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Abstract 

A shift from a volume-based to a value-based Sales and Operations planning process requires a 

shift of perspective from a firm’s internal to external market factors. To facilitate this 

transformation in the upstream process industry, we study factors influencing demand and price 

development at Polymer producers and develop a System Dynamics forecasting model that can 

be used for profit-driven scenario analysis. For a product portfolio comprising 46 Polymer grades 

we show that hierarchical clustering based on products’ demand history can be used to group 

products with similar demand curves. Using linear regression analysis, we identify price and 

production outages to be significant contributors to demand variation over all identified product 

clusters. Changes in price are mainly influenced by feedstock price developments while 

downstream inventory-related parameters report only little significant effects. A proven System 

Dynamics model is applied to the high density polyethylene supply chain and extended to provide 

an aggregate industry demand and single firm market share forecast feature. The model is used 

to derive dominant pricing strategies for Polymer producers with respect to profit in short, 

balanced and long market situations.  
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Executive Summary 

The Petrochemical Industry is characterized by capital intensive production facilities which 

feature continuous production at high utilization rates and hence a make-to-stock environment 

at upstream stages of the supply chain. Therefore, the primary focus of todays’ Sales and 

Operations (S&OP) processes is to ensure sufficient outlet, i.e. sales. Limited attention is paid to 

financial performance indicators within the S&OP process itself. However, without financial 

visibility in decision making, it remains unclear whether volume-optimal decisions are also value-

optimal decisions. This study addresses the need for a value-based S&OP process within the 

process industry by investigating which factors influence demand and price development of 

commodity Polymers and subsequently providing a System Dynamics Supply Chain Model that 

can be used for profit oriented scenario analysis. The research was carried out at SABIC Europe, 

an integrated Polymer producer. Figure 1 shows the Polymer Supply Chain in scope. The research 

focuses on the HDPE Unimodal product portfolio at SABIC. 

 

Figure 1: Polymer Supply Chain in scope 

Statistical analysis 

Stepwise multiple regression shows that the spot price of the current month together with the 

one- and four-month-lagged production outages in the industry describe the majority of variation 

in monthly HDPE Unimodal demand at SABIC. This indicates, next to price setting, a strong 

influence of production outages not only in the current but also subsequent periods. The best 

regression model can explain 69% of the variance in demand. Changes in the spot price are 

attributed to current month’s changes in Ethylene price, previous month’s sales from EU assets 

and the current industry stock levels. The best price regression model explains up to 82% of the 

variation in price changes. Changes in Ethylene prices account for 50-80% of this 82% 

explanatory power depending on the measurement technique. This implies that feedstock price 

developments are still the predominant factor for HDPE price developments. 

System Dynamics Supply Chain Model 

The System Dynamics Supply Chain Model incorporates Supply Chain Dynamics, namely the 

bullwhip effect and its amplification due to traders and distributors whose business behavior is 

based on Price Dynamics and the outlook to realize delayed arbitrage profits. The model forecasts 

aggregated HDPE industry demand based on end-market demand data and price developments. 

Further, based on the insights of the statistical analysis, it decomposes industry demand into 

single firm demand using a firm’s price markup and industry-wide production outages as 

explanatory variables to forecast market share. Depending on the market configuration – we 
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differentiate between short, balanced and long market configurations – the weights of these 

variables adjust dynamically. The aggregated industry demand forecast shows an R2-value of 0.87 

for a 13 months calibration period and 3 months forecast horizon. The single firm Market Share 

forecast has a R2-value of 0.92 for a 6 months calibration period and 1 months forecast horizon 

(Figure 2). Both forecasts show sufficiently high accuracy rates to be used in operational planning 

and decision making. 

 

Figure 2: Industry demand and market share forecast models fit 

Scenario analysis – dominant strategies 

We conduct scenario analysis using our System Dynamics model and investigate dominant 

strategies in a short, balanced and long market configuration and find considerable differences. 

While a firm’s market share in a short market is moderately elastic with respect to changes in 

price, it is highly elastic in a long market. This implies that price changes need to be considered 

more carefully in a long and balanced market than in a short market because its impact on a firms 

profit is higher. In a short market it is possible to drive up prices and thus achieve higher profits 

due to a higher contribution margin at only small declines in market share. In case other Polymer 

Producers decide to follow the price increase the market share will likely decrease less than 

predicted, resulting in even higher profits. The balanced and long market behave contrary to the 

short market. Price increases result in lower profits due to drops in market share (Figure 3). Price 

decreases however increase market share and lead to higher profits. Market share increases 

exponentially compared to decreases in price. The profit however shows decreasing returns on 

price drops due to cannibalization of extra sales volumes by low contribution margins.

 

Figure 3: Market share development for different pricing strategies in a balanced market 
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1 Introduction 

According to Joseph Schumpeter and Nikolai Kondratieff, the world economy can be depicted in 

super cycles, i.e. long-term cycles of alternating intervals between expansion, stagnation, 

recession, and collapse (Figure 4). An economic super cycle, often referred to as a Kondratieff 

wave, lasts between forty to sixty years and affects all sectors of an economy (Kondratieff, 1935). 

Erten & Ocampo (2013) identify three commodity-price based super cycles in the 20th century 

and argue that the fourth and current super cycle started with the turn of the century. 

Furthermore, their analysis shows that fluctuations induced by shorter business cycles lead to 

periods of high volatility in commodity prices within a super cycle, which implies that the price 

development of commodities such as crude oil both reflect as well as influence the state and 

sentiment of the economy. In the current super cycle that started in 1999 and includes the dot-

com crash and the financial and economic crises of 2008, oil prices rose from $10 per barrel in 

1999 to over $140 in 2008 (Financial Times, 2015). The commodity price boom that preceded 

the financial and economic crisis of 2008 was characterized by a duration and magnitude that 

remain unique until today. From 2003 to 2008 the real prices of energy and metals more than 

doubled. In the same period the real prices of food commodities increased by 75 percent (Erten 

& Ocampo, 2013). After the financial and economic crisis, commodity prices reached a post-crisis 

high in 2011 after which global growth slowed down again. 

 

Figure 4: The historical development of the world economy depicted in super cycles 

The sharp crude-oil price decline at the end of 2015 and beginning of 2016 and the zero-interest 

rate monetary policy of the European Central Bank nurture the theory that the current 

commodities super cycle is coming to an early end. Extensive investments in oil capacities after 

the crisis have increased world-wide supply capacity. The recent lifting of the Iranian trade 

embargo increased oil supply even further. Next to economic factors, political factors, e.g. the war 

https://upload.wikimedia.org/wikipedia/commons/e/e4/Kondratiev-waves_IT_and_Health_with_phase_shift_acc_to_Goldschmidt-AJW_2004.jpg
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between Russia and the Ukraine and conflicts in the Middle East, impact the oil price development 

and have acuminated its volatility in 2016. 

Realizing that the future is becoming harder and harder to predict due to the world’s ever 

increasing complexity in economics and politics as well as financial and operational dependencies 

in global supply and distribution networks, it is vital for any global player within the 

Petrochemical Industry to become more agile in terms of adaption capabilities to volatile demand 

and prices. Improving forecasting and planning expertise can help global players to predict short- 

as well as long-term market changes early and thus reduce reaction and adaption lead-times to 

ultimately gain the ability to act instead of re-act. As Charles Darwin said:  

“It is not the strongest of the species that survive, nor the most intelligent that survives. It is 

the one most adaptable to change.” 

1.1 Motivation of study and problem statement 
Petrochemical companies are directly exposed to upstream oil price volatility as well as 

downstream demand volatility and therefore have a high interest in accurate demand and price 

forecasts to better steer business decisions. With the help of the Sales and Operations planning 

(S&OP) process a company’s business plan is linked to daily operations to balance demand and 

supply with the intention of meeting customer demand, thereby reducing inventories, lost sales 

and supply chain operation costs (Lapide, 2004). Within petrochemical companies the primary 

focus of todays’ S&OP processes is to ensure sufficient outlet, i.e. sales, due to continuous 

operations of their capital intensive production assets at high utilization levels and low target 

inventory levels. Limited attention is paid to financial performance indicators within the S&OP 

process itself. However, without financial visibility in decision making, it remains unclear 

whether volume-optimal decisions are also value-optimal decisions. 

The goal of this study is to aid the Saudi Basic Industries Corporation (SABIC) with the integration 

of a financial perspective into their monthly S&OP Process and thus help to make the shift from a 

volume-based to a value-based S&OP process. We therefore develop a thorough understanding 

of market and supply chain dynamics and use these insights to create a System Dynamics based 

decision support tool. The System Dynamics model forecasts demand and helps to quantify the 

impact of different pricing strategies on both revenues and profit. 

1.2 Thesis outline 
Chapter 2 describes the Petrochemical Industry, SABIC and the Plastic Supply Chain to create 

business and operations understanding. In Chapter 3, we review and discuss relevant literature 

and develop first insights into relevant Supply Chain and Market Dynamics. In Chapter 4, gaps in 

literature are identified and detailed Research Questions are derived which need to be answered 

in order to solve the problem at hand. In Chapter 5, we present the findings of our statistical 

analysis on which factors significantly influence demand and price at SABIC. Based on these 

insights we create a System Dynamics model to forecast industry demand and develop an 

extension for individual firm demand in Chapter 6. Using the System Dynamics model, dominant 

strategies for different market configurations are researched. Chapter 7 describes managerial 

implications and gives a recommendation regarding the organizational implementation of a 

value-based S&OP process. A conclusion with respect to the scientific contribution and an outlook 

on future research potential conclude this thesis in Chapter 8. 
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2 The Petrochemical Industry 

The Petrochemical Industry is characterized by capital intensive production facilities which 

feature continuous production at high utilization rates and hence a make-to-stock environment 

at upstream stages of the supply chain. Stages further downstream in the supply chain operate in 

a more demand driven approach which gives rise to complex market and supply chain dynamics. 

This introductory chapter provides a brief yet comprehensive introduction into the 

Petrochemical Industry in order to outline the environment in which this study takes place. 

2.1 Historical development 
In 1853 Samuel Martin Kier founded the world’s first oil refinery in Pittsburgh, USA. His discovery 

to distill crude oil into kerosene marks the beginning of the Petrochemical Industry (Derrick 

Publishing, 1898). It was Edwin Drake who only six years later in 1859 successfully drilled the 

first commercial oil well in Titusville, Pennsylvania and started to supply crude oil to Mr. Kier’s 

refinery (American Manufacturer and Iron World, 1901). Drake’s well produced 4.0m3 of oil per 

day and only a few days after his successful drilling many other businessmen started drilling oil 

wells along the Oil Creek by imitating Mr. Kier’s novel drilling technique.  By 1872 the oil business 

in the USA and especially in Pennsylvania had grown rapidly and the area around Titusville was 

producing 2,530m3 of oil per day (Tarbell, 2009). In the 1800s kerosene, mostly used for heating, 

cooking and lightning, was the primary product of the petroleum industry. Gasoline was seen as 

a useless byproduct of the crude oil distillation process. With the invention of electric lights and 

automobiles, kerosene lost importance around the turn of the century and gasoline was used to 

produce new petroleum fuels as well as lubricants. World war I and II further grew demand for 

petroleum fuels and also created a demand for synthetic materials in order to replace costly 

natural products (Spitz, 1988). In 1925 Leo Hendrik Baekeland invented Bakelite, the world’s first 

plastic, which soon was used as an electrical insulator in cable production and furthermore 

replaced wood as the prime material in consumer radios transforming them from luxury objects 

into affordable consumer electronics. Ten years later Polyethylene – today’s most used plastic – 

was discovered by UK’s Imperial Chemical Industries Research Laboratory. In 1939 the first 

industrial production of low density polyethylene was started (APPE). After World War II demand 

for petrochemicals increased drastically as they were used to produce kitchen appliances, 

textiles, nylons, medical devices, fertilizers, packing, various sorts of plastics, and many other 

products (Spitz, 1988). It is safe to say that petrochemicals became an integral part of life in the 

21st century as almost every industrial and consumer product nowadays contains parts or 

packaging that is made out of or with the help of a petrochemical end product (APPE, 2006). 

2.2 Petrochemical Industry today 
The Petrochemical Industry is part of the process industry. The American Production and 

Inventory Control Society defines Process industries as follows: 

“Process Industries are businesses that add value to materials by mixing, separating, forming or 

chemical reactions. Processes may be either continuous or batch and generally require rigid process 

control and high capacity investment.” 

Typically, the process industry produces commodity products and is characterized by a rather 

narrow product portfolio and little customization but a high demand per product (Fransoo & 

Rutten, 1994). Commodities are products of uniform quality produced in large quantities by 
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different producers world-wide. Due to the (perfect) interchangeability of products between 

producers the law of one price applies to commodities (O'Sullivan, 2003) and to win customer 

orders companies compete on pricing, product availability and reliability of delivery. Next to 

commodity products, there exist specialty products with specific material characteristics. These 

products cannot be produced by all players in the market, enabling competition on feature and 

quality differentiation between producers. Specialties are usually produced in small batch sizes 

and sold with a significant premium. The manufacturing systems within process industries can 

usually be characterized as continuous production processes, which implies high changeover 

times and thus high volume production, low work-in-process and long production cycles. 

Production facilities are specialized and highly capital intensive assets with fixed routings and 

low flexibility (Silver, et al., 1998). As a result, production assets are often operated at high 

utilization levels and a minimum amount of changeovers and maintenance shutdowns, resulting 

in a make-to-stock production policy. Strategic planning in process industries is focused on 

capacity expansions in order to fulfil growing market demand while tactical planning is targeted 

at utilization maximization. Short-term planning traditionally aims to guarantee high levels of 

delivery reliability and is less focused on profit optimization. 

Within the process industries, the Petrochemical Industry produces chemical products derived 

from fossil fuels such as petroleum, coal or natural gas, or renewable sources such as corn or 

sugar cane. These products are classified as petrochemicals. The two most common classes of 

petrochemicals are olefins, including ethylene and propylene, and aromatics, including benzene, 

toluene, and xylene isomers. The industry possesses two main input streams: liquid feeds – 

Naphtha is a liquid by-product of the oil refinery processes – and gas feeds (Ethane, Propane, 

Butanes, and Methane) from petroleum refineries and natural gas processing facilities 

respectively. The transport of the feedstock to a so-called cracker unit marks the end of the oil 

industry and the beginning of the Petrochemical Industry. 

Figure 5 illustrates the first processing step of the Petrochemical Industry. In the cracker unit the 

feedstock is transformed into ethylene, propylene, and C4 derivatives (e.g. butadiene) – all these 

are olefins – and benzene as well as “higher” byproducts, which are categorized as aromatics. 

”Higher” byproducts, also referred to as heavier byproducts, are by-products with more carbon 

atoms per molecule, making them denser and hence heavier. 

 

Figure 5: Feedstock and main products of a steam cracker (Beychok, 2012) 
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According to CEFIC (2016) ethylene and propylene comprise the largest volume of the 

petrochemical material stream. Both are used as feedstock to create Polymers, i.e. 

macromolecules consisting of multiple repeating subunits produced by combining monomers 

within the polymerization process. Polymers are produced in polymerization reactors and are 

characterized by their feedstock material (Ethylene or Propylene) and the reaction technique 

used. Hence Polymers are also referred to as Polyethylene and Polypropylene. 

The Petrochemical Industry today is dominated by few large international players due to a level 

of capital intensity that is challenging to maintain for smaller players. Historically this resulted in 

a wave of mergers and acquisitions forming today’s industry landscape. While Europe used to be 

the largest chemical market worldwide, China grew enormously from 2004-2014 and overtook 

Europe (CEFIC, 2016). By now, overall chemical sales in Asia have grown to more than double the 

size of those in the European Union. In 2014 total world chemicals turnover summed up to 3,232 

bln €, a 2.6% increase from 2013 (CEFIC, 2016). Sales in China were as high as the sales of EU and 

NAFTA market combined. Figure 6 visualizes the overall growth trend of the European chemical 

industry while Figure 7 depicts the significant regional shifts in market share between 2004 and 

2014. 

 

Figure 6: EU chemicals market development (CEFIC, 2016) 

 

Figure 7: World chemicals sales by region (CEFIC, 2016) 



6 

2.3 SABIC 
The Saudi Basic Industries Corporation (SABIC) headquartered in Riyadh, Kingdom of Saudi 

Arabia (KSA), is the third largest diversified chemical company world-wide and employs more 

than 40.000 people in over 50 countries (SABIC, 2015). In 2014, SABIC owned assets worth 

approximately 83.6 billion € and achieved a revenue of approximately 46.3 billion € resulting in 

a net income of 5.72 billion € (SABIC, 2015).  

SABIC was founded in 1976 by royal decree with the mission to transform natural gas – until then 

a useless by-product of oil exploration – into value-adding petrochemical products. Since then the 

company grew rapidly both organically and through mergers and acquisitions. As of 2014 SABIC 

produced around 70 million metric tons of chemical products (Figure 8). 

 

Figure 8: SABIC's total production quantities per year (SABIC, 2015) 

Today, SABIC is organized in five strategic business units (SBUs): Chemicals, Polymers, 

Specialties, Agri-Nutrients, and Metals. Almost 60% of SABIC’s production volume are Chemicals, 

i.e. Ethylene (C2) and Propylene (C3). Figure 9 visualizes the split of SABIC’s total production 

volume among the different markets. 

 

Figure 9: Split of SABIC's production output for 2014 (in MT) (SABIC, 2015) 

This research is conducted in the European SBU Polymers. Hence further explanation will focus 

on SABIC Europe Polymers (SABIC EUP). 



7 

2.3.1 Europe 

In 2002 SABIC acquired the petrochemical division of Koninklijke DSM N.V. (DSM) including its 

assets in Sittard-Geelen, the Netherlands, and Gelsenkirchen, Germany, resulting in the formation 

of SABIC Europe. In 2007 SABIC Europe acquired the Huntsman Corporations plants in the UK 

and General Electric’s Plastics division including a manufacturing plant in Bergen op Zoom, 

Netherlands.  

2.3.2 Products 

SABIC EUP sells over 400 different products that can be categorized by their chemical 

composition and the respective feedstock material used: 

 Polyethylene (PE): Polyethylene products are based on Ethylene and can be further 

divided into three subcategories: high density (HDPE), low density (LDPE) and linear low 

density (LLDPE). 

 Polypropylene (PP): Polypropylene products are based on Propylene. 

The final Polyethylene and Polypropylene products all come in the form of resins. The different 

products, also referred to as grades, differ in their chemical properties such as environmental 

stress resistance, melt-flow index, density and color as well as various properties regarding 

processability. Grades within each subcategory are grouped along their application and 

manufacturing techniques such as blow molding and injection molding, among others. 

Furthermore, grades are matched to the different industry segments they serve, e.g. construction, 

packaging, caps and closures, automotive, etc. Customers use Polyethylene grades to manufacture 

flexible packaging, such as film, food packaging, and carrier bags on the one hand, and rigid 

packaging, like bottles, can, crates, and boxes, on the other hand. Polypropylene products are 

usually used for manufacturing fibers, pipes, automotive parts, e.g. bumpers, and stronger 

packaging. 

2.4 The Plastic Supply Chain 
The supply chain of plastic products comprises five production steps. Naphtha, the main 

feedstock for the European plastic production, emerges as a by-product of crude oil refinery. Next, 

the long carbon chains in Naphtha are split up (“cracked”) in a Naphtha cracker to transform it 

into ethylene or propylene and other by-products. Ethylene and Propylene serve as the main 

feedstock to Polymerization plants in which Polyethylene and Polypropylene are produced in a 

high variety of grades. Polyethylene is sold and shipped to Converters which use different 

production techniques such as blow or injection molding to produce plastic products. Traders act 

as intermediaries speculating on price fluctuations and hence stock Polymer resins in times of 

low prices and sell and distribute it to Converters in times of high prices. Plastic products are 

rarely end products with the exception of plastic pipes and are sold to OEM businesses that use 

plastic products in the creation of a final product, e.g. bottles are purchased and then filled with 

juice, milk, etc. End products are then sold to consumer end markets. Figure 10 below visualizes 

the Plastic Supply Chain. It is important to note that for certain Polymer grades which are used in 

industrial end markets only, e.g. industrial crates and boxes, the OEM stage might not exist as 

Converters are either integrated or sell their plastic product in B2B markets only. 
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Figure 10: The Plastic Supply Chain 

2.4.1 Players in the value chain 

While the Petrochemical Industry predominantly comprises large global players which are often 

integrated, i.e. they cover both the Ethylene/Propylene and Polyethylene/Polypropylene 

production step, the downstream stages of the Plastic Supply Chain are characterized by a 

scattered and divergent landscape. The majority of Converters can be referred to as small 

companies with an average of 26 FTEs per company (European Plastic Converters, 2010). 

However, the years after the credit crisis have shown a trend for consolidation resulting in an 

increase in purchasing and negotiation power of converters. Bigger players among the Converters 

operate in a more efficient manner and thus have a more robust cash flow position which they 

use together with their higher storage capacities to leverage the benefits of forward or delayed 

buying (see 3.2.1). 

2.4.2 Inventory and transportation 

In the Plastic Supply Chain all common modes of transportation are used. Naphtha is transported 

by liquid bulk vessels to large harbors, e.g. Rotterdam. From there, it flows via a complex 

European pipeline network to cracker units of different companies. Ethylene is difficult to store 

and transport due to safety reasons. It possesses a high flammability and a boiling point of  

-103.9°C . It is preferably stored in gaseous form, but for pipeline transport it is liquefied by means 

of high pressure (100 bar). In case no pipeline transport is available, liquid ethylene can be 

shipped in specialized high-pressure vessels. Due to its chemical properties and the explained 

limitations on transport and storage, little storage capacity exists within Europe and Ethylene 

usually flows via another complex European pipeline network directly to Polymer plants. In case 

of integrated upstream players, Polymer plants are often located in direct proximity to cracker 

units.  

Polyethylene and –propylene resins are easy to store and are delivered either as bulk or in large 

bags by means of road transportation. Inventory is held by both producers and customers. 

Customers use their stock positions to hedge against price volatility. Producers use their stock 

positions to buffer against feedstock shortages and maintenance induced production loss. While 

Polymers are easy to store from a technical and security perspective, storage is costly and 

inventory target levels at Polymer Producers are relatively low. 

The order characteristics of customers differ from industry to industry and are dependent on the 

application of the plastic product. While high-frequent deliveries are common for mass products, 

e.g. food packaging, other more general products are often ordered to stock infrequently. 
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2.4.3 Market configurations 

Business analysts and sales managers call a market long when supply, measured in inventory 

levels excluding safety stocks, is significantly higher than demand and short when demand 

exceeds supply.  When supply and demand are aligned a market is referred to as balanced. These 

three different states of a market are from here onwards referred to as market configurations. 

2.4.4 Global market 

Whereas formerly the majority of European Polymer production served primarily to fulfill 

European demand, global trade activity has increased considerably since the turn of the century. 

Meanwhile, European production outputs have remained constant (Figure 11). While the import 

volume of pure commodity grades, manufactured with lower feedstock prices in other regions of 

the world, has increased, European producers export an increasing share of specialized and 

technologically advanced Polymer grades. European Polymer production can be seen as the most 

technologically advanced and innovative. The cheap imports of easy-to-manufacture commodity 

grades has forced European producers to differentiate and produce and export more high-value 

products. 

 

Figure 11: Relative Polyethylene production and trade development EU25 (Eurostat, 2016) 

 

2.5 The impact of price in the Petrochemical Industry 
Polymers can generally be classified as commodity products (see 2.2). This leads to the fact that 

producers cannot compete on product quality and are highly exposed to price risk. The upstream 

players of the Petrochemical Industry are facing additional challenges. To ensure continuous 

operations and due to low storage capacity, feedstock has to be purchased regardless of the 

current price to prevent production starving. This implies that the price sensitivity of 

petrochemical companies is relatively low, whereas further downstream price sensitivity 

increases due to ease of storage. As a result upstream players operate a push strategy while 

downstream players typically follow a pull strategy oriented approach (see Figure 10). 
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2.5.1 Oil price influence on Polymer prices 

Petrochemicals make up only a small fraction of crude oil used in Europe. Only around 8% of 

crude oil is processed into Naphtha of which half is used as feedstock for the European 

Petrochemical Industry (Figure 12). As a result, Naphtha prices are highly correlated with oil 

prices and rather insensitive to petrochemical demand. In general, one can say that the fewer the 

amount of intermediate steps between crude oil refinery and a certain product, e.g. Ethylene, the 

higher the correlation with crude oil price development and the lower the sensitivity to 

downstream demand fluctuations. For products produced further downstream in the Plastic 

Supply Chain the influence of the oil price is smaller and price elasticity to demand increases, e.g. 

final plastic products. Because Polymer production is located at the decoupling point between the 

push operated Petrochemical Industry and the pull oriented discrete manufacturing plastic goods 

producers, Polyethylene prices depend on both feedstock price development as well as demand 

development, making them interesting to study. 

 

Figure 12: Crude oil processing in Europe (Brandstifter, 2013) 

2.5.2 Contract and spot sales 

The majority of Polymer sales are contract sales. Both contract and spot prices are announced on 

a weekly basis by two independent institutions, Platts and ICIS, that observe the market based on 

reports on closed deals of petrochemical companies. The majority of contracts between Polymer 

producers and their customers follow a price formula linked to either the Platts, ICIS or 

sometimes even Ethylene market prices. Fixed prices hardly exist in contracts. Polymer 

producers often grant a certain discount of several percentage points on the market price within 

the price formula. Next to the price formula contracts usually include an agreed amount 

transaction volume within the time horizon of the contract. The horizon of the contracts varies 

between 1 and 5 years; most contracts have a 1 to 2 year horizon. Due to these dynamic 

characteristics of contracts in the Petrochemical Industry, contract sales still include a significant 

amount of variation with regard to price but ensure an outlet for Polymer producers and 

sufficient raw material for customers. 

Next to the contract business, the spot market for commodity Polymers is an active and liquid 

market. Spot prices generally show higher volatility over time and are prone to faster and more 

emphasized changes in price than contract prices.  
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3 Literature Review 

In this chapter we review Supply Chain Dynamics literature, especially on the famous bullwhip 

effect. Furthermore, we elaborate on commodity pricing and market dynamics. In the end, we 

review purchasing behavior and strategies observed within the Polymer market. Insights gained 

from the literature study contribute toward a thorough understanding of the dynamics present 

in the Plastic Supply Chain. This understanding is necessary to forecast demand and conduct 

scenario analysis within a value-based S&OP process. 

3.1 Supply Chain dynamics – the bullwhip effect 
The bullwhip effect in the context of supply chain management refers to an increase in demand 

variance from a supply chain’s most downstream element, i.e. the end customer, to its’ upstream 

elements (Figure 13). This implies that the upstream echelons of a supply chain observe higher 

demand volatility than lower echelons (Cachon, et al., 2007). Therefore, the bullwhip effect is 

sometimes also described as demand amplification. The underlying structural dynamics were first 

recognized by Forrester (1958), which he referred to as industrial dynamics. Procter & Gamble 

(P&G) in the 1990s established the term bullwhip effect to describe the order variance 

amplification between P&G and its suppliers.  In 1997, Lee introduced the term into academic 

research and identified signal processing, batch ordering, price fluctuation, and shortage gaming 

as four causes of the bullwhip effect under completely rational behavior next to irrational 

behavior, which has already been identified as a cause for the bullwhip effect by Sterman (1989). 

 

Figure 13: The bullwhip effect for 3 echelons 

 

3.1.1 Influence of stocking decisions on demand fluctuations 

As a result of the bankruptcy of Lehman Brothers in 2008, which marked the start of the economic 

crisis from 2008-2011, many industries observed a drastic increase in demand volatility (Udenio, 

et al., 2013). This increased demand volatility can be explained by a major decrease in inventory 

levels throughout entire supply chains as a reaction to the crisis whose effects were amplified by 
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the bullwhip effect. To further understand these Supply Chain Dynamics, we elaborate on the 

studies of Peels, et al. (2011) and Udenio, et al. (2013) who jointly investigate the effects of the 

credit and economic crisis on the demand pattern at Royal DSM. In their studies, a System 

Dynamics model, which acts solely on relevant end-market data, is constructed to predict medium 

to long range demand development. By modeling both, active destocking and re-active 

destocking, the bullwhip effect is further amplified within the model. The findings from their 

research show that the credit crisis can be seen as a single pulse demand shock, coined “The 

Lehman Wave”, which occurred due to a combination of factors: 

1) The bankruptcy of Lehman Brothers created a worldwide domino effect in faulting 

investments resulting in high interest rates and credit to disappear. This financial shock 

initiated a shift in financial priorities towards a “cash is king” approach: liquidity became 

essential (Sudarsanam & Lai, 2001). In order to improve their financial situation and free 

up short term cash, companies divested inventory. 

 

2) The commodity prices in 2008 were at an all-time high. Due to an industry-wide 

anticipation of even higher prices, companies often pre-bought supplies which resulted 

in inventory accumulation. When commodity prices crashed in mid-2008, the industry 

aimed to reduce their then over-priced inventories. 

 

3) Before the sudden crisis markets were optimistic resulting in a high expected demand. 

The abrupt sales drop mid 2008 caused inventory levels to grow too high. Companies 

actively started destocking. 

Collective destocking decisions in downstream echelons of the petrochemical supply chain acted 

as a cumulative demand shock which resulted in a bullwhip further upstream. In fact, 70% of the 

firms in their sample reduced their inventories by a median reduction of 9.40% of all inventories 

(Udenio, et al., 2013). In a follow-up study Brandstädter (2013) distinguishes between pre- and 

post-Lehman wave periods in his analysis and uncovers that the effect of stocking decisions is 

larger in the post-Lehman period than before. He furthermore observes that stock levels in the 

plastic supply chain are fluctuating considerably since late 2011. 

Extensive and simultaneous de-stocking throughout a supply chain has undesirable and harmful 

effects on the entire supply chain, especially on companies that are positioned upstream. 

Therefore, there are a number of important issues to take into account for a company when 

making important supply chain decisions. First, it is essential to know the end-market. Second, it 

is important to have an understanding of the general stockpiling or de-stocking policies occurring 

in the industry. Third, a System Dynamics tool can help to accurately predict sales cycles (Peels, 

et al., 2009). 
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3.2 Market dynamics – commodity pricing 
The prices of commodity products tend to be volatile over time, and volatility itself can in return 

directly affect market variables (Chavas, 2000). These interactions within a market are referred 

to as market dynamics (Investopedia, 2016). Pricing has a significant impact on the market 

variables and dynamics of a commodity market. Economic theory describes the basic pricing 

mechanism in a competitive market by means of the supply and demand equilibrium. Industry 

demand (D) and industry supply (S) determine the sold market quantity (q*) and the 

corresponding market price (p*). If the price (p) of a product is higher than the available budget 

of the customers in the market, demand decreases. In order to sell the produced goods (S) the 

sellers will decrease the price p until an equilibrium in which demand equals supply is achieved. 

The price in this equilibrium is referred to as p*. In case demand exceeds supply the market price 

p increases until an equilibrium between supply and demand is achieved. As a result, a demand 

function usually has a decreasing nature in price while the supply function is of increasing nature 

(Figure 14). 

 

 

Figure 14: Demand and Supply based pricing mechanism 

The basic economic pricing mechanism assumes perfect information and rational behavior of the 

individual. In today’s complex supply chains and networks these assumptions are not met 

perfectly which encourages the exploitation of various purchasing strategies and creates the need 

for accurate forecasts as a source of competitive advantage to businesses (Lyneis, 2000). Thus we 

next review research on purchasing behavior in the Polymer industry. 

3.2.1 Purchasing behavior 

There are four purchasing strategies that can be observed in the Polymer market (Corbijn, 2013): 

 Regular buying according to forecasted demand 

 Delayed buying when the price is high 

 Pre-buying in speculation of a price increase 

 Pre-buying in anticipation of a price increase 

http://www.google.nl/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjFyYH3iOvLAhUCfA8KHb6vDIgQjRwIBw&url=http://www.protopage.com/fishelapwh&bvm=bv.118353311,d.ZWU&psig=AFQjCNFVQnFq_Q-jwTv6xRCVT3bqzoy7FA&ust=1459510829475431
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Niehaus (1989) shows that a company’s stock keeping policy can be influenced by its 

organizational ownership structure as inventory strategies often are a point of conflicting interest 

between managers and shareholders. While privately owned companies often plan within a long-

term horizon and accept short term price volatilities, stock-listed companies actively try to 

exploit short term benefits in price developments in order to mitigate the risk of buying 

overpriced materials and diminishing shareholder returns. Applying the different types of 

company ownership to purchasing strategies indicates that privately owned companies often act 

along a pre-buying strategy to prevent buying at peaking price levels even if that means tying 

working capital in extra inventory. Stock-listed companies on the other hand tend to delay orders 

when prices are high and hesitate to build up anticipatory stock (Corbijn, 2013). 

Next to industrial customers, traders play a significant role in the Polymer commodity market 

(Stuijts, 2014). Traders operate by speculating on price developments. Speculation can be defined 

as “the purchase (or sale) of goods with a view to resell (repurchase) at a later date, where the 

motive behind such action is the expectation of a change in the relevant prices relatively to the 

ruling price and not a gain accruing through their use, or any kind of transformation effect in 

them, or their transfer between markets” (Kaldor, 1939, p. 1). Hart & Kreps (1986) make a 

distinction between speculators, who buy with the intention of holding the commodity and then 

selling at a higher price at a later date, and customers (i.e. non-speculators) who trade in the 

market only for purposes of immediate consumption. In a subsequent study to Brandstädter 

(2013) at SABIC, Stuijts (2014) shows that traders have a significant impact on the market price 

as they purchase goods just before they expect an increase in price. When the price is high traders 

sell their stored goods at a lower price than market price thereby diminishing customer demand 

at producers and decreasing market price. 

Dvir and Rogoff (2010) argue that when the price trend is uncertain, active stocking behavior in 

order to speculate on an upward price trend acts to enhance volatility. When companies start 

buying they speculate on a further price increase by increasing their inventories; further demand 

will rise, availability will drop and prices will rise. Peels et al. (2009) argue that when commodity 

prices were at record levels in 2008, speculation led to overstocking because companies believed 

that the price rise would continue. Within a timespan of five years market balances shifted from 

deficit to balance and in many instances to surplus. Corbijn (2013) investigates if speculation on 

the continuation of an upward trend in the price of Polymer X leads to active stocking behavior 

by privately owned customers, but cannot confirm this to be the case.  

Next to delaying buying decisions and speculating, anticipation of price developments is common 

within Polymer markets due to the long overall lead-time from crude oil production to 

polymerization of ethylene and propylene of about one month. By following oil-price 

developments and subsequently forecasting Polymer price developments, customers can choose 

to pre-buy material when they anticipate a price increase. Corbijn (2013) confirms the hypothesis 

that price anticipation triggers active (de)stocking behavior by privately owned customers. 
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4 Research Project 

This chapter provides an overview of the research project. We formulate an aim of the project 

and derive five Research Questions. Next, the problem positioning within SABIC is described and 

the scope of the study is set. Last, an explanation on how the proposed work contributes to 

literature and the current processes at SABIC is given. 

4.1 Aim of the project 
In order to aid SABIC with the shift from a volume-based to a value-based S&OP process, we aim 

to create a thorough understanding on which factors significantly influence demand at SABIC and 

the market price development. Based on these findings a dynamic model is developed that 

replicates supply chain and market behavior and can be utilized to forecast demand and conduct 

scenario planning for financially-driven S&OP decision making. The last step of this study is to 

identify dominant strategies in the three distinct market configurations. 

4.2 Research Questions 
In particular we formulate the five following Research Questions to fulfill the goal of the project: 

1) What are the structural factors in the Polymer supply chain causing high fluctuations in 

demand at upstream players? 

 

2) What are the structural factors in the Polymer supply chain causing high fluctuations in 

price at upstream players? 

 

3) How do these structural factors interact dynamically and thus dampen or amplify these 

demand and price fluctuations? 

 

4) Which factors significantly impact the profitability of Polymer commodity goods at 

upstream players in the supply chain? 

 

5) Do certain business strategies for upstream players in the Polymer supply chain 

dominate alternative strategies in particular market configurations? 

4.3 Problem positioning within SABIC 
This research project is conducted at the Supply Chain Planning department within SABIC EUP.  

As a case study we will investigate the HDPE Unimodal product portfolio due to its high amount 

of end products and the various customer and application segments it serves. Roughly 65% of the 

HDPE Unimodal sales are based on contracts that follow a static price formula. The remaining 

35% are subject to free negotiable pricing or spot market sales. The HDPE Unimodal products are 

all produced in one production facility and managed within a single S&OP process governed by 

the HDPE Supply and Inventory Manager. 

4.4 Scope 
Figure 15 visualizes areas in scope and out of scope of this research. The creation of the traditional 

Demand Forecast based on the Sales office forecast, Sales Budget and historical purchasing 

behavior of customers is considered out of scope. Instead a demand is forecasted using external 

market data from the Business forecast and insights on Supply Chain and Market Dynamics. The 
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translation of the S&OP plan into detailed production, container and global planning, the 

calculation of optimal stock levels as well as limitations in supply, both in chemical feedstock as 

well as Polymer production, are considered out of scope in this research project. 

 

Figure 15: Scope of the project within SABIC 

4.5 Contribution to Literature and SABIC 

4.5.1 Research Contribution 

The S&OP concept is often advocated as a generic framework that can be used in any industry. 

However, the specific characteristics of process industries yield limited decision variables and 

imply additional constraints on Sales and Operations planning. Noroozi and Wikner (2013) 

reviewed 107 S&OP papers based on their full-text and conclude that the specific conditions of 

process industries have not received much attention within S&OP literature. 

This research project explicitly accounts for the particular dynamics of the Polymer market and 

Plastic Supply Chain and shows how a perspective shift from a company’s internal factors, e.g. 

inventory levels, to external market factors can be used to transform a volume-based S&OP 

process into a value-based one. 

We build on previous research outlined in the literature review and extend the focus of factors 

influencing demand beyond end-market demand and price. Additionally, we research factors 

influencing price development so that managers can better understand how the market price 

forms. Using these insights we show how a System Dynamics model forecasting industry demand 

can be extended to forecast individual firm demand and profit. Differentiating between different 

market configurations, we eventually use the extended System Dynamics model to conduct 

scenario analysis with respect to different pricing strategies and identify dominant strategies. 

4.5.2 Value for SABIC 

Creating an understanding of which dynamics exist in the Polymer commodity market and how a 

particular tactical decision influences demand and pricing and hence profitability is of high value 

to SABIC. These insights together with a scenario analysis tool enable profit-driven decision 

making within SABIC’s S&OP process. Managerial insights on dominant strategies for particular 

market configurations can serve as guidelines for future decision making. Recommendations 

regarding the organizational implementation of a value-based S&OP process are going to help 

SABIC to deploy the planning tool successfully. 
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5 Statistical Analysis 

In order to identify factors that significantly influence demand and price, and their relationship, 

we conduct statistical analysis that comprises two parts: First, we divide the HDPE Unimodal 

grade portfolio into five clusters in order to aggregate grades that show similar demand curves. 

Next we use linear regression to determine which factors significantly influence demand 

development per cluster and which factors significantly influence price development. We answer 

Research Questions 1 and 2 by means of univariate regression analysis and then conduct multiple 

regression analysis to answer research question 3. The insights gained from this analysis serve 

as an input for the System Dynamics model, which is described in Chapter 6. 

5.1 Data 
We use historic sales data from 2013-2016 for all HDPE Unimodal grades within SABIC’s active 

product portfolio as a proxy for customer demand. This is reasonable due to the continuous 

production and make-to-stock environment of the Petrochemical Industry and in line with 

Cachon, et al. (2007). Initial raw data includes monthly sales data of 49 unique grades of which 

12 are produced in SABIC’s production facilities in KSA and subsequently shipped to SABIC 

Europe; these grades are referred to as import grades. No missing data points are reported. We 

clean the data by merging grades which are interchangeable1 and subsequently applying the 

following three decision rules: 

1. Exclusion of all grades that have an average yearly sales volume < 1kT 

2. Exclusion of all grades that have on average a monthly percentage change in demand 

>50%. We argue that average monthly changes in demand higher than 50% can be 

referred to as chaotic. Clustering and forecasting chaos is beyond the scope of this study. 

3. We manually exclude grades that have outlier values that significantly influence the 

results of the clustering process. 

Merging interchangeable grades reduces the amount of grades to 33 grades. Rule 1 excludes 2 

grades, rule 2 excludes 8 grades and 3 additional grades were manually excluded from the data 

set. No grades with large sales volumes were removed. The resulting data set contains 20 grades 

which make up for 93.35% of the total volume of all HDPE Unimodal grades at SABIC. Of these 20 

grades, ten grades account for 76% of the total sales volume. These ten grades consist of both, 

unique and merged grades. 

5.2 Demand-based clustering 
Next to aggregating all 33 grades into a single HDPE Unimodal demand variable for the regression 

analysis, we create distinct groups of products to investigate whether the outcome of the 

regression analysis differs for different groups of products. Currently, grades at SABIC are 

grouped in two different ways. The first approach groups grades by the manufacturing process 

and the application area in which they can be used by customers, i.e. their technical properties. 

These categories are Blow molding, Injection molding and film. The second approach groups 

grades based on their end-markets, i.e. what products are the grades processed into. The most 

important application areas and end-markets HDPE Unimodal grades are used in are caps and 

closures, industrial crates and boxes, healthcare and packaging. While the first approach is of 

                                                             
1 Interchangeable grades are used by customers to manufacture identical products. 
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technical nature, the second approach originates from a business perspective. However, none of 

the two approaches explicitly takes the demand behavior of the grades into account, which results 

in groups containing grades with significantly different demand patterns. Furthermore, grades 

can be used for manufacturing different end products and hence grouping products based on their 

end-markets does not result in crisp results. As we aim to forecast demand as accurately as 

possible, we create new groups of products by clustering grades based on their demand curves 

only. 

5.2.1 Clustering process and algorithm 

We follow the clustering process of Äyrämö & Kärkköinen (2006) and use hierarchical clustering2 

to group the 33 grades based on their demand history. Within the clustering algorithm we apply, 

every data point, i.e. every month, is interpreted as a separate variable. Because the total change 

in demand of all grades may differ from month to month, we normalize the data per month in 

order to give each month equal weight in the clustering algorithm. The relative change in demand 

per grade from month t-1 to month t is compared between all grades over the entire time horizon. 

As a dissimilarity measure, we use the L1 norm to ensure robust results. Using the L2 norm for 

our application of hierarchical cluster over pronounces large differences in demand due to the 

squared difference, thus making it sensitive to sudden spikes in demand. We use Ward’s method 

as a clustering criterion as it minimize intra-cluster variance and therefore fits our purpose of 

grouping similar demand curves. 

5.2.2 Results 

We used the function hclust in the stats package of R to run the clustering algorithm and receive 

five distinct clusters. Cluster 1 contains two products that comprise 2.09% of the total sales 

volume. Cluster 2 also contains two products that account for 4.73% of total sales. Cluster 3 

comprises eleven products that sum up to 63.62% of total sales. Cluster 4 consists of two 

products, making up 7.97% of total sales and Cluster 5 contains three products that sum up to 

14.94% of total sales. While Cluster 3 contains all blow molding grades except one, injection 

molding grades divided over Clusters 1,2,4 and 5. Film grades are split up over Clusters 3 and 5. 

In order to validate the results, we inspect the demand curves of the grades per cluster and 

observe that the overall visual fit is good, especially for clusters 1,2,4 and 5. Furthermore, we 

quantify the improvements of the demand-based clusters over the technical clusters by 

comparing average variance and average standard deviation over time (Table 1). Comparison 

with end-market based clustering is not possible due to the non-distinctiveness of the approach. 

Group Variance Standard Deviation 
Cluster 1 0.0402 15.14% 
Cluster 2 0.0328 12.53% 
Cluster 3 0.0656 19.56% 
Cluster 4 0.0234 12.41% 
Cluster 5 0.0384 17.06% 

Blow molding 0.0701 19.70% 
Injection molding 0.0929 26.82% 
Film 0.0412 17.28% 

Table 1: Comparison of cluster variance and standard deviation 

                                                             
2 See Appendix A for a more detailed theoretical explanation on clustering. 
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Since Cluster 3 contains almost all blow molding grades, its standard deviation is similar to the 

standard deviation of the blow molding products group. The high standard deviation of the 

injection molding group is split up over Clusters 1,2, 4 and 5, reducing average standard deviation 

from 26.82% to 14.29%. Film grades are distributed over multiple clusters as well. However, the 

average standard deviation for Clusters including film grades (Clusters 3 and 5) is 18,31% and 

hence slightly higher compared to the standard deviation of the traditional group of film grades. 

We conclude that demand based clustering is a valid approach to group products based on their 

demand curves. In case of injection molding products, the clustering approach significantly 

reduced intra-cluster variance by distributing products over multiple clusters. 

5.3 Regression analysis 
Linear regression analysis is used to explore the direct linear influence of various external factors 

on demand and price development. After an exhaustive univariate regression study to determine 

one-by-one relationships, step-wise multiple regression analysis is used to control for cross 

correlation and to determine the maximum variance explained in demand and price development 

by means of linear regression models. 

5.3.1 Factors influencing firm demand 

Expert interviews within the Supply Chain department, the Market Intelligence department and 

the Business & Sales department at SABIC suggest that the main sources of demand volatility at 

Polymer producers are end-market demand, price policies of Polymer producers and inventory 

levels throughout the supply chain. In fact, inventory levels throughout the supply chain will most 

likely yield the best prediction results for demand as companies in all stages of the Plastic Supply 

Chain try to satisfy customer demand and avoid lost sales by keeping certain target stock levels. 

If these target stock levels and the actual stock levels throughout the supply chain were known, 

predicting demand at upstream stages of the supply chain would be rather straightforward taking 

into account lead times and end-market demand. However, downstream inventory data is not 

shared within the European Plastic Supply Chain. We therefore decide to inspect the effect of 

outages at Polymer producers, i.e. temporary loss of production capacity, as reliable data on the 

average Operating rate at Polymer producers exists. In particular we build the following 

hypotheses: 

 

HYPOTHESIS 1A:  

End-market demand has a positive effect on HDPE Polymer demand at SABIC. 

HYPOTHESIS 1B:  

Price has a negative effect on HDPE Polymer demand at SABIC. 

HYPOTHESIS 1C:  

Production outages at competitors have a positive effect on HDPE Polymer demand at 

SABIC. 
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Table 2 lists the three factors and their corresponding indicators, i.e. data series available to 

describe the respective factor, which are used throughout the regression analysis. The Purchasing 

Managers’ Index (PMI) is based on five major indicators: order levels, inventory levels, 

production, supplier deliveries and employment. It measures the current business conditions 

within different sectors of the economy. Eurostat indices report price-adjusted turnovers of the 

European industry.  

Seasonality is not included in the analysis because HDPE Unimodal grades are not used in the 

construction business and general seasonality is well understood at SABIC, i.e. August and 

December have consistently showed a through in demand over recent years due to holidays and 

shutdowns of production facilities at Converters in summer and the desire to end the year with 

low stock levels. 

Factor Indicator 
End market demand development 
(seasonally adjusted indices, 
2010= 100) 

 Purchasing Managers’ Index Europe: 
o Manufacturing 
o Retail 

 Eurostat EU27 manufacturing statistics: 
o Manufacture of food products and 

beverages (C10_C11 Eurostat) 
o Manufacture of plastic products (C222 

Eurostat) 
o Manufacture of plastic packing goods 

(C2222) 
o Durable consumer goods (MIG_DCOG 

Eurostat) 
o Non-durable consumer goods 

(MIG_NDCOG Eurostat) 
 Eurostat EU27 commerce statistics: 

o Retail sales non-food (G47_NFOOD 
Eurostat) 

o Retail sales of food, beverages and tobacco 
(G47_FOOD Eurostat) 

Price development 
(in € per MT) 

 SABIC HDPE Sales price Europe 
 ICIS HDPE market prices Europe 

o Contract price 
o Spot price 

Outages 
(in % of total European capacity) 

 FIDES Operating Rate HDPE Polymer plants 
Europe 

Table 2: List of researched factors influencing demand at SABIC and their corresponding indicators 

Univariate regression analysis is carried out to test Hypothesis 1A-1C one-by-one. Every indicator 

is tested including its lags for up to one quarter, i.e. we test every indicator for month t-1, t-2, t-3 

and t-4 to control for information and delivery delays, e.g. lead times.  Absolute monthly sales are 

divided by the amount of working days of the respective month and the calculated sales per 

workday (in MT) is used as the dependent variable in each regression. In total we conduct 6 x 66 

univariate regression analyses, investigating every cluster and the aggregated HDPE Unimodal 

sales separately. Tests for linearity, normality and homoscedasticity reported no anomalies. 

Linear regression is therefore applicable and results valid. Table 18 with all univariate demand 

regression results can be found in Appendix B. 
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General results: 

On a macro level the results show that HDPE Unimodal sales at SABIC are significantly influenced 

by SABIC’s current sales price, the current ICIS HDPE spot price as well as the spot price of the 

previous month and the industry operating rate in the current as well as the previous four 

months. End-market indicators do not report clear linear relationships with demand. A few single 

significant relationships occurred in Clusters 1, 2, 3 and 4, however mostly in high lags. These 

findings are coherent over the different clusters with the exception of Cluster 1. The regression 

analyses for Cluster 1 do not report any significant influence with regards to price and only the 

PMI Retail at lag 3 and Outages at lag 4 are significant. As Cluster 1 contains only 2 grades which 

only make up 2.09% of total HDPE Unimodal sales, we do not investigate these findings in further 

detail and instead focus on Clusters 2-5 and the aggregated HDPE Unimodal demand. 

Detailed results – price: 

When investigating the results in further detail we constitute that the SABIC sales price of the 

current month has a negative influence on sales. Cluster 5 sales are additionally negatively 

affected by the sales price of the previous month. All other clusters and also the total sales are not 

significantly affected by lagged values of the sales price. The current contract price only influences 

sales of Cluster 5 significantly in negative direction. The two, three and four months lagged 

contract prices report a slightly significant influence on Cluster 2, Cluster 2 and 3 and Cluster 3 

and 4 respectively. These influences show a positive direction which is in line with findings of 

Corbijn (2013) regarding purchasing behavior. Customers that delay sales due to high prices will 

eventually have to re-order when their stock levels become low. Contrary to contract price, the 

spot price shows a clearly negative relationship with the sales of Clusters 2-5 as well as the total 

sales. The 1-month-lagged spot price also has a significant negative influence on current months’ 

sales. Investigating the explanatory power the current spot price however clearly dominates the 

influence of last month’s spot price which is in line with business understanding. For the total 

sales the R2 of the current month spot price is 0.384, which means that 38,4% of the variance in 

total sales can be explained by the current months spot price. This finding matches with the 

previously mentioned 35% of monthly sales which are done via deals with freely negotiated 

prices. Interestingly all four lagged variables of the spot price have a significant negative influence 

on sales of Cluster 5. This indicates that grades of Cluster 5 have higher price elasticities than 

grades of the remaining clusters.  

Detailed results – outages: 

Next to price, outages, measured as the operating rate of the entire industry, show a significant 

negative relationship with demand at Polymer producers, i.e. when the operating rate of the 

industry decreases due to planned or unplanned maintenance stops of production facilities, sales 

at SABIC increase. Both outages in the current month as well as in the previous months serve as 

significant predictors of demand over all five clusters as well as total sales. Contrary to price, 

current outages do not dominate previous outages as a predictor for current month’s sales. The 

R2 of current outages is 0.265 and of outages in month t-1 0.255. While the explanatory power of 

outages in month t-2 drops to 0.177, outages in month t-3 and t-4 explain 26.9% and 46.4% of 

the variance of current month sales. These findings are intuitive as a loss of production capacity 

leads to a decrease supply in the market and hence a perceived increase in demand at the 

remaining operating Polymer producers. Furthermore, as shown by Brandstädter (2013), 
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maintenance activities in steam crackers are often followed by increases in Polyethylene prices 

due to shortages in Ethylene as a feedstock for Polyethylene production. And as Stuijts (2014) 

shows, an increase in price can lead to pre-buying in expectation of further increasing prices. This 

effect might further increase the demand and hence sales of Polyethylene at operating players in 

the industry during times of production capacity loss at competitors.  

Detailed results – end-market demand: 

None of the end market indicators shows a pattern of significant linear influence on sales. These 

results are expected as the linear regression model does not take Supply Chain and Market 

Dynamics into account.  Brandstädter (2013) and Stuijts (2014) show that the relationship 

between end- market demand and upstream demand at Polymer producers is not of linear but 

non-linear nature. The System Dynamics model in Chapter 6 accounts for both these dynamics. 

Finally the control variable market share shows a significant positive relationship with the sales 

of all Clusters 1-5 and total sales, indicating adequate quality of the dataset. 

To conclude, we accept hypotheses 1B and 1C and delay the decision to accept or not accept 

hypothesis 1A to Chapter 6. 

5.3.2 Factors influencing price 

Similar to the process used to determine factors influencing demand, expert interviews are 

conducted to develop an intuition of which factors potentially influence the price of HDPE 

Polymer grades. Again we are primarily interested in external factors influencing price, i.e. we are 

mainly interested in how the market price is formed. It is well-known and often shown that there 

exists a high correlation between Polymer prices and their feedstock prices. Hence feedstock 

prices will most likely explain a fair share of the variance of HDPE prices. Next to feedstock prices, 

which are believed to influence mostly the long-term Polyethylene prices, industry inventory 

levels are again mentioned as the most likely source of short-term changes in Polyethylene prices 

by experts. While inventory at downstream stages of the supply chain is seen as one of the main 

drivers for demand, inventory at upstream stages of the supply chain is believed to directly affect 

prices and only indirectly demand. Inventory levels at Polymer producers represent the supply 

in the HDPE market and due to their make-to-stock production Polymer producers try to push 

material to customers continuously. When customers notice an increase in offerings, i.e. supply, 

they suspect an increase in inventory levels at Polymer producers and hence await a decrease in 

price. In line with this logic the import of HDPE resins to Europe is believed to affect prices 

negatively by increasing inventories at Polymer producers. Demand from downstream parts of 

the supply chain should affect prices positively due to decreasing stocks at Polymer producers. 

Consequently we formulate the following hypotheses: 

 

HYPOTHESIS 2A:  

Feedstock price development has a positive effect on HDPE Polymer prices. 

HYPOTHESIS 2B:  

Industry stock levels have a negative effect on HDPE Polymer prices. 



23 

HYPOTHESIS 2C:  

Imports of HDPE resins into Europe have a negative effect on HDPE Polymer prices. 

HYPOTHESIS 2D:  

Demand within Europe has a positive effect on HDPE Polymer prices. 

Table 3 lists the four factors and their corresponding indicators used in the regression analysis. 

Factor Indicator 
Feedstock prices 
(in € per barrel/MT) 

 ICIS contract price Ethylene 
 ICIS contract price Naphtha 
 ICIS contract price Oil 

Industry stock levels 
(in MT at end of month) 

 FIDES end of month industry stock 

Import of HDPE resins 
(in MT) 

 HDPE import resin sales in Europe (Eurostat) 
 SABIC HDPE import resin sales Europe 

European HDPE demand 
(in MT) 

 HDPE EU produced resin sales in Europe (Eurostat) 
 SABIC EU produced HDPE resin sales 
 SABIC HDPE Unimodal resin sales 

Table 3: List of researched factors influencing HDPE price and their corresponding indicators 

Every indicator is tested including its lags for up to one quarter in one-by-one univariate 

regression. SABIC Sales price is used as the dependent variable and in order to further 

differentiate we repeat the analysis twice using ICIS HDPE contract price and ICIS HDPE spot 

price as dependent variables. When statistically investigating prices it is common in the chemical 

industry to either look at changes in price from one month to another or to investigate price 

spreads between a certain price and its feedstock price, e.g. Naphtha or oil. We therefore 

transform all three dependent variables as well as all independent variables representing prices 

into percentage changes in the respective price compared to its previous month’s value. In total 

we conduct 3 x 45 univariate regression analyses. Tests for linearity, normality and 

homoscedasticity once more reported no anomalies. Table 19 in Appendix B depicts all univariate 

price regression results. 

Detailed results – feedstock prices: 

Our analyses confirm the expected highly significant influence of feedstock prices on HDPE 

Polymer prices. The change in Ethylene price in the current month explains between 68% and 

85% of the variance in HDPE price changes. The effect is strongest for the contract price 

(R2=0.852) and weakest for the spot price (R2=0.680) which is in line with expectations that 

contract prices are mostly feedstock driven while spot prices react to inventory levels in the form 

of industry stock, imports and demand. For the average SABIC sales price the R2 of Ethylene 

reaches 0.827 which is due to the majority of sales being contract sales. The influence of Naphtha 

and oil prices are strongest for a one-month lag which is in accordance with usual industry lead 

times. While the explanatory power of changes in the Naphtha price reach R2 values between 

0.553 and 0.589, the one-month lagged changes in oil price account for 46.2% up to 55.5% of the 

variation in HDPE price changes. Higher lags show less significance and rapidly decrease in 

explanatory power.  
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Detailed results – inventory: 

Current industry stock levels as well as stock levels of the previous months have a significant 

negative influence on changes in SABIC sales price, contract price and spot price. Again the one-

month lagged variable is the best predictor with respect to explanatory power. While the 

explanatory power for the contract price is 34.3%, it is 2.4 % points higher for spot prices 

(36.7%).  

Detailed results – import sales: 

Current as well as previous month import sales do not have a significant influence on changes in 

prices. While for the spot price the two-month-lagged import sales do become significant, for 

contract prices and the SABIC sales price import sales only become significant with a three month 

lag. Overall the influence of import sales shows a negative direction on all three prices. The 

dominant predictor for changes in spot price is the three-month-lagged import sales (R2=0.232) 

while for changes in contract price(R2=0.191)  and SABIC price(R2=0.215)  the four-month-lagged 

import sales variable shows best results. 

Detailed results – EU production sales: 

Contrary to import sales, EU asset sales show a positive significant effect on changes in price with 

a one and two month delay. For changes in spot price the one month lag is dominant (R2=0.257), 

for changes in SABIC price and contract price the two month lags dominate other lags (both 

R2≈0.15). These findings imply that an increase in sales of domestically produced grades 

increases the change in prices with a 1-2 month delay. An increase in import sales decreases the 

change in price with a 3-4 month delay. 

Detailed results – comparison between industry level data and SABIC data: 

Next sales and import data on industry level, we specifically tested SABIC import sales, SABIC EU 

asset sales and total HDPE Unimodal sales data on their predictive power of changes in price. 

While the SABIC import sales show no significant influence on any of the three dependent price 

variables, the one-month-lagged SABIC EU asset sales reported a positive significant effect on 

changes in the spot price (R2=0.124). Interestingly, four-month-lagged SABIC EU asset sales 

reported a negative significant effect on changes in the spot price; the explanatory power is 

however low (R2=0.081). For the SABIC sales price and the contract price no significant influence 

of SABIC’s aggregated EU asset sales is reported.  On a more detailed level, HDPE Unimodal sales 

have a significant negative influence on changes in contract price. This effect is however very 

small. The lagged HDPE Unimodal variables have no significant influence on changes in any of the 

three prices.  

General results: 

As a result of the univariate price regression, we accept hypotheses 2A-2D with one important 

limitation: The delay is important. Current feedstock price development has a positive effect on 

HDPE Polymer price development. Previous month industry inventory levels have a negative 

effect on the price development. Import sales 3-4 month ago have negative impact on current 

month HDPE Polymer price development while the 1-2 month ago sales of domestically produced 

grades have a positive effect on HDPE Polymer price development. These findings are consistent 

on both industry and single firm level. 
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5.3.3 Multiple regression 

In order to best describe the total influence on demand and price of the previously identified 

significant predictors, we conduct a stepwise multiple regression analysis for both demand and 

price, taking into account only variables that proved significant within the univariate regression 

analyses. For a detailed theoretical overview on multiple regression and the five assumptions of 

ordinary least squares (OLS) we refer the reader to Appendix C. 

5.3.3.1 Demand 

When building the demand model we refrain from building a separate model per clusters as the 

univariate regression yields similar results per cluster as well as for the aggregated demand. 

Hence we use the aggregated total demand per work day as the dependent variable. 

Using a stepwise regression we test all variables that show a significant influence in the univariate 

regression analysis. Models were evaluated using the Akaike information criterion (AIC). The AIC 

is a relative measure of model quality for a given data set and estimates the information loss given 

a model is used to represent the data generating process. It hence takes the trade-off between 

goodness of fit and model complexity into account. A lower AIC indicates a superior model.  

Our best model has the following form: 

𝑈𝑛𝑖𝑚𝑜𝑑𝑎𝑙 𝐷𝑒𝑚𝑎𝑛𝑑𝑡 =    𝛼 + 𝛽1𝐼𝐶𝐼𝑆 𝑠𝑝𝑜𝑡 𝑝𝑟𝑖𝑐𝑒𝑡 + 𝛽2𝑂𝑢𝑡𝑎𝑔𝑒𝑠𝑡−1 + 𝛽3𝑂𝑢𝑡𝑎𝑔𝑒𝑠𝑡−4  

        + 𝛽4𝑃𝑀𝐼 𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔𝑡−4 + 𝜀𝑡 

The five assumptions of OLS were checked and no violations can be reported. The linearity and 

normality assumptions are met and no multicollinearity, heteroscedasticity or autocorrelation is 

present in this model. 

The direction of influence of the spot price, previous month as well as four-month lagged Outages 

is negative. The four-month lagged Purchasers Managers Index has a positive direction of 

influence on the demand. The adjusted R2 of the model is 0.655.  

Table 4 provides an overview of the three best multiple regression models. Adding the four-

month lagged Outages variable to Model 3 increases the predictive power of the model by almost 

13 % points measured in adjusted R2 while the significance of one-month lagged Outages drops 

from the 95% confidence interval into the 90% confidence interval. As producers generally keep 

a certain amount of safety stock we suspect that outages that occurred in the previous month are 

absorbed by the depletion of safety stock while severe outages four month ago show a more 

significant impact on current month demand. 
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DV= Unimodal Sales 
All values  Model 3 Model 4 Model 4.1 
rounded to 
2 decimals 

 
Est. 

Std. 
Error 

 
p- value 

 
Est. 

Std. 
Error 

 
p- value 

 
Est. 

Std. 
Error 

 
p- value 

(Intercept) 49.98 2125.32 >0.1 823.31 1825.02 >0.1 -369.16 1802.84 >0.1 
Spot Price -1.44 0.32 <0.001 -0.98 0.3010     <0.01 -1.09 0.31     <0.01 
Outage lag 1 
PMI M. lag 4 

-1138.16 
4305.24 

482.31 
2015.71 

<0.05 
<0.05 

-837.18 
3890.02 

419.67 
1722.76 

<0.1 
<0.05 

- 
4679.63 

- 
1752.99 

- 
<0.05 

Outage lag 4 - - - -1518.06 420.96 <0.01 -1685.07 431.32 <0.001 

𝐑𝟐(adjusted) 0.5668 (0.5262) 0.6948(0.6554) 0.6556 (0.6233) 

AIC 480.63 470.0188 472.3666 

Breusch-
Pagan value 
(p-value) 

3.0052 (0.3908) 1.5251 (0.8222) 3.1272 (0.3724) 

Breusch-
Godfrey 
value  
(p-value) 

6.6371 (0.009988) 0.33237 (0.5643) 0.1403(0.7079) 

Table 4: Stepwise multiple regression models for dependent aggregated demand variable 

Figure 16 visualizes the relative contribution of the final four independent variables to the R2 of 

the model. The last method investigates the relative contribution per variable if the respective 

variable is added to the model last, while the first method does the inverse. We clearly observe 

that on average the four month lagged Outages and the ICIS spot price make up over 70% of the 

contribution to the total R2. 

 

Figure 16: Measurements of relative importance per independent variable for demand model 

5.3.3.2 Price 

For the price model we focus our investigation on the spot price as it is an important predictor 

for demand. The dependent variable is again expressed in percentage change compared to 

previous month’ values, in line with our approach in the univariate setting. 

We limit the list of potential independent variables to industry level variables that are significant 

in the univariate regression, i.e. we do not include SABIC EU or import sales related variables. 

Furthermore we only take Ethylene price into account as it shows a highly significant influence 
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in the univariate analysis and we would like to avoid multicollinearity (due to high correlation 

between Oil, Naphtha and C2 prices).  

The best model of the stepwise regression only includes three explanatory variables: 

ΔSpot Price𝑡 =  𝛼 + 𝛽1ΔEthylene Price𝑡 + 𝛽2𝑆𝑎𝑙𝑒𝑠 𝑓𝑟𝑜𝑚 𝐸𝑈 𝑎𝑠𝑠𝑒𝑡𝑠𝑡−1 + 𝛽3𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑆𝑡𝑜𝑐𝑘𝑡 

The check of the five OLS assumptions revealed no violations. The adjusted R2 of the model is 

0.804. 

While the change in Ethylene Price and the previous month sales from European assets have a 

positive effect on the change in spot price, current industry stock levels have a negative effect. 

These results are in line with the univariate regression results. Interestingly however, when 

entered into a joint model, the sales of import material becomes insignificant (Table 5). One 

explanation could be that sales from European assets already explain a high amount of variance 

of the import sales so that the import sales variable cannot add much explanatory power to the 

joint model. 

DV= ΔSpot Price 
All values  Model 3 Model 4 Model 5 
rounded to 
4 decimals 

 
Est. 

Std. 
Error 

 
p- 

value 

 
Est. 

Std. 
Error 

 
p- 

value 

 
Est. 

Std. 
Error 

 
p- value 

(Intercept) 0.4843 0.1346 <0.01 0.1724 0.1329 >0.1 0.2391 0.1463 >0.1 

C2 0.7370 0.1008 <0.001 0.7673 0.0867    <0.001 0.7398 0.0902     <0.001 

Industry 
Stock 
EU sales 
lag1 

-3.2*10-07 

 
- 

1.1*10-07 

 
- 

<0.01 
 
- 

-2.0*10-07 

 

4.7*10-04 

1.1*10-07 

 

1.4*10-04 

<0.1 
 

<0.01 

-1.9*10-07 

 

4.3*10-04 

1.1*10-07 

 

1.4*10-04 

<0.1 
 

<0.01 

Import 
sales lag3 

-5.2*10-07 3.1*10-07 <0.1 - - - -3.0*10-07 2.8*10-07 >0.1 

𝐑𝟐(adj) 0.7775 (0.756) 0.8209 (0.8036) 0.8276 (0.8046) 

AIC -151.622 -159.2132 -158.5407 

Breusch-
Pagan 
value      
(p-value) 

3.0065 (0.3906) 5.0458 (0.1685) 4.2243 (0.3765) 

Breusch-
Godfrey 
value  
(p-value) 

2.1609 (0.1416) 1.8668 (0.1718) 2.2704(0.1319) 

Table 5: Stepwise regression analysis on changes in spot price 

 

Figure 17 compares the relative contribution of the final three independent variables to the R2 of 

the price model. We conclude that changes in ethylene price are responsible for more than 50% 

of the contribution to the R2. 
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Figure 17: Relative contribution of independent variables to explanatory power of the price model 

5.4 Results 
The three-stage approach of the exhaustive statistical analysis introduced demand-based 

clustering as a valid approach to group products in a novel way. Univariate regression analysis 

shows that except for products in Cluster 1, the same factors significantly influence demand in 

Clusters 2-5 as well as on aggregate level. Answering Research Question 1, these factors are the 

current SABIC sales price, the current as well as one-month lagged ICIS spot price, the four-month 

lagged PMI Manufacturing and current as well as one-, two-, three- and four-month lagged 

production outages at competitors. Current month market share is a direct result of current 

month sales.  

Stepwise multiple regression analysis identifies spot price, previous month outages, four-month- 

ago outages and the four-month lagged PMI Manufacturing as the best predictors for demand. 

While the direction of influence of the spot price, previous month as well as four-month lagged 

Outages is negative, the four-month lagged PMI has a positive direction of influence. The final 

model explains 65% of the aggregated demand variance. This answers Research Question 3 with 

respect to demand. 

The price analysis differentiated between SABIC sales price, market contract and market spot 

price. While current month feedstock price changes have a positive effect on the HDPE Polymer 

price development, previous month industry inventory levels show a negative effect. Three- and 

four-month lagged import sales negatively impact current month HDPE Polymer price 

development while the one- and two-month lagged sales of domestically produced grades have a 

positive effect on changes in spot price. This answers Research Question 2. 

Because the spot price resulted as the best price-based predictor for demand, the multiple 

regression price analysis focused on spot price. Current month Ethylene price changes, one-

month lagged EU asset sales and current month industry stock levels explain up to 80% of the 

variance in changes in spot price. This answers Research Question 3 with respect to price. 
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6 System Dynamics Supply Chain Model 

The System Dynamics Supply Chain model is designed to enable profit-driven scenario planning 

during the Sales and Operations Planning process at SABIC. Based on the insights from the 

statistical analysis and previous research in the Petrochemical Industry the model forecasts 

HDPE demand at an aggregated industry level. The model uses end-market demand and price as 

inputs. To split industry demand into demand at SABIC and demand at its competitors, SABIC’s 

market share is forecasted taking into account SABIC’s pricing strategy and production outages 

in the industry as well as at SABIC. Furthermore the model differentiates between different 

market configurations and dynamically adjusts the influence of production outages and pricing 

strategies within the market share calculation. 

6.1 Model structure 
The entire model consists of two parts. The industry demand model simulates the multi-echelon 

HDPE Plastic Supply Chain from end-market demand to Polymer producers. The single firm 

market share model splits the aggregated industry demand at the Polymer producers into two 

parts, a single firm’s demand and the remaining aggregated demand at all its competitors. The 

model is constructed using the Vensim Software package by Ventana Systems. 

6.1.1 Industry Demand Model 

The multi-echelon System Dynamics Supply Chain model is a linked series of single echelon 

models. The model is an extension with backlogs of Sterman’s Manufacturing Supply Chain Model 

(Sterman, 2000, pp. 709-755). It describes all relevant physical flows (production, inventory and 

delivery) and all relevant information flows (orders and forecasts) inherent to any supply chain. 

Sterman’s basic model uses end-market demand as the only external model input. Applications 

of the model have been used successfully to describe product volume flows in the process 

industry before. Udenio et al. (2013)  applies the model within the specialized chemical industry 

to research the bullwhip effect. Brandstädter (2013) uses the model to research the pre- and post 

Lehman period. Stuijts (2014) extends the model by adding Polymer resin Traders and finished 

goods Distributors. While Stuijts (2014) focuses on the stretch film product segment, Holten 

(2015) validates the model for the pipe product segment. We base our model design on the 

features of the extended supply chain model by Stuijts (2014), i.e. our Supply Chain model uses 

end-market demand and price as external model inputs and incorporates resin traders and 

finished goods Distributors which exist within the HDPE Plastic Supply Chain. 

We model the aggregated European industry and do not differentiate between individual firms 

within the same stage of the Plastic Supply Chain. Therefore, every distinct stage in the supply 

chain represents a group of competing firms manufacturing the same products, which we also 

refer to as an installation level within the supply chain. Each installation level is modeled as a 

single echelon and then connected to its direct predecessor and successor to form the entire 

supply chain. Firms within an installation level receive orders from the closest downstream 

installation level, which they produce and deliver within a certain lead-time. Furthermore, input 

material used in the production is received from the immediate upstream stage of the supply 

chain. Figure 18 provides a high-level overview of the modeled supply chain structure. For all 

application areas that retail sales data is available, we include a separate OEM stage within the 

model. Otherwise use manufacturing data as a proxy for the demand of certain application areas 

and omit the OEM stage. See section 6.1.3 for more detailed explanation on the input data. 
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Figure 18: Supply chain structure of the industry demand model 

Each linked single echelon model contains three sectors – a forecasting, a production and a 

delivery sector. The forecasting and orders sector tracks incoming orders from stage n-1 for m 

different product groups, maintains a continuous sales forecast and generates material orders at 

the preceding upstream stage n+1. The production sector transforms incoming material into 

work-in-process and subsequently finished goods. Based on the finished goods inventory level 

the shipment rate to customers is adjusted. The delivery sector keeps track of customer deliveries 

and backlogs. Figure 29 in Appendix D shows an exemplary single echelon in System Dynamics 

syntax. The model is built for a system with constant production and delivery lead times and 

without lost sales – the aggregated Plastic Supply Chain fulfills these criteria. The model is timed 

in weeks and based on continuous time. Because the supply chain model consist of several single 

echelon models, which are connected with each other, variables are subscripted with an index 𝑛 

with 𝑛 ∈[1:𝑁] , 1 being the most downstream echelon (end market), and N being the most 

upstream level in the supply chain. Table 6 provides a list and description of all parameters. 

VARIABLE DESCRIPTION UNIT 
�̂�𝑛 Desired inventory coverage of stage 𝑛 Weeks 

�̂�𝑛 Desired delivery rate of stage 𝑛 Units/week 

�̂�𝑛 Desired inventory level of stage 𝑛 Units 

𝑆�̂�𝑛 Desired supply line size of stage 𝑛 Units 

�̂�𝑛 Desired work-in-process level of stage 𝑛 Units 

𝐴𝑛 Product arrival rate of stage 𝑛 Units/week 

𝐵𝑛 Total order backlog of stage 𝑛 Units 

𝐷𝑛 Delivery rate of stage 𝑛 Units/week 

𝐹𝑛 Sales forecast of stage 𝑛 Units/week 

𝐿𝑛 Total lead time of incoming products from stage 𝑛+1 Weeks 

𝑂𝑛 Orders placed by stage 𝑛 Units/week 

𝑂𝑛(𝑆) Inventory adjustment of stage 𝑛 Units/week 
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𝑂𝑛(𝑆𝐿) Supply line adjustment of stage 𝑛 Units/week 

𝑂𝑛(𝑊) Work-in-process adjustment of stage 𝑛 Units/week 

𝑃𝑛 Production rate of stage 𝑛 Units/week 

𝑅𝑛 Delivery ratio of stage 𝑛 Dmnl 

𝑆𝐿𝑛 Supply line of stage 𝑛 Units 

𝑆𝑛 Inventory of stage 𝑛 Units 

𝑊𝑛 Work-in-process stock of stage 𝑛 Units 

𝜃𝑛.𝑚 Volume share of product which goes from echelon stage 𝑛 to 
stage 𝑛−1 

Dmnl3 

𝜏𝑛(𝐷) Delivery delay of stage 𝑛 Weeks 

𝜏𝑛(𝐹) Forecast adjustment time of stage 𝑛 Weeks 

𝜏𝑛(𝐼) Order fulfil time of stage 𝑛 Weeks 

𝜏𝑛(𝑃) Production time of stage 𝑛 Weeks 
𝜏𝑛(𝑆) Inventory adjustment time of stage 𝑛 Weeks 

𝜏𝑛(𝑆𝐿) Supply line adjustment time of stage 𝑛 Weeks 

𝜏𝑛(𝑇) Transport time to ship product from stage 𝑛+1 to 𝑛 Weeks 

𝜏𝑛(𝑊) Work-in-process adjustment time of stage 𝑛 Weeks 

𝑀𝑎𝑥(𝐷𝑛) Maximum delivery rate of stage 𝑛 Units/week 
Table 6: Description of the Single Echelon model parameters 

Forecasting and ordering sector 

The forecasting sector maintains a sales forecast by accumulating the differences between the 
incoming customer demand (𝑂𝑛−1) and the previous forecast (𝐹𝑛). When demand exceeds the 
forecast, the forecast is increased. In case demand is lower than forecasted, the sales forecast is 
decreased. To allow for a smoothing of the forecast, the differences are divided by the forecast 
adjustment time (𝜏𝑛(𝐹)), i.e. the average time between two forecast adjustments.  

(
𝑑

𝑑𝑡
) 𝐹𝑛 =

𝑂𝑛−1 − 𝐹𝑛

𝜏𝑛(𝐹)
                                                                  (1) 

At some installation levels the supply chain diverges and there are multiple incoming demand 

and outgoing delivery streams. In these cases incoming demand from downstream installations 

is normalized using a splitting factor because the model is calibrated against normalized demand 

data. All product split values of one installation level sum up to 1.  

𝑂𝑛−1 = ∑ 𝜃𝑛.𝑚 ∗ 𝑂𝑛−1.𝑚

𝑚

                                                            (2) 

The forecast 𝐹𝑛 multiplied with the desired inventory coverage �̂�𝑛 results in the desired inventory 

level �̂�𝑛.  

�̂�𝑛 = 𝐹𝑛 ∗ �̂�𝑛                                                                           (3) 

Material orders are based on an anchor and adjustment heuristic (Tversky & Kahneman, 1974) 

in which the sales forecast acts as the anchor and adjustment are a result of the difference 

between actual and target stock, production and supply line levels. The current stock level 𝑆𝑛 is 

compared to the desired inventory level and the difference is divided by the inventory adjustment 

time  𝜏𝑛(𝑆) to determine the inventory adjustment orders 𝑂𝑛(𝑆). The inventory adjustment time 

                                                             
3 Dmnl stands for “dimensionless” and is Vensim syntax to describe an auxiliary variable which does not 
have a unit.  
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(𝜏𝑛(𝑆)), work-in-process adjustment time (𝜏𝑛(𝑊)), and supply line adjustment time (𝜏𝑛(𝑆𝐿)) 

represent the time allowed for the inventories to reach the desired levels. These adjustment times 

account for the behavioral aspect of order generation: short adjusting times imply nervous buying 

behavior while long times are equivalent to a smooth ordering strategy. 

𝑂𝑛(𝑆) =
�̂�𝑛 − 𝑆𝑛

𝜏𝑛(𝑆)
                                                                    (4) 

The desired supply line 𝑆�̂�𝑛 is calculated by the multiplication of the current forecast  𝐹𝑛 and the 

total lead time 𝐿𝑛, the time that it takes to produce and ship one unit of product from the upstream 

echelon n + 1. 

𝑆�̂�𝑛 = 𝐹𝑛 ∗ 𝐿𝑛                                                                          (5) 

The desired supply line value is compared to the actual supply line value and the difference is 

expressed in the supply line adjustment orders 𝑂𝑛(𝑆𝐿).  Adjustment orders are generated to close 

the gap between the actual values of on-hand and supply line inventories and their desired levels.  

𝑂𝑛(𝑆𝐿) =
𝑆�̂�𝑛 − 𝑆𝐿𝑛

𝜏𝑛(𝑆𝐿)
                                                             (6) 

 

In a similar manner to supply line and inventory adjustment, the work-in-process adjustment 

orders 𝑂𝑛(𝑊) are modeled. The desired work-in-process stock �̂�𝑛 is the product of the forecast 

𝐹𝑛 and production time 𝜏𝑛(𝑃).  

�̂�𝑛 = 𝐹𝑛 ∗ 𝜏𝑛(𝑃)                                                                    (7) 

To calculate the work-in-process adjustment orders 𝑂𝑛(𝑊), the difference between the desired 

and actual work-in-process 𝑊𝑛 is divided by the work-in-process adjustment time 𝜏𝑛(𝑊).  

𝑂𝑛(𝑊) =
�̂�𝑛 − 𝑊𝑛

𝜏𝑛(𝑊)
                                                                (8) 

All adjustments can be interpreted as individual orders. Combined with the forecast they result 

in the total orders 𝑂𝑛 of installation level 𝑛 to installation level 𝑛 + 1. Note that the individual 

orders can become negative while the minimum total order size is zero. 

𝑂𝑛 = 𝑚𝑎𝑥 {0, 𝐹𝑛 + 𝑂𝑛(𝑆) + 𝑂𝑛(𝑊) + 𝑂𝑛(𝑆𝐿)}                                      (9) 

Production sector 

The production sector models the flow of material throughout an installation level. The material 

arrival rate 𝐴𝑛 equals the delivery rate of the upstream installation level 𝐷𝑛+1 with a fixed 

delivery delay of transportation time 𝜏𝑛(𝑇).  

𝐴𝑛
𝑡 =  𝐷𝑛+1

𝑡−𝜏𝑛(𝑇)
                                                                             (10) 
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The total lead time of incoming products from the upstream installation level 𝐿𝑛 is the sum of the 

transport time 𝜏𝑛(𝑇) to ship products from the producing installation level 𝑛 + 1 to the receiving 

installation level 𝑛, the delivery delay of the product 𝜏𝑛+1(𝐷) and its production time 𝜏𝑛+1(𝑃). 

𝐿𝑛 =  𝜏𝑛(𝑇) + 𝜏𝑛+1(𝐷) + 𝜏𝑛+1(𝑃)                                             (11) 

The supply line 𝑆𝐿𝑛 is the cumulative difference between orders placed (𝑂𝑛) and orders received 

(𝐴𝑛). The notation 𝑑/𝑑𝑡 describes the change in a stock variable4 per time step 𝑡 and is common 

in System Dynamics to describe the in- and outflow of a stock variable. 

(
𝑑

𝑑𝑡
) 𝑆𝐿𝑛 = 𝑂𝑛 − 𝐴𝑛                                                                 (12) 

Incoming material is first stored as work-in-process 𝑊𝑛. It represents the materials which is 

currently in production and is modeled as the integral of the difference between the product 

arrival rate (𝐴𝑛) and the production rate (𝑃𝑛) over time. 

(
𝑑

𝑑𝑡
) 𝑊𝑛 = 𝐴𝑛 − 𝑃𝑛                                                                 (13) 

The production rate 𝑃𝑛 describes the production output of installation level n and is based on the 

size of the WIP stock 𝑊𝑛 and the fixed production time 𝜏𝑛(𝑃). Production time is assumed to be 

deterministic and independent of the utilization rate, a reasonable assumption for the upstream 

process industry.  

𝑃𝑛 =
𝑊𝑛

𝜏𝑛(𝑃)
                                                                         (14) 

The inventory of installation level n, 𝑆𝑛, represents the finished goods inventory. It is modeled as 

the integral of production rate (𝑃𝑛) minus the delivery rate (𝐷𝑛) over time. 

(
𝑑

𝑑𝑡
) 𝑆𝑛 = 𝑃𝑛 − 𝐷𝑛                                                                 (15) 

Delivery sector 

In the delivery sector a backlog, modeled as an information stock, keeps track of incoming orders 

and deliveries. The backlog defined as the cumulative difference between the incoming customer 

order rate (𝑂𝑛−1) and the actual delivery rate (𝐷𝑛). A true backlog only exists if demand cannot 

be met. 

(
𝑑

𝑑𝑡
) 𝐵𝑛 = 𝑂𝑛−1 − 𝐷𝑛                                                             (16) 

The actual delivery rate 𝐷𝑛 is the rate at which products are being shipped to customers. To 

calculate 𝐷𝑛, the desired delivery rate �̂�𝑛 is multiplied with the delivery ratio 𝑅𝑛.  

𝐷𝑛 = �̂�𝑛 ∗ 𝑅𝑛                                                                    (17) 
 

                                                             
4 System Dynamics modeling is based on stocks and flows as its basic elements. Both elements are used to 
model the transport and storage of physical goods as well as of information, e.g. orders. 
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The desired delivery rate �̂�𝑛 is equal to the current backlog divided by the expected delivery delay 

𝜏𝑛(𝐷).  

�̂�𝑛 =
𝐵𝑛

𝜏𝑛(𝐷)
                                                                   (18) 

The delivery ratio 𝑅𝑛 is calculated as the proportion of outstanding orders that can be shipped 

from stock. 

𝑅𝑛 = min {1,
𝑚𝑎𝑥(𝐷)𝑛

�̂�𝑛

}                                                       (19) 

The maximum delivery rate of installation level n, max (𝐷)𝑛 depends on the ability of companies 

to physically prepare the products for shipment and is modelled as the minimum time to fill 

orders 𝜏𝑛(𝐼). 

𝑚𝑎𝑥(𝐷)𝑛 =
𝑆𝑛

𝜏𝑛(𝐼)
                                                            (20) 

In case finished goods stock levels are too low to satisfy all orders immediately the actual delivery 

rate is smaller than desired. If there is sufficient stock to satisfy all demand the actual delivery 

rate 𝐷𝑛 will equal the desired delivery rate. 

Alternatively, equations 17 to 20 can be combined and the order fulfilment rate can be defined 
as: 
 

𝐷𝑛 = min { 
𝐵𝑛

𝜏𝑛(𝐷)
,

𝑆𝑛

𝜏𝑛(𝐼)
}                                                     (21) 

 

Trader and Distributor behavior 

Traders and Distributors act as third parties in a supply chain by buying material from echelon n 

when the expectation of the price is low and selling the same material to echelon n-1 when the 

expectation of the price is high (Stuijts, 2014). This is modeled by introducing a second exogenous 

input into the model namely: price. It is based on the forward buying principle: Resin Traders 

increase their desired inventory level (buy) when the price is expected to be low compared to the 

normal price, and decrease their desired inventory (sell) when the price is high compared to the 

normal price. Finished goods Distributors operate in a similar manner by importing finished 

goods at low prices and selling them with a price markup. 

Traders and Distributors are added to the model as a new installation levels that are located in 

between two existing ones. Their buying behavior is incorporated in the model by adding a 

speculation factor (SF) to formula (3): 

�̂�𝑛 = 𝐹𝑛 ∗ �̂�𝑛 ∗ SF =  𝐹𝑛 ∗ �̂�𝑛 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑                                                                         (22) 

The speculation factor is a variable based on the first and second derivative of price (Table 7). 

The price trend changes continuously and therefore in practice it is very rare to observe a time 

instant in which the second derivative is equal to zero. For theoretical modelling reasons the 

variable “speculation else” is included to cover this case (Stuijts, 2014). 
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𝐷

𝐷𝑇
(𝑃𝑅𝐼𝐶𝐸) 

=0 Speculation 
factor 1 

Speculation else Speculation 
factor 2 

 

>0 Speculation 
factor 3 

Speculation else Speculation 
factor 4 

<0 Speculation 
factor 5 

Speculation else Speculation 
factor 6 

 <0 =0 >0 
(

𝐷

𝐷𝑇
)

2

(𝑃𝑅𝐼𝐶𝐸) 

Table 7: Speculation factor 

If the first derivative is zero price reaches a peak or through. To determine which of the two the 

sign of the second derivative is inspected. If the second derivative is greater than zero price 

reached a trough. At this moment in time the speculation factor variable will be high: Future 

prices will rise and traders will use a pre-buy strategy at that moment, hence their desired 

inventory coverage is high. If the second derivative is smaller than zero, price reaches a peak. 

Future prices will go down and traders will apply the delayed-buying strategy. So, at the moment 

when prices reach a peak, traders constitute a low desired inventory coverage. 

6.1.2 Single Firm Market Share and Profit model 

The split between industry demand and single firm demand is added to the model at the most 

upstream stage of the Plastic Supply Chain – the Polymer Producers stage.   

Single firm demand is modeled as the product of the industry demand and the focal firm’s market 

share. The market share changes dynamically based on the firm’s pricing strategy. Furthermore 

the in-ability to supply customers due to production outages lowers sales and thus market share. 

Similarly, production outages at competing firms lead to a temporary increase in market share. 

The Single Firm Market Share and Profit model extends the industry demand model, but it is also 

able to function without it. In that case industry demand data needs to be supplied as an external 

model input instead of forecasting it with the industry demand model. 

Market share calculation 

The dynamic market share calculation comprises three elements: i) a price markup factor, ii) an 

outages factor, iii) weights for both factors that adjust dynamically depending on the current 

market configuration. The price markup and outages factor are divided by normalization 

constants to make both factors comparable in the final market share calculation. 

The price markup of a single firm’s price setting compared to the market price is expressed as a 

rebate: 

𝑃𝑟𝑖𝑐𝑒 𝑀𝑎𝑟𝑘𝑢𝑝 =
(

 𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑖𝑐𝑒
𝑓𝑖𝑟𝑚′𝑠 𝑝𝑟𝑖𝑐𝑒 ) − 1

𝑝𝑟𝑖𝑐𝑒 𝑚𝑎𝑟𝑘𝑢𝑝 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡
                                                         (23) 

To quantify the influence of production outages on a single firm’s market share, we compare the 

operating rate of the focal firm with the average operating rate of its competitors of the current 

as well as the previous four months and calculate the difference: 
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𝐷𝑒𝑙𝑡𝑎 𝑂𝑢𝑡𝑎𝑔𝑒𝑠 = 

(
∑ (1 − 𝑂𝑅 𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑡) ∗ 𝑤𝑂𝑅𝑡

𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑡
𝑡−4

 𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟
) − (

∑ (1 − 𝑂𝑅 𝑓𝑖𝑟𝑚𝑡) ∗ 𝑤𝑂𝑅𝑡
𝑓𝑖𝑟𝑚𝑡

𝑡−4

𝑓𝑖𝑟𝑚 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟
)

𝐷𝑒𝑙𝑡𝑎 𝑂𝑢𝑡𝑎𝑔𝑒𝑠 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡
     (24) 

While the impact of competitors’ production outages on a single firm with respect to market share 

is high in terms when the market is short, i.e. demand exceeds supply, it is almost negligible when 

the market is long. Contrary to the impact of outages, the price setting of Polymer Producers 

becomes the only lever in the commodity business when the market is long. In a short market 

customers are willing to pay higher prices in order to prevent production starving. To capture the 

varying influence of the two factors with respect to the current market configuration, we 

implement a dynamic weight calculation based on the market configuration. The rebate of the 

spot price over the contract price is used as a proxy to determine the current market 

configuration. When the market is short the difference between the contract price and the spot 

price decreases as spot prices rise faster than contract prices. In rare cases the spot price might 

even surpass the contract price. 

The Spot Price Rebate is defined as the difference between the spot price and the contract price 

and expressed in percentage points. 

𝑆𝑝𝑜𝑡 𝑃𝑟𝑖𝑐𝑒 𝑅𝑒𝑏𝑎𝑡𝑒 = (
𝑃𝑜𝑙𝑦𝑚𝑒𝑟 𝑆𝑝𝑜𝑡 𝑃𝑟𝑖𝑐𝑒

𝑃𝑜𝑙𝑦𝑚𝑒𝑟 𝐶𝑜𝑛𝑡𝑟𝑎𝑐𝑡 𝑃𝑟𝑖𝑐𝑒
− 1 ) ∗ 100               (25) 

To calculate the dynamic weights we use a modified logistic function5 to determine the weight of 

the delta Outages factor 𝑤𝑜. 𝛼 is defined as the threshold value below which the market is 

considered long and the weight converges to its minimum value. 𝛽 is the threshold value above 

which the market is considered short and the weight converges to its maximum value. The 

standard logistic function takes values between zero and one. We parameterize the upper limit 

𝑤𝑜 𝑚𝑎𝑥 as well as the lower limit 𝑤𝑜 𝑚𝑖𝑛 so that the influence of outages can be adjusted. The 

weight of the price markup factor follows intuitively.  

  

𝑤𝑜 =  (
𝑤𝑜 𝑚𝑎𝑥 − 𝑤𝑜 𝑚𝑖𝑛

1 + 𝑒−(𝑟𝑒𝑏𝑎𝑡𝑒 𝑆𝑝𝑜𝑡 𝑃𝑟𝑖𝑐𝑒−
𝛼+𝛽

2
)
) + 𝑤𝑜 𝑚𝑖𝑛                                            (26) 

𝑤𝑝 = 1 − 𝑤𝑜                                                                                                           (27) 

In the final market share calculation the two factors are multiplied with their respective weights. 

Additionally, we add a constant 𝑞 to the equation to account for a stable amount of market share 

that results from contract sales, historic customer relationships and customer preferences due to 

superior material features. This is not opposing the idea of the commodity characteristic but 

rather complementing it by accounting for a non-perfect commodity market within the model. 

𝑀𝑆 = 𝑤𝑜 ∗ 𝐷𝑒𝑙𝑡𝑎 𝑂𝑢𝑡𝑎𝑔𝑒𝑠 + 𝑤𝑝 ∗ 𝑃𝑟𝑖𝑐𝑒 𝑀𝑎𝑟𝑘𝑢𝑝 + 𝑞                              (28) 

                                                             
5 The logistic function is a special case of the sigmoid function which is commonly used in science to model 
learning curves, cumulative distributions, population growth etc. 
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Profit calculation 

The profit calculation is based on forecasted demand, market share, price setting and per unit 

cost parameters. In order to identify factors that significantly impact profitability at upstream 

Polymer producers, production and logistic cost parameters for all HDPE-Unimodal grades from 

2010-2014 at SABIC are analyzed. Our analysis focusses on variability expressed by the 

Coefficient of Variation (CoV), i.e. the ratio of the standard deviation to the mean, and the impact 

of a single cost parameter on total cost expressed in percent. We use the results of both indicators 

per cost parameter to determine whether a cost parameter is modelled as a constant or variable 

cost factor within our model. Table 8 reports the results of our analysis expressed in weighted 

averages with respect to the production volume of the different grades comprised in the HDPE-

Unimodal portfolio.  

 Discount 
 

𝑪𝒅 

Rebate 
 

𝑪𝒓 

Freight 
 

𝑪𝒇 

External 
logistics 

𝑪𝒆𝒍 

Variable 
production 

𝑪𝒗𝒑 

Fixed 
production 

𝑪𝑓𝒑 

Fixed 
sales 

𝑪𝑺 

CoV 
2010-14 

0.148 0.224 0.031 1.091 0.117 0.142 0.259 

CoV 
2014 

0.057 0.209 0.059 0.147 0.0548 0.004 0.201 

Impact 
2010-14 

1.15% 1.45% 3.11% 0.16% 84.37% 7.72% 2.04% 

Impact 
2014 

0.97% 1.39% 2.98% 0.31% 85.99% 6.97% 1.40% 

Table 8: Cost analysis for HDPE-Unimodal grades 

The results of the analysis show that variable and fixed production cost together account for more 

than 90% of the total cost. With the exception of freight cost, all other cost parameters contribute 

less than 2% to the total cost. In general most cost parameters show little variation, especially 

over a twelve months’ time horizon.   

Based on this analysis we decide to model all cost parameters except variable production cost as 

constant cost per unit sold in the System Dynamics model. The values of the constants can be 

adjusted to the time frame in which the model is used, but they do not vary over time in the model 

calculations. We argue that this simplification is reasonable due to the low impact of the cost 

parameters and in the case of the fixed production cost due to its very low variation over time. 

Variable production cost consist of Ethylene feedstock cost and a fixed amount of cost for 

additives and utilities. Because the Ethylene feedstock cost make up over 95% of the variable 

production cost, we use the Ethylene market price as a proxy for the variable production cost. 

In the final profit calculation all cost parameters per unit are subtracted from the sales price to 

calculate the profit contribution margin per unit sold and then multiplied with the sales volume 

for the single company. The integral over time yields the cumulative profit over the simulated 

time period. 

(
𝑑

𝑑𝑡
) 𝑃𝑟𝑜𝑓𝑖𝑡 =  𝑂𝑛−1 ∗ 𝑀𝑆 ∗ (𝑆𝑎𝑙𝑒𝑠 𝑃𝑟𝑖𝑐𝑒 − 𝐶2 𝑃𝑟𝑖𝑐𝑒 − (𝐶𝑑 + 𝐶𝑟 + 𝐶𝑓 + 𝐶𝑒𝑙 + 𝐶𝑓𝑝 + 𝐶𝑆))(29) 
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6.1.3 Input data 

The entire model uses three exogenous inputs: i) end-market demand, ii) price, iii) operating 

rates of the focal firm and competitors. As a proxy for end-market demand, we use monthly EU27 

industry sales and manufacturing indices that are publically available in the Eurostat databases. 

We specifically use the following economic indicators to cover as many application areas for 

HDPE as possible: 

 G47 Food: Retail sales of food, beverages and tobacco 

 G47 NFOOD X G473: Retail sales of non-food products excluding fuel 

 G451: Sales of motor vehicles 

 F CC2: Civil engineering 

 C204: Manufacture of soap and detergents 

 C2222: Manufacture of plastic packaging goods 

All economic indicators are calendar and seasonal adjusted time series which are indexed to 2010 

(2010=100) and reported on a monthly basis. Because the System Dynamics model is designed 

on a weekly basis to allow for enough granularity, the time series are transformed into weekly 

data by means of a cubic spline interpolation. This approach has proven successful in previous 

studies and is reasonable in a continuous production environment. 

Prices are absolute weekly prices as reported by ICIS in the time series Polyethylene Blow molding 

Domestic FD EU mid. In the market share and profit model, we furthermore use Polyethylene blow 

molding Spot EU mid, Ethylene contract price and the SABIC HDPE sales price. All prices are 

expressed in €/MT. 

Operating rates are calculated by dividing the sum of the reported monthly production output of 

all major HDPE producers in Europe by the sum of the calendar adjusted nominal production 

capacities. 

6.2 Model verification and validation 
Model verification was continuously carried out while building the model by discussing the 

structural components with subject matter experts and basing the choice of included variables 

on the results of the statistical analysis (see 5.4) and previous research (see 3.1 and 3.2). 

Furthermore calculations were tested individually to verify correct behavior. To validate the 

model, we calibrate the model against historic demand and investigate the visual and statistical 

fit of the model forecast. A sensitivity analysis based on the calibrated values is carried out to 

further explore the model behavior to parameter changes. 

Because the industry demand model is an adaptation of the System Dynamics model by Stuijts 

(2014), we focus our model testing, e.g. the sensitivity analysis, on the newly added market share 

and Profit calculation add-on. For extensive testing, verification and validation of the industry 

demand model, we refer the reader to Stuijts (2014) and Holten (2015) who validated the model 

for different product portfolios and hence proved its generalizability. 

6.2.1 Model calibration and fit 

Model calibration is the process of estimating parameters of model constants to obtain a fit 

between modeled and observed behavior (Oilva, 2003). To conduct this step, we use the internal 

calibration functionality of the Vensim software package. A Powell-Brent algorithm calculates the 
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cumulative sum of squared error between the forecast and historic data and determines the 

combination of parameters that minimizes this error. To prevent overfitting, realistic lower and 

upper bounds per variable are set which are based on expert interviews, historic data and 

previous research. To avoid the trap of local minima, the algorithm restarts continuously with 

random initial start values between the lower and upper bound. 

6.2.1.1 Industry demand calculation 

To calibrate the industry demand model, historical industry demand is compared to modeled 

industry demand. Holten (2015) identified a calibration horizon of thirteen month to be optimal, 

hence we decide to calibrate our model from January 2015 to February 2016. We later use the 

calibrated model to forecast March, April and May 2016. 

Within the industry model, parameters can be distinguished into operational and behavioral 

parameters. Operational parameters, e.g. lead times and production times, are measurable and 

can be derived from data. Behavioral parameters represent implicit or explicit managerial 

decisions and relationships between internal model variables (e.g. inventory adjustment times). 

Table 9 provides an overview of the calibrated operational parameters for Polymer producers 

(4), Resin traders (3.5), Converters (3) and Distributors (2).  

Parameter Value Lower 
bound 

Upper 
bound 

 Parameter Value Lower 
bound 

Upper 
bound 

𝝉𝟒(𝑫) 0.88 0.25 1  𝝉𝟑(𝑫) 0.89 0.75 1.25 
𝝉𝟒(𝑰) 0.27 0.25 0.75  𝝉𝟑(𝑰) 1.00 0.75 1.25 
𝝉𝟒(𝑷) 3.32 2 4  𝝉𝟑(𝑷) 2.49 1.5 2.5 
𝝉𝟒(𝑻) 1.24 0.75 1.25  𝝉𝟑 𝒕𝒓𝒂𝒅𝒆𝒓(𝑻) 0.23 0.2 1.2 

�̂�𝟒 6 3 6  𝝉𝟑 𝒑𝒓𝒐𝒅𝒖𝒄𝒆𝒓(𝑻) 1.00 0.2 1.2 

𝝉𝟑.𝟓(𝑫) 1.16 0.75 1.25  �̂�𝟑 6 1 6 

𝝉𝟑.𝟓(𝑰) 1.16 0.75 1.25  𝝉𝟐(𝑫) 1.24 0.75 1.25 
𝝉𝟑.𝟓(𝑷) 0.02 0 2.5  𝝉𝟐(𝑰) 0.90 0.75 1.25 
𝝉𝟑.𝟓(𝑻) 0.76 0.2 1.2  𝝉𝟐(𝑷) 0.5 0 2.5 

�̂�𝟑.𝟓 12* - -  𝝉𝟐(𝑻) 1.19 0.2 1.2 

     �̂�𝟐 12* - - 

Table 9: Operational parameters for installation levels 2-4 

Table 10 shows the calibrated behavioral parameters. For a complete list of all parameters for all 

stages in the supply chain we refer the reader to Table 20 in Appendix D. 

Parameter Value Lower 
bound 

Upper 
bound 

 Parameter Value Lower 
bound 

Upper 
bound 

𝝉𝟒(𝑭) 5.15 5 15  𝝉𝟑(𝐹) 5.24 5 25 
𝝉𝟒(𝑺) 5.00 5 15  𝝉𝟑(𝑆) 5.00 5 15 

𝝉𝟒(𝑺𝑳) 1229 750 1250  𝝉𝟑(𝑆𝐿) 1249 750 1250 
𝝉𝟒(𝑾) 1239 750 1250  𝝉𝟑(𝑊) 1224 750 1250 
𝝉𝟑.𝟓(𝑭) 5.00 5 15  𝝉𝟐(𝐹) 75.55 75 125 
𝝉𝟑.𝟓(𝑺) 1.80 1 10  𝝉𝟐(𝑆) 6.83 1 10 

𝝉𝟑.𝟓(𝑺𝑳) 5.52 5 25  𝝉𝟐(𝑆𝐿) 5.01 5 25 
𝝉𝟑.𝟓(𝑾) 518 250 750  𝝉𝟐(𝑊) 250.1 250 750 

Table 10: Behavioral parameters for installation levels 2-4 

Only very few operational and behavioral parameters take a boundary value during model 

calibration, indicating a correct model structure and behavior. Among the operational 
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parameters, the desired inventory coverages for the Polymer Producer stage and Converter stage 

of the Supply Chain pursue their upper boundary value, indicating that a higher desired stock 

level for these stages would increase the model fit. Since operational parameter boundaries are 

based on real industry data, we do not change the calibration boundaries as this would not depict 

reality. Behavioral parameter boundaries are based on expert interviews, literature review and 

previous research. To prevent overfitting we also do not adjust the calibration boundaries of 

those behavioral parameters that take values on the upper or lower bound, e.g. the inventory 

adjustment time of Polymer Producers and Converters. If we were to enable faster inventory or 

forecasting adjustment times these stages in the supply chain would re-act faster to changes in 

customer demand. However, experts stressed the fact that large corporation are not as agile as 

Traders or Distributors due their size, organizational structure and business model. 

Next we assess the visual and statistical model fit. Figure 19 depicts two HDPE industry demand 

curves, the historical demand (blue) and the modeled demand (red). Weeks 423-479 mark the 

calibration period, weeks 480-492 the forecast period. We observe a good visual fit over the 

entire simulation period. The fit is especially good between weeks 430-445. Between weeks 467-

479 the fit worsens which results in an overshoot between weeks 480-485 and a subsequent 

undershoot. However, the total statistical fit over the calibration and forecasting horizon remains 

very high. The R2 is 0.87. 

 

Figure 19: Realized and predicted industry demand 

Additional performance measures in Table 11 confirm the good model fit. To understand the 

sources of error, it is important to investigate Theil’s inequality statistics (Theil, 1966), which 

decomposes the error in three parts: The bias reports different means of the model, the unequal 

variation indicates that the variance of both series differ and the unequal covariation represents 

imperfect correlation due to differences “point by point” (Sterman, 2000, p. 875). All three values 

always sum up to one. Low values of MAPE in combination with an error concentrated in the 

unequal covariation 𝑈𝐶  indicate a non-systematic error and structural validity of the model. 
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Metric Definition Formula Value 
𝑹² Variance explained 

(
1

𝑛
∑

(𝑋𝑑 − 𝑋𝑑
̅̅̅̅ )(𝑋𝑚 − 𝑋𝑚

̅̅ ̅̅ )

𝑠𝑑𝑠𝑚
)

2

 
0.8661 

𝑴𝑨𝑷𝑬 Mean abslute 
percent error 

1

𝑛
∑

|𝑋𝑚 − 𝑋𝑑|

𝑋𝑑
  

0.0207 

𝑹𝑴𝑺𝑬 Root Mean Square 
Error √

1

𝑛
∑(𝑋𝑚 − 𝑋𝑑)2 

2.8778 

Theil’s Inequality Statistics 

𝑼𝑴 bias 
𝑈𝑀 =

(𝑋𝑚
̅̅ ̅̅ − 𝑋𝑑

̅̅̅̅ )2

𝑀𝑆𝐸
 

0.0002 

𝑼𝑺 unequal variation 
𝑈𝑆 =

(𝑠𝑚 − 𝑠𝑑)2

𝑀𝑆𝐸
 

0.0748 

𝑼𝑪 unequal 
covariation 𝑈𝐶 =

2(1 − √𝑅2)𝑠𝑚𝑠𝑑

𝑀𝑆𝐸
 

0.9249 

𝒅: observed data  𝒎: modelled data  𝑿: value  �̅�: mean  𝒔: standard deviation 
Table 11: Performance measures for the industry demand model 

Based on the good model fit of the industry demand model, we now partially accept Hypothesis 

1A as the model proves a positive effect of end-market demand on HDPE industry demand, not 

specifically on SABIC demand. 

6.2.1.2 Market share and profit calculation 

Within the market share and profit model, only the market share calculation requires calibration. 

The profit calculation is solely based on exogenous cost parameters. 

To calibrate the market share calculation, historic market share data is compared to the market 

share the model predicts. Table 12 shows the calibrated parameters for a six months calibration 

period from beginning of September 2015 (week 455) to end of February 2016 (week 479). The 

calibration process yields realistic parameter settings and none of the parameters is set to its 

boundary value. The model sets the dynamic weights so that the market is balanced between Spot 

Price rebates from -10.13% to -2.00%. Since the historic spot price rebate was at -9.28% in 

September 2015, -6.23% in November 2015 and -13.24% in February 2016, the model 

characterizes the calibration period as a period that is “balanced to long”. This is in line with how 

Business Management and Market Intelligence at SABIC describe the respective period. Upon 

inspection of the normalization factors, we observe that the model chooses a higher influence for 

outages compared to price. Outages at SABIC receive almost the same weight as outages at the 

competition. While both normalization factors are equal the influence of the outages at SABIC in 

month t-1 (0.48) is significantly higher than at the competition (0.07). Furthermore we observe 

that the general influence of outages is highest for a two-month lag. 

Parameter Value lower bound upper 
bound 

𝒒 0.12 0.09 0.13 
𝜶 -10.13 -15 -10 
𝜷 -2 -5 0 

𝒅𝒆𝒍𝒕𝒂 𝒐𝒖𝒕𝒂𝒈𝒆𝒔 𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒂𝒕𝒊𝒐𝒏 𝒄𝒐𝒏𝒔𝒕𝒂𝒏𝒕 2.50 0.1 10 

𝒑𝒓𝒊𝒄𝒆 𝒎𝒂𝒓𝒌𝒖𝒑 𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒂𝒕𝒊𝒐𝒏 𝒄𝒐𝒏𝒔𝒕𝒂𝒏𝒕 9.98 0.1 10 
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𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒂𝒕𝒊𝒐𝒏 𝒇𝒂𝒄𝒕𝒐𝒓 𝑶𝑹 𝒄𝒐𝒎𝒑𝒆𝒕𝒊𝒕𝒊𝒐𝒏 1 0.1 10 

𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒂𝒕𝒊𝒐𝒏 𝒇𝒂𝒄𝒕𝒐𝒓 𝑶𝑹 𝑺𝑨𝑩𝑰𝑪 1 0.1 10 

𝒘𝒐 𝒎𝒂𝒙 0.90 0.51 1 

𝒘𝒐 𝒎𝒊𝒏 0.27 0 0.49 

𝑶𝑹 − 𝑺𝑨𝑩𝑰𝑪𝒐 0.22 0 1 

𝑶𝑹 − 𝑺𝑨𝑩𝑰𝑪−𝟏 0.48 0 1 

𝑶𝑹 − 𝑺𝑨𝑩𝑰𝑪−𝟐 0.93 0 1 

𝑶𝑹 − 𝑺𝑨𝑩𝑰𝑪−𝟑 0.00 0 1 

𝑶𝑹 − 𝑺𝑨𝑩𝑰𝑪−𝟒 0.50 0 1 

𝑶𝑹 − 𝑪𝒐𝒎𝒑𝒆𝒕𝒊𝒕𝒊𝒐𝒏𝒐 0.24 0 1 

𝑶𝑹 − 𝑪𝒐𝒎𝒑𝒆𝒕𝒊𝒕𝒊𝒐𝒏−𝟏 0.07 0 1 

𝑶𝑹 − 𝑪𝒐𝒎𝒑𝒆𝒕𝒊𝒕𝒊𝒐𝒏−𝟐 0.99 0 1 

𝑶𝑹 − 𝑪𝒐𝒎𝒑𝒆𝒕𝒊𝒕𝒊𝒐𝒏−𝟑 0.00 0 1 

𝑶𝑹 − 𝑪𝒐𝒎𝒑𝒆𝒕𝒊𝒕𝒊𝒐𝒏−𝟒 0.57 0 1 
Table 12: Market share model parameters for a calibration horizon from September 2015-February 2016 

The fit of the market share calculation over the calibration horizon yields an R2 of 0.9384. Theil’s 

inequality statistics reveal that the error is mostly accumulated in unequal covariation, thereby 

indicating a good model fit (Table 13).  

To investigate the impact of the calibration period length on the fit of the model, we extend the 

calibration horizon to twelve, twenty-four and thirty-six month (Table 13). The fit of the model 

declines the longer the length of the calibration period. However, even with a three year time 

horizon the model still yields a satisfactory fit with an R2 of 0.5916.  

Metric 6 months 12 months 24 months 36 months 

𝑹² 0.9384 0.84774 0.61633 0.59164 

𝑴𝑨𝑷𝑬 0.01486 0.01864 0.06038 0.06855 

𝑹𝑴𝑺𝑬 0.00167 0.00245 0.00767 0.00996 

𝑼𝑴 0.00103 0.00048 0.00887 0.00637 

𝑼𝑺 0.01111 0.12839 0.31908 0.30776 

𝑼𝑪 0.98786 0.87113 0.67205 0.68586 

Table 13: Performance of the market share model for different calibration horizons 

When investigating the error composition we denote that the unequal variation error increases 

with the calibration period length. This indicates that while the model works well on a six to 

twelve month horizon it does not capture all dynamics underlying the market share over a two 

or three year horizon. Within the short-term oriented Petrochemical Industry there exist many 

additional factors that possibly affect a firm’s market share, such as contract sales (see 2.5.1), 

intangible factors such as rumors and last but not least irrationality in decision making. 

6.2.2 Sensitivity analysis 

We use Monte Carlo simulations to assess the model’s sensitivity towards parameter changes. 

Sets of parameters are changed one-by-one within their calibration boundaries following a 

random uniform distribution. We distinguish between sensitivity towards parameter changes 

related to the calculation of the delta outages factor (Figure 20, left column) and sensitivity 

towards parameter changes in the dynamic weight calculation (Figure 20, right column). 
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Figure 20: Market share calculation sensitivity towards outage related parameters (left) and dynamic 
weight parameters (right) 

The left column of Figure 20 decomposes market share sensitivity towards the calculation of the 

delta outages factor (top graph) into changes with respect to SABIC’s operating rate (middle 

graph) and changes with respect to the operating rate of Competitors (lower graph). We note that 

the market share calculation is equally sensitive towards changes in both SABIC’s and 

Competition’s operating rate and that in general changes in the operating rate parameters have a 

significant impact on the outcome of the model. The higher the weights of SABIC’s outages 

(𝑂𝑅 − 𝑆𝐴𝐵𝐼𝐶𝑡) the lower the forecasted market share. Vice versa, the higher the weights of 

outages at competitors (𝑂𝑅 − 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡) the higher the forecasted market share. We 

expected this sensitivity of the market share calculation towards changes in the delta outages 

factor because the market configuration during the calibration period September 2015 – 

February 2016 can be characterized as balanced and hence outages significantly impact a 

company’s supply position and therefore its sales volume.  

The right column of Figure 20 depicts the model’s sensitivity towards parameter changes in the 

dynamic weight calculation (top graph). The middle graph shows the influence of changes in   

𝛼 and 𝛽, the threshold values between which the market is balanced and the weight calculation 

takes a linear relationship with respect to the Spot Price Rebate. If 𝛼 increases the weight of the 

outages factor decreases. If 𝛽 increases, the weight of the outages factor decreases as well. The 

lower graph visualizes the influence of changes in 𝑤𝑜 𝑚𝑖𝑛 and 𝑤𝑜 𝑚𝑎𝑥, i.e. the range of influence 

the weight of delta outages can take. The larger the range, the larger the oscillation around the 

constant market share. Clearly, the model is sensitive towards changes within the dynamic weight 

calculation; the majority of this sensitivity can be attributed to the scaling of the weights. 
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However, the overall sensitivity towards changes in the weight calculation is smaller than the 

sensitivity towards changes in the Operating Rates parameters. 

Overall the model shows a slight tendency to under-estimate the true market share with respect 

to the results of the sensitivity analysis. Yet, all confidence boundaries, including the 95% 

confidence interval, remain within realistic ranges of possible market share values for SABIC.  

6.2.3 Forecasting results 

As the model is intended to be used as for forecasting, we compare the forecasting accuracy of the 

model for three different forecasting horizons: 1 month, 2 months and 3 months. We chose the 

original six months calibration period from September 2015 to February 2016 (week 455-479) 

and let the model forecast SABIC’s market share development for March (week 479-483), April 

(week 483-487) and May 2016 (week 487-492). Figure 21 visualizes the market share prediction 

in blue and the actual market share realization in red. The second diagram in Figure 216 plots the 

development of the price markup (green) and outages factor (red) as well as the dynamic weight 

of the outages factor (blue) and the Spot Price Rebate (grey). An increase in both, the outages 

factor and price markup, induce an increase in market share holding all other variables constant. 

 

Figure 21: 3 months market share forecast based on a 6 months calibration period 

                                                             
6 Within the second diagram the scaling differs per variable. The scaling values on the vertical axis are 
reported in the same order as the legend of the diagram. 
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When inspecting the visual fit of the forecasted period, we observe that the forecast error 

increases with the forecast horizon length. While the forecast for March (week 480-483) is quite 

accurate and the model correctly forecast a turning point in market share growth and a 

subsequent decline, it forecasts a much lower market share for April (week 484-487) and May 

(week 488-492) then historic data shows. Upon inspection of the influencing factors we note that 

both the delta outages factor decreased as well as the price markup factor indicating that SABIC 

prices became more expensive compared to market prices and that Operating rates of the 

industry became larger than SABIC’s Operating rate. Together with an almost flat weighting curve 

due to only slide changes in the relationship between contract and spot prices, the model 

forecasts a significant drop in market share. 

Table 14 compares the performance statistics of the calibration period with the three different 

forecasting horizons. The accuracy of the model decreases only by 1.8 percentage points from its 

original fit when forecasting the upcoming month, the drop in performance for the additional 

forecasting of the subsequent month is 12.0 percentage points. From a two to a three months 

forecast horizon the performance drops by 50.4 percentage points. Figure 22 depicts the Mean 

Square Error development and shows that the error rises significantly from week 486 onwards 

(week 7 of the forecasting horizon). 

Metric Calibration 
period fit 

1 month 
forecast 

2 months 
forecast 

3 months 
forecast 

𝑹² 0.9384 0.92143 0.81012 0.40158 

𝑴𝑨𝑷𝑬 0.01486 0.01709 0.02193 0.04139 

𝑹𝑴𝑺𝑬 0.00167 0.00202 0.00306 0.00678 

𝑼𝑴 0.00103 0.04306 0.12349 0.22077 

𝑼𝑺 0.01111 0.09042 0.01895 0.04286 

𝑼𝑪 0.98786 0.86652 0.85756 0.73637 

Table 14: Performance statistics for different forecasting horizons 

 

Figure 22: Mean Square Error development 
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6.3 Dominant strategies in different market configurations 
The market share and profit model allows for scenario analysis with respect to the pricing 

strategy, i.e. the user can test different price settings and the model will calculate the resulting 

market share and profit, making the resulting scenarios directly comparable. The profit 

calculation is based on the cost parameter analysis in 6.1.2 and thus assumes a direct linear 

relationship between sales volume and cost. It does explicitly not take excessive inventory costs 

into account and can therefore only be used within realistic inventory targets. As inventory 

targets are omnipresent in SABIC’s S&OP process this simplification is reasonable. 

We make use of the scenario feature to determine dominant strategies in different market 

configurations by recalibrating the model to three distinct time horizons in the past: 1) Week 424-

445 2) Week 398-418 3) Week 333-354. Time horizon 1 marks a short, time horizon 2 a balanced 

and time horizon 3 a long market. Historical average prices from SABIC function as the base price 

over the entire time horizon. We investigate a 1%, 2% and 5% increase and decrease in price in 

the last month of each time horizon compared to the base price, i.e. the first weeks per scenario 

share the same base price and only the last four weeks per time horizon differ in price. Profits 

within a certain market situation can be compared in magnitude and relative increase or decrease 

compared to the base price. Profit changes within different market situation can only be 

compared in terms of relative increase or decrease with respect to the base price due to changing 

average price levels in different periods in time. Please note that due to confidentiality reasons 

absolute profit values in graphs do not show real absolute profits. 

 

6.3.1 Week 424-445: February-June 2015 – Short market 

In a short market, increasing the sales price leads to small declines in market share but an overall 

increase in profit due to higher margins per unit sold (Table 15). The total spread between 

resulting cumulative profits (Figure 23) is however small (10.14%). 

Price Market share Profit 
 

Absolute value Absolute 
change 

Relative 
change 

Absolute 
change 

Relative 
change 

-5% 11.76% 2.40% 25.64% -1994.26 -5.72% 

-2% 10.29% 0.94% 9.99% -739.90 -2.12% 

-1% 9.82% 0.46% 4.96% -360.67 -1.03% 

SABIC Price 9.36% 0.00% 0.00% 0.00 0.00% 

1% 8.90% -0.46% -4.86% 342.61 0.98% 

2% 8.45% -0.90% -9.65% 667.63 1.92% 

5% 7.15% -2.20% -23.54% 1541.89 4.42% 

Table 15: Scenario analysis results for a short market 
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Figure 23: Cumulative profit development for different prices in a short market 

A look at the impact of price changes on relative changes in market share shows that the 

sensitivity of the market share towards price increases is relatively low in a short market (Figure 

24). In fact even at a 5% increase in price the relationship between relative change in market 

share and relative price increase shows a linear form. Hence, increasing prices up to 5% in a short 

market is yielding a higher cumulative profit than all other pricing options investigated. 

 

 

Figure 24: Changes in market share for different price changes in a short market 

 

6.3.2 Week 398-418: August-December 2014 – Balanced market 

In a balanced market, price changes show a slightly greater relative effect on market share as well 

as on cumulative profits (Table 16).  
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Price Market share Profit 

 Absolute 
value 

Absolute 
change 

Relative change Absolute 
change 

Relative 
change 

-5% 15.17% 4.50% 42.19% -2062.23 15.36% 

-2% 12.42% 1.75% 16.36% -703.63 5.24% 

-1% 11.54% 0.86% 8.10% -332.28 2.48% 

SABIC Price 10.67% 0.00% 0.00% 0.00 0.00% 

1% 9.83% -0.85% -7.94% 294.13 -2.19% 

2% 9.00% -1.68% -15.71% 551.09 -4.11% 

5% 6.60% -4.07% -38.17% 1107.45 -8.25% 

Table 16: Scenario analysis results for a balanced market 

 

The investigated time horizon is characterized by negative contribution margins hence increases 

in sales price lead to a reduction in cumulative losses due to reduced market share and thus sales 

volume at higher absolute prices. When prices are decreased, market share rises significantly but 

so do negative profits (Figure 25).  

 

 

Figure 25: Cumulative profit development for price changes in a balanced market 

 

Compared to the short market the relative overall spread between resulting cumulative profits is 

more than doubled (23.61%). Furthermore the graphs reveal that increases and decreases in 

market share start to behave in a non-linear way for higher changes in price (Figure 26). While a 

2% decrease in price leads to a 5,23% decrease in cumulative profit compared to the base price, 

a 5% decrease in price leads to a 15.36% decrease. 
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Figure 26: Changes in market share for different price changes in a balanced market 

 

With respect to a dominant strategy in a balanced market we conclude that the higher the price 

decrease the higher the resulting market share. In times of positive contribution margins we thus 

expect higher overall profits. In times of negative contribution margins our model suggests to 

increase price and thus decrease market share and sales volume while increasing the 

contribution margin. 

6.3.3 Week 333-354: May-September 2013 – Long market 

In a long market the influence of price changes is similar to that observed in a balanced market. 

Again, the time period is characterized by negative contribution margins hence results have to be 

flipped to derive recommendations for time periods in which contribution margins are positive 

and the market is yet long. Interestingly the relative change in market share is smaller than in a 

balanced market (Table 17). However, it is important to bear in mind that absolute changes in 

price are also smaller in a long market due to a lower base price level. 

Price Market share Profit 
 

Absolute 
value 

Absolute change Relative change Absolute 
change 

Relative 
change 

-5% 17.17% 4.65% 37.14% -6025.90 20.16% 

-2% 14.33% 1.81% 14.47% -2127.44 7.12% 

-1% 13.41% 0.90% 7.17% -1018.20 3.41% 

SABIC Price 12.52% 0.00% 0.00% 0.00 0.00% 

1% 11.63% -0.88% -7.05% 929.58 -3.11% 

2% 10.76% -1.75% -14.00% 1772.71 -5.93% 

5% 8.24% -4.27% -34.13% 3805.01 -12.73% 

Table 17: Scenario analysis results for a long market 
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Contrary to market share, the impact of price changes on profits is highest in a long market with 

a relative spread in cumulative profits of 32.89 % (Figure 27). 

 

Figure 27: Cumulative profit development for price changes in a long market 

 

The ratio between relative changes in market share and price changes shows a similar pattern to 

that in a short and balanced market but with steeper slopes, which indicates that the relative 

impact of price changes grows faster with growing price differences in a long market (Figure 28). 

 

Figure 28: Changes in market share for different price changes in a long market 

In a long market with positive contribution margins, a decrease in price results in higher sales 

and thus higher profits. Although not shown by our model due to negative contribution margins 

within all time periods in our data set in which the market was long, we expect that a too steep 

decrease in price will eventually result in lower profits due to a cannibalization effect of extra 

sales volume by lower contribution margins. 
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6.4 Results 
The System Dynamics Supply Chain Model accounts for Supply Chain Dynamics, namely the 

bullwhip effect and its amplification due to traders and distributors whose business behavior is 

based on Price Dynamics and the outlook to realize a delayed arbitrage profit. The model 

forecasts aggregated HDPE industry demand and, based on the insights of the statistical analysis, 

decomposes industry demand into single firm and remaining competitors’ demand using a firm’s 

price markup and production outages as explanatory variables to forecast market share. 

Depending on the market configuration the weights of these variables adjust dynamically. Using 

the Spot Price Rebate as a proxy for the market configuration yields good results. Next to the 

decomposition of demand, the model includes a profit calculation and thus a scenario analysis 

feature to compare different pricing strategies. The profit calculation is based on a cost analysis, 

which answers Research Question 4. The analysis reveals that more than 90% of the per-unit cost 

are production cost. Precisely, 86% of the per-unit cost are variable production cost. The fix 

production cost and the remaining logistical cost vary very little over a 5 year time horizon so 

that we model them as constant per-unit cost in our model. This implies that if managers would 

like to increase profits by cutting costs, variable production cost have the by far largest lever. 

In order to answer Research Question 5 and determine dominant strategies in a short, balanced 

and long market, we use the System Dynamics model to conduct scenario analysis. Increasing 

price yields higher profits in a short market, while decreasing price yields higher profits in 

balanced and long market situations. 
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7 Managerial Insights and Recommendations 

This chapter presents key insights gained throughout this study. In the end, explicit practical 

recommendations to managers and decision makers regarding the implementation of a value-

based S&OP process are provided. Advice is tailored to European Polymer Producers but can be 

of interest for other players of the Plastic Supply Chain as well. Application to other industries is 

limited due to the specific characteristics immanent to the Petrochemical Industry. 

7.1 General insights 
HDPE commodity grades show high volatility in demand and price. Market configurations can 

change within few months from a long and oversupplied to a short and stressed market, triggered 

by production outages and ever changing import volumes. Due to the influence of traders at the 

interface between the Petrochemical Industry and the downstream stages of the Plastic Supply 

Chain, interesting and multifaceted dynamics arise whose prediction is complex. The bullwhip 

effect in the Plastic Supply Chain stems from price-induced stock effects throughout the Supply 

Chain that are enabled by the partaking of traders in the market. Next to price, production outages 

at competing Polymer Producers significantly impact demand at Polymer Producers. Prices in 

return are heavily influenced by inventory levels, which are the direct results of production, 

demand, imports and feedstock price development. Due to these multifaceted dynamics in the 

petrochemical commodity business, agility, i.e. the capability to react to changes in the business 

environment quickly, becomes a competitive advantage next to low overall cost structures. 

Furthermore, traditional volume-based planning does not necessarily yield profit-optimal 

results. Introducing a financial perspective into the S&OP process implies a perspective shift – 

from internal company factors to external market factors. In order to incorporate external factors 

into the decision making process, the dynamics of these factors need to be well understood and 

forecasted accurately. 

7.2 Insights of the statistical analysis 
Expecting to uncover more detailed dynamics, hierarchical clustering proved to be a novel 

approach to group products based on their demand curves only. Although regression analysis 

revealed that the factors influencing demand are the same per cluster, this approach should be 

further explored especially within the context of statistical sales forecasting. 

To better anticipate changes in demand, we advise managers not only to rely on price 

developments to predict changes in demand, but to also keep track of production outages within 

the industry. Our findings indicate that the loss of production capacity at competitors does not 

only have a short-term, but also a medium-range effect on demand. Especially three and four 

month delayed outages affect demand of the current month. This indicates long effectuation lead 

times of market occurrences which means that the Polymer market takes a long time to return to 

a state of partial equilibrium. In fact, analysis of the market configurations over the past five years 

show an overshoot and collapse type of behavior. Therefore managers and decision makers should 

follow the development of the market configuration closely and dynamically adjust their 

strategies to the market circumstances. 
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7.3 Insights of the cost and scenario analysis 
The cost analysis revealed that more than 90% of the per-unit cost are production cost. Precisely, 

86% of the per-unit cost are variable production cost. The fix production cost and the remaining 

logistical per-unit cost vary very little over time. This implies that if managers would like to 

increase profits by cutting costs, variable production cost have the by far largest lever. 

Upon using the System Dynamics Supply Chain model to investigate dominant strategies in a 

short, balanced and long market, we found considerable differences. While a firm’s market share 

in a short market is moderately elastic with respect to changes in price, it is highly elastic in a long 

market. This implies that price changes need to be considered more carefully in a long and 

balanced market than in a short market because its impact on a firms profit is higher. In a short 

market it is possible to drive up prices and thus achieve higher profits due to a higher contribution 

margin at only small declines in market share. In case other Polymer Producers decide to follow 

the price increase the market share will likely decrease less than predicted, resulting in even 

higher profits. The balanced and long market behave contrary to the short market. Price increases 

result in lower profits due to significant drops in market share. Price decreases however increase 

market share and lead to higher profits. Market share increases exponentially compared to 

decreases in price. The profit however shows decreasing returns on price drops due to 

cannibalization of extra sales volumes by low contribution margins. 

7.4 Implementation of a value-based S&OP and model application 
We advise managers at Polymer producers to establish a value-based perspective next to the 

already existing volume-based perspective within their S&OP process to better understand the 

financial implications of their decisions. To elevate the importance of the S&OP process, foster 

collaboration among the parties involved and show management commitment, we suggest to 

integrate the pricing process directly within the S&OP process. As a preparation to this 

empowered S&OP meeting, both the inventory driven volume perspective as well as the profit 

driven value perspective have to be prepared. While the volume perspective revolves around 

internal company data, the value perspective depends on external market data. Employees 

responsible for the different perspective should agree on different scenarios for the upcoming 

months and simulate them using the tools presented in this thesis. During the empowered S&OP 

meeting the simulated scenarios are discussed with respect to profit, impact on stock levels, 

probability of occurrence and risk. 

In order to use the System Dynamics Supply Chain model for demand forecasting and scenario 

analysis, we suggest a calibration period length of 13 months for the industry demand prediction 

and a 6 to 12 months calibration period timespan for the market share prediction. While a 6 

months calibration period will provide a better fit, the 12 months calibration period will result in 

a more robust parameterization. The forecast period should be limited to 12 weeks for the 

industry demand prediction and to 4 weeks for the market share prediction. In case one wishes 

to carry out a scenario analysis for the upcoming 12 weeks we suggest a rolling horizon approach 

with a forecast period of 4 weeks resulting in 3 calibration runs, one for every 4 weeks. 
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8 Conclusion and Future Research 

The final chapter summarizes the scientific contribution of this Master thesis project. 

Furthermore, limitations are discussed and future research opportunities outlined. 

8.1 Scientific contribution 
This study contributes to research in five ways: First, we show that hierarchical demand-based 

clustering can be used to group products with similar demand curves in such a way that intra-

cluster variance is minimized. Second, spot price and production outages explain up to 69% of the 

variance in HDPE Polymer demand. Not taking into account Supply Chain dynamics, downstream 

end-market data fails to explain upstream demand variations. However, when Supply Chain 

dynamics and Market Dynamics are explicitly taken into account in a System Dynamics model, 

downstream end-market data can be used to forecast aggregated upstream industry demand. 

Third, 80% of the changes in the spot price can be explained by changes in Ethylene price, sales 

from EU assets and industry stock levels. Fourth, a firm’s price markup over the market price, the 

delta between a firm’s and its competitors’ operating rates and the dynamic weighting of these 

two factors according to market configuration can be used to forecast a firm’s market share in a 

Polymer commodity market. Fifth, forecasting market share based on a firm’s price policy and 

production outages on single firm and industry level yields good results and can be used to derive 

single firm demand from aggregated industry demand. Scenario analysis reveals that driving 

prices in a short market is profit optimal for Polymer Producers while moderately decreasing 

prices in a balanced and long market can result in higher overall profits due to increases in market 

share. 

8.2 Limitations 
This study and the application of its results are geographically limited to Europe and apply 

foremost to the Petrochemical Industry and specifically to commodity products. Other geographic 

regions differ from Europe, both in technical means, e.g. use of different feedstocks in the 

Americas, as well as in business related factors, e.g. access to cheaper feedstock (Saudi Arabia) 

and growing end-market demand (Asia). 

The main limitation of this research stems from the availability and inherent complexity of the 

data necessary to conduct the research. First, no data capturing true demand exists. We therefore 

used sales data as a proxy for demand. Second, it was not possible to decompose sales data into 

contract and spot sales. We suspect that the aggregated dynamics observed mostly hold for both 

ways of making business, but we are convinced that some effects will become more accentuate 

when investigating spot sales only. Third, over the past five years the HDPE market was mostly 

in a long configuration and only recently turned into a short and now balanced market. Therefore 

separating data into the three different market configurations was not yielding enough data 

points per market configuration to separately verify the assumed dynamics in each configuration. 

While the market share prediction works well within each type of market configuration and even 

when calibrated over the transition of two market configurations, it does not yield satisfactory 

results when configured over very long time horizons, e.g. five years. We therefore suspect that a 

separation of data into the different market configurations and contract and spot sales will reveal 

further underlying dynamics or constraints that help to improve the market share prediction over 

longer time horizons ultimately making the model more robust. 



55 

8.3 Future research 
Further research into how a company’s price and sales decisions influence the market configuration 

is necessary to better understand the mid to long-term impact of decision making on external 

factors within the Polymer commodity market. These econometrical insights are important to 

take the next steps in the development of a value-based S&OP process as they can form the basis 

for more holistic scenario analysis over time periods between six to twelve months. Furthermore, 

based on such advanced insights, non-cooperative game theory can be applied to derive improved 

strategy recommendations for different market configurations. 

Next to the aggregated research perspective, more differentiated analysis on regional effects and 

differences between contract customers and spot customers should be conducted. A shift from an 

aggregated to a detailed perspective will likely require a shift in modeling paradigm from System 

Dynamics to e.g. agent-based modeling. The Plastic Supply Chain or Polymer commodity market 

can then be modeled in a bottom-up instead of a top-down approach, which is likely to unveil 

dynamics that are not visible on aggregated levels. To reduce the complexity of the current 

approach and reduce the amount of variables modeled in a different modeling paradigm, the 

sensitivity analyses of this study and previous studies can serve as a starting point. 
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9 Appendices 

A. Clustering  
Clustering is a data mining technique to create groups that contain a set of objects that are more 

similar to each other than to the sets of objects in the other groups. The goal of clustering is to 

discover a new set of categories, i.e. clustering is a descriptive methodology. Within data mining, 

clustering belongs to the family of unsupervised learning techniques. There exist many different 

clustering algorithms which can be distinguished into two approaches: Partitioning and 

hierarchical methods.  

Partitioning methods 

Partitioning methods, e.g. the well-known k-means algorithm, partition the data set into clusters 

by relocating instance from one cluster to another, starting from an initial partitioning (Rokach & 

Maimon, 2005). Partitioning methods require the number of clusters to be pre-determined. Due 

to the complexity of exhaustive enumeration processes in portioned-based clustering, greedy 

heuristics are used within iterative optimization algorithms. Error Minimization Algorithms are 

popular methods in this context. In general they aim at minimizing a certain error criterion which 

expresses the distance between each instance and its corresponding values. The most common 

algorithm used is the K-means algorithm which partitions the data into K clusters. The algorithm 

starts with an initial cluster set chosen according to a heuristic procedure or randomly and 

assigns each instance to its nearest cluster and recalculates the partitioning error based on the 

updated cluster structure. The K-means algorithm makes use of the Sum of Squared Error (SSE) 

criterion, which employs the total squared Euclidian distance as a difference measure. Optimizing 

the SSE globally is very time-consuming due to exhaustive enumeration of all partitions. Hence 

an approximate solution using heuristics is calculated (this can cause the algorithm to terminate 

at a local minimum instead of a global minimum). Hence, the K-means algorithm can be seen as 

gradient-decent procedure. While the linear complexity of the K-means algorithm makes it very 

popular – the complexity is O(T*K*m*N) for T iterations, m instances with n attributes – , its 

weakness is the sensitivity to outliers and noise within the data. Furthermore, the number of 

clusters needs to be defined in advance as explained above. 

Next to error minimization algorithms, graph theoretic methods are part of the family of 

partitioning methods. Graph theoretic methods use graphs to produce clusters by representing 

instances as nodes connected by the edges of the graph. Popular algorithms in this context are 

based on the concept of the Minimal Spanning Tree. Edges whose weight is significantly larger 

than the average of nearby edge lengths are considered inconsistent edges. 

Hierarchical methods 

Hierarchical clustering methods recursively partition the instances in either a top-down or 

bottom-up approach to construct nested clusters that can be represented in a tree structure. The 

top-down approach is known as divisive hierarchical clustering. Initially all objects belong to one 

cluster. The initial cluster is divided into sub-clusters, which are step-by-step further divided into 

their own sub-clusters. The bottom-up approach is referred to as agglomerative hierarchical 

clustering in which each object represents its own cluster in the beginning. Successively clusters 

are merged together. 
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The division or merging of clusters is based on a similarity or dissimilarity measure and the 

optimization of some criterion, similar to partitioning methods. The most common clustering 

algorithms within hierarchical clustering are single-link clustering, complete-link clustering and 

average-link clustering. These methods differ in the way the distance between two clusters is 

calculated. While the single-link clustering method considers the distance between two clusters 

to be equal to the shortest distance from any member of one cluster to any member of the other 

cluster, the complete-link method makes use of the longest distance from any member of one 

cluster to any member of the other cluster as a measure of dissimilarity. The average-link 

clustering method calculates the distance between two clusters as the average distance from any 

member of one cluster to any member of the other cluster. A well-known average-link clustering 

criterion is the Ward method. It aims to minimize intra-cluster variance by minimizing the sum of 

squared errors. The distance between two clusters, A and B, equals the increase in the sum of 

squares when both clusters are merged. 

The outcome of hierarchical clustering methods is presented in a dendogram representing both, 

the nested grouping of objects and the similarity levels at which these groupings change. The 

dendogram has to be cut manually at the desired similarity level to obtain the final clusters. 

Clustering process by Äyrämö & Kärkköinen (2006) 

Clustering is a process that consists of 11 sequential steps (2006): 

1. Data presentation 

2.  Choice of objects 

3.  Choice of variables 

4.  What to cluster: data units or variables 

5.  Normalization of variables 

6.  Choice of (dis)similarity measures 

7.  Choice of clustering criterion (objective function) 

8.  Choice of missing data strategy 

9.  Algorithms and computer implementation 

10.  Number of clusters 

11.  Interpretation of results  
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B. Univariate regression results 
 

Demand 

Variable Cluster1 
N=36  

Cluster 2 
N=36 

Cluster 3 
N=36 

Cluster 4 
N=36 

Cluster 5 
N=36 

Total 
N=36 

SABIC.Sales.Price -0.003 
(0.001) 

-0.054 
(0.087) 

-0.720 
(0.183) 

-0.144 
(0.157) 

-0.350 
(0.222) 

-1.272 
(0.223) 

SABIC.Sales.Price.lag1 -0.015 
(0.025) 

-0.016 
(0.009) 

-0.362 
(0.055) 

-0.057 
(0.029) 

-0.237 
(0.120) 

-0.687 
(0.077) 

SABIC.Sales.Price.lag2 -0.019 
(0.046) 

0.017 
(0.011) 

-0.083 
(0.003) 

-0.023 
(0.005) 

-0.146 
(0.051) 

-0.255 
(0.012) 

SABIC.Sales.Price.lag3 -0.017 
(0.037) 

0.017 
(0.012) 

0.027 
(0.000) 

-0.001 
(0.000) 

-0.128 
(0.040) 

-0.101 
(0.002) 

SABIC.Sales.Price.lag4 -0.008 
(0.008) 

0.008 
(0.003) 

0.063 
(0.002) 

0.021 
(0.005) 

-0.129 
(0.042) 

-0.044 
(0.000) 

ICIS.HDPE.contract 0.007 
(0.004) 

-0.026 
(0.018) 

-0.263 
(0.021) 

-0.051 
(0.017) 

-0.232 
(0.085) 

-0.565 
(0.038) 

ICIS.HDPE.contract.lag1 -0.005 
(0.002) 

0.013 
(0.006) 

0.106 
(0.005) 

0.039 
(0.013) 

-0.070 
(0.010) 

0.084 
(0.001) 

ICIS.HDPE.contract.lag2 -0.007 
(0.007) 

0.045 
(0.082) 

0.353 
(0.061) 

0.069 
(0.049) 

0.019 
(0.001) 

0.479 
(0.044) 

ICIS.HDPE.contract.lag3 -0.005 
(0.003) 

0.045 
(0.086) 

0.416 
(0.089) 

0.079 
(0.069) 

0.042 
(0.005) 

0.578 
(0.067) 

ICIS.HDPE.contract.lag4 0.005 
(0.003) 

0.030 
(0.041) 

0.412 
(0.092) 

0.091 
(0.095) 

0.041 
(0.005) 

0.578 
(0.071) 

ICIS.HDPE.spot -0.007 
(0.006) 

-0.080 
(0.200) 

-0.915 
(0.312) 

-0.193 
(0.294) 

-0.431 
(0.355) 

-1.627 
(0.384) 

ICIS.HDPE.spot.lag1 -0.016 
(0.028) 

-0.056 
(0.108) 

-0.672 
(0.185) 

-0.114 
(0.113) 

-0.371 
(0.290) 

-1.229 
(0.241) 

ICIS.HDPE.spot.lag2 -0.015 
(0.028) 

-0.005 
(0.001) 

-0.268 
(0.033) 

-0.055 
(0.029) 

-0.246 
(0.144) 

-0.588 
(0.063) 

ICIS.HDPE.spot.lag3 -0.017 
(0.039) 

0.008 
(0.002) 

-0.116 
(0.006) 

-0.038 
(0.015) 

-0.194 
(0.091) 

-0.358 
(0.024) 

ICIS.HDPE.spot.lag4 -0.013 
(0.023) 

0.000 
(0.000) 

-0.071 
(0.002) 

-0.028 
(0.008) 

-0.219 
(0.115) 

-0.331 
(0.020) 

C10_C11 -125.467 
(0.016) 

252.763 
(0.019) 

287.804 
(0.000) 

-160.403 
(0.002) 

356.168 
(0.002) 

610.866 
(0.001) 

C10_C11.lag1 -78.226 
(0.006) 

-466.290 
(0.062) 

-1507.42 
(0.008) 

222.519 
(0.004) 

-274.578 
(0.001) 

-2103.998 
(0.006) 

C10_C11.lag2 -112.635 
(0.012) 

468.332 
(0.062) 

1029.542 
(0.004) 

29.251 
(0.000) 

446.811 
(0.003) 

1861.302 
(0.005) 

C10_C11.lag3 211.867 
(0.045) 

119.743 
(0.004) 

-1599.32 
(0.009) 

-299.981 
(0.007) 

456.233 
(0.004) 

-1111.458 
(0.002) 

C10_C11.lag4 -64.917 
(0.004) 

-31.961 
(0.000) 

731.861 
(0.002) 

-515.726 
(0.021) 

-452.347 
(0.004) 

-333.090 
(0.000) 

MIG_DCOG -30.118 
(0.002) 

26.550 
(0.0010 

-261.941 
(0.001) 

-139.346 
(0.004) 

217.489 
(0.002) 

-187.365 
(0.000) 

MIG_DCOG.lag1 -91.128 
(0.020) 

-231.653 
(0.038) 

-1969.78 
(0.033) 

-171.502 
(0.005) 

-348.309 
(0.005) 

-2812.372 
(0.026) 

MIG_DCOG.lag2 61.692 -52.231 188.752 255.256 -437.548 15.920 
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(0.010) (0.002) (0.000) (0.013) (0.009) (0.000) 

MIG_DCOG.lag3 30.182 
(0.003) 

-21.217 
(0.000) 

931.773 
(0.009) 

-156.548 
(0.005) 

604.649 
(0.020) 

1388.839 
(0.008) 

MIG_DCOG.lag4 -83.372 
(0.020) 

-30.555 
(0.001) 

-1801.13 
(0.033) 

-399.967 
(0.035) 

-236.986 
(0.003) 

-2552.006 
(0.026) 

MIG_NDCOG -79.835 
(0.012) 

-345.813 
(0.068) 

-65.896 
(0.000) 

-322.200 
(0.015) 

-277.458 
(0.003) 

-1091.201 
(0.003) 

MIG_NDCOG.lag1 -36.726 
(0.003) 

-333.692 
(0.064) 

189.536 
(0.000) 

247.284 
(0.009) 

-110.488 
(0.000) 

-44.087 
(0.000) 

MIG_NDCOG.lag2 24.957 
(0.001) 

591.847 
(0.187) 

2749.294 
(0.048) 

339.248 
(0.016) 

1052.708 
(0.036) 

4758.054 
(0.056) 

MIG_NDCOG.lag3 -71.210 
(0.008) 

-112.394 
(0.006) 

-1935.61 
(0.022) 

-24.375 
(0.000) 

186.847 
(0.001) 

-1956.747 
(0.009) 

MIG_NDCOG.lag4 54.634 
(0.005) 

-64.346 
(0.002) 

-734.036 
(0.003) 

-546.295 
(0.038) 

-364.456 
(0.004) 

-1654.499 
(0.006) 

C222 148.169 
(0.022) 

170.162 
(0.009) 

-436.584 
(0.001) 

75.666 
(0.000) 

-522.322 
(0.005) 

-564.909 
(0.000) 

C222.lag1 8.139 
(0.000) 

-152.731 
(0.007) 

-87.088 
(0.000) 

-314.893 
(0.008) 

-987.909 
(0.018) 

-1534.481 
(0.003) 

C222.lag2 -109.802 
(0.013) 

126.115 
(0.005) 

-1572.74 
(0.010) 

451.537 
(0.017) 

411.357 
(0.003) 

-693.528 
(0.001) 

C222.lag3 38.818 
(0.001) 

216.212 
(0.014) 

2911.114 
(0.030) 

-210.186 
(0.003) 

700.332 
(0.009) 

3656.290 
(0.018) 

C222.lag4 -35.305 
(0.001) 

-14.149 
(0.000) 

-376.442 
(0.000) 

381.645 
(0.010) 

-339.824 
(0.002) 

-384.074 
(0.000) 

C2222 -65.154 
(0.007) 

-16.603 
(0.000) 

-1389.41 
(0.011) 

-542.951 
(0.034) 

-232.040 
(0.002) 

-2246.155 
(0.011) 

C2222.lag1 27.734 
(0.001) 

-114.797 
(0.005) 

-313.892 
(0.000) 

138.951 
(0.002) 

-625.934 
(0.010) 

-887.938 
(0.002) 

C2222.lag2 64.354 
(0.007) 

139.912 
(0.010) 

-578.030 
(0.002) 

-5.111 
(0.000) 

270.946 
(0.002) 

-107.929 
(0.000) 

C2222.lag3 82.190 
(0.013) 

105.462 
(0.007) 

206.365 
(0.000) 

-168.558 
(0.004) 

461.938 
(0.008) 

687.396 
(0.001) 

C2222.lag4 -156.699 
(0.048) 

-457.277 
(0.122) 

-2170.22 
(0.033) 

-369.736 
(0.020) 

-911.543 
(0.030) 

-4065.476 
(0.045) 

G47_NFOOD 45.400 
(0.001) 

-454.726 
(0.034) 

-1717.39 
(0.006) 

-958.355 
(0.038) 

-1219.22 
(0.015) 

-4304.291 
(0.014) 

G47_NFOOD.lag1 -47.910 
(0.001) 

-274.897 
(0.012) 

853.643 
(0.001) 

804.786 
(0.026) 

-495.598 
(0.002) 

840.023 
(0.001) 

G47_NFOOD.lag2 82.653 
(0.003) 

415.278 
(0.026) 

-246.902 
(0.000) 

-694.236 
(0.019) 

1455.546 
(0.020) 

1012.338 
(0.001) 

G47_NFOOD.lag3 -331.882 
(0.055) 

-125.603 
(0.002) 

-1452.16 
(0.004) 

504.811 
(0.010) 

-358.230 
(0.001) 

-1763.060 
(0.002) 

G47_NFOOD.lag4 169.308 
(0.011) 

-409.134 
(0.019) 

-4103.33 
(0.023) 

-2164.48 
(0.138) 

-1543.39 
(0.017) 

-8051.014 
(0.035) 

G47_FOOD -77.697 
(0.004) 

152.628 
(0.005) 

2428.778 
(0.014) 

58.798 
(0.000) 

286.250 
(0.001) 

2848.757 
(0.008) 

G47_FOOD.lag1 -161.526 
(0.017) 

-418.087 
(0.035) 

-2021.10 
(0.010) 

777.669 
(0.030) 

-318.282 
(0.001) 

-2141.322 
(0.004) 

G47_FOOD.lag2 21.398 
(0.000) 

168.340 
(0.006) 

-375.702 
(0.000) 

-775.553 
(0.030) 

-439.132 
(0.002) 

-1400.649 
(0.002) 

G47_FOOD.lag3 303.378 -229.742 -3375.05 -115.203 -195.874 -3612.495 
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(0.061) (0.010) (0.027) (0.001) (0.000) (0.012) 

G47_FOOD.lag4 -20.222 
(0.000) 

178.328 
(0.006) 

113.149 
(0.000) 

-1252.91 
(0.077) 

-120.839 
(0.000) 

-1102.494 
(0.001) 

PMI.Manuf -22.997 
(0.001) 

188.052 
(0.025) 

428.752 
(0.002) 

-136.244 
(0.003) 

-440.898 
(0.008) 

16.665 
(0.000) 

PMI.Manuf.lag1 148.009 
(0.059) 

-233.314 
(0.044) 

670.217 
(0.004) 

402.863 
(0.033) 

-962.519 
(0.046) 

25.256 
(0.000) 

PMI.Manuf.lag2 114.122 
(0.032) 

116.919 
(0.010) 

1000.670 
(0.009) 

190.293 
(0.007) 

286.579 
(0.004) 

1708.584 
(0.010) 

PMI.Manuf.lag3 217.641 
(0.115) 

272.505 
(0.054) 

2539.672 
(0.056) 

20.257 
(0.000) 

619.580 
(0.017) 

3669.655 
(0.045) 

PMI.Manuf.lag4 86.894 
(0.019) 

169.380 
(0.022) 

3716.941 
(0.126) 

176.486 
(0.006) 

890.461 
(0.037) 

5040.163 
(0.0900) 

PMI.Retail 21.459 
(0.006) 

44.649 
(0.008) 

693.349 
(0.022) 

149.560 
(0.022) 

202.166 
(0.010) 

1111.184 
(0.023) 

PMI.Retail.lag1 -6.515 
(0.001) 

-105.594 
(0.043) 

-98.674 
(0.000) 

184.563 
(0.033) 

-65.381 
(0.001) 

-91.601 
(0.000) 

PMI.Retail.lag2 12.570 
(0.002) 

85.700 
(0.028) 

-137.510 
(0.001) 

-146.033 
(0.021) 

20.772 
(0.000) 

-164.502 
(0.000) 

PMI.Retail.lag3 75.839 
(0.071) 

33.208 
(0.004) 

-429.642 
(0.008) 

-134.142 
(0.017) 

-106.005 
(0.003) 

-560.743 
(0.005) 

PMI.Retail.lag4 55.707 
(0.041) 

-28.108 
(0.003) 

130.993 
(0.001) 

-306.641 
(0.094) 

-52.709 
(0.001) 

-200.759 
(0.001) 

Outages -17.276 
(0.014) 

-121.158 
(0.202) 

-1204.07 
(0.238) 

-242.299 
(0.205) 

-447.861 
(0.169) 

-2032.659 
(0.2650 

Outages.lag1 -32.583 
(0.051) 

-91.166 
(0.120) 

-1224.02 
(0.258) 

-191.587 
(0.134) 

-408.059 
(0.147) 

-1947.414 
(0.255) 

Outages.lag2 -7.567 
(0.003) 

-41.365 
(0.027) 

-994.981 
(0.187) 

-242.467 
(0.236) 

-263.488 
(0.067) 

-1549.868 
(0.177) 

Outages.lag3 -26.212 
(0.036) 

-56.897 
(0.050) 

-1154.99 
(0.247) 

-188.994 
(0.141) 

-503.889 
(0.241) 

-1930.983 
(0.269) 

Outages.lag4 -42.059 
(0.096) 

-71.261 
(0.082) 

-1590.34 
(0.488) 

-270.429 
(0.301) 

-506.476 
(0.254) 

-2480.567 
(0.464) 

Market share 236.943 
(0.154) 

580.591 
(0.278) 

8021.659 
(0.633) 

1487.527 
(0.463) 

3095.084 
(0.483) 

13421.803 
(0.691) 

bold: significant at 0.1 level, bold italic: significant at 0.05 level 
Numbers report estimates. Numbers in brackets report R2. 

Table 18: Univariate demand regression results 

Price 

Variable SABIC Sales 
Price [Δ t, t-1 

in %] 

Contract Price 
[Δ t, t-1 in %] 

Spot Price 
[Δ t, t-1 in %] 

C2 [Δ t, t-1 in %] 0.97701854 
(0.827) 

0.93999494 
(0.852) 

0.88854664 
(0.680) 

C2.lag1 0.47051155 
(0.200) 

0.43429372 
(0.190) 

0.16852747 
(0.026) 

C2.lag2 -0.19841766 
(0.038) 

-0.20520812 
(0.045) 

-0.42773423 
(0.174) 

C2.lag3 -0.45900642 
(0.204) 

-0.44614151 
(0.215) 

-0.50034219 
(0.241) 

C2.lag4 -0.59331423 -0.55324001 -0.45563911 
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(0.352) (0.340) (0.206) 

Naphtha [Δ t, t-1 in %] 0.15300988 
(0.055) 

0.16233869 
(0.069) 

0.27395479 
(0.176) 

Naphtha.lag1 0.45840114 
(0.553) 

0.44208397 
(0.573) 

0.47419099 
(0.589) 

Naphtha.lag2 0.28100550 
(0.211) 

0.26843538 
(0.214) 

0.19812204 
(0.104) 

Naphtha.lag3 -0.01522000 
(0.001) 

-0.03024756 
(0.003) 

-0.16357013 
(0.069) 

Naphtha.lag4 -0.19480073 
(0.100) 

-0.21908099 
(0.141) 

-0.29824392 
(0.233) 

Oil [Δ t, t-1 in %] 0.12583094 
(0.035) 

0.12785572 
(0.040) 

0.21948394 
(0.105) 

Oil.lag1 0.46017328 
(0.462) 

0.44211318 
(0.475) 

0.50601424 
(0.555) 

Oil.lag2 0.24077979 
(0.142) 

0.23505968 
(0.151) 

0.17204113 
(0.072) 

Oil.lag3 -0.06304624 
(0.010) 

-0.08350477 
(0.019) 

-0.22106612 
(0.117) 

Oil.lag4 -0.26203187 
(0.156) 

-0.29581839 
(0.221) 

-0.35699369 
(0.288) 

Industry.Stock [kT] -0.00000044 
(0.133) 

-0.00000044 
(0.149) 

-0.00000064 
(0.279) 

Industry.Stock.lag1 -0.00000067 
(0.330) 

-0.00000065 
(0.343) 

-0.00000071 
(0.367) 

Industry.Stock.lag2 -0.00000055 
(0.198) 

-0.00000057 
(0.232) 

-0.00000033 
(0.071) 

Industry.Stock.lag3 -0.00000013 
(0.011) 

-0.00000013 
(0.011) 

0.00000027 
(0.042) 

Industry.Stock.lag4 0.00000030 
(0.044) 

0.00000023 
(0.029) 

0.00000032 
(0.051) 

Import.sales [kT] -0.00000005 
(0.000) 

-0.00000002 
(0.000) 

-0.00000019 
(0.004) 

Import.sales.lag1 -0.00000031 
(0.001) 

-0.00000013 
(0.002) 

-0.00000009 
(0.001) 

Import.sales.lag2 -0.00000077 
(0.010) 

-0.00000072 
(0.050) 

-0.00000105 
(0.095) 

Import.sales.lag3 -0.00000129 
(0.155) 

-0.00000129 
(0.172) 

-0.00000158 
(0.232) 

Import.sales.lag4 -0.00000144 
(0.215) 

-0.00000128 
(0.191) 

-0.00000100 
(0.103) 

EU.sales [kT] -0.00021687 
(0.018) 

-0.00017389 
(0.013) 

0.00002169 
(0.000) 

EU.sales.lag1 0.00034971 
(0.046) 

0.00044291 
(0.082) 

0.00082883 
(0.257) 

EU.sales.lag2 0.00064909 
(0.155) 

0.00060843 
(0.152) 

0.00058330 
(0.125) 

EU.sales.lag3 0.00025121 
(0.025) 

0.00022208 
(0.022) 

-0.00015862 
(0.010) 

EU.sales.lag4 -0.00009679 
(0.003) 

-0.00008465 
(0.003) 

-0.00024754 
(0.022) 

SABIC.import.sales [kT] -0.00161986 -0.00188304 -0.00072425 
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(0.035) (0.053) (0.007) 

SABIC.import.sales.lag1 0.00094055 
(0.012) 

0.00043837 
(0.003) 

0.00191551 
(0.049) 

SABIC.import.sales.lag2 0.00165505 
(0.037) 

0.00104948 
(0.017) 

0.00153864 
(0.032) 

SABIC.import.sales.lag3 0.00075742 
(0.008) 

0.00007008 
(0.000) 

-0.00029068 
(0.001) 

SABIC.import.sales.lag4 -0.00067985 
(0.007) 

-0.00112143 
(0.020) 

-0.00117385 
(0.019) 

SABIC.EU.sales [kT] -0.00240549 
(0.043) 

-0.00208776 
(0.036) 

-0.00082193 
(0.005) 

SABIC.EU.sales.lag1 0.00123501 
(0.011) 

0.00168063 
(0.023) 

0.00409877 
(0.124) 

SABIC.EU.sales.lag2 0.00220671 
(0.035) 

0.00183155 
(0.027) 

0.00215141 
(0.033) 

SABIC.EU.sales.lag3 -0.00039629 
(0.001) 

-0.00081381 
(0.006) 

-0.00240135 
(0.045) 

SABIC.EU.sales.lag4 -0.00273367 
(0.054) 

-0.00257337 
(0.054) 

-0.00334536 
(0.081) 

Unimodal20abs [MT] -0.00000267 
(0.075) 

-0.00000314 
(0.115) 

-0.00000171 
(0.030) 

Unimodal20abs.lag1 0.00000028 
(0.001) 

0.00000000 
(0.000) 

0.00000238 
(0.062) 

Unimodal20abs.lag2 0.00000149 
(0.028) 

0.00000077 
(0.008) 

0.00000167 
(0.034) 

Unimodal20abs.lag3 0.00000082 
(0.008) 

0.00000002 
(0.000) 

-0.00000051 
(0.003) 

Unimodal20abs.lag4 -0.00000073 
(0.006) 

-0.00000136 
(0.025) 

-0.00000148 
(0.026) 

bold: significant at 0.1 level, bold italic: significant at 0.05 level 
Numbers report estimates. Numbers in brackets report R2. 

Table 19: Univariate price regression results 
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C. Multiple regression 
Multiple regression analysis is a statistical technique which can be used to analyze the 

relationship between a single dependent variable and multiple independent variables. The 

objective of multiple regression analysis is to use the independent variables whose values are 

known to predict the value of the single dependent variable. The regression procedure assigns 

weights to each independent variable to ensure maximal prediction from the set of independent 

variables. The weights denote the relative contribution of the independent variables to the overall 

prediction and facilitate interpretation as to the influence of each variable in making the 

prediction of the dependent variable (Hair, et al., 2014). The applications of multiple regression 

fall into two broad categories of research problems: prediction and explanation. Prediction 

involves the extent to which the regression variate can predict the dependent variable. 

Explanation examines the regression coefficients (their statistical significance, direction and 

magnitude) for each independent variable and tries to develop a theoretical explanation for the 

effect of the independent variables (Hair, et al., 2014). Our research belongs to the latter category. 

Estimator 

The estimator is the formula by which the values of the independent variables are transformed 

into the estimate of the dependent variable. Which estimator to choose is highly context and 

problem dependent and no clearly superior estimator exists. According to Kennedy (2013) the 

following criteria are recognized by econometricians as measures of “goodness” for estimators: 

1. Computational cost 

2. Least squares 

3. Highest R2 

4. Unbiasedness 

5. Efficiency 

6. Mean square error (MSE) 

7. Asymptotic properties 

8. Maximum likelihood 

The most popular and commonly used estimator is the ordinary least squares estimator (OLS). It 

minimizes the sum of squared residuals – the unexplained variation – and hence automatically 

maximizes the R2.  In general, the ordinary least squares estimator scores well on the criteria 

outlined above for most estimating problems and is intuitive to use. In the classic linear 

regression model the OLS estimator is the optimal estimator because it has a large number of 

desirable properties. Another estimator that has several desirable asymptotic properties is the 

maximum likelihood estimate (MLE). It is asymptotically unbiased and efficient, it is consistent 

and it is distributed asymptotically normally. Furthermore, the Cramer-Rao lower bound formula 

can be used to find its asymptotic variance. However, in order to calculate the MLE, one must 

assume a specific distribution of the error term. If one assumes that the disturbances are 

distributed normally the maximum likelihood estimator equals the ordinary lest squares 

estimator (Kennedy, 2013). Within this study we make use of the OLS estimator as we construct 

a classic linear regression model. 
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Five key assumptions of the classic linear regression model  

The classic linear regression model contains five assumptions about the structure of the 

underlying data. 

1) Linearity 

The first assumption is that the dependent variable can be calculated as a linear function of the 

set of independent variables, plus a disturbance or error term. The unknown coefficients of the 

linear function are assumed to be constants that form the vector β. Violations of this assumption 

include nonlinearity of the relationship between the dependent and independent variables, 

changing β parameters throughout the period of data collection and wrong regressors, i.e. the 

omission of relevant independent variables or the inclusion of irrelevant independent variables 

(Kennedy, 2013). 

2) Zero expected disturbance 

The second assumption expects the value of the error term to be zero, i.e. the mean of the 

distribution of the error term is zero. Violations of this assumption lead to biased intercepts 

(Kennedy, 2013). 

3) Spherical disturbances 

The third assumption is based on uniform variance of the error term and non-correlated error 

terms. Two violations of this assumption are heteroscedasticity, i.e. unequal variance among the 

disturbances, and auto correlated errors, i.e. correlation among the disturbances (Kennedy, 

2013). 

4) Non-stochasticity of explanatory variables 

The fourth assumption is that observations of the explanatory variables are considered fixed in 

repeated samples. Oftentimes this assumption is violated due to the stochastic nature of the 

explanatory variables. Examples of violations are auto regression, i.e. using a lagged value of the 

dependent variable as an independent variable, and simultaneous equation estimation (Kennedy, 

2013).  

5) No exact linear relationships between independent variables 

The fifth assumption specifies that no exact linear relationships between the independent 

variables exist. Multicollinearity, i.e. correlation among the independent variables, violates this 

assumption. In an ideal situation the independent variables are highly correlated with the 

dependent variables, but little among themselves. Multicollinearity decreases the ability to 

determine the relative role of each independent variable because it creates ‘shared’ variance 

between variables (Hair, et al., 2014) (Kennedy, 2013).  

Sample size 

The size of the underlying sample directly affects the statistical power of the multiple regression 

analysis and its appropriateness. Samples with less than 30 observations are only appropriate for 

univariate regression, i.e. simple regression with a single independent variable. Samples with 

more than 1000 observations are likely to lead to overly sensitive significance test which can 
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result in relationships falsely classified as statically significant, so called false positives. (Hair, et 

al., 2014) Next to its impact on statistical power, sample size also has an influence on the 

generalizability of results through the ratio of observations to independent variables. A minimum 

of five observations for each independent variable in the variate should be made. The desired is 

level is between 15 to 20 observations per independent variable (Hair, et al., 2014).  

Significance of a model 

The significance of the model is calculated by testing the hypothesis that the amount of variation 

explained by the regression model is greater than the baseline prediction. In other words the R2 

is significantly greater than zero. The R2 measures the correlation between the observed values 

of the dependent variable and the values predicted by the regression model. An R2 of 1 indicated 

perfect correlation between observed and predicted value, hence perfect prediction of the 

observed data by the regression model. Due to these properties the R2 can be interpreted as the 

proportion of variation in the data explained by the regression model. To calculate the 

significance of the R2 the F-ratio can be calculated: 

𝐹𝑟𝑎𝑡𝑖𝑜 =

𝑆𝑆𝑀
𝑑𝑓𝑀

𝑆𝑆𝑅
𝑑𝑓𝑟

 

with 

 𝑆𝑆𝑀: difference between the values of Y predicted by the model and the mean value 

 𝑑𝑓𝑀: number of estimated coefficient including intercept – 1 

 𝑆𝑆𝑅: difference between the values of Z predicted by the model and the observed values 

 𝑑𝑓𝑅: sample size – number of estimated coefficients including intercept 

The R2 increases with more variables being added to the model. Therefore the adjusted R2 should 

be used as goodness of fit measure because it takes the degrees of freedom, which reduced with 

every added variable, into account (Hair, et al., 2014).  

Next to the significance of the model, we also test the significance of the regression coefficients. 

The t-statistic tests the null hypothesis that the value of the estimated coefficients is unequal from 

zero. Within the t test a confidence interval around the estimated coefficient is created. If the 

confidence interval does not include the value of zero, the coefficient is statistically significant 

different from zero (Hair, et al., 2014). The 95% confidence interval equals a p-value below 0.05. 

The cutoff value for the 90% confidence interval equals a p-value of 0.1. 

Interpretation of a regression variate 

The estimated regression coefficients, termed the 𝑏 coefficients, represent both, the type of 

relationship (positive or negative) and the strength of the relationship between independent and 

dependent variables in the regression variate. The sign of the coefficient indicates whether the 

relationship is positive or negative, and the value of the coefficient indicates the change in the 

value of the dependent variable each time the independent variable changes by one unit (Hair, et 

al., 2014). However, the regression coefficients do not indicate the contribution towards the 

dependent variable among other independent variables since this is dependent on the scale of the 

independent variables. To explain this contribution among the other independent variables one 
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uses the beta 𝛽 coefficient. Its advantage is that it eliminates the problem of dealing with different 

units of measurement. It reflects the relative impact on the dependent variable, by indicating the 

standard deviation change in the depend variable with a change of one standard deviation in the 

independent variable (Hair, et al., 2014).  

Methods of regression 

Several different methods for specifying the regression model exist of which no one can really be 

coined superior. In general researcher can follow three different approaches: 

1) Confirmatory specification 

The researcher specifies the exact set of independent variables to be included and employs a 

confirmatory perspective. The researcher is completely responsible for the trade-offs between 

more independent variables and greater predictive accuracy versus model parsimony and 

concise explanation. The researcher must avoid being guided by empirical information and 

instead rely heavily on theoretical justification for a truly confirmatory approach (Hair, et al., 

2014). 

2) Sequential methods 

In contrast to the confirmatory approach the researcher identifies possible variables and then 

selectively adds or deletes these variables until a goodness-of-fit measure is satisfied. The 

sequential approach provides an objective method for selecting variables that maximize 

prediction while using as few variables as possible. Typical sequential search approaches are 

stepwise estimation and forward addition and backward elimination of which the stepwise 

method is the most common approach among researchers (Hair, et al., 2014).  

The stepwise methods starts with an initial model that contains only the constant𝑏0. Next the 

independent variable that shows the highest correlation with the dependent variable is added. If 

the added variable significantly improves the model outcome it is retained in the model and the 

researcher searches for the next variable to include. All additional variables are included by 

checking the semi-partial correlation with the outcome. This correlation measures how much 

‘new variance’ in the outcome can be explained by each remaining independent variable 

candidate. The variable with the highest new variance is added to the model and, if it makes a 

significant contribution to the predictive power of the model, it is retained and another predictor 

is examined. Each time a predictor is added to the equation, a removal test is made on the least 

useful predictor. The stepwise method hence constantly reevaluates the regression equation 

(Hair, et al., 2014). 

Forward addition and backward elimination are trial-and-error processes. In the forward 

addition approach the regression equation starts with a single independent variable and then 

adds more independent variables whereas the backward elimination approach starts with a 

regression equation that includes all independent variables and then deletes independent 

variables. In contrast to the stepwise approach once added or deleted variables cannot be added 

or deleted at later stages. This makes these approaches inferior to the stepwise approach (Hair, 

et al., 2014).  
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Combinatorial approaches 

The combinatorial approach is a search process across all possible combinations of independent 

variables. The well-known all-possible-subsets regression considers all possible combinations of 

the independent variables and identifies the best-fitting set of variables. This usually completely 

automated approach does not consider factors such as multicollinearity and is prone to generate 

models that have high predictive power but low interpretability (Hair, et al., 2014).  
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D. System Dynamics Supply Chain Model 
 

Single echelon in System Dynamics syntax 

Variables colored orange are variables from the preceding echelon and variables colored green 

are coming from the succeeding echelon. 

 

Figure 29: Single echelon model structure 

 

Vensim variable name Lower 
bound 

Upper 
bound 

Initial 
value 

Calibration 
value 

1.1 plastic product transportation lead time 
Converters 

0.75 1.25 1 0.75 

1.1 Supply Line adjustment time 750 1250 1000 1250 

1.1 WIP adjustment time of plastic product 
orders 

750 1250 1000 1210.71 

1.1 OEM 1 forecast adjustment time 250 750 500 250.3 

1.1 desired OEM 1 inventory coverage 2 8 5 10 

1.1 OEM 1 stock adjustment time 3 12 10 3 

1.1 OEM 1 order fulfill delay 0.75 1.25 1 1.18075 

1.1 OEM 1 final product delivery time 0.75 1.25 1 0.75 
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1.1 OEM 1 production time 1 3.5 2 3.5 

1.1 plastic product transportation lead time 
Distributors 

0.75 1.25 1 1.25 

1.1 Distributor =< 0 1 0.95 0.27617 

1.1 Distributor => 0 1 0.05 0.06451 

1.1 Distributor >> 0 1 0.35 0 

1.1 Distributor >< 0 1 0.65 1 

1.1 Distributor << 0 1 0.65 0.017585 

1.1 Distributor <> 0 1 0.35 0 

1.1 Distributor else 0 1 0.5 0.090736 

1.2 plastic product transportation lead time 
Converters 

0.75 1.25 1 0.75 

1.2 Supply Line adjustment time 750 1250 1000 1237.44 

1.2 WIP adjustment time of plastic product 
orders 

750 1250 1000 774.853 

1.2 OEM 2 forecast adjustment time 250 750 500 250 

1.2 desired OEM 2 inventory coverage 2 8 5 9.9976 

1.2 OEM 2 stock adjustment time 3 12 10 3 

1.2 OEM 2 order fulfill delay 0.75 1.25 1 1.08894 

1.2 OEM 2 final product delivery time 0.75 1.25 1 1.24909 

1.2 OEM 2 production time 1 3.5 2 1.00075 

1.2 plastic product transportation lead time 
Distributors 

0.75 1.25 1 1.25 

1.2 Distributor =< 0 1 0.95 0.181412 

1.2 Distributor => 0 1 0.05 0.052395 

1.2 Distributor >> 0 1 0.35 0 

1.2 Distributor >< 0 1 0.65 1 

1.2 Distributor << 0 1 0.65 0 

1.2 Distributor <> 0 1 0.35 0.326835 

1.2 Distributor else 0 1 0.5 0.285825 

1.4 plastic product transportation lead time 
Converters 

0.75 1.25 1 1.25 

1.4 Supply Line adjustment time 750 1250 1000 1239.96 

1.4 WIP adjustment time of plastic product 
orders 

750 1250 1000 1246.96 

1.4 OEM 4 forecast adjustment time 250 750 500 250 

1.4 desired OEM 4 inventory coverage 2 8 5 10 
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1.4 OEM 4 stock adjustment time 3 12 10 3 

1.4 OEM 4 order fulfill delay 0.75 1.25 1 1.22862 

1.4 OEM 4  final product delivery time 0.75 1.25 1 1.24861 

1.4 OEM 4 production time 1 3.5 2 3.5 

1.4 plastic product transportation lead time 
Distributors 

0.75 1.25 1 0.75 

1.4 Distributor =< 0 1 0.95 0.249225 

1.4 Distributor => 0 1 0.05 0.599867 

1.4 Distributor >> 0 1 0.35 0.889325 

1.4 Distributor >< 0 1 0.65 0 

1.4 Distributor << 0 1 0.65 0.986971 

1.4 Distributor <> 0 1 0.35 0.993283 

1.4 Distributor else 0 1 0.5 0.298239 

2 Plastic product transportation lead time 
Converters 

0.2 1.2 1 1.19463 

2 Supply Line adjustment time 5 25 15 5.00859 

2 WIP adjustment time of plastic product orders 250 750 500 250.099 

2 Distributors forecast adjustment time 75 125 100 75.552 

2 desired Distributors inventory coverage 12 12 12 8.79848 

2 Distributors order fulfill delay 0.75 1.25 1 0.896656 

2 Distributors delivery time 0.75 1.25 1 1.24948 

2 Distributors acquisition time 0.5 2.5 1 0.5 

2 Distributors stock adjustment time 1 10 5 6.8312 

2 Speculation =< 0 1 0.05 0.340993 

2 Speculation => 0 1 0.95 0.748023 

2 Speculation >> 0 1 0.65 0.736563 

2 Speculation >< 0 1 0.35 0.397789 

2 Speculation << 0 1 0.35 0.014957 

2 Speculation <> 0 1 0.8 0.589886 

2 Speculation else 0 1 0.5 0.684718 

3 Polymer resin transportation lead time 
Traders 

0.2 1.2 1 0.232382 

3 Supply Line adjustment time 750 1250 1000 1249.79 

3 WIP adjustment time of resin orders 750 1250 1000 1224.44 

3 Converters forecast adjustment time 5 125 100 5.24071 
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3 desired Converters inventory coverage 1 6 2 6 

3 Converters order fulfill delay 0.75 1.25 1 1.00006 

3 Converters delivery time 0.75 1.25 1 0.889713 

3 Converters production time 1.5 2.5 2 2.49561 

3 Converters stock adjustment time 5 15 10 5 

3 Polymer resin transportation lead time 
Polymer Producers 

0.2 1.2 1 1.00082 

3 Trader =< 0 1 0.95 0.189153 

3 Trader => 0 1 0.05 0.347108 

3 Trader >> 0 1 0.35 0.050853 

3 Trader >< 0 1 0.65 0.464737 

3 Trader << 0 1 0.65 0.05234 

3 Trader <> 0 1 0.2 0.003616 

3 Trader else 0 1 0.5 0.414667 

3.5 Polymer resin transportation lead time 
Polymer Producers 

0.2 1.2 1 0.760283 

3.5 Supply Line adjustment time 5 25 15 5.519 

3.5 WIP adjustment time of resin orders 250 750 500 517.805 

3.5 Traders forecast adjustment time 5 125 100 5 

3.5 desired Traders inventory coverage 12 12 12 12 

3.5 Traders order fulfill delay 0.75 1.25 1 1.15999 

3.5 Traders delivery time 0.75 1.25 1 1.15674 

3.5 Traders acquisition time 0 2.5 1 0.015799 

3.5 Traders stock adjustment time 1 10 5 1.79848 

3.5 Speculation =< 0 1 0.05 0.471486 

3.5 Speculation => 0 1 0.95 0.848968 

3.5 Speculation >> 0 1 0.65 0.878798 

3.5 Speculation >< 0 1 0.35 1 

3.5 Speculation << 0 1 0.35 0.263371 

3.5 Speculation <> 0 1 0.8 0.844026 

3.5 Speculation else 0 1 0.5 0.249082 

4 C2 transportation lead time 0.75 1.25 1 1.24699 

4 Supply Line adjustment time 750 1250 1000 1228.86 

4 WIP adjustment time of C2 orders 750 1250 1000 1239.16 
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4 Polymers forecast adjustment time 5 15 10 5.15431 

4 desired Polymers inventory coverage 3 6 5.7 6 

4 Polymers order fulfill delay 0.25 0.75 0.5 0.267717 

4 Polymers delivery time 0.25 1 0.5 0.882467 

4 Polymers production time 2 4 3 3.3231 

4 Polymers stock adjustment time 5 15 10 5 

Table 20: Parameter values of the industry demand model 


