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Summary 
 

During the last two years Unilever has frequently changed its product portfolio by introducing 

new products or differentiating existing products. Both driven by technical innovations and 

price related advantages of assortment changes, Unilever experiences increased market shares 

and increased product margins (‘added value’). In contrast to the ‘added value’ of assortment 

changes, this study analyzes the ‘added complexity’ of assortment changes. It shows the 

difference in supply chain performance between different types of assortment changes and the 

relation between causes of ‘added complexity’ that characterize assortment changes and 

consequences of ‘added complexity’, i.e. supply chain performance. Based on these conclusions 

an approach is presented to improve product assortment decision making by (1) considering 

both ‘added value’ and ‘added complexity’ within existing product assortment decisions and (2) 

determine the expected ‘added complexity’ of planned assortment decisions. 
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Management Summary 
 

INTRODUCTION - During the last two years Unilever has frequently changed its product 

portfolio by introducing new products or differentiating existing products. Both driven by 

technical innovations and price related advantages of assortment changes, Unilever 

experiences increased market shares and increased product margins. However, it is expected 

that introducing new products or differentiating existing products on the other hand negatively 

affects Unilever’s supply chain (SC) performance. Namely, the Market Planning department 

experiences decreased SC performance and increased workload due to these assortment 

changes. However, a significant relation has not been identified. As a result, assortment 

decisions are driven by sales and marketing arguments. This implies that assortment changes 

are mainly determined by ‘added value’ (expressed in e.g. market share or turnover) and do 

not consider ‘added complexity’ (expressed in e.g. workload or SC performance). Since this 

study is initiated by the planning department of Unilever, ‘added complexity’ is analyzed from a 

demand planning perspective. Two main problems are identified: (1) Unilever does not have 

insights in the added complexity due to assortment changes and (2) as a result Unilever does 

not include ‘added complexity’ within its product assortment decisions; a distinction can be 

made between decisions regarding the existing or planned assortment. 

CONCEPTUALIZATION - Similarly to the study of Bozarth et al. (2009) ‘added complexity’ is 

analyzed by studying the relation between causes and consequences of complexity.  

Causes of added complexity - Regarding the causes of added complexity a distinction is made 

between product characteristics that characterize assortment changes and planner 

assortment characteristics as a result of assortment changes. Product characteristics of main 

interest are: (1) innovation type and (2) promotional pressure. Innovation type represents the 

type of assortment change and is classified based on new vs. existing products and repacked (R) 

vs. non repacked (NR) products. Five innovation types can be distinguished: base products (NR, 

existing), innovations (NR, new), relaunches (NR, new), base repacks (R, existing) and new 

repacks (R, new). Relaunches and innovations are different since innovations do not have a 

similar predecessor contrary to relaunches. Moreover, (3) the number of shipment weeks (i.e. 

product lifecycle length), (4) intermittent demand (i.e. number of non zero demand weeks) and 

(5) average demand are included as relevant variables that characterize assortment changes. 

Planner assortment characteristics are determined based on the set of products that a planner 

manages and defined by (6) the number of products and (7) planner assortment newness.  

Consequences of added complexity - The main consequence under consideration of ‘added 

complexity’ is SC performance and defined by the following four measures: (1) forecast 
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inaccuracy (i.e. sMape), (2) average stock level (i.e. in weeks on hand), (3 & 4) and service level. 

Since service level does not exhibit a normal distribution two separate measures are defined: 

(3) P1 service level (i.e. probability of 100% service level) and (4) a conditional P2 service level 

(i.e. relative number of delivered cases if service level does not equal 100%).    

MODELLING - Multiple Regression Analyses are applied to determine the SC performance 

indicators 1, 2 and 4. Logistic Regression is applied to determine SC performance indicator 3. 

Besides the causes of complexity (1-7), ‘other variables’ are added to the models in order to 

control for variation explained by other factors and to increase the predictive power.  

VALIDATION - First the conclusions regarding innovation types are elaborated and 

subsequently the remaining factors are discussed.   

Product characteristics - Three conclusions can be drawn regarding (1) innovation types: 

1. Base products vs. relaunches / innovations - base products perform better than 

innovations and relaunches in terms of forecast inaccuracy and average stock levels. Base 

products perform worse than innovations and relaunches in terms of Service Levels.  

2. Innovations vs. relaunches - innovations perform worse than relaunches in terms of 

Forecast Inaccuracy and Stock Level. Regarding service level no difference is identified 

between innovations and relaunches.  

3. Base Repacks vs. New Repacks - Base Repacks perform better than New Repacks in 

terms of Forecast Inaccuracy. Base repacks perform worse than New Repacks in terms of 

Average Stock Level and perform similar regarding Service Level.  

Next, 6 other main conclusions are drawn. (2) Promotional Pressure shows that forecast 

inaccuracy increases in case of promotions of base products. Moreover, it does not confirm that 

forecast inaccuracy increases in case of other innovation types. (3) Number of shipment 

weeks shows that introducing new products such that the number of shipment weeks 

decreases results in a decreased performance of all SC indicators. (4) Intermittent demand 

shows that products that exhibit many zero demand weeks (e.g. repacks) result in a decreased 

performance of all SC performance indicators except average stock level. (5) Inverted average 

demand shows that products with low average demand exhibit decreased SC performance of 

all SC indicators except service level. 

Planner assortment characteristics - (5) Total number of products shows that the total 

number of products within a planner portfolio does not affect forecast inaccuracy and service 

level.  (6) Assortment newness shows that when assortment newness increases the forecast 



 

 

 

Page | VII 
 

 

 

 

inaccuracy of base products and relaunches increases and the service level of base products 

decreases.  

IMPLEMENTATION – Prior regression analyses revealed a scientific relation between causes 

and consequences of complexity. Next two main implementation steps are proposed: 

Existing assortment decisions - In order to improve decisions related to the existing 

assortment both added value and added complexity should be considered. The regression 

analyses studied ‘added complexity’ and indicated the difference in SC performance between 

innovation types. In order to apply these conclusions in practice both added value and added 

complexity should be considered. In this study added value is represented by volume since one 

of the major targets of Unilever is to maintain market share by volume growth1, Added 

complexity is defined by combining forecast inaccuracy and service level into one complexity 

measure (Operational Complexity Index). Based on this analysis it can be concluded that new 

repacks exhibit high complexity and low volume. Moreover, relaunches exhibit low complexity 

and high volume. Concluding, it is recommended to decrease the number of new repacks and 

increase the number of relaunches. An alternative to new repacks is to increase the 

repetitiveness of repacks such that the number of base repacks increases and the number of 

new repacks decreases. Unilever has indicated that this conclusion can be implemented. 

Planned assortment decisions – In order to improve decisions of the planned assortment 

Unilever should determine the expected SC performance as a consequence of assortment 

changes. A general finding is that forecast inaccuracy of base products and relaunches 

increases respectively with 2.4% with 4.6% when assortment newness increases with 10%. 

The average expected assortment SC performance is a result of (1) the current composition of 

the assortment and (2) the planned added innovation types. Unilever has indicated that this 

approach could be applied on a yearly base by using the planned marketing / sales initiatives. 

Organizational change and adaptation of processes - Finally it is recommended to adapt the 

organization and its processes as follows: (1) improve the forecasting strategy of innovations 

and new repacks, important factors like number of shipment weeks, intermittent demand and 

average demand should be taken into account. (2) Control the product portfolio of a planner 

not only based on the number of products but also include assortment newness. (3) Register 

innovation types such that SC performance can be monitored and evaluated. Unilever has 

indicated that recommendation 2 can implemented as additional measure to control planner 

portfolio’s and allocate products to particular planners.   

                                                             

1 It should be noted that added value is defined in a simplistic way since this study does not focus on added value.  
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PART I: INTRODUCTION 

1. Introduction 

 

1.1 Company introduction 

This section describes the context of this Master Thesis. First Unilever as a company is shortly 

discussed on both a global and Benelux level and Unilever’s brands and product groups are 

introduced (paragraph 1.1.2 and 1.1.2) After this general introduction of the company, this 

section continues with a brief introduction of the problem situation and the relation with 

articles found in literature (paragraph 1.2 and 1.3). Finally, based on this literature review 

and the problem situation at Unilever the main approach of this study is presented 

(paragraph 1.4).   

 

1.1.1  Unilever global and Benelux 

Unilever originated from two different companies. The first company was a soap company 

located in England (i.e. Lever Brothers) and the second company was located in The 

Netherlands producing margarine (i.e. Margarine Unie). During the first 30 years the company 

focussed on brand and product development in domestic and European markets. After 1960, 

the company became increasingly global resulting in one of the largest companies in the Fast 

Moving Consumer Goods Industry with an annual turnover exceeding 40 billion dollar.  With 

respect to recent results, Unilever achieved globally strong results in 2009. The organization 

realized a turnover of 40.523 million Euro and an operating margin of 17.7%. Unilever’s 

mission is to add vitality to life by innovating in a sustainable manner and satisfying customer 

demand.   

Unilever Benelux is a Multi Country Organization (MCO) and forms a part of Unilever Europe. 

The Unilever Benelux organization accounts for a turnover of 1.849 million Euro and 4048 

employees. More detailed, Unilever Netherlands realized a turnover growth of 6% making it 

again one of the best performing Unilever-countries in Europe.  In 2008 the sales were equal to 

1.199 million Euro and the number of employees accounted for 3.474.   Unilever Belgium 

realized a turnover growth of 2.2% making the sales equal to 650 million Euro, the number of 

employees in Belgium accounted for 574 people.  With respect to the organization structure, 

the Benelux organization consists of two head departments located in Brussels and Rotterdam. 

The corporate department (located in Rotterdam), the sourcing units (located in Oss, 
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Hellendoorn, Rotterdam and Brussels) and the Research and Development (R&D) centre 

(located in Vlaardingen) are not part of the Unilever Benelux organization.  These institutions 

are part of the Unilever Supply Chain Company (USCC) which is officially located in Switzerland. 

This implies that one could regard the MCO as a customer of the USCC that orders products at 

the sourcing units. Moreover the distribution centres and related stock management are 

outsourced to four external logistical parties that manage five distribution centres in total.  

 

1.2.1 Unilever brands and products 

Unilever supplies many different types of products in both the food and non food industry. Due 

to this large variety of products, Unilever clustered its products into five main product groups: 

� Home Care (e.g. Omo and Cif) 

� Personal Care (e.g. Dove, Vaseline and Rexona) 

� Savoury and Dressings (e.g. Knorr, Conimex, Unox and Calve) 

� Spreads & Cooking category (e.g. Becel and Blue Band) 

� Ice Cream and Beverages (e.g. Ola and Lipton) 

In practice the first two clusters are grouped into Home and Personal Care (HPC) and the latter 

three clusters into Food. The Unilever product portfolio consists of more than 400 different 

brands and has 13 brands that individually account for more than one billion dollar turnover. 

Moreover the top 25 brands of Unilever account for 70% of the total global turnover.  

 

1.2 Problem introduction: complexity of assortment changes 

The competition within the retail industry has significantly increased last decade. As a result 

Unilever introduced many new products or differentiated existing products in order to remain 

competitive. Namely, introducing new products or differentiating existing products is a 

strategy to stop decreasing price spirals and keep prices up. In general product assortment 

decisions are related to maintaining products or introducing new products. Within Unilever, 

these product assortment decisions concern answers on questions like: Which existing 

products should be maintained? Which existing products should be differentiated and in what 

way? Which existing products should be de-listed? Which new products should be introduced? 

A traditional measure of success that is commonly driving product assortment decisions within 

the retailing industry is market share, sometimes expressed in turnover or US Dollars. 
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However, by only taking the (potential) added value into account, Unilever considers a limited 

perspective. Namely, as a result of product assortment changes, Unilever faces also a 

downside: added complexity. In particular this added complexity is experienced within the 

demand planning department. Figure 1 shows the possible consequences of product 

assortment changes: added value and added complexity. As mentioned before, added value can 

be expressed in increased market share or increased turnover. Added complexity implies 

decreased supply chain performance or increased workload within the planning department.   

 

              Figure 1 Product assortment decisions and its consequences 

A clear understanding and quantification of the consequences of added complexity as a result 

of assortment changes is currently not quantified within Unilever. Namely, the market planning 

department has no information or insights regarding added complexity of product assortment 

changes. On the other hand, the marketing and sales departments have much information and 

insights regarding added value of product assortment changes. This results in objective 1: 

Objective (1) is to study added complexity of product assortment changes within the 

market planning department by analyzing the main factors that drive ‘added complexity’ 

and their relation with the main consequences of ‘added complexity’. 

Moreover, the lack of insights regarding added complexity influences discussions regarding, e.g. 

whether or not to implement changes within the product assortment. As a result, by 

concerning both added complexity and added value Unilever will improve its product 

assortment decisions. This results in objective 2: 

Objective (2) is to apply the insights gained by objective (1) in order to improve 

assortment decisions by considering both added value and added complexity. 

Next two paragraphs elaborate on complexity as defined and studied in literature and 

within Unilever. 
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1.3 Complexity: as defined and studied in literature 

Several research streams, e.g. physical sciences, philosophy, business management and 

information theory, have applied the principle of complexity which has resulted in different 

definitions of complexity. Within this field of research, i.e. Operations Research, two general 

types of complexity studies can be identified. The first type of research defines complexity by 

introducing one uniform measure of complexity and studies to what extend complexity affects 

supply chain performance (1). The second type of research defines complexity by identifying 

factors that affect complexity and studies the relation between these factors and supply chain 

performance (2).  Since little studies are executed within this field of research both research 

directions are relevant. Based on these two research directions Unilever has indicated that the 

second type of research is preferred. The main motivation for this preference is that the 

primary objective is not to define a measure of complexity but to study the relation between 

factors that affect complexity and supply chain performance. Next, based on the chosen 

direction of research, two relevant studies are presented that define complexity differently:  

(1) Closs et al (2009) define one indicator that represents the level of complexity and study the 

relation between this indicator and supply chain performance. More precisely, the authors 

argue that the number of component variants determines the level of complexity and that the 

level of complexity subsequently affects supply chain performance. Complexity is studied by 

analyzing the relation between number of component variants and supply chain performance. 

(2) Bozarth et al (2009) define complexity by presenting a number of factors that determine 

the level complexity and subsequently affect supply chain performance. The objective is to 

determine which factors significantly affect supply chain performance.  

Regarding the methods applied, Closs et al (2009) apply MANOVA to determine the difference 

in performance between the number of component variants. Bozarth et al (2009) use 

Regression Analysis to determine which factors significantly affect supply chain performance. 

Both studies are used as a guideline to define and study complexity within Unilever. Next 

paragraph discusses how complexity is defined and studied within Unilever.  

 

1.4 Complexity: as defined and studied within Unilever 

In order to understand the causes of complexity, first based on the prior literature study a 

summary of all factors that affect the level of complexity is executed. (see Appendix 1). 

Similarly to the research of Bozarth et al (2009) a list of complexity factors affecting supply 

performance could be studied. However, due to two reasons it is not chosen to continue with 

this type of research: 
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� the scope of this type of study and the large amount of required data indicate a low 

attainability; 

� Unilever is not in particular interested in an analysis which shows a wide variety of 

factors affecting supply chain performance.  

However, Unilever is in particular interested in the relation between changes within the 

product assortment, considered as complexity, and supply chain performance. In Paragraph 1.2 

is mentioned that added complexity, as a consequence of changes within the product 

assortment, is currently undefined within Unilever. Since no uniform measure of complexity is 

defined within Unilever, a different method to study complexity is required. This study 

analyzes the relation between the causes and consequences of complexity (see Figure 2). As 

earlier mentioned, two important consequences of added complexity are decreased supply 

chain performance and increased workload. Therefore two potential studies are defined: (1) a 

study that analyzes the relation between product assortment changes and supply chain 

performance or (2) a study that analyzes the relation between product assortment changes 

and workload. Since there is only a limited time to execute the study, it is decided to study the 

relation between product assortment changes and supply chain performance (i.e. option 1) due 

to the following two reasons: 

� Required data is available regarding option 1 and is not available regarding option 2 

(i.e. supply chain performance is measured and workload is not measured) 

� Practical relevance has been preferred by Unilever for option 1 instead of option 2   

� Scientific relevance has been justified for option 1 and not for option 22 

 

Figure 2 Causes and consequences of complexity 

Concluding, this Master Thesis analyzes the relation between product assortment changes 

and supply chain performance. The next section elaborates on the problem statement 

including an illustration of the experienced problems within Unilever.   

                                                             

2 Master Thesis Preparation 1 Yannick Vergouwen 2010 



 

 

 

Part I: Introduction  Page | 6 of 123 

 

 

 

 

2 Project definition 

 

 

2.1 Problem statement 

During the last two years Unilever has frequently changed its product portfolio by introducing 

new products or differentiating existing products. Both driven by technical innovations and 

price related advantages of these assortment changes Unilever experiences increased market 

shares and increased product margins. However, it is expected that introducing new products 

or differentiating existing products on the other hand negatively affects Unilever’s supply chain 

performance. Based on market trends and Unilever’s strategy it is moreover expected that this 

trend of increased product assortment changes will continue and even increase during the 

upcoming years. The Market Planning department currently experiences that no insights 

regarding the consequences of these product assortment changes are quantified, i.e. ‘added 

complexity’. Based on this analysis Unilever experiences the following four problems: 

Problem 1: Unilever does not have insights in the current supply chain performance of 

different types of assortment changes. 

Problem 2: Unilever has not determined the relation between product characteristics 

related to assortment changes and supply chain performance. 

Problem 3: Unilever has not determined the relation between planner assortment 

characteristics as a result of assortment changes and supply chain performance. 

Problem 4: Unilever does not consider supply chain performance within its product 

assortment decisions: (1) an approach is required to consider both ‘added value’ and 

‘added complexity’ regarding existing product decisions and (2) an approach is 

required that estimates the ‘added complexity’ of planned product decisions.  

The conclusions regarding the causes and consequences of complexity, i.e. ‘added complexity’ 

(problem 1, 2 and 3), are used in order to improve assortment decision making (problem 4). 

 

2.2 Problem illustration (problem 1 and 2: product characteristics) 

Currently Unilever uses different mechanisms to introduce new products. This implies that e.g. 

existing products are differentiated or new products are introduced. With respect to product 

differentiation several options are possible: e.g. price differentiation by promotions or physical 

differentiation by changing the artworks. As mentioned, Unilever does not have insights 

regarding the supply chain performance of these different types of product assortment changes. 

Therefore it is questioned if different types of product assortment changes exhibit different 

supply chain performance (1) and which other factors determine this difference (2). 
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2. The forecast process of new product introductions requires an intensive preparation 

period since no or limited historical data is available to determine an accurate forec

Moreover, introduction periods are always strongly supported by media campaigns 

which increases the necessity of (1) being on time regarding the moment of launch and 

(2) excluding the probability of being out of stock since a consumer is in particular

looking for the product. Concluding, an increasing number of new products results in 

an increased workload of market planners with respect to product forecasting.
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3. Introducing new products results in an increased probability of obsoletes. This is 

caused by (1) new introduced products due to a high uncertainty with respect to 

demand and (2) existing products that are delisted due to the introduction of new 

products. Therefore, an increasing number of new products results in an increased 

workload with respect to obsolete management.  

Finally, it should be remarked that in general it is expected that product assortment changes 

have a higher priority within the Market Planning department compared to existing products. 

Moreover, it is expected that the product life cycle of products becomes shorter which 

increases the frequency of all processes which are previously described (Bayus, 1994). 

Concluding, it is questioned whether product assortment characteristics as a result of 

assortment changes affect supply chain performance of products (3).  

 

2.4 Problem illustration (problem 4: planner assortment perspective) 

Problem 1, 2 and 3 gain insights in (1) the difference in supply chain performance of different 

types of assortment changes and (2) provide a causal relation between the main causes and 

consequences of ‘added complexity’ due to assortment changes. Based on these two 

deliverables Unilever could improve its product assortment decisions by considering both 

‘added value’ and ‘added complexity’ regarding existing product decisions and (2) estimate the 

‘added complexity’ of planned product decisions. Existing product assortment decisions are 

related to delisting a product while introducing a new product is related to planned assortment 

decisions, see figure 5.   

 

Figure 5 Product Assortment Decision Process 

Concluding, problem 1, 2 and 3 represent the scientific steps that are required to solve problem 

4, i.e. the implementation step. Moreover, problem 1, 2 and 3 provide the foundation how 

Unilever in the future should adapt its organization and processes based on these conclusions.    
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2.5 Solving problem 1-4: General complexity framework 

This paragraph introduces a self defined complexity framework that should provide a general 

approach to overcome the problems defined in paragraph 2.1. Moreover this framework could 

be applied to general complexity projects related to assortment changes. This approach is also 

used as a general structure within this study, a relation with the particular sections is provided. 

General Complexity framework

Step 2: 

Define causes of 

complexity 

Step 5.2: 

Identify and exploit 

‘good’ complexity  

Step 5.1:

Identify and reduce 

‘bad’ complexity   

Step 1: 

Define and measure 

consequences of 

complexity   

Problem definition:

‘high unquantified 

complexity’

Step 6: 

Predict 

consequences of 

complexity decisions   

Step 3: 

Analyze the relation 

between causes and 

consequences  

Step 4:

Draw main 

conclusion on 

analysis

Implement complexity decisions 

and simulate estimated effects 

Gain insights in relation between causes 

and consequences of complexity

Part 2: 

Conceptualization

Part 1:

Introduction

Part 3:

Modelling

Part 4: 

Validation

Part 5:

Implementation Step 5.3: 

Adapt processes / 

organization  

Adapt processes / organization

Section 4/ 5/ 6

Section 3

Section 7

Section  1 & 2

Paragraph 8.1

Paragraph 8.1

Paragraph 8.2

Paragraph 8.3

Section 3

 

Figure 6 General complexity framework 

Context: Unilever experiences high complexity but is not able to quantify this level of 

complexity or its consequences and neither how to cope with it. Next the following six step 

approach is further discussed: 

Step 1: In order to study complexity the main consequences of complexity should be 

defined and measured, i.e. performance indicators. With respect to this Master thesis a 

high level of complexity is experienced within the Market Planning Department. The 

main consequences of this level of complexity can be defined by measuring, e.g. supply 

chain performance of products (see section 3 and 7.1). Next it should be defined which 

complexity related factors affect this level of performance.   



 

 

 

Part I: Introduction  Page | 10 of 123 

 

 

 

 

Step 2: Analysis should indicate which main factors determine performance. With 

respect to this master thesis it is hypothesized that (1) product characteristics related to 

assortment changes and (2) planner assortment characteristics as a consequence of 

assortment changes determine the level of complexity (see section 3). Next, analysis 

should reveal whether a significant relation exists between these main causes of 

complexity and its consequences. 

Step 3: Statistical analysis should be applied to define which factors significantly affect 

the performance indicators (see section 4, 5 and 6).  

Step 4: Based on step 3 general conclusions are drawn which results in insights 

regarding complexity. Next, based on these insights, decisions should be made how to 

reduce or control the level of complexity within the organization (see section 7). 

Step 5: Complexity itself should not necessarily be reduced, e.g. highly complex but 

highly profitable products might be worth it to produce. Therefore a distinction should 

be made between ‘bad complexity’ and ‘good complexity’ (see section 8.1). Step 4 should 

result in complexity decisions with the objective to enhance good complexity and reduce 

bad complexity. With respect to this Master thesis this refers to product assortment 

decisions, i.e. which products should be delisted or added? Next, a prediction of the effect 

of these decisions on supply chain performance should be made. 

Step 6:   Previous steps revealed the current level of performance, the factors that affect 

this performance level and the decisions how to increase this performance level. As a 

final step the projected performance, as a result of these decisions, should be determined 

(see section 8.2). 

This six step approach provides a solution to the four defined problems within Unilever: 

1. Indentify and measure current supply chain performance, i.e. the consequences of 

complexity. (Step 1 is related to Problem 1 in section 2.1) 

2. Identify main causes of complexity, i.e. define the main factors that positively or 

negatively affect performance and define a significant relation between causes and 

consequences of complexity (Step 2, 3 & 4 are related to problem 2 & 3 in section 2.1) 

3. Make right decisions how to reduce ‘bad’ complexity and exploit ‘good’ complexity, 

determine the expected performance as a result of these decisions and adapt the 

organization and processes (step 5 & 6 are related to problem 4 in section 2.1) 

Next section elaborates on the conceptual model which includes the hypothesized causes 

and consequences of complexity and how they affect each other, i.e. step 1 and 2. 
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PART II: CONCEPTUALIZATION 
 

3. Model definition 
 

This section elaborates on the models that are defined in order to answer the defined problems 

in paragraph 2.1. First the general conceptual model is presented (paragraph 3.1). Next, four 

dependent variables are selected that represent supply chain performance (paragraph 3.2). 

Subsequently the independent variables under consideration are introduced (paragraph 3.3). 

Based on the selected dependent and independent variables four models are defined in order 

to assess which factors significantly determine supply chain performance (paragraph 3.4).  

 

3.1 Conceptual model (general) 

This section elaborates on the models that are defined in order to answer the prior defined 

problems. Four dependent variables are selected that represent supply chain performance: 

obsolete (i.e. waste), average stock level, forecast inaccuracy and service level. With respect to 

the causes of complexity a distinction is made between product characteristics and planner 

assortment characteristics.  Planner assortment characteristics are applied on the set of 

products that a planner manages and represent the causes of complexity from a planner 

assortment perspective. It should be noted that moderating effects are not visualized in figure 7. 

 

Figure 7 Conceptual Model (general) 
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In general figure 7 shows how innovation type, (i.e. different types of assortment changes), 

promotional pressure, planner assortment characteristics and supply chain performance are 

included in the model. In order to gain more insights in the causes of complexity three 

additional variables are introduced: number of shipment weeks, intermittent demand and 

average demand. These three factors provide additional insights regarding the main causes of 

complexity with respect to assortment changes. Namely, besides promotional pressure or 

innovation type, assortment changes can be characterized by the product lifecycle length (i.e. 

number of shipment weeks), intermittent demand (expressed in the number of zero demand 

weeks) and average demand. Interviews revealed that these factors are relevant to consider 

when studying the main causes of complexity due to assortment changes. In order to improve 

the predictive power of the models and to gain insights in other factors that determine supply 

chain performance, ‘other regressors’ are added to the model. Paragraphs 3.2 and 3.3 elaborate 

in detail on all variables and whether a moderating effect is expected. Subsequently, the 

detailed conceptual models and related hypotheses are introduced in paragraph 3.4.   

 

3.2 Dependent variables 

Unilever aims to find a relation between innovation types and supply chain performance. 

Moreover the moderating effects of promotions and planner assortment characteristics are of 

main interest. This paragraph first introduces the relevant supply chain performance 

indicators. Relevance is defined from a total supply chain perspective. An important 

performance indicator of a market planner is forecast inaccuracy. This represents whether the 

demand planner is able to accurately forecast customer demand. However, when a demand 

planner does not accurately forecast customer demand, this might have two consequences. 

Either the service levels decrease or the stock levels increase in order to meet the desired 

service level (see Figure 8). An important consequence of excessive stocks are obsoletes, 

especially when products are rotated or only temporary offered to customers.   

 

Figure 8 Forecast Inaccuracy, Service Level, Stocks and Obsoletes 

Next, these four supply chain performance indicators and related measures are elaborated. 
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3.2.1 Forecast Inaccuracy (1) 

Forecast inaccuracy is used since this measure shows whether the demand planner is able to 

accurately forecast actual demand. It is expected that forecast inaccuracy expressed in MAPE 

includes many extreme values since forecast inaccuracy is measured on product level, i.e. Mape 

values > 1000%.  According to J. Tayman and D. Swanson (1999) and Hyndman and Koeler 

(2005) MAPE has several disadvantages: 

- MAPE becomes overestimated in the presence of high outliers 

- MAPE puts a heavier penalty of positive errors instead of negative errors 

- MAPE becomes infinite when actual demand is close to zero 

 

Since both high outliers of MAPE and many zero demand cases are likely to be present in the 

dataset, a second measure is introduced: sMape. This measure corrects for a symmetrical 

distribution and is able to deal both with extreme differences between forecasted and actual 

demand and zero demand cases. A disadvantage of sMape is that it puts a heavier penalty on 

negative errors instead of positive errors. The formula of sMAPE is as follows: 

 

shipmentsActual

ForecastshipmentsActual
sMAPE

X 4−−
=

 

Formula 1 

With respect to the applied forecast data Unilever registers three forecasts: X-1, X-4 and X-8. 

This implies that respectively at t=0 a forecast is made for t = 1 (i.e. forecast X-1), t=4 (i.e. 

forecast X-4) and t=8 (i.e. forecast X-8). The forecast at X-4 is preferred since Unilever 

internally measures the performance of its planners based on X-4, this is the most important 

performance measure from a planner perspective.  The forecast at X-1 is not relevant in this 

analysis since Unilever applies a frozen period of its plants of two weeks. Therefore a change of 

the forecast after X-4 will not be effective since also factors like production frequency, 

minimum batch size and transport time determine whether a product can be produced within 

a short period of time. Therefore the forecast of X-1 is not applied within this study. Regarding 

the forecast at X-8 it is possible that some products can still be produced within time based on 

changes within this forecast. However, information regarding production frequency, minimum 

batch size and transport time is not available.  Moreover, it is likely that the forecast at X-8 is 

based on information that changes between X-8 and X-4 due to e.g. promotional modifications 

or postponed introductions. In order to use the most reliable and relevant forecast data it is 

preferred to apply the forecast at X-4.  

3.2.3 Average Stock Level (2) 

Since one of the main objectives of this research is to compare supply chain performance of 

innovation types, the amount of stock expressed in weeks on hand is used. In order to calculate 
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the amount of weeks on hand one should determine the average sales per week. With respect 

to the type of sales data, it is preferred to use the real occurred sales instead of the sales data 

that was present at the moment of forecasting (historical sales). After all, real occurred sales 

are preferred in order to represent the real occurred performance regarding stock levels. 

Moreover, the calculation of average sales is executed based on a rolling horizon of 13 weeks. 

Next the following formula can be defined: 

∑
+∂=

∂= ∂

∂ =
12

,

,)(
t

t i

i

i

D

ASL
handonWeeksASL  Formula 2 

3.2.2 Service Level (3 and 4) 

Service Level is used since this measure is the most important supply chain performance 

indicator of Unilever towards its customers. This indicator is not directly within control of the 

demand planner since other factors like plant schedule performance, distribution performance 

and stock level affect service level. However, since this measure is very relevant to Unilever 

and its customers, service level is included in the study. The P2 measure is preferred since it 

represents which percentage of the total ordered volume is shipped to the customers.  

However, the distribution of Service Level is not normally distributed since the average Service 

Level of Unilever equals 97% which implies an extremely high frequency of 100% values. 

Therefore Service Level is analyzed twofold: (1) the probability of SL =100% versus SL < 100% 

and (2) the percentage of delivered volume versus ordered volume if SL < 100%. 

The first measure is somewhat related to the regular P1 Service Level. However, P1 service 

level only determines the probability of a product being out of stock at the moment of 

replenishment. The second measure is somewhat related to the regular P2 Service Level. 

However, in this analysis P2 service level is only determined when SL < 100% which implies a 

conditional variant of P2 Service Level. The formula of SL (P2 | SL <100%) is defined as follows: 

 

%100%)100|2( x
volumeOrdered

volumeShipped
SLPSL =<  Formula 3 

 

As earlier mentioned many factors affect service level. Similar to a root cause analysis Unilever 

registers the reasons of missed cases. Therefore a selection is made in order to include only 

missed cases due to factors that are in direct control of a Market Planner or that are in scope of 

this research. This implies that only missed cases are taken into account that either are in 

control of the market planner or missed cases that are related to one of the defined innovation 

types. Table 1 presents the reason codes that are included in the analysis. Based on this table 

we may conclude that 51.6% of the total missed cases are excluded from the analysis. 
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Important reason codes that contribute to these remaining reason codes are related to 

transport, manufacturing and warehousing. 

 

Table 1 Selected reason codes (Service Level) 

3.2.4 Obsoletes (excluded) 

Products are considered as obsoletes when finished products cannot be shipped to retailers 

due to an expired perishable date or malfunction. Major causes for this phenomenon are short 

shelf life products, new products or temporary promotional products. Due to the internal 

structure at Unilever products are distinguished between Unilever Supply Chain Company 

(USCC) products and Benelux Multi Country Organization (MCO) products. The former type of 

products is produced by the USCC for several countries and belongs to the full responsibility of 

the USCC. However, the latter type of products is particularly set up for the MCO Benelux 

organization and therefore belongs to the full responsibility of the MCO organization. 

Concluding obsoletes are registered in two ways: (1) regular obsoletes that contain products of 

the USCC organization and (2) promotional obsoletes that contain products of the MCO 

Benelux organization. Due to this split of responsibility obsoletes are not registered uniformly 

within Unilever. Obsoletes are not registered on a weekly base and the allocation of obsoletes 

to individual products occurs in an arbitrary way. Therefore it is decided not to study obsoletes 

in a regression model.  

                                                             
3
 With respect to generalization of results regarding Service Level it is analyzed whether this dataset 

includes other products instead of taking the all reason codes into account.  In social studies this 

validation is similar to non response bias. It can be concluded that 92.8% of all cases are still included. 

Reason code Description 
% of missed cases 

in 2008 and2009 

Sales over forecast Baseline demand is higher than forecasted 14,60% 

Forecast communicated too late to SU Forecast changes are communicated too late to the SU 0,2% 

Launch postponement 
Newly introduced products cannot be delivered in the 

first planned shipment week 0,3% 

Short promotion forecast Promotional demand is higher than forecasted 6,0% 

Action volume exceeded 
The pre determined promotional volume between 

Unilever and its customer is exceeded 14,3% 

Customer orders delisted products 
Customer orders a product that is not part of the 

product portfolio due to delisting 9,9% 

Customer orders before launch Customer orders newly introduced products too early 3,0% 

Remaing reasoncodes N/A 51,6%3 
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3.3 Independent variables 

Previous paragraph introduced four dependent variables (1-4) and in this paragraph all 

independent variables (5-19) are introduced. Subsequently, the hypotheses regarding the 

relation between the independent and dependent variables are presented in paragraph 3.4. 

 

3.3.1 Innovation types (5) 

This section discusses the definition of all innovation types. First the new products are 

discussed that include innovations, relaunches and new repacks. Next the existing products are 

defined which are represented by base products and base repacks. Finally, the definition of 

promotions and all other regressors in this study are introduced. The detailed models and 

related hypotheses are defined in paragraph 3.4. 

New products: Innovations, Re-launches and New Repacks  

As earlier mentioned, the product assortment can be distinguished by existing and new 

products. Moreover, new products can be distinguished by innovations, re-launches and new 

repacks. Unilever does not register whether a product is existing or new or whether a product 

is innovated or re-launched. Therefore, in order to define the distinction between new and 

existing products, the shipments between Unilever and any single retailer in the Benelux are 

used. Moreover, whether a product is new or existing is dependent on time. In other words, 

when a product is newly introduced to the market a product transforms into an existing 

product after 26 weeks. Unilever applies this definition of 26 weeks within its planning 

department. Since the scope of interest concerns 2008 and 2009, week 27 in 2007 is used as a 

starting point in order to define whether a product is considered as new in 2008. The following 

two conditions are applied to define new products: 

∑ >
2009.52

2007.27
0D  Condition 1 

∑ ≤
2009.53

2007.27
26NSW  Condition 2 

N.B. The following symbols are defined as follows: 

D: Demand, i.e. positive shipments between Unilever and any retailer  

NSW: Number of shipment weeks, i.e. at t=δ the number of weeks between the first 

shipment week (FSW) and the actual week (δ): FSW - δ  

By applying these two conditions, all new products that are introduced in 2008 and 2009 are 

defined. Table 2 presents the number of new and existing products for both categories:  
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Category Existing / new Number of products 

Savoury New 1284 

Savoury  Existing 1182 

DEO & GROOMING New 566 

DEO & GROOMING Existing 323 

Table 2 Existing and new products in 2008 and 2009 

With respect to table 2 the existing SKUs are defined at 1.2008 and the new SKUs are defined 

between 1.2008 and 53.2009. No general conclusions can be drawn based on this table since 

new products transform into existing products after 26 weeks. However, one could remark 

that the total product portfolio is newly introduced within two years regarding Savoury and 

within slightly more than one year regarding Deo & Grooming.  This conclusion should be 

corrected for products that have always been in the product portfolio in 2008 and 2009. 

Since innovation types need to be defined, existing and new products should be further 

specified. First, a distinction is necessary regarding new products: re-launches, innovations 

and new repacks. In SAP Unilever stores if a product concerns a repack. However, no 

information is stored regarding the remaining distinction between relaunches and innovations. 

Therefore interviews are executed with Category Managers in order to distinguish between 

innovations and relaunches.  In practice Unilever applies the following rules to distinguish 

between relaunches and innovations: 

� A new product with a similar predecessor is considered as a relaunch 

� A new product with no similar predecessor is considered as an innovation 
 

Some practical examples to illustrate the difference between a relaunch and innovation: 

Ex. 1:  A new product that maintains an existing EAN code4 is regarded as a 

relaunch, e.g. the change of an artwork  

Ex. 2: A new product that has a new EAN code and has a similar predecessor is 

considered as a relaunch, e.g. a price change 

Ex. 3: A new product that has a new EAN code but has no similar predecessor is 

considered as an innovation, e.g. a new product variant 

 

Finally, whether a product is new or existing is dependent on time. In other words, when a 

product is newly introduced to the market a product transforms into an existing product after 

26 weeks. Next paragraph elaborates on the definition of base products and base repacks. 

                                                             

4 Appendix 5 shows the definition of EAN and the related product hierarchy of Unilever 
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Existing products: base and base repacks 

Products are considered as base products in case the number of shipment weeks is greater 

than 26 and the product is not repacked. As mentioned earlier, week 27 in 2007 is used as a 

starting point. Products are defined as base when: 

∑ >
2009.53

2007.27
0D  Condition 3 

∑ >
2009.53

2007.27
26NSW  Condition 4 

Previous paragraph elaborated on new products: relaunches, innovations and new repacks.  

Similarly to relaunches and innovations, new repacks transform into base repacks after 26 

shipment weeks. These products are called base repacks since these products are repacked at a 

copacker and the similarly to non repacked products the following conditions holds: 

∑ >
2009.53

2007.27
0D  Condition 3 

∑ >
2009.53

2007.27
26NSW  Condition 4 

3.3.2 Promotions (6) 

The influence of promotions on supply chain performance is also included in the analysis. Two 

options are possible to define to which extend a product is on promotion:  

(1) Absolute measure: Total number of promotions per time unit, i.e. the number of 

retailers where the product is offered on promotion per time unit. 

(2) Relative measure: Promotional pressure (PP), i.e. promotional volume per time unit 

compared to total volume per time unit.  

The second option is preferred since it better reflects the complexity of a promotion at 

Unilever. In theory both volume and number of promotions per time unit determine the impact 

on supply chain performance. However, in practice Unilever aims to offer products on 

promotion only at a single retailer at any time. Therefore, when looking at a weekly scale to 

promotional products, the majority of the number of promotions per product will be equal to 

zero, one, two or three. Analysis shows that in the category Savoury 85% of all promotional 

products have one, two or three retailers at the same time 5. In practice this difference is 

caused by the fact that exceptions are made in case of very small local retailers.  Concluding, 

promotional pressure (PP) is preferred to measure promotions at product level.  

Finally, the promotional pressure is measured at three moments: (t-1), (t) and (t+1) in order to 

include cannibalization effects. Namely traditionally demand increases before and during a 

                                                             
5
 Promotional data regarding Deodorants and Grooming cannot easily be retrieved. 
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promotion and decreases after a promotion (cannibalization effect). This results in three 

promotional parameters per product per week. 

 (7) Number of shipment weeks (NSW) - Based on the first shipment week and the final 

shipment week the total number of shipment weeks is calculated. It should be remarked that 

number of shipment weeks does not imply only weeks with D>0. Number of shipment weeks 

refers to total product lifecycle length expressed in number of weeks.  

(8) Intermittent demand - The percentage of non-zero demand weeks is expressed as 

intermittent demand, i.e. the number of weeks with positive demand versus the total number 

of shipment weeks which implies that 1 includes no weeks of zero demand. The following 

formulas are applied: 

Intermittent demand (i) = 
i

i

NSW

DNSW )0|(
2009.53

2008.1∑ >
 with i = 1,2,.. n 

products 

Formula 5 

(9) Average demand (AVG D) - Average demand is calculated based on total demand divided 

by the number of shipment weeks and implies the average weekly volume. The following 

formula is applied: 

Average demand (AVG D) (i)) = 
i

i

NSW

D∑
2009.53

2008.1 with i = 1,2,.. n products Formula 6 

 

3.3.3 Planner assortment Characteristics (10-12) 

As a result of assortment changes the characteristics of a planner portfolio change over time. 

More precisely, products are added to the product portfolio or products are delisted. Next, 

three important variables are introduced that characterise a planner portfolio as a result of 

assortment changes. 

(10 & 11) (Relative) total number of planner assortment products (Rel. TPA & TPA) - The 

number of products per planner is calculated per week. In order to compare between planner 

portfolios the relative number of products is defined based on the number of products per 

week per planner versus the maximum number of products per planner.        

(12) Planner Assortment Newness - Based existing and new products the newness of a 

planner portfolio is calculated per week. New products include relaunches, innovations and 

new repacks and existing products include base products and new repacks. Newness is 

calculated based on the following formula: 
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Newness (j,k) = 
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 Formula 7 

 

with j = 1,2,.. n planners, k equals the particular week, relaunch, innovation and new 

repack equals a dummy variable (0,1) per product per week and nj,k
 implies the total 

number of products at planner n in week k. 

 

3.3.4 Other Regressors (13-19) 

This paragraph introduces all regressors that are included in order to determine forecast 

inaccuracy, average stock level and service level. 

(13) Maximum Stock Level (MSL) - Maximum Stock Level represents the stock level directly 

after replenishment expressed in weeks on hand. The calculation of MSL is applied per 13 

weeks and fixed within this period. First the weeks of replenishments are determined based on 

the formula ASL(t)
 > ASL(t-1). Next the stocks levels are calculated within each week of 

replenishment and expressed in number of weeks stock on hand based on the actual demand 

within the next 13 weeks (see figure 9).   

 

Figure 9 Maximum Stock Level                 Figure 10 Average Replenishment Period 

(14) Average Replenishment Period (AVG RP) - Average Replenishment Period is determined 

based on the replenishments periods within 2008 and 2009. Since replenishment period is 

regarded as a more constant variable compared to maximum stock level, this variable is kept 

constant over the total time horizon (see figure 10).   

(15) Batch frequency – Batch frequency is represented based on the available data since it was 

not possible to retrieve the batch frequency of products. The following formula is applied:  

Batch frequency i = 
i

i

NSW

AVGRP
with i = 1,2,.. n products Formula 8 

16) Planner - Within SAP Unilever registers which planners are responsible for which set of 

products. Based on a planner ID in SAP a planner is linked with all products within the product 

portfolio of Unilever. 
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(17) Pareto classification (ABC) - Unilever applies a model to prioritize between high priority 

and low priority products, i.e. high volume and high margin products versus low volume and 

low margin products. Since the ABC classification is revised every quarter these potential 

changes are included in the dataset.  

 (18) Week – The week of measurement starting at week 1 in 2007 and week 53 in 2009.  

(19) Category – Two categories are included in the analysis which is further explained in 

section 5. 

 

3.4 Conceptual models (detailed) 

Paragraph 3.1 introduced the general conceptual model. This paragraph presents in detail the 

regression models which are defined based on the introduced dependent and independent 

variables. Moreover all hypotheses regarding the regression models will be discussed. 

3.4.1 Regression variables conceptual models 

First the regression variables used to define Regression Model 1, 2, 3 and 4 are introduced in 

table 3. M1, M2, M3 and M4 represent the regression models with respectively Forecast 

Inaccuracy, Actual Stock, Service Level (0,1) and Service Level (P2| SL<1) as dependent 

variables (DV). The regressor variables can be distinguished by independent variables (IV), 

moderating variables (MV) and control variables (CV). A definition of these types of variables is 

provided in Appendix 3. 

 Name variable M1 M2 M3 M4 Scale Remark 

(1) Forecast Inaccuracy DV  IV IV IV Scale 0 – 2 

(2) Average Stock Level - DV - - Scale 0 – ∞ 

(3) Service Level (0,1) - - DV - Scale 0 – 1 

(4) Service Level (P2 | SL<1) - - - DV Scale 0 – 1 

(5) 
Innovation types (base, innovation, 

relaunch, base repack and new repack) 
IV IV IV IV Nominal 

0,1 (Dummy 

variables) 

(6) 
Promotion (promotion (t), promotion 

(t-1) and promotion (t-2)) 
IV IV IV IV Scale 0 – 1 

(6) 
Promotion (moderator effect between 

(5), (6) and dependent variable 
MV MV MV MV Scale 

0 – 1 (based on 

centric means) 

(7) Number of Shipment weeks IV IV IV IV Scale 0 – 105 

(8) Intermittent demand IV IV IV IV Scale 0 – 1 

(9) Average Demand IV IV IV IV Scale 0 – 1 

(10) Total number of products IV - IV IV Scale 1 – ∞ 
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(10) 
Total number of products (moderating 

effect between (5) , (10) and DV 
MV - MV MV Scale 

0 – 1 (based on 

centric means) 

(11) Relative Total number of products IV - IV IV Scale 0 -1 

(12) Assortment newness IV - IV IV Scale 0 -1 

(12) 
Assortment newness (moderating effect 

between (5),  (12) and DV 
MV - MV MV Scale 

0 – 1 (based on 

centric means) 

(13) Maximum Stock Level - CV CV CV Scale 1 – ∞ 

(14) Average Replenishment Period - CV CV CV Scale 1 – 105 

(15) Batch frequency CV CV - - Scale 1 – ∞ 

(16) Planner CV CV CV CV Nominal 1 – 8 

(17) Pareto classification CV CV CV CV Nominal A, B, C (dummy) 

(18) Week CV CV CV CV Scale 1 – 105 

(19) Category CV CV CV CV Nominal 0,1 (dummy) 
 

Table 3 Variables Regression Model 1A: Forecast Inaccuracy 

Next, the defined hypotheses regarding the independent variables (IV) and moderating 

variables (MV) are introduced in table 4. Table 4 presents all hypotheses and shows whether a 

positive (+) or negative (-) effect is hypothesized. The detailed argumentation of all hypotheses 

is elaborated in Appendix 4. It should be remarked that planner assortment characteristics are 

not included in model 2. The main reason is that planners are not responsible for the average 

stock levels and therefore no relation is expected between these variables.  

 

 Name variable M1 M2 M3 M4 

(5) Innovation types  
H1a, H1b, 

H1c 

H10a, H10b, 

H10c 

H16a. H16b, 

H16c 

H16a. H16b, 

H16c 

(6) 
Promotion (promotion at  

(t), (t-1), (t+1)) 

IV: H2 (+),  

MV: H9a (+) 

IV: H11 (+) 

MV: H15 (+) 

IV: H17 (-) 

MV: H24a (-) 

IV: H17 (-) 

MV: H24a (-) 

(7) Number of Shipment weeks H3 (-) H12 (-) H18 (+) H18 (+) 

(8) Intermittent demand H4 (-) H13 (-) H19 (+) H19 (+) 

(9) Average Demand H5 (-) H14 (-) H20 (+) H20 (+) 

(10) Total number of products 
IV: H6 (+),  

MV: H9b (+) 
- 

IV: H21 (-) 

MV: H24b (-) 

IV: H21 (-) 

MV: H24b (-) 

(11) 
Relative Total  

number of products 

IV: H7 (+) 

MV: H9c (+) 
- 

IV: H22 (-) 

MV: H24c (-) 

IV: H22 (-) 

MV: H24c (-) 

(12) Assortment newness 
IV: H8 (+) 

MV: H9d (+) 
- 

IV: H23 (-) 

MV: H24d (-) 

IV: H23 (-) 

MV: H24d (-) 
 

Table 4 Hypotheses of all independent variables in the conceptual model 
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Since innovation type is included as dummy variable and the related hypotheses cannot easily 

be depicted in a table, these hypotheses are separately defined in table 5. 

 

H1a:        
New products have a higher forecast inaccuracy compared to existing products due to less 

or zero available data (a maximum of 26 weeks versus a minimum of 26 weeks)  

H1b: 
Repacked products have a lower forecast inaccuracy compared to non repacked products 

due to smaller batchsizes 

H1c: 
Innovations have a higher forecast inaccuracy compared to relaunches since historical data 

of predecessors is not available regarding innovations contrary to relaunches  

H10a: 
New products have a higher Average Stock Level compared to existing products due to a 

higher uncertainty of demand  

H10b: 
Repacked products have a lower Average Stock Level compared to non repacked products 

due to smaller batchsizes 

H10c: 
Innovations have a higher Average Stock Level compared to relaunches due to a higher 

uncertainty of demand 

H16a: 
New products have a lower Service Level compared to existing products due to a higher 

expected forecast inaccuracy 

H16b: 
Repacked products have a lower Service Level compared to non repacked products due to a 

higher expected forecast inaccuracy 

H16c: 
Innovations have a lower Service Level compared to relaunches due to a higher expected 

forecast inaccuracy 
 

Table 5 Hypotheses of innovation types 

Based on these four detailed models the project design is discussed in the next section. 

Moreover, the method of research will be introduced and an important remark is placed 

with respect to the research design. 
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4 Project Design 
 

 

4.1 Operational research 

According to Bertrand and Fransoo (2002) Operations Management is defined as the process 

of design, planning, controlling and executing operations in manufacturing and service 

industries. With respect to research methods, the authors emphasize on model-based 

quantitative research, i.e. models of causal relationships between control variables and 

performance variables. Moreover, the authors distinguish between empirical and axiomatic 

research and between normative and descriptive research.  This Master Thesis could be 

considered as Empirical since it is primarily driven by empirical findings and measurements. 

The objective is to find a model fit between observations and the model made to fit those 

observations. Axiomatic on the other hand implies obtaining results within an idealized model 

and understand the structure and behaviour of the problem as defined within the model. 

Moreover, this master thesis could be considered as descriptive since it particularly concerns a 

description of causal relationships instead of developing strategies in order to improve the 

current situation (i.e. normative). Based on this classification Bertrand and Fransoo (2002) 

propose an approach based on the model of Mitroff et al (1974), this is further elaborated in 

paragraph 4.2.  

 

4.2 Project approach 

Mitroff et al (1964) describe a methodology in Operational Research which consists of four 

phases: conceptualization, modelling, validation and implementation.  

Phase 1:  Reality versus Conceptual Model (Conceptualization) 

Phase 2:  Conceptual model versus scientific model (Modelling) 

Phase 3:  Scientific model versus reality (Validation) 

Phase 4:  Solution versus Reality (Implementation) 

Since this Master Thesis is considered as Empirical Descriptive, Bertrand and Fransoo (2002), 

suggest a research cycle of conceptualization – modelling – validation.  Mitroff et al (1964) note 

that in this situation, an over concern of validation is a potential risk. Based on this theoretical 

approach, the following detailed project approach is defined.  



 

 

 

Part II: Conceptualization  Page | 25 of 123 

 

 

 

 

4.3 Methods of research 

Based on the executed literature research two types of research can be distinguished: 

(M) ANOVA – ANOVA is a method that is widely used to analyze data from experiments with 

complex treatment designs. In its simplest form (one way ANOVA) is used to test whether the 

means of the outcome variable are different across two or more groups. When there are only 

two groups ANOVA is equivalent to a t-test for a difference in means, and therefore it is also 

equivalent to a multiple regression with a single, independent dummy variable. When there are 

more than two groups a one way ANOVA is exactly equivalent to a multiple regression with 

dummy variables for all but one of the groups.  

Multiple Regression – This method investigates the relation between a single dependent 

variable and several independent variables. The use of a regression analysis can be 

distinguished between prediction analysis and causal analysis. In the prediction study the goal 

is to develop a formula about the dependent variable based on the observed values of the 

independent variables. In the causal analysis the independent variables are regarded as causes 

of a dependent variable. So the aim of the study is to determine whether an independent 

variable really affects the dependent variable and to estimate the magnitude of that effect.  

It is preferred to apply Multiple Regression; the argumentation is elaborated in Appendix 6. 

 

4.4 Two level analysis 

With respect to the research design two levels can be identified: product and time (see figure 

11). This implies that the data of all dependent and independent variables is gathered per week 

and per product which results in a large sample size. Since all data is gathered on both levels a 

high variation in the dependent variables is expected which might result in a decreased R2 or 

arbitrary significance of regressors. Moreover it could be questioned whether variation in the 

dependent variable is affected by products or time.  Therefore a multilevel analysis is preferred 

however SPSS does not support this option. In order to overcome these problems extra 

validation steps will be executed for the four regression models (see section 6.1.2, 6.2.2, 6.3.2 

and 6.3.5). 

    

Figure 11 Two Level Analysis 
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PART III: MODELLING 
 

5. Data Preparation 

 

This section discusses the selection of the final data set that is used to validate the hypotheses 

that are previously defined in section 4. This section first discusses the category and market of 

interest. Subsequently the time horizon and the unit of analysis are defined.  

Category selection - The objective of this research is to study the relation between innovation 

types and supply chain performance. Due to time restrictions only a part of the Unilever 

product portfolio is studied. The following conditions are applied to select two categories: 

� Both a food and non food category should be selected 

� The contribution in volume and turnover should be high (top 3 of all categories) 

� The number of innovations, relaunches and repacks within the category should be 

high (top 3 of all categories) 

� The promotional impact within the category should be high (top 3 of all categories) 

� The selected categories should be of strategy interest to Unilever 
 

Based on these five conditions, that roughly represent whether complexity as a consequence of 

innovation types within a category is considered as high and whether the contribution in terms 

of turnover and volume in these categories is considered as high, the following two categories 

are selected: (1) Savoury and (2) Deodorants and Grooming. Table 6 shows the properties of 

each category regarding the six conditions previously defined6. The main brands within 

Savoury are Unox, Knorr, Conimex and Bertolli. The main brands within Deodorants and 

Grooming are: Axe, Dove and Rexona. Based on these two categories all products that are in 

scope are allocated to each planner. In this way the set of products is defined that belongs to 

the responsibility of an individual planner.   

Market selection - A couple of years ago Unilever merged the separate organizational 

structures of Belgium and the Netherlands into one Multi Country Organization (MCO), i.e. 

Unilever Benelux.  As a result, the Market Planning department is also organized at Benelux 

                                                             

6
 By applying the conditions four categories meet the criteria:  Savoury, Skin, Deodorants and Grooming 

and Ice cream. Due to the highly seasonal impact of Ice cream this category is excluded. Moreover 

Deodorants and Grooming is highly preferred by Unilever as it is defined as a strategic category.  
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level.  The Savoury planners are located in Rotterdam serving all Benelux products and the 

Deodorants and Grooming planners are located in Brussels similarly serving all products in the 

Benelux. As a consequence the scope of this research includes the

organisation. Moreover, this study includes only the products that are sold within the Retail 

channel in the Benelux and does not include products that are sold within the Out of Home 

channel, i.e. restaurants, canteens etc

 

Category Exi

SAVOURY 

DEO & GROOMING 

Time horizon selection - In order to avoid that the data set does not have enough cases the 

full period in 2008 and 2009 is included in the dataset. 

analysis since the introduction of the majority of innovation types does not occur 

basis. For example only once or twice in two years an entire range of products is relaunched. 

This results in the peaks in figure 1

Figure 12 Introduction week of new SKUs 

(Category Deodorants & Grooming)

 

Besides the length of the time horizon, the preferred time scale should be determined. With 

respect to data availability within Unilever both weekly and monthly data is available. Table 

shows the preferred time scale per independent variable

 

Independent variable 

Innovation, relaunch, new repack, 

base repack and base 

 Page 

level.  The Savoury planners are located in Rotterdam serving all Benelux products and the 

Deodorants and Grooming planners are located in Brussels similarly serving all products in the 

Benelux. As a consequence the scope of this research includes the Unilever Benelux 

organisation. Moreover, this study includes only the products that are sold within the Retail 

and does not include products that are sold within the Out of Home 

channel, i.e. restaurants, canteens etc. 

Existing New Inactive Active  Total Newness

34,8% 29,8% 29,0% 33,8% 32,4% 18%

7,3% 9,3% 10,0% 7,7% 8,4% 25%

Table 6 Category selection based on 2009 data (percentage of total) 

In order to avoid that the data set does not have enough cases the 

is included in the dataset. Two years of data are applied in the 

analysis since the introduction of the majority of innovation types does not occur 

basis. For example only once or twice in two years an entire range of products is relaunched. 

This results in the peaks in figure 12 and 13 that imply a full relaunch of a set of products. 

 

eek of new SKUs   Figure 13 Introduction week of new SKU 

(Category Deodorants & Grooming)  (Category Savoury) 

Besides the length of the time horizon, the preferred time scale should be determined. With 

respect to data availability within Unilever both weekly and monthly data is available. Table 

shows the preferred time scale per independent variable in case of weekly preference

Preferred 

time scale 

Remark 

Weekly A particular product is introduced in a certain week and 

transforms after 26 weeks  in a base or base repack 
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level.  The Savoury planners are located in Rotterdam serving all Benelux products and the 

Deodorants and Grooming planners are located in Brussels similarly serving all products in the 

Unilever Benelux 

organisation. Moreover, this study includes only the products that are sold within the Retail 

and does not include products that are sold within the Out of Home 

Newness Repack 

18% 22,0% 

25% 13,0% 

(percentage of total)  

In order to avoid that the data set does not have enough cases the 

Two years of data are applied in the 

analysis since the introduction of the majority of innovation types does not occur on a regular 

basis. For example only once or twice in two years an entire range of products is relaunched. 

that imply a full relaunch of a set of products.  

 

Introduction week of new SKU 

Besides the length of the time horizon, the preferred time scale should be determined. With 

respect to data availability within Unilever both weekly and monthly data is available. Table 7 

eekly preference: 

A particular product is introduced in a certain week and 

in a base or base repack  
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Table 7 Preferred time scale per independent variable 

Concluding, preferably all data is measured on a weekly scale. Next, taking the dependent 

variables into account, weekly data is also preferred in order to accurately measure supply 

chain performance (e.g. forecast accuracy, service level, stock level and obsoletes). Table 8 

provides an overview regarding the preferred time scale of each dependent variable. Based on 

table 7 and 8 we may conclude that weekly data is the preferred scale of measurement. 

Table 8 Preferred time scale per dependent variable 

Unit of analysis selection – In order to define the unit of analysis one can distinguish between 

an aggregate level and disaggregate level.  Potential levels of analysis are: category, similar 

pack form variant (SPFV), SKU, EAN and MRDR. These levels are visualized in Appendix 7. With 

respect to this study a disaggregate level is preferred. Namely, in order to study the relation 

between innovation types and supply chain performance, one should perform the analysis at 

product level. Namely, only at product level it is possible to identify whether a product belongs 

to a particular innovation type.  As a consequence this implies that supply chain performance 

should also be measured at product level. It is only possible to do a similar study at aggregate 

level in case the number of innovation types is defined within a set of products, instead of 

defining whether a product belongs to a particular innovation type.  

 

Based on the previous data preparation, next section introduces the regression analyses of 

all four regression models.  

                                                             

7 The distribution of promotional weeks cannot easily be retrieved. However, at almost all grocery stores the general 

promotional duration is equal to one week excluding Jumbo. Regarding the drugstores the regular promotional 

duration is equal to one / two weeks. Finally, the majority of the wholesalers apply a promotional period of 2 weeks.  

Promotion Weekly A particular product is on promotion during one  to four 

weeks 7.  In order to analyze the cannibalisation  effects 

of (t-1) and (t+1) a weekly scale is required 

Number of shipment weeks Weekly Modified only a few times adapted on per year 

(Relative)  total number of 

products per planner assortment 

Weekly The total number of products per planner assortment 

changes weekly 

Assortment newness Weekly As a result of the changes regarding the total number of 

products per planner assortment, assortment newness 

changes weekly 

Dependent variable Preferred 

time scale 

Remark 

Average stock levels Weekly Average stock level is measured on a weekly basis and 

therefore provides the most accurate level 

Forecast Inaccuracy 

 

Weekly Forecast Inaccuracy is measured on a weekly basis  and 

therefore provides the most accurate level 

Service Level 

 

Weekly Service Level is measured on a weekly basis  and 

therefore provides the most accurate level 
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6. Regression Analysis 

 

This section discusses the four regression models that study the relation between the causes 

and consequences of complexity. Regression Analysis is applied in case of Model 1 (Paragraph 

6.1), model 2 (Paragraph 6.2) and model 4 (Paragraph 6.4). Logistic Regression is applied in 

case of Model 3 (Paragraph 6.3). Model 1 determines forecast inaccuracy, Model 2 determines 

Average Stock Level, Model 3 determines the probability on 100% service level  and model 4 

determines the percentages of delivered cases in case service level is not equal to 100%. 

 

6.1 Regression Model 1: Forecast Inaccuracy 
 

6.1.1 Regression Analysis 

This model contains the following independent variables: base, innovation, relaunch, base 

repack, new repack, ABC classification, Maximum Stock Level, Average Replenishment Period, 

Category. Moreover the regression contains three moderator effects: base & promotion (t), 

base and newness and relaunch & newness. The statistic results with respect to the regressors 

are displayed below. 

Model Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

dime nsi o n0  

1 ,455a ,207 ,207 ,5226190 

a. Predictors: (Constant), Log_BatchFrequency, M_Base&P(t), Innovation, Relaunch, A, Base Repack, 

M_BaseNewness, B, M_RelaunchNewness, Category (d), New repack, Intermittent_Demand, Log_InvAVGD, NSW 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 7091,096 14 506,507 1854,449 ,000a 

Residual 27118,316 99287 ,273   

Total 34209,411 99301    

a. Predictors: (Constant), Log_BatchFrequency, M_Base&P(t), Innovation, Relaunch, A, Base Repack, 

M_BaseNewness, B, M_RelaunchNewness, Category (d), New repack, Intermittent_Demand, Log_InvAVGD, NSW 

b. Dependent Variable: Forecast Inaccuracy 

 

Based on the two tables above we may conclude that the R2 of this regression model is equal to 

0,207. This implies that 20,7 % of the variance in forecast inaccuracy can be explained by this 

model. Moreover the regression equation is significant with respect to linearity (sig. < 0.001). 

Next table shows how all variables contribute to this model performance.  

  



 

 

 

Part III: Modelling  Page | 30 of 123 

 

 

 

 

Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) 1,621 ,015  110,664 ,000      

Innovation ,236 ,010 ,072 24,223 ,000 ,069 ,077 ,068 ,908 1,102 

Relaunch ,071 ,008 ,032 9,364 ,000 ,021 ,030 ,026 ,700 1,428 

Base Repack ,091 ,006 ,060 14,904 ,000 ,144 ,047 ,042 ,489 2,046 

New repack ,306 ,009 ,128 34,215 ,000 ,261 ,108 ,097 ,568 1,761 

A -,031 ,008 -,012 -3,984 ,000 -,006 -,013 -,011 ,838 1,194 

B -,067 ,004 -,054 -17,288 ,000 -,125 -,055 -,049 ,810 1,235 

Category (d) -,108 ,005 -,078 -20,728 ,000 -,164 -,066 -,059 ,564 1,773 

M_BaseNewness ,205 ,024 ,027 8,457 ,000 ,100 ,027 ,024 ,782 1,278 

M_RelaunchNewness ,463 ,044 ,033 10,532 ,000 ,057 ,033 ,030 ,826 1,210 

NSW ,000 ,000 -,018 -3,613 ,000 -,278 -,011 -,010 ,329 3,038 

Intermittent_Demand -,410 ,011 -,129 -36,839 ,000 -,331 -,116 -,104 ,656 1,525 

M_Base&P(t) ,156 ,009 ,050 17,024 ,000 ,046 ,054 ,048 ,910 1,099 

Log_InvAVGD ,070 ,003 ,099 20,111 ,000 ,233 ,064 ,057 ,330 3,028 

Log_BatchFrequency -,256 ,008 -,168 -33,231 ,000 -,372 -,105 -,094 ,313 3,194 

a. Dependent Variable: Forecast Inaccuracy 

 

The table above shows that a difference with respect to innovation types is determined in the 

regression equation (H1a, H1b and H1c are accepted). Corresponding to the prior defined 

hypotheses number of shipment weeks negatively affect forecast inaccuracy (H3 accepted), 

Intermittent demand negatively affect forecast inaccuracy (H4 accepted), inverted average 

demand positively affects forecast inaccuracy (H5 accepted) and  batch frequency negatively 

affects forecast inaccuracy (H6 accepted). Moreover, the ABC classification is significantly 

included in the regression model8. Next the table shows that a moderating effect exists with 

respect to base products and promotions in week (t) (Hypotheses 9a accepted). No 

moderating effects are found significant with respect to week (t-1) and week (t-2). Finally, the 

table shows two moderator effects with respect to the newness of the product assortment of a 

particular planner. The moderator effects between base & newness and relaunch & newness 

are found significant (Hypotheses 9d accepted). This implies that the regressors regarding 

hypothesis 2, 7, 8 and 9b and 9c are not significantly included in the model. 

                                                             

8 H2 implies that A products have the lowest forecast inaccuracy and C products have the highest 

forecast inaccuracy, based on the results it can be concluded that A and B products have a lower forecast 

inaccuracy compared to C products 
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Next the Regression Model is validated based on the assumptions of Multiple Regression 

and two additional analyses are performed in order to validate the significance of the 

regressors. 

 

6.1.2 Model validation 

Previous paragraph elaborated in detail on the regression analysis and the results. This 

paragraph will discuss the validation of the regression model. Two validations are executed: 

(1) Validation of assumptions: the four assumptions with respect to Multiple 

Regression analysis are tested 

(2) Validation of significance of regressors: due to the large sample which is caused 

by a multi level design (i.e. product and time) two additional analyses are executed.  

Next, these two validation steps are discussed. 

(1) Validation of assumptions - Appendix 9 shows the detailed analysis regarding the four 

assumptions of multiple regression. Based on this analysis the following conclusions are drawn: 

Assumption Accepted or violated? 

Normality of dependent variable Accepted 

Homoscedasticity Accepted 

Linearity Accepted 

Independence of residuals Violated 
 

Table 9 Assumptions Regression Model 1 

Concluding, three assumptions are accepted. However, the final assumption of Multiple 

Regression related to independence of residuals is violated. Since time series data is used in 

this analysis it should noticed that this assumption is always violated in these types of studies. 

Namely, based on the Durban-Watson statistic we may conclude that the data set is positively 

auto correlated. However, this violation will not reduce the appropriateness of using Multiple 

Regression within this dataset. Finally it can be concluded that no multicollinearity is present 

in the regression model (see Appendix 9). 

(2) Validation of significance of regressors - The regression analysis in the previous 

paragraph shows that several regressors are significantly included in the model. Two 

important reasons contribute to the fact that the regressors are included although their 

standardized beta coefficient is rather low: (1) a large variation of the dependent variable and 

(2) a large sample size. This large sample size is caused by the fact that the analysis is executed 

on two levels: (1) product and (2) time.   
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Therefore two additional analysis are executed in order to validate whether the 

conclusions obtained by the first regression model are consistent with the conclusions 

obtained by these two additional models. 

The first level relates to product dependent characteristics that can be aggregated over time 

e.g. innovationtype, average replenishment period, maximum stock level, service level etc. The 

second level relates to time dependent characteristics that cannot be aggregated over time e.g. 

number of total products and percentage of newness. Therefore preferably a Multi Level 

analysis is executed that is able to deal with the influence of both levels. However, SPSS does 

not offer the option to perform such an analysis and due to time restrictions a Multi Level 

analysis is not executed. Appendix 10 shows a graphical representation of how the data is 

modified in order to prepare the dataset for Model 1B and 1C. The next table shows the 

description, advantages and disadvantages of the three models: 

 

 Model 1A (Paragraph 6.1.1) Model 1B  

(appendix 11) 

Model 1C  

(appendix 12) 

Description Forecast Inaccuracy and the 

regressors are measured per 

week and per product  

Forecast Inaccuracy and 

the regressors are 

measured per product 

and aggregated over time 

per innovationtype 

Forecast Inaccuracy and 

the regressors are 

measured per week and 

aggregated over 

innovation types 

Advantages - All relevant regressors are 

included 

- Relatively high 

expected R2 

- Relatively high 

expected R2 

 

Disadvantages - Large number of cases  

- Relatively low expected R2 

- Arbitrary significance of 

regressors due to large 

sample size 

- Only product related 

regressors are included, 

time related regressors 

cannot be taken into 

account 

- Only time related 

regressors are included, 

product related 

regressors cannot be 

taken into account 
 

Table 10 Overview characteristics Model 1A, 1B and 1C 

6.1.3 Conclusions 

Based on Regression Model 1A, 1B and 1C the relation between innovation types and forecast 

inaccuracy is analyzed. Moreover, other relevant regressors are added to the models in order 

to increase the predictive power and understanding of factors that determine forecast 

inaccuracy. Next an overview is presented with respect to the standardized beta coefficients 

and related significance of all regressors: 
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Regression Models Forecast Inaccuracy 

 

 
 

 

Regression Model 1A shows the 

following key facts: 

 

- R2 = 0.207 

 

 

 

Regression Model 1B shows the 

following key facts: 

 

- R2 = 0.496 (increased) 

 

Changes compared to reference 

model (1A): 

- Only ABC classification, category 

and average demand become 

insignificant compared to model 1A 

- Direction of effects of all regressors 

remains the same compared to 

model 1A 

 

Regression Model 1B shows the 

following key facts: 

 

- R2 = 0.200 (similar) 

 

Changes compared to reference 

model (1A): 

- Only category becomes 

insignificant compared to model 1A 

- Relative total number of products 

and BaseRepack&Newness become 

significant compared to model 1A 

- Direction of effects of all regressors 

remains the same compared to 

model 1A 

 

 
 

Table 11 Total Overview standardized beta coefficients and significance of regressors Model 1A, 1B and 1C 
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Table 11 provides an overview of all regressors that are significantly included in the regression 

models. Based on these three models the following conclusions can be drawn: 

1. Predictive Power - Model 1B results in a substantially increased predictive power 

and Model 1C can be considered as similar compared to Model 1A. The predictive 

power of all models is regarded as acceptable (R2 > 0.20) in order to draw conclusions.  

2. Consistency of regressors – Based on model 1A and model 1B it can be concluded 

that general conclusions can be drawn with respect to innovation types, number of 

shipment weeks, intermittent demand and batch frequency. Based on model 1A and 1C 

general conclusions can be drawn regarding the moderating effects between 

assortment newness and both base products and relaunches. Moreover the 

promotional effect is significantly included in both models.  

3. General conclusions - Conclusions can be drawn based on both significant included 

and non significant included effects:  

Based on significant included effects the following expected conclusions can be drawn: 

3.1 A significant difference exists between innovation types with respect to 

forecast inaccuracy9; 

3.2 As number of shipment weeks increases, forecast inaccuracy decreases9; 

3.3 As batch frequency increases, forecast inaccuracy decreases9; 

3.4 As intermittent demand increases, forecast inaccuracy decreases9; 

3.5 As planner assortment newness increases, forecast inaccuracy of base 

products decreases9; 

3.6 As planner assortment newness increases, forecast inaccuracy of 

relaunches products decreases9; 

3.7 As promotional pressure increases, forecast inaccuracy of base products 

increases9. 

Based on non significant effects the following not expected conclusions can be drawn: 

3.8  Analysis did not reveal a significant relation between forecast inaccuracy 

and total number of products within a planner portfolio;  

3.9 Analysis did not reveal a significant relation between forecast inaccuracy of 

other innovation types than base products and promotional pressure. 

                                                             
9
 Finally, Appendix 19 shows that the minimum required sample sizes with respect to conclusions 3.1 

and 3.7 are met which shows strong support for correctly significant regressors. 
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6.2 Regression Analysis Model 2: Average Stock Level 

 

 

6.2.1 Regression Analysis 

Similarly to the prior defined regression model, the standard procedure to obtain the best 

regression model is applied to Average Stock Level (Appendix 8). This model contains the 

following independent variables: base, innovation, relaunch, base repack, new repack, 

Maximum Stock Level, Average Replenishment Period, Number of Shipment weeks, Inverted 

Average Demand, Intermittent demand and Category. Moreover two significant moderator 

effects are present in the model: base & promotion (t) and base & promotion (t-2). 

 

Model Summaryb 

Model 

R R Square Adjusted R Square 

Std. Error of the 

Estimate Durbin-Watson 

dime nsi o n0 

1 ,766a ,587 ,587 ,86980 ,922 

a. Predictors: (Constant), M_Base&P(t-2), MAX SL, INV_AVGD, Relaunch, Innovation, Intermittent_Demand, 

M_Base&P(t), Base Repack, Category (d), Forecast Inaccuracy, NSW, Log_AVG_RP, Base 

b. Dependent Variable: Sqrt_StockLevel 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 92101,582 12 7084,737 9364,402 ,000a 

Residual 64860,694 85731 ,757   

Total 156962,277 85744    

a. Predictors: (Constant), M_Base&P(t-2), MAX SL, INV_AVGD, Relaunch, Innovation, Intermittent_Demand, 

M_Base&P(t), Base Repack, Category (d), Forecast Inaccuracy, NSW, Log_AVG_RP, Base 

b. Dependent Variable: Sqrt_StockLevel 

 

Based on the two tables above we may conclude that the R2 of this regression model is equal to 

0,587. This implies that 58,7 % of the variance in forecast inaccuracy can be explained by this 

model. Moreover the regression equation is significant with respect to linearity (sig. < 0.001). 

Next table shows how all variables contribute to this model performance.  

 
  



 

 

 

Part III: Modelling  Page | 36 of 123 

 

 

 

 

Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) ,181 ,025  7,105 ,000      

Base ,132 ,015 ,048 8,610 ,000 ,110 ,029 ,019 ,156 6,429 

Innovation ,339 ,020 ,046 16,812 ,000 ,081 ,057 ,037 ,631 1,585 

Relaunch ,276 ,016 ,056 17,095 ,000 -,021 ,058 ,038 ,442 2,260 

Base Repack -,059 ,015 -,018 -3,951 ,000 -,091 -,013 -,009 ,239 4,185 

Category (d) -,091 ,008 -,028 -11,616 ,000 -,084 -,040 -,026 ,820 1,220 

Forecast Inaccuracy ,030 ,006 ,013 5,179 ,000 ,075 ,018 ,011 ,794 1,260 

MAX SL ,060 ,000 ,674 271,994 ,000 ,740 ,681 ,597 ,784 1,276 

Log_AVG_RP ,738 ,014 ,146 53,478 ,000 ,341 ,180 ,117 ,647 1,546 

NSW ,004 ,000 ,083 27,805 ,000 ,107 ,095 ,061 ,536 1,867 

INV_AVGD ,048 ,015 ,007 3,011 ,003 ,014 ,011 ,007 ,848 1,180 

Intermittent_Demand 1,044 ,020 ,142 51,235 ,000 ,113 ,172 ,112 ,629 1,589 

M_Base&P(t) -,054 ,018 -,007 -3,011 ,003 -,055 -,010 -,007 ,869 1,150 

M_Base&P(t-2) ,084 ,025 ,008 3,313 ,001 -,007 ,011 ,007 ,848 1,180 

a. Dependent Variable: Sqrt_StockLevel 

 

The table above shows that a difference with respect to innovation types is determined in the 

regression model (H10a, H10b and H10c are accepted). Moreover the ABC classification is 

not significantly included. Moreover corresponding to the prior defined hypotheses, Maximum 

stock level, average replenishment period and forecast inaccuracy positively affect average 

stock level. This implies that as these variables increase, the average stock level increase as 

well. However batch frequency is not significantly included in the model. Moreover the model 

includes a positive effect between the Number of Shipment weeks, intermittent demand and 

inverted average demand and Average Stock Level (H12, H13 and H14 are accepted). Next the 

table shows that a negative moderating effect exists with respect to base products and 

promotions in week (t) and a positive moderating effect with respect to base products and 

promotions in week (t-2) (H15 is partly accepted). No moderating effects are found significant 

with respect to week (t-1).   
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6.2.2 Model validation 

Previous paragraph elaborated in detail on the regression analysis and the results. This 

paragraph will discuss the validation of the regression model. Two validations are executed: 

(1) Validation of assumptions: the four assumptions with respect to Multiple 

Regression analysis are tested 

(2) Validation of significance of regressors: due to the large sample which is caused 

by a double level (i.e. product and time) one additional analysis is executed. Moreover 

it can be concluded that Maximum Stock Level has a large contribution to the model, 

therefore the effect of excluding Maxim Stock Level is analyzed. 

Next, these two validation steps are discussed. 

(1) Validation of assumptions 

Appendix 13 shows that detailed information regarding the four assumptions of multiple 

regression analysis. Based on these results the following conclusions are drawn: 

Assumption Accepted or violated? 

Normality of dependent variable Accepted 

Homoscedasticity Violated 

Linearity Accepted 

Independence of residuals Violated 
 

Table 12 Assumptions Regression Model 2 

Concluding, only two assumptions are accepted. However, the assumption of Multiple 

Regression related to independence of residuals and homoscedasticity is violated. Similar to 

Regression Model 1 time series data is used in this analysis and therefore this assumption is 

always violated in these types of studies. Namely, based on the Durban-Watson statistic we 

may conclude that the data set is positively auto correlated. However, this violation will not 

reduce the appropriateness of using Multiple Regression within this dataset. Moreover the 

assumption of homoscedasticity is violated. When an equation has heteroscedasticity in its 

error term, then the OLS estimators will still be unbiased but they will no longer be of 

minimum variance. In fact this will not be a problem since the main objective is to forecast the 

point estimate of the dependent variable or obtain point estimates of the independent 

variables. However, the hypothesis tests, i.e. the ‘t’ and ‘F’ tests, on the regression coefficients 

will be inaccurate due to heteroscedasticity. Based on the standardized residuals it can be 
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concluded that indeed the variance of the residuals increases when Average Stock Level 

decreases. Finally it can be concluded that multicollinearity is present in the regression model.  

(2) Validation of significance of regressors 

The regression results in the previous paragraph show that 13 regressors are significantly 

included in the model. Two important reasons contribute to the fact that the regressors are 

included although their standardized beta coefficient is rather low: (1) a large variation of the 

dependent variable and (2) a large sample size. Similar to the Regression Model 1 two 

additional model models are executed due to the time and product level. However, with respect 

to Average Stock Level is not useful to aggregate on product level and perform an additional 

analysis within time. Namely, the regressors that are relevant within this aggregated analysis 

(e.g. assortment size and assortment newness) are not hypothesized to affect Average Stock 

Level contrary to Forecast Inaccuracy. Therefore only one additional analysis is executed that 

aggregates products within time in order to reduce the sample size. The data mining approach 

is similar to Model 1B and is described in Appendix 10 and the analysis is described in 

Appendix 14. 

With respect to the results of Average Stock Level it can concluded that Maximum Stock Level 

determines a large part of the predictive power of the model. Therefore an additional analysis 

is executed without maximum stock level in order to assess whether the same variables are 

still included and whether the predictive power of the remaining regressors becomes stronger. 

Moreover it questioned whether these variables still contribute to an acceptable R2 of Average 

Stock Level. This analysis is described in Appendix 15. 

 

 

6.2.2 Conclusions 

Based on Regression Model 2A, 2B and 2C the relation between innovation types and Average 

Stock Level is analyzed. Moreover, other relevant regressors are added to the models in order 

to increase the predictive power and understanding of factors that determine Average Stock 

Level. Next an overview is presented with respect to the standardized beta coefficients and 

related significance of all regressors: 
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Regression Models Average Stock Level 
 

 

 

 

Regression Model 2A shows 

the following key facts: 

 

- R2 = 0.585 (reference) 

 

 

 

Regression Model 2B shows 

the following key facts: 

 

- R2 = 0.329 (decreased) 

 

Changes compared to 

reference model (2A): 

 

- Only batch frequency 

becomes insignificant 

compared to model 2A 

- Direction of effects of all 

regressors remains the same 

compared to model 2A 

 

 
 

Regression Model 2C  shows 

the following key facts: 

 

- R2 = 0.755 (increased) 

 

Changes compared to 

reference model (2A): 

 

- Only category becomes 

insignificant compared to 

model 2A 

- Direction of effects of all 

regressors remains the same 

compared to model 2A 

 

 
 

Table 13 Total Overview standardized beta coefficients and significance of regressors Model 2A, 2B and 2C 
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Table 13 provides an overview of all regressors that are significantly included in the regression 

models. Based on these three models the following conclusions can be drawn: 

1. Predictive Power - Model 2B results in a decreased predictive power and Model 2C 

results in a substantially increased predictive power. The predictive power of all 

models is regarded as acceptable (R2 > 0.20) in order to draw conclusions.  

2. Consistency of regressors – Based on model 2A and model 2B it can be concluded 

that general conclusions can be drawn with respect to innovation types, ABC 

classification, category, promotions, average replenishment period, forecast inaccuracy, 

intermittent demand, average demand and number of shipment weeks. Based on model 

1A and 1C similar conclusions can be drawn compared to model 2A and 2B except for 

promotions and category.  

3. General conclusions - Conclusions can be drawn based on both significant included 

and non significant effects:  

Based on significant included effects the following expected conclusions can be drawn: 

3.1 A significant difference exists between innovation types with respect to 

Average Stock Level 10; 

3.2 As Maximum Stock Level increases, Average Stock Level increases 10; 

3.3 As Average Replenishment period increases, Average Stock Level 

increases10; 

3.4 As Forecast Inaccuracy increases, Average Stock Level increases10; 

3.5 As number of shipment weeks increases, Average Stock Level increases10; 

3.6 As intermittent demand increases, Average Stock Level decreases 10; 

3.7 As average demand increases, Average Stock Level decreases 10; 

Based on non significant effects the following not expected conclusions can be drawn: 

3.8  Analysis did not reveal an increased Average Stock Level in case of an 

increased promotional pressure 

  

                                                             
10

 Finally, Appendix 20 shows that the minimum required sample sizes with respect to conclusions 3.1 

and 3.7 are met which shows strong support for correctly significant regressors. 
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6.3 Regression Analysis Model 3 & 4: Service Level 

 

6.3.1 Logistic and Multiple Regression 

Based on the described procedure in Appendix 8 the best performing model with respect to 

Service Level is selected. It should be noticed that the distribution of Service Level extremely 

deviates from a normal distribution. The main reason for this problem is that almost 96% of 

the values are equal to 1 (i.e. 100%). It is expected that the reliability in terms of R2 will be 

rather low due to this problem. Therefore two regression models are defined: 

(1). Modified P1 Service Level: the probability that a service level = 100% at time = t 

(1) vs. the probability that a product has a service level < 100% at time t (0)  

(2) Conditional P2 Service Level: the expected relative number of missed cases in 

case the product is out of stock at time (t)  

 

6.3.2  Logistic Regression analysis 

The first regression model can be considered as a logistic regression model since the outcome 

variable is either 0 or 1. In this context the value 1 implies that the service level of a product at 

time t equals 100% and the value 0 implies that the service level does not equal 100% at time t.  

Omnibus Tests of Model Coefficients 

 Chi-square df Sig. 

Step 1 Step 3187,910 15 ,000 

Block 3187,910 15 ,000 

Model 3187,910 15 ,000 

 

Model Summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 

1 25234,683a ,032 ,127 

a. Estimation terminated at iteration number 8 because parameter estimates changed by less than, 001. 

 

The model above shows that the R2 of Nagelkerke equals 0,127 which can be considered as 

moderate. Moreover the R2
L measure of Hosmer and Lemeshow equals 0,114 since this can be 

derived by dividing the chi square of the model (i.e. 3187,910) by the -2 LL before any 
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variables were entered (i.e. 25234,683). This statistic and its resulting reliability of the model 

can be interpreted as moderate.  

 

Classification Tablea 

 Observed Predicted 

 Service Level (0,1) 

Percentage Correct  ,00 1,00 

Step 1 Service Level (0,1) ,00 8 3240 ,2 

1,00 33 93306 100,0 

Overall Percentage   96,6 

a. The cut value is ,500 

 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a Innovation(1) -,483 ,132 13,310 1 ,000 ,617 

Relaunch(1) -,514 ,082 38,901 1 ,000 ,598 

BaseRepack(1) -,477 ,054 78,462 1 ,000 ,621 

Newrepack(1) -,718 ,098 53,471 1 ,000 ,488 

LOG_ForecastAcc -,991 ,031 1029,448 1 ,000 ,371 

Log_AVG_RP 1,072 ,091 139,514 1 ,000 2,921 

Log_MSL 1,678 ,063 708,711 1 ,000 5,353 

M_BaseNewness -1,582 ,204 60,067 1 ,000 ,206 

Intermittent_Demand 1,283 ,113 128,200 1 ,000 3,607 

NSW ,008 ,001 114,192 1 ,000 1,008 

INV_AVGD 2,084 ,414 25,403 1 ,000 8,040 

M_NewRepackPromotion 1,006 ,175 33,081 1 ,000 2,734 

M_InnovationPromotion -,945 ,363 6,760 1 ,009 ,389 

M_RelaunchPromotion -,590 ,253 5,449 1 ,020 ,554 

Constant 2,852 ,232 150,753 1 ,000 17,328 

a. Variable(s) entered on step 1: Innovation, Relaunch, BaseRepack, Newrepack, LOG_ForecastAcc, Log_AVG_RP, Log_MSL, 

M_BaseNewness, Intermittent_Demand, NSW, INV_AVGD, M_NewRepackPromotion, M_InnovationPromotion, 

M_RelaunchPromotion. 

 

Based on the logistic regression model the following results are obtained with respect to the 

regressor variables. The table above shows for each regressor variable that the condition of a 

significance level < 0.05 is met for all variables. Moreover the Exp(B) statistic shows the 

relation between the predictor and the outcome. If the value is greater than one then as the 

predictor increases, then the odds of the outcome occurring increases. Conversely, a value less 
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than one indicates that as the predictor increases, the odds of the outcome occurring decreases. 

Here the occurrence of the outcome represents 100% Service Level, i.e. no missed cases at time 

t. As a consequence we may conclude that the probability of 100% Service Level decreases for 

all innovation types compared to base products . Moreover, when forecast inaccuracy increases, 

the probability of 100% service level decreases.  Conversely, if Maximum Service Level and 

Average Replenishment Period increase, the probability of 100% Service Level increases. 

Moreover when number of shipment weeks, intermittent demand, and inverted average 

demand increase, the probability of 100% Service Level increases (H20, H21 and H22 are 

accepted). With respect to the moderating effects, it can be concluded that when base & 

newness, innovation & promotion and relaunch & promotion and new repack & promotion 

increase, the probability of 100% service level decreases (H19 and H 25 are accepted). Finally, 

it can be concluded hypothesis 24, 29, 30 and 31 are not significantly included. 

 

The B values in this table can be used to derive the logistic regression equation similarly to 

multiple regression. Subsequently both probabilities, i.e. P(Service Level = 1) and P(Service 

Level < 1), can be calculated using the equations below: 

            

 ��������� 
���� � 1� �
�

������������� ���������� ���������
     Formula 11 

 ��������� 
����  1� � 1 !
�

������������� ���������� ���������
   Formula 12 

 

6.3.3  Validation Logistic Regression Analysis  

 

Due to the application of logistic in contrast to Multiple Regression different assumptions can 

be defined. First Logistic Regression does not require a normal distribution of the dependent 

variables. Neither does it require linearity and homogeneity of variances (homoscedasticity). 

The major assumption of Logistic Regression is that the outcome variable is dichotomous (this 

assumption is accepted).  

 

Next, a Multiple Regression Analysis is executed that analyzes the P2 service level in case 

service level is not equal to 100%. 
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6.3.4  Multiple Regression Analysis  

The second model includes the conditional P2 service level when service level is < 1.0. This 

multiple regression model contains the following independent variables: base, innovation, 

relaunch, base repack, new repack, Average Replenishment Period, Category, Forecast 

Inaccuracy. Moreover the regression model contains one moderator effect: new repack & 

promotion (t). The statistic results with respect to the selected are displayed below: 

Model Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

dime nsi o n0  

1 ,574a ,330 ,328 ,3204872 

a. Predictors: (Constant), Intermittent_Demand, Base, Category (d), Innovation, LOG_ForecastAcc, New repack, 

Log_AVG_RP, Base Repack 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 196,598 8 24,575 239,259 ,000a 

Residual 399,550 3890 ,103   

Total 596,148 3898    

a. Predictors: (Constant), Intermittent_Demand, Base, Category (d), Innovation, LOG_ForecastAcc, New repack, 

Log_AVG_RP, Base Repack 

b. Dependent Variable: Service Level 

 

Based on the two tables above we may conclude that the R2 of this regression model is equal to 

0,328. This implies that 32,8 % of the variance in forecast inaccuracy can be explained by this 

model. Moreover the regression equation is significant with respect to linearity (sig. < 0.001). 

The table on the next page shows how all variables contribute to this model performance.  

 

Based on these results it can be concluded that a difference with respect to innovation types is 

determined in the regression equation (H16a, H16b and H16c are accepted). However, the 

ABC classification is not significantly included in the regression model. Moreover 

corresponding to the prior defined hypothesis forecast inaccuracy and average replenishment 

period negatively affect service level.Moreover intermittent demand positively affects Service 

Level (H19 is accepted).  Finally it can be concluded that H17, H18, H29, H20, H21, H22 and 

H23 are not significantly included.  

Coefficientsa 
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Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) 1,045 ,046  22,932 ,000      

Base -,130 ,021 -,158 -6,158 ,000 -,034 -,098 -,081 ,261 3,827 

Innovation -,129 ,038 -,052 -3,364 ,001 ,062 -,054 -,044 ,731 1,368 

Base Repack -,150 ,024 -,145 -6,306 ,000 -,059 -,101 -,083 ,328 3,053 

New repack -,080 ,027 -,058 -2,952 ,003 -,018 -,047 -,039 ,448 2,231 

Category (d) -,211 ,012 -,233 -17,278 ,000 -,239 -,267 -,227 ,947 1,057 

Log_AVG_RP -,141 ,023 -,112 -6,201 ,000 -,383 -,099 -,081 ,525 1,905 

LOG_ForecastAcc -,173 ,008 -,320 -20,965 ,000 -,469 -,319 -,275 ,738 1,355 

Intermittent_Demand ,282 ,029 ,181 9,792 ,000 ,383 ,155 ,129 ,503 1,989 

a. Dependent Variable: Service Level 

 
 

6.3.5  Validation Multiple Regression Analysis  

Previous paragraph elaborated in detail on the regression analysis and the results. This 

paragraph will discuss the validation of the regression model. Two validations are executed: 

(1) Validation of assumptions: the four assumptions with respect to Multiple 

Regression analysis are tested 

(2) Validation of significance of regressors: since the dataset is already decreased by 

selecting only cases where number of missed cases > 0, an aggregation over time or 

products is not executed.  

Next, these two validation steps are discussed. 

(1) Validation of assumptions - Appendix 16 shows the detailed analysis regarding the four 

assumptions of multiple regression. Based on this analysis the following conclusions are drawn: 

Assumption Accepted or violated? 

Normality of dependent variable Accepted 

Homoscedasticity Accepted 

Linearity Accepted 

Independence of residuals Violated 
 

Table 14 Assumptions Regression Model 3 
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Concluding, three assumptions are accepted. However, the final assumption of Multiple 

Regression related to independence of residuals is violated. Since time series data is used in 

this analysis it should noticed that this assumption is always violated in these types of studies.  

 

6.3.6  Conclusions Logistic and Multiple Regression Analysis  

Based on Regression Model 3 and 4 the relation between innovation types and Service Level is 

analyzed. Moreover, other relevant regressors are added to the models in order to increase the 

predictive power and understanding of factors that determine Service Level. Next an overview 

is presented with respect to the Wald statistic and related significance of all regressors (model 

3) and standardized beta coefficients and related significance of all regressors (model 4): 

 

 

 
Regression Model 3 

shows the following key 

facts: 

 

- R2 = 0.127 (reference) 

 

 

 

 

 

 

 

 

 
 

 
 
 

Regression Model 4 

shows the following key 

facts: 

 

- R2 = 0.330 (reference) 

 

 

Table 15 Total Overview wald statistic and significance of regressor Model 3 and standardized beta 

coefficients and significance of regressors Model  4   
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Table 15 provides an overview of all regressors that are significantly included in the regression 

models. Based on these two models the following conclusions can be drawn: 

1. Predictive Power - Model 3 results in a predictive power of .127 and Model 4 results 

in a predictive power of 0.330. The predictive power of the first model is regarded as 

low and the second model is acceptable (R2 > 0.20) in order to draw conclusions.  

2. General conclusions - Conclusions can be drawn based on both significant included 

and non significant effects:  

Based on significant included effects the following expected conclusions can be drawn: 

3.1  A significant difference exists between innovation types with respect to 

both measures of service level 11; 

3.2 As Maximum Stock Level increases, the probability on 100% service level 

increases 11; 

3.3 As Average Replenishment period increases, the probability on 100% 

service level increases and the P2 service level if service level < 100% 

decreases 11; 

3.4 As Forecast Inaccuracy increases, the probability on 100% service level 

decreases and the P2 service level if service level < 100% decreases 11; 

3.5 As number of shipment weeks increases, the probability on 100% service 

level increases 11; 

3.6 As intermittent demand increases, the probability on 100% service level 

increases and the P2 service level if service level < 100% increases 11; 

3.7 As average demand increases, the probability on 100% service level 

Average Stock Level decreases 11; 

3.8 As promotional pressure increases, the probability on 100% service level 

of new repacks increases and of relaunches and innovations decreases 11. 

Based on non significant effects the following not expected conclusions can be drawn: 

3.9  Analysis did not reveal a decreased Service Level in case of an increased 

promotional pressure of other innovation types. 

Next section draws a main conclusion based on the four previously executed regression 

analyses.    

                                                             
11

 Finally, Appendix 21 shows that the minimum required sample sizes with respect to conclusions 3.1 until 3.8 are 

met which shows strong support for correctly significant regressors. 
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PART IV: VALIDATION 
 

7. Conclusions 

During the last two years Unilever has frequently changed its product portfolio by introducing 

new products or differentiating existing products. Both driven by technical innovations and 

price related advantages of these assortment changes Unilever experiences increased market 

shares and increased product margins. However, it is expected that introducing new products 

or differentiating existing products on the other hand negatively affects Unilever’s supply chain 

performance. Moreover based on market trends and Unilever’s strategy it is expected that this 

trend of increased product assortment changes will continue and even increase during the 

upcoming years. Currently the Market Planning department experiences that the consequences 

of these product assortment changes are quantified. As a result, product assortment decision 

making is mainly determined by sales and marketing driven arguments. Unilever aims to get 

insights in the relation between product assortment changes and supply chain performance 

and find a way to control the increase of product assortment changes within their department.  

Summarizing, first the four main problems with respect to the situation at Unilever are defined 

(paragraph 2.1 - 2.4). Next, a ‘general complexity framework’ is presented to overcome these 

four defined problems by executing a six step approach (paragraph 2.5). Based on step 1 and 

2 of this framework, supply chain performance and its main determinants are defined 

(paragraph 3.2 and 3.3). Next, four regression analyses are executed which represents step 3 

of the framework (paragraph 6.1, 6.2 and 6.3). Based on the insights of step 1, 2 and 3, this 

section (i.e. step 4) draws a main conclusion in order to answer to problems 1, 2 and 3. 

Subsequently, step 5 and 6 of the framework will be executed in section 8 in order to provide a 

solution to problem 4.  

As mentioned with respect to this section, first different types of assortment changes and their 

related supply chain performance presented (Problem 1: paragraph 7.1). Subsequently, 

Unilever aims to understand which product characteristics are related to assortment changes 

determine the current supply chain performance (Problem 2: paragraph 7.2). Moreover, 

Unilever aims to understand the effect of planner assortment characteristics on supply chain 

performance. (Problem 3: paragraph 7.3).  

 

7.1  Current supply chain performance of innovation types (Problem 1) 

Product assortment changes include base products, innovations, relaunches, base repacks and 

new repacks. These five innovationtypes can be classified based on two factors: new vs. 

existing and repacked vs. non repacked. A distinction is made between existing and new 
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products based on the product life cycle length which is restricted to a maximum of 26 weeks 

for new products and a minimum of 27 weeks for existing products (table 16).  

 Non Repack Repack 

Existing Base  Base Repack 

New Innovation & Relaunch New Repack 

Table 16 Innovation types  

Table 17 shows the average expected supply chain performance per innovation type. In order 

to make realistic and useful comparisons the following innovation types should be compared: 

I. Base products vs. Innovations and Relaunches - Base products perform better than 

innovations and relaunches in terms of Forecast Inaccuracy and Stock Levels. Base 

products perform worse than innovations and relaunches in terms of Service Levels. This 

implies that when increasing the number of innovations or relaunches within a product 

portfolio, the expected total forecast inaccuracy increases. Moreover, the average 

expected stock levels will also increase and the average expected service level will 

increase. As a result it is recommended to limit innovations and relaunches.   

II. Innovations vs. Relaunches - Innovations perform worse than relaunches in terms of 

Forecast Inaccuracy, Stock Level and Obsoletes. Regarding service level no difference is 

identified between innovations and relaunches. This implies that from a supply chain 

performance perspective it is recommended to use relaunches instead of innovations.  

III. Base Repacks vs. New Repacks - Base Repacks perform better than New Repacks in 

terms of Forecast Inaccuracy and Obsoletes. Base repacks perform worse than New 

Repacks in terms of Average Stock Level and are similar regarding Service Level. This 

implies that it is recommended to limit the number of new repacks. 

 

 Remark: 

 Re-scaled values  
Base 

products 
Innovations Relaunches 

Base 

Repacks 

New 

Repacks 

 

 

Forecast Inaccuracy 

(sMape) 
0,517054 0,713178 0,589147 0,682171 1 

 

 

Average Stock Level 

(weeks) 
0,7663 1 0,720576 0,663844 0,530059 

 

 
Service Level (P2 measure) 0,971774 1 1 0,981855 0,978831 

Table 17 Overview supply performance per innovation type 

The next two paragraphs elaborate on the main determinants that contribute to this difference 

in supply chain performance, i.e. product characteristics and planner assortment 

characteristics.  
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7.2 Main determinants: product characteristics (Problem 2) 

Regression analysis is applied to gain insights with respect to the factors that determine a 

difference in supply chain performance of products (see section 3 with respect to the 

definitions of all regressors). Table 18 shows how the product characteristics affect supply 

chain performance: 

  

 

 

 

 

 

 

 

 

 

Supply Chain Measure 

 

Regression Method 

Model 

Forecast 

Inaccuracy 

Multiple Regression 

1B (R2=0.497) 

Average Stock 

Level 

Multiple Regression 

2B (R2=0.329) 

Service Level 

P(SL=1) 

Logistic Regression 

3 (R2=0.127) 

Service Level 

P2 | SL<1 

Multiple Regression 

4 (R2=0.318) 

Innovation type: Base .247 (.000)* .216 (.000)* .617 (.000)** -.158 (.000)* 

Innovation type: Innovation .054 (.000)* .066 (.000)* .598 (.000)** -.052 (.000)* 

Innovation type: Relaunche excluded dummy .133 (.000)* excluded dummy excluded dummy 

Innovation type: Base Repack .220 (.000)* .117 (.000)* .621 (.000)** -.145 (.000)* 

Innovation type: New Repack .214 (.000)* excluded dummy .488 (.000)** -.058 (.000)* 

Number of shipment weeks 

(weeks) 

Negative 

-.308 (.000)* 

Negative  

.103 (.000)* 

Increased odds 

1.008 (.000)** 
Insignificant 

Promotional Pressure (t)  

(%) 
Moderator 12 Moderator 13 Moderator 14 Insignificant 

Intermittent demand  

(%) 

Negative 

-.422 (.000)* 

Positive 

.230 (.000)* 

Increased odds 

3.607 (.000)** 

Positive 

.181 (.000)* 

Inverted Average demand  

(cs.) 

Positive 

.099 (.000)* 

Positive  

.029 (.000)* 

Increased odds 

2.084 (.000)** 
Insignificant 

 

Table 18 Overview relation between regressors (product) and supply chain performance 

* implies standardized beta coefficient and ** implies Wald statistic  

Based on table 18 the following significant relationships are explained. First it should be 

remarked that not all variables provide new insights, therefore only the following variables are 

discussed: innovation types (1) number of shipment weeks (2), promotional pressure (3), 

intermittent demand (4) and inverted average demand (5). The variables are discussed below. 

(1) Innovationtypes differently affect supply chain performance. Regression Analyses show 

that all innovation types significantly affect all four performance measures. These results 

confirm the conclusions which are drawn in the previous paragraph.  (2) Number of shipment 

weeks negatively affects Forecast Inaccuracy and positively affects Average Stock Level and the 

probability of 100% Service Level. Implication: this conclusion shows that when Unilever 

keeps increasing it product assortment such that the average number of shipment weeks 

decreases, Unilever should accept a decreased performance regarding forecast accuracy and 

service level. (3) Promotional pressure positively and significantly affects the dependency 

between forecast inaccuracy and Base products (moderator effect). Moreover, promotions 

                                                             

12 Base & promotion (t): .-068 (.000) and Relaunch & promotion (t): -.107 (.000) 
13 Base & Promotion (t): -.009 (.000) and Base & promotion (t-2): .005 (.000) 
14 New Repack & promotion (t): 2.734 (.009), innovation & promotion (t): .554 (.020) and relaunch & promotion 

(t): .554 (.000) 
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positively affect the probability of 100% service level with respect to New Repacks and 

negatively affect the probability of 100% with respect to innovations and relaunches. 

Implication:  this conclusion confirms that forecast inaccuracy increases in case of promotions 

of base products. Moreover, it does not confirm that forecast inaccuracy increases in case of 

other innovation types. However, regarding service level Unilever should expect a decreased 

performance with respect to innovations and relaunches. This shows the additional complexity 

of promotions on relaunches and innovations. Promotions on new repacks in general imply a 

Make to Order strategy which could explain the positive effect of promotions and new repacks.  

(4) Intermittent demand negatively affects forecast inaccuracy and positively affects Average 

Stock Level, the probability of 100% Service Level and the P2 service level when service level is 

not equal to 100%. Implication:  this implies that products that exhibit many zero demand 

weeks result in decreased performance of all supply chain performance indicators except 

average stock level. (5) Inverted average demand positively affects forecast inaccuracy, 

Average Stock Level the probability of 100% Service Level and negatively affects P2 service 

level in case service level is not equal to 100%. Implication:  this implies that products that 

exhibit low average demand result in decreased performance of all supply chain performance 

indicators except the probability on 100% service level.  

Table 19 shows how the average regressors of table 18 are different per innovation type and in 

this way contribute to the difference in supply chain performance presented in table 17. 

  Base Relaunch Innovation Base Repack New repack 

 

 
Number of shipment weeks (weeks) 93,4 57,1 66,1 88,3 37,5 

 

 
Promotional Pressure (%) 0,134 0,184 0,233 0,136 0,413 

 

 
Intermittent demand (%) 0,925 0,923 0,91 0,78 0,682 

 

 
Inverted Average demand (cs.) 0,0147 0,0024 0,0054 0,075 0,050 

Table 19 Characteristics per innovation type 

Appendix 18 shows an additional analysis regarding the significance per innovation type with 

respect to correlations between innovation types and the regressors defined in table 19. Based 

on this table better insights are provided regarding the significant correlations. It can be 

concluded that a clear difference in number of shipment weeks is present between existing 

products (i.e. base and base repack) and new products (relaunch, innovation and new repack). 

Moreover it can be concluded that e.g. new repack exhibit a high promotional pressure, a high 

percentage of zero demand weeks and a low average demand. This table provides insights in 

the significant factors that determine supply chain performance of innovation types. 
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7.3 Main determinants: planner assortment characteristics (Problem 3)  

This section discusses the main characteristics of a planner product portfolio that affect supply 

chain performance. Table 20shows how the characteristics affect supply chain performance: 

 Supply Chain Measure 

 

Regression Method 

Model 

Forecast 

Inaccuracy 

Multiple Regression 

1C (R2=0.200) 

Average Stock 

Level 

Multiple Regression 

- 

Service Level 

P(SL=1) 

Logistic Regression 

3(R2=0.127) 

Service Level 

P2 | SL<1 

Multiple Regression 

4 (R2=0.318) 

 

 

Total number of 

products 
Insignificant - Insignificant Insignificant 

 

 

Rel. total number of 

products 
Insignificant - Insignificant Insignificant 

 Assortment newness Moderator* 15 - Moderator** 16 Insignificant 

Table 20 Overview relation between regressors (planner assortment) and supply chain performance 

* implies standardized beta coefficient and ** implies Wald statistic 

 (6) & (7) The total number of products and relative total number of products within the 

portfolio of a planner do not significantly affect forecast inaccuracy. It is hypothesized that 

the (relative) total number of products positively affects forecast inaccuracy. In more detail, it 

is hypothesized that as the total number of products per innovation type increases, the forecast 

inaccuracy of a particular innovation type increases. Both the main effect and the moderating 

effects are found not statistically significant in the regression model. Only a small positive 

correlation effect is found between relative total number of products and forecast inaccuracy, 

however this variable is not included in the regression model. (8) The distribution of new 

products vs. existing products within the portfolio of a planner, i.e. assortment newness, does 

significantly affect forecast inaccuracy. Assortment newness positively and significantly 

affects the dependency between base products and forecast inaccuracy and between 

relaunches and forecast inaccuracy. This implies that the forecast inaccuracy of relaunches and 

base products increases (i.e. sMape) when assortment newness increases.  

 

7.4 Main conclusions and link with implementation step  

Regarding the product characteristics innovation type is selected to be further discussed and 

regarding assortment characteristics assortment newness is selected. Namely, these two 

variables provide strong conclusions and are in particular of interest to Unilever.  

1. Product characteristics: innovation types 

1.1 The forecast inaccuracy of new products, i.e. relaunches and in particular innovations and 

new repacks is higher compared to existing products.  

                                                             

15 Base & Newness: .072 (.000) and Relaunch & Newness: .142 (.000) 
16 Base & Newness: .206 (000) 
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1.2 As a result of 1.1, the Average Stock Levels of new products, i.e. relaunches and innovations 

are higher compared to existing products.  

1.3 As a result of 1.2, the Service Levels of new products, i.e. relaunches and innovations, are 

higher compared to existing products.  

Main recommendation 1: From an ‘added complexity’ perspective, Unilever should limit the 

number of new repacks and innovations since these innovation types negatively affect supply 

chain performance. Moreover, Unilever should preferably apply relaunches instead of 

innovations from an added complexity perspective.  

Required implementation step: Product assortment decisions should be executed by 

considering both ‘added complexity’ and ‘added value’. As mentioned before, currently 

Unilever does not consider ‘added complexity’ within its product assortment decisions. 

Therefore, it is questioned how Unilever could apply the main conclusions of ‘added 

complexity’ of innovation types in order to improve assortment decisions, i.e. by considering 

both ‘added complexity’ and ‘added value’ (further elaborated in paragraph 8.1). 

 

2. Planner assortment characteristics: assortment newness 

2.1 Total number of product within a planners portfolio does not affect supply chain 

performance. However, assortment newness positively affects forecast inaccuracy of base 

products and relaunches and negatively affects service level of base products.  

Main recommendation 2: Unilever should not only manage its product portfolios based on 

the total number of SKU’s but it should rather manage its product portfolios based on the 

percentage newness within a product portfolio.  

Required implementation step: Currently, Unilever has no insights in the relation between 

assortment newness and supply chain performance since it only applies the number of 

products to control ‘added complexity’. Therefore it is questioned how assortment newness 

affects supply chain performance of innovation types (further elaborated in paragraph 8.2). 

 

3. Organizational changes and adaptation of processes: 

3.1: Unilever should register innovation types within their information systems such that 

performance of innovation types can be monitored and evaluated (further elaborated in 

paragraph 8.3) 

3.2: Unilever should improve its forecast models or strategies with respect to innovations and 

new repacks in order to decrease the forecast inaccuracy, regression analysis revealed that 

intermittent demand, number of shipment weeks, innovation type and average demand are 

important factors to consider (further elaborated in paragraph 8.3). 
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PART IV: IMPLEMENTATION 

 

8. Assortment Decisions (Problem 4) 

 

Previous sections discussed how innovation types and other causes of complexity affect supply 

chain performance. Based on this knowledge Unilever aims to improve its products assortment 

decisions. With respect to product assortment decisions two types of decisions can be made: (1) 

existing product assortment decisions and (2) new product assortment decisions (figure 14).  

 

Figure 14 Product Assortment Decision Process 

(1) Regarding existing product assortment decisions it is questioned whether to keep or 

delist an active product. Optimally Unilever aims to include both marketing / sales driven 

arguments and supply chain performance driven arguments. In this way a balance is found 

between benefits (e.g. revenue, margin or market share) and costs / risks (e.g. forecast 

inaccuracy, stock level, service level and obsoletes). However, currently these decisions are 

mainly based on marketing / sales driven arguments. Moreover, no uniform measure with 

respect to supply chain performance has been indentified. With respect to existing product 

assortment decisions it is preferred to define a matrix which combines both a financial 

parameter (marketing / sales driven) and one supply chain parameter (supply chain driven). 

This approach should support both the marketing and market planning department in making 

better decisions with respect to the current product portfolio. First the link with the previous 

regression analyses is discussed and an important limitation is defined. 

Link with regression analyses: The regression analyses revealed the relation between causes 

of complexity and consequences of complexity. The objective of these analyses is twofold: show 

exploratory insights regarding characteristics of assortment changes (problem 1, 2 and 3) and 

apply these insights within product assortment decision making (problem 4). However, it 

should be remarked that these conclusions based on the regression analyses are drawn from 
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an ‘added complexity’ perspective which is limited and therefore not applicable in practice. As 

mentioned before, ultimately Unilever makes product assortment decisions by considering 

both ‘added value’ and ‘added complexity’. Therefore a solution is presented how to include 

‘added complexity’ within the product assortment decision process.      

Limitation: It should be remarked that this thesis did not study ‘added value’. Therefore, only 

a limited perspective with respect to ‘added value’ is applied. Ultimately Unilever should start 

another research how to include added value within product assortment decision making. The 

approach of considering both added complexity and added value is presented in paragraph 8.1. 

(2) Regarding new product assortment decisions it is questioned whether or not to introduce 

a particular product to the existing product portfolio. Introducing a new product assures 

potential additional revenue, margin or market share. Besides these marketing / sales driven 

arguments new products might affect supply chain performance (e.g. forecast inaccuracy, stock 

levels, service level and obsoletes). Therefore Unilever aims to determine the expected 

difference regarding supply chain performance if a particular product is added to the product 

portfolio. Moreover innovation types affect supply chain performance differently. Therefore a 

simulation is presented which shows the impact on supply chain performance when adding 

new products to the existing product portfolio. This analysis is presented in paragraph 8.2. 
 

Link with regression analyses:  The expected supply chain performance when adding 

innovation types is determined by applying the regression results of assortment newness 

obtained in section 6. Moreover a simulation is provided based on the difference in supply 

chain performance between innovation types when adding particular innovation types.  

Limitation: It should be remarked that Unilever has indicated that this approach cannot be 

applied for each product assortment decision. However, this approach could be applied e.g. 

once a year based on the projected marketing and sales initiatives in order to estimate the 

impact of these product assortment decisions on the supply chain performance. 
  

 

8.1  Existing product assortment decisions 

Product assortment decisions regarding the existing product assortment could be improved by 

including supply chain performance. This study analyzed three supply chain measures in detail: 

forecast inaccuracy, service level and average stock level. In order to compare supply chain 

performance with an ‘added value’ parameter the following two options are possible: 

(1) Aggregate supply chain performance into one uniform measure (easy to visualize 

but difficult to interpret the reasoning), the following matrix can be plotted: figure 15. 
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(2) Use multiple axes to represent supply chain performance (difficult to visualize but 

easy to interpret the reasoning), the following categorization can be plotted: figure 16. 

 

Low 

Service 

Level

High

Service 

Level

Low 

Service 

Level

High

Service 

Level

Low 

Forecast Accuracy

High 

Forecast Accuracy

Low 

margin

High 

margin

‘BAD’

complexity

‘GOOD’ 

complexity

 

 Figure 15 One measure of  Figure 16 Two measures of supply chain performance 

supply chain performance 

Next, the Operational Complexity Index (OCI) is introduced which aggregates supply chain 

performance into one measure as visualized in figure 16. This option is further analyzed in 

order to show how Unilever could apply this concept in practice.  

The Operational Complexity Index is calculated per product based on two measures: (1) 

Forecast Inaccuracy and (2) Service Level. The OCI could be extended by including Average 

Stock Level however since Stock Levels are not considered as complex itself, this parameter is 

excluded. The OCI determines the probability of being in control or out of control. In order to 

define whether a product is considered as in control or out of control the following two target 

levels which are applied within Unilever are defined: 

• SL ≥ 0,985 implies that service level is considered as in control 

• sMape < 0,75 implies that forecast inaccuracy is considered as in control 

Appendix 23 shows a detailed description of the Operational Complexity Index and its related 

calculation. Based on these two measures and the defined target levels the OCI is determined 

for all products within the Deodorants & Grooming and Savoury category. A maximum desired 

operational complexity index is defined based on a µ + σ and equals an OCI of 2.77. The 

distribution of the OCI is visualized below: 

 

  Figure 17 Frequency plot OCI 
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With respect to the average volume per week

regarded as high. Based on this reasoning the

Figure 

 

With respect to existing product assortment decisions the following conclusions are drawn:

1. Consider ‘added complexity’ and ‘added value’

supply chain performance in product assortment decision making processes, a limited 

perspective is considered which results in potential 

service level or low forecast accuracy). In case Unilever only considers 

performance in product assortment decision making processes, a limited perspective 

is considered which results in missed added value (e.g. additional revenue or margi

Therefore Unilever should both consider financial 

parameters in order to improve product assortment decision making.

 

2. Reduce bad complexity and exploit good complexity

types, it can be concluded 

particular base products and new repacks are represented

considered as ‘bad’ complexity. 

volume products in particular base products and relaunches are represented

 Page 

With respect to the average volume per week, <1000 cases is regarded as low and >1000 is 

regarded as high. Based on this reasoning the following figure can be plotted: 

Figure 18 Existing Product Assortment Assessment (OCI versus Volume)

With respect to existing product assortment decisions the following conclusions are drawn:

Consider ‘added complexity’ and ‘added value’ - In case Unilever does not con

supply chain performance in product assortment decision making processes, a limited 

perspective is considered which results in potential unexpected risks or costs (e.g. low 

service level or low forecast accuracy). In case Unilever only considers 

performance in product assortment decision making processes, a limited perspective 

is considered which results in missed added value (e.g. additional revenue or margi

Therefore Unilever should both consider financial and supply chain driven

parameters in order to improve product assortment decision making.   

Reduce bad complexity and exploit good complexity - With respect to 

, it can be concluded that regarding high complexity and low volume products in 

cts and new repacks are represented. Here new repacks are 

considered as ‘bad’ complexity. Moreover, with respect to low complexity 

volume products in particular base products and relaunches are represented
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<1000 cases is regarded as low and >1000 is 

 

Existing Product Assortment Assessment (OCI versus Volume) 

With respect to existing product assortment decisions the following conclusions are drawn: 

In case Unilever does not consider 

supply chain performance in product assortment decision making processes, a limited 

risks or costs (e.g. low 

service level or low forecast accuracy). In case Unilever only considers supply chain 

performance in product assortment decision making processes, a limited perspective 

is considered which results in missed added value (e.g. additional revenue or margin). 

supply chain driven 

With respect to innovation 

that regarding high complexity and low volume products in 

. Here new repacks are 

Moreover, with respect to low complexity and high 

volume products in particular base products and relaunches are represented. Here 
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relaunches are considered as good c

reduce ‘bad’ complexity and exploit ‘good’ complexity.  

8.2 Planned product assortment decisions

Previous paragraph elaborated on the asses

whether to keep or delist products. Besides assessing the current product portfolio, Unilever 

aims to improve future product assortment decisions, i.e. whether to introduce a new product 

or not. Since Unilever currently applies a maximum number of products two scenarios are 

analyzed: (1) Introducing new products while 

adding new products and keeping existing products

maintaining a similar assortment size, i.e. replacing existing products with new products

expected supply chain performance per innovation

composition of the product assortment ba

 

Innovationtype Base 

Average number x 

Next, the number of added innovations, relaunches and new repacks is increased from 1 until 

15 which results in a newness range of 26.4% 

can be plotted based on the average expected assortment performance

E(FAassortment) , Average stock level

assortment size is constant or when assortment size 

 

Forecast Inaccuracy vs. increased newness (constant and increasing assortment size)

Figure 19 Forecast Inaccuracy vs. Newness (1)

 

Based on figure 19 and 20 it can be concluded that 

E(FAassortment) increases largest with new repacks, 

 Page 

relaunches are considered as good complexity. As mentioned it is recommended to 

reduce ‘bad’ complexity and exploit ‘good’ complexity.   

product assortment decisions    

Previous paragraph elaborated on the assessment of the current product assortment, i.e. 

ist products. Besides assessing the current product portfolio, Unilever 

aims to improve future product assortment decisions, i.e. whether to introduce a new product 

or not. Since Unilever currently applies a maximum number of products two scenarios are 

Introducing new products while not maintaining a similar assortment size, i.e. 

adding new products and keeping existing products and (2) Introducing new products while 

maintaining a similar assortment size, i.e. replacing existing products with new products

expected supply chain performance per innovation type is used from table 17.

composition of the product assortment based on 2008 and 2009 is as follows (values excluded)

Base Repack Innovation Relaunch 

x x x 

Table 21 Average composition of product assor

innovations, relaunches and new repacks is increased from 1 until 

15 which results in a newness range of 26.4% – 30.0%.  Subsequently, the following six graphs 

based on the average expected assortment performance: Forecast 

stock level E(ASLassortment)  and Service Level E(SLassortment

when assortment size increases with the added products. 

vs. increased newness (constant and increasing assortment size)

Forecast Inaccuracy vs. Newness (1) Figure 20 Forecast Inaccuracy vs. Newness (2)

it can be concluded that expected Assortment Forecast Inaccuracy

with new repacks, a small difference can be identified between a 
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omplexity. As mentioned it is recommended to 

of the current product assortment, i.e. 

ist products. Besides assessing the current product portfolio, Unilever 

aims to improve future product assortment decisions, i.e. whether to introduce a new product 

or not. Since Unilever currently applies a maximum number of products two scenarios are 

maintaining a similar assortment size, i.e. 

Introducing new products while 

maintaining a similar assortment size, i.e. replacing existing products with new products. The 

. The average 

(values excluded): 

New Repack 

x 

Average composition of product assortment 

innovations, relaunches and new repacks is increased from 1 until 

the following six graphs 

orecast Inaccuracy 

assortment) when both 

with the added products.  

vs. increased newness (constant and increasing assortment size) 

 

vs. Newness (2) 

Assortment Forecast Inaccuracy 

can be identified between a 
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constant (+4,21%) or increasing assortment size

E(FAassortment) when adding 15 products

respect to innovations and relaunches a difference is present between a constant and 

increasing assortment size. Namely, both 

assortment size when introducing relaunches

the E(FAassortment) slightly decreases

innovations (+1,37%) when assortment size increases with the added p
 

Average Stock Level vs. increased newness (constant and increasing assortment size)

Figure 21 Average Stock Level vs. Newness (1)

 

Based on figure 21 and 22 it can be concluded that E(ASL

innovations, a small difference can be identified between a constant

assortment size (+2.6%). However, with respect to new repacks and relaunches 

present between a constant and increasing assortment size. Namely, regarding new repacks 

the E(ASLassortment)  decreases less when assortment size is held constant

more when assortment size increases with the number of

Moreover, regarding relaunches E(ASL

product assortment is increasing

decreases when assortment size is held consta

 

Based on figure 23 and 24 it can be concluded that E(SL

innovations and relaunches (+0,2%), no difference can be identified between a constant or 

increasing assortment size. E(SLassortment

  

                                                             
17

 The forecast inaccuracy of relaunches is lower 

inaccuracy while the forecast inaccuracy of innovations is higher compared to the average forecast 

inaccuracy. This results in respectively a decrease and increase of assortment forecast inaccuracy.   

 Page 

or increasing assortment size (+4,77%). Both percentages refer to the 

products compared to adding zero products. However, with 

respect to innovations and relaunches a difference is present between a constant and 

increasing assortment size. Namely, both E(FAassortment) is higher in case of a cons

assortment size when introducing relaunches (+1,09%) or innovations (+2,66%)

slightly decreases in case of relaunches (-0,09%) and increases in case of 

when assortment size increases with the added products. 17

Stock Level vs. increased newness (constant and increasing assortment size)

Stock Level vs. Newness (1) Figure 22 Average Stock Level vs. Newness (2)

it can be concluded that E(ASLassortment) increases most with 

difference can be identified between a constant (+2.4%) 

. However, with respect to new repacks and relaunches a difference is 

present between a constant and increasing assortment size. Namely, regarding new repacks 

)  decreases less when assortment size is held constant (-1.4%) and decreases 

more when assortment size increases with the number of added new repacks (

elaunches E(ASLassortment) slightly decreases with newness when the 

product assortment is increasing  with the number of relaunches (-0,5%) and E(ASL

decreases when assortment size is held constant (-0,1%).    

it can be concluded that E(SLassortment) increases most with 

innovations and relaunches (+0,2%), no difference can be identified between a constant or 

assortment) remains constant in case of new repacks. 

The forecast inaccuracy of relaunches is lower compared to the average assortment forecast 

inaccuracy while the forecast inaccuracy of innovations is higher compared to the average forecast 

inaccuracy. This results in respectively a decrease and increase of assortment forecast inaccuracy.   
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Service Level vs. increased newness (constant and increasing assortment size)

Figure 23 Service Level vs. increased newness (1)

 

The conclusions with respect to the above six plots are a logical result of the difference in 

supply chain performance between innovationtypes and the average composition of the 

product assortment. However, the regression analyses in section 6 revealed two

moderating effects of assortment newness

products and relaunches (Model 1A)

additional effects of adding products to the existing product as

 

Additional effect of newness on forecast 

Figure 25 Forecast accuracy of base products

Planner Assortment Newness 

 

Figure 25 shows that when newness increases with 100% forecast inaccuracy of base products 

increases with 45.6% (i.e. +0.205; equal to the Beta coefficient in model 1A

applies a measure of forecast accuracy it can be concluded that

100% forecast accuracy decreases with 10%. The relation between forecast accuracy and 
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Service Level vs. increased newness (1) Figure 24 Service Level vs. increased newness (2)

The conclusions with respect to the above six plots are a logical result of the difference in 

supply chain performance between innovationtypes and the average composition of the 

product assortment. However, the regression analyses in section 6 revealed two

moderating effects of assortment newness and forecast inaccuracy in case of

(Model 1A). Next, these two effects are further analyzed to show the 

adding products to the existing product assortment.  

Additional effect of newness on forecast Inaccuracy of Base products 

Forecast accuracy of base products and          Figure 26 sMape versus Forecast Accuracy

shows that when newness increases with 100% forecast inaccuracy of base products 

05; equal to the Beta coefficient in model 1A). Since Unilever 

applies a measure of forecast accuracy it can be concluded that when newness increases with 

100% forecast accuracy decreases with 10%. The relation between forecast accuracy and 
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forecast inaccuracy expressed in sMape is pr

relation of both measures is calculated. Besides

inaccuracy of Base products, Regression Analysis revealed a similar significant effect with 

respect to relaunches, see figure 27

forecast inaccuracy of relaunches increases with 74.4% (i.e. +0.463

coefficient in model 1A). 

 

Additional effect of newness on forecast Inaccuracy of Relaunches

Figure 27 Forecast accuracy of relaunches and 

Planner Assortment Newness  

 

Summarizing the following conclusions can be drawn

assortment decision making: 

1. Adding new repacks to the product assortment 

preference can be identified between a constant or increasing assortment size. Both 

scenarios result in the highest E(F

decreased E(ASLassortment

additional new repacks instead of maintaining a fixed assortment size. Finally adding 

new repacks slightly decreases E(SL

a constant or increasing assortment size.

newness increases with 10% causes a decreased forecast accuracy of 1% of all base 

products (i.e. sMape increases with 2.4%) 

(i.e. sMape increases with 4.6%) of all relaunches.

 

2. Adding relaunches to the products assortment 

preferred to increase the assortment size with the additional relaunches instead of 
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forecast inaccuracy expressed in sMape is presented in figure 26. Appendix 24 shows how this 

both measures is calculated. Besides the additional effect of newness o

inaccuracy of Base products, Regression Analysis revealed a similar significant effect with 

, see figure 27.  Figure 28 shows that when newness increases with 100% 

launches increases with 74.4% (i.e. +0.463 equal to the Beta 

Additional effect of newness on forecast Inaccuracy of Relaunches 

Forecast accuracy of relaunches and   Figure 28 sMape versus Forecast Accuracy

Summarizing the following conclusions can be drawn with respect to future product 

to the product assortment increases the E(FA

preference can be identified between a constant or increasing assortment size. Both 

scenarios result in the highest E(FAassortment). Moreover adding new repacks results in a 

assortment), it is preferred to increase the assortment size wit

additional new repacks instead of maintaining a fixed assortment size. Finally adding 

decreases E(SLassortment), no preference can be identified between 

a constant or increasing assortment size. Additionally, adding repacks such 

newness increases with 10% causes a decreased forecast accuracy of 1% of all base 

products (i.e. sMape increases with 2.4%) and a decreased forecast accuracy of 1.7% 

(i.e. sMape increases with 4.6%) of all relaunches. 

to the products assortment decreases the E(FAassortment

preferred to increase the assortment size with the additional relaunches instead of 
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maintaining a fixed assortment size. Both scenarios result in the lowest E(FAassortment). 

Adding relaunches increases E(ASLassortment) in case of a increasing product 

assortment size. Finally adding relaunches slightly decreases E(SLassortment), no 

preference can be identified between a constant or increasing assortment size.  

Additionally, adding relaunches such that newness increases with 10% causes a 

decreased forecast accuracy of 1% of all base products (i.e. sMape increases with 2.4%) 

and a decreased forecast accuracy of 1.7% (i.e. sMape increases with 4.6%) of all 

relaunches. 

 

3. Adding innovations to the product assortment increases the E(FAassortment). It is 

preferred to increase the assortment size with the additional innovations instead of 

maintaining a fixed assortment size. Moreover adding innovations increases the 

E(ASLassortment) both in case the assortment size increases with the additional 

innovations and in case the assortment size is held constant. It is preferred to increase 

to assortment size with the additional innovations instead of maintaining a fixed 

assortment size. Finally adding innovations slightly decreases E(SLassortment), no 

preference can be identified between a constant or increasing assortment size. 

Additionally, adding repacks such that newness increases with 10% causes a 

decreased forecast accuracy of 1% of all base products (i.e. sMape increases with 2.4%) 

and a decreased forecast accuracy of 1.7% (i.e. sMape increases with 4.6%) of all 

relaunches. 

 

With respect to future product assortment decisions the following conclusions are drawn: 

(1) Unilever could improve product assortment decision making by estimating the 

expected supply chain performance as a consequence of the planned assortment 

decisions. In practice this could be determined once a year based on the planned 

marking / sales initiatives.  

(2) Adding new products such that assortment newness increases with 10% causes a 

decreased forecast accuracy of 1% of all base products (i.e. sMape increases with 2.4%) 

and a decreased forecast accuracy of 1.7% (i.e. sMape increases with 4.6%) of all 

relaunches. 

(3) By applying a fixed assortment size (i.e. Unilever currently applies a fixed 

assortment size to control ‘added complexity’) could decrease the assortment supply 

chain performance instead of increasing the assortment size with the added products.  
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8.3  Organizational change and adaption of processes 

Based on the conclusions that are drawn in section 7 several recommendations are presented 

that require an organizational change or adaptation of processes. This paragraph briefly 

elaborates on these topics. 

Register innovation types - Unilever does not register innovation types within SAP. Therefore 

during the Master Data set up process one specification should be added such that the 

performance of innovation types can be evaluated.  

Product assortment control - In 2010 Unilever defined strong targets with respect to SKU 

reduction in order to control complexity. This study showed that from a planner perspective, 

the total number of products does not affect supply chain performance. Moreover, this study 

showed that planner assortment newness negatively affects supply chain performance. 

Therefore it is recommended to measure or limit the percentage newness within a particular 

category. A negative side effect of defining a maximum number of SKU’s is that marketers tend 

to increase the number of new products. In order to control for this side effect, assortment 

newness should be a relevant indicator to Unilever in order to control its product portfolio 

such that a certain level of supply chain performance can be maintained.  

Improve product assortment decisions – Currently cross functional meetings are organized 

when introducing new products in order to define the estimated volume and moment of launch. 

First, on an annual base Unilever should determine the expected supply chain performance as a 

result of the proposed product assortment changes.  

Improve forecast strategies – Analysis revealed that in particular new repacks and 

innovations exhibit have forecast inaccuracy. Therefore, it is recommended to Unilever to 

either (1) improve the forecasting models or (2) improve current strategies related to these 

products. The former option implies to set up a model that is able to predict forecast accuracy 

of new products based on regressors. However, Unilever becomes reluctant to define models 

for all kind of problems and decrease the amount of common sense thinking. Therefore, the 

latter option implies that Unilever could apply e.g. scenario thinking, such that based on certain 

variables a final new product forecast strategy is defined.  

 

8.4  Six step approach of complexity framework (summarizing the study) 

The general complexity framework which is introduced in paragraph 2.5 contains a six step 

approach which enables to study complexity in general. In figure 29 all steps are displayed. 

Moreover, the main conclusions per step are presented such that a complete overview is 

presented regarding this study. Summarizing, step 1, 2, 3 and 4 provided insights how to deal 
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with complexity. It is remarked that complexity itself should be a problem, therefore ‘bad’ and 

‘good’ complexity are defined. Based on this categorization it recommended to decrease the 

number of low volume new repacks regarding the existing product portfolio. With respect to 

the future product portfolio it recommended to add relaunches and innovations, preferably 

relaunches. Namely, conclusions in paragraph 7.1 showed that relaunches perform better 

regarding supply chain performance compared to innovations. Moreover, paragraph 8.1 

showed that a large part of the relaunches are present in the low complexity / high volume box 

of the complexity vs. volume matrix. Section 8 subsequently showed the impact of adding 

relaunches to the existing product assortment. With respect to the conclusions that are related 

to organizational change or adaption of processes, it is recommended to apply assortment 

newness in order to control portfolios and improve the existing forecasting strategies related 

to new repacks, innovations and promotions on based products (see paragraph 7.3). 

 

 

Figure 29 Complexity framework applied to current study 
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9. Limitations and recommendations for further research 
 

This section elaborates on the limitations with respect to this study. Moreover, additional 

directions for further research are indicated.  

 

9.1 Project scope 

This study only included two categories due to time restrictions. In order to validate the 

conclusions on other categories, this study could be extended. Moreover, this study is executed 

within the Fast Moving Consumer Goods industry. Based on extreme market conditions a 

similar study within the Fashion industry could be conducted. The fashion industry can be 

characterized by products with short production lifecycles and high rotational speeds. In 

particular since Unilever expects decreased product lifecycle lengths and increased rotation 

speed of products within the upcoming years, it might be useful to learn based on this type of 

industry.  

 

9.2 Multi Level analysis 

As mentioned earlier within the project design, two levels of analysis can be identified: product 

and time. The conclusions of this study could be extended by applying a multi level analysis. In 

this way it could be validated whether a difference in supply chain performance is in particular 

caused by time dependent characteristics or product related characteristics. Within this study 

separate validation steps are executed which resulted in a stronger relation between product 

related characteristics instead of time dependent characteristics. However, it is questioned 

whether similar conclusions can be drawn when analyzing both levels simultaneously. 

 

9.3 Added value 

This study analyzed the relation between causes of complexity and consequences of complexity. 

In this way Unilever gained insights in the added complexity of product assortment decisions. 

However, it is mentioned that product assortment decisions should be made by including both 

added vale and added complexity. Additional research could indicate how the define added 

value as a consequence of assortment changes. In this way, e.g. the added value of innovation 

types could be studied. Concluding, a limitation of this study is the simplistic definition of 

added value. 
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9.4 Workload 

Due to time restrictions this study did not include workload of a demand planner as 

performance indicator. Section 2 showed that no information is available regarding the amount 

of time that is spent on particular tasks. Ultimately Unilever would like to measure how much 

time is spent on particular tasks such that ‘a general system approach’ could be applied similar 

to a manufacturing environment. Namely, within a manufacturing environment the majority of 

the processes can be monitored. As a consequence the relation between input variables and 

output variables can be analyzed. For example, based on a particular arrival rate λ (i,j) and 

processing time µ(i,j) a resource produces an output P(i). Here i denotes the particular product 

and j the particular resource in the system (Figure 30).  

 

Figure 30 General system approach using queuing theory 

Moreover, when the routing through a system is monitored, queuing theory provides accurate 

insights in expected waiting times, bottlenecks, efficiency of resources and expected output. In 

this way a system can be modelled such that a dependent relation between input and output 

variables can be obtained. Concluding, queuing theory could be applied to simulate a real-life 

situation and analyze the performance and sensitivity of a system on changing input 

parameters.  

 

9.5 Promotions 

Within this study it was hypothesized that promotions have a large contribution with respect 

to added complexity. However, promotions are defined in a general way based on the 

promotional forecasted demand per week. Unilever acknowledges that promotional 

forecasting could be improved. Currently Unilever has started another Master Thesis project in 

order to study the relation between promotions and forecast accuracy. Both studies could be 

extended by analyzing the relation of promotions on the supply chain performance of 

innovation types. In order to draw strong conclusions detailed information regarding 

promotions is required. This study is limited with respect to the applied information regarding 

promotions.   
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Appendix 1:  A framework of factors causing complexity  

 

Based on the Master Thesis Preparation 1a framework of drivers of complexity is introduced.  

As a basis the categorization of complexities levels defined by C. Bozarth et al (2009) is used.  

Moreover, a summary of all drivers is provided and supporting literature is provided. 

 

Level Driver Type Literature 

Downstream 

complexity  

/  

Product 

portfolio 

complexity 

- Number of customers 

- Demand heterogeneity  

- Average order size 

- Product lifecycle length 

- Demand variability 

- Customer lead time 

Numerousness 

Variety 

Numerousness 

Variety / Time 

Unpredictability 

Time 

C. Bozarth et al (2009), Perona and 

Miragliotta et al. (2004), Blecker et al 

(2003), Quelch and Kenny (1994), 

Chong et al (2001) 

 

 

 

 

 

Internal 

manufacturing 

complexity 

- Number of products 

- Number of components 

- Schedule instability 

- Technological innovations 

- Product complexity 

- Non harmonised processes 

- Component commonality 

- Routing commonality 

- Assortment mix rotation 

- Product mix ratio  

- BOM depth  

- BOM breadth  

Numerousness 

Numerousness 

Unpredictability 

Variety 

Variety 

Interconnectivity 

Variety 

Variety 

Variety 

Variety 

Numerousness 

Numerousness 

C. Bozarth et al (2009), D.J. Closs et al 

(2008), H. Kaynak (2005), 

Thonemann et al (2002), Miragliotta 

et al. (2004), Vachon and Klassen 

(2002), Blecker et al (2003), (Martin 

and Ishii 1997),  M. Perona and G. 

Miragliotta (2004), Quelch and Kenny 

(1994), Ulrich and Tung, 1991, 

Salvador et al (2002), Brun and 

Zorzini (2008), A.G. de Kok (1990), 

Frizelle and Wookcock (1995), 

Sivadasan et al, (2002), Wu et al. 

(2007) and Yu and Efstathiou (2006) 

 

Upstream 

complexity 

- Number of suppliers 

- Number of node connections  

- Supplier lead times 

- Globalization of the supply  

Numerousness 

Interconnectivity 

Time 

Interconnectivity 

C. Bozarth et al (2009), M Caridi et al 

(2009), Choi et al (2001), M. Perona 

and G. Miragliotta (2004), Blecker et 

al (2003) 

 

This overview shows that the greatest part of literature is executed to deal with internal 

complexity from a manufacturing point of view. Moreover I categorized the complexity drivers 

based on five different complexity types: numerousness, variety, time, unpredictability and 

interconnectivity. Based on this categorization we may conclude that complexity is mostly 

driven by variety.  This conclusion corresponds with definitions of (C. Bozarth et al (2009), 

(Blecker et al 2004), Vachon and Klassen (2002), D.J. Closs et al (2009), Thonemann et al 

(2002)) ,  who define complexity based on the variety in objects and processes.   
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Appendix 2:  Conceptual background of complexity and performance 

 

This appendix presents previous research that describes the relation between complexity and 

supply chain performance. As mentioned in section 1, a common way to define complexity is 

the variety in products or components. This section first elaborates the relation between 

product complexity, explicitly defined as product variety, and supply chain performance. 

Subsequently, several articles are introduced that analyzed the relation between complexity 

and supply chain performance. The objective of this section is not to show that complexity 

negatively influences supply chain performance. In fact this section tries to define a relation 

between complexity and related supply chain performance such that firms are able to make 

trade-offs. This trade-off represents a choice between added complexity and added value when 

adding new products. 

Product variety and supply chain performance - In the packaged goods industry the 

number of new products introduced has dramatically increased from 12.000 in 1986 to 24.000 

in 1996 (Thoneman et al, 2002). Moreover the number of products in supermarkets available 

has grown to 30.000 compared to 1000 in 1950 (Thoneman et al). However, recently P&G 

successfully decreased the number of Head&Shoulders products from 22 to 15 (Thoneman et 

al). The article of Thonemann et al (2002) proposes a quantitative model to gain insight in the 

influence of product variety on supply chain performance.  The authors consider a supply with 

one manufacturer and multiple retailers with a resource of limited capacity. Moreover the 

change over from one product to another is mainly due to set up time instead of set up costs. 

The conclusion of the authors is that when a company adds a product to a product portfolio, 

the marginal increase in expected lead time will decrease for every single product added. 

Moreover as product variety increases and batch size remains constant, the waiting time 

increases in the batch buffer since the order arrival rate is reduced. This implies that one 

should decrease the batch size in order to minimize the increase in waiting time. However, 

when decreasing the batch size the frequency of setups increases which also increases waiting 

time. This shows the tradeoff between batch size, lead time and utilization rate and the relation 

between product variety and supply chain performance (e.g. leadtime or utilization rate).  

Product complexity and supply chain performance - D.J. Closs et al (2009) examine the 

simultaneous impact of capacity, inventory level and complexity on service level in a configure-

to-order (CTO) environment. The level of complexity is defined by differentiating between the 

number of components, a large number of components implies a high level of complexity and a 

small number of components indicates a low level of complexity. Moreover, the service level is 

measured in both unit fill rate and order fill rate. In order to minimize the effect of demand 

variability, the authors define demand skewness as an exogenous variable, i.e. a control 
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variable. The authors claim that while much research has been conducted why firms should 

differentiate in order to meet heterogeneous demand, only little research has been conducted 

to analyze the implications of such a proliferation of products on supply chain performance.       

According to Graman and Magazine (2002) a higher level of complexity corresponds with 

higher levels of inventory. Also Chong et al (2001) relate a proliferation of products with 

additional inventory costs due to either inventory obsolescence or more frequent stock out or 

buffer stock being carried.  According to D.J. Closs et al (2009), a review of literature revealed 

that no identified work simultaneously examined the interactive impact of product complexity, 

inventory level and service level.  The authors find a significant relation between product 

complexity and unit fill rate (.e. service level). This implies that as the number of components 

increases that the level of unit fill rate significantly decreases. Moreover, only when inventory 

levels are increased a certain level of order fill rate can be maintained. This implies that a 

higher level of complexity indeed results in increased inventory costs when maintaining 

similar service levels. With respect to demand skewness the authors find that as demand 

skewness increases, service performance decreases. A similar relation is found between 

capacity and service level performance, an increased level of capacity results in an increased 

service performance. The authors finally conclude that an increased level of capacity does not 

improve or decrease the service performance as complexity level increases. The authors point 

out that more research should be conducted in other industries, apart from the electronics 

industry, to investigate the proposed relationships. Moreover, the authors indicate 

opportunities for further research to include other complexity drivers, e.g. finished goods 

variations, or other performance measures, e.g. order cycle time and profitability. 

C.C. Bozarth (2009) investigated the impact of supply chain complexity on manufacturing plant 

performance. The researchers emphasize that only little research has been conducted to 

understand the downside of added complexity in supply chains. As explained in section 3, the 

authors distinguish between internal manufacturing complexity, downstream complexity and 

upstream complexity. Plant performance measures are expressed based on four variables: 

schedule attainment, unit manufacturing performance, plant-level competitive performance 

and plant-level customer satisfaction. The former two measures are operational related while 

the latter two are market related. The authors find that higher levels of upstream complexity 

have a negative impact on plant schedule attainment and unit manufacturing cost performance. 

In detail, the number of suppliers does not significantly influence the plant performance 

measures. However, unreliable supplier delivery does have a negative impact on schedule 

attainment. Regarding internal manufacturing, the results fully support the hypothesis that 

increased internal manufacturing complexity negatively affects the performance measures. 

Another revealing result is that the results do not support the hypothesis that the amount of 
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parts and products has an impact on plant performance.  This implies that manufacturers 

should not focus on reduction of the total number of parts and products (i.e. defined as detail 

complexity) but they should focus on the interconnectedness between parts / products (i.e. 

defined as dynamic complexity). Finally, the authors find that an increase of downstream 

complexity decreases unit manufacturing costs and plant schedule attainment. Concluding the 

analysis supports the proposition that drivers of dynamic complexity have a stronger impact 

on performance measures than detail complexity.  

Vachon and Klassen (2002) define complexity as a multi-dimensional definition and analyze 

the relation between complexity and delivery performance. First, they define complexity by 

defining three dimensions: numerousness, interconnectivity and systems unpredictability. 

Ultimately they create a two by two matrix by distinguishing structure technology (i.e. product 

/ process structure) and infrastructure technology (i.e. information processing). In other 

words, this approach defines complexity as a result of complicatedness and uncertainty. Their 

analysis provides strong support for the relation between delivery performance and both 

complicatedness of product/process and uncertainty. However, little evidence was found that 

greater product variety and more complicated supply chains adversely affect delivery 

performance.  

Discussion - Previous paragraphs presented several ways to investigate the relationship 

between complexity and performance measures. Based on these studies we may conclude the 

following. First it is important to define complexity and its complexity drivers. Previous 

research indicated that complexity could be defined in different ways, e.g. detail complexity 

and dynamic complexity. Other approaches defined internal manufacturing complexity, 

downstream complexity and upstream complexity. Moreover, one could consider complexity 

on different levels: plant level, assortment level and product level. Besides defining the drivers 

of complexity one should define appropriate performance measures. Previous research 

revealed that when defining performance measures differently, i.e. plant performance 

measures or product item fill rate, one could draw different conclusions. Namely C.C. Bozarth 

(2009) found no significant relation between number of products and supply chain 

performance while D.J. Closs et al (2009) concluded that the number of products (i.e. defined as 

the level of complexity) significantly decreases the level of supply chain performance. 

Obviously, other factors like type of industry and inclusion of other variables have contributed 

to these two accepted conclusions. Finally, we may conclude that research regarding the link 

between complexity and supply chain performance has been conducted on a small scale. 

However, based on practical experiences in the field of supply chain management, a clear need 

has been ventilated to increase the understanding of complexity and its relation on supply 

chain performance. Moreover, the relevance of understanding complexity and its relation to 
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supply chain performance will only increase in the years to come due to trends in the retail 

industry. Namely, due to faster changing consumer needs, shorter product lifecycles and 

increasing demand heterogeneity, the complexity within supply chains will increase. Therefore 

the relation between complexity and important supply chain performance indicators should be 

validated and quantified.  
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Appendix 3:  Regression variables (explained) 

 

1. Independent (IV) vs. Dependent Variable (DV):  

 

N.B.: The independent variable causes a variation within the dependent variable 

2. Moderating variable (MV): 

 

 

N.B.: The moderating variables causes a variation within the relation between the independent 

variable and the dependent variable 

2. Control variable (CV): 

 

N.B.: The control variables control for a variation within the relation between the independent 

variable and the dependent variable determined by the control variable 
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Appendix 4:  Hypotheses model 1, 2, 3 and 4 

 

Regression Model 1: Forecast Inaccuracy 

With respect to all regressors that are included in Regression Model 1 the following 10 

hypotheses are below defined in table 22. Moreover Appendix 4 shows a graphical 

representation of the regressors and corresponding hypotheses.  

H1a: 
New products have a higher forecast inaccuracy compared to existing products due to less or 

zero available data (a maximum of 26 weeks versus a minimum of 26 weeks)  

H1b: 
Repacked products have a lower forecast inaccuracy compared to non repacked products due to 

smaller batchsizes 

H1c: 
Innovations have a higher forecast inaccuracy compared to relaunches since historical data of 

predecessors is not available regarding innovations contrary to relaunches  

H2: 

Promotions positively affect forecast inaccuracy, i.e. it is expect that when the promotional 

pressure increases forecast inaccuracy increases since demand becomes more volatile in 

promotional periods (lift factor) 

H3: 

Number of shipment weeks negatively affects forecast inaccuracy, i.e. it is expected that when 

the duration of a product on the market increases forecast inaccuracy decreases mainly due to 

the increase of available data 

H4: 
Intermittent demand negatively affects forecast inaccuracy, i.e. when the frequency of zero 

demand weeks decreases forecast inaccuracy decreases since demand becomes more stable 

H5: 

Average demand negatively affects forecast inaccuracy, i.e. when average demand increases, 

forecast inaccuracy decreases since the relative deviation between actual demand and forecasted 

demand decreases when average demand increases 

H6: 
Batch frequency negatively affects forecast inaccuracy, i.e. when the batch frequency of 

products increases forecast inaccuracy decreases since these products will receive a high priority 

H7: 

Total number of products per planner positively affects forecast inaccuracy, i.e. when the total 

of number of products per planner increases, forecast inaccuracy increases since planners have 

less time available per product 

H8: 

Relative total number of products per planner positively affects forecast inaccuracy, i.e. when 

the relative total of number of products per planner increases, forecast inaccuracy increases 

since planners have less time available per product 

H9: 
Assortment newness positively affects forecast inaccuracy, i.e. when assortment newness 

increases, forecast inaccuracy increases since planners have less time available per product 

H10a: 
Promotions behave as a moderating effect between innovation types and forecast inaccuracy, 

it is expected that promotions and new products positively affect forecast inaccuracy  

H10b: 

Total number of products per planner behaves as a moderating effect between innovation 

types and forecast inaccuracy, it is expected that forecast inaccuracy of base products increases 

when the total number of products increases to due prioritization of  a planner 
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H10c: 

Relative total number of products per planner behaves as a moderating effect between 

innovation types and forecast inaccuracy, it is expected that forecast inaccuracy of base products 

increases when the total number of products increases to due prioritization of a planner 

H10d: 

Assortment newness behaves as a moderating effect between innovation types and forecast 

inaccuracy, it is expected that forecast inaccuracy of base products increases when assortment 

newness increases to due prioritization of  a planner 
 

Table 22 Hypotheses Regression Model 1 

 

Regression Model 2: Average Stock Level 

With respect to all regressors that are included in Regression Model 2 the following 9 

hypotheses are below defined in table 23. Moreover, Appendix 4 shows a graphical 

representation of the regressors and corresponding hypotheses.  

H11a: 
New products have a higher Average Stock Level compared to existing products due to a higher 

uncertainty of demand  

H11b: 
Repacked products have a lower Average Stock Level compared to non repacked products due 

to smaller batchsizes 

H11c: 
Innovations have a higher Average Stock Level compared to relaunches due to a higher 

uncertainty of demand 

H12: 
Promotions positively affect Average Stock Level, i.e. it is expect that when the promotional 

pressure increases Average Stock Level increases due to a higher uncertainty of demand 

H13: 

Number of shipment weeks positively affects Average Stock Level, i.e. it is expected that when 

the duration of product on the market increases Average Stock Level increases mainly due to an 

increased batch size 

H14: 

Intermittent demand positively affects forecast inaccuracy, i.e. when the frequency of zero 

demand weeks decreases Average Stock Level increases since many zero demand weeks 

indicate that products are in the delisting period 

H15: 
Average demand positively affects Average Stock Level, i.e. when average demand increases, 

Average Stock Level decreases; 

H16: 
Batch frequency negatively affects Average Stock Level, i.e. when the batch frequency of 

products increases, forecast inaccuracy decreases due to a prioritization of planners 

H17: Promotions behave as a moderating effect between innovation types and forecast inaccuracy 
 

Table 23 Hypotheses Regression Model 2 
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Regression Model 3 and 4: Service Level 

With respect to all regressors that are included in Regression Model 3 and 4 the following 10 

hypotheses are below defined in table 24. Moreover, Appendix 4 shows a graphical 

representation of the regressors and corresponding hypotheses.  

 

H18a: New products have a lower Service Level compared to existing products  

H18b: Repacked products have a lower Service Level compared to non repacked products 

H18c: Innovations have a lower Service Level compared to relaunches 

H19: 
Promotion negatively affect Service Level, i.e. it is expected that when the promotional 

pressure increases Service Level decreases 

H20: 
Number of Shipment weeks positively affect Service Level, i.e. it is expected that when the 

Number of Shipment weeks increases Service Level increases 

H21: 
Intermittent demand positively affect Service Level, i.e. it is expected that when the 

Intermittent demand increases Service Level increases 

H22: 
Average Demand positively affect Service Level, i.e. it is expected that when the average 

demand increases Service Level increases 

H23: 
Total number of products negatively affect Service Level, i.e. it is expected that when the 

Total number of products increases Service Level decreases 

H24: 
Relative Total number of products negatively affect Service Level, i.e. it is expected that 

when the Relative Total number of products increases Service Level decreases 

H25: 
Newness negatively affect Service Level, i.e. it is expected that when newness increases 

Service Level decreases 
 

Table 24 Hypotheses Regression Model 3 and4 
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Appendix 5:  Graphical representation conceptual models 

 

Regression Model 1: 

 

 

Regression Model 2: 
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Regression Model 3: 

 

 

 

Regression Model 4: 
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Appendix 6:  Multiple Regression versus (M)Anova 

 

Based on the executed literature research two types of research can be distinguished: 

(M) ANOVA – ANOVA is a method that is widely used to analyze data from experiments with 

complex treatment designs. In its simplest form (one way ANOVA) is used to test whether the 

means of the outcome variable are different across two or more groups. When there are only 

two groups ANOVA is equivalent to a t-test for a difference in means, and therefore it is also 

equivalent to a multiple regression with a single, independent dummy variable. When there are 

more than two groups a one way ANOVA is exactly equivalent to a multiple regression with 

dummy variables for all but one of the groups. Analysis of Covariance (ANCOVA) is an 

extension of ANOVA to allow for situations where some of the independent variables are 

categorical (and some are measured on quantitative scales, often called covariates).  

(Multiple) Linear Regression – This method investigates the relation between a single 

dependent variable and one (or more) independent variable(s). The use of a regression 

analysis can be distinguished between prediction analysis and causal analysis. In the prediction 

study the goal is develop a formula about the dependent variable based on the observed values 

of the independent variables. In the causal analysis the independent variables are regarded as 

causes of a dependent variable. So the aim of the study is to determine whether a particular 

independent variable really affects the dependent variable and to estimate the magnitude of 

that effect.  

Another important method of research that could be applied, which is not found in literature 

within this field of research, is Structural Equation Modelling (SEM). This method is further 

elaborated below. 

SEM – Structural equal models combine confirmatory factor analysis with simultaneous 

equation models. The basis idea is that the observed variables dependent on latent unobserved 

variables. And those latent variables may have causal relationships among them. When this 

model is written in the form of equations, each equation looks like an ordinary regression 

equation.  Often these relationships are displayed as path diagrams. 

Next, these three methods are compared and the most appropriate research method is chosen. 

Based on the conceptual model defined in paragraph 1.5 we may conclude that the conceptual 

model includes: 

� more than one dependent variable; and 

� more than one independent variable; and 
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� many metric independent variables; and 

� expected correlation effects between dependent variables; and 

� interaction effects between independent variables.  

 

It is preferred to use a Multiple Regression Analysis with dummy variables and interaction 

effects instead of ANOVA due to the following reasons18: 

� Multiple Regression is considered to be a more powerful statistical method than 

ANOVA 

� ANOVA does not include coefficients of independent variables (no assumption 

is made about the relationship between dependent and independent variables) 

� A large number of observations is available (required for Multiple Regression)  

� It is possible to represent an Multiple Regression in the form of an ANOVA 

  

                                                             
18

 SEM is not an appropriate research method due to the following two reasons: (1) no 

application of SEM has been found in articles that study a similar conceptual model and (2) the 

conceptual model does not include latent variables that are the key variables of interest when 

using SEM 
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Appendix 7:  Product Hierarchy Unilever 

 

 

 

 

SPFV: Similar Pack Form Variant 

SKU: Stock Keeping Unit  

EAN: European Article Number (used to distinguish products outside Unilever, not 

communicated to customers) 

MRDR: Master Reference Data Repository (used to distinguish product inside Unilever, 

not communicated to customers)  
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Appendix 8:  Regression Analysis Procedure 

 

A fixed procedure is applied to determine the best regression model with respect to the four 

supply chain performance indicators. Since it is likely that the dataset contains both non 

normal data and potential outliers both a BASE model and TRANSFORMED model is 

determined. The BASE model includes only the raw data without any modifications, the 

TRANSFORMED model includes potential transformations of non normal variables and 

deletion / replacement of outliers. The following procedure is applied: 

 

(1) DATA SCREENING 

1.1 Assessment of dependent variable  

1.2 Assessment of scale independent variables (Maximum stock Level and Average 

Replenishment Period) 

(2) REGRESSOR SELECTION 

2.1 Base model determination by both using the enter method and backwards selection of 

significant variables 

2.2 Assessment of hypothesized moderator effects 

(3) MODEL INACCURACY AND ASSUMPTIONS 

3.1 Base model inaccuracy determination 

3.2 Assessment of assumptions Multiple Regression 

(4) DATA SCREENING AND TRANSFORMATION 

4.1 Outlier selection and deletion / replacement 

4.2 Transformation of non normal variables  

(5) REGRESSOR SELECTION 

5.1 Transformed model determination by both using the enter method and backwards 

selection of significant variables 

5.2  Assessment of hypothesized moderator effects 

 (6) MODEL INACCURACY AND ASSUMPTIONS 

6.1 Transformed model inaccuracy determination 

6.2 Assessment of assumptions Multiple Regression 

(7) MODEL SELECTION: BASE vs. TRANSFORMED  
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Appendix 9:  Assumptions Regression Model 1 

 

 

Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  

 

 

The pattern of both plots show a deviation from normality. The main reason of this deviation is 

the fact that the maximum worst performance of sMAPE is constrained to 2.0. Therefore any 

transformations of this distribution like lognormal, square root, square or cubic are not solving 

this problem. However, looking at the skewness and kurtosis the problems regarding non 

normality do not seem to be large since both statistics are between - 1.0 and 1.0 (respectively 

0,788 and -0,632). Moreover, taking the sample size of 104093 cases into account the problems 

with a deviation from normality become less severe.  

Residuals Statisticsa 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value ,253102 1,905829 ,702661 ,2672267 99302 

Std. Predicted Value -1,682 4,502 ,000 1,000 99302 

Residual -1,7668158 1,6486286 ,0000000 ,5225821 99302 

Std. Residual -3,381 3,155 ,000 1,000 99302 

a. Dependent Variable: Forecast Inaccuracy 

 

As a final validation of the normality assumption of forecast inaccuracy the standardized 

residuals are tested on a normal distribution. In fact this represents whether the model 
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deviates from normality. Based on this plot it is concluded that the normality assumption is not 

violated. 

 

Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Moreover the homoscedasticity is validated based on the time dependent 

variable week. Based on the these two plots the assumption of homoscedasticity is accepted.  

 

Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression are visualized 

below. It can be concluded that a linear relation is defined between forecast inaccuracy and the 

independent variables depicted below (the number of plots is limited to the most significant. 
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Independence of residuals - The final assumption of Multiple Regression is related to 

independence of residuals. However, since time series data is used in this analysis this 

assumption is always violated. Namely, based on the Durban-Watson statistic we may conclude 

that the data set is positively auto correlated. However, this violation will not reduce the 

appropriateness of using Multiple Regression within this dataset. 

 

Multicollinearity - Finally, the independent variables are tested on multi collinearity. Since the 

lowest tolerance is equal to 0,313 and the highest VIF equals 3,149 no multicollinearity is 

nested in the model. Namely tolerance may not be smaller than 0,10 and VIF may not exceed 

10. 
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Appendix 10:  Data mining additional models 1B and 1C 

 

The next three figures provide a visual representation of the differences between the 

regression models with respect to the data mining. These figures provide an adequate 

overview of the differences between model 1A, 1B and 1C. Each ‘box’ with e.g. Base or 

Relaunch (Rel.) implies that performance is measured for that particular combination of 

selected time in week(s) and selected product(s). With respect to model 1A this implies that 

performance and the regressor variables are measured per week and per product, e.g. product 

1 in week 1 and product 2 in week 2. As mentioned in the table above model 1B aggregates the 

performance and regressor  variables per product over time per innovationtype, e.g. product 1 

is aggregated over week 1, 2 and 3 and product 2 is aggregated over week 1, 2, 3, 4, 5, 6, 7 and 

8. With respect to Model 1C the performance per product and regressors is aggregated over 

products per week per innovationtype, e.g. the supply chain performance of products 1,2, 3, 4, 

5 and 6 are aggregated in week 1 and products 7, 8, 9, 10, 11 and 12 are also aggregated in 

week 1.   Analysis 1B and 1C are additionally executed in order to check whether the R2 of the 

regression models can be improved and whether different conclusions can be identified. 
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Appendix 11:  Regression Analysis Model 1B 

 

1. Regression variables Model 1B 

First the regression variables under consideration are introduced in the table below. The same 

variables are used as in the Regression Model 1A. However the variables week, promotion (t-1), 

promotion (t-2), total number of products, relative total number of products and newness are 

excluded since these are time dependent. This results in 10 independent variables and 5 

moderating variables.  

Name variable Type Scale Remark 

Forecast Inaccuracy Dependent variable Scale 0 – 1 

Innovation type 

- base 

- innovation 

- relaunch 

- base repack 

- new repack 

Independent variable Nominal 0,1 (Dummy variables) 

Promotion Independent variable Scale 0 – 1 

Promotion (moderator effect) 

- promotion (t) & Base 

- promotion (t-1) & Base 

- promotion (t-2) & Base 

- ….  

Independent moderating 

variable 

Scale 0 – 1 (based on centric means 

calculation) 

Batch frequency Independent variable Scale 1 – ∞ 

Planner Control variable Nominal 1 – 8 

Pareto classification Control variable Nominal A, B, C (dummy variables) 

Category Control variable Nominal Deodorants & Grooming (0) 

and Savoury (1) 

Number of Shipment weeks Independent variable Scale 0 – 105 

Intermittent demand Independent variable Scale 0 – 1 

Inverted Average Demand Independent variable Scale 0 – 1 

 

2. Regression analysis Model 1B (No promotional moderator effect) 

The statistic results with respect to the selected regressor variables are displayed below. 

Variables Entered/Removedb 

Model Variables Entered Variables Removed Method 

dime nsi o n0  

1 AVG Demand, Promotion, Innovation, Base 

Repack, Batchfrequency, New repack, 

Intermittent demand, NSW, Basea 

. Enter 

a. All requested variables entered. 

b. Dependent Variable: ForecastAcc 
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Model Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

dime nsi o n0  

1 ,675a ,456 ,455 ,36068 

a. Predictors: (Constant), AVG Demand, Base, Innovation, Promotion, Base Repack, Batchfrequency, Intermittent 

demand, New repack, NSW 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 345,931 9 38,437 295,462 ,000a 

Residual 412,386 3170 ,130   

Total 758,317 3179    

a. Predictors: (Constant), AVG Demand, Base, Innovation, Promotion, Base Repack, Batchfrequency, Intermittent 

demand, New repack, NSW 

b. Dependent Variable: ForecastAcc 

 

Based on the three tables above we may conclude that the R2 of this regression model is equal 

to 0,455. This implies that 45,5 % of the variance in forecast inaccuracy can be explained by 

this model. Moreover the regression equation is significant with respect to linearity (sig. < 

0.001). Next table shows how all variables contribute to this model performance.  

 

Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) 1,343 ,035  38,811 ,000      

Base ,138 ,027 ,140 5,186 ,000 -,308 ,092 ,068 ,234 4,271 

Innovation ,147 ,033 ,069 4,377 ,000 ,015 ,078 ,057 ,691 1,447 

Base Repack ,162 ,030 ,125 5,453 ,000 ,136 ,096 ,071 ,324 3,085 

New repack ,165 ,026 ,142 6,356 ,000 ,326 ,112 ,083 ,346 2,893 

NSW -,001 ,000 -,091 -3,436 ,001 -,390 -,061 -,045 ,244 4,106 

Intermittent 

demand 

-,531 ,029 -,333 -18,526 ,000 -,567 -,313 -,243 ,529 1,889 

Batchfrequency -,014 ,001 -,262 -12,484 ,000 -,513 -,216 -,164 ,390 2,563 

Promotion ,183 ,023 ,141 8,012 ,000 ,434 ,141 ,105 ,557 1,795 

AVG Demand ,220 ,051 ,063 4,308 ,000 ,243 ,076 ,056 ,806 1,241 

a. Dependent Variable: ForecastAcc 
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The table above shows that a difference with respect to innovation types is determined in the 

regression equation. Moreover corresponding to the prior defined hypotheses batch frequency 

negatively affects forecast inaccuracy and inverted average demand positively affects forecast 

inaccuracy. Moreover the number of shipment weeks negatively affects forecast inaccuracy.  

 

Residuals Statisticsa 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value ,515079 1,358990 ,865531 ,1779241 2883 

Residual -1,1501679 1,2315683 ,0000000 ,3446761 2883 

Std. Predicted Value -1,970 2,773 ,000 1,000 2883 

Std. Residual -3,331 3,567 ,000 ,998 2883 

a. Dependent Variable: Average of Forecast Acc. 

 

 

Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  

 

 

The pattern of both plots show a deviation from normality. Therefore as a final validation of 

the normality assumption of forecast inaccuracy the standardized residuals are tested on a 

normal distribution. In fact this represents whether the model deviates from normality. Based 

on this plot it is concluded that the normality assumption is not violated. 
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Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Based on this plot the assumption of homoscedasticity is accepted.  

Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression are visualized 

below. It can be concluded that a linear relation is defined between forecast inaccuracy and the 

independent variables depicted below. 
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3. Regression analysis Model 1B (Promotional moderator effect) 

 

Variables Entered/Removedb 

Model Variables Entered Variables Removed Method 

dimension0 

1 M_NewRepack&Promotion, 

M_BaseRepack&Promotion, 

Innovation, Base Repack, 

Batchfrequency, New repack, 

Intermittent demand, NSW, 

Basea 

. Enter 

a. All requested variables entered. 

b. Dependent Variable: ForecastAcc 

 

Model Summaryb 

Model R R Square Adjusted R Square Std. Error of the Estimate 

dime nsi o n0 

1 ,705a ,497 ,496 ,40417 

a. Predictors: (Constant), M_NewRepack&amp;Promotion, M_BaseRepack&amp;Promotion, Innovation, 

Batchfrequency, Base Repack, New repack, Intermittent demand, NSW, Base 

b. Dependent Variable: ForecastAcc 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 587,738 9 65,304 399,768 ,000a 

Residual 594,777 3641 ,163   

Total 1182,514 3650    

a. Predictors: (Constant), M_NewRepack&amp;Promotion, M_BaseRepack&amp;Promotion, Innovation, 

Batchfrequency, Base Repack, New repack, Intermittent demand, NSW, Base 

b. Dependent Variable: ForecastAcc 
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Based on the three tables above we may conclude that the R2 of this regression model is equal 

to 0,497. This implies that 49,7 % of the variance in forecast inaccuracy can be explained by 

this model. Moreover the regression equation is significant with respect to linearity (sig. < 

0.001). Next table shows how all variables contribute to this model performance.  

 

Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) 1,700 ,030  56,010 ,000      

Base ,284 ,027 ,247 10,371 ,000 -,298 ,169 ,122 ,244 4,090 

Innovation ,139 ,036 ,054 3,853 ,000 -,013 ,064 ,045 ,691 1,447 

Base Repack ,316 ,030 ,220 10,385 ,000 ,190 ,170 ,122 ,308 3,252 

New repack ,287 ,027 ,214 10,711 ,000 ,266 ,175 ,126 ,347 2,885 

NSW -,005 ,000 -,308 -13,775 ,000 -,448 -,223 -,162 ,276 3,623 

Intermittent demand -,731 ,025 -,422 -28,805 ,000 -,566 -,431 -,339 ,644 1,554 

Batchfrequency -,013 ,001 -,191 -10,064 ,000 -,551 -,165 -,118 ,383 2,608 

M_BaseRepack&Promotion -,221 ,039 -,068 -5,643 ,000 ,013 -,093 -,066 ,958 1,044 

M_NewRepack&Promotion -,247 ,030 -,107 -8,149 ,000 ,081 -,134 -,096 ,804 1,244 

a. Dependent Variable: ForecastAcc 

 

The table above shows that a difference with respect to innovation types is determined in the 

regression equation. Moreover corresponding to the prior defined hypotheses batch frequency 

negatively affects forecast inaccuracy and inverted average demand positively affects forecast 

inaccuracy. Moreover the number of shipment weeks negatively affects forecast inaccuracy. In 

this model only base repack and new repack are significantly included. 

 

Residuals Statisticsa 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value ,0743 1,9849 1,0952 ,39362 3669 

Std. Predicted Value -2,594 2,260 ,000 1,000 3669 

Residual -1,58407 1,19353 ,00000 ,41463 3669 

Std. Residual -3,816 2,875 ,000 ,999 3669 

a. Dependent Variable: ForecastAcc 
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Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  

 

  

The pattern of both plots show a deviation from normality. Therefore as a final validation of 

the normality assumption of forecast inaccuracy the standardized residuals are tested on a 

normal distribution. In fact this represents whether the model deviates from normality. Based 

on this plot it is concluded that the normality assumption is not violated. 

Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Based on the this plot the assumption of homoscedasticity is accepted.  

 

Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression are visualized 
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below. It can be concluded that a linear relation is defined between forecast inaccuracy and the 

independent variables depicted below. 

 

 

 

  



 

 

 

Part VI: Appendices  Page | 97 of 123 

 

 

 

 

Appendix 12:  Regression Analysis Model 1C 

 

1. Regression variables model 1C 

First the regression variables under consideration are introduced in the table below. The same 

variables are used as in the Regression Model 1A. However the variables week, promotion (t-1), 

promotion (t-2), total number of products, relative total number of products and newness are 

excluded since these are time dependent. This results in 10 independent variables and 5 

moderating variables.  

Name variable Type Scale Remark 

Forecast Inaccuracy Dependent variable Scale 0 – 1 

Innovation type 

- base 

- innovation 

- relaunch 

- base repack 

- new repack 

Independent variable Nominal 0,1 (Dummy 

variables) 

Promotion Independent variable Scale 0 – 1 

Week Independent variable Scale 1 – 105 

Planner Control variable Nominal 1 – 8 

Pareto classification Control variable Nominal A, B, C (dummy 

variables) 

Category Control variable Nominal Deodorants & 

Grooming (0) 

and Savoury (1) 

Total number of products Independent variable Scale 1 – ∞ 

Relative Total number of products Independent variable Scale 0 -1 

Total number of products (moderating effect) 

- Total number of products & Base 

- Total number of products & Innovation 

- Total number of products & Relaunch 

- Total number of products & Base Repack 

- Total number of products & New Repack 

Independent moderating 

variable 

Scale 0 – 1 (based on 

centric means 

calculation) 

Newness Independent variable Scale 0 -1 

Newness (moderating effect) 

- Newness & Base 

- Newness & Innovation 

- Newness & Relaunch 

- Newness & Base Repack 

- Newness & New Repack 

Independent moderating 

variable 

Scale 0 – 1 (based on 

centric means 

calculation) 
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2. Regression analysis Model 1C 

The statistic results with respect to the selected regressor variables are displayed below. 

Variables Entered/Removedb 

Model Variables Entered Variables Removed Method 

dimension0 

1 M_Newness&amp;BaseRepack, 

TPA Rel, 

M_Newness&amp;Relaunch, 

M_Newness&amp;Base, 

Average of Promotion, 

Innovation, New repack, Base, 

Relauncha 

. Enter 

a. Tolerance = ,000 limits reached. 

b. Dependent Variable: Average of Forecast Acc. 

 

Model Summary 

Model 

R R Square Adjusted R Square 

Std. Error of the 

Estimate 

dimension0 1 ,450a ,203 ,200 ,3319728 

a. Predictors: (Constant), M_Newness&amp;BaseRepack, TPA Rel, M_Newness&amp;Relaunch, 

M_Newness&amp;Base, Average of Promotion, Innovation, New repack, Base, Relaunch 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 79,506 9 8,834 80,159 ,000a 

Residual 312,764 2838 ,110   

Total 392,270 2847    

a. Predictors: (Constant), M_Newness&amp;BaseRepack, TPA Rel, M_Newness&amp;Relaunch, 

M_Newness&amp;Base, Average of Promotion, Innovation, New repack, Base, Relaunch 

b. Dependent Variable: Average of Forecast Acc. 

 

Based on the three tables above we may conclude that the R2 of this regression model is equal 

to 0,203. This implies that 20,3 % of the variance in forecast inaccuracy can be explained by 

this model. Moreover the regression equation is significant with respect to linearity (sig. < 

0.001). Next table shows how all variables contribute to this model performance.  
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Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) ,690 ,052  13,272 ,000      

TPA Rel ,157 ,060 ,044 2,609 ,009 ,067 ,049 ,044 ,994 1,006 

Average of Promotion ,240 ,033 ,129 7,311 ,000 ,219 ,136 ,123 ,905 1,105 

Base -,136 ,020 -,152 -6,644 ,000 -,217 -,124 -,111 ,536 1,867 

Innovation ,042 ,021 ,045 2,051 ,040 ,078 ,038 ,034 ,592 1,689 

Relaunch -,041 ,021 -,045 -1,963 ,050 -,112 -,037 -,033 ,534 1,872 

New repack ,271 ,022 ,262 12,147 ,000 ,350 ,222 ,204 ,605 1,652 

M_Newness&Base ,183 ,053 ,062 3,459 ,001 ,133 ,065 ,058 ,870 1,149 

M_Newness&Relaunch ,419 ,053 ,142 7,885 ,000 ,169 ,146 ,132 ,866 1,154 

M_Newness&BaseRepack ,211 ,053 ,071 3,971 ,000 ,086 ,074 ,067 ,868 1,152 

a. Dependent Variable: Average of Forecast Acc. 

 

The table above shows that a difference with respect to innovation types is determined in the 

regression equation. Moreover corresponding to the prior defined hypotheses newness 

positively affects the relation between base products and forecast inaccuracy, relaunches and 

forecast inaccuracy and base repacks and forecast inaccuracy.  

Residuals Statisticsa 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value ,482685 1,357919 ,852672 ,1671111 2848 

Std. Predicted Value -2,214 3,023 ,000 1,000 2848 

Residual -1,1539037 1,2899871 ,0000000 ,3314477 2848 

Std. Residual -3,476 3,886 ,000 ,998 2848 

a. Dependent Variable: Forecast Acc. 

 

Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  
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The pattern of both plots show a deviation from normality. Therefore as a final validation of 

the normality assumption of forecast inaccuracy the standardized residuals are tested on a 

normal distribution. In fact this represents whether the model deviates from normality. Based 

on this plot it is concluded that the normality assumption is not violated. 

Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Based on the this plot the assumption of homoscedasticity is accepted.  

 

Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression are visualized 

below. It can be concluded that a linear relation is defined between forecast inaccuracy and the 

independent variables depicted below. 
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Model Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

dime nsi o n0 

1 ,440a ,194 ,191 ,07625 

a. Predictors: (Constant), M_Newness&amp;BaseRepack, TPA Rel, M_Newness&amp;Relaunch, 

M_Newness&amp;Base, Average of Promotion, Innovation, New repack, Base, Relaunch 
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Appendix 13:  Assumptions Regression Model 2 

 

 

The four assumptions with respect to Multiple Regression Analysis are validated below. 

Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  

 

The pattern of both plots show a deviation from normality. The main reason of this deviation is 

the fact that the minimum Average stock level is constrained to 0. However, the frequency of 

zero values within Average stock level compared to the other Average stock level values might 

not be too problematic as the non normality problems in the forecast inaccuracy model . 

Therefore several transformations of this distribution like lognormal, square or cubic are 

might solve this problem. However, analysis revealed that these transformations do not 

improve the model nor the problems with normality. Finally, the residuals of this model are 

assessed on normality and it becomes clear that the standardized residuals show a normal 

distribution. Based on these two plots it concluded that Average Stock Level does not deviate 

from a normal distribution.   

 



 

 

 

Part VI: Appendices  Page | 103 of 123 

 

 

 

 

  

Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Moreover the homoscedasticity is validated based on the time dependent 

variable week. Based on these two plots the assumption of homoscedasticity is not accepted.  

 
 

When an equation has heteroscedasticity in its error term, then the OLS estimators will still be 

unbiased but they will no longer be of minimum variance. In fact this will not be problem since 

the main objective is to forecast the point estimate of the dependent variable or obtain point 

estimates of the independent variables. However, the hypothesis tests, i.e. the ‘t’ and ‘F’ tests, 

on the regression coefficients will be inaccurate due to heteroscedasticity. Based on the third 

plot of the standardized residuals it can be concluded that the variance of the residuals 

increases when the stocklevels decrease. 
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Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression plots of the three 

most influential regressors are visualized below. 

 

 

Independence of residuals - The final assumption of Multiple Regression is related to 

independence of residuals. However, since time series data is used in this analysis this 

assumption is always violated. Namely, based on the Durban-Watson statistic we may conclude 

that the data set is positively auto correlated. However, this violation will not reduce the 

appropriateness of using Multiple Regression within this dataset. 

 

Multicollinearity - Finally, the independent variables are tested on multi collinearity. Since the 

lowest tolerance is equal to 0,239 and the highest VIF equals 4,185 no multicollinearity is 

nested in the model. Namely tolerance may not be smaller than 0,10 and VIF may not exceed 

10. 
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Appendix 14:  Regression Analysis Model 2B 

 

With respect to Regression Model 2A first it questioned whether excluding Maximum Stock 

Level significantly reduces the predictive power of Regression Model 2A. The reason for this 

validation step is that Maximum Stock Level has a very large contribution to the regression, i.e. 

the standardized beta coefficient is much higher compared to the other significant regressors. 

Therefore similar regressor variables compared to Model 1A are applied to determine Average 

Stock Level. However in this model Maximum Stock Level is excluded. 

The following regression results are obtained: 

 

Variables Entered/Removedb 

Model Variables Entered Variables Removed Method 

dime nsi o n0 

1 NSW, Innovation, M_Base&P(t-2), 

Base Repack, Log_AVG_RP, 

Relaunch, ForecastAcc, Category 

(d), M_Base&P(t), 

Intermittent_Demand, 

INV_AVGD, Basea 

. Enter 

a. All requested variables entered. 

b. Dependent Variable: Log_MSL 

 

Model Summaryb 

Model R R Square Adjusted R Square Std. Error of the Estimate Durbin-Watson 

dime nsio n0  

1 ,574a ,329 ,329 ,24829 ,446 

a. Predictors: (Constant), NSW, Innovation, M_Base&P(t-2), Base Repack, Log_AVG_RP, Relaunch, ForecastAcc, 

Category (d), M_Base&P(t), Intermittent_Demand, INV_AVGD, Base 

b. Dependent Variable: Log_MSL 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 2350,637 12 195,886 3177,514 ,000a 

Residual 4784,600 77612 ,062   

Total 7135,237 77624    

a. Predictors: (Constant), NSW, Innovation, M_Base&P(t-2), Base Repack, Log_AVG_RP, Relaunch, ForecastAcc, 

Category (d), M_Base&P(t), Intermittent_Demand, INV_AVGD, Base 

b. Dependent Variable: Log_MSL 
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Based on the three tables above we may conclude that the R2 of this regression model is equal 

to 0,329. This implies that 32,9 % of the variance in forecast inaccuracy can be explained by 

this model. Moreover the regression equation is significant with respect to linearity (sig. < 

0.001). Next table shows how all variables contribute to this model performance.  

 

 

Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

T Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) ,129 ,008  16,190 ,000      

Base ,139 ,005 ,216 30,049 ,000 ,096 ,107 ,088 ,168 5,964 

Innovation ,264 ,012 ,066 21,225 ,000 ,025 ,076 ,062 ,888 1,126 

Relaunch ,156 ,005 ,133 29,032 ,000 -,033 ,104 ,085 ,413 2,420 

Base Repack ,091 ,005 ,117 19,542 ,000 -,016 ,070 ,057 ,239 4,184 

Category (d) -,055 ,002 -,074 -22,450 ,000 -,083 -,080 -,066 ,791 1,264 

ForecastAcc ,072 ,002 ,128 40,173 ,000 ,127 ,143 ,118 ,849 1,178 

Log_AVG_RP ,639 ,004 ,542 164,021 ,000 ,473 ,507 ,482 ,791 1,264 

INV_AVGD ,121 ,021 ,019 5,667 ,000 ,026 ,020 ,017 ,745 1,343 

Intermittent_Demand ,447 ,007 ,230 64,132 ,000 ,077 ,224 ,189 ,671 1,491 

M_Base&P(t) -,017 ,005 -,011 -3,346 ,001 -,067 -,012 -,010 ,870 1,150 

M_Base&P(t-2) ,062 ,007 ,029 9,102 ,000 -,008 ,033 ,027 ,845 1,183 

NSW -1,454 ,047 ,103 -30,697 ,000 -,163 -,110 -,090 ,772 1,295 

a. Dependent Variable: Log_MSL 

 

The table above shows that a difference with respect to innovation types is determined in the 

regression model. Moreover corresponding to Regression Model 2A it is concluded that the 

same regressors are included in the model. Moreover the direction of the effects is similar and 

the standardized beta coefficients of forecast inaccuracy, average replenishment period, 

number of shipment weeks, intermittent demand, inverted average demand and both 

promotional moderating effects are increased. It can be concluded that similar results are 

obtained in compared to Regression Model 2A. Although due to the exclusion of Maximum 

Stock Level and a resulting decreased predictive, the other variables remain significantly 

included in the model. 
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Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  

 

 

Residuals Statisticsa 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value -,1950 1,8207 1,1244 ,17402 77625 

Std. Predicted Value -7,582 4,002 ,000 1,000 77625 

Residual -1,44141 1,34254 ,00000 ,24827 77625 

Std. Residual -5,805 5,407 ,000 1,000 77625 

a. Dependent Variable: Log_MSL 

 

Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Moreover the homoscedasticity is validated based on the time dependent 

variable week. Based on these two plots the assumption of homoscedasticity is not accepted.  
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Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression plots of the three 

most influential regressors are visualized below. 
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Appendix 15:  Regression Analysis Model 2C 

 

First the regression variables under consideration are introduced in table 1. It should be 

noticed that promotion at time = t-1 and t-2 are excluded since the variables are aggregated 

over time. This results in 17 independent variables and 5 moderating variables.  

Name variable Type Scale Remark 

Average Stock Level Dependent variable Scale 0 – ∞ 

Forecast inaccuracy Independent variable Scale 0 - 2 

Innovation type 

- base 

- innovation 

- relaunch 

- base repack 

- new repack 

Independent variable Nominal 0,1 (Dummy 

variables) 

Promotion 

- promotion (t) 

 

Independent variable Scale 0 – 1 

Promotion (moderator effect) 

- promotion (t) & Base 

- promotion (t) & Innovation 

- ….  

Independent moderating 

variable 

Scale 0 – 1 (based on 

centric means 

calculation) 

Maximum Stock Level Independent variable Scale 1 – ∞ 

Average Replenishment Period Independent variable Scale 1 – 105 

Week Independent variable Scale 1 – 105 

Planner Control variable Nominal 1 – 8 

Pareto classification Control variable Nominal A, B, C (dummy 

variables) 

Category Control variable Nominal Deodorants & 

Grooming (0) 

and Savoury (1) 

Intermittent demand Independent variable Scale 0 – 1 

Number of shipment weeks Independent variable Scale 0 – 105 

Inverted average demand Independent variable Scale 0 – 1 

 

The statistic results with respect to the selected regressor variables are displayed below. 

Variables Entered/Removedb 

Model Variables Entered Variables Removed Method 

dime nsi o n0  

1 InvNSW, Intermittent demand, 

Log_ForecastAcc, MAX SL , Log_AVD_RP, 

Innovation, Relaunch, Base Repack, Basea 

. Enter 

a. All requested variables entered. 
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Variables Entered/Removedb 

Model Variables Entered Variables Removed Method 

dime nsi o n0  

1 InvNSW, Intermittent demand, 

Log_ForecastAcc, MAX SL , Log_AVD_RP, 

Innovation, Relaunch, Base Repack, Basea 

. Enter 

a. All requested variables entered. 

b. Dependent Variable: Sqrt_AverageStockLevel 

 

 

Model Summaryb 

Model 

R R Square Adjusted R Square 

Std. Error of the 

Estimate Durbin-Watson 

dime nsi o n0 

1 ,870a ,756 ,755 ,67993 1,278 

a. Predictors: (Constant), InvNSW, Relaunch, Innovation, Log_InvAVGD, MAX SL, Base Repack, Log_ForecastAcc, 

Log_AVD_RP, Base, Intermittent demand 

b. Dependent Variable: Sqrt_AverageStockLevel 

 

Based on the three tables above we may conclude that the R2 of this regression model is equal 

to 0,755. This implies that 75,5 % of the variance in forecast inaccuracy can be explained by 

this model. Moreover the regression equation is significant with respect to linearity (sig. < 

0.001). Next table shows how all variables contribute to this model performance.  

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 5113,243 10 511,324 1106,024 ,000a 

Residual 1649,054 3567 ,462   

Total 6762,297 3577    

a. Predictors: (Constant), InvNSW, Relaunch, Innovation, Log_InvAVGD, MAX SL, Base Repack, Log_ForecastAcc, 

Log_AVD_RP, Base, Intermittent demand 

b. Dependent Variable: Sqrt_AverageStockLevel 
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Coefficientsa 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Correlations 

Collinearity 

Statistics 

B 

Std. 

Error Beta 

Zero-

order Partial Part Tolerance VIF 

1 (Constant) ,455 ,081  5,637 ,000      

Base ,068 ,034 ,024 2,008 ,045 ,171 ,034 ,017 ,460 2,172 

Innovation ,338 ,058 ,054 5,858 ,000 ,131 ,098 ,048 ,816 1,226 

Relaunch ,208 ,046 ,045 4,546 ,000 ,046 ,076 ,038 ,693 1,444 

Base Repack ,077 ,037 ,022 2,067 ,039 -,039 ,035 ,017 ,589 1,699 

Log_AVD_RP ,847 ,049 ,209 17,135 ,000 ,239 ,276 ,142 ,458 2,185 

MAX SL ,056 ,001 ,715 81,485 ,000 ,802 ,807 ,674 ,887 1,127 

Log_ForecastAcc ,809 ,128 ,070 6,341 ,000 ,134 ,106 ,052 ,561 1,781 

Intermittent 

demand 

1,090 ,053 ,262 20,376 ,000 ,179 ,323 ,168 ,412 2,427 

Log_InvAVGD ,865 ,228 ,036 3,788 ,000 -,065 ,063 ,031 ,777 1,287 

InvNSW -2,192 ,132 -,175 -16,553 ,000 -,379 -,267 -,137 ,611 1,638 

a. Dependent Variable: Sqrt_AverageStockLevel 

 

The table above shows that a difference with respect to innovation types is determined in the 

regression model. Moreover corresponding to the prior defined hypotheses, Maximum stock 

level, average replenishment period and forecast inaccuracy positively affect Average stock 

level. This implies that as these variables increase, the Average stock levels increase as well. 

Moreover the model includes a negative effect regarding Inverted Number of Shipment weeks 

and a positive effect between intermittent demand and Average Stock Level. Next the table 

shows that no moderating effect exists with respect to base products and promotions in week 

(t) contrary to model 2A. Moreover, no other moderating effects are found significant with 

respect to promotions in week (t).   
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Appendix 16:  Assumptions Regression Model 3 

 

 

Logistics Regression is applied to Model 3, therefore no general assumptions are validated. The 

primary assumption of Logistical Regression is that the dependent variable is dichotomous. 

With respect to model 3 this implies that service level is 100% or service level is smaller than 

100%. The distribution is visualized below: 
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Appendix 17:  Assumptions Regression Model 4 

 

 

The four assumptions with respect to Multiple Regression Analysis are validated below. 

 

Normality - Multiple Regression assumes that at least the dependent variable is normally 

distributed and preferably the independent variables. In order to assess normality a frequency 

distribution plot is visualized.  

 

   
 

The pattern of left plot shows a deviation from normality however the right plot can be 

considered as normally distributed. The main reason of this deviation is the fact that the 

minimum actual stock level is constrained to 0. Therefore several transformations of this 

distribution like lognormal, square root, square or cubic might solve this problem. 
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Based on the frequency histograms it is questioned whether both transformations might 

reduce the deviation from normality. By assessing the model with both transformations it 

becomes clear that the R2 of the logarithmic model increases to 0,316 and the R2 of the square 

root model becomes 0,318. Therefore the previous regression model is maintained as best 

model. Finally, the residuals of this model are assessed on normality and it becomes clear that 

the standardized residuals show a normal distribution. Based on these two plots it concluded 

that Actual Stock Level does not deviate from a normal distribution.   

 

 

 

Homoscedasticity - In order to assess the assumption of homoscedasticity a scatterplot is 

visualized that includes the regression studentized residual and the regression standardized 

predicted value. Moreover the homoscedasticity is validated based on the time dependent 

variable week. Based on these two plots the assumption of homoscedasticity is accepted.  
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Linearity - The multiple regression model assumed linearity between the independent and 

dependent variables. In order to check this assumption the partial regression plots of the three 

most influential regressors are visualized below. 

   

 

 

Independence of residuals - The final assumption of Multiple Regression is related to 

independence of residuals. However, since time series data is used in this analysis this 

assumption is always violated. Namely, based on the Durban-Watson statistic we may conclude 

that the data set is positively auto correlated. However, this violation will not reduce the 

appropriateness of using Multiple Regression within this dataset. 

Multicollinearity - Finally, the independent variables are tested on multi collinearity. Since the 

lowest tolerance is equal to 0,261 and the highest VIF equals 3,827 no multicollinearity is 

nested in the model. Namely tolerance may not be smaller than 0,10 and VIF may not exceed 

10. 

  



 

 

 

Part VI: Appendices  Page | 116 of 123 

 

 

 

 

Appendix 18:  Correlation Analysis regressors and innovation types 

 

 

The following table shows the correlation effects between the listed regressors in paragraph 

7.3 which are significantly included in the regression models and innovation types. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Correlation matrix of significant regressors with innovation types 

 
Base Innovation Relaunch Base Repack New repack 

Maximum stock level  

(days on hand) 
.026** .070** -.034** -.025** -.026** 

Average Replenishment 

Period (weeks) 
-.066** -.022** -.096** -.119** -.061** 

Number of shipment 

weeks (weeks) 
.383** -.125** -.279** .045** .045** 

Promotional Pressure  

(%) 
-.104** .052** .031** -.030** .206** 

Intermittent demand  

(%) 
.301** .020** .056** -.251** -.269** 

Batch frequency  

(#) 
.275** -.049** -.093** -.088** -.268** 

Inverted Average demand  

(cs.) 
-.218** -.055** -.091** .308** .080** 

Forecast Inaccuracy 

(sMape) 
0.046** -0.004** -.011** .036** .036** 

 

** Correlation is significant at the .01 level (2-tailed) 

  



 

 

 

Part VI: Appendices  Page | 117 of 123 

 

 

 

 

Appendix 19:  Estimation of minimum required sample size model 1A, 

1B and 1C 

 

Based on the article of Green (1991), the minimum sample size is calculated. The following two 

steps are applied: 

  Step 1: calculate L (L=6.4+1.65m -0.05m2 with m equals the number of regressors) 

 Step 2: calculate minimum sample size N (N≥ f2 with f2 = R2 / (1-R2) 

 

   

Model 1A  

(R2 =0,207) 

Model 1B  

(R2 =0,496) 

Model 1C  

(R2 =0,200)  

  Min N N Min N N Min N N 

Conclusions can be 

drawn on 

significance? 

Innovation 3316 99302 683 3651 1275 2848 yes 

Relaunch 21882 99302 4803 3651 13636 2848 yes 

Base Repack 8911 99302 675 3651 14383 2848 yes 

New Repack 1682 99302 637 3651 637 2848 yes 

A 116561 99302 Not sig. Not sig. - - yes 

B 6506 99302 Not sig. Not sig. - - yes 

Category (d) 4516 99302 Not sig. Not sig. Not sig. Not sig. yes 

M_Base&Newness 27017 99302 - - 3494 2848 yes 

M_Relaunch&Newness 18083 99302 - - 917 2848 yes 

M_BaseRepack&Newness Not sig. Not sig. - - 3591 2848 no 

NSW 162803 99302 389 3651 - - yes 

Intermittent demand 1457 99302 100 3651 - - yes 

M_BaseP(t) 6749 99302 2271 3651 - - yes 

AVGD 4803 99302 1091 3651 - - yes 

Batchfrequency 1780 99302 717 3651 - - yes 

TPA relative Not sig. Not sig. - - 8198 2848 no 

Promotion (t) Not sig. Not sig. Not sig. Not sig. 1058 2848 yes 
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Appendix 20:  Estimation of minimum required sample size model 2A, 

2B and 2C 

 

Based on the article of Green (1991), the minimum sample size is calculated. The following two 

steps are applied: 

  Step 1: calculate L (L=6.4+1.65m -0.05m2 with m equals the number of regressors) 

 Step 2: calculate minimum sample size N (N≥ f2 with f2 = R2 / (1-R2) 

 

  

Model 2A  

(R2 =0,585) 

Model 2B  

(R2 =0,329) 

Model 2C  

(R2 =0,755)  

 Min N N Min N N Min N N 

Conclusions can be 

drawn on 

significance? 

Base 23656 85745 1732 77625 17209 3578 Yes 

Innovation 6119 85745 3439 77625 2066 3578 Yes 

Relaunch 5910 85745 1834 77625 3439 3578 Yes 

Base Repack 117746 85745 4055 77625 16239 3578 Yes 

Category (d) 12432 85745 3103 77625 Not sign. 3578 Yes 

Forecast Inaccuracy 61414 85745 967 77625 1102 3578 Yes 

MAX SL 37 85745 - - 25 3578 Yes 

AVG RP 608 85745 72 77625 255 3578 Yes 

NSW 2199 85745 1639 77625 273 3578 yes 

AVGD 164457 85745 49744 77625 5008 3578 No 

Intermittent demand 667 85745 391 77625 185 3578 Yes 

M_BaseP(t) 198994 85745 138189 77625 - - No 

M_BaseP(t-2) 164457 85745 18268 77625 - - yes 
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Appendix 21:   Estimation of minimum required sample size model 3 

and 4 

 

Based on the article of Green (1991), the minimum sample size is calculated. The following two 

steps are applied: 

  Step 1: calculate L (L=6.4+1.65m -0.05m2 with m equals the number of regressors) 

 Step 2: calculate minimum sample size N (N≥ f2 with f2 = R2 / (1-R2) 

 

  

Model 4  

(R2 =0,328)  

 Min N N 

Conclusions can be 

drawn on 

significance? 

Base 1698 3899 Yes 

Innovation 5615 3899 No 

Base Repack 1598 3899 No 

New Repack 7415 3899 Yes 

Category (d) 221 3899 Yes 

Forecast Inaccuracy 1664 3899 Yes 

Average 

Replenishment period 152 3899 Yes 

Intermittent demand 673 3899 Yes 
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Appendix 22:   Statistics significant dummy variables in models 

 

The following table presents the dummy variables of innovationtype: 

 

 Model 1A* Model 2A* Model 3** Model 4* 

Base - .048 .617 -.158 

Innovation .072 .046 .598 -.052 

Relaunch .032 .056 - - 

Base Repack .060 - .621 -.145 

New Repack .128 -.018 .488 -.058 
 

* implies standardized beta coefficient and ** implies Wald statistic  
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Appendix 23:  Operational Complexity Index 

 

Besides the research streams describing system complexity and supply chain complexity, 

another research stream applies an information-theoretic approach to define operational 

complexity in supplier-customer systems (Sivadasan et al, 2002, Wu et al, 2007 and Yu and 

Efstathiou, 2006). Frizelle and Wookcock (1995) define complexity as the variety and 

uncertainty associated with a system. Moreover they distinguish between static and dynamic 

complexity, where static complexity is associated with the variety embedded within a system 

(i.e. structural complexity) and dynamic complexity is defined as the uncertainty of the system 

(i.e. operational complexity). Frizelle and Wookcock (1995) define uncertainty of a system as 

the deviation between actual and planned materials and information flows in terms of quantity 

and time. The authors use the concept of entropy to define a quantitative measure of 

complexity associated with the uncertainty in supplier-customer systems. In information 

theory, entropy is a measure of the uncertainty associated with a certain variable.  The basic 

formula of entropy is as follows: 

∑ =
−=

n

i ii ppSH
1 2log)(       (1) 

The entropy H(S) is defined as the expected amount of information required to define the state 

of the system S. This system has possible states i (1,..n) with a probability pi, where pi ≥ 0, log2 

(0) = 0 and ∑ =
=

n

i ip
1

1. In other words, when a system has no uncertainty the variable i is 

equal to 1 and H(S) is equal to zero. In fact there is only one possible outcome of the system 

since the outcome is certain. Frizelle and Wookcock (1995) define operational complexity by 

distinguishing between two states: the system being either in control (scheduled, SS) and not 

in control (not scheduled, SNS). The probability of the system being in control is equal to P 

which implies that the actual measurement of a certain variable corresponds with the 

scheduled value. Therefore the formula for calculating operational complexity can be defined 

as follows: 

{ } )('*)1()1(log)1(log),( 22

NSNSS
SHPPPPPSSHOCI −+−−−−==  (2) 

In the above formulation, ),( NSS
SSH refers to a stationary discrete event input-output 

system (S), Sivadan et al (2002). Moreover,  )(' NS
SH  refers to the entropy of conditional 

probabilities that the system follows non scheduled states, i.e. the probability that the system is 

not in control consisting of i potential states (I = 1,..n) at several potential nodes j (j = 1,…m). 

∑ ∑= =
−=

M

j

n

i iji

NS
jppSH

1 1 2, ,log)('       (3) 
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Based on these two formulas Sivadan et al (2002) show that, e.g. in the field of inventory 

control, one could compare the actual stock levels (I) versus the planned stock levels (E). 

Within a defined time interval, the probability P that the actual stock level matches with the 

planned stock level could be calculated.  Moreover, the probability for each non scheduled state 

i (i…, n) could be calculated as input to the formula 3.3. The first part of formula 3.2 (between 

the curled brackets) implies the amount of time that the actual stock levels (I) and the planned 

stock levels (E) correspond and when they do not, respectively probability P and (P-1). The 

second part of formula 3.2 implies the entropy generated by the extent to which stock levels (I) 

and the planned stock levels (E) do not match. This rationale of defining a quantitative 

operational complexity index is applied to measure the deviation between: Orders / Demand 

and Forecasts, Deliveries and Orders / Demand and Actual production and scheduled 

production. 

Moreover, these operation complexity indices are calculated on product line level and product 

level.  Sivadan et al (2002) suggest an important direction for further research as an extension 

of the measure that captures the duration of a state. In other words, a system that changes 

state frequently requires more scheduling and monitoring than a system that changes 

incidentally.   

Wu et al. (2007) regard the supplier-customer interface as an input – output system where the 

arrivals are exponentially distributed and the service rate is negative exponentially distributed. 

Based on the prior definition of entropy by Sivadan et al (2002), the authors use the average 

length of a queue L as a measure for structural operational complexity. In other words, instead 

of using the probability P of a system being in control, the authors use average queue length L 

as a measure for complexity. For example, one could view inventory as a queue where the 

average inventory, measured based on the fluctuations in stock, is equal to the average queue 

length. Based on this rationale, Wu et al. (2007) define the entropy of the queue H(π) as: 

)1log()1(log)( +++−= LLLLH π       (4) 

It becomes clear that this formula is similar to formula 3.2 by substituting P in L and (P-1) in 

(L+1). The rationale is that an increase in queue length is measured instead of the probability 

of system being in control and out of control. Wu et al. (2007) claim that a higher level of 

average inventory (i.e. a longer average queue) represents a higher level of operational 

complexity. Moreover, an increased level of inventory is associated with an increased level of 

operational costs. The authors conclude that indeed the level of operational costs represents 

the level of operational complexity. This approach could also be used with time consumption as 

input instead of inventory level in case time consumption represents the level of complexity.  
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Appendix 24:   sMape vs. Forecast Accuracy 

 

In order to determine a general conversion from sMape to Forecast Accuracy (i.e. Unilever’s 

measure) the following regression analysis is executed: 

 

Variables Entered/Removedb,c 

Model Variables Entered Variables Removed Method 

dimension0 1 NEGEXP_sMapea . Enter 

a. All requested variables entered. 

b. Dependent Variable: Forecast Accuracy 

c. Linear Regression through the Origin 

Model Summary 

Model 

R R Squareb Adjusted R Square 

Std. Error of the 

Estimate 

dimension0 1 ,946a ,895 ,895 ,1794947 

a. Predictors: NEGEXP_sMape 

b. For regression through the origin (the no-intercept model), R Square measures the proportion of the 

variability in the dependent variable about the origin explained by regression. This CANNOT be 

compared to R Square for models which include an intercept. 

ANOVAc,d 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 34243,333 1 34243,333 1062852,534 ,000a 

Residual 4016,981 124680 ,032   

Total 38260,315b 124681    

a. Predictors: NEGEXP_sMape 

b. This total sum of squares is not corrected for the constant because the constant is zero for regression 

through the origin. 

c. Dependent Variable: Forecast Accuracy 

d. Linear Regression through the Origin 

 

Coefficientsa,b 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 NEGEXP_sMape ,853 ,001 ,946 1030,947 ,000 

a. Dependent Variable: Forecast Accuracy 

b. Linear Regression through the Origin 
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