning perspective, SABIC Europe Polymers 

keeps track of customer service levels, measured as the percentage of customer orders fulfilled 

directly from stock. These service levels have substantially increased from 2010 onwards, at all 

three Business Units of SABIC Europe Polymers. Two of these three were even able to achieve 

stunning service levels of more than 99.5% in 2012, without having increased its targets. In fact, 

realized service levels have consistently been higher than targeted for in the last few years, as 

illustrated in Figure 1.1 below. 

 

Figure 1.1: Comparison of realized and target service levels per Business Unit of SABIC Europe Polymers from 
2008 to 2012. 

At first sight, there is nothing to worry about; delivering higher service than targeted for sounds 

great. Being able to fulfill more than 99.5% of customer orders directly from stock leads to 

higher sales and most probably also to increased customer satisfaction. Nevertheless, satisfying 

higher service levels than targeted for has a major downside. Fulfilling such a high percentage of 

orders directly from stock is only possible if much more inventory is installed than required, 

entailing increased inventory holding costs. Assuming that the service level targets represent 

optimal service levels based on the trade-off between the benefits (i.e., increased revenue and 

customer satisfaction) and costs (i.e., inventory holding costs) of delivering service, providing 

more service than targeted for leads to reduced profitability. 
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1.2 Research Questions 
This study aims at providing a solution for the problem identified in the previous section, 

linking the two key concepts of customer value and cost minimization. Both are captured by the 

main research question to be addressed in this study: 

 

To systematically address the main research question, it is subdivided into four sub research 

questions, which are introduced below. All four are identified based on reviewing scientific 

literature on inventory planning (see chapter 2) as well as the current inventory planning 

processes within SABIC Europe Polymers (see chapter 4). 

A discrepancy between service levels and targets might originate from two possible causes. At 

first, inventory targets might be inflated, possibly due to an inadequate inventory planning 

model, the objective of which is to translate service level targets into inventory targets. Within 

SABIC Europe Polymers there are indeed doubts whether the current models provide adequate 

inventory targets. Moreover, there is a lack of alignment: as many models are in place as there 

are production plants. Therefore, the first research question is dedicated to determination of 

inventory targets: 

1. How to determine inventory targets required for satisfying service level targets? 

Having adequate inventory targets alone is not sufficient when aiming to get service levels in 

line with service level targets. If inventory levels, in practice, significantly deviate from target 

inventory levels, service levels will also deviate from target. A discrepancy between the two 

might be due to inventory targets not adequately steered upon in operational planning and 

scheduling. However, for reasons of scoping (section 1.4), we do not investigate this possibility 

in this research project. On the other hand, we do take into account a second possible cause of 

misalignment between inventory levels and targets: production planning being driven on biased 

demand forecasts. We will investigate this possibility in research questions 2 and 3: 

2. If demand forecasts are significantly biased, what is the effect on inventory levels? 

3. What factors affect the level of biasedness of demand forecasts? 

Finally, in the current process, tactical production and inventory planning are sequentially 

conducted at SABIC Europe Polymers. Joint optimization of the two might lead to a more-cost-

effective solution for satisfying service level targets. Assessing the benefit of joint optimization 

compared to sequential optimization is captured by the fourth research question: 

4. What is the benefit of joint optimization of tactical production planning and tactical 
inventory planning compared to sequential optimization? 

1.3 Project Scope 
In order to ensure feasibility and adequate level of detail, several decisions have been taken 

regarding the project scope. Since the project is conducted at SABIC Europe Polymers, 

production and inventory planning of other divisions as well as other regions are outside the 

project scope. This implies that, although SABIC covers both the cracking and polymerization 

production steps in the production of plastics (see chapter 3), the project scope only includes 

How to cost-effectively satisfy service level targets at SABIC Europe Polymers? 
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the latter one. This is in line with daily business, as the cracking (SABIC Chemicals) and 

polymerization (SABIC Polymers) divisions are tightly integrated, but separate divisions.  

The sales volume of SABIC in Europe mainly consists of products produced in Europe (i.e., about 

90%). The remaining part is imported from production plants of SABIC in Saudi Arabia. As 

import products entail different supply dynamics than products produced in Europe (i.e., 

replenishment vs. production), it has been decided to focus this project solely on products 

produced in European production plants, leaving import products out of the project scope. 

As the project takes place on a tactical planning level (see chapters 2 and 4), the project scope 

comprises only stock levels determined on a tactical planning level. Hence, determination of 

stock levels which are set based on strategic considerations, i.e., strategic stock and iron stock 

(see chapter 4), will not be addressed in this research. Moreover, focusing on tactical planning 

implies that operational planning and scheduling is not taken into account in this project. 

1.4 Report Structure 
The structure of the remainder of this report is as follows. Key concepts of this research are 

introduced in the following chapter, providing an overview of the reviewed scientific literature 

on production processes in the petrochemical industry, production planning and inventory 

planning. The third chapter gives a description of the petrochemical industry as well as 

discussing recent developments heavily impacting the industry. Subsequently, the production 

and distribution network, the organization, and supply chain planning process at SABIC Europe 

Polymers are discussed in the fourth chapter. The four sub research questions (section 1.2) are 

then discussed one by one in the following chapters. Chapter 5 is dedicated to the development 

of the inventory planning model. Subsequently, in chapter 6 we investigate to what extent 

demand forecasts at SABIC are biased. Chapter 7 investigates what factors affect the level of 

biasedness of demand forecasts, which might lead to opportunities for getting inventory levels 

closer to targets. Assessing the benefit of an integrated model of production and inventory 

planning is conducted in chapter 8. The findings of chapters 5 to 8 are then translated into 

managerial insights in chapter 9. Finally, the main findings as well as limitations of this study 

and opportunities for further research are discussed in the concluding chapter 10. 
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2 Literature Review 
This chapter gives an overview of the reviewed literature, centered on the key concepts of this 

research project. The first section provides a short note on the type of production processes in 

the petrochemical industry. Subsequently, literature on tactical production planning is 

discussed, before concluding with a section on tactical inventory planning. 

2.1 Production Processes in the Petrochemical Industry 
Production processes in the petrochemical industry can be characterized as typical flow 

processes: the number of different products is small and the variety between different end 

products is low (Fransoo & Rutten, 1993). Little variety, low product complexity and the small 

number of production steps lead to all products having the same routing. Due to high change-

over times and the high production speed, production orders are usually large. 

Total market demand for the relatively small number of products is high, which justifies 

investments in specialized single-purpose equipment, which is usually working continuously. 

Because of flow process industries being highly capital-intensive, the main focus of firms in such 

industries is on high capacity utilization and minimizing set-ups (Silver, Pyke, & Peterson, 

1998). For this reason, production usually takes place in cycles, which heavily influences the 

replenishment lead time. 

2.2 Tactical Production Planning 
At first, a classification of production planning levels is discussed, before zooming in onto 

hierarchical production planning in a flow process context. 

2.2.1 Levels of Production Planning 

Anthony (1965) proposes that managerial activities fall into three levels: strategic planning, 

tactical planning and operational control. Strategic planning is of long-range scope and is a 

responsibility of senior management. Tactical planning is a medium-range activity concerned 

with the effective use of existing resources within a given market situation. Finally, operational 

control involves short-range actions to efficiently carry out the day-to-day activities of the 

organization. Each of these levels, tailored to a production context, will now be discussed in 

more detail. A summary of the differences between the different planning levels is shown in 

Figure 2.1 below. 

  
Figure 2.1: Managerial decision hierarchy in a production context (Silver et al., 1998). 
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Strategic, long-term decisions of relevance to production include “which products to produce, 

on which of the dimensions of cost, quality, delivery, and flexibility to compete; where to locate 

facilities; what production equipment to use; and long-range choices concerning raw material, 

energy, and labor skills” (Silver et al., 1998, p. 537). Strategic planning encompasses structural 

decisions, setting the boundaries for the tactical planning level.  

Tactical, medium-term planning typically has a planning horizon of six months to two years into 

the future. The objective of tactical planning is to ration available resources to meet demand as 

effectively and as profitable as possible, subject to the constraints posed by physical production 

capacity and the projected demand pattern established by the strategic plan. Decisions on the 

tactical level concern work force size, amount of overtime, number of shifts worked, production 

rates, inventory levels and shipping modes used.  

These aggregate tactical plans, in turn, pose constraints to the operational level, but also provide 

stability to what can be done on this short-term level. On the operational control level, detailed 

schedules are provided which involve the assignment of products to machines, the sequencing 

and routing for orders through the plant and determination of replenishment quantities for 

each stock keeping unit. Typically, detailed schedules have a horizon of one week, one day or 

even one hour. 

2.2.2 Hierarchical Production Planning 

The approach which explicitly develops a sequence of models accounting for the 

interconnections among the three planning levels is known as hierarchical production planning, 

introduced by Hax and Meal (1975). Once strategic decisions are made, an aggregated model is 

required to assist tactical production planning. Then, explicitly subject to the constraints 

imposed by the aggregate plan, the short-term production schedule is developed with the aid of 

a more detailed model. “Such a hierarchical decision system permits effective coordination 

throughout the organizational structure, establishing consistent sub goals at each level, which 

become progressively more specific as they approach the actual day of manufacture” (Silver et 

al., 1998, p. 546).  

According to Fransoo (1993), this general hierarchical planning approach must be tailored to 

accommodate implementation in flow process industries. In these industries, set-ups have a 

primary impact on total production capacity and production costs, but are not explicitly 

incorporated as a dominant control parameter in the general hierarchical planning model. 

Therefore, Fransoo (1993) states that set-up costs, and possibly set-up times, must be explicitly 

accounted for already in the aggregate tactical plan. At the operational control level, the tactical 

production plan is disaggregated into a production schedule of specific products to be produced 

in particular time periods at each manufacturing facility. 
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2.3 Tactical Inventory Planning 
Target safety stock levels, defined as the amount of inventory kept on hand, on average, to allow 

for the uncertainty of demand and supply in the short run, are determined on a tactical planning 

level. Several factors, discussed below, determine the extent to which safety stocks are required. 

Service Level Metric 

Safety stock levels are usually set based upon a desired level of customer service, serving as a 

constraint in the determination of safety stock levels. Two basic service level metrics are widely 

used: the cycle service level (P1) and the fill rate (P2) (Silver et al., 1998). The cycle service level 

P1 measures the probability that a stock-out event will not happen during a replenishment cycle. 

A stock-out event is defined as an occasion when the on-hand stock drops to zero. The P2 metric 

measures the expected percentage of overall demand satisfied directly from stock. It is based on 

the overall quantity of customer demand that is met by stock on hand, irrespective of the 

number of cycles when stock-out events occur. 

Stock-out: Lost Sales or Backorders 

For inventory modeling purposes an assumption is required considering what happens to 

demand when there is a stock-out situation (Silver et al., 1998). Usually, either complete 

backordering or complete lost sales is assumed. Under complete backordering, any demand, 

when out of stock, is backordered and filled as soon as an adequate-sized replenishment arrives. 

This situation is often encountered by retailers ordering from wholesalers and in captive 

markets. Under complete lost sales, any demand, when out of stock, is lost, as the customer goes 

elsewhere to satisfy the need. This situation is most common for customers buying from 

retailers. As backorders decrease the inventory position, assuming complete backordering leads 

to higher safety stock levels than under complete lost sales.  

Supply Uncertainty 

In most supply chains, upstream variability is a major source of uncertainty (Tajbakhsh, 

Zolfaghari, & Lee, 2007). Uncertainty of supply can be categorized as either supply timing 

uncertainty (i.e., stochastic lead times) or supply quantity uncertainty, originating from random 

yield, random supplier availability or random capacity. Ignoring significant supply uncertainty 

in inventory planning models can cause significant degradation of service, and should therefore 

be incorporated. 

Probability Distribution of Demand (and Supply) Uncertainty 

For inventory modeling purposes, an assumption is required regarding how demand forecast 

errors (and, possibly, deviations in supply quantities, see previous paragraph) are distributed. 

Standard inventory planning models commonly rely on the assumption that demand forecast 

errors are characterized by a normal probability distribution. Assuming a normal distribution is 

advocated by Silver et al. (1998) for three reasons, the first one being that usually the normal 

distribution empirically provides a better fit to data than most other suggested distributions. 

The second reason originates from the (production) lead time often not equaling the forecasting 

period. Particularly if the (production) lead time is long, forecast errors in many periods are 

added together, thereby yielding a normal distribution through the central limit theorem. The 

final reason is that the normal distribution leads to analytically tractable results. 
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The Impact of Biased Forecasts on Inventory Levels 

Inventory levels can significantly deviate from targets when demand forecasts are significantly 

biased (Manary & Willems, 2008). In case of consistently negatively biased forecasts, i.e., when 

actual demand is consistently higher than forecasted, the inventory level just before arrival of 

new supply will on average be lower than the safety stock level. As a result, out-of-stock 

situations will occur more often than aimed for, leading to a lower realized service level than 

targeted. Trying to maintain target customer service, production planners might break the 

planned production schedule by shortening the production cycle lengths. This entails an 

increase in production transitions and corresponding transition costs, thereby decreasing the 

utilization of production capacity in the long run. This situation is especially harmful in high 

capacity utilization environments (Schuster et al., 2013). The opposite situation occurs when 

forecasts are consistently higher than actual demand, i.e., when forecasts are consistently 

positively biased. When production planning is driven on consistently positively biased 

forecasts, the inventory level just before arrival of replenishment will on average be higher than 

the target safety stock level, leading to an undesired increase of inventory holding costs. This 

situation is especially detrimental when inventory holding costs are high and/or storage 

capacity is limited (Schuster et al., 2013). 
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3 The Petrochemical Industry 
SABIC Europe Polymers is part of the petrochemical industry, which is one of the industries 

involved in the production of plastics. For readers who are not familiar with this industry, we 

describe the petrochemical industry as well as its suppliers and customers. Furthermore, we go 

into recent developments which heavily impact the petrochemical industry in Europe. 

3.1 The Plastics Supply Chain 
To give more insight into the business environment, the supply chain of plastics is introduced in 

Figure 3.1 below. It basically consists of five echelons, which will be discussed in order from 

upstream to downstream, ultimately ending at the consumer end market.  

 
Figure 3.1: The plastics supply chain. 

3.1.1 Upstream: Oil and Gas Industry 

Plastics production usually starts at the oil and gas industry, the fifth echelon in Figure 3.1, as 

the majority of plastics is based on by-products of natural gas processing and crude oil refinery. 

Natural gas is processed in order to remove water, impurities (e.g., hydrogen sulfide and carbon 

dioxide), and heavier hydrocarbons from the natural gas stream, in order to allow the natural 

gas to move through a pipeline network (Petrostrategies Inc., 2000). After removal from the 

natural gas stream, the heavier hydrocarbons, known as natural gas liquids (NGL), are 

separated via distillation into their primary components: ethane (C2H6), propane (C3H8), butane 

(C4H10), and natural gasoline. The majority of NGLs is used as feedstock for the petrochemical 

industry, as they are more valuable as petrochemical feedstock than as fuel applications. 

Like natural gas, crude oil is also made up of hydrocarbons; in fact, crude oil comprises 

hundreds of different hydrocarbon types all mixed together. In order to get useful components 

out of the crude oil, these different types of hydrocarbons have to be separated, which is carried 

out in oil refineries. The refining process starts by heating crude oil, leading the various 

hydrocarbon chains to be pulled out by their vaporization temperatures, thereby converting all 

hydrocarbons into the gaseous state (Freudenrich, 2000). These gases are then passed through 

a distillation column, where the key principle of oil refinery is applied: longer hydrocarbon 

chains have progressively higher boiling points (Elmhurst College, 2003). Given the fact that 

gases condense into liquids as the temperature drops below its boiling point, the various 

fractions can thus be separated by distillation. As the temperature decreases when getting 

higher into the distillation column, the different oil fractions are drown off the distillation 

column at various heights. For several of these fractions it is necessary or desired to further 

process them, ultimately resulting in a range of oil derivatives, mainly characterized by the 

number of carbon atoms. Of these oil derivatives, only naphtha is a major feedstock for the 

petrochemical industry. However, naphtha is in fact only a by-product of crude oil refinery, its 

main purpose being the production of gasoline, kerosene, and heating oil (i.e., gas oil). It is 
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estimated that in Europe only 5.5% of crude oil is actually processed into naphtha 

(International Energy Agency, 2013). 

3.1.2 Petrochemical Industry 

The next two echelons within the plastics supply chain comprise the business of the 

petrochemical industry (Figure 3.1). Due to its capital intensity and for historic reasons the 

industry is dominated by large players, some of them belonging to the biggest companies in the 

world, such as SABIC, Dow Chemical, Borealis, and Ineos (Brandstädter, 2013). The production 

processes in the third and fourth echelon are usually tightly integrated and covered by the same 

petrochemical giant. Polymer plants (echelon 3) are generally located in the close neighborhood 

of a cracker (echelon 4), making close integration possible. Even if the two production steps on 

the same industrial complex are operated by two different companies, long-term contracts lead 

to a highly integrated situation. 

3.1.2.1 Cracker 

The first of two petrochemical echelons in the plastics supply chain consists of a production unit 

centered around a cracker. A cracker is dedicated to a certain type of feedstock, either natural 

gas liquids or naphtha (see previous section), but allow flexibility to some extent (Brandstädter, 

2013). Most crackers in Europe are dedicated to naphtha feedstock, which is transported to 

cracker locations by liquid bulk vessels and through pipeline networks. In Figure 3.2 below the 

naphtha cracking production process is illustrated. 

 
Figure 3.2: Naphtha cracking (Yeochun NCC, 2013). 

Within the cracker the naphtha gets diluted with steam. Then it is briefly heated, without the 

presence of oxygen, at a temperature around 850°C. As a result, after undergoing some more 

production steps (Figure 3.2), the long-carbon chains in naphtha split up and are transformed 

into ethylene, propylene, and a variety of other products. Ethylene (C2H4) and propylene (C3H6), 

which form the main input for the subsequent processes in plastics production, are categorized 

as olefins (Elmhurst College, 2003). Olefin output rates are heavily dependent on several 

factors, but it is estimated for naphtha crackers in Europe that 31% of the cracker’s output 

consists of ethylene and 16% of propylene (Patel, 2010). Valuable by-products of naphtha 

cracking are the C4-stream derivatives (e.g., butadiene) and the class of aromatics (more than 5 

carbon atoms), consisting of benzene, toluene, and xylenes. These by-products are further 

processed into an immense range of end products, ranging from aspirin to sports equipment 

and computers (Association of Petrochemicals Producers in Europe, 2013). 
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3.1.2.2 Polymer Plant 

Polymers represent chains of many single molecules that are joined together via a process 

called polymerization (Innovateus, 2013). The single molecule units are known as monomers 

(mono means ‘one’), whereas a chain of repeated monomers is called a polymer (poly means 

‘many’). Polymers can either be natural or synthetic, the latter one including the large group 

known as plastics. Chemists’ ability to engineer them to yield a desired set of properties (like 

strength, stiffness, density, heat resistance, and electrical conductivity) has greatly expanded the 

many roles of synthetic polymers (Lower, 2013). 

The olefins ethylene (C2H4) and propylene (C3H6), coming out of the cracker, are the monomers 

used as main input for conversion into the polymers polyethylene (PE) and polypropylene (PP). 

These two polymers, belonging to the polyolefin class, are the mostly used plastics in the world. 

The main applications of PE are in flexible packaging, such as film, food packaging, carrier bags, 

and photo-coatings on the one hand, and rigid packaging, like bottles, cans, crates, and boxes, on 

the other hand. PE can be subdivided into high density PE (HDPE), low density PE (LDPE), and 

linear low density PE (LLDPE). PP is much stronger and tougher than PE. Its main applications 

are in stronger packaging, fibers, caps and closure, automotive parts, and pipes. 

In Figure 3.3 below the main inputs and production steps of PP are illustrated. The high-level 

production process of PE is broadly similar to PP’s production process, except that no propylene 

is added. Hence, the explanation below of PP’s production process is also applicable to PE. 

 
Figure 3.3: Production process of Polypropylene (PP). 

The polymerization process takes place continuously in either one (i.e., unimodal) or two (i.e., 

bimodal) chemical reactors, which depends on certain desired characteristics, such as density 

and viscosity. Catalysts are present in these high-pressure reactors to allow the polymerization 

reaction to take place. The resulting polymers come out of the chemical reactor(s) as powder, 

which is subsequently converted to granulate, as it is easier to handle for customers. This 

conversion into granulate is performed in an extruder, where also one or more additives are 

added. These additives determine the final characteristics of the plastic (e.g., color) to a great 

extent. As such, both PP and PE consist of various grades, each grade having a unique set of 

(chemical) properties. 

3.1.3 Downstream: Converters and OEMs 

The plastic granules are shipped to converters, forming the second echelon within the plastics 

supply chain. The granules are processed into the desired shape through various techniques, 

such as injection molding, blow molding, and extrusion (coating). The end products of 

converters, like pipes and films, are sold to OEM businesses such as automotive and 

construction. They use it for applications into or packaging of their products, before shipment to 

consumer end markets.  

For some grades, traders might act as intermediary between polymer producers and converters 

(Figure 3.1). Part of the business model of these traders is based on buying stocks from polymer 
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producers having much inventory, and storing it until there is a profitable selling opportunity. 

Hence, they build stock positions to utilize price fluctuations. 

3.2 Recent Developments in the Petrochemical Industry 
The petrochemical industry in Europe is going through a hard time already since the collapse of 

the American investment bank Lehman Brothers in September 2008. Quickly, companies all 

over the world started to realize that (short-term) financing would become troublesome in the 

upcoming period. “Cash is king” became the adage of most companies, which resulted in strong 

reductions in investments and capital expenditure, as well as costs reductions. It also made 

companies eager to reduce their working capital, which was pursued by quickly reducing 

stocks. The combined effect of cumulative de-stocking and the bullwhip effect led to huge 

demand drops, especially for companies upstream in a supply chain (Peels, Udenio, Fransoo, 

Wolfs, & Hendrikx, 2009). This unprecedentedly huge negative demand shock ended a long 

period of steady growth for the European plastics industry, as illustrated in Figure 3.4 

(Assocation of Plastics Manufacturers Europe, 2013). 

 

Figure 3.4: European Union plastics industry production (Association of Plastic Manufactuers, 2013). 

The subsequent global economic crisis continues to have a huge impact on the European 

petrochemical industry. Important end markets for the industry, such as construction and 

automotive, have not (yet) returned to the demand level of 2008 (see Figure 3.4). Besides, 

companies keep on pursuing tighter stock management than previously, in order to keep 

working capital under control. 

A second global development impacting the European petrochemical industry, besides the 

economic crisis, is the so-called shale gas revolution. Improved fracking (i.e., hydraulic 

fracturing) technology makes large-scale shale gas extraction possible, in particular in the 

United States (U.S. Energy Information Administration, 2013). The increased natural gas 

reserves have caused U.S. natural gas prices to drop considerably, as illustrated in Figure 3.5. As 

natural gas liquids are a major feedstock for the petrochemical industry (section 3.1.1), 

petrochemical companies in the U.S. have thereby obtained a feedstock price advantage. As 
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such, they have cheaper access to feedstock than for instance competitors in Europe. As a 

consequence, export opportunities for Europe have considerably declined.  

 
Figure 3.5: Natural gas prices U.S. drop in reaction to shale gas revolution (Washington Post, 2013). 

In reaction to structurally lower demand levels, plastics production levels in Europe have been 

reduced as well (Figure 3.4). However, production capacity hardly has been reduced, leading to 

a situation of overcapacity nowadays. As crackers and polymer plants are usually highly 

connected large-scale investments having long amortization times, closing down production 

capacity is not decided easily. As a consequence, utilization rates have been substantially 

declining. Considering the high fixed costs of the industry (i.e., high operational leverage), 

profitability has been decreasing. 

Not only did the economic crisis lead to lower demand levels, it also induced increased demand 

volatility (Corbijn, 2013). Whereas demand before 2008 could be characterized as quite stable, 

in the last few years great fluctuations have been encountered, both in demand volumes as well 

as in monthly prices. Customers nowadays increasingly delay their orders if they expect prices 

to decrease further, resulting in low demand troughs. On the other hand, huge volumes are 

ordered at once when prices are assumed to be low, leading to high demand peaks.  
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4 Supply Chain Planning at SABIC Europe Polymers 
This chapter starts by shortly introducing petrochemical company SABIC. Subsequently, we 

zoom in onto SABIC Europe Polymers, the division within SABIC where this research project has 

been conducted. In the final section we discuss three supply chain planning process at SABIC 

Europe Polymers, which are relevant to our research. 

4.1 SABIC 
SABIC, the Saudi Basic Industries Corporation, is the second-largest globally diversified non-oil 

chemical company. It is headquartered and originated in Riyadh, Saudi Arabia. The company is 

listed at Tadawul, the Saudi Stock Exchange, with the Saudi Arabian state owning around 70% 

of its shares. SABIC was founded by royal decree in 1976 in the Kingdom of Saudi Arabia, when 

it started transforming natural gas, a useless by-product of oil exploration, into valuable 

petrochemical products which could be marketed. Nowadays SABIC has become one of the 

fastest-growing global petrochemical companies employing 40,000 employees worldwide. 

SABIC operates in more than 40 countries and has 60 manufacturing and compounding plants 

in locations across the Middle East, Asia, Europe, and the Americas.  

SABICs generated sales revenue over 2012 was $50 billion, yielding a net income of $6.6 billion. 

The company is composed of six divisions: Chemicals, Innovative Plastics, Performance 

Chemicals, Polymers, Fertilizers, and Metals. Total production in 2012 was equal to 72 million 

metric tons, the major part represented by Chemicals (64%) and Polymers (16%).  

Production activity in Europe was initiated by SABIC in 2002 through acquisition of the 

petrochemical division of DSM, thereby obtaining production capacity in Sittard-Geleen, the 

Netherlands, and Gelsenkirchen, Germany. European business was further extended in 2007 

when SABIC acquired plants of Huntsman Corporation in Wilton, United Kingdom. Together 

these production plants make up for the European part of the Chemicals and Polymers 

divisions, headquartered in Sittard. A third division active within Europe is Innovative Plastics, 

its European headquarter located in Bergen op Zoom, the Netherlands. It entirely consists of the 

former European plastics division of General Electric, which SABIC acquired in 2007 as well. At 

this moment, nearly 6,000 people are employed by SABIC in Europe. 

4.2 SABIC Europe Polymers 
SABIC Europe Polymers is the European part of SABIC’s Polymers division. Its production and 

distribution network, as well as its supply chain management organization, are discussed in this 

section. SABIC Europe Polymers will be referred to as SABIC in the remainder of this report. 

4.2.1 Production and Distribution Network 

SABIC markets a broad range of grades in Europe, most of them (90%) produced by its 

production plants in Europe. The remaining 10% is imported from production plants in Saudi 

Arabia. SABIC has three production sites in Europe, situated in The Netherlands (Geleen), 

Germany (Gelsenkirchen), and the United Kingdom (Wilton). On Chemelot, the industrial 

complex in Geleen, seven polymerization plants are located, whereas in Gelsenkirchen five 

plants are operated. In 2007, SABIC acquired a production site of Huntsman Corporation in 

Wilton, including one polymerization plant. All these plants are supplied by naphtha crackers, 

located as usual on the same production site (section 3.1.2). The crackers in Geleen and Wilton 

are fully owned by SABIC, whereas the polymer plants in Gelsenkirchen are supplied by a 

cracker which is jointly owned by SABIC and BP. 
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After production, the plastic granules are transported to storage facilities. If available, grades 

are stored in internal storage facilities, which are owned by SABIC and located on the 

production sites. If internal storage capacity is insufficient, one makes use of external storage 

facilities in the close neighborhood of the production sites, which are rented from logistics 

service providers. The type of storage facility depends on whether the granules are packed or 

not (i.e., bulk): packed granules are stored in warehouses, whereas bulk granules are stored in 

silos. Every grade-packaging combination is a unique stock keeping unit (SKU) within SABIC.  

The grades at these after-production storage facilities are replenished based on a make-to-stock 

policy. As such, this is where the customer order decoupling point (CODP), defined as the 

penetration point of a customer order into the supply chain (De Kok & Fransoo, 2003), is 

positioned. Import grades, after being transported over sea, are stored in one of the import hubs 

in Europe. As these are replenished on a make-to-stock basis, the customer order decoupling 

point of import grades is positioned at the hubs. 

4.2.2 Organization of Supply Chain Management 

SABIC Europe Polymers consists of three Business Units (BU), each of them representing a 

different type of plastic (see section 3.1.2). The three Business Units are further subdivided into 

so-called Value Teams (VT), each VT comprising a group of grades serving a specific market. The 

Supply Chain Execution department is responsible for management of SABIC’s supply chain, 

which includes sourcing, contracting, order processing, production planning, and inventory 

management. The latter two, which encompass the focus of this research, are performed by the 

sub-department Supply Chain Planning. 

Various roles are involved within Supply Chain Planning, its main objective being to cost-

effectively balance supply and demand. The supply chain planning managers (SCP) are 

responsible for demand, supply and inventory planning of the three Business Units. Day-to-day 

production scheduling is performed by master production schedulers (MPS), whereas 

scheduling the import stream is carried out by replenishment planners (RP). The last role 

within Supply Chain Planning is the demand chain coordinator (DCC), who is responsible for 

demand planning of a particular Value Team. 

4.3 Supply Chain Planning Processes 
The supply chain planning hierarchy, discussed in chapter 2, is observed at SABIC as well. 

Decisions concerning the product portfolio, yearly budgeting, and capacity investments are 

taken on the highest, strategic planning level. These decisions, having a long-term impact, are 

under responsibility of SABIC’s senior management and are therefore out of scope for this 

research. Decisions with a time horizon of one month up to a year are taken on the tactical 

planning level, comprehending the tactical optimization process and the monthly sales and 

operations planning processes. On an operational planning level, more detailed short-term 

planning takes place, among them production scheduling by the master production schedulers. 

The operational planning horizon ranges from several hours up to a month.  

As our research is dedicated to tactical planning, in this section we delve deeper into the tactical 

planning processes. Moreover, a short note on demand planning is provided, as it is a main 

driver of production and inventory planning. 
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4.3.1 Tactical Optimization Process 

The objective of the tactical optimization process is to determine optimal production plans and 

inventory targets for the upcoming year, for every production plant. The current process 

consists of a four-step procedure, illustrated in Figure 4.1 below, which takes place at the end of 

each year. 

 
Figure 4.1: Four-step procedure used in the tactical optimization process. 

Because technical knowledge of production processes is required, the first two steps are carried 

out by the Manufacturing department. In the first step, all grades are allocated to a production 

plant, resulting in the production mix per plant. The second step consists of determining for 

each plant the optimal production sequence, which is highly dependent on the transitions 

between grades. As polymerization plants run continuously, as shutting down and starting up 

the chemical reactors is highly time-consuming and very costly, two consecutively produced 

grades are temporarily mixed together when changing grades. The quality of the plastics 

produced during the transitions is lower than the usual prime quality. Because the transition 

times and volumes of so-called off-specification quality are highly sequence-dependent, 

optimizing the production sequence is an important step. 

The latter two steps of the tactical optimization process are performed by Supply Chain 

Planning, as they are responsible for balancing supply and demand as well as keeping inventory 

levels under control. In the third step, the optimal production cycle length is determined, 

specifying target production quantities and cycle stock levels for each grade. The final step 

consists of determining optimal inventory targets, safety stock targets in particular. Safety 

stocks must ensure that customer service targets are satisfied, which are determined on a 

strategic level. The customer service level metric used by Supply Chain Planning is the delivery 

capability (DC), defined as the percentage of customer orders fulfilled directly from stock. As we 

will see in section 5.2.2, the delivery capability metric slightly differs from the P2 service level, 

which was introduced in chapter 2. 

Besides cycle and safety stock, two other stock types are used within SABIC. Strategic stock is 

used as needed to build up stock in preparation of events like big planned shutdowns, 

introduction of new grades and promotional campaigns. Iron stock is dedicated to a specific 

customer, for whom the materials supplied by SABIC are indispensable for its production 

process. The purpose of iron stock is to ensure delivery even in unusual circumstances like huge 
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unplanned plant shutdowns. Both strategic and iron stock levels are set on a strategic planning 

level, apart from the tactical optimization process. 

4.3.2 Sales & Operations Planning 

The outcomes of the tactical optimization process serve as a guideline for the monthly Sales & 

Operations Planning (S&OP) process, which is conducted for every Value Team separately. The 

overarching goal of the S&OP process is to maximize utilization of the production plants while 

keeping stock levels in line with optimal stock targets coming out of the tactical optimization 

process. When inventory levels are low, one must decide on how to ration available supply 

among customers. If inventory levels are expected to continue to be high, business management 

may decide to push more sales into the market than according to the demand forecasts. A 

second option in this case is to purposefully build up inventory, i.e., strategic stock, to cover 

future events, such as planned maintenance stops. Thirdly, one may decide to reduce production 

levels, which can be executed either by lowering the production speed or by temporarily 

shutting down one or more production plants. 

Ultimately, the S&OP process results in an S&OP plan, where supply and demand levels are 

agreed upon. This plan provides guidance for short-term operational planning and scheduling, 

such as production scheduling, storage capacity planning, and transport planning. 

4.3.3 Demand Planning  

Being a main driver of production planning and inventory management, we shortly go into 

demand planning, defined as the process of developing demand forecasts. Around the 15th day 

of each month, the various sales offices across Europe communicate their demand expectations 

to the demand chain coordinators. Regional demand expectations are aggregated into grade-

level forecasts per Value Team, which are used as input into the S&OP processes.  

Because of the poor predictive power of statistical forecasting models with respect to short-

term demand, its use within SABIC is limited (Kleuskens, 2011). The poor performance mainly 

originates from the unpredictability of (short-term) development of market prices, which 

heavily impact short-term demand levels. 
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5 Inventory Planning Model 
In order to enable cost-effective fulfillment of service level targets, it is important to have an 

adequate inventory planning model for the determination of inventory targets (see chapter 2). 

In essence, the objective of the model is to translate strategically determined delivery capability 

targets into tactical safety stock levels, as illustrated in Figure 5.1. The model outcomes, safety 

stock levels, serve as a guideline for operational decision making. 

 
Figure 5.1: Objective of the inventory planning model. 

This chapter is dedicated to the development of the inventory planning model, in order to come 

up with an answer to the first research question: 

 

5.1 Uncertainty Analysis 
Silver et al. (1998) define safety stock (i.e., the inventory target) as the amount of inventory kept 

on hand, on average, to allow for the uncertainty of demand and supply in the short run. Hence, 

it is relevant to analyze both sources of uncertainty for development of an adequate inventory 

planning model. 

5.1.1 Demand Uncertainty 

Uncertainty from demand-side originates from not precisely knowing in advance how much will 

be ordered in future time periods. Hedging against situations of unexpectedly high demand is 

the main reason for holding safety stock. When demand is forecasted, uncertainty from 

demand-side is due to forecast errors (Tibben-Lembke & Amato, 2001). However, as demand 

figures (i.e., forecasted and actual demand) are not recorded by SABIC, we have to resort to 

sales figures instead. Hence, we have to assume that the distribution of demand forecast errors 

is similar to the distribution of sales forecast errors. This assumption is reasonable as long as 

service levels are high; out-of-stock situations are rare, implying that sales and demand are 

mostly equal. As realized service levels at SABIC were very high in the last few years (section 

1.1), the effect of using sales forecast errors as proxy for demand forecast errors in the 

upcoming analysis can more or less be disregarded. The sales forecasts for next month, frozen 

on the 28th day of the month, are obtained from SABICs information system for all grades of the 

three Business Units for January 2010 up to and including December 2012. These grades were 

compared to a list of active grades, composed in September 2012. This active grade 

classification has been filtered on several characteristics to get an adequate sample of grades. 

Only prime grades are included, thereby excluding grades of off-specification quality. As import 

grades are out of the project scope, a second filter ensured that only grades produced in 

European production plants are included. Thirdly, test grades, which are used for new product 

trials, and grades to be phased-out are excluded as well. Finally, the remaining commercial 

grades are filtered based on the planning strategy. Only make-to-stock (MTS) grades are taken 

1. How to determine inventory targets required for satisfying service level targets? 
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into account, leaving out make-to-order (MTO) grades. Application of the filters above gave a 

sample of 218 prime MTS grades produced on polymerization plants in Europe. 

The forecasted and realized sales data were then examined on missing data. Grades containing 

at least one month with either no forecast or realized sales filled were excluded from the 

analysis. Grades which are not forecasted during the complete period, for example, because of 

being commercialized after January 2010, are thereby excluded. However, it might be that 

highly seasonal grades are excluded as well, if indeed in one or more months no sales were 

generated because of seasonality effects. Nevertheless, the amount of such highly seasonal 

grades is limited in the plastics industry. Moreover, grades prone to such high seasonality 

usually follow an MTO-strategy and have therefore been filtered out before. Finally, 111 of the 

218 were excluded because of missing data, providing a sample of 117 active grades with 

complete data over a three-year period. These 117 grades make up for 85.5% of the cumulative 

sales volume of active prime MTS grades produced in Europe over the years 2010 to 2012. 

Forecast errors       are computed for the grades in our sample as follows: 

                 (5.1)  

Where       represents the forecast error of grade   in month  ,      the one-period ahead 

forecast of grade  ’s demand in month  , and      the realized sales of grade   in month  . All 

quantities are in metric tons. January 2010 is the first month (   ), December 2012 the last 

one (    ). Hence, the sample size per grade is 36 months. 

Before proceeding, the obtained forecast errors are examined on the presence of outliers, 

because such extreme values might disproportionally influence the outcomes of data analysis 

such as distribution fitting (Hair et al., 2009). Outliers are identified by computing standardized 

z-scores for each grade. As recommended for sample sizes smaller than 80, months with an 

absolute standardized z-score greater than 3 are denoted as outliers (Hair et al., 2009). In total 

nine forecasts were detected as extremely negative (i.e., z-score lower than -3), whereas sixteen 

other forecasts were classified as extremely positive (i.e., z-score greater than 3). These extreme 

observations are excluded from the sample. 

Normality Testing 
Normality tests of the forecast errors are used to assess the fit to the normal probability 

distribution, which is the preferred distribution for inventory modeling purposes (section 2.3). 

Because of the large amount of data, i.e., three years of monthly data for 117 grades, formal 

statistical tests of normality are preferred over graphical analyses of normal probability plots. 

The Kolmogorov-Smirnov and Shapiro-Wilk tests are the two most commonly used goodness-

of-fit tests for normality. The latter one is more appropriate for small sample sizes ( <50), 

whereas the first one is preferred for larger samples size ( >50) (Hair et al., 2009). Considering 

the relatively small sample size per grade (34 to 36 observations, depending on detected 

outliers), the Shapiro-Wilk test is used in this section. It tests the null hypothesis that the actual 

distribution of the observed data is equal to the normal distribution. As the value of the Shapiro-

Wilk statistic is not interpretable, the p-value is used to indicate how likely a normal 

distribution is (Hair et al., 2009). A significance level of 1% is recommended to avoid too strict 

rejections of normality. If the p-value is lower than the significance level, the null hypothesis is 

rejected. The outcomes of the Shapiro-Wilk tests, obtained using the statistical software package 

SPSS, are presented in Appendix I. As for 110 out of the 117 grades the p-value is greater than 

0.01, for 92.5% of analyzed grades the null hypothesis cannot be rejected.  
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In addition to the Shapiro-Wilk test, two other measures are used to assess the fit to normality. 

The first measure, skewness, describes the balance of the distribution; a positive skew denotes a 

distribution shifted to the right, whereas a negative skewness reflects a shift to the left. As the 

normal distribution is balanced, significant skewness indicates a deviation from normality. The 

skewness of a grade   is computed as follows: 
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Where    is the sample size of grade   and  ̂  the estimated standard deviation of the sample of 

forecast errors of grade  . The second measure, kurtosis, refers to the peakedness of the 

distribution as compared to the normal distribution, which has a kurtosis level equal to 3. 

Distributions that are taller or more peaked than the normal distribution are called leptokurtic, 

whereas a flatter distribution is referred to as platykurtic. The level of kurtosis of grade   is 

calculated using the following formula: 
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In order to test for the significant presence of skewness and kurtosis, standardized values of 

skewness and kurtosis are computed (Hair et al., 2009): 
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(5.5)  

The computed z-values, presented in Appendix I, are compared to the critical value, which is 

based on the desired significance level. Again, a significance level of 1%, corresponding to a 

critical value of 2.58, is recommended. Computed z-values greater than 2.58 or lower than -2.58 

indicate that the forecast errors are non-normally distributed. The results indicate a significant 

skew for six of the analyzed grades, all of them positively skewed (i.e.,              > 2.58). 

Concerning kurtosis, for 10 out of 117 grades significant peakedness was identified, all of them 

indicating the presence of leptokurtosis (i.e.,              > 2.58). Combining both measures of 

deviations from normality, for 90.6% of all grades analyzed (106 out of 117) no significant 

deviations from normality were identified. As such, the results reinforce the outcome of the 

Shapiro-Wilk test, that the normal distribution provides a good fit to forecast errors at SABIC. 

5.1.2 Supply Uncertainty 

In a similar vein to demand uncertainty, supply uncertainty originates from not exactly knowing 

beforehand how much will be supplied; it may be more or less than expected. Supply 

uncertainty at SABIC arises from unplanned disruptions of the production process, mainly due 

to defects of the polymerization reactors or extruders. Disruption of supply might also be 

caused by the temporary shortage of required input materials such as ethylene. Quality 

problems are a third source of supply uncertainty; grades not fulfilling quality specifications 

cannot be marketed as prime grades. As a consequence, the supply volume of prime quality will 

be lower than expected. Duration of unplanned shutdowns varies from one hour up to even 

more than two weeks. Nevertheless, unplanned disruptions lasting more than a week are rare.  
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Data Selection 
Based on the supply uncertainty classification of Tajbakhsh et al. (2007), supply uncertainty at 

SABIC can be characterized as either supply timing uncertainty (i.e., lead time uncertainty) or 

supply quantity uncertainty. This because the unplanned supply disruptions described above 

lead to a delay in production and ultimately in less supply volume than planned for. As such, 

data on supply timing or supply volumes might be used for analysis of SABIC’s supply 

uncertainty. 

Data on supply timing consists of realized production cycle lengths, equivalent to realized 

production lead times. There are two reasons why realized production lead times do not 

represent a valid indicator of supply uncertainty. At first, supply deviations resulting from 

quality issues are not captured by production lead times. Two production cycles might be equal 

in terms of cycle length, but differ in the volume of prime quality produced. Hence, although it is 

an important source of supply uncertainty, deviations in production yield are not captured by 

supply timing data. Secondly, fluctuations in production cycle lengths do not necessarily 

represent supply uncertainty, implying that variability of production cycle lengths is not a valid 

measure of supply uncertainty. As an example, note what happens after long-lasting planned 

pre-emptive maintenance of a chemical reactor has taken place. As a consequence of this 

temporary production stop, which was planned for and does therefore not represent supply 

uncertainty, the inventory positions of all grades simultaneously will be depleted. In order to 

increase these inventory positions as soon as possible, short production runs are scheduled so 

as to reduce the waiting time of other grades in the production sequence, similar to Gallego 

(1990). Cycle lengths are then gradually increased towards the optimal cycle length. Despite 

that no unexpected supply disruptions are involved in this example, high variability is recorded 

for such a series of varying production cycle lengths. As this is the consequence of conscious 

internal decisions, not from unexpected supply deviations, this example makes clear that 

production lead times do not provide a valid measure of supply uncertainty at SABIC. 

Considering data on supply volumes, both planned as well as realized supply volumes are 

recorded on a monthly basis. However, in contrast to demand data, supply volumes are not 

recorded per grade, but only per production plant. Planned supply volumes provide a projection 

of the total volume of prime quality to be produced by each plant in the upcoming month. Any 

planned maintenance is taken into account into determination of these projections. In line with 

planned supply, realized supply consists of prime quality volumes only. Hence, in contrast to 

supply timing data, unexpected deviations in supply caused by quality problems are reflected in 

supply volume data. Moreover, also in contrast to supply timing data, fluctuations in the 

difference between planned and realized supply volume truly represent supply uncertainty. 

Hence, deviations in supply volumes are a valid measure of supply uncertainty at SABIC. The 

differences between expected and realized supply, referred to as supply deviations from now 

on, are therefore used for the analysis of supply uncertainty: 

        ̂         (5.6)  

Where       represents the supply deviation of plant   in month  ,  ̂    the expected supply of 

plant   in month   and      the realized supply of plant   in month  . Supply deviations, 

measured in metric kilotons, are computed on a monthly basis for the years 2009 up to 2012, so 

    represents January 2009. All polymerization plants of SABIC in Europe are included, 

except for one. This plant is excluded from the analysis because it only started operating at the 
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end of 2009, the first few years encountering many start-up problems. Hence, the sample 

includes 48 observations of twelve polymerization plants in Europe.1 

Similar to the demand uncertainty analysis, data are first examined on the presence of outliers. 

Extreme values of       are recorded in months where huge unplanned shutdowns have been 

encountered, which disrupt production for a long time. For such situations of force majeure a 

different stock type than safety stock is installed, namely iron stock. This type of stock, as 

explained in section 4.3.1, is only hold for the most critical products for which demand must 

always be satisfied. As safety stock is not installed to cover demand in such highly disrupting 

events rarely taking place, such long-lasting unplanned shutdowns must be excluded from the 

analysis. As before, standardized z-scores were computed, denoting absolute standardized z-

scores greater than 3 as outliers. Sixteen observations were detected as extreme values and 

excluded from the analysis. 

Normality Testing 
Similar to the analysis of demand uncertainty, normality tests are used to assess whether the 

computed supply deviations per production plant provide a good fit to the normal probability 

distribution. Again, we make use of the Shapiro-Wilk test and (standardized) skewness and 

kurtosis figures. The latter ones are obtained per production plant using equations 5.2 to 5.5, 

where demand forecast error    and grade   have been replaced by supply deviation    and 

plant indicator  , respectively. Results of the normality tests are illustrated in Appendix II. 

Based on the Shapiro-Wilk test, two plants show significant deviations from normality, having 

p-values less than 0.01. For the other ten plants the null hypothesis, stating that the supply 

deviations come from a normal distribution, cannot be rejected. Hence, according to the 

Shapiro-Wilk test, the supply deviations of 83% of the production plants (10 out of 12) provide 

a reasonable fit to the normal probability distribution. 

Concerning kurtosis, no significant deviations were identified for the supply deviations, as all 

standardized kurtosis figures are in between -2.58 and 2.58. In contrast, significant skewness 

was identified for four production plants. The supply deviations of these plants are positively 

skewed, implying a longer or fatter tail on the right. Although not statistically significant, the 

supply deviations of most other production plants are positively skewed as well, having 

standardized skewness values greater than 1. A positively skewed distribution is illustrated in 

the frequency histogram of one of the plants in Figure 5.2 below. 

 
Figure 5.2: Positive skew of supply deviations: positive supply deviations represent observations (months) 

where total production was less than expected. 

                                                             
1 SABIC operates thirteen polymerization plants in Europe (see section 4.2.1). 
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Interpreting the positive skewness of supply deviations, it implies that positive supply 

deviations (i.e., less supply than expected) may be larger than negative supply deviations (i.e., 

more supply than expected), which are closer to the mean deviation. This effect is not surprising 

in our context, as plant shutdowns might be long-lasting, thereby having a big impact on supply 

volumes. On the other side, the potential for producing more volume than expected is limited, as 

a plant cannot produce more than according to the maximum production speed. 

Based on the positive skewness figures, it is concluded that the normal probability distribution 

does not provide a good fit to supply deviations at SABIC, in contrast to the distribution of 

demand forecast errors (see section 5.1). If the two sources of uncertainty were independent 

and both would have been normally distributed, we could have concluded that the joint 

deviations of demand and supply were also normally distributed, following from the statistical 

principle that the sum of independent normal random variables is normally distributed as well 

(Montgomery & Runger, 2007). However, as it turns out that supply deviations are not normally 

distributed, we must explicitly analyze the joint deviations of demand and supply to find out 

how to characterize demand- and supply uncertainty for inventory modeling. 

5.1.3 Joint Deviations of Demand and Supply 

The joint deviation of demand and supply of grade   in month  , referred to as     , can be 

computed as the difference between the supply deviation and the demand forecast error of 

grade   in the respective month: 

Where       represents the deviation from expected supply of grade   in month  . However, 

bring back to mind that supply deviations could only be computed on plant-level, as the planned 

and realized supply volumes are not specified per grade. As such, we need to allocate the supply 

deviations per plant among the various grades. Usually, after a supply disruption, master 

production schedulers temporarily make use of shorter production cycle lengths, thereby 

rationing the available supply among all grades. We therefore assume that supply shortages 

(surpluses if negative) are equally distributed among the grades produced on a certain plant 

based on the relative volume of each grade: 

  ̂    represents the planned volume of grade   on plant   in a year, and  ̂  equals the planned 

total volume of plant   in a year As these figures are not readily available for 2010 and 2011, the 

planned supply volumes for the year 2012 are used, thereby assuming that the allocation of 

grades to the various plants in 2010 and 2011 was equal to 2012. As the grade allocation only 

slightly changes on a yearly basis, the effect of this assumption is minor. The summation sign is 

incorporated in equation 5.8 to accommodate for the two grades in our sample which are 

produced on more than one plant. Having computed the       using equation 5.8, the joint 

deviations of demand and supply can be computed per month for each grade, using equation 

5.7. If either       or       was identified as an outlier before, the respective month is omitted 

from the analysis. As such, three grades are excluded, as these were produced on the plant 

which was not taken into account in the analysis of supply deviations. As such, the sample for 

the following analysis consists of 114 grades. 

Normality Testing 
Similar to the previous sections, we test the fit to normality, for the reasons given in section 2.3. 

For assessing the fit of joint deviations of demand and supply to the normal distribution, we 

                  (5.7)  

 
      ∑       

 ̂   

 ̂  
 (5.8)  
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once again make use of the Shapiro-Wilk test in combination with skewness and kurtosis 

figures. Skewness and kurtosis figures are computed and transformed into standardized z-

scores in a similar vein to equations 5.2 to 5.5. The results are summarized in Appendix III. The 

p-values of the Shapiro-Wilk test, which are compared to the significance level of 0.01 as before, 

indicate that for only 3 out of 114 grades significant deviations from normality are identified. 

Hence, based on the Shapiro-Wilk test, for 97.4% of analyzed grades the null hypothesis that the 

data are from a normal distribution cannot be rejected. Standardized skewness and kurtosis 

figures, again compared to the critical value of 2.58, show similar results. For six of the grades 

significant skewness and/or significant kurtosis was identified, implying that 94.7% (108 out of 

114) of analyzed grades show no significant deviations from normality. As such, the outcomes of 

both normality tests strongly support the use of the normal probability distribution to describe 

joint deviations of demand and supply. The deviating grades seem to be randomly distributed 

across production plants, as the six deviating grades are produced on five different production 

plants. Given the strong support for the normal probability distribution, combined with its 

preferred use (section 2.3), we do not investigate the fit to other probability distributions. 

Nevertheless, conducting further analysis is interesting, as the significantly skewed supply 

deviations apparently do not induce non-normality of the joint deviations of demand and 

supply. For this reason, the total variance from demand-side is compared to the total variance 

from supply-side. Variance of demand forecast errors (     
 ) and variance of supply deviations 

(     
 ) are estimated per grade as follows, by computing the mean squared errors:  

Where    is the number of observations per grade. The relative magnitude of variance from 

demand-side can then be calculated as follows: 

Implementing the obtained demand and supply deviations in the formulas above reveals that 

demand forecast errors make up for 81% of the total variance. In comparison, the variance from 

demand-side is 4.2 times higher than the variance from supply-side. As supply deviations are 

apparently much less volatile than demand deviations, this result helps to explain why the 

significant skewness of supply deviations does not come forward in the joint deviations. 

Another reason for disappearance of the significant skewness of supply deviations in the joint 

figures might originate from demand forecast errors and supply deviations to be correlated. 

Therefore, correlations    between demand and supply deviations are computed per grade  . 

The outcomes are presented in Appendix IV. In order to assess the statistical significance of the 

correlations, two-sided t-tests are used to test the null hypothesis that the correlation    is not 

significantly different from 0 (Montgomery & Runger, 2007): 

The two-sided t-test consists of comparing test statistic      to the critical value          . The 

desired significance level α is set to be equal to 0.05: 
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The results are presented in Appendix IV again. For 102 out of the 110 analyzed grades (92.7%) 

it turns out that the correlation between demand forecast errors and supply deviations is not 

significantly different from 0. Seven of the eight significantly correlated grades show a positive 

correlation between demand and supply deviations, implying that demand forecast errors and 

supply deviations move in the same direction for those grades. As the joint deviation in a month 

is equal to the difference between the demand forecast error and the supply deviation in that 

month, skewness in supply might be (partly) offset when deviations are positively correlated. 

However, as only a couple of grades show a significant positive correlation between deviations, 

this correlational effect cannot fully explain why the skewness in supply deviations does not 

come forward in the joint deviations. Given the variance figures, it seems to originate from 

demand-side variance being much greater than supply-side variance. 

5.2 Model Development 
The tactical inventory planning model will be mathematically derived in this section. Before 

doing so, we discuss the model’s aggregation level and the service level metric. 

5.2.1 Aggregation Level 

Before developing an inventory planning model, it must be decided on what level inventory 

targets need to be determined. Two candidate aggregation levels are available: grade- and SKU-

level. As explained in section 4.2.1, SKUs are grade-packaging combinations, distinguishing 

between different types of packaging. As grades are either stored as bulk goods or packed in 

bags, each grade is subdivided into two SKUs. The key question for determining the aggregation 

level of the inventory planning model is whether available inventory of the packed (bulk) SKU 

can be used for fulfilling demand in case the bulk (packed) SKU is running out-of-stock. The 

situation in practice at SABIC is visualized in Figure 5.3: 

 
Figure 5.3: Option to switch inventory between bulk and packed SKUs. 

Note from Figure 5.3 that finished goods are either stored as bulk (in silos) or packed (in 

warehouses). Demand for both packaging types of the same grade is independent: customers 

desiring to get replenished by bulk (packed) granules cannot be delivered by packed (bulk) 

granules. Nevertheless, the option to switch from bulk to packed and the other way around is 

available at SABIC and is used every now and then. As warehouse storage is cheaper than silo 
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√    
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                             (5.15)  
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storage, the policy within SABIC is to hold relatively more stock in packed form than in bulk 

form. If an out-of-stock situation is encountered for bulk goods and inventory in packed form is 

available, it is decided to debag the packed granules to enable shipment to bulk customers. 

Switching from bulk to packed is possible as well, but is hardly needed as relatively more 

packed inventory is hold. All in all, as inventory of bulk and packed SKUs of the same grade can 

be pooled if necessary, the model’s aggregation level is decided to be on grade-level. 

5.2.2 Service Level Metric 

As noted before, the objective of the inventory planning model is to determine safety stock 

levels required for satisfying target customer service levels. As various metrics of customer 

service are available for inventory modeling purposes (chapter 2), it has to be determined what 

definition of customer service to use for the inventory planning model. As introduced in section 

4.2.1 and illustrated in Figure 5.1, the customer service metric used within SABIC is the delivery 

capability, defined as the percentage of customer orders fulfilled directly from stock. This 

definition is close to the definition of the fill rate, usually referred to as P2 service level; it 

measures the fraction of customer demand fulfilled directly from stock. Whereas the delivery 

capability is tied to the amount of customer orders, P2 is focused on the amount of customer 

demand not fulfilled from stock. Nevertheless, the difference is considered to be negligible, as 

high volume orders at SABIC are internally split into several smaller volume orders (for making 

up the realized delivery capability figures) and customers usually accept partial delivery if the 

complete order cannot be processed directly. As such, we can make use of the P2 metric for 

developing the inventory planning model for SABIC. 

Before continuing, it is required to make an assumption about what happens to demand which 

cannot be fulfilled directly from stock (see section 2.3). According to the supply chain planning 

managers, which assumption to make depends on a grade’s product type; specialty grades tend 

to get backordered, whereas demand for commodity grades is usually lost.2 Following this 

principle, our model will contain an option for distinguishing between specialty grades, 

assuming complete backordering, and commodity grades, assuming complete lost sales. 

The target level of    under the backordering assumption is computed as follows: 

                                   

   
                          

                       
   

  ̅̅̅̅

 ̅

   
  ̅̅̅̅

 ̅
 

(5.16)  

Where    is the cycle shortfall. Under the backordering assumption, the average demand in a 

cycle,  ̅, is equal to the average production quantity in a cycle,  ̅, thereby also taking into 

account any backorders resulting from the previous production cycle.3 In this chapter we 

assume that  ̅ has been predetermined. This assumption will be relaxed in chapter 8. 

The target    level under the lost sales assumption slightly differs from equation 5.16, as (by 

definition) part of the demand will not be met in such an environment, in contrast to a 

backordering environment where all demand ultimately gets fulfilled by production. Hence, the 

average demand is equal to the average production quantity  ̅ plus average shortfall in a cycle: 

                                                             
2 The difference between specialty grades and commodity grades will be discussed in more depth in 
section 7.1. 
3 See section 6.2 for a mathematical derivation of the relationship between  ̅ and  ̅. 
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(5.17)  

5.2.3 Mathematical Derivation 

As    is the input target service level and  ̅ has been predetermined,   ̅̅̅̅  can be computed from 

equation 5.16 (or 5.17). The shortfall    is related to the joint deviations of demand and supply 

during the production cycle, i.e.,     (section 5.1.3), and the safety stock level   , which has to be 

determined using the inventory planning model, in the following way: 

               (5.18)  

                   (5.19)  

The average shortfall   ̅̅̅̅  can thus be expressed as a function of    and    using the following 

integral: 

 
  ̅̅̅̅  ∫         

 

  

         (5.20)  

Where       is the probability density function of random variable   . We found in section 5.1.3 

that the joint deviations of demand and supply are normally distributed on a monthly basis. 

Assuming that the joint deviations are independent and normally distributed in any time period, 

we assume that    is normally distributed as well. Given this assumption, the purpose of the 

inventory planning model is visualized in Figure 5.4: determining the safety stock level     for 

which the black surface equals the target   ̅̅̅̅  (coming out of equation 5.16 or 5.17). 

 
Figure 5.4: Relationship between    (joint deviations of demand and supply),    (shortfall per cycle) and    

(safety stock level). 

To enable using the unit (standard) normal distribution,    is expressed as the product of  , a 

safety factor depending on the desired service level, and   , the standard deviation of   : 

         (5.21)  

Assuming once more that the joint deviations are independent and normally distributed in any 

time period,    can be calculated based on  , the length of the production cycle in months, and 

 , the standard deviation of   on a monthly basis, as follows: 

      √  (5.22)  

Hence, as    can be computed based on historical data, what remains is determining which 

value of the safety factor   is required for generating the target   ̅̅̅̅ . Combining equations 5.20 
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and 5.21, as well as replacing       by the probability density function of the normal 

distribution, provides the following formula: 

 
  ̅̅̅̅  ∫          
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 ]     (5.23)  

Equation 5.23 can be written as a function of a unit normal variable, which considerably 

simplifies deriving the expression for   ̅̅̅̅ . The following substitution is required to make this 

transformation (Silver et al., 1998): 

         (5.24)  

Where   is standard normally distributed, having a mean of 0 and a standard deviation equal to 

1. Implementing   in equation 5.23 provides the following expression of   ̅̅̅̅ : 

 
  ̅̅̅̅    ∫       
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]     (5.25)

The integral part of equation 5.25 measures the shortfall in standardized terms. The integral 

equals a special function of the unit normal variable  , known as       (Silver et al., 1998). As 

such, equation 5.25 simplifies into: 

   ̅̅̅̅           (5.26)  

As the value of   ̅̅̅̅  follows from equation 5.16 (or 5.17) and     can be computed from historical 

data, the value of       can be computed as follows: 
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 (5.27)  

Under the backordering assumption, combining equations 5.16 and 5.27, the value of       can 

directly be generated from required inputs   ,  ̅, and    in the following way: 
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        (5.28)  

For the lost sales assumption we combine equations 5.17 and 5.27: 
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) (5.29)  

The required value of    can be obtained from       using a spreadsheet of the unit normal 

distribution converting       into  . Having determined  , the safety stock level    necessary 

for providing the target service level    can be computed using equation 5.21, which concludes 

the mathematical derivation of the inventory planning model for SABIC. 

5.3 Conclusion 
This chapter was dedicated to the development of the inventory planning model, its objective 

being to determine inventory targets (safety stock levels) required for achieving target service 

levels (delivery capabilities). A main characteristic of the inventory planning model is the 

characterization of demand- and supply uncertainty, as safety stock is installed to hedge against 

uncertainty of demand and supply in the short run. Joint deviations of demand and supply were 

found to have a good fit to the normal probability distribution. The model is aggregated on 

grade-level, as inventory of bulk and packed SKUs of the same grade can be pooled if necessary. 

The service level metric was determined to be the fill rate P2, as it is about similar to the 

delivery capability metric used within SABIC. Finally, the model distinguishes between specialty 

grades and commodity grades, as specialty grades are usually backordered in an out-of-stock 

situation, whereas demand for commodity grades in such a situation is generally lost. 



 

30 
 

  



 

31 
 

6 The Effect of Biased Forecasts on Inventory Levels 
As discussed in section 1.2, the discrepancy between service levels and targets might not only 

originate from an inadequate inventory planning model, but also from inventory levels 

significantly deviating from inventory targets. Assuming that inventory targets are adequately 

steered upon in operational planning and scheduling at SABIC, it might still be that inventory 

levels significantly differ from targets. As explained in section 2.3, when production planning is 

driven on significantly biased forecasts, inventory levels will differ from inventory targets. 

Therefore, we analyze in this chapter whether demand forecasts at SABIC are biased and to 

what extent inventory levels are affected, thereby providing an answer to the second research 

question: 

 

6.1 Testing the Unbiased Forecasts Assumption 
To assess whether demand forecasts are significantly biased we analyze the demand forecast 

errors    , which were already computed in the previous chapter for our sample grades. A first 

glance on the figures in Appendix I reveals that the average demand forecast error   ̅̅ ̅̅
  is 

positive for the majority of grades. In fact, for 93.2% of all grades in our sample (i.e., 109 out of 

117) the average forecast error over the years 2010 to 2012 is found to be greater than zero, 

which would be the mean forecast error of an unbiased estimator of demand. As such, these 

figures suggest the presence of a positive forecast bias. Whether the positive bias is statistically 

significant will be investigated in the following section. 

6.1.1 Significance Testing 

For each grade we test whether the mean forecast error per grade,   , is significantly greater 

than 0. The hypotheses to be tested are thus as follows: 

          (6.1)  

         (6.2)  

In the previous chapter it was found that demand forecast errors are normally distributed 

(section 5.1). Therefore, we can make use of parametric tests relying on the assumption of 

normally distributed data. Given that the standard deviation per grade,   , must be estimated for 

(by   ) and the sample size per grade   , ranging from 34 to 36 depending on the amount of 

outliers, is smaller than 40, we make use of t-tests. In specific, we make use of one-sided t-tests, 

as we test whether the mean forecast error is significantly greater than 0. The test statistic and 

rejection criterion per grade are as follows, where   ̅̅ ̅̅
  is the average forecast error of grade   

(Appendix I): 
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(6.3)  

                           (6.4)  

The results are shown in Appendix V. For 65.0% of grades analyzed (i.e., 76 out of 117) the null 

hypothesis is rejected for a 95% confidence level, implying that the mean forecast error for 

these grades is significantly greater than 0. Hence, for almost two-thirds of the grades demand 

forecasts are found to be significantly positively biased. As such, the assumption of unbiased 

demand forecasts is significantly violated at SABIC.  

2. If demand forecasts are significantly biased, what is the effect on inventory levels? 
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6.1.2 Mean Percentage Error 

To get more insight into the extent to which demand forecasts are biased, it is interesting to 

compare the demand forecast errors to the realized demand figures. For this reason we 

introduce the mean percentage error (MPE), which is computed per grade by dividing the 

average forecast error   ̅̅ ̅̅
  by the average realized demand  ̅  over the three-year period from 

2010 to 2012: 

 
     

  ̅̅ ̅̅
 

 ̅ 

      (6.5)  

Mean percentage errors per grade are computed for the period 2010 to 2012, presenting the 

outcomes in Appendix V. The mean percentage error over the three years turns out to be 10.0% 

on average. Hence, an average demand forecast in these three years was 10% higher than 

realized demand, which can be considered as a huge deviation. The distribution of the mean 

percentage error per grade is displayed in the frequency histogram, classified into equal 

intervals of 5%, in Figure 6.1: 

 

Figure 6.1: Histogram of      (mean percentage error per grade), a measure of the biasedness of demand 
forecasts, for the sample of 117 grades over the three-year period from 2010 to 2012. 

It shows that the mean percentage error for the majority of grades is clustered in between 0% 

and 15%, whereas centering on 0% would have been found if forecasts were unbiased. 

Moreover, for 18% of analyzed grades (i.e., 21 out of 117) the mean percentage error over the 

whole period is greater than 15%, providing tremendous deviations from realized demand. 
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6.2 The Effect of Biased Demand Forecasts on Inventory Levels 
As discussed in the literature review (chapter 2), the presence of a systematic forecast bias may 

heavily affect inventory levels, and thereby inventory holding costs as well. In this section we 

mathematically derive the effect of biased forecasts on inventory levels in an environment of 

supply uncertainty. 

We introduce the following variables, as these will be used in the derivation below: 

     Net stock level (on-hand stock minus backorders) of grade   just before arrival of 

the production quantity in cycle   

       One-period ahead forecast of grade  ’s demand during production cycle      

        Realized demand of grade   during production cycle      

        Realized production quantity of grade   for cycle      

     Safety stock level of grade   

  ̅   Average inventory level of grade   

An overview of these variables, in combination with the internal roles involved in production 

planning and inventory management at SABIC, is presented in Figure 6.2. This overview serves 

as a guideline for the mathematical derivation to follow. 

 

Figure 6.2: Production planning and inventory management at SABIC, involving the DCC (demand chain 
coordinator), the MPS (master production scheduler), and SCP (supply chain planning manager). 

Three colors are used in Figure 6.2 to distinguish between different types of variables. Variables 

marked in green represent decision variables. The red block variable (realized demand) is an 

exogenous variable. Thirdly, the inventory level variables in the blue blocks represent the 

output variables, which are dependent on the values of the exogenous variable in red as well as 

the decision variables in green. The direction of the relationship between variables is indicated 

by either a plus or a minus sign. The red arrows between the demand forecast and realized 

demand variables indicate comparison of both variables for performance evaluation purposes, 

which will be discussed in the next chapter. 

6.2.1 Situation without Supply Uncertainty 

For assessing the impact of systematically biased forecasts on inventory levels, an expression 

for the average inventory level of grade   is required, which must be derived for the situation 

with and without the presence of a systematic forecast bias. The expression for    ̅̅̅̅
  follows from 

Silver et al. (1998): 
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Where   ̅ is the average net stock level of grade   just before arrival of production, and  ̅  is the 

average realized production quantity of grade  . Equation 6.6 relies on the assumption that 

production quantity        arrives at once at the same time, whereas in practice        arrives 

on an intermittent basis.4 Making this assumption does not affect the principle outcomes of the 

mathematical derivation. However, it will have a (minor) effect on the results of deriving the 

forecast bias effect at SABIC in section 6.3, where we comment on the impact of this assumption. 

For now we assume that the realized production quantity        equals the planned production 

quantity  ̂     , which would be valid in an environment without supply uncertainty. In the next 

section this assumption will be relaxed. During the current production cycle   the production 

planner determines the production quantity        for the next fixed-sequence production 

cycle     . As production of   will be followed by production of other grades, in the same 

production cycle grade   cannot be produced anymore, as transitions are sequence-dependent 

(explained in section 4.2.1). Grade   will be produced again in the subsequent production cycle. 

As such, the production quantity        together with the stock level of   at the end of the 

current cycle,     , must cover demand for grade   during the complete cycle     , i.e.,       . In 

an environment without uncertainty, the master production scheduler would determine the 

production quantity so as to end on a stock level of 0 at the end of production cycle     . In the 

real world of uncertainty, safety stock is installed to cover unexpected increases in demand (and 

decreases in supply) throughout the production cycle. As such, in an uncertain environment, 

master production schedulers aim to get the stock level of grade   at the end of production cycle  

   , i.e.,       , equal to the pre-determined safety stock level    : 

                               (6.7)  

The true level of        depends on the current stock level     , the production quantity        as 

well as on realized demand during the production cycle        in the following way: 

                           (6.8)  

     is known at the start of the production cycle, whereas        is unknown and therefore 

estimated by means of        . As the objective of the production planner is to get        equal to 

   , we can substitute        in equation 6.7 by the expression in equation 6.8 to get the 

following expression for production quantity       : 

                         (6.9)  

Substituting this expression for        into equation 6.8 above leads to the following expression 

for       : 

                                                      (6.10)  

As               is the forecast error in production cycle    , it can be substituted by        : 

                    (6.11)  

Hence, the stock level of   at the end of production cycle     is equal to the sum of  ’s safety 

stock level and the forecast error in    . By the law of large numbers, for a long series of 

                                                             
4 Without this assumption,  ̅  must be multiplied by a correction factor taking into account the production 
rate. This factor will be derived in chapter 8.  
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production cycles the expected values of    and     will be equal to the average values. Equation 

6.11 can then be generalized as follows: 

 
  ̅        ̅̅ ̅̅

  
(6.12)  

This expression states that the average stock level at the end of a production cycle equals the 

safety stock level plus the average forecast error over the production cycle time. The 

assumption underlying equation 6.12 is that    and     are not cross-correlated, which implies 

that the forecast error of   does not depend on the recent stock level of  . In general this 

assumption is reasonable, as demand forecasts are determined based upon expectations of local 

sales offices, which are independent of SABIC’s stock levels (section 4.2.3). However, in two 

exceptional situations this assumption might be violated. In the first situation, when stock levels 

are exceptionally high, it may be decided to push more sales into the market than according to 

the initial forecast of the demand chain coordinator (section 4.2.2). Demand forecasts will then 

be increased, although it might be questionable whether the forecasts represent a realistic 

expectation of demand. In the second situation, when stock levels are exceptionally low, 

forecasts might be lowered to reflect the expectancy that not all demand can be fulfilled. The 

first exceptional situation might lead to a higher forecast bias than usual, whereas the second 

situation might lead to a lower forecast bias. Hence, the recent stock level and the forecast error 

might be positively cross-correlated for these situations, implying that equation 6.12 is violated 

in practice. However, as these two situations are only occasionally encountered at SABIC, 

violation of the no cross-correlation assumption has limited impact on the validity of equation 

6.12 in general. Continuing from equation 6.12, if forecasts are unbiased and thus equal to 0, as 

is the common assumption underlying inventory planning models, it simplifies into: 

   ̅              (6.13)  

As such, the average stock level at the end of a production cycle is equal to the safety stock level, 

as is optimal from an integral perspective of customer service and inventory holding costs. 

In contrast, if forecasts are significantly positively biased, this optimal equation is not valid 

anymore. Following from equation 6.12, the average stock level at the end of a production cycle 

will be significantly higher than the safety stock level, the difference equal to the average 

forecast bias, if demand forecasts are positively biased: 

   ̅             ̅̅ ̅̅
  (6.14)  

Having derived the expressions for   ̅ for the situation with and without systematically biased 

forecasts, what remains is finding an expression  ̅  for both situations, in order to enable 

comparing the average inventory level under biased and unbiased forecasts through equation 

6.6. An expression for the average production quantity  ̅  follows from implementing average 

values for parameters   ,    and    in equation 6.9, as follows: 

  ̅        ̅   ̅  (6.15)  

By definition, in case of unbiased forecasts the average value of forecast    is equal to the 

average value of realized demand. Implementing this notion in equation 6.15 together with the 

expression for   ̅ for the situation of unbiased forecasts (equation 6.13) leads to the following 

expression for  ̅  in case of unbiased forecasts: 

  ̅                    ̅   ̅  (6.16)  

In contrast, when forecasts are systematically biased, the average value of forecast    does not 

equal the average value of realized demand   , the difference between the two being equal to 
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the average value of the forecast bias,    . As such,  ̅  is equal to the sum of  ̅  and   ̅̅ ̅̅
 . 

Incorporating this notion as well as the expression for   ̅ in case of systematically biased 

forecasts (equation 6.14) in equation 6.15 results in an expression for  ̅  in the presence of a 

systematic forecast bias: 

  ̅                   ̅̅ ̅̅
     ̅    ̅̅ ̅̅

    ̅  (6.17)  

Comparing equations 6.16 and 6.17 makes clear that the average production quantity is not 

affected by the presence of a systematic forecast bias, as in both situations the average 

production quantity is equal to the average demand during the production cycle: 

  ̅            ̅         ̅  (6.18)  

The derived expressions for   ̅ and  ̅  for both situations can now be implemented in equation 

6.6 to generate the expressions for the average inventory level in both cases: 

 
  ̅               

 

 
  ̅  (6.19)  

 
  ̅              ̅̅ ̅̅

  
 

 
  ̅  (6.20)  

Hence, the impact of systematically biased forecasts on the average inventory level is equal to 

the difference between the average inventory level in the presence of a positive forecast bias 

(equation 6.20) and the average inventory level when forecasts are not biased (equation 6.19): 

    ̅̅ ̅̅ ̅
    ̅          ̅             ̅̅ ̅̅

  (6.21)  

The effect of systematically biased forecasts on inventory levels is visualized in Figure 6.3 

below. The graph shows the inventory level of an arbitrary grade   for the situation with and 

without the presence of a systematic positive forecast bias. Note that the average inventory 

level in case of biased forecasts is higher than for the situation of unbiased forecasts by an 

amount equal to the average forecast bias   ̅̅ ̅̅
 , as we concluded from the mathematical 

derivation above. 

 

Figure 6.3: The effect of a positive forecast bias (  ̅̅ ̅̅
 ) on the inventory level (     ) and the average 

inventory level just before arrival of production ( ̅ ), comparing the situation without biased 
forecasts (No bias) to the situation with biased forecasts (Bias). 
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6.2.2 Situation with Supply Uncertainty 

In the previous section we assumed that no supply uncertainty was present; in absence of 

supply uncertainty planned production quantities are always equal to realized production 

quantities. However, we know from chapter 5 that supply uncertainty is present at SABIC, which 

implies that planned production quantities are not always equal to realized production 

quantities. For relaxing the assumption of no supply uncertainty, unplanned deviations of 

supply during production cycle     , i.e.,        , must be incorporated in equation 6.9. The 

production quantity        in an environment of supply uncertainty is equal to the planned 

production quantity derived in the previous section (               ) minus unplanned 

deviations in supply during production cycle    : 

                                 (6.22)  

Implementing this expression for        in equations 6.10 and 6.11 leads to the following 

equation for the inventory level at the end of production cycle    : 

                            (6.23)  

Hence, in an environment of supply uncertainty the inventory level at the end of the production 

cycle does not only depend on the safety stock level and the demand forecast error in that cycle, 

but also on unplanned deviations in supply throughout the production cycle. In a similar vein to 

the previous section, the average values of the parameters in equation 6.23 are equal to the 

expected values when assuming that unplanned supply deviations are not cross-correlated to 

the inventory level as well as not correlated to demand forecast errors (Montgomery & Runger, 

2007): 

   ̅        ̅̅ ̅̅
    ̅̅̅̅

   (6.24)  

Concerning the assumptions required for this equation, in the previous section we found no 

significant correlation between supply deviations and demand forecast errors. The assumption 

that there is no cross-correlation between supply deviations and inventory levels seems also 

reasonable, as there is no reason to believe that defects of production equipment and 

disruptions of production processes depend on inventory levels. 

Having derived the expression for   ̅ in an environment of supply uncertainty, what remains is 

finding an expression for  ̅  in such an environment. The average production quantity  ̅  

follows from implementing average values for parameters   ,   ,    and     in equation 6.22: 

  ̅        ̅   ̅    ̅̅̅̅
  (6.25)  

Substituting   ̅ by equation 6.24 and acknowledging that  ̅  consists of the sum of average 

realized demand  ̅  and the average forecast error   ̅̅ ̅̅
  leads to the following expression for  ̅  :  

  ̅             ̅̅ ̅̅
    ̅̅̅̅

     ̅    ̅̅ ̅̅
     ̅̅̅̅

   ̅  (6.26)  

As such, the average production quantity is equal to the average realized demand during the 

production cycle time. This result is similar to the previous section, where it was assumed that 

no supply uncertainty was present. At first sight this seems contradictory, as one may have 

expected that unplanned supply deviations lead to lower average production quantities. 

However, if supply deviations are on average greater than zero, the average inventory level at 

the end of a production cycle will be lower than targeted for. In response, the average planned 

production quantity (equal to       ̅   ̅ ) will be higher than in the situation without supply 

uncertainty, induced by   ̅ being lower than in the case without supply uncertainty. As such, the 
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higher average planned production quantity offsets the average decrease in realized production 

quantity resulting from supply disruptions. This reasoning explains the outcome of equation 

6.26.  

The derived expressions for   ̅ and  ̅  can now be implemented in equation 6.8 to generate the 

expression for the average inventory level, having relaxed the assumption of no supply 

uncertainty: 

 
  ̅        ̅̅ ̅̅

    ̅̅̅̅
  

 

 
  ̅  (6.27)  

Comparing this expression to equation 6.19, the effect of biased demand forecasts on the 

average inventory level, acknowledging the presence of supply deviations, is as follows: 

 
   ̅̅ ̅̅ ̅

    ̅̅ ̅̅
    ̅̅̅̅

  (6.28)  

It follows from this equation that supply deviations also impact the average inventory level, 

having the opposite effect of demand forecast errors. If supply deviations are on average equal 

to 0, i.e., if planned supply volumes are not biased, equation 6.28 simplifies into equation 6.21 

for the situation without supply uncertainty. In that case supply deviations do not lead the 

average inventory level to deviate from target. In contrast, if supply deviations are positively 

biased, i.e., if planned supply volumes are on average greater than realized supply volumes, the 

decrease of the average inventory level might (partly) offset the increase of the average 

inventory level resulting from demand forecasts being systematically biased. In a third scenario, 

when planned supply volumes are negatively biased, the average inventory level will increase 

similar to positively biased demand forecasts. 

6.3 Forecast Bias Effect at SABIC 
The outcomes of the mathematical derivation of the forecast bias effect in the previous section 

are used to generate insight into the effect of significantly positively biased forecasts on 

inventory levels at SABIC. The effect of the bias on inventory levels (equation 6.28) are 

compared to the average inventory level, assuming that there is no bias (equation 6.19). These 

figures are computed on grade-level, before summing them to obtain    , the overall effect of 

biased forecasts on the average inventory level: 

 
    

∑    ̅̅ ̅̅ ̅
    

∑   ̅           

 
∑    ̅̅ ̅̅

     ̅̅̅̅
  

∑ (    
 
   ̅ ) 

      (6.29)  

Besides computing the effect of biased forecasts on the average inventory level, we also 

compute   , the effect of biased forecasts on the average inventory level just before arrival of 

production. The latter one is equal to the safety stock level if forecasts are unbiased: 

 
   

∑    ̅̅ ̅̅ ̅
  

∑    ̅          

 
∑    ̅̅ ̅̅

     ̅̅̅̅
  

∑       
 (6.30)  

To get valuable insight into how inventory levels are affected by the level of forecast biasedness, 

  ̅̅ ̅̅
  is varied in the equations above from an unbiased situation (  ̅̅ ̅̅

   ) to a situation of 

highly positively biased forecasts (  ̅̅ ̅̅
  for an MPE of 15%). Supply deviations   ̅̅̅̅

  are hold 

constant in equations 6.29 and 6.30, taking the average value per grade over the three-year 

period from 2010 to 2012, which were computed on a monthly basis in chapter 5. Demand 

forecast errors   ̅̅ ̅̅
 , supply deviations   ̅̅̅̅

  and realized demand levels  ̅  are converted from 

monthly figures to figures representing the production lead time; the latter ones are obtained 

from the outcomes of the tactical optimization process in 2012. Finally, safety stock levels are 

taken from the outcomes of the 2012 tactical optimization process as well. As such, there is a 
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discrepancy regarding the data, as the data coming from the tactical optimization process only 

apply to 2012, whereas the other figures are averages over 2010 to 2012. However, because the 

grade-level figures are summed up, it is reasonable to assume that the discrepancy will not 

impact the results. Finally, we obtain Figure 6.4, which shows the effect of the forecast bias on 

inventory levels at SABIC: 

 
Figure 6.4: The effect of positively biased forecasts (mean percentage error MPE measures the level of 
biasedness) on the average inventory level (   ) and the average inventory level just before arrival of 

production (  ). 

It shows that positively biased forecasts lead to higher inventory levels: the higher the level of 

biasedness, the more inventory levels will deviate from target. The assumption of production 

quantities arriving at once instead of intermittently (equation 6.6) has impact on the blue line 

(   ); this line would be somewhat steeper than without this assumption, as the average 

inventory level (the denominator in equation 6.29) should be somewhat lower.5 The inventory 

increasing effect of positively biased forecasts is partly offset by the bias encountered in supply 

expectations; on average, realized supply is lower than predicted supply, implying an inventory 

decreasing effect. The break-even point in Figure 6.4 shows that there is no impact on inventory 

levels if the mean percentage error of demand forecasts is equal to 3.72%. However, the 

demand forecast bias over 2010 to 2012 was much higher (i.e., 10%), as presented by the 

dotted marks in Figure 6.4. It follows from this figure that a demand forecast bias of 10% leads 

to an increase of the average stock level of 6.0%, and an increase of the assumed safety stock 

level of 12.7%. These figures emphasize the economic significance of positively biased forecasts 

at SABIC. Assuming that the bias of supply deviations is inevitable, due to the limited potential 

of producing more than expected, in contrast to the potential for producing less than expected 

because of supply disruptions, it is important from an inventory costs perspective to reduce the 

demand forecast bias. Therefore, in the following chapter an analysis will be conducted to 

search for opportunities to address the bias.  

                                                             
5 Based on data used in chapter 8, the correction factor is estimated to have an impact of 5% on the 
average inventory level, thereby increasing the steepness of the blue line by a bit more than 5%. 
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6.4 Conclusion 
Analysis of historic demand forecast errors indicates that demand forecasts are significantly 

biased at SABIC. In specific, demand forecasts are significantly positively biased, implying that 

forecasts are significantly greater than realized demand. The bias was found to be on average 

10% of realized demand over the years 2010 to 2012. Biased demand forecasts can induce 

inventory levels to deviate from inventory targets, entailing service levels to deviate from 

service level targets. The effect of positively biased forecasts on inventory levels was 

mathematically derived in an environment with supply uncertainty. It was found that the 

inventory increasing effect of positively biased forecasts is partly offset by supply forecasts 

being on average lower than realized supply. However, the positive forecast bias of 10% still 

leads to an increase of the average inventory level by at least 6% at SABIC, thereby emphasizing 

the economic significance. As such, it is relevant to reduce the forecast bias, which is pursued by 

an in-depth analysis of demand forecast errors in the following chapter.  
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7 Factors Affecting the Biasedness of Forecasts 
The analysis in the previous chapter revealed that demand forecasts at SABIC are systematically 

overestimating future demand, which leads to a substantial increase in inventory levels. 

Therefore, it is relevant to reduce the bias. In order to search for opportunities for reduction of 

the bias, we analyze in this chapter the relationship between the level of biasedness and factors 

possibly influencing it, thereby providing an answer to the third sub research question: 

 

Three factors are selected which might be relevant for explaining differences in the level of 

biasedness. At first, we will investigate whether differences in demand dynamics influence the 

level of biasedness, as different product groups serve different markets with corresponding 

price and demand dynamics. Secondly, we analyze whether seasonality is present: if the level of 

biasedness significantly differs throughout the year, it might put us on track of other factors 

influencing the level of biasedness. If so, it provides opportunities for bias reduction. Finally, as 

prices play such an important role in the petrochemical industry, as they highly impact demand 

levels, the analysis in this chapter is also dedicated to the relationship between prices and the 

level of forecast biasedness. Although huge plant shutdowns affect the volume available for 

selling, thereby impacting realized demand if not all demand can be fulfilled, the impact of 

supply problems is not analyzed in this chapter. Even if a relationship with the biasedness level 

would be found, it does not provide concrete guidance for how to address it, as the rarely 

occurring huge unplanned shutdowns are inevitable and are by definition not planned for. All in 

all, the sub research questions to be addressed in this chapter are as follows: 

7.1: Can differences in the level of forecast biasedness between individual grades be explained 

based on differences in demand dynamics? 

7.2: Is the level of biasedness of forecasts affected by seasonal influences? 

7.3: Is the level of forecast biasedness affected by recent price movements? 

7.1 Individual Differences 
As we have seen in the histogram of mean percentage errors in Figure 6.1, there is considerable 

variation in the forecast bias among grades. This section is dedicated to investigating whether 

these individual differences can be explained by one or more factors. As we focus on the 

biasedness of demand forecasts, the factors identified to be possibly influencing the degree of 

biasedness are related to demand dynamics.  

The first two factors are the two highest levels used for product classification within SABIC, 

namely Business Unit and Value Team. Both of these product categories are connected to 

different markets and corresponding dynamics. Moreover, demand chain coordinators, who are 

responsible for providing the demand forecasts, are dedicated to one or two specific Value 

Teams. Hence significant differences for these factors capture both differences in market 

dynamics as well as in the people responsible for providing the forecasts. However, as demand 

chain coordinators of each product category pursue the same objectives and as forecasts are 

generated in a similar way (section 4.2.3), it is hypothesized that there is no difference in 

biasedness across Business Units and Value Teams: 

Hypothesis 7.1: The biasedness of forecasts is similar for the three Business Units. 

3. What factors affect the level of biasedness of demand forecasts? 
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Hypothesis 7.2: The biasedness of forecasts is similar for the various Value Teams. 

For the third factor, product type, we distinct between pure commodity grades and specialty 

grades, two product classes entailing different price and demand dynamics. Commodity grades 

are lower-end products which are supplied without qualitative differentiation across a market. 

Hence, in commodity markets one mainly competes on price. On the other hand, specialty 

grades are higher-end products which differ in terms of quality. As such, for specialty grades 

one not only competes on price, but also on quality. As specialty grades are usually scarcer and 

more important for customers than commodity grades, it might be that forecasters, consciously 

or unconsciously, provide relatively higher forecasts for specialty grades to secure the volumes 

of these grades: 

Hypothesis 7.3: The biasedness of forecasts is greater for specialty grades than for commodity 

grades. 

Finally, the last factor we look at in this section is the gross margin per grade, measured in 

percentage of the grade’s selling price. This factor is related to the previous factor, as in general 

specialty grades yield higher (gross) margins than commodity grades. Nevertheless, gross 

margins may vary considerably within each of the two product classes. The rationale for taking 

the margin into account is similar to the previous factor; demand chain coordinators might, 

again consciously or unconsciously, increase demand forecasts of higher-margin grades as these 

are more profitable: 

Hypothesis 7.4: The biasedness of forecasts is greater for grades with a higher gross margin. 

Normality Testing 
For testing the hypotheses above it is useful to conduct parametric tests, which rely on the 

assumption of normally distributed data, at least for small sample sizes. As we are interested in 

the differences between groups of grades, classified based on the factors introduced above, data 

of each group are required to be normally distributed as well. Unlike the total sample of 117 

grades, the sample size per group, usually smaller than 40, is considered to be small. As such, 

the assumption of normally distributed data is required for conducting parametric tests in this 

section.  Before testing the fit to normality of the mean percentage errors per grade (Appendix 

V), these are first checked on the presence of outliers, similar to the procedure used in chapter 

5. Three grades turn out to have a standardized z-score greater than 3, which is the 

recommended cut-off value for sample sizes greater than 80; all of them have a mean 

percentage error greater than 35%. Two of these grades are the main grades produced on a 

plant suffering from an unusual series of several big unplanned shutdowns in both 2011 and 

2012. As a consequence, a substantial part of demand could not be fulfilled, leading to the 

extremely high forecast bias of these two grades. The exceptionally high bias of the third grade 

could not be explained. The three outlier grades are excluded from the analysis, which will 

therefore be based on 114 grades. 

To test for normality of the mean percentage errors, we make use of the Kolmogorov-Smirnov 

test, as the sample size of 114 grades is larger than 50 (Hair et al., 2009). The null hypothesis is 

similar to the Shapiro-Wilk test, hypothesizing that the actual distribution of the observed data 

is equal to the normal distribution. As the test statistic is again not interpretable, the p-value is 

used to indicate how likely a normal distribution is. As the p-value, obtained through SPSS, is 

very close to zero (i.e., 0.002), the null hypothesis must be rejected. As before, we also check for 

normality through standardized skewness and kurtosis figures, which are generated using 
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equations 5.2 to 5.5, where       is replaced by     . Standardized skewness is found to be 

2.934, whereas standardized kurtosis is equal to 3.997. As both of these values are greater than 

2.58, the distribution of mean percentage errors significantly deviates from normality according 

to both skewness and kurtosis. Hence, the outcomes of the skewness and kurtosis figures 

confirm the outcome of the Kolmogorov-Smirnov test: the data significantly deviate from 

normality. 

Data Transformation 
As the distribution of mean percentage errors is not even approximately normal and the sample 

size for various groups is small, we cannot make use of parametric tests of the MPEs per grade. 

There are two options to proceed: either we make use of non-parametric tests, or we apply 

transformations to the data to correct the non-normality. Pursuing the latter option, parametric 

tests can be used on the transformed data if the non-normality can be corrected. Hair et al. 

(2009) recommend two transformations in specific for positively skewed data: the logarithm 

and the square root transformation. The drawback of both transformations is that they cannot 

accommodate negative values, of which our data set contains eight grades (i.e., 7.0% of the 114 

grades have a negative MPE). One option is to add a constant to each observation; however, as 

our data consist of percentage values, it is undesirable to do so. Hence, it is decided to exclude 

the eight negative observations and apply both transformations to the remaining 106 MPEs.  

It turns out that the square root transformation (√    ) leads to normally distributed data, in 

contrast to the log-transformation (        ). At first, the Kolmogorov-Smirnov test of √     

results in a p-value of 0.184. Being greater than the desired significance level of 1%, the null 

hypothesis that the data are normally distributed cannot be rejected. Secondly, standardized 

skewness and kurtosis of √     were found to be 0.974 and 0.500, respectively. As both 

standardized values are in between -2.58 and 2.58, the data do not show a significant deviation 

from normality in terms of skewness and kurtosis.6 The histogram of √     (Appendix VI), 

visualizes the good fit to the normal distribution. As such, the dependent variable for the 

parametric tests in this section is √    . For reasons of clarity, in order to avoid repeatedly 

using the square root sign, √     is replaced by    in the remainder of this section. 

Factor 1: Business Unit 
We go on by testing hypothesis 7.1, whether the level of biasedness, significantly differs 

between the three Business Units. As there are three discrete levels of the independent variable, 

analysis of variance (ANOVA) is the appropriate test for investigating whether the group means 

significantly differ (Montgomery & Runger, 2007). The assumptions for conducting ANOVA have 

to be checked first. As each grade belongs to only one Business Unit, the assumption of 

independent observations is likely to be met. The assumption of normality requires that the 

dependent variable is (approximately) normally distributed, not only on a total level, but also 

within each group. As the group sizes are smaller than 50, the Shapiro-Wilk test is used: the p-

values indicate that group data are normally distributed as well (Appendix VII). A third 

assumption for conducting ANOVA is the assumption of homoskedasticity, equivalent to 

homogeneity of variances. It is tested using Levene’s test, which tests the null hypothesis that 

the variance of the dependent variable is equal across different groups. If the p-value of 

Levene’s test is smaller than the significance level, set to be 5%, the null hypothesis must be 

                                                             
6 It has been checked that the data are normally distributed because of the square root transformation, 
not because of removal of the negative values. 
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rejected (Hair et al., 2009). As for our data the p-value is greater than 0.05 (Appendix VII), the 

assumption of homogeneity of variances is met. Given the outcomes of the assumptions tests, 

we can go on conducting the ANOVA. 

As such, each observation     , which is the dependent variable for grade   belonging to group  , 

is described according to a linear function of  , i.e., the overall mean,   , i.e., the difference 

between the overall mean   and group mean   , and a random error component     : 

                (7.1)  

The null hypothesis to be tested using ANOVA states that the      are equal to zero, which is 

equal to the null hypothesis that the group means are equal to the overall mean: 

                      (7.2)  

                          (7.3)  

For testing the hypothesis in equation 7.2, the total variance of the dependent variable is 

partitioned into two components; the between-groups component measures the variance of 

group means, whereas the within-group (error) component measures the variance of individual 

observations within the group around the group mean (Hair et al., 2009): 

          ∑      ( ̅   ̅)
 

 
 (7.4)  

         ∑ (      ̅ )
 

   
 (7.5)  

Where          is the between-group variance,         the within-group variance,    the total 

number of observations,    the number of groups and      the number of observations   in 

group  . Whether group means significantly differ is investigated using an F-test. The test 

statistic   , which is the ratio between the mean square of groups and the error mean square, 

and rejection criterion are as follows: 

 

   

        

    

       
     

 
        

       
 (7.6)  

                               
 (7.7)  

These equations are used to investigate whether the means of the three Business Units 

significantly differ. The outcomes, generated using SPSS, are represented in Appendix VII. As the 

value of    (1.94) is lower than the critical value (3.09 for a significance level of 5%), the null 

hypothesis that group means are equal cannot be rejected. In Figure 7.1, displaying the boxplot 

of the square root of mean percentage errors for each Business Unit, we can see that the means 

of the three Business Units indeed do not differ much. As such, the three Business Units do not 

significantly differ in terms of biasedness of forecasts. Hence the variation in the forecast bias 

per grade cannot be explained by differences between Business Units, in line with hypothesis 

7.1. 
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Figure 7.1: Boxplot of the level of biasedness (√   ) per Business Unit. 

Factor 2: Value Team 
In this section we test hypothesis 7.2, whether the level of biasedness differs for the various 

Value Teams and corresponding forecasters: 

                                                       (7.8)  

                          (7.9)  

Were group indicator   represents Value Teams instead of Business Units. 

The analysis is similar to the previous section; again, the assumptions for running ANOVA are 

met (Appendix VII). As the ANOVA provides a p-value of 0.650, much higher than the 

significance level of 5%, the null hypothesis of equal group means cannot be rejected. The 

conclusion is therefore similar to the analysis of Business Units: the variation in the forecast 

bias per grade cannot be explained by differences between Value Teams, in line with what we 

expected following hypothesis 7.2. The lack of a significant difference in forecast biasedness 

between Value Teams is visualized in the boxplot in Appendix VII. 

Factor 3: Product Type 
For analyzing the third factor, product type, each grade is classified either as a pure commodity 

grade or as a specialty grade. This classification is based on input from SABIC’s technical 

marketing department, which is responsible for new product introductions. As there are only 

two categories, we can directly compare the two means instead of conducting an ANOVA. As two 

independent samples are used, the t-test for independent groups is preferred (Graziano & 

Raulin, 2007). The assumptions required for this test are similar to the assumptions of ANOVA. 

Again, all required assumptions are met, as shown in Appendix VII. 

The null hypothesis to be tested is that there is no difference between the two population 

means, whereas the alternative hypothesis states that the mean biasedness of specialties ( ) is 

greater than the mean biasedness of commodities ( ): 

          (7.10)  

          (7.11)  

As the number of specialty grades is smaller than 50, which is considered as a small sample size, 

the variance (which is equal for the two groups, based on the outcome of Levene’s test in 
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Appendix VII) must be estimated for. The test statistic   , based on the t-distribution, the 

estimated variance    and the rejection criterion are obtained using equations 7.12 to 7.14: 

 
   

 ̅   ̅ 

  √
 
  

 
 
  

 
(7.12)  

 
   

        
          

 

       
 (7.13)  

                            (7.14)  

Where    is the number of specialty grades and    the number of commodity grades. Values 

of    and    are computed manually based on the descriptive statistics in Appendix VII. As test 

statistic    (equal to 0.039) is found to be (much) greater than the critical value            

(equal to 1.660), the null hypothesis that there is no difference in biasedness between the two 

product types cannot be rejected. As we can see in the boxplot in Appendix VII, the means of the 

two samples indeed hardly differ. Hence, we found no evidence for hypothesis 7.3, which states 

that the biasedness of forecasts is greater for specialties than for commodities.  

Factor 4: Gross Margin 
Hypothesis 7.4 states that biasedness of forecasts is greater for higher margin products, 

measured as a percentage of the selling price. A first view on the scatter plot of standardized 

gross margins and the biasedness level per grade (Appendix VII) suggests that there is no 

relationship between the two variables. To statistically verify this, we make use of linear 

regression, where    , the gross margin of grade  , is the predictor variable and    the 

dependent variable. The linear model to be fitted is as follows, where regression coefficients    

and    are estimated through ordinary least squares: 

                 (7.15)  

The assumption underlying linear regression, that the residuals    are normally distributed and 

variances are equal along the line, is checked by interpreting the scatterplot of standardized 

residuals and predicted values (Appendix VII), indicating that both assumptions are met. 

The null hypothesis to be tested states that the gross margin regression coefficient is equal to 

zero, whereas the alternative hypothesis is that it is greater than zero: 

          (7.16)  

          (7.17)  

The test statistic and rejection criterion are based on the t-distribution: 

 
   

  ̂

    

 (7.18)  

                          (7.19)  

Where   ̂ is the estimated regression coefficient and     
 the standard error of the regression 

coefficient. Both values are generated using SPSS (Appendix VII); strikingly, the direction of   ̂ is 

negative, whereas a positive relationship between the gross margin and the biasedness was 

expected according to hypothesis 7.4. Whether    must be rejected depends on the desired 

significance level. Given the p-value to be 0.072,    is rejected for a 10% significance level, but 

not rejected on a 5% significance level. Anyway, as the value of    is just 0.031, implying that 

only 3.1% of the variance of the dependent variable can be explained by the gross margin, the 
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explanatory power of the gross margin is negligible. As such, we have not found support for 

hypothesis 7.4. 

Summarizing our findings thus far, the variation in the level of forecast biasedness between 

grades cannot be explained by any one of the four factors investigated in this section. The 

individual differences do not to originate from differences in demand dynamics.  

7.2 Seasonal Effects 
The previous section was dedicated to analyzing differences between grades concerning the 

level of biasedness. We investigated overall biasedness figures, analyzing the whole period 

figures from 2010 to 2012, thereby smoothing potential seasonal effects. To investigate whether 

such effects come forward in demand forecasts, our focus shifts to variation in the level of 

biasedness within a year. Since the same procedure for generating demand forecasts is followed 

throughout the year (section 4.2.3), it is expected to find no significant seasonality. Hence, the 

hypothesis to be tested in the current section is as follows: 

Hypothesis 7.5: Biasedness of forecasts is not affected by seasonal influences.  

We test this hypothesis by comparing the mean percentage errors of the twelve months. For 

each grade   the mean percentage error     of month   is computed. To smooth fluctuations 

of individual months, i.e., to reduce the sampling error,        is calculated as follows: 

 
       

                                

                             
 (7.20)  

For                                 , where        represents month   in the year 

2010 and so on. The distribution of        has been tested for normality for each  , which is 

relevant for determining what kind of test to use for hypothesis 7.5. Given the outcome of the 

normality test of the overall      figures, it is not surprising to find that the distribution of 

       is significantly non-normal for eleven of the twelve months (Appendix VIII). To 

accommodate parametric tests, the data might be transformed in a similar vein to the overall 

    , by taking square roots. However, the amount of negative values, for which no square root 

can be generated, is much higher for the monthly mean percentage errors (27.1% on average) 

than for the overall figures (7.0%). As we consider the impact of deleting more than a quarter of 

the data points to be too high, we resort to non-parametric tests of        for testing 

hypothesis 7.5. 

The non-parametric test to be used is the Kruskal-Wallis test, the purpose of which is similar to 

ANOVA (Montgomery & Runger, 2007). The null hypothesis states that the mean level of 

biasedness is equal for the various groups (i.e., months  ): 

                              (7.21)  

                         (7.22)  

Instead of parameterizing the data by computing means and standard deviations for each group, 

all observations        are ranked in order from lowest to highest. Each observation        

gets its rank number      assigned, after which the average rank of each month  , i.e.,  ̅ , can 

be computed. If the means of the various months are equal, the ranks 1,2,…   are expected to be 

mixed throughout the groups   so that the average rank of each group is equal to the expected 

value  [ ̅ ]: 

 
 [ ̅ ]  

   

 
 (7.23)  
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If, however, the null hypothesis is false, some groups will consist of observations having 

predominantly small ranks, while other groups mainly contain observations having 

predominantly large ranks. The Kruskal-Wallis test statistic measures the degree to which the 

actual observed average ranks  ̅  differ from the expected value  [ ̅ ]. If this difference is 

large, the null hypothesis is rejected. Test statistic   and the rejection criterion are computed as 

follows: 

 
  

  

      
∑     ( ̅  

   

 
)
   

   

 (7.24)  

                       
  (7.25)  

Where it is assumed that our sample size is large enough for test statistic   to follow a chi-

square (  ) distribution with      degrees of freedom (Montgomery & Runger, 2007),    

being the number of months and      being the number of observations in month  . The 

required input parameters for the Kruskal-Wallis test are tabulated in Appendix VIII. Test 

statistic   is found to be 98.2, while critical value        
  is found to be 19.7. As          

 , 

the null hypothesis that the means of the various months are equal is rejected (p-value is 0.000). 

Hence there are significant differences between the twelve months in terms of biasedness, 

which might originate from seasonal influences. To examine whether a seasonal pattern can be 

identified, a graph of the mean percentage errors per month is represented in Appendix VIII.  

It shows that there is considerable variation regarding the forecast bias per month. Seasonal 

patterns seem to be present, as forecasts in the first couple of months are less biased than 

forecasts later on in the year. Whereas the biasedness is already somewhat higher in the spring 

months, particularly in the second half of the year forecasts are much higher than in the 

beginning of the year. A remarkably low level of biasedness of less than 5% is shown for March 

and July. Concerning the latter one, it does not originate from a seasonal pattern; the low level of 

biasedness is caused by the incredibly ‘good’ month July 2012, when during the month SABICs 

management decided to get rid of skyrocketing inventories by giving huge price discounts to 

customers. As a consequence, demand forecasts for July 2012 were dramatically lower than 

realized demand.  

As noted before, the monthly data still show considerable variation. It therefore makes sense to 

aggregate the data to a higher level, in order to reduce the noise in the data and to get a better 

understanding of the potential seasonal effects. For this reason the monthly data are grouped 

into quarterly data, grouping the observations of the first three months in quarter 1, the next 

three months in quarter 2, and so on. The Kruskal-Wallis test is used to investigate whether 

there are significant differences in biasedness between the four quarters  : 

                       (7.26)  

                         (7.27)  

The rank procedure outlined before is conducted on a quarterly basis to test the hypothesis in 

equation 7.26. The test statistic and rejection criterion are computed similarly to the monthly 

data, thereby replacing   by   in equations 7.24 and 7.25. The test statistic   (i.e., 44.5), 

computed given the input parameters in Appendix VIII, is found to be greater than the critical 

value (i.e., 7.8), for a p-value of 0.000. Hence, the Kruskal-Wallis test of quarters gives a similar 

result as the monthly test. This entails that the null hypothesis in equation 7.26 must be 

rejected, implying that the biasedness of demand forecasts significantly differs between the four 
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quarters. A graphical overview of the MPEs of the different quarters is provided in Figure 7.2. 

Besides, the relative level of demand forecasts and realized demand for the various quarters are 

given in this figure, where average realized demand in the first quarter is indexed to be 100. 

 
Figure 7.2: The level of forecast biasedness (measured through mean percentage error MPE) on a quarterly 

basis, comparing realized demand to forecasted demand (indexed: realized demand in Q1 = 100). 

Figure 7.2 provides us with a much clearer picture of how the forecast bias evolves, indicating a 

cyclic pattern, where forecasts are more biased later on in the year. Most notable is the 

discrepancy between the last quarter, which has a mean percentage error of 16.5% over the 

years 2010 to 2012, and the first quarter, when forecasts were only biased by 6.7% on average. 

Despite that it is well-known within SABIC that the last quarter generates by far the lowest sales 

volume of all quarters, it follows from the index figures that forecasts are not lowered 

correspondingly, as the last quarter forecasts are higher than the average forecasts for the first 

quarter. Apparently the forecasters considerably underestimate the decrease in sales volume in 

the last quarter. The increased level of overestimation of sales might be due to ignorance or 

underestimation of an end-of-year effect. It might be that customers simultaneously decide to 

de-stock at the end of the year, for example with the purpose to reduce the amount of (capital 

tied up in) inventory in the financial statements, which are most often prepared at year end. 

Another reason might originate from not fully incorporating the fact that most customers close 

down their plants for several weeks around Christmas and year end, which entails a lack of 

orders for several weeks. All in all, it seems that in the first quarter customers make up for the 

delayed orders in the last quarter, leading to a lower level of biasedness in the first quarter. 

Where we have to guess for the causes of the differences in forecast bias between the last and 

first quarter, the consequences of increased biasedness are clearer, as already explained in the 

previous chapter. As decisions to lower production levels, which might have been obvious to 

take if forecasts would not have been positively biased, are delayed, which leads to (much) 

higher inventory levels and corresponding extra costs. Moreover, wanting to get rid of the sky 

high inventories at the beginning of the new year, prices might be lowered by SABIC, entailing 

lower margins and less profit. Hence, the seasonal pattern detected in this section, thereby 

rejecting hypothesis 7.5, provides a valuable opportunity for addressing the forecast bias. 
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7.3 Price Effects 
As outlined in section 7.1, the market served by the polymer industry is a commodity market. 

All plastics producers are able to produce the most common grades for which there are (hardly) 

opportunities for qualitative differentiation. As such, customers have the possibility to buy these 

grades from several companies. As there is usually no difference in terms of product quality, 

customers search for the best deals. As discussed in section 3.2, research by Corbijn (2013) 

revealed that customer’s sensitivity to prices has considerably risen since the outbreak of the 

economic crisis in September 2008. However, prices of commodity grades are usually equal 

among competitors, all following quoted market prices. This implies that the potential benefit of 

switching between suppliers, solely based on prices, is limited. Nevertheless, customers still try 

to benefit from price differences, not only by searching for price differences between suppliers, 

but mainly because of fluctuating market prices. Customers try to reap benefits from price 

changes by tying their order strategy to market prices. Patterns of pre-buying, i.e., increasing 

orders when prices are considered to be low, and delayed buying, i.e., postponing orders when 

prices are considered to be high, have been found to be much more prevalent than before the 

collapse of Lehman Brothers (Corbijn, 2013). As a consequence, demand volatility has 

increased, inducing demand forecasting to become increasingly complex. Results of Kleuskens 

(2011) are in line with this reasoning, as he shows that the predictive power of statistical 

forecasting models for predicting short-term demand levels is poor, mainly due to the 

unpredictability of (short-term) development of market prices. As recent price movements may 

have induced application of pre- or delayed buying strategies by customers, thereby affecting 

demand in upcoming months, it is interesting to investigate the relationship between recent 

price movements and the level of biasedness of forecasts in later months. The existence of such 

a relationship would imply a discrepancy in the perception of forecasters and customers on how 

the latter ones react on price developments. As both customers and forecasters have access to 

the same price information at the same time, it is hypothesized that recent price movements do 

not affect the level of forecast biasedness in upcoming months: 

Hypothesis 7.6: Recent price movements do not affect the biasedness of forecasts in upcoming 

months. 

Data Selection 
For measuring price movements we make use of monthly industry quotations from ICIS pricing 

(www.icispricing.com), used by plastics producers and customers throughout the world. Prices 

of the two main input materials C2 and C3 together with prices of the various product groups 

were generated for January 2009 up to and including March 2013. Appendix IX displays a graph 

of the development of feedstock prices from 2010 to 2012, showing that prices have been 

fluctuating considerably. 

An analysis of bivariate correlations between polymer prices and corresponding feedstock 

prices was conducted using SPSS, the outcome tabulated in Appendix IX. It follows from the 

correlation matrix that the correlations between polymer prices and corresponding feedstock 

prices are very high, implying that prices tend to move together. Correlations are significant for 

all pairs, which is not surprising given that all correlations are greater than 0.90. Based on this 

result, we make use of C2 and C3 prices for measuring the monthly price movements. The price 

movement     in month   is computed as follows, where : 

 
    

       

    
      (7.28)  

Where    is the price quotation (C2 and C3) in month  . 
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The level of biasedness of forecasts is measured through the mean percentage error in month  , 

where     and    represent the aggregated figures of all grades in the sample: 

 
     

   

  
      (7.29)  

Besides the overall figure, mean percentage errors are also computed for the three Business 

Units. As we are investigating the effect of prices on the level of biasedness, it might be valuable 

to only take commodity grades into account, which are known to be more price-sensitive than 

specialty grades. Therefore, next to the measure incorporating all grades, MPEs of the Business 

Units are also computed for only the commodity grades belonging to a specific Business Unit. 

Before proceeding, each of the mean percentage error time-series are tested on normality. The 

Shapiro-Wilk test, because the sample size for each variable is smaller than 50, and the familiar 

standardized skewness and kurtosis figures are used for this purpose. The latter ones are 

computed using equations 7.2 to 7.5, replacing      by     . The outcomes of the normality 

tests are given in Appendix IX. As no significant deviations from normality are detected, 

parametric tests are used in the remainder of this section. 

Analysis of Cross-Correlations 
Cross-correlations are computed to investigate the relationship between prices and the level of 

biasedness in upcoming months. Cross-correlations measure the correlation between two 

variables, where one of the two variables is shifted by one or more time lags. For calculating the 

cross-correlation at time lag  , the price movement in month   is compared to the corresponding 

MPE in month     for each  . As such, a series of     is compared to a corresponding series 

of       . Cross-correlations are computed between the mean percentage errors and the 

corresponding feedstock price movements for time lags -6 to +6, thereby shifting the MPEs half 

a year backwards and forwards. The graphs of cross-correlations between price movements and 

the aggregate level of biasedness, generated using SPSS, are shown in Figure 7.3 below: 

 
Figure 7.3: Cross-correlation graph of feedstock price movements (C2 and C3) and the total level of 

biasedness (Bias). The cross-correlation is significantly positive at time lag 1. 

The six cross-correlation graphs of the Business Units, for the complete sample and for 

commodity grades only, are provided in Appendix IX. The overall graph and the Business Unit 

graphs are quite alike, implying that the outcomes are generalizable to each product category. 

What strikes at first are the negative cross-correlations at lags -1 and -2, which are significant 

for most of the product categories. These significant negative cross-correlations imply that 

months with a highly positive forecast error are followed by price drops or relatively minor 

price increases in the two following months. This effect is not surprising; months with a highly 

positive forecast error represent months where sales were relatively heavily disappointing, as 
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sales were much less than expected. As a consequence, inventory levels did increase; in 

response, to attract more demand for the built-up inventory, prices were increased less than 

usual or even decreased. Nevertheless, we are primarily interested in the opposite direction of 

the relationship: do recent price movements affect the level of biasedness in upcoming months? 

The cross-correlations for lags 2 up to and including lag 6 are not significantly different from 0. 

In contrast, the cross-correlations at lag 1 are very interesting to investigate further, as cross-

correlations are shown to be positive in all figures. Two-sided t-tests of the cross-correlations at 

lag 1 are conducted in Appendix X. All lag 1 cross-correlations are found to be substantially 

greater than 0, the smallest cross-correlation being equal to 0.25. Four of the tested cross-

correlations are indicated to significantly differ from 0 with 90% confidence. Note that the 

cross-correlation is higher for the commodity samples than for the complete samples. The 

cross-correlation at lag 1 is positive, encompassing that the next-month biasedness level moves 

in the same direction as the current-month price movement. If prices have increased 

substantially in the last month, the forecast error in the next month tends to be relatively higher 

than average. Oppositely, if prices have dropped (or have increased only a little) in the last 

month, the next-month biasedness level will on average be relatively lower than usual. As 

demand forecasts at SABIC are on average highly biased (see chapter 6), this implies that 

forecasts at SABIC are worse (i.e., more overestimating realized sales) when prices have 

increased considerably in the previous month. This outcome might be explained through 

forecasters at SABIC not (fully) capturing the application of pre- and delayed buying strategies 

by customers (Corbijn, 2013); assuming that customers seize price drops (or minor price 

increases) for applying pre-buying strategies, their order volume in the next month will be 

higher than required and expected by SABIC’s forecasters, resulting in higher sales for SABIC 

and a forecast biasedness level which is lower than usual. In a similar vein, assuming that 

relatively great price increases are seized by customers for application of delayed buying, great 

price increases will lead to lower order volumes in the next month than expected by the 

forecasters, inducing fewer sales for SABIC and a forecast bias which is higher than usual. All in 

all, as a significant positive cross-correlation between recent price movements and next-

month’s forecast error was found, hypothesis 7.6 must be rejected. In contrast to this 

hypothesis, recent price movements affect the level of biasedness in the next month.  

7.4 Conclusion 
In the previous chapter we found that demand forecasts at SABIC are significantly positively 

biased, having a dramatic impact on inventory levels.  In order to provide concrete guidance for 

diminishing the forecast bias, we investigated what factors affect the level of biasedness. It turns 

out that differences in the level of biasedness between individual grades cannot be explained by 

differences in demand dynamics, which vary across product groups. Analyzing the variation in 

the level of biasedness over time revealed the existence of seasonal patterns, where demand 

forecasts in the last quarter were found to be much more positively biased than demand 

forecasts in the first quarter. Apparently forecasters at SABIC underestimate end-of-year effects, 

which might imply that customers target for lower inventory levels at the end of the year than 

expected by SABIC. Finally, a significant positive relationship was found between recent price 

movements and next month’s level of the forecast bias. The outcomes revealed that the level of 

biasedness is higher when prices have increased relatively much in the previous month, while 

forecasts tend to be less biased if prices have dropped in the last month. This relationship might 

be due to customers applying pre- and delayed buying strategies in response to price 

movements, strategies which are apparently not (fully) foreseen by SABIC.  
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8 Joint Optimization of Production and Inventory Planning 
This chapter goes into the final research question, thereby investigating the integration of 

tactical production planning and tactical inventory planning, which are currently conducted 

separately at SABIC. Tactical production planning currently takes place in the third step of the 

tactical optimization process (section 4.2.1) and is aimed at determining the optimal production 

cycle length for each production plant. As discussed in chapter 5, tactical inventory planning 

deals with the determination of safety stock levels required for satisfying delivery capability 

targets. In the current process, it is conducted after tactical production planning has taken place. 

However, as safety stock levels are dependent on the production cycle length, the costs of safety 

stock are currently not taken into account when determining target cycle lengths. Moreover, the 

combined outcomes of production and inventory planning determine to what extent external 

storage capacity is required. Resorting to external storage entails additional costs, which are in 

the current process not taken into account when determining production cycle lengths. As 

safety stock costs, as well as potential external storage costs, are neglected in optimizing the 

production cycle length, the current procedure used within SABIC may provide a suboptimal 

solution concerning total relevant costs. The benefit of joint optimization, i.e., taking safety stock 

and external storage costs into account in the optimization of cycle lengths, compared to 

sequential optimization will be investigated in this chapter in order to answer the fourth 

research question: 

 

8.1 Introduction 
In this chapter, one comprehensive model for tactical production and inventory planning will be 

developed. The model must be applicable to all thirteen polymerization plants of SABIC, thereby 

allowing for the relevant specifics of each plant. The performance of the comprehensive model 

will be compared to the performance of two separate models for production and inventory 

planning. As the objective of tactical production and inventory planning is to provide target 

customer service under minimal total relevant costs, a total costs function will be derived at 

first. Subsequently, the optimization procedures of both the integrated model (i.e., joint) as well 

as the two separate models (i.e., sequential) will be discussed. Finally, we will use Monte Carlo 

simulation to get insight into the difference in total costs obtained by joint optimization 

compared to sequential optimization, for a broad range of potential combinations of input 

parameters. We start by outlining the relevant input and output parameters for the model. 

Input Parameters 
Listed in Appendix XI are the required input parameters for the model to be developed in this 

chapter. The outcomes of the second step of the tactical optimization process, specifying the 

production sequence of a cycle wherein each grade is produced at least once, serve as input for 

tactical production and inventory planning. Grades can be produced more than once in a cycle, 

for example, for smoothing the transition between two other grades, the number of times in a 

cycle referred to as the number of runs. As the production cycle specifies the production 

sequence and (the cost of) transitions are sequence-dependent, the transition costs per full 

cycle are also given. The production sequence in our model is assumed to be fixed; if the 

production sequence on a particular plant is not as rigid as assumed, production planners have 

4. What is the benefit of joint optimization of tactical production planning and tactical 
inventory planning compared to sequential optimization? 
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more flexibility than assumed. Hence, less safety stock would be required than according to our 

model. Nevertheless, the assumption of fixed production schedules is reasonable for the 

petrochemical industry, as the number of available transitions is limited by chemical properties 

of subsequent grades (Fransoo, Sridharan, & Bertrand, 1995). The other input parameters 

besides the production cycle are provided by the departments of manufacturing, business, and 

finance. The bulk sales percentage represents the expected allocation of a production plant’s 

total volume into bulk and packed goods. 

Output Parameters 
The model’s decision variable and the output parameters are also listed in Appendix XI. The 

model’s objectives are twofold; on the one hand an optimal production plan has to be generated, 

specifying the optimal length of the production cycle as well as the lead time and production 

quantity per grade. On the other hand, the model has to deliver optimal inventory targets per 

grade, constrained to satisfying the customer service targets. All these model outcomes 

ultimately depend on the production cycle length, which therefore serves as the decision 

variable of both the integrated model as well as the separate models. 

8.2 Derivation of Total Costs Function 
In this section the total costs function, incorporating all relevant costs related to tactical 

production and inventory planning, will be derived as an expression of the decision variable, 

production cycle length  . It will be used to assess the benefit of joint optimization compared to 

sequential optimization. Total costs comprehend four different cost components, each one of 

them to be discussed in the following paragraphs: 

                                 (8.1)

Transition Costs 
Transition costs, which are specified per production cycle, increase proportionally to the 

number of cycles per time unit. Transition costs are therefore equal to the transition costs per 

cycle ( ) multiplied by the number of cycles per time unit ( 
 

 
 ): 

 
         

 

 
   (8.2)

Cycle Stock Costs 
As a consequence of producing in batches, in each production run inventory of a grade is built 

up, which gradually reduces as demand gets fulfilled from stock until the next production run of 

the respective grade takes place. This type of stock is referred to as cycle stock, the level of 

which depends on   , the production quantity per run.    is equal to   , the expected demand 

per time unit, multiplied by   , the lead time of  : 

            (8.3)

Assuming that the time between different runs of a grade within a production cycle is equal,    

can be written as a function of the production cycle length  . This assumption may be violated 

in practice, although for most grades running more than once in a cycle it well approximates the 

situation in practice. Following this assumption, lead time    can be obtained by dividing   by 

the number of runs of   per cycle: 

 
   

 

  
   (8.4)

Combining equations 8.3 and 8.4,    can be expressed in terms of   as follows: 

 
      

 

  
 

   

  
   (8.5)
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As we are in a (continuous) production environment,    does not arrive at once at the same 

time, except for very small batches. Instead,    arrives intermittently. The intermittent arrival 

of    is approximated in our model by assuming     to arrive linearly at the production rate   . 

While producing   , demand for   keeps on getting fulfilled, which we assume to be linearly as 

well, at the demand rate   . As such, while    is in production, the stock level of   increases at a 

rate of      . When production of    is finished, the cycle stock level will decrease to 0, at the 

demand rate   . Based on the assumptions of linearity, the average cycle stock level of  , i.e.,   ̅̅̅̅
 , 

is equal to half of the maximum cycle stock level of   (as the minimum cycle stock level is equal 

to 0). The maximum cycle stock level equals production quantity    minus the demand fulfilled 

during production of   . The latter one can be obtained by multiplying the time it takes to 

produce    (equal to 
  

  
) by the demand rate (  ). As such,   ̅̅̅̅

  can be generated and written a 

function of   as follows, where    is substituted by equation 8.5: 
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Having derived the expression for the average cycle stock level, the cycle stock costs function 

can be written as a function of    as well. Assuming a linear relationship between inventory 

levels and inventory holding costs, cycle stock costs are equal to the average cycle stock level 

times the inventory holding costs per unit (   ): 
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  (8.7)

Safety Stock Costs 
The determination of safety stock levels has been thoroughly discussed in chapter 5, where the 

inventory planning model was derived. Based on equations 5.21 and 5.29, safety stock levels     

can be written as a function of   : 
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   (8.8)

Safety stock costs are equal to the total safety stock level, i.e., the sum of safety stock levels of all 

grades, multiplied by the unit holding costs per time unit (   ): 
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Where    follows from       , which ensures fulfillment of delivery capability targets     . Under 

the complete backordering assumption,    can be obtained as follows (equation 5.27): 
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When substituting    and    by equations 8.4 and 8.5, respectively,    can also be expressed in 

terms of  : 
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External Storage Costs 
Thus far we have assumed that inventory holding costs increase linearly with the inventory 

level. However, this assumption is violated in practice, as the internal storage capacity of 

production plants at SABIC is often not sufficient for storage of the plant’s entire inventory. If so, 

one has to make use of external storage facilities, thereby renting storage capacity outside the 

production site from third-parties. External storage is more expensive than internal storage, 

originating from rental costs as well as extra transportation costs, which implies that the 

assumption of linear inventory holding costs is violated if external storage capacity is required. 

The costs of external storage differ for the two types of storage facilities used by SABIC: storage 

in silos, for bulk goods, is much more costly than storage in warehouses, for packed goods. 

Moreover, the internal storage capacity for packed goods is for most production plants greater 

than the internal storage capacity for bulk goods. 

Therefore, for deriving the function of external storage costs, the total inventory level of a 

production plant, equal to the sum of cycle and safety stock, must be allocated into a bulk and a 

packed part. Input parameter  , the bulk sales percentage, is used for this purpose. The plant’s 

inventory level of bulk (packed) can then be compared to the internal bulk (packed) storage 

capacity, i.e.,    (  ), to assess for what portion of the inventory level additional costs will be 

incurred. As long as the bulk (packed) inventory level is lower than the internal bulk (packed) 

storage capacity, no external storage costs will be incurred. If the total bulk (packed) inventory 

level is higher than the internal bulk (packed) storage capacity, additional costs for external 

storage, i.e.,    (  ) will be incurred for the difference between the capacity required and the 

internal capacity available. This situation is visualized for bulk storage in Figure 8.1, where   

and   are defined as before. 

 

Figure 8.1: Higher inventory holding costs for external bulk storage (  +  ) than for internal bulk storage 
(  ), where    is the internal bulk storage capacity. 

Assembling this all, the external storage costs function is as follows: 

 
            (   (

 

 
 ∑

  

  
(  

  

  
)

 
 ∑

    √ 

√   
)    )

       (        (
 

 
 ∑

  

  
(  

  

  
)

 
 ∑

    √ 

√   
)    ) 

  (8.12)

 
 



 

57 
 

Total Costs 
Having expressed all four cost components in terms of   , the total costs function can be written 

as: 
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8.3 Sequential Optimization 
In the current procedure of the tactical optimization process at SABIC, tactical production and 

inventory planning are conducted separately (section 4.2.1). As such, the production cycle 

length is determined solely based on the trade-off between costs which are directly (and 

linearly) related to  : transition costs and cycle stock costs. Hence, the effect of    on safety 

stock and external storage costs, which are non-linearly related on  , is not taken into account 

using this sequential optimization approach: 
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It is assumed that there are no minimum and maximum bounds on   , the production quantity 

per run which directly follows from  , implying that there is no constraint on the value of    

except for being positive. In practice, there are no maximum bounds on   , but regarding 

minimum bounds it is preferred to have run quantities which minimally fill at least two silos. 

Usually production run quantities are much larger than the minimum preferred run quantity, 

although for exceptionally low-volume grades the optimum run quantity might be somewhat 

lower. We assume that for these grades a lower quantity is accepted, whereas in practice it may 

be decided to make use of larger quantities (leading to more stock) or less production runs of 

those grades. All in all, as the grades concerned are exceptionally low-volume grades, the impact 

of this assumption is negligible.  

For generating the optimal value of   we take the first-order derivative of the transition and 

cycle stock cost function with respect to  : 
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Setting equation 8.15 equal to zero and writing it as a function of    leads to the following 

expression for the optimal value   
  in case of sequential optimization:7 
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Subsequently, given the production cycle length   
 , safety stock levels and required external 

storage capacity are generated. The total costs for the solution under sequential optimization, 

                                                             
7 Only the positive root is taken, because negative production cycle lengths make no sense. 
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  , are obtained by implementing   

  in equation 8.13, hereby taking into account safety 

stock costs and external storage costs as well: 
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Values for    follow from implementing    
  in equation 8.11, which ensure fulfillment of the 

service level constraint: 
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8.4 Joint Optimization 
Using a joint optimization procedure, production cycle length   is determined based on the total 

relevant costs, thereby also taking into account the effect of    on safety stock levels as well as 

on the costs of external storage in the optimization itself: 

               
 

        
 

                          

    
 

(
 

 
 

 

 
   ∑

  

  
(  

  

  
)

 
 √   ∑

    

√   

       (   (
 

 
 ∑

  

  
(  

  

  
)

 
 ∑

    √ 

√   
)    )

       (        (
 

 
 ∑

  

  
(  

  

  
)

 
 ∑

    √ 

√   
)    )) 

  (8.19)

As safety stocks are incorporated, the objective function in equation 8.19 is subject to satisfying 

the service level requirements     , which is ensured through equation 8.11. Similar to 

sequential optimization, it is assumed that there is no minimum or maximum requirement 

regarding the production run quantity per grade. 

Deriving an exact closed-form expression for the optimal value of   based on the objective 

function in equation 8.19 is impossible, in contrast to the sequential optimization procedure. 

This is due to the non-linear relationship between the safety stock level and the production 

cycle length, besides the fact that the values of safety factors    are also non-linearly related to   

(through conversion from       ). Moreover, the relationship between   and external storage 

costs is also non-linear. As such,   
 , the optimal production cycle length under joint 

optimization, will be obtained through a numerical approach: varying    for a great range of 

possible values, using minor increases of   , and calculating total costs      for each value of   . 

Comparing the total costs under each solution,   
  is equal to the value of    which provides 

minimal total costs. This procedure for generating   
  might, for instance, be conducted using a 

spreadsheet procedure within Microsoft Excel. Having found   
 , the total costs using joint 

optimization,     
  , can be computed by implementing   

  in equation 8.13: 
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Where values for    follow from implementing    
  in equation 8.11: 
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8.5 Simulation 
For answering this chapter’s research question we need to assess the benefit of joint 

optimization (section 8.4) compared to sequential optimization (section 8.3), which will be 

conducted through a Monte Carlo simulation experiment, as outlined below. 

8.5.1 Simulation Set-Up 

At first, we must define the benefit of joint optimization compared to sequential optimization. 

The benefit, i.e.,       , is measured in relative terms through comparison of  (  
 ) and     

  , 

which represent the total costs under joint and sequential optimization on a yearly basis, 

respectively: 
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  and   

  are generated through applying the optimization procedures described in sections 8.3 

and 8.4. As        is dependent on the specific values of the input parameters, a Monte Carlo 

simulation experiment is set up, which enables generating        for a broad range of potential 

combinations of input values. The simulation experiment, conducted using the simulation 

software @RISK, consists of 100,000 simulation runs. In each run, values for all of the input 

parameters are obtained based on their probability distributions. For each of the model 

parameters in section 8.1 a probability distribution has been assigned, based on input from 

SABIC’s Supply Chain Planning department as well as on historical data. The simulation 

experiment is carried out for 10 grades. The number of grades itself has no impact on the 

benefit of joint optimization, which depends on the combination of grade characteristics, e.g., 

the level of uncertainty and the delivery capability target, and plant characteristics. 

8.5.2 Results and Interpretation 

Before going on to the total cost benefit of joint optimization, we look at how the optimal 

production cycle length differs under joint and sequential optimization. The impact of joint 

optimization on the optimal production cycle length, i.e.,    , is computed as follows: 
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The distribution of     of our simulation experiment is shown in Figure 8.2: 
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Figure 8.2: The impact on the optimal production cycle length   of applying joint optimization of tactical 

production and inventory planning compared to sequential optimization. The distribution of the impact on 
the production cycle length is generated through a Monte Carlo simulation experiment. 

Figure 8.2 reveals that making use of joint optimization may have a great impact on    , as the 

optimal production cycle length is on average 21.9% shorter than under sequential 

optimization. Although in 1% of simulation runs    is longer than under sequential 

optimization, for the majority of cases a shorter production cycle length is provided. Note from 

Figure 8.2 that the distribution of     is bimodal, which we can explain by considering the 

internal storage capacity (   and   ). If internal storage capacity is sufficient under the 

sequential optimization solution, implying that no external storage capacity is required, there is 

no benefit of lowering the production cycle length from the perspective of external storage 

costs. In contrast, if internal storage capacity is limited, lowering the production cycle length, 

which induces lower stock levels and less external storage capacity required, may have a large 

impact on total costs, originating from (much) lower external storage costs. Apart from the 

effect of    on external storage costs, the optimal production cycle length under joint and 

sequential optimization might differ based on the effect of    on safety stock levels, which are 

affected by   in two ways. At first, a shorter   implies a shorter period of (demand and supply) 

uncertainty, which makes that less safety stock is needed. However, a shorter cycle length also 

implies lower production quantities, entailing more opportunities for out-of-stock situations 

and thus requiring more safety stock to be installed. Usually, the former effect on safety stock 

levels exceeds the latter effect; as such, shorter production cycle lengths usually lead to lower 

safety stock costs. Combining the effects of    on safety stock costs and external storage costs, 

joint optimization mostly leads to a lower optimal cycle length     than under sequential 

optimization.  

The extent to which     entails lower total relevant costs, i.e.,       , is visualized for our 

simulation experiment in Figure 8.3: 
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Figure 8.3: The benefit in terms of total costs (  ) of applying joint optimization of tactical production and 

inventory planning compared to sequential optimization. The distribution of the total cost benefit is 
generated through a Monte Carlo simulation experiment. 

Figure 8.3 shows that joint optimization never yields higher total relevant costs than sequential 

optimization. The mean (median)        is 3.9% (3.5%) of total relevant costs, which 

emphasizes the economic significance of joint optimization.8 At minimum, total relevant costs 

are equal under both optimization methods. This is true when the same solution, i.e., the same 

optimal production cycle length, is provided by both optimization methods, which happens in 

3% of the runs in our simulation experiment. In correspondence to the distribution of     

(Figure 8.2), the distribution of        is bimodal. The explanation is equivalent as well: if 

internal storage capacity is sufficient, the benefit of joint optimization is relatively minor, as 

there is no benefit in terms of external storage costs. The opposite is true when internal storage 

capacity is limited. In order to get more insight into how the cost savings are obtained, Table 8.1 

shows for both optimization methods how total relevant costs are, on average, subdivided into 

the four costs components: 

Costs 

Average Proportion of 
Total Costs: Sequential 

Optimization 

Average Proportion 
of Total Costs:  

Joint Optimization Difference 

Transition Costs 33.3% 44.6% 11.3% 

Cycle Stock Costs 33.3% 27.4% -5.9% 

Safety Stock Costs 23.0% 22.3% -0.7% 

External Storage Costs 10.4% 5.7% -4.7% 
Table 8.1: Average allocation of total costs under joint and sequential optimization. 

As joint optimization usually leads to lower production cycle lengths (Figure 8.2), relatively 

more transitions will be carried out. As such, the proportion of transition costs is much higher 

                                                             
8        is computed under the assumption of complete backordering for all grades. This assumption has 
hardly impact, as the mean (median) benefit under the complete lost sales assumption is 3.81% (3.43%). 
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under joint optimization (44.6%) compared to sequential optimization (33.3%). As a 

consequence of shorter production cycle lengths, the proportion of all inventory cost 

components (i.e., cycle, safety and external storage costs) is lower under joint optimization 

compared to sequential optimization. As graphed in Appendix XII, the  distribution of the 

difference in external storage costs as a result of applying joint optimization is bimodal, which 

explains the bimodality of the distributions of     and       . 

8.5.3 Sensitivity Analysis 

Figure 8.3 shows that there is considerable variation in the extent to which jointly optimizing 

tactical production and inventory planning leads to a benefit in total relevant costs. The benefit 

depends on the (combination of) values of the input parameters. A sensitivity analysis has been 

conducted to assess which input parameters contribute most to the benefit of joint 

optimization. For this purpose, each of the input parameters is subdivided into 10 percentiles, 

ranging from lowest to highest, for which the mean        is computed. The sensitivity 

of        to the three most influential input parameters is visualized in Figure 8.4: 

 
Figure 8.4: Sensitivity of the total cost benefit (      ) to the three most influential parameters: bulk sales 

percentage (ϕ), the internal bulk storage capacity (  ), and the costs of external bulk storage (  ). 

The bulk percentage  , the costs of external bulk storage   , and the internal bulk storage 

capacity    turn out to be the three most important ones. Parameters   and    have a positive 

effect on        : if there is relatively much capacity required for bulk storage (high  ) and the 

costs of external bulk storage are high (   is high), the benefit of joint optimization is usually 

high as well. The effect of     is different; as long as there is limited internal bulk storage 

capacity, as up to the 50% percentile, the benefit of joint optimization is substantial. However, 

as    gets relatively high (i.e., if there is abundant internal bulk storage capacity), the benefit of 

joint optimization, due to savings in external bulk storage costs, vanishes. The benefit then only 

consists of the effect on safety stock costs and potentially external packed storage costs.  

The three most influential input parameters are all related to the costs of external bulk storage 

capacity. Internal capacity and external storage costs of bulk are apparently more influential 

than the equivalent packed parameters. This is endorsed by the situation in practice; as the 
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internal storage capacity for packed goods is usually sufficient, and the external storage costs 

for packed are lower than for bulk goods, the benefit to be gained by reducing the packed 

inventory level is lower than the benefit to be gained by lowering the bulk inventory level. 

8.5.4 Impact of Cost of Capital on Optimal Production Cycle Length 

Within SABIC the cost of capital  , serving as input parameter for the tactical planning model, is 

computed as a five-year moving average. The rationale behind making use of a five-year moving 

average, instead of the cost of capital effective at the relevant moment, is that investments in the 

petrochemical industry usually have a very long-term horizon. According to SABIC’s Finance 

department, one does not want to take decisions regarding long-term investments based on the 

effective cost of capital, which may vary even on a daily basis. However, decisions regarding 

inventory levels, coming out of the tactical planning model, become effective already on a short-

term basis (i.e., usually a couple of weeks). Conceptually it is incorrect to use a five-year moving 

average as estimate for the cost of holding inventory on a short-term basis. To get quantitative 

insight into the impact of using an incorrect estimate of the cost of holding inventory, the 

sensitivity of the optimal production cycle length     to the cost of capital   is investigated. For 

this purpose, we simulate     for different values of the cost of capital; nine simulations of 5,000 

runs each are conducted, where a different cost of capital is used in each simulation. In specific, 

the cost of capital is varied from 85% to 115% of the currently used cost of capital, given that 

the difference between the effective cost of capital and the five-year moving average in general 

is not greater than 10% (Finance department). The outcomes are graphed in Appendix XII. 

Logically, the figure shows that a higher cost of capital leads to a lower optimal production cycle 

length, as it implies lower inventory levels and thus less inventory holding costs. Following the 

outcomes of the sensitivity analysis, using a cost of capital which is 10% lower than the real   

will on average provide a 3.7%-higher optimal cycle length; on the other hand, a cost of capital 

which is 10% higher than the real cost of capital will on average lead to a 3.4%-lower   . In light 

of the huge effect on     displayed in Figure 8.2, the effect of using a conceptually incorrect 

estimate of the cost of capital is limited. Nevertheless, for tactical planning decisions, becoming 

effective on a short-term basis, it is still recommended to make use of a more up-to-date cost of 

capital. 

8.6 Conclusion 
This chapter was dedicated to investigating the benefit of joint optimization of tactical 

production and inventory planning compared to sequential optimization. In contrast to the 

latter one, the joint optimization procedure takes into account the effect of the production cycle 

length on safety stock costs and external storage costs. As is beneficial from the perspective of 

these two cost components, the optimal production cycle length under joint optimization is 

usually much shorter than under sequential optimization. As a consequence, the solution under 

joint optimization leads to more transitions and lower inventory levels. Through Monte Carlo 

simulation it has been shown that joint optimization usually yields a significant reduction in 

total relevant costs; at minimum, joint optimization and sequential optimization provide the 

same solution. The former one turns out to be particularly valuable when relatively much 

storage of bulk goods is required, the internal bulk storage capacity is limited and the costs of 

external bulk storage are high. In conclusion, pursuing joint optimization of tactical production 

and inventory planning is recommended for future use within SABIC. 
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9 Managerial Insights 

I.  Make use of the integrated production and inventory planning tool. 

The integrated production and inventory planning model, elaborated in the previous chapter, 

has been developed into an Excel-based tool, applicable to all of SABIC’s polymerization plants. 

The tool has been extended for use within SABIC by taking into account the impact of iron stock 

levels (section 4.2.1) on the costs of external storage. Moreover, in anticipation of the outcomes 

of an activity based costing project within SABIC, the tool has been extended to allow for grade-

specific unit costs, in contrast to plant-specific unit costs. After filling the values of the input 

parameters (Appendix XI), the tool generates an optimal production plan and optimal stock 

targets. On plant-level, the tool delivers the optimal production cycle length, the total inventory 

level, the amount of external storage capacity required for bulk and packed, and a costs 

overview. For each grade, the target production quantity per run, the lead time, and optimal 

stock levels for both the bulk and packed SKU are provided. 

Making use of the integrated production and inventory planning tool in the tactical optimization 

process is strongly recommended to SABIC, for several reasons. The major benefit is a decrease 

in total relevant costs (i.e., the sum of transition, cycle stock, safety stock, and external storage 

costs), resulting from the joint optimization procedure built into the tool (section 8.4). The 

benefit of joint optimization compared to sequential optimization, where the current models 

rely on, was quantified in the previous chapter through Monte Carlo simulation. A second 

benefit originates from standardization and alignment between Business Units, in contrast to 

the current situation, where as many models and spreadsheets are in use as there are 

production plants. Standardization and alignment is beneficial from a performance evaluation 

perspective as well as from a knowledge management perspective. Finally, having filled the 

required input parameters, the model automatically generates the optimal solution, which is 

less labor-intensive and time-consuming than in the current situation. 

 

II. Run the tactical optimization process more frequently. 

Currently, the tactical optimization process takes place once a year. However, during the year it 

usually becomes evident that the market develops differently than expected, causing the 

previously determined optimal production plans and stock targets not to be optimal any more. 

For instance, demand expectations per grade turn out to be different from what was expected at 

the beginning of the year. Besides, new grades are introduced every now and then, thereby 

impacting a plant’s transition costs. Thirdly, seasonality of grades, although not that prevalent in 

the plastics industry, is not accommodated for when running the process only once a year. 

Therefore, it is recommended to update production cycle lengths and stock targets more 

frequently, for instance twice a year. Running the tactical optimization process more frequently 

is enabled by having an automated production and inventory planning tool available.  
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III. Challenge demand forecasts, especially in the last quarter and after considerable price 

increases. 

In chapter 6, we showed that demand forecasts at SABIC significantly overestimate realized 

demand, on average by 10%, entailing a huge increase of inventory levels. Currently, demand 

chain coordinators solely are responsible for providing demand forecasts. It is recommended 

for reduction of the bias to at least challenge the demand chain coordinators, for example by 

supply chain planning managers. Based on the in-depth forecast bias analysis in section 7.2, it is 

especially worthwhile to challenge demand forecasts in the last quarter, when forecasts are 

positively biased by on average 16.5%. A second situation of particular interest is when prices 

have recently considerably increased, as the level of biasedness tends to increase with previous-

month price increases (section 7.3). 

 

IV. Increase awareness of the forecast bias. 

Schuster et al. (2013) note that it is difficult to re-center forecasts over time in an environment 

of dynamic demand. In contrast, it is easy to see and eliminate a bias when demand is constant. 

As the petrochemical industry has encountered increased demand volatility since the outbreak 

of the economic crisis in 2008 (section 3.2), observing the biasedness of demand forecasts is 

more difficult than it was before. Keeping track of and publishing the forecast bias on, for 

instance, a monthly or quarterly basis will increase awareness of the presence of a positive bias. 

For the same reason, it is recommended to use the forecast errors for performance evaluation of 

demand chain coordinators. Increased awareness might lead to reduction of the bias. 

 

V. Ensure independency of demand forecasts and sales targets. 

As discussed in section 4.2.2, in a situation of high inventories, business management at SABIC 

may decide to pursue more sales than according to the expectation of the forecasters. In such a 

situation, demand forecasts are leveled up by so-called ‘unassigned sales’. In that case, demand 

forecasts do not represent a realistic appraisal of demand, but a sales target instead. A positive 

forecast bias is likely to arise in such an environment (Schuster et al., 2013). Ensuring 

independency of demand forecasts and sales targets, by not adjusting demand forecasts based 

on business management’s sales objectives, might help in reducing the bias. 
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10 Conclusion and Further Research 
In this final chapter, the main findings of this research project are summarized. We come up 

with an answer to the main research question, followed by a discussion of the limitations of this 

study and suggestions for further research. 

10.1 Conclusions 
At first, the four consecutive sub research questions are discussed one by one, enabling us to 

come up with an answer to the main research question. 

1. How to determine inventory targets required for satisfying service level targets? 

An inventory planning models has been developed, its objective being to determine inventory 

targets (safety stock levels) required for satisfying the service level targets (delivery capability 

targets). As the purpose of safety stock is to hedge against fluctuations of demand and supply in 

the short run, it is important to have a good characterization of both sources of uncertainty. 

Despite the asymmetry of supply deviations, i.e., the potential for producing less than expected 

is greater than the potential for producing more than expected, joint deviations of demand and 

supply turned out to have a good fit to the normal probability distribution. Because inventory of 

bulk and packed SKUs of the same grade can be pooled if necessary, safety stock levels are 

determined on grade-level. The model’s service level metric was determined to be the P2 metric, 

which resembles the delivery capability metric used within SABIC. Finally, the model allows for 

distinguishing between specialty grades and commodity grades, as specialty grades are usually 

backordered in an out-of-stock situation, whereas demand for commodity grades is generally 

lost in such a situation. 

2. If demand forecasts are significantly biased, what is the effect on inventory levels? 

Inventory levels might deviate from inventory targets if demand forecasts are significantly 

biased. Analysis of historic demand forecast errors revealed that demand forecasts at SABIC are 

significantly positively biased. In specific, demand forecasts were found to significantly 

overestimate future demand levels by on average 10%. Notwithstanding the partly offsetting 

effect of production levels, which are, on average, lower than expected, positively biased 

forecasts were shown to lead to a substantial increase of inventory levels. The forecast bias 

must be reduced to less than 4% to get inventory levels in line with inventory targets. 

3. What factors affect the level of biasedness of demand forecasts? 

In order to provide concrete guidance for diminishing the forecast bias, we investigated what 

factors affect the level of biasedness. It turned out that differences in the level of biasedness 

between grades cannot be explained by differences in demand and market dynamics. On the 

other hand, seasonal patterns were found to be involved: demand forecasts appeared to much 

more overestimate realized demand in the last quarter of the year than in the first quarter. 

Apparently, forecasters underestimate an end-of-year effect, which might have to do with 

customers targeting for lower inventory levels at the end of the year. Besides, a significant 

positive relationship was found between previous-month price movements and the forecast 

bias level: when prices have increased relatively much in the previous month, the level of 

biasedness tends to be higher. This relationship might be due to customers applying pre- and 

delayed buying strategies in response to price movements, strategies which are apparently not 

(fully) foreseen by SABIC. 
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4. What is the benefit of joint optimization of tactical production planning and tactical 

inventory planning compared to sequential optimization? 

In contrast to sequential optimization, joint optimization of tactical production and inventory 

planning takes into account the effect of the production cycle length on safety stock levels and 

external storage capacity required. Whereas sequential optimization is based on the trade-off 

between transition costs and cycle stock costs only, joint optimization takes into account the 

effect of the production cycle length on safety stock and external storage costs as well. Under 

joint optimization, production cycle lengths and inventory targets are optimized 

simultaneously. The solution under joint optimization usually yields a lower optimal production 

cycle length than under sequential optimization, which is beneficial from the perspective of 

safety stock and external storage costs. It has been shown that an integrated approach might 

yield a significant reduction in total relevant costs. Pursuing joint optimization turned out to be 

especially valuable if internal storage capacity is limited and the costs of external storage 

capacity are relatively high. 

 

In the last couple of years, service levels of supply chain planning at SABIC Europe Polymers 

were much higher than target service levels. As a consequence, inventory levels and inventory 

holding costs were higher than targeted for, which might lead to reduced profitability. Based on 

the findings in this research project, cost-effectively satisfying service level targets at SABIC 

Europe Polymers can be enabled in the following three ways: 

1. Inventory targets can be determined using the inventory planning model developed in 

this study, which translates strategically determined delivery capability targets into 

tactical safety stock levels. The model takes into account uncertainty from demand- and 

supply side, the benefit from pooling inventories of different SKUs of the same grade and 

the difference between specialty and commodity grades concerning customer reactions 

on out-of-stock situations. 

 

2. Demand forecasts at SABIC Europe Polymers turned out to be significantly positively 

biased, prohibiting alignment of inventory levels and targets. Inventory levels will get 

closer to targets if the biasedness of demand forecasts is reduced. Accounting for the 

end-of-year effect, i.e., demand forecasts are more biased in the last quarter of the year 

than in the first quarter, and the price-increase effect, i.e., demand forecasts tend to be 

more biased after prices have considerably increased in the previous month, will help to 

cost-effectively satisfy service level targets. 

 

3. Service level targets can be satisfied more cost-effectively if tactical production and 

inventory planning are integrated, in contrast to the sequential approach of the current 

tactical optimization process. Jointly optimizing production cycle lengths and inventory 

targets, thereby taking into account the impact of the production cycle length on safety 

stock and external storage costs, may yield significantly lower total costs. 

 

How to cost-effectively satisfy service level targets at SABIC Europe Polymers? 
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10.2 Limitations 
The integrated production and inventory planning model is built on the assumption that the 

optimal production sequence, including the number of runs per grade, is fixed. For plants with a 

rigid production schedule, where transitions are mainly based on chemical properties of 

consecutive grades, this assumption does not pose a limitation. However, if the production 

sequence and the number of runs per grade are flexible (and thus the transition costs per cycle 

as well), the model provides a limited, suboptimal solution, as it does not accommodate for the 

number of runs per grade to be a decision variable. 

Using only monthly data provides a second limitation of this research. For instance, for 

estimating the level of uncertainty during the production lead time, in order to compute safety 

stock levels, we have to rely on the assumption that forecast errors are independently and 

normally distributed in any time period. Determined safety stock levels might be somewhat 

inflated or deflated as a consequence. 

Finally, import grades were not taken into account in this study. Some grades are both produced 

in Europe and imported from Saudi Arabia, providing opportunities for pooled inventory and 

lower safety stock levels as such. However, the model developed in this study does not allow for 

incorporation of import grades, which entail completely different supply dynamics. 

10.3 Further Research 
Beyond overcoming the limitations discussed above, we propose the following two suggestions 

for conducting further research. 

Demand forecasts were found to much more overestimate future demand levels towards year 

end, which might have to do with customers targeting for lower inventory levels in that period. 

As inventory levels have to be reported in financial statements, which are in most companies 

made up at year end, we hypothesize that inventory levels are lowered in advance of drawing 

up financial statements, this in order to enable reporting a higher free cash flow. If such a 

relationship exists, companies face simultaneous de-stocking (as a result of order delaying) 

around times when customer’s financial statements are made up. As this heavily impacts 

operations management, anticipating such behavior can be very valuable. We therefore suggest 

investigating if, and to what extent, inventory decisions are impacted by the time financial 

statements are made up. 

Secondly, a significant relationship between recent price movements and the level of biasedness 

of demand forecasts was discovered. Nevertheless, apart from establishing the relationship, we 

can only guess why this relationship exists and what are the dynamics behind it. As argued 

before, it might have to do with application of pre- and delayed buying strategies by customers. 

Anyhow, it would be interesting to conduct an in-depth analysis of (feedstock-) price 

movements in relation to customer’s order moments and volumes. 
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Appendices 

Appendix I – Descriptive Statistics & Normality Tests Demand Uncertainty 

Business 
Unit Grade         

̅̅ ̅̅ ̅                                  

Shapiro-
Wilk 

Statistici 

Shapiro-
Wilk  

P-valuei 

1 Grade    36 41 166 3.136 3.069 .734 .000 

1 Grade    35 57 123 .849 -.777 .982 .953 

1 Grade    36 70 144 .891 -.317 .912 .068 

1 Grade    35 60 220 .050 .862 .950 .362 

1 Grade    36 92 270 .129 -.570 .947 .327 

1 Grade    36 178 495 2.288 1.909 .925 .123 

1 Grade    36 357 546 1.554 1.114 .954 .440 

1 Grade    36 74 170 -.001 3.106 .814 .001 

1 Grade    35 199 332 1.078 -1.039 .930 .157 

1 Grade    36 110 148 .464 -.302 .979 .918 

1 Grade    36 42 135 .758 .681 .967 .684 

1 Grade    35 6 48 .062 1.035 .945 .292 

1 Grade    36 18 30 .699 -.473 .965 .649 

1 Grade    36 58 199 1.718 .060 .947 .324 

1 Grade    36 261 740 .106 2.538 .899 .040 

1 Grade    36 3118 3193 .810 -1.371 .946 .312 

1 Grade    36 169 222 1.040 -.250 .988 .993 

2 Grade    35 40 380 1.301 3.815 .954 .433 

2 Grade    36 213 164 .181 -.853 .971 .779 

2 Grade    36 139 547 3.070 2.224 .954 .436 

2 Grade    36 822 1191 .464 .513 .954 .425 

2 Grade    36 21 119 -.261 -.292 .971 .781 

2 Grade    36 149 274 .954 -.398 .986 .986 

2 Grade    36 85 95 -.901 -.483 .930 .155 

2 Grade    36 54 146 .761 -.482 .923 .113 

2 Grade    35 290 358 .889 -.758 .949 .357 

2 Grade    36 57 138 .278 .894 .958 .508 

2 Grade    36 172 413 -.780 .005 .982 .953 

2 Grade    36 38 138 .174 .268 .956 .465 

2 Grade    34 81 125 -1.503 .520 .929 .150 

2 Grade    36 43 163 -1.671 -.087 .958 .500 

2 Grade    36 3 24 -1.128 -.222 .907 .055 

2 Grade    36 12 46 -1.422 .124 .978 .898 

2 Grade    35 160 235 1.204 -.213 .965 .646 

2 Grade    36 111 221 -1.091 .235 .975 .862 

2 Grade    36 74 227 2.577 3.055 .962 .579 

2 Grade    35 153 278 1.600 2.507 .970 .745 

2 Grade    36 54 767 -.342 1.755 .963 .603 

2 Grade    36 2590 2667 -.575 1.924 .941 .256 
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2 Grade    36 53 131 2.159 .835 .920 .098 

2 Grade    35 632 839 -.243 -.036 .970 .746 

2 Grade    35 439 604 -.765 -.473 .971 .769 

2 Grade    36 318 412 -1.569 1.695 .955 .451 

2 Grade    36 129 391 1.260 -.132 .863 .009 

2 Grade    36 21 138 .410 -.786 .957 .489 

2 Grade    36 15 300 -.644 .010 .950 .364 

2 Grade    36 8 319 .996 .505 .974 .827 

2 Grade    36 62 89 .776 2.394 .931 .160 

2 Grade    36 74 380 -.763 .002 .961 .563 

2 Grade    35 25 227 1.256 .788 .927 .135 

2 Grade    36 86 217 -.659 1.352 .963 .598 

2 Grade    36 346 563 -.305 .221 .949 .350 

2 Grade    36 123 263 1.252 -.131 .785 .001 

2 Grade    35 32 72 -.467 -.461 .974 .840 

2 Grade    36 42 155 .563 -.744 .952 .394 

2 Grade    36 3 114 1.292 -.658 .955 .441 

2 Grade    36 51 135 .695 .533 .971 .768 

2 Grade    35 318 466 1.294 .987 .947 .319 

2 Grade    36 23 47 .945 -.326 .947 .317 

2 Grade    35 -2 27 1.896 1.795 .898 .038 

3 Grade    36 94 228 .925 -.929 .963 .597 

3 Grade    36 4 85 .559 .184 .971 .786 

3 Grade    36 280 326 .690 -1.352 .933 .178 

3 Grade    36 68 179 -.756 -.454 .964 .618 

3 Grade    36 139 347 1.097 -1.187 .909 .060 

3 Grade    35 104 135 .713 .688 .965 .646 

3 Grade    36 -33 110 -1.287 -.035 .948 .342 

3 Grade    36 -8 109 1.282 2.043 .958 .501 

3 Grade    35 212 415 5.247 7.074 .780 .000 

3 Grade    35 325 489 -.034 .229 .961 .568 

3 Grade    36 181 196 -.229 -.023 .965 .639 

3 Grade    36 21 150 -.366 -.208 .972 .801 

3 Grade    36 -89 135 .054 -.638 .971 .776 

3 Grade    36 235 555 .074 -.502 .940 .238 

3 Grade    36 109 415 -.013 -.141 .967 .683 

3 Grade    36 204 445 1.325 -.790 .947 .329 

3 Grade    36 92 250 .404 -.284 .950 .365 

3 Grade    36 -8 56 .963 -.320 .910 .064 

3 Grade    36 18 63 -.642 .295 .967 .686 

3 Grade    36 7 86 -1.903 1.322 .968 .721 

3 Grade    36 42 113 -2.253 .666 .902 .045 

3 Grade    36 14 47 .580 .921 .938 .224 

3 Grade    36 3 59 -.052 -1.359 .934 .183 

3 Grade    36 132 251 2.325 1.880 .956 .473 
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3 Grade    35 118 96 -1.201 .337 .924 .121 

3 Grade    36 61 109 -.062 -.124 .988 .995 

3 Grade    36 79 223 .785 -.325 .960 .551 

3 Grade    36 -2 22 1.118 1.050 .971 .781 

3 Grade    35 118 250 2.967 3.758 .910 .064 

3 Grade    35 286 453 4.026 6.020 .827 .002 

3 Grade    36 56 95 .427 -.879 .955 .444 

3 Grade    36 186 353 -.560 .182 .970 .747 

3 Grade    36 67 156 -1.135 .098 .927 .135 

3 Grade    36 1 180 -1.561 1.687 .955 .441 

3 Grade    36 -19 1007 -1.579 -.077 .954 .426 

3 Grade    36 64 443 2.324 3.557 .796 .001 

3 Grade    36 151 316 -.436 1.117 .964 .631 

3 Grade    36 88 373 1.711 .992 .981 .946 

3 Grade    35 42 122 -1.084 .026 .970 .745 

3 Grade    36 40 194 -.037 .304 .938 .219 

3 Grade    36 250 993 -2.576 1.924 .916 .082 

3 Grade    36 151 383 2.465 1.421 .978 .903 

3 Grade    36 5 118 .003 .370 .941 .248 

3 Grade    36 190 325 -.817 .223 .945 .298 

3 Grade    36 -2 128 .055 .832 .962 .577 

3 Grade    36 46 178 2.180 2.649 .969 .739 

3 Grade    35 62 173 3.296 3.477 .925 .124 

3 Grade    36 87 91 1.680 .558 .981 .942 

3 Grade    36 50 150 -.057 -.292 .934 .182 

3 Grade    36 183 410 .509 -.319 .963 .605 

3 Grade    35 46 74 -.063 -.170 .978 .902 

3 Grade    36 39 104 -.872 -.615 .967 .698 

3 Grade    36 204 304 -.369 -.736 .899 .040 

3 Grade    36 32 83 .851 .005 .974 .842 

3 Grade    36 44 321 .760 .867 .868 .011 

3 Grade    36 7 94 -.632 1.380 .935 .189 

3 Grade    36 74 224 .725 -.249 .964 .636 
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Appendix II – Normality Tests of Supply Deviations 

Business 
Unit Plant         

̅̅ ̅̅ ̅        

Shapiro-
Wilk 

Statisticx 

Shapiro-
Wilk 

P-valuex                           

2 Plant   48 .54 1.01 0.881 0.001 2.999 0.164 

2 Plant   47 .58 1.66 0.938 0.043 1.663 -0.136 

2 Plant   46 .40 1.49 0.959 0.194 1.063 0.334 

2 Plant   46 1.24 2.36 0.881 0.001 3.284 1.418 

1 Plant   47 -.29 2.51 0.974 0.540 -0.891 -0.525 

1 Plant   47 1.17 1.85 0.960 0.222 1.439 -0.148 

1 Plant   47 2.63 2.93 0.960 0.220 1.599 -0.413 

3 Plant   46 .98 1.90 0.951 0.109 1.770 0.380 

3 Plant   47 1.99 3.43 0.954 0.145 2.911 1.247 

3 Plant   45 .84 2.30 0.958 0.181 1.099 -0.874 

3 Plant   47 1.28 1.09 0.940 0.050 2.681 1.313 

3 Plant   47 .36 .95 0.922 0.014 1.765 1.098 
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Appendix III – Normality Tests of Joint Deviations of Demand and Supply 

Busine
ss Unit 

Main 
Plant Grade        ̅                             

Shapiro-
Wilk 

Statistici 

Shapiro
-Wilk  

P-valuei 

1 Plant   Grade    35 47 172 2.406 2.023 .930 .028 

1 Plant   Grade    34 0 145 -.088 -0.403 .981 .809 

1 Plant   Grade    35 -12 181 .027 -0.157 .979 .711 

1 Plant   Grade    34 -52 262 -.218 -1.173 .960 .239 

1 Plant   Grade    35 84 437 .612 0.490 .985 .902 

1 Plant   Grade    35 176 675 .495 0.510 .976 .643 

1 Plant   Grade    35 352 911 .051 1.301 .972 .490 

1 Plant   Grade    35 71 166 -1.243 1.376 .923 .018 

1 Plant   Grade    34 -178 603 -1.028 -1.050 .946 .093 

1 Plant   Grade    35 -20 250 -.575 -0.933 .970 .436 

1 Plant   Grade    35 39 190 -.003 -0.474 .985 .913 

1 Plant   Grade    34 7 165 .426 0.245 .961 .262 

1 Plant   Grade    35 16 31 -.362 -0.232 .985 .906 

1 Plant   Grade    35 25 213 1.753 0.007 .949 .104 

1 Plant   Grade    36 21 869 -.915 3.225 .956 .158 

1 Plant   Grade    36 1664 3362 .233 -0.782 .973 .519 

1 Plant   Grade    36 66 255 -.114 0.513 .984 .881 

2 Plant   Grade    34 -104 420 -1.688 0.491 .953 .156 

2 Plant   Grade    35 102 210 -2.235 1.528 .945 .080 

2 Plant   Grade    35 11 512 2.863 2.601 .895 .003 

2 Plant   Grade    35 325 1076 .286 0.719 .975 .587 

2 Plant   Grade    35 6 119 -.240 -0.643 .972 .503 

2 Plant   Grade    35 61 323 -.796 1.013 .949 .105 

2 Plant   Grade    35 89 89 -.647 -0.512 .975 .602 

2 Plant   Grade    35 18 165 -.449 0.073 .990 .988 

2 Plant   Grade    34 211 376 .786 -0.358 .978 .706 

2 Plant   Grade    35 36 143 .410 0.786 .974 .576 

2 Plant   Grade    35 73 413 -1.339 0.397 .962 .270 

2 Plant   Grade    35 -7 151 -1.062 1.352 .956 .168 

2 Plant   Grade    33 81 128 -1.477 0.377 .958 .224 

2 Plant   Grade    35 39 165 -1.531 -0.163 .947 .091 

2 Plant   Grade    34 3 25 -.983 -0.426 .969 .429 

2 Plant   Grade    34 11 46 -1.346 0.075 .970 .452 

2 Plant   Grade    33 59 247 -1.256 0.619 .964 .337 

2 Plant   Grade    34 61 233 -1.709 0.029 .950 .126 

2 Plant   Grade    34 -6 189 .952 0.299 .970 .463 

2 Plant   Grade    34 112 278 1.209 2.552 .960 .239 

2 Plant   Grade    35 -207 713 -.115 0.836 .969 .407 

2 Plant   Grade    35 22 144 1.604 0.525 .962 .257 

2 Plant   Grade    34 155 439 -.365 -0.885 .979 .735 

2 Plant   Grade    35 64 417 1.035 0.772 .963 .277 
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2 Plant   Grade    35 -8 140 1.246 0.353 .961 .243 

2 Plant   Grade    35 -60 292 -.108 -0.331 .981 .785 

2 Plant   Grade    35 -101 343 2.237 1.008 .935 .040 

2 Plant   Grade    35 44 99 1.397 1.877 .951 .120 

2 Plant   Grade    34 3 355 .257 0.433 .995 1.000 

2 Plant   Grade    35 -60 277 1.432 1.706 .963 .283 

2 Plant   Grade    35 2 251 .237 0.494 .980 .767 

2 Plant   Grade    35 113 775 -.683 -0.580 .980 .772 

2 Plant   Grade    36 42 339 -.248 -0.257 .963 .270 

2 Plant   Grade    35 17 80 .125 -0.850 .967 .373 

2 Plant   Grade    36 -11 199 -.343 -0.529 .988 .951 

2 Plant   Grade    36 -19 129 1.277 -0.999 .939 .046 

2 Plant   Grade    36 18 142 -.033 1.065 .955 .145 

2 Plant   Grade    34 211 479 -.102 0.205 .981 .805 

2 Plant   Grade    34 22 43 .624 -0.328 .984 .881 

2 Plant   Grade    34 -1 27 1.766 1.762 .949 .112 

3 Plant   Grade    34 -15 274 -.268 -0.227 .984 .897 

3 Plant   Grade    34 -12 100 .972 0.083 .974 .593 

3 Plant   Grade    35 -31 476 -.545 -0.469 .978 .707 

3 Plant   Grade    35 -17 185 -1.422 0.394 .974 .563 

3 Plant   Grade    35 -57 366 1.714 0.670 .944 .075 

3 Plant   Grade    34 10 134 -.613 -0.536 .984 .880 

3 Plant   Grade    35 -129 159 -.777 -0.635 .974 .556 

3 Plant   Grade    35 -48 112 .036 0.745 .973 .527 

3 Plant   Grade    34 125 429 5.264 8.017 .783 .000 

3 Plant   Grade    34 -79 558 .145 0.508 .986 .924 

3 Plant   Grade    35 43 199 -.814 -0.315 .984 .873 

3 Plant   Grade    35 -79 187 -.554 -0.638 .983 .848 

3 Plant   Grade    35 -171 162 .946 -0.040 .973 .540 

3 Plant   Grade    35 -42 526 -.295 -0.281 .976 .632 

3 Plant   Grade    34 19 436 .067 0.091 .957 .202 

3 Plant   Grade    34 161 503 .733 -1.110 .953 .150 

3 Plant   Grade    34 41 297 .440 -1.018 .974 .575 

3 Plant   Grade    34 -14 59 .220 -0.339 .980 .775 

3 Plant   Grade    34 -3 74 -.881 -0.982 .947 .100 

3 Plant   Grade    34 -8 91 -.746 -0.328 .979 .737 

3 Plant   Grade    34 16 141 -2.482 1.721 .937 .051 

3 Plant   Grade    34 9 50 1.075 0.454 .975 .617 

3 Plant   Grade    34 -4 64 .023 -1.397 .943 .077 

3 Plant   Grade    35 71 250 2.206 2.016 .937 .045 

3 Plant   Grade    34 -28 259 -2.742 2.326 .925 .023 

3 Plant   Grade    35 -30 178 -1.234 -0.707 .952 .132 

3 Plant   Grade    34 9 314 .181 -0.520 .990 .982 

3 Plant   Grade    34 -4 21 .561 -0.283 .973 .561 

3 Plant   Grade    33 75 305 2.838 3.235 .924 .023 
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3 Plant   Grade    33 210 609 .672 2.182 .969 .465 

3 Plant   Grade    34 45 110 -.342 -0.547 .984 .875 

3 Plant   Grade    35 -54 406 -.466 0.871 .976 .636 

3 Plant   Grade    35 -82 262 -.546 -0.508 .967 .357 

3 Plant   Grade    34 -18 200 -.629 0.663 .971 .476 

3 Plant   Grade    33 -59 1032 -1.501 -0.162 .955 .181 

3 Plant   Grade    33 -76 411 1.567 1.965 .960 .256 

3 Plant   Grade    33 102 330 -.238 0.652 .971 .518 

3 Plant   Grade    33 -45 373 1.576 0.351 .928 .031 

3 Plant   Grade    32 6 139 -.580 -1.011 .956 .215 

3 Plant   Grade    33 4 204 .081 0.341 .982 .854 

3 Plant   Grade    33 191 1057 -2.484 1.825 .922 .020 

3 Plant   Grade    33 -11 310 .706 -0.793 .965 .362 

3 Plant   Grade    33 -9 129 .562 -0.263 .979 .763 

3 Plant   Grade    33 39 423 .244 -0.342 .991 .994 

3 Plant   Grade    33 -42 146 -.048 0.070 .987 .956 

3 Plant   Grade    33 36 174 2.628 2.917 .910 .010 

3 Plant   Grade    32 -12 206 -1.093 -0.011 .973 .585 

3 Plant   Grade    33 58 112 -.448 0.296 .980 .776 

3 Plant   Grade    33 14 178 -.770 0.114 .982 .838 

3 Plant   Grade    33 -23 609 -1.395 -0.154 .958 .229 

3 Plant   Grade    34 -8 80 -1.179 -0.338 .961 .265 

3 Plant   Grade    35 -54 133 .425 -0.228 .987 .954 

3 Plant   Grade    35 -75 341 -.469 -0.360 .985 .906 

3 Plant   Grade    35 3 100 -.842 -0.030 .983 .855 

3 Plant   Grade    35 -14 328 .572 0.181 .971 .468 

3 Plant   Grade    35 -3 96 -.854 1.159 .969 .425 

3 Plant   Grade    35 -7 258 .011 -0.808 .966 .339 
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Appendix IV – Correlation Between Demand and Supply Deviations 
Busine
ss Unit Grade   Plant                        

Significant 
correlation? 

2 Grade    Plant   33 0,061 0,340 2,040 No 

2 Grade    Plant   34 -0,065 -0,366 2,037 No 

2 Grade    Plant   34 -0,018 -0,104 2,037 No 

2 Grade    Plant   34 0,194 1,117 2,037 No 

2 Grade    Plant   35 0,258 1,535 2,035 No 

2 Grade    Plant   35 0,089 0,511 2,035 No 

2 Grade    Plant   34 0,299 1,775 2,037 No 

2 Grade    Plant   35 0,026 0,150 2,035 No 

2 Grade    Plant   35 0,191 1,117 2,035 No 

2 Grade    Plant   35 0,292 1,754 2,035 No 

2 Grade    Plant   35 0,194 1,134 2,035 No 

2 Grade    Plant   35 -0,091 -0,524 2,035 No 

2 Grade    Plant   34 0,403 2,489 2,037 Yes 

2 Grade    Plant   35 0,130 0,755 2,035 No 

2 Grade    Plant   35 0,217 1,274 2,035 No 

2 Grade    Plant   35 -0,068 -0,391 2,035 No 

2 Grade    Plant   36 -0,085 -0,499 2,032 No 

2 Grade    Plant   35 0,050 0,287 2,035 No 

2 Grade    Plant   36 -0,008 -0,048 2,032 No 

2 Grade    Plant   36 -0,071 -0,413 2,032 No 

2 Grade    Plant   36 0,209 1,247 2,032 No 

2 Grade    Plant   34 0,215 1,245 2,037 No 

1 Grade    Plant   35 0,159 0,923 2,035 No 

1 Grade    Plant   34 0,085 0,482 2,037 No 

1 Grade    Plant   35 0,082 0,472 2,035 No 

1 Grade    Plant   34 0,137 0,781 2,037 No 

1 Grade    Plant   35 0,101 0,582 2,035 No 

1 Grade    Plant   35 0,187 1,093 2,035 No 

1 Grade    Plant   35 -0,006 -0,035 2,035 No 

1 Grade    Plant   35 0,295 1,776 2,035 No 

1 Grade    Plant   34 -0,010 -0,057 2,037 No 

1 Grade    Plant   35 -0,124 -0,717 2,035 No 

1 Grade    Plant   35 0,107 0,618 2,035 No 

1 Grade    Plant   34 -0,021 -0,119 2,037 No 

1 Grade    Plant   35 0,017 0,100 2,035 No 

1 Grade    Plant   36 -0,262 -1,581 2,032 No 

1 Grade    Plant   36 0,192 1,143 2,032 No 

1 Grade    Plant   36 0,021 0,121 2,032 No 

2 Grade    Plant   34 0,159 0,913 2,037 No 

2 Grade    Plant   35 0,252 1,494 2,035 No 

2 Grade    Plant   35 0,383 2,381 2,035 Yes 

2 Grade    Plant   35 0,347 2,124 2,035 Yes 
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2 Grade    Plant   35 0,178 1,039 2,035 No 

2 Grade    Plant   35 -0,041 -0,234 2,035 No 

2 Grade    Plant   35 0,202 1,187 2,035 No 

2 Grade    Plant   35 -0,071 -0,408 2,035 No 

2 Grade    Plant   34 0,111 0,633 2,037 No 

2 Grade    Plant   35 0,052 0,297 2,035 No 

2 Grade    Plant   35 0,143 0,828 2,035 No 

2 Grade    Plant   35 0,128 0,744 2,035 No 

2 Grade    Plant   33 -0,314 -1,845 2,040 No 

2 Grade    Plant   35 -0,090 -0,520 2,035 No 

1 Grade    Plant   35 -0,055 -0,314 2,035 No 

3 Grade    Plant   34 0,433 2,720 2,037 Yes 

3 Grade    Plant   34 -0,038 -0,217 2,037 No 

3 Grade    Plant   35 0,190 1,114 2,035 No 

3 Grade    Plant   35 0,294 1,765 2,035 No 

3 Grade    Plant   35 0,304 1,836 2,035 No 

3 Grade    Plant   34 0,441 2,778 2,037 Yes 

3 Grade    Plant   35 0,150 0,874 2,035 No 

3 Grade    Plant   35 0,219 1,291 2,035 No 

3 Grade    Plant   34 0,078 0,443 2,037 No 

3 Grade    Plant   34 0,332 1,992 2,037 No 

3 Grade    Plant   35 0,400 2,507 2,035 Yes 

3 Grade    Plant   35 0,227 1,340 2,035 No 

3 Grade    Plant   35 0,132 0,767 2,035 No 

3 Grade    Plant   35 0,440 2,817 2,035 Yes 

3 Grade    Plant   34 0,169 0,970 2,037 No 

3 Grade    Plant   34 -0,104 -0,594 2,037 No 

3 Grade    Plant   34 0,067 0,382 2,037 No 

3 Grade    Plant   34 0,023 0,130 2,037 No 

3 Grade    Plant   34 0,005 0,029 2,037 No 

3 Grade    Plant   34 0,199 1,148 2,037 No 

3 Grade    Plant   34 0,006 0,033 2,037 No 

3 Grade    Plant   34 -0,058 -0,326 2,037 No 

3 Grade    Plant   34 -0,133 -0,758 2,037 No 

3 Grade    Plant   35 0,221 1,300 2,035 No 

3 Grade    Plant   34 -0,201 -1,163 2,037 No 

3 Grade    Plant   35 -0,059 -0,341 2,035 No 

3 Grade    Plant   34 -0,049 -0,278 2,037 No 

3 Grade    Plant   34 0,255 1,493 2,037 No 

3 Grade    Plant   33 -0,260 -1,498 2,040 No 

3 Grade    Plant   33 -0,233 -1,336 2,040 No 

3 Grade    Plant   34 -0,210 -1,217 2,037 No 

3 Grade    Plant   35 0,294 1,767 2,035 No 

3 Grade    Plant   35 0,033 0,190 2,035 No 

3 Grade    Plant   34 -0,105 -0,597 2,037 No 
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3 Grade    Plant   33 0,016 0,090 2,040 No 

3 Grade    Plant   33 0,307 1,799 2,040 No 

3 Grade    Plant   33 0,049 0,273 2,040 No 

3 Grade    Plant   33 0,216 1,230 2,040 No 

3 Grade    Plant   32 0,130 0,719 2,042 No 

3 Grade    Plant   33 0,031 0,175 2,040 No 

3 Grade    Plant   33 -0,362 -2,162 2,040 Yes 

3 Grade    Plant   33 0,339 2,008 2,040 No 

3 Grade    Plant   33 -0,090 -0,502 2,040 No 

3 Grade    Plant   33 -0,013 -0,070 2,040 No 

3 Grade    Plant   33 -0,014 -0,078 2,040 No 

3 Grade    Plant   33 0,215 1,228 2,040 No 

3 Grade    Plant   32 -0,212 -1,186 2,042 No 

3 Grade    Plant   33 0,081 0,455 2,040 No 

3 Grade    Plant   33 -0,307 -1,794 2,040 No 

3 Grade    Plant   33 -0,050 -0,278 2,040 No 

3 Grade    Plant   34 0,224 1,300 2,037 No 

3 Grade    Plant   35 -0,016 -0,092 2,035 No 

3 Grade    Plant   35 0,205 1,202 2,035 No 

3 Grade    Plant   35 0,170 0,990 2,035 No 

3 Grade    Plant   35 0,128 0,742 2,035 No 

3 Grade    Plant   35 0,079 0,453 2,035 No 

3 Grade    Plant   35 0,198 1,161 2,035 No 
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Appendix V – Forecast Error per Grade for 2010 to 2012 

Business 
Unit 

Value 
Team Grade             ̅̅ ̅̅

                  

Significant 
Positive 

Bias? 

1 11 Grade    36 9.6% 41 166 1.501 1.690 No 

1 11 Grade    35 10.0% 57 123 2.741 1.691 Yes 

1 11 Grade    36 7.2% 70 144 2.904 1.690 Yes 

1 11 Grade    35 3.9% 60 220 1.626 1.691 No 

1 11 Grade    36 4.7% 92 270 2.037 1.690 Yes 

1 11 Grade    36 6.2% 178 495 2.158 1.690 Yes 

1 11 Grade    36 6.2% 357 546 3.924 1.690 Yes 

1 11 Grade    36 13.3% 74 170 2.602 1.690 Yes 

1 11 Grade    35 6.8% 199 332 3.539 1.691 Yes 

1 11 Grade    36 16.2% 110 148 4.461 1.690 Yes 

1 11 Grade    36 5.6% 42 135 1.846 1.690 Yes 

1 11 Grade    35 2.1% 6 48 0.743 1.691 No 

1 11 Grade    36 28.3% 18 30 3.530 1.690 Yes 

1 12 Grade    36 7.4% 58 199 1.752 1.690 Yes 

1 13 Grade    36 10.1% 261 740 2.116 1.690 Yes 

1 13 Grade    36 39.9% 3118 3193 5.858 1.690 Yes 

1 14 Grade    36 41.1% 169 222 4.575 1.690 Yes 

2 21 Grade    35 2.5% 40 380 0.622 1.691 No 

2 21 Grade    36 9.9% 213 164 7.812 1.690 Yes 

2 21 Grade    36 6.0% 139 547 1.527 1.690 No 

2 21 Grade    36 14.5% 822 1191 4.144 1.690 Yes 

2 21 Grade    36 7.1% 21 119 1.056 1.690 No 

2 21 Grade    36 12.8% 149 274 3.268 1.690 Yes 

2 21 Grade    36 23.0% 85 95 5.355 1.690 Yes 

2 21 Grade    36 10.7% 54 146 2.209 1.690 Yes 

2 21 Grade    35 18.4% 290 358 4.783 1.691 Yes 

2 21 Grade    36 15.2% 57 138 2.483 1.690 Yes 

2 21 Grade    36 11.1% 172 413 2.507 1.690 Yes 

2 21 Grade    36 6.6% 38 138 1.665 1.690 No 

2 21 Grade    34 32.9% 81 125 3.789 1.692 Yes 

2 21 Grade    36 11.2% 43 163 1.581 1.690 No 

2 22 Grade    36 6.6% 3 24 0.705 1.690 No 

2 22 Grade    36 10.9% 12 46 1.547 1.690 No 

2 22 Grade    35 12.2% 160 235 4.027 1.691 Yes 

2 22 Grade    36 12.1% 111 221 3.009 1.690 Yes 

2 22 Grade    36 10.3% 74 227 1.952 1.690 Yes 

2 22 Grade    35 17.8% 153 278 3.256 1.691 Yes 

2 22 Grade    36 1.9% 54 767 0.426 1.690 No 

2 22 Grade    36 32.5% 2590 2667 5.826 1.690 Yes 

2 22 Grade    36 13.0% 53 131 2.440 1.690 Yes 

2 22 Grade    35 23.8% 632 839 4.461 1.691 Yes 

2 22 Grade    35 23.5% 439 604 4.297 1.691 Yes 

2 22 Grade    36 12.0% 318 412 4.629 1.690 Yes 



 

xiv 
 

2 22 Grade    36 9.6% 129 391 1.975 1.690 Yes 

2 22 Grade    36 3.6% 21 138 0.920 1.690 No 

2 22 Grade    36 1.3% 15 300 0.298 1.690 No 

2 22 Grade    36 0.6% 8 319 0.154 1.690 No 

2 22 Grade    36 25.6% 62 89 4.141 1.690 Yes 

2 22 Grade    36 4.8% 74 380 1.169 1.690 No 

2 22 Grade    35 2.4% 25 227 0.641 1.691 No 

2 22 Grade    36 10.0% 86 217 2.396 1.690 Yes 

2 22 Grade    36 10.7% 346 563 3.689 1.690 Yes 

2 22 Grade    36 11.7% 123 263 2.817 1.690 Yes 

2 22 Grade    35 11.8% 32 72 2.668 1.691 Yes 

2 22 Grade    36 6.8% 42 155 1.612 1.690 No 

2 22 Grade    36 0.7% 3 114 0.161 1.690 No 

2 22 Grade    36 8.6% 51 135 2.284 1.690 Yes 

2 22 Grade    35 14.3% 318 466 4.031 1.691 Yes 

2 22 Grade    36 22.1% 23 47 2.907 1.690 Yes 

2 22 Grade    35 -2.3% -2 27 -0.368 1.691 No 

3 31 Grade    36 3.7% 94 228 2.470 1.690 Yes 

3 31 Grade    36 0.9% 4 85 0.283 1.690 No 

3 31 Grade    36 14.3% 280 326 5.152 1.690 Yes 

3 31 Grade    36 8.4% 68 179 2.277 1.690 Yes 

3 31 Grade    36 10.3% 139 347 2.399 1.690 Yes 

3 31 Grade    35 18.0% 104 135 4.529 1.691 Yes 

3 31 Grade    36 -4.8% -33 110 -1.807 1.690 No 

3 31 Grade    36 -2.8% -8 109 -0.455 1.690 No 

3 31 Grade    35 34.2% 212 415 3.023 1.691 Yes 

3 31 Grade    35 12.8% 325 489 3.938 1.691 Yes 

3 31 Grade    36 18.6% 181 196 5.550 1.690 Yes 

3 31 Grade    36 2.7% 21 150 0.857 1.690 No 

3 31 Grade    36 -15.6% -89 135 -3.936 1.690 No 

3 31 Grade    36 10.9% 235 555 2.536 1.690 Yes 

3 31 Grade    36 6.0% 109 415 1.580 1.690 No 

3 31 Grade    36 11.3% 204 445 2.756 1.690 Yes 

3 31 Grade    36 6.9% 92 250 2.207 1.690 Yes 

3 31 Grade    36 -5.9% -8 56 -0.888 1.690 No 

3 31 Grade    36 4.4% 18 63 1.689 1.690 No 

3 31 Grade    36 1.9% 7 86 0.525 1.690 No 

3 31 Grade    36 5.0% 42 113 2.238 1.690 Yes 

3 31 Grade    36 17.2% 14 47 1.741 1.690 Yes 

3 31 Grade    36 1.8% 3 59 0.287 1.690 No 

3 31 Grade    36 41.0% 132 251 3.160 1.690 Yes 

3 31 Grade    35 10.8% 118 96 7.330 1.691 Yes 

3 31 Grade    36 9.0% 61 109 3.346 1.690 Yes 

3 31 Grade    36 4.2% 79 223 2.127 1.690 Yes 

3 31 Grade    36 -3.0% -2 22 -0.651 1.690 No 

3 31 Grade    35 11.4% 118 250 2.778 1.691 Yes 

3 31 Grade    35 12.6% 286 453 3.730 1.691 Yes 
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3 31 Grade    36 18.1% 56 95 3.513 1.690 Yes 

3 31 Grade    36 13.2% 186 353 3.160 1.690 Yes 

3 31 Grade    36 6.1% 67 156 2.557 1.690 Yes 

3 31 Grade    36 0.1% 1 180 0.017 1.690 No 

3 32 Grade    36 -0.5% -19 1007 -0.111 1.690 No 

3 32 Grade    36 2.4% 64 443 0.863 1.690 No 

3 32 Grade    36 7.8% 151 316 2.871 1.690 Yes 

3 32 Grade    36 2.9% 88 373 1.408 1.690 No 

3 32 Grade    35 5.6% 42 122 2.022 1.691 Yes 

3 32 Grade    36 5.8% 40 194 1.237 1.690 No 

3 32 Grade    36 4.6% 250 993 1.511 1.690 No 

3 32 Grade    36 5.7% 151 383 2.365 1.690 Yes 

3 32 Grade    36 1.6% 5 118 0.252 1.690 No 

3 32 Grade    36 8.8% 190 325 3.517 1.690 Yes 

3 32 Grade    36 -0.4% -2 128 -0.083 1.690 No 

3 32 Grade    36 8.7% 46 178 1.546 1.690 No 

3 32 Grade    35 7.7% 62 173 2.124 1.691 Yes 

3 32 Grade    36 13.4% 87 91 5.742 1.690 Yes 

3 32 Grade    36 9.0% 50 150 1.979 1.690 Yes 

3 32 Grade    36 5.0% 183 410 2.684 1.690 Yes 

3 32 Grade    35 22.7% 46 74 3.720 1.691 Yes 

3 32 Grade    36 9.0% 39 104 2.265 1.690 Yes 

3 32 Grade    36 12.3% 204 304 4.020 1.690 Yes 

3 33 Grade    36 6.7% 32 83 2.319 1.690 Yes 

3 33 Grade    36 8.2% 44 321 0.831 1.690 No 

3 33 Grade    36 5.3% 7 94 0.469 1.690 No 

3 33 Grade    36 8.9% 74 224 1.972 1.690 Yes 
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Appendix VI – Histogram Square Root of MPE 
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Appendix VII – Assumption Tests and Analysis Outcomes of Product Groups 
Factor 1: Business Unit 

Tests of Normality 

 BU Shapiro-Wilk 

 Statistic df Sig. 

SquareRootMPE 

1 ,920 15 ,193 

2 ,970 42 ,330 

3 ,989 49 ,919 

Table VII-1: Normality Test of Business Unit Group Means (section 7.1) 

Test of Homogeneity of Variances 

SquareRootMPE   

Levene Statistic df1 df2 Sig. 

,560 2 103 ,573 

Table VII-2: Homoskedasticity Test for Business Units 

ANOVA 

SquareRootMPE   

 Sum of Squares df Mean Square F Sig. 

Between Groups 4,650 2 2,325 1,941 ,149 

Within Groups 123,395 103 1,198   

Total 128,045 105    

Table VII-3: ANOVA of Business Units 
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Factor 2: Value Team 

Tests of Normality
c,d

 

 VT Shapiro-Wilk 

 Statistic df Sig. 

SquareRootMPE 

11 ,920 13 ,253 

31 ,983 28 ,916 

32 ,957 17 ,568 

21 ,975 14 ,937 

33 ,956 4 ,755 

22 ,962 28 ,391 

c. SquareRootMPE is constant when VT = 12  . It has been omitted. 

d. SquareRootMPE is constant when VT = 13    . It has been omitted. 
Table VII-4: Normality Test of Value Team Group Means (section 7.1) 

Test of Homogeneity of Variances 

Sqrt(MPE)   

Levene Statistic df1 df2 Sig. 

1,350
a
 5 98 ,250 

a. Groups with only one case are ignored in computing 

the test of homogeneity of variance for Sqrt(MPE). 
Table VII-5: Homoskedasticity Test for Value Teams 

ANOVA 

Sqrt(MPE)   

 Sum of Squares df Mean Square F Sig. 

Between Groups 6,315 7 ,902 ,726 ,650 

Within Groups 121,731 98 1,242   

Total 128,045 105    

Table VII-0.6: ANOVA of Value Teams 

 
Figure VII-1: Boxplot of Biasedness per Value Team 
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Factor 3: Product Type 

Tests of Normality 

 Product Type Shapiro-Wilk 

 Statistic df Sig. 

Sqrt(MPE) 
Commodity ,981 65 ,423 

Specialty ,990 41 ,969 

Table VII-7: Normality Test of Product Type Samples 

Test of Homogeneity of Variances 

SquareRootMPE   

Levene Statistic df1 df2 Sig. 

,533 1 104 ,467 

Table VII-8: Homoskedasticity Test for Product Type 

Group Statistics 

 Type N Mean Std. Deviation Std. Error Mean 

SquareRootMPE 
S 41 2,9983 1,17129 ,18292 

C 65 2,9895 1,06922 ,13262 

Table VII-9: Descriptive Statistics Product Types 

 
Figure VII-2: Boxplot of Biasedness per Product Type 
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Factor 4: Gross Margin 

 
Figure VII-3: Scatter Plot of Standardized Gross Margin and Square Root MPE 

Model Summary
b
 

Model R R Square Adjusted R 

Square 

Std. Error of the 

Estimate 

Durbin-Watson 

1 ,177
a
 ,031 ,022 1,09857 1,817 

a. Predictors: (Constant), PercentageMargin 

b. Dependent Variable: SquareRootMPE 

Coefficients 

Model Unstandardized Coefficients Standardized 

Coefficients 

t Sig. 

B Std. Error Beta 

1 
(Constant) 3,156 ,138  22,840 ,000 

Gross Margin Percentage -,028 ,015 -,177 -1,815 ,072 

Table VII-10: Linear Regression of B on Gross Margin 

 

Figure VII-4: Scatterplot Regression Residuals  
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Appendix VIII – Forecast Bias Seasonality Testing 
 

Tests of Normality 

 Kolmogorov-Smirnov 

Statistic df Sig. 

January ,105 114 ,004 

February ,147 114 ,000 

March ,162 114 ,000 

April ,141 114 ,000 

May ,103 114 ,004 

June ,102 114 ,005 

July ,080 114 ,069 

August ,090 114 ,023 

September ,110 114 ,002 

October ,163 114 ,000 

November ,189 114 ,000 

December ,108 114 ,002 

Table VIII-1: Normality Test MPE(i,m) 

  Month       ̅   [ ̅ ] 

1 January 114 594 685 

2 February 114 622 685 

3 March 114 492 685 

4 April 114 810 685 

5 May 114 742 685 

6 June 114 665 685 

7 July 114 532 685 

8 August 114 738 685 

9 September 114 776 685 

10 October 114 822 685 

11 November 114 637 685 

12 December 114 785 685 
Table VII-2: Input Kruskal-Wallis Test of Months 
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Figure VIII-1: Forecast Biasedness per Month 

 

  Quarter       ̅   [ ̅ ] 

1 Q1 342 569 685 

2 Q2 342 739 685 

3 Q3 342 682 685 

4 Q4 342 748 685 
Table VIII-3: Input Kruskal-Wallis Tests of Quarters 
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Appendix IX – Cross-Correlation Analysis Prices and Forecast Bias 

Correlations 

 C2 C3 VT21 VT22 VT11 VT 13 VT12 VT32 & 33 VT31 

C2 

 

 

Pearson Correlation 1 ,952
**
 ,924

**
 ,907

**
 ,995

**
 ,977

**
 ,990

**
 ,912

**
 ,906

**
 

Sig. (2-tailed)  ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

C3 

 

 

Pearson Correlation ,952
**
 1 ,971

**
 ,957

**
 ,948

**
 ,951

**
 ,970

**
 ,981

**
 ,979

**
 

Sig. (2-tailed) ,000  ,000 ,000 ,000 ,000 ,000 ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

VT21 

 

 

Pearson Correlation ,924
**
 ,971

**
 1 ,988

**
 ,920

**
 ,937

**
 ,950

**
 ,990

**
 ,988

**
 

Sig. (2-tailed) ,000 ,000  ,000 ,000 ,000 ,000 ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

VT22 

 

 

Pearson Correlation ,907
**
 ,957

**
 ,988

**
 1 ,906

**
 ,941

**
 ,940

**
 ,980

**
 ,976

**
 

Sig. (2-tailed) ,000 ,000 ,000  ,000 ,000 ,000 ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

VT11 

 

 

Pearson Correlation ,995
**
 ,948

**
 ,920

**
 ,906

**
 1 ,986

**
 ,994

**
 ,909

**
 ,902

**
 

Sig. (2-tailed) ,000 ,000 ,000 ,000  ,000 ,000 ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

VT13 

 

 

Pearson Correlation ,977
**
 ,951

**
 ,937

**
 ,941

**
 ,986

**
 1 ,993

**
 ,922

**
 ,914

**
 

Sig. (2-tailed) ,000 ,000 ,000 ,000 ,000  ,000 ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

VT13 

 

 

Pearson Correlation ,990
**
 ,970

**
 ,950

**
 ,940

**
 ,994

**
 ,993

**
 1 ,940

**
 ,935

**
 

Sig. (2-tailed) ,000 ,000 ,000 ,000 ,000 ,000  ,000 ,000 

N 51 51 51 51 51 51 51 51 51 

VT32 & 33 

 

 

Pearson Correlation ,912
**
 ,981

**
 ,990

**
 ,980

**
 ,909

**
 ,922

**
 ,940

**
 1 1,000

**
 

Sig. (2-tailed) ,000 ,000 ,000 ,000 ,000 ,000 ,000  ,000 

N 51 51 51 51 51 51 51 51 51 

VT31 

 

 

Pearson Correlation ,906
**
 ,979

**
 ,988

**
 ,976

**
 ,902

**
 ,914

**
 ,935

**
 1,000

**
 1 

Sig. (2-tailed) ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000  

N 51 51 51 51 51 51 51 51 51 

**. Correlation is significant at the 0.01 level (2-tailed). 
Table IX-1: Correlation between Feedstock Prices and Polymer Prices 
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Figure IX-1: Development of Feedstock Prices from January 2009 to March 2013 

Tests of Normality 

  

Shapiro-Wilk 

Statistic df Sig. 

Total 

BU2 

,963 

,968 

36 

36 

,260 

,367 

BU2_COM ,949 36 ,100 

BU1 ,966 36 ,317 

BU1_COM ,964 36 ,294 

BU3 ,977 36 ,639 

BU3_COM ,970 36 ,436 

 

BU Skewness 
Standardized 

Skewness Kurtosis 
Standardized 

Kurtosis 

Total 0.229 0,561 -0.146 -0.179 

BU2 0.334 0.819 -0.118 -0.144 

BU2_COM 0.815 1.996 0.793 0.971 

BU1 0.291 0.712 -0.826 -1.012 

BU1_COM 0.358 0.877 -0.723 -0.885 

BU3 0.198 0.484 0.310 0.380 

BU3_COM 0.009 0.022 0.482 0.590 
Table IX-2: Normality Tests MPE(t) 
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Figure IX-2: Cross-Correlations between Price Movements and Biasedness per Business Unit 
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Appendix X – Significance Tests of Lag 1 Cross-Correlations 
The null hypothesis is that the cross-correlations at lag 1,               , do not significantly 

differ from 0: 

                  

                  

The significance test consists of comparing test statistic   , based on the sample cross-

correlation           , to the critical value         : 

 
   

          √   

√             
  

                           

The significance level α is set to be equal to 5%. Outcomes of the t-tests are represented in Table  

below: 

 
                         p-value 

Significant 
Cross-
correlation? 

C2 - Total 0,451 36 2,946 2,032 0,006 Yes 

C3 - Total 0,385 36 2,432 2,032 0,020 Yes 

C3 – BU3 0,441 36 2,867 2,032 0,007 Yes 

C3 – BU3_COM 0,621 36 4,618 2,032 0,000 Yes 

C2 – BU2 0,306 36 1,871 2,032 0,070 No 

C2 – BU2_COM 0,343 36 2,129 2,032 0,041 Yes 

C2 – BU1 0,249 36 1,500 2,032 0,143 No 

C2 – BU1_COM 0,260 36 1,568 2,032 0,126 No 
Table X-1: Significance Testing Cross-Correlation between Price Movement and Biasedness at Lag 1 
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Appendix XI – Parameters Production and Inventory Planning Model 
 
Decision Variable 
   Target Production Cycle Length   (time units) 
 
Input Parameters: General 
   Transition Cost per Cycle    (€ / cycle)  

  Unit Cost      (€ / metric ton)  

  Carrying Charge (Cost of Capital)   (% / time unit) 

   Internal Bulk Storage Capacity   (metric tons) 

   Internal Packed Storage Capacity   (metric tons) 

   Costs of External Bulk Storage    (€ / metric ton / time unit) 

   Costs of External Packed Storage   (€ / metric ton / time unit) 

  Bulk Sales Percentage     (%) 

Input Parameters: Grade-Specific 

For each grade               : 

   Expected Demand of       (metric ton/ time unit)  

   Production Rate of       (metric ton / time unit)  

   Number of Runs of    in one Production Cycle  (#) 

   Standard Deviation of    (see section 5.3) (metric ton / time unit) 

      Delivery Capability Target of      (%) 

Output Parameters: Costs 
        Transition Costs     (€ / time unit) 

       Cycle Stock Costs     (€ / time unit) 

       Safety Stock Costs     (€ / time unit) 

       External Storage Costs    (€ / time unit) 

      Total Costs      (€ / time unit) 

Output Parameters: Grade-Specific 
For each grade               : 

   Lead Time of        (time units) 

   Production Quantity per Run of     (metric tons) 

    Cycle Stock Level of       (metric tons) 

     Safety Stock Level of       (metric tons) 
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Appendix XII – Simulation of Production and Inventory Planning 
 

 

Figure XII-1: Impact of Joint Optimization on External Storage Costs 

 

 
Figure XII-2: Sensitivity of Optimal Production Cycle Length    to Cost of Capital   

 


