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Abstract 

 

This master thesis addresses the issue of forecasting demand for non-food promotion items. Specific 

forecasting models were built for two different product categories, using multiple linear regression. 

The models produce forecasts based on marketing intelligence on a number of factors that have an 

impact on the demand, on two different levels of aggregation. Selection of information in the model 

was done on the basis of a confrontation between literature and the situation and processes found in 

the practical situation.  
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Executive Summary 

This project was carried out within Metro Cash & Carry Netherlands (Metro), which is a subsidiary of 

the Metro Group, operating in the Dutch self-service wholesale market. 

Problem situation 

A large part of total sales of Metro (43%) results from promotions. This indicates a large dependence 

on promotions, and the importance of reviewing their effectiveness. This research is concerned with 

the promotions which are communicated via a bi-weekly issue, called the folder. 

 

Metro wishes to investigate which factors have an impact on the demand for promotion items within 

the non-food department. The objective is to gain more insight in the impact of these factors, and to 

apply these in a formal forecasting procedure that is able to assist buyers in their task of planning 

and budgeting for promotions. The central research question is aimed at finding these factors, and 

assessing their impact on demand for promotion items. This is done by the development of linear 

regression models. 

Research design 

Based on a confrontation between the factors found in literature and the outcomes of the analysis of 

the situation and processes found at Metro, a selection was made of the factors that should be 

included in forecasting models at Metro.  

 

Based on the analysis, it was decided to select Photo Equipment (i.e. digital cameras), as well as 

Batteries, both from the Media/Photo group, in this research. For these article groups, specific 

forecasting models were built using linear regression analysis, to find the important predictors, and 

assess their predictive ability. 

Aggregation levels 

Quantitative forecasting models are helpful in the first two steps of the budget process: pre-

discussion, and first product discussion. Forecasting should be done on two different levels of 

aggregation, specific for each step in the process: in the first step (pre-discussion) the aggregation 

level is general: forecasts are made on a category level. In the second step, the aggregation level is 

more detailed: for cameras, forecasts are made on the level of a Promotion lead article , and for 

batteries, forecasts are made on an article level. Table 1 shows the aggregation levels for each article 

group in the research, and the associated sample sizes. 

Aggregation Level N

Product type 278

PLA 272

Product Category 35

Article 315

Cameras

Batteries
 

Table 1: aggregation levels in the research 
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The information used in all models is determined on the basis of the decisions made by the buyer, 

and the information which is available at that moment. For cameras, the general level of aggregation 

is called the product type, in order to indicate that it is different from the product category, as it is 

registered in the information systems. It represents the following types: Compact -100€, Compact 

+100€, Compact-Zoom, and SLR cameras. For batteries, the product category is used as an 

aggregation level: Alkaline batteries, and Rechargeable batteries. 

Models 

Different variants were defined for each model, and in all models, except model 3, logarithmic 

transformations were used. This way models were constructed that meet the assumptions of linear 

regression analysis. Model 3 suffers from a small sample due to the limited number of ads in a folder. 

Therefore, the number of observations on a category level is limited. Also, the assumptions 

underlying regression analysis were violated in the model defined originally. This is remedied by 

adjusting the dependent variable. Each observation of absolute sales quantity is related to the 

average over the corresponding category, which is adjusted for the presence of a so-called X-for-Y 

promotion. 

 

The following models were analyzed using SPSS: 

- The full model: all selected predictor variables are entered in the model at once, using the 

Enter method in SPSS. 

- The significant model: using the Enter method, models were estimated again, including only 

the variables that had a significant effect in the first (full model) analysis. 

- Finally, all models, except model 3, were validated using test samples drawn from the original 

samples. 

The models are assessed for their fit in terms of (adjusted) R
2
, which measures the extent to which 

the variation in the dependent variable is explained by the model. Furthermore, the forecasts errors 

are assessed for their errors in terms of Mean Absolute Percentage Error (MAPE). 

Findings 

- Cameras seem to be suitable for this method of forecasting: both models produce a good fit. 

However, the models do need an improvement step to reduce errors. 

- Batteries are less suitable for forecasting sales on a category level: the sample is too small 

due to the limited number of ads in a folder. 

- Forecasting models for batteries on an article level produce an acceptable fit. Improvement 

steps should be directed at improving model fit and reducing errors. 

Cameras 

In both models (1 and 2) there are little differences between the different estimation methods used 

in SPSS, in terms of the significant predictors. 

 

In model 1, the most important predictors are the promotion price (Folderprijs), Holiday2 (i.e. a 

dummy for the presence of Queens day, May5, and Ascension day in a folder period), Holiday3 
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(dummy variable for summer period), Length (length of a folder period), and Actions per folder (the 

number of ads in a folder for cameras).  

In model 2, the impacts of Brand5 (Olympus) , Brand8 (“rest”), Folderprijs, Ad Size, Length, and 

Actions per folder are important.  

 

In model 2, the discount does not seem to play a role in the demand for cameras on a detailed level. 

In most ads, the discount is not mentioned explicitly, and the customer has to make a decision based 

on his own reference price, and for instance a comparison to the competition. This information was 

not included in the model. 

 

In both models the absolute promotion price is dominant: it has by far the strongest relationship 

with demand.  

Batteries 

In model 4 (article level), the most important predictors are Category, BatteryType3 (battery of size 

C), BatteryType4 (battery of size D), Percentage (indicator for promotion of the type 25% discount), 

and Page2.  

 

The different estimation methods were not univocal on Folderprijs, Length Page2 (back page of the 

folder), Ad Size, Special (regular folder or special), and Page3 (inner page). These predictors should 

be treated with caution, when implemented in a forecasting procedure. 

Recommendations 

The main recommendation to Metro is that it is worthwhile to use quantitative models in planning 

and budgeting for promotions, especially for cameras. Metro should continue research on this 

matter, in three directions: 

 

1. The optimization and extension of the models made in this research, in order to improve 

their predictive ability 

2. The next step: the use of the forecasts as a quantitative basis for budgets and order 

quantities. This may reduce the sensitivity to uncertainties in demand. 

3. The extension of the method to more products. Suitable products should be on promotion 

relatively often to ensure that samples are sufficiently large. The information used in the 

models should reflect the information that buyers have at the moment when forecasts are 

made. 
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1. The company 

This project is carried out at Metro Cash & Carry Netherlands, which is a division of the Metro Group. 

This chapter provides some background information on this company. 

1.1. Metro Group 

The Metro Group (Metro AG) is a German holding company, which operates in the retail business. It 

is one of the largest retailers in the world, taking a fifth place in Deloitte’s Global Powers of Retailing 

Top 250
1
 [8]. Furthermore, in 2008 it is ranked 218

th
 in the Forbes 2000, the list of largest companies 

in the world
2
[13]. The group came into existence in 1996, when a number of retail chains were 

merged into one company. Figure 1.1 shows the structure of the company, with its sales brands. The 

company is divided into the divisions Cash & Carry (Metro and Makro), Food Retail (Real), Non-food 

specialty (Media Markt and Saturn), and department stores (Galeria Kaufhof). 

 

 

Figure 1.1: Organization Structure Metro Group [19] 

In 2007, net sales of Metro Group were €64,3 billion, implying a growth of 10% relative to 2006. 

However, part of this increase is due to acquisitions made in the reporting year (Wal-Mart Germany 

and Géants business in Poland). Without these acquisitions, the increase in sales was 7,4%, relative 

to the previous year. The Metro Group has over 2200 stores worldwide, most of them in Germany 

and the rest of Western Europe. In total, Metro is present in 32 countries and employs around 

280.000 people worldwide.  

1.2. Metro Cash & Carry 

Metro Cash & Carry is the world’s market leader in cash & carry, where customers pay cash for the 

goods they purchase, and carry them away themselves. This is the largest division of Metro, 

employing 104000 people in 615 stores in 29 countries world-wide, and generating net sales of €31,7 

billion in 2007. This is almost 50% of total turnover of the Metro Group [19]. 

 

The strategy of Metro Cash & Carry is very flexible: it is tailored to local needs and consumer habits 

around the different stores. There are three types of stores, operated in different areas: Classic, 

Junior, and Eco. The selling space of a Classic store varies from 10,000 to 16,000 square meters. 

Junior stores measure from 7,000 to 9,000 m
2
. Finally, the Eco stores are the smallest, with sizes from 

                                                           
1
 This ranking is based on total dollar sales in 2006. 

2
 This list is based on a composite of sales, profits, assets, and market value of the companies. 
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2,500 to 4,000 m
2
. The stores not only differ in terms of their sizes, but also the assortment is 

different. Whereas a typical Classic store offers up to 50,000 food- and non-food products, an Eco 

store is mainly directed at serving the hotel and catering industry with food products, especially 

perishables. 

1.3. Metro Cash & Carry Netherlands 

Metro Cash & Carry Netherlands is the Dutch subsidiary of Metro Cash & Carry International. Its 

headquarters are located in Diemen-Zuid. As of December 2008 it operates 17 stores, all under the 

brand name Makro. The Metro stores belong to the two largest categories of Metro Cash & Carry 

stores: Classic and Junior. Throughout this report, Metro Cash & Carry Nederland will be referred to 

as Metro, and the use of the brand name Makro will be limited. 

 

Figure A.1 in Appendix A contains an organization chart that depicts the structure of the organization 

in terms of the different departments present. This project is carried out in the department 

Information Services, which falls under the supervision of a director, who reports to the financial 

director. 

1.4. Metro Assortment 

The stores in the Netherlands carry food as well as non-food products: Metro stores sell more than 

17,000 food-products, fresh as well as non-perishables. Also, there are over 30,000 non-food 

products in many categories. The non-food products of Metro are arranged in the following main 

categories: Home, Office/ Media, and Soft. The food products are arranged in the categories Dry, 

Fresh and Ultrafresh. Table 1.1 depicts the names of the different buying groups, divided over the 

various product groups. For an explanation of the hierarchy in which the products of Metro are 

arranged, see figure A.2 in appendix A. 

 

FOOD NON-FOOD

Dry Home

Wines Horeca

Confectionary Household

Detergents Home improvement, Home Deco

Spirits & Soft drinks Home Textiles

Beers Home Electrics, White Goods

Canned Goods

Edible Groceries Office/ Media

Cosmetics Media CD/DVD

Toiletries, Disposables Office IT

Sweets Media Browngoods

Perfumeries Media Photo

Fresh Soft

Dairy, Cheese Garden, Terrace & Toys

Frozen, Bread Mens Wear

Processed meat, Delicatessen Under-, Night& Childr. Wear & Luggage, Leather 

& Accessoiries

Sports & Outdoor

Ultrafresh Ladies wear

Meat Shoes

Fruit & Vegetables

Fish  

Table 1.1: Metro’s product groups 
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1.5. Customers 

The Metro stores fall into the category of warehouse membership club stores, according to the 

classification of Arnold [3]. They are accessible with a special membership pass, which can only be 

acquired with a subscription to the Chamber of Commerce. Hence, the target customers are 

companies, who seek to buy their supplies in large amounts and at low prices. Roughly, the 

customers of Metro can be arranged in three categories. First, the hotel and catering industry is a 

large category of customers. The second category consists of small food shops (e.g. the shoarma-

shop at the street corner). These companies are summarized under the term Trader. The final, and 

largest, category of customers consists of mostly self-employed, small entrepreneurs. Examples of 

the last category are a family doctor or a dentist with a practice at home. This category is called CBU. 

1.6. Promotions at Metro 

Apart from generating sales and margin, promotions at Metro are directed at generating traffic in the 

store: drawing in customers who, once they are in the store, not only buy the products that are on 

promotion, but also buy “regular” products (at regular prices, and thus higher margins). Hence, 

promotions and the way in which these are communicated to the customer are intended to form a 

trigger for customers to enter the store and generate revenue for Metro. This project focuses on 

regular promotions, which are communicated via an issue that is sent to customers on a bi-weekly 

basis. These promotions are referred to with the term “folder”. There are some other promotions 

(for instance clearances), but these are left out of scope.  

 

A folder consists of two parts: two main folders, for Food and Non-Food products, and one or more 

appendices which are directed at a special theme. In most cases, these promotions have duration of 

2 weeks. This holds for the main folder. The appendices may have a different duration than the main 

folder. For illustration purposes, in appendix B a promotion planning for the first quarter of 2009 is 

given, in which the different main folders and appendices are given, along with their durations
3
. A 

remark that must be made here is that folders are only sent to customers who spend more than a 

certain sum of money per year. Other customers can view the folder online at the website. 

1.7. Buying department 

The end result of this project directly affects the buying department of Metro, and therefore it is 

introduced briefly here. 

 

In fact, there are two buying departments: Food and Non-Food. Appendix A contains organization 

charts of both departments. Both buying directors are members of the managing board of Metro 

Netherlands (see the organization chart mentioned earlier) and are in command of three product 

group managers, who in their turn lead the different buyers employed by Metro. A buyer is assigned 

his
4
 own buying domain, which consists of a number of article groups. The arrangement of these 

buying groups was given earlier (see table 1.1). The structure of the buying department partially 

reflects the hierarchy of the products, which was mentioned above, and is displayed in appendix A. 

                                                           
3
 This appendix is excluded for confidentiality reasons. 

4
 Metro employs male as well as female buyers. However, in this report only the male form of reference is used for 

convenience. 
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The buyer is responsible for the composition of the article groups in terms of the assortment and the 

presentation in the stores, the pricing policy, purchasing the articles at suppliers and making 

agreements about delivery conditions, and finally promoting the articles to the customers. Buyers 

are supported in their tasks by two assistants: a commercial assistant provides a buyer with support 

in the contents of his work, and an administrative assistant performs purely administrative tasks in 

support of the buyer’s work. 

 

Important performance criteria for a buyer are sales revenue that was realized in his buying group, 

sales quantities, and realized margins. 

 

With respect to promotions, the buying department is responsible for determining the contents of 

the brochures (i.e. which products are in which brochure and in what way), making arrangements 

with suppliers about deliveries, order quantities, and buying prices. Buyers are assessed for the sales 

realized on their products in the stores (both financially and in terms of volume), generating traffic in 

the stores, and realized margins. 
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2. Introduction 

2.1. Problem Situation 

A large part of total sales of Metro results from promotions. This indicates a large dependence on 

promotions, and the importance of reviewing their effectiveness. 

 

Metro uses a bi-weekly brochure in which the products which are on promotion are displayed. In the 

past, it was established that in too many cases the promoted products were sold out very quickly, 

resulting in empty shelves (OOS) for the rest of the promotion period. Metro decided to adjust their 

objectives for promotions: from selling everything that was put on stock, to prevent OOS on 

promotion products. This means that it is the objective to have inventory of these products from the 

first until the final day of the promotion period. One way of doing this is putting more inventory in 

the store at the beginning of a promotion period, in order to prevent selling out too quickly. In 

principle, it is said that all inventory should be in the store before the promotion starts. 

 

A result of this policy that is directly observable in the stores is the lack of room to store all inventory. 

This is due to leftovers from earlier promotions, and the fact that more products for future 

promotions have to be stored in the same amount of space. 

 

Leftovers have to be disposed of in some way. In some cases the products can be returned to the 

supplier, whereas another possibility is that products are sold in the store at clearance prices. In all 

cases the result is the same: increased handling, increased costs and lower profits. 

 

In short, it can be said that the main problem at Metro is that there is too little control over the 

inventory levels of promotion items, and too much influence of variation in sales. From several 

interviews, it was concluded that this problem is mainly present in the non-food department, and 

that Metro wishes to focus on this part of the assortment. 

 

In this non-food department, Metro employs many buyers, who all use their own method in 

determining order quantities. Metro has signaled that in general these methods lack uniformity and 

the use of quantitative data. A more realistic policy, based on quantitative historic data is believed to 

contribute to an inventory and ordering policy that is more in control and less sensitive to external 

factors. 

2.2. Research Questions and Assignment 

The main objective of Metro is to gain insight into the purchasing behavior of customers, by 

exploring the factors with an impact on demand for promotion items: which determinants are there, 

what is their importance, and what are their relationships with demand? The proposed solution to 

the problem sketched above and the questions mentioned is to first develop insight into the factors 

which are found in literature to have an influence on demand for promotion items and confronting 

these with the practical situation found at Metro. Thereupon, the factors that play a role at Metro 

will be included in a model that forecasts demand for these items. This implies the development of a 

formal forecasting procedure, which will provide the insight requested.  
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Within Metro it can be expected that the determinants of demand vary for different product groups. 

In order to take these differences into account, specific models will be developed in this research. 

However, Metro has many products in its assortment. Each store offers up to 20,000 products in the 

food and beverages category, as well as 30,000 non-food products [19]. The focus of this project is 

already restricted by Metro to non-food items. An issue that plays an important role in the non-food 

department is the fact that products are purchased in restricted amounts at suppliers. This puts 

restrictions on the ability of Metro to react on sales in the store on a short notice. This may be an 

explanation for the fact that in the non-food department, the need for improving forecasts is higher 

than in the food department. The food department contains more “standard” products (e.g. a crate 

of beer is the same now as ten years ago), whereas within non-food the assortment is more 

dependent on (fast) product development and products with a shorter life cycle (e.g. different 

versions of flat screen televisions follow each other up very quickly).   

 

Nevertheless it would still be a highly complex and time consuming task to develop a forecasting 

model for each of these non-food products. Therefore, in this project a further restriction is made to 

two article groups for which models are constructed. The first analysis step is therefore aimed at 

selecting these groups based on a combination of criteria, which will be discussed later on. 

 

The problem situation, as was described above, leads to the following central research question. 

 

 

 

The following partial research questions can be formulated: 

 

1. For which Non-Food product groups is a forecasting model able to contribute to a more 

accurate prediction of promotional demand? 

2. Which factors have to be included in a causal forecasting model that estimates demand for 

non-food promotion items? 

3. What weight factors will these factors receive in a regression procedure? 

 

Based on the research questions defined above, the initial assignment is formulated as follows. 
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- Perform an analysis of the performance of the different Non-Food product groups of 

Metro in past promotions, and select the product groups for which to develop a 

forecasting model based on this analysis

- Select the variables to include in the forecasting model

- Develop a regression procedure that predicts demand for the items selected, based on 

historic data on the included variables and the relations of these variables with demand

- Develop recommendations on how to implement the model in the process of making 

forecasts at Metro

 

 

Some remarks have to be made here: 

- The selection of product groups will be based on an analysis of the performance of the 

different product groups in past promotions. Performance can be seen here as the ratio of 

promotion budgets made and actual sales that were realized. 

- The selection of variables to include in the model will be based on a literature review, as well 

as relevance for the particular products selected in this research, and data availability. 

- The translation of demand forecasts to actual ordering decisions is left out of scope in this 

research. 

2.3. Research Design and Report Structure 

In figure 2.2, the research model is presented, as well as the structure of the report. For this research 

the conceptual design taken from van Aken et al [22], who build upon the approach of Verschuren & 

Doorewaard [26]. This approach is based on a confrontation between theoretical perspectives from 

literature with the practical problem situation found at the company. This is done in this research by 

first conducting a literature review (presented in chapter 3) on the determinants of demand for 

promotion items. Next, the promotion processes at Metro are described, as well as the situation for 

which the models should be built. This is done in chapter 4, in which a selection is made of the 

variables which are relevant for this situation, and which should be included in a forecasting model. 

Chapter 5 is then dedicated to the description of the models their different variants, after which a 

selection can be made for the models which will be estimated. Chapter 6 describes the results of 

model estimation in terms of an assessment of the individual variables and their performance. 

Furthermore, the overall performance of each model is assessed, and the results of model validation 

are presented. Finally, chapter 7 presents the conclusions that can be drawn from the research, and 

the recommendations for Metro that result from this. Also, the implications for the practical 

situation are assessed here, as well as directions for further research. Finally, the contribution to the 

research discipline is reflected on. 
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3. Literature Review 

The main objective of this research is to gain insight into the determinants of demand for non-food 

promotion items at Metro. The eventual goal is to use this information to develop forecasts of the 

demand. Silver et al [21] state that in production and inventory management, some form of 

forecasting is inevitable for the processes of planning and decision making. They present an overall 

framework for how a forecasting system should work, which is depicted in appendix C1. 

 

According to Silver et al, forecasts can be based on an extrapolation of historical information, as well 

as informed judgments about future events. The resulting forecasts can then be compared to the 

demand that was actually realized, after which the forecast can be assessed for its accuracy in terms 

of errors. Based on information on the errors, the model or its parameters can be modified if needed 

and human judgment is also influenced by this information. 

3.1. Forecasting for promotions 

Forecasts can be made using several methods. Makridakis and Wheelwright [20] classify the different 

forecasting methods available as intuitive versus formal, and implicit versus explicit. Intuitive 

methods are based on processes internal to the forecaster, whereas formal methods are based on 

standard procedures. Implicit forecasts are not integrated into specific plans and decisions being 

made. For explicit forecasts it is made clear what their value and use is for planning and decision 

making. The desire to make the forecasting methods more formal is the lead-up to this research. 

 

Formal forecasting can be done by extrapolation of time series, or in a more causal and explanatory 

way [20]. Qualitative methods are needed in addition to these quantitative methods [21] in the form 

of human judgment, based on information that is not incorporated in the forecasting procedure (e.g. 

factors outside the organization). 

 

Promotion items are different from regular items in terms of the forecasting methods needed. Van 

Donselaar et al [23] recognize this, and state that forecasting for these items cannot be based on the 

extrapolation of time series. It is not a continuous process: promotions are temporary and, to some 

extent, unique events, and there are many factors that play a role in the buying behavior of 

consumers for these items. Van Loo [25] concludes that for the specific situation of promotion 

forecasting the causal methods are best suitable. These are based on the use of knowledge of the 

causal relations between the variable that needs to be forecasted and explaining, independent 

variables. 
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3.2. Variables with an impact on demand 

As a first step in determining which variables to include in a forecasting model, a literature study was 

carried out. For the complete result of this review, see [7]. This section summarizes the literature 

that is most relevant for this research, in order to answer three questions: 

- Which variables have to be considered for inclusion in a forecasting model for promotion 

items? [16]  

- How are these variables usually incorporated in forecasting models, and which sources of 

data are available for measuring the effect of these variables on sales? 

-  The third question concerns the nature of the functional relationships between these 

variables and demand. 

 

Two types of models are discussed: on the one hand models that seek to explain the relationship 

between promotional variables as well as certain other factors, and sales. On the other hand models 

that use this knowledge in order to forecast the demand. The former models are descriptive in 

nature, whereas the latter are more directed at usefulness in evaluating past promotions and 

forecasting the effect of future promotions. The forecasting models discussed are all causal and 

linear models. 

 

Table 3.1 summarizes the factors found in literature to have an impact on demand in some way. Also, 

a short description is given, of how the factors can be interpreted. The factors are arranged according 

to the marketing mix, as it is defined by Kotler et al. [18]. This marketing mix contains four 

dimensions which were used as a structuring perspective: Product, Price, Place, and Promotion.
5
 One 

important definition here is that of the category Promotion. The variables within this category are the 

tools with which an organization can communicate the merits of its products to the target customers. 

These tools are summarized under the term “promotion mix” (e.g. [6]).  

                                                           
5
 This classification was extended over time, but since the original model provides sufficient basis for classifying factors, the 

additions to the model are not considered. 
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Product

Factor Interpretation Sources

market share The share of a brand in total sales Fader & Lodish (1990), Bolton (1989), 

Narasimhan et al (1996), Ailawadi et al (2006)

Brand type Private or A-brand Ailawadi et al (2006)

Penetration Share of the customer base which has bought the 

product

Fader & Lodish (1990), Narasimhan et al (1996), 

Ailawadi et al (2006)

Purchase frequency Frequency with which a product is bought Fader & Lodish (1990), Narasimhan et al (1996), 

Ailawadi et al (2006)

Purchase amount The amount of the product, purchased at once Fader & Lodish (1990), Ailawadi et al (2006)

Ability to stockpile Degree to which a product is suitable for stockpiling Raju (1992), Narasimhan et al (1996), Ailawadi 

et al (2006)

Impulse purchase ability Degree to which a product is suitable for impulse 

buying behavior

Narasimhan et al (1996), Ailawadi et al (2006)

Number of brands # brands in the store or in the market Narasimhan et al (1996), Ailawadi et al (2006)

Competitive intensity # competing brands sold in the product category Raju (1992)

Price

Factor Interpretation Sources

Discount depth Magnitude of discount Raju (1992), Ailawadi et al (2006)

Relative price Brand price, relative to the competing brands Bolton (1989), Ailawadi et al (2006)

Variation Variability in brand prices over time Bolton (1989)

Absolute price Absolute promotion price Raju (1992)

Average price Average price over the product category Narasimhan et al (1996)

Place

Factor Interpretation Sources

Distribution The degree to which product is present across al 

retailers in the market

Ailawadi et al (2006)

location in store The location where the product is presented in the 

store

Ailawadi et al (2006)

store size Size of the store in terms of surface area Ailawadi et al (2006)

Store location Is the store located in a shopping centre, 

downtown, or in an industrial area?

Ailawadi et al (2006)

Consumer demographics The demographic characteristics of the store's 

customers (e.g. age, education, ethnic background, 

family size)

Ailawadi et al (2006)

Number of competitors the number of competing retailers in the 

neighborhood of the store

Ailawadi et al (2006)

Type of competitors The type of competing retailers Ailawadi et al (2006)

Promotion

Factor Interpretation Sources

Feature Advertising by the retailer in newspapers or flyers Fader & Lodish (1990), Bolton (1989), Ailawadi 

et al (2006)

Advertising Advertising by the manufacturer Bolton (1989), Ailawadi et al (2006)

Display Use of special displays in the store Fader & Lodish (1990), Bolton (1989), Ailawadi 

et al (2006)

BOGO Buy One, Get One: e.g. buy 3 units, and pay only 2 Ailawadi et al (2006)

% Items on Promotion % of all items in the category which is on promotion Ailawadi et al (2006)

 

Table 3.1: Overview of factors and sources 
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3.3. Forecasting models 

In the next step four different forecasting models were found. These models were developed for the 

forecasting of sales for promotion items, and these were compared based on the factors found in the 

previous step. The models are referred to as Promocast, SCAN*PRO, van Loo, and CHAN4CAST, and 

are found in [6], [24], [25], and [9], respectively. These models all have different characteristics and 

objectives which are discussed shortly here. 

 

The following characteristics are relevant for this research: 

1. The objectives of the models and the perspective from which they are developed 

2. Dependent variables: what do the models forecast, and in what form? 

3. Independent variables used as predictors in the models 

Objectives and perspectives 

First, the models take different perspectives, and are developed for different purposes. The 

CHAN4CAST model is different from the other models, because it is developed for a leading marketer 

of soft drinks, instead of a retail chain itself. This allows the developers of the model to consider 

different sales channels, and for each channel a separate model is developed, which forecasts the 

demand. All other models are developed for retail chains, and only that sales channel is therefore 

relevant. The models are all developed for the forecasting of demand for food products, which in 

part determines the (type of) independent variables used for prediction. Finally, the models are 

relatively generic, in the sense that they include many different products in one general model, 

instead of “customized” models to include differences between individual products. 

Dependent variables 

The second important characteristic is concerned with what is forecasted by the models: the 

dependent variables. This can be expressed in terms of the aggregation levels, and the functional 

form of the models. 

 

Promocast produces for each product and each store under consideration a separate forecast of the 

log of total units sold during a promotion event. It is a regression-style model in which the relations 

between the predictors and the dependent variable (i.e. the log of sales volume) are linear.  

In appendix C2, the SCAN*PRO model equation is presented for illustration. At first sight, this model 

does not look like an additive linear regression model, because of the multiplicative relations 

between the independent and the dependent variables. However, the relation between the LN of the 

independent variables and the LN of the dependent variable actually is additive and linear
6
. The 

dependent variable estimated by SCAN*PRO is unit sales of the brand, calculated per week, for each 

store separately. Furthermore, the model of van Loo predicts, in a linear and a log-linear way, the 

sales increase (the lift factor) as a result of the promotion, under the influence of the independent 

variables. Finally, CHAN4CAST develops predictions of sales volume in a linear and log-linear model. 

Hence, it can be said that the models match in terms of their dependent variables in the sense that 

they all predict sales volume. However, van Loo does not directly predict sales volume, but he 

predicts the increase, whereas the other models do predict the absolute volume (or the log of it). 

                                                           
6
 Using the following general rule (e.g.[1]): ( ) ( ) ( )ln ln lna b a b⋅ = +  
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Independent variables 

Finally, the set of independent variables is considered here, on which the forecasts are based in the 

different models. It turns out that many of the factors in the list presented in table 3.1 are included in 

one or more models. However, there are some variables which have been found to have an impact 

on demand, but which are not included as such in these forecasting models. These variables are 

presented in table 3.2. 

Place Product Price

Distribution market share Variation

location in store Brand type Average price

store size Penetration

Consumer demographics Ability to stockpile

Number of competitors Impulse purchase ability

Type of competitors Number of brands

Competitive intensity  

Table 3.2: Variables with impact on demand, not included in existing forecasting models 

First, all promotion variables presented in table 3.1 are somehow included in at least one forecasting 

model. The variables in this category are the promotional tools a retailer is able to use, and all papers 

considered use these tools in their to assess their impact on demand. Promotions are found to have 

a positive impact on sales, and the promotional tools are therefore useful for predicting sales [4]. 

Second, almost all price variables discovered in section 1 are incorporated in the forecasting models. 

Price cuts are the most widely used tool in promotions, and the other tools in the promotion mix are 

mostly used in combination with price cuts. 

3.4. Contribution to literature 

In conclusion, the outcomes of the literature review will be used in this research in the following 

activities: 

1. Confront the list in table 3.1. with the situation and processes at Metro, and make a selection 

of variables to use in this research 

2. Consider the functional forms mentioned for suitability in this situation 

 

The forecasting models that were discussed have an important characteristic in common: they are all 

generic models, designed to be applied to many different (types of) products. The SCAN*PRO model 

is a good example. In the introduction to this report, it was already said that in this project a deeper 

selection will be made, in order to capture the characteristics that are unique to the items included. 

Moreover, this research is directed at the application of these forecasting methods to non-food 

items, instead of non-food items. 

 

A final remark is that, although Fisher et al [12] argue in favor of accurate response to consumer 

demand (and therefore recognize the importance of accurate forecasts) a forecast is the result of a 

tradeoff between quality (accuracy), availability of data, costs, and ease of interpretation. The 

conclusions drawn in literature on the relation between promotions and sales are always bounded by 

the data that were used. Hence, if a relation is concluded, then this must be kept in mind: 

conclusions are made by the grace of good and available information. 
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4. Problem analysis 

The purpose of this chapter is to analyze the initial problem, as it was described earlier. This will be 

done based on quantitative as well as qualitative information, drawn from the information systems 

of Metro, and interviews with various employees.  

 

As was stated before, the first analysis step is to narrow the scope in terms of the products for which 

to develop forecasting models, and in terms of the information on which forecasts will be based. In 

the second section a description will be given of how promotions are dealt with at Metro, in terms of 

the structure and the processes and departments involved.  

 

In chapter 3 a table was presented that lists the factors that have been researched for their impact 

on demand. After the description of the processes at Metro, a selection can be made of the variables 

which are relevant for the situation of Metro and the assortment used in this research. Also, where 

needed, the list is extended with determinants which are not yet mentioned in literature, but which 

do play a role at Metro. This is described in the final section of this chapter. 

4.1. Product focus 

Quantitative criteria for the selection of products in this research are the following: 

- The share of sales that is represented by these products 

- The current status in terms of forecasting performance 

 

If a particular product does not perform well in terms of forecasting but only has a marginal share in 

overall sales, it might not be worthwhile to focus on it, because the total effect of improving the 

forecasts for this product would be small. 

 

Other important criteria which play a role in this decision are more of a qualitative nature: 

- The buyer responsible for the products. His knowledge of the products and the market is an 

important input, other than quantitative data, in assessing the feasibility of forecasting these 

products. 

- A practical issue is the availability of data for the products selected. Enough historic 

information must be available in order to be able to construct a model and make valid and 

reliable forecasts. 

 

The buying domain that this project focuses on is therefore Media/Photo, which is a part of the 

product group Office/Media. The argumentation of this selection is presented in appendix D
7
. 

 

Office/Media represents a share of XX% and XX% in total and promotional sales, respectively, which 

makes it an important group for generating sales in the non-food department (see figures D.1 and 

D.2 in appendix D)
8
. Figures 4.1 and 4.2 depict the total and promotional share of sales for each 

buying domain in the Office/Media group.  

                                                           
7
 This appendix is excluded for confidentiality reasons. 

8
 These figures are masked for confidentiality reasons. 
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This picture is excluded for confidentiality reasons

 

Figure 4.1: Total sales (€) 2008 buying groups 

Office/Media 

This picture is excluded for confidentiality reasons

 

Figure 4.2: Promotional sales (€) 2008 buying 

groups Office/Media 

Buying domain Media/Photo represents a share of XX% and XX% of total and promotional sales 

within Office/ Media, respectively. Although it is not the largest group in terms of sales within 

Office/Media, this buying group is chosen because the buyer in question has great interest in a 

forecasting model, and a comparison with his own methods. 

 

The selection of the two groups for this research is based on a combination of the arguments (again, 

see appendix D for details):  

- Share in sales 

- Number of promotions 

- The level of and dispersion in budget realization 

 

Table 4.1, below, presents the two article groups selected for this research: Photo Equipment and 

Batteries.  

 

Main Category Category

Analogue

Digital below 7 MPIX

Digital 7.1-10 MPIX

Digital Above 10 MPIX

Digital SLR

Binoculars

Mini-Photoprinters

Alkaline Batteries

Rechargeable batteries

Battery Loaders

Photo Batteries

Photo Equipment

Batteries

Main Category Category

Digital below 7 MPIX

Digital 7.1-10 MPIX

Digital Above 10 MPIX

Digital SLR

Alkaline Batteries

Rechargeable batteries
Batteries

Photo Equipment

 

Table 4.1: Products in this research 

Photo Equipment is selected because it represents the largest share of promotion sales, and has the 

largest amount of promotions in 2008. Furthermore, it shows a low average realization and much 

dispersion on this measure. The group of Batteries is selected because it is expected to be very 

different from the other group in terms of the life cycle of products, which is an important issue in 

this buying domain. Furthermore, it is in the top 4 of groups on the number of promotions in 2008. 

Table 4.1 shows the categories which fall into these groups, in order to give an idea of the types of 

products which have to be dealt with. A selection is made of the categories which will be included. 
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This selection is made for reasons of relevance and data availability, and the categories which remain 

in the research are depicted to the right. 

4.2. Promotion processes 

In this section, a description is given of the activities that take place with respect to promotions, and 

the role that different departments play. The purpose is to get insight into the processes around 

promotions, to identify important stakeholders, and to identify possible determinants of sales that 

result from the way in which the processes are carried out. Where this is needed, the process 

description is directed specifically for the products selected in the previous section. 

 

Figure 4.3 presents an overview of phases in the folder process, and the departments involved. In 

this research, the activities in the folder process are separated in the phases Preparation, Folder 

Period, and Evaluation. The main departments involved are marketing, buying, the store, and 

controlling.  

 

Folder Preparation

Controlling

Folder Period Folder Evaluation

Buying

Marketing Store

ControllingBuying

Store

ControllingBuying

Store

 

Figure 4.3: Overview of the folder process and the departments involved 

- Marketing provides the planning of promotion activities, and the preconditions for the setup 

of promotions (i.e. the degrees of freedom that a buyer has at his disposal for the promotion 

of his products). Also, marketing makes a selection of the customers who receive the folder. 

Metro has a database of about 1 million registered customers. For every folder, a selection of 

about 60% of these customers is made, who actually receive the folder by mail. Finally, this 

department takes care of the actual production of the folder, in terms of layout.  

- The main objective of the buying department is to generate traffic in the store, and revenue 

and margin by optimizing the use of the folder in terms of the products and the use of the 

different promotion types. Traffic is an important objective, because customers, who enter 

the store with one particular product in mind, are also likely to make, planned or unplanned, 

purchases in other product categories once they are in the store. Hence, more traffic in the 

store leads to more sales and revenue. Therefore, this department is responsible for the 

contents of the folder in terms of the products, types of actions, prices, etc. Also, buying is 

responsible for the contact with suppliers and making agreements on the products which are 

purchased, their prices, and other preconditions such as delivery conditions.  

- The store is responsible for the actual execution of promotion plans, provided by the head 

office.  

- Finally, it is the task of the controlling department to provide the company with the right 

management information, based on which promotions can be prepared and evaluated.  
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The different steps of the process for all departments in the head office, as well as the store are 

presented in more detail in figure 4.4. In this project, the focus is on the preparation phase, and the 

steps which are taken by the buying department. In particular, the focus lies on the steps by which 

the buyer constructs his budgets. This is made visible in the figure (i.e. the shaded steps). Appendix E 

depicts a schematic representation of the process steps in the folder period and the evaluation after 

the folder. The scope of all these schematic presentations is one folder period. Hence, the pictures 

present the activities that belong to the same folder, although some phases of subsequent folders 

overlap each other. Appendix F contains an explanation of the steps mentioned in all figures. (Both 

appendices E and F are excluded for confidentiality reasons) 

 

Preparation

Marketing/ Sales Promotion

Buying
Promotion setup and budget

Folder 

Period

Year Planning 
folders

First Product 
discussion

Final Product 
Discussion

Pre-discussionPages per buyer

Concept folder Folder final 
version

Evaluate 

Folder 

Concept

Ordering 
Inventory

Folder 
Production

Preparation 
Reports

Controlling

Adjust 

budgets

Goods receipt & 

storage

Stack shelves: new 

promotion
Place displays Place price tags

Store

Buying, Marketing,

Controlling

 

Figure 4.4: Steps in the preparation phase 

The most important activity, in the light of this research is the setup and planning of promotions, and 

the translation of these plans into a budget (the shaded part in the figure above). This is the part 

where the buyer makes his forecast for the results of a promotion. However, before the planning and 

budgeting for specific folders can take place, a more general trajectory is followed, which consists of 

the negotiations with suppliers, and in some cases planning ahead for the longer term. This trajectory 

is however left out of scope, because this project is aimed at finding the determinants of demand 

that can be measured objectively, and included in a regression model. Once a budget has been set 

up, it is reviewed by the commercial part of the board, after which the ordering takes place (for the 

products selected in this research, the ordering is done by the buying department). Below, the 

activities in the setup and budgeting step of the process are clarified. 

 

In the preparation phase, the buying department is responsible for the setup of promotions, in terms 

of the products which are presented in the folder, and the nature of the actions. Based on this 

arrangement, a budget is constructed by the buyer, which reflects the expectation of the results of 



4. Problem analysis  

 

 

 18

each promotion. This budget is constructed in three steps, as is depicted in figure 4.5: the Pre-

discussion, First-, and Final Product Discussion. Over the course of this process, the promotion is 

given more and more detail, based on the information that becomes available over time. In order to 

give an idea of how the steps are ordered in time, the figure also provides a time line
9
. It should be 

noted that this arrangement and time planning of steps in the budget process is specific for items in 

product group Office/Media. It is very hard to make decisions for a long time ahead for these 

products, because there is much insecurity in terms of the products which are available at suppliers 

and their prices. Therefore, the planning of activities has been shortened for these products. For all 

other products, the folder meeting takes place about 11 weeks before the folder start. 

1. Pre-Discussion 2. First product Discussion
3. Final Product 

Discussion
4. Folder Evaluation

Promotion Setup and Budget

Folder Start

± 11 weeks ± 7 weeks± 8 weeks

Price Check

± 2 weeks

Figure 4.5: Promotion Setup and budget 

4.2.1. Pre-discussion 

For the buyer, the first basis for the total setup of the promotion is the total result of the same folder 

of last year (or the folder that fell in the same period last year). This is fixed as the minimum target 

that has to be realized, and the buyer sets up his promotion in such a way that this target should be 

realized. The general arrangement of products in the folder is determined by the marketing 

department: each product group is assigned a number of pages which have to be filled. The Product 

Group Manager (PGM) divides this space over the buying domains under his supervision. This means 

that each buyer gets assigned a number of pages which have to be filled. Based on that assignment, 

the buyer makes a first selection of the products with which he fills those pages, the type of 

promotion for each product and, in relation to that, the size of their advertisements. Also, a first 

indication of price is determined. This selection of products is done on a general level: the category in 

which a product falls. 

 

In this phase, the buyer needs to make an assessment whether the target mentioned earlier will be 

realized. Therefore, it is necessary to make an expectation of demand, based on the information that 

is available at that moment. The way in which this assessment is done differs for the article groups 

selected in this research. 

 

For cameras, the level of detail used in this phase is not the same as the category, as it was depicted 

in table 4.1. The buyer does make a distinction between Compact and (digital) SLR cameras, and 

within Compact he uses a distinction between cameras below a price of €100,- and above €100,-. A 

separate category is given to Compact Zoom cameras, which have an optical zoom of more than 4 

times.  

                                                           
9
 As an example, the planning of folder 8 (from March 31 to April 11) of 2009 is used here. 
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This results in the following categories for this research: 

- Compact -100 € 

- Compact +100 € 

- Compact-Zoom 

- SLR 

 

For batteries, the buyer uses the categories which are depicted in table 4.1. This means that in this 

research the following categories are left: 

- Alkaline Batteries 

- Rechargeable Batteries 

 

The result of this phase is a first blue print of the folder, in terms of the pages and how these are 

filled in on a general level. 

4.2.2. First Product Discussion 

The next step is to select the actual products which will be presented in the folder, and to define the 

types of promotions in more detail. This means that the buyer searches for products with which he 

expects to be able to realize his sales targets, and in relation to that, the price levels which were 

decided on in the previous step. In general, the promotion plans defined in the pre-discussion are 

updated, based on the information that has become available in the mean time. Also, based on more 

detailed information, a more detailed expectation of the results of the promotion can be produced. 

 

As was said before, much uncertainty exists in early phases of the process of planning and budgeting 

for a specific folder in terms of the products which will end up in the folder. An important source of 

information that plays a role here is formed by the suppliers. The selection of products is partly 

based on information that comes from suppliers on the products which are available, and buying 

prices for these products. What also plays a role here is the planning of promotions at competitors. 

Here, suppliers provide some help in the sense that they provide an advice on which periods there 

are no promotions at competitors. This has an impact on the selection of products.  

 

One remark that has to be made here is that the buyer does not determine the setup of the store in 

terms of the presentation of his products. This is done by the store itself, and the only influence that 

a buyer has is that he can announce his preferences for presentation and placement in the store. As a 

result, the presentation, which is known to have an impact on sales, is not necessarily uniform across 

the stores. 

 

One source of market information, which is also used in the folder process, is GFK. This is a market 

research organization which collects data of a selection of players in a number of branches. Metro is 

also present in this database, as well as a number of competitors. However, this information is 

provided with a delay of 2 months. Combined with the planning of the budget process, and the fact 

that many products in the selected categories have a life cycle of about 6 to 9 months, this results in 

the conclusion that GFK data cannot be used as a predictor for sales of folder products, in the 
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process of making budgets. It can be used as a resource to check the development of the market on a 

more general level. 

There is a difference between cameras and batteries, in terms of the way in which the selection of 

products takes place. This is related to the fact that the uncertainty mentioned before is mainly 

applicable to cameras. For batteries the general planning of promotions is done in a more 

straightforward manner, for longer periods ahead. This is done on a general level: the folders are 

selected in which batteries will have a promotion. The actual selection of articles in the promotions is 

done separately for each promotion.  

 

For both groups it holds that the result of this phase is a budget for each promotion, which again 

reflects the expected result of the promotion in terms of sales revenue (€), volume (colli), and margin 

(%).  

 

Several sources of information provide the basis for this budget. First, the results of the product in 

earlier promotions, if available, are used as a predictor: revenue (€), volume, and margin. If no 

history is available, then comparable products are used as a benchmark. By using these figures, the 

setup of those earlier promotions is also taken into account. 

 

Second, availability at suppliers is an important input. In most cases, an agreement is made with the 

supplier on a restricted amount of the product that can be purchased, against a certain price. 

Therefore, the budget in terms of volume is bounded by these agreements (i.e. no more can be sold 

than is available at the supplier). 

 

Especially for cameras, Metro has the target to offer the lowest price in the market. Therefore, if the 

selected price is not the lowest in the market, it is adjusted accordingly. Due to the fact that prices 

change over time, their development is reviewed constantly, and prices (and budgets as a result) are 

subject to changes over time. 

4.2.3. Final Product Discussion and Folder evaluation 

After the setup of the folder has been determined and checked in the first product discussion, the 

articles and promotions are registered in the information system of Metro. In other words: the 

contents of the folder in terms of articles, and the complete plans of the promotions are registered. 

Some final mutations are however still possible, but in principle the selections are made.  

 

The adjustments made after the first product discussion are discussed in the final product discussion. 

The plans and budgets are checked, and handed in for evaluation by the board. This evaluation takes 

place in a meeting of the commercial part of the board: the buying and marketing directors evaluate 

the complete concept of the folder. In this meeting, all promotion plans and budgets are checked 

and adjustments to the setup of the promotion may be proposed, after which the concept is 

approved. 

 

The buying department takes care of the actual ordering of inventory at suppliers, and the allocation 

of inventory to the different stores before the start of the promotion, as well as during the 

promotion (when reordering is needed and possible). 
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About two weeks before the promotion starts, the prices of the products are benchmarked with the 

competition. Metro employs price checkers, who provide this information based on internet, 

publications of competitors, and store visits. 

4.2.4. Process Focus 

In a later step, the variables are selected which will be included in the models to be developed. One 

of the criteria used in this selection is that the variables should be measureable at Metro and 

available at the moment when the forecast is to be made by the buyer. To be able to assess 

candidate variables on this criterion, it is necessary that a decision is made on which part of the 

process the model will be aimed at. In other words: in which step will the end result of this project 

support the buyer?  

 

The following observations play a role here. 

- There is an increasing level of detail during the process of planning and budgeting of a folder, 

which is due to uncertainties in the first steps, in terms of which products will be in the folder 

eventually, and against what conditions. 

- Much information that is used in the construction of actual budgets has a subjective 

character, and cannot be included in a forecasting model. 

 

Forecasts are made on the basis of historic data, but from interviews with the buyer of these 

products, it is concluded that the intuition of the buyer also plays an important role. In many cases, 

the budgets are made “by feel”, and on intuition and specific knowledge of the buyer. Also, there is 

much information which comes from suppliers that has an influence on the actual selection of 

products, and the expectations of the results. It will be hard to include all this information, and the 

knowledge and intuition of the buyer in a model that predicts demand. 

 

This project is aimed at providing insight into the variables that have an influence on the demand for 

the selected products, and including these in a quantitative model that predicts demand. This puts a 

restriction on the type of information that can be used: this must be objective and quantitative. The 

subjective part (i.e. the interactions with suppliers, and the knowledge and intuition of the buyer) is 

left to the buyer.  

 

The models therefore concentrate on the objective and measurable factors, and their influence on 

demand. The aim is to support the buyer in the first two steps of the budget process: in the pre-

discussion, and in the first product discussion. Two separate models will therefore be developed for 

each article group, on two different levels of detail. 

Aggregation levels 

The level of uncertainty in the first step leads to the conclusion that the first model should produce 

forecasts on a general level. Forecasting will be done on the level of the categories that were defined 

in section 4.2.1: for cameras, the first model produces one forecast for all cameras that fall into the 

categories mentioned in section 4.2.1. For batteries the procedure is the same. 
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The risk of using this general aggregation level is that there are some factors which may have a 

crucial impact on demand, which cannot be included in this model. Therefore, a model on a more 

detailed level is also constructed for both article groups in order to find out if this is the case. 

 

Within one folder, there are different levels of aggregation possible. As was said in the process 

description, the buyer divides a folder into different ads. These ads have a code, and may contain 

more than one product. In the case of cameras, the same camera may be on promotion in different 

colors. If this is the case, then the different colors all have a unique article number (see the hierarchy 

in appendix A). However, they all have the same code for the promotion. This code is connected to 

one of the articles in the action, defined as the Promotion Lead Article (PLA).  

 

In the case of batteries however, there are many different articles which fall under the same 

promotion: in most cases a whole range of different types of batteries is connected to the same 

promotion (PLA).  

 

- For cameras it holds that in step 2 of the budget process (first product discussion), the buyer 

makes a forecast for all articles within the same promotion (ad), and this is divided over the 

different versions later on in the process. Therefore, the detailed level of aggregation here is 

the PLA. 

- For batteries, the articles within one ad differ on price, as well as specifications, and different 

battery types are connected to the same promotion. Therefore, if sales are forecasted on a 

PLA level, hence aggregated over one ad, details of the products cannot be included in the 

model as a predictor. Therefore, the detailed level of aggregation is the article. 

 

This leads to the definition of four models, as is depicted in table 4.2. 

 

Aggregation Level Model

Product type 1

PLA 2

Product Category 3

Article 4

Cameras

Batteries

 

Table 4.2: Definition of models and aggregation levels 

The general aggregation levels for cameras and batteries have a different name, because for 

cameras, this level is somewhat lower than for batteries. This is reflected in the name. 

 

A final remark is that budgets are constructed for all stores together, and the allocation to different 

stores is not considered in this stage of the process. Therefore, the models should forecast total 

demand over all Metro stores within one folder period, as this is consistent with how the buyer 

produces his budgets. 
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4.3. Factors with an influence on demand 

In conclusion, it can be said that the budget which is determined by the buyer represents the target 

that he aims to realize with his products for a particular folder, by choosing the settings of the 

parameters at his disposal. This project is not focused on how these targets are determined. Instead, 

it is concerned with providing a buyer with information on what the influence is of changing a 

number of parameters, and which other variables also have an influence on demand and should be 

taken into consideration. This project is therefore aimed at developing a quantitative basis for the 

setup of budgets. 

 

In order to construct a model which could be helpful in this process, a selection should now be made 

on the variables which have to be included in this model. The sources for composing the set of 

predictor variables are thus literature (see chapter 3): the variables for which a relation with demand 

was found in literature are considered for inclusion in this research. Next, the processes of Metro are 

a source of variables. These determine logically which variables play a role in the specific situation of 

Metro, and which variables can be measured, and included in the model. This section discusses the 

variables which will be included in the models defined above. These are presented in table 4.3, along 

with their sources. This list is the result of a confrontation between literature and the situation found 

at Metro. 

 

The variables are assessed on the following four criteria. 

1. Relevant: if a variable is said to be relevant, this means that it plays a role in the decision 

process of the buyer, and must therefore be considered for inclusion in a forecasting model. 

All variables mentioned in table 4.3 were found to be relevant for this buyer and these 

products. This does not yet mean that the variable ends up in the model. This depends on 

the other criteria as well. 

2. The second criterion is concerned with the question if a variable is measurable or can be 

made measurable at Metro. 

3. Variables which are influenced are under the control of the buyer: he is authorized and able 

to influence this parameter. 

4. The final column is concerned with whether the variable will be considered for inclusion in a 

forecasting model, which is one of the objectives of this research. 
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Variable Interpretation Relevant Measurable Influenced In research Source

Product type The product category, used to 

distinguish between products
x x x x

Metro situation

market share of product % of total market sales, accounted for 

by the product type
x x x

Fader & Lodish (1990), Bolton (1989), Narasimhan et 

al (1996), Ailawadi et al (2006); Metro situation

Product Specifications x x x x Metro situation

Brand distinguish between brands x x x x Ailawadi et al (2006); Metro situation

Colour Indicator for presence of the most 

important colours
x x x x

Metro situation

Number of brands # of brands in store or in market x x Narasimhan et al (1996), Ailawadi et al (2006)

Competitive intensity # competing brands in product category
x x

Raju (1992)

Promotion sales Sales for the product in earlier folders x x x Cooper et al (1999); Metro situation

Discount depth price decrease in the promotion, relative 

to the regular price
x x x x

Raju (1992), Ailawadi et al (2006)

Absolute price absolute promotion price x x x x Raju (1992)

Relative price Promotion price, relative to competition
x

Bolton (1989), Ailawadi et al (2006)

Lowest price Is the promotion price the lowest in the 

market?
x x

Metro situation

Distribution Extent to which the product is widely 

distributed across all retailers in the 

market

x

Ailawadi et al (2006)

location in store Placement of the product in the store, 

when it is on promotion
x

Ailawadi et al (2006), Metro situation

Promotion type type of deal made to customer x x x x Metro situation

BOGO Buy One, Get One x x Ailawadi et al (2006), Metro situation

Number of promotions Number of promoted products for the 

same type in the same folder
x x x x

Metro situation

Folder type Main or Special x x x x Metro situation

Display Use of displays in the stores
x x x x

Fader & Lodish (1990), Bolton (1989), Ailawadi et al 

(2006), Metro situation

Promotion frequency # earlier promotions for item x x x x Raju (1992), Ailawadi et al (2006), Metro situation

Sunday opening Indicator for sunday opening during the 

folder period
x x x

Metro situation

Holidays Indicator for Holidays during the folder 

period
x x x

Metro situation

Promotion Length Length of the folder period x x x Metro situation
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Table 4.3: variables in the research 
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Here, only the variables marked as being relevant are discussed. The other variables are discussed 

shortly in Appendix G. 

Product Type 

It is necessary to distinguish between the different types of products, because for instance digital 

compact cameras draw a completely different customer than SLR cameras, which are more 

specialized products. Therefore, in the model an indicator variable will be included for each product 

type. The definition of these product types was given in the process description. 

Market Share 

This is a relevant issue because it has been proved to be a predictor of sales. It can be used as an 

indicator of the current success of the product, and as a predictor of the future success. A source of 

information for this is GFK, a market research institution, which collects data on sales volume, 

revenue, and prices from all the players in different markets in the Netherlands. From its publications 

the market share of Metro in the total market can be derived. However, the information is available 

with a delay: the information is collected on a monthly basis. Combined with the planning of 

budgeting-activities, as done by the buyer, this leads to the conclusion that market share cannot be 

included in the models that will be developed, because the information is not yet available at the 

moment when the buyer makes his budgets. 

Product specifications 

One variable that is not mentioned in the appendix, but is included in the models, is Product 

Specifications. This has a different interpretation for cameras and batteries, and will only be included 

in the models on a detailed level. 

 

There are many features based on which cameras can be distinguished: resolution, zoom-quality, size 

of the screen, memory, etc. These are important competitive specifications, and may therefore be 

important predictors of sales. Also, some specifications are displayed in the ad, along with the price 

and description of the camera. There is not one feature that can be marked as being the most 

important feature, based on which customers make their choice between cameras. However, in 

market research (for instance GFK), the resolution is used to categorize cameras. Therefore, in order 

to account for the influence of these specifications, the variable Product Specifications is included in 

this model in the form of the resolution (Megapixels).  

 

For batteries, the story is somewhat different. Batteries are available at Metro in different sizes. The 

product categories as mentioned earlier contain a number of different sizes, which all have different 

uses. Therefore, the type of battery, expressed as its size, is included in the detailed model or 

batteries. 

Brand 

Especially for cameras, it is important to distinguish between different brands, because consumers 

are expected to be brand sensitive to some extent for these products, especially for the more 

expensive cameras. For batteries the brand is expected to be less relevant in the buying decision of a 

consumer, and therefore, will not be included in the models for batteries. 
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Number of brands 

The number of brands for the particular product which are sold in the store or in the market is a 

relevant issue in estimating promotion demand. Consumers are expected to be brand sensitive to a 

certain extent, and the more choice they have, the harder it gets to sell a particular brand. The 

number of brands in the market cannot be included in the model, because this information is not 

available at Metro. The number of brands offered in the store is not included either, because this is 

not an important factor that is taken into consideration by the buyer, who does look at the type of 

brands offered (especially for cameras this is important), but not at the number. 

Competitive intensity 

The same conclusion holds for competitive intensity, which is defined as the number of competing 

brands in the same product category. There is no historic information available at Metro, from which 

this could be derived. Hence, it is not included in the model. 

Promotion Sales 

Sales history of the product in earlier promotions is used in determining the budget, and pointed out 

by the buyer as being an important predictor. Therefore it is relevant for this research, and will be 

included as a predictor of sales in the model. A remark that should be made here is the fact that a 

product that has not yet been on promotion earlier has no value for this predictor. A remedy for this 

is to use the promotion history on an aggregate level (i.e. the product type), instead of the history of 

the product. 

Discount Depth 

Discount depth is defined as the reduction in price, relative to the regular price, registered in the 

information system at the same moment. This is included in this research, in order to assess the 

effect of deeper discounts on sales. The price of the product is the most important trigger for 

consumers to buy these products. Hence, the depth of the price discount is needed in a forecasting 

model for promotion sales. 

Absolute Price 

In promotions, only the absolute price is communicated to the customers: discounts are rarely 

mentioned as such. This holds for cameras. In the case of batteries, a large part of the promotions is 

on 25% discount, which is communicated explicitly in the ad. However, this is already taken into 

account. In this research, the absolute promotion price of the product is used as a predictor of sales, 

next to the discount depth. 

Relative Price 

The price of the product, relative to the market is a relevant issue. Especially for cameras, consumers 

search for the retailer offering the best price, before they buy the product. However, historic 

information on this issue is not available at Metro, and it cannot be included in the model as a 

predictor. Buyers do perform a price check at the competition just before the promotion starts, 

based on internet benchmarks and store visits. Due to the time between the making of the budgets 

and the promotion, and the fact that prices are subject to many changes, this information cannot be 

taken into account at the moment when the budgets are determined. 
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Lowest Price 

Metro has the objective of having the lowest price in the market for the products concerned in this 

research. Therefore, this is marked as a relevant variable and should be included in the model in 

order to assess the relation with demand. However, as was the case for the previous variable, it is 

not yet known at the moment when the budgets are constructed. 

Promotion Type 

The buyer is able to select the type of promotion from a number of possibilities. According to this 

promotion type, the variable “promotion labeling” receives a code. The categories which are 

registered explicitly are: 

- Winstpakker, a special label for a promotion, which is depicted in the ad. 

- Winstpakker/Hit: this type of promotion also has a label in the folder (the same as 

Winstpakker), but receives more attention in the folder (larger ad), as well as more 

prominent visual support in the store 

- Normal promotion 

- Makro Plus, which is not relevant for Media/Photo products 

- Demonstration: a sales person gives a demonstration and explanations in the store 

- Makro Tip: this is a special promotion. The product receives extra attention in the folder (it is 

placed on the first page inside the folder) and in the store (it is placed at the entrance, with 

special signs) 

- Front page: if a product is on the front page of the folder 

- Back page: the ad is on the back page 

- Display: if a product is promoted using a special display 

- The term Feature refers to advertising by retailers in newspapers, or their own leaflets. The 

folder of Metro can be seen as a form of featuring. However, because this research only 

concerns products which are in the folder, this is not a relevant variable, and it is not needed 

to include this as a separate variable. 

 

Not all categories mentioned above are used for cameras and batteries. For cameras, only 

Winstpakker/Hit, Winstpakker, and Normal Promotion are found in the data. For batteries the same 

categories are used, as well as Tip. 

Buy One, Get One 

BOGO stands for Buy One, Get One. At Metro, this type of promotion is called Multisave, and it is 

widely used. However, it is not registered in the information system when a product was promoted 

using this promotion type. For batteries it is used in the form of so-called X-for-Y promotions (e.g. 

buy 3 packages for the price of 2, or 2 for the price of 1). This variable is included in the models for 

batteries. For cameras this type of promotion is not used, hence it is not included. 

Number of Promotions 

The number of promotions in the folder is an issue that is looked at presently at Metro. The idea is to 

realize the same sales revenue with less products in the folder. In the light of the buyer who needs to 

determine his budgets for the different folders, it is relevant to see what the influence on demand is 

of the amount of products in the same type, presented in the same folder. Therefore, this is 

accounted for in the models for cameras. 
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Folder Type 

As was mentioned in the section on promotions at Metro, there are different types of folders: main 

folders and specials. Specials have a theme, which on some occasions is especially dedicated to 

Office/ Media products. This should be taken into account when assessing the sales of these folders. 

Therefore, the folder type (main or special) is included as a predictor of sales. 

Ad Size 

The buyer is free in determining the size of the ad he uses in the folder. This is expected to have an 

effect on sales. However, it is not registered in the information systems of Metro. Therefore, by 

looking the ad sizes up manually, this variable can be included in all models.  

Page Number 

The page number where a product was presented in the folder is not registered consistently. 

However, as is the case with ad size, the page number can be looked up manually, and included in 

the models. 

Promotion Frequency 

For cameras, the promotion frequency plays a role, because subsequent promotions of the same 

product are expected to have a different effect on sales. An indicator of the frequency is the number 

of previous promotions on the same product (i.e. the same camera model). An issue that is 

connected to this is that the buyer often makes agreements with suppliers to buy a large and fixed 

quantity, in order to reach a certain price point in the deal. This means however, that he will need to 

plan these products in more than one folder. The number of previous promotions of the same 

product will be included in the model as a predictor, as well as the time since the last promotion.  

Color 

As was said before, in many cases there is more than one version of a camera on offer. In the 

database of Metro in total 294 separate ads were found for cameras over the whole period that was 

available: 2007 and 2008. In 42 of these ads there were more than one version of the same camera 

on offer, which only differ on color. The exact color of a camera cannot be included in a model that 

forecasts demand for all cameras within one ad (PLA), which was decided on earlier. However, it can 

be indicated if the most important colors are present among the different versions. It was pointed 

out by the buyer that silver and black are the most important colors. Therefore, it is indicated in the 

model if these colors are. 

Extra variables 

Some other variables are mentioned, which are hard to categorize according to the marketing mix. 

The effect of these variables should be taken into account when analyzing historic sales, and/ or 

when forecasting demand for future promotions. The following variables are meant here: 

- The weather is included in many forecasting models as a predictor of sales, because it is 

expected to have an influence on sales (e.g. consider the sales of icecream on a hot and 

sunny day, compared to a bad-weather day). However, as was already stated in the process 

description, budgets are made at least 7 weeks before a promotion starts. Therefore, the 

weather cannot be included in these models. 

- As opposed to the weather conditions, the timing of a folder is known at the moment when a 

budget is constructed. Therefore, this is included in the models in the form of one or more 
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variables that indicate the moment when the folder takes place. In these variables, the 

influence of holidays is also included. 

- In promotions in which the stores are open on Sunday, more sales can be expected than 

when this is not the case. Therefore, this has to be accounted for in the model in the form of 

an indicator variable. 

- Finally, the length of a promotion can have an impact on the demand. If a folder has more 

sales days, then there is more opportunity for consumers to enter the store and buy the 

products. In order to take this into account, the length of the folder period is incorporated in 

the models.  

4.3.1. Variables in the models 

Details on how the variables mentioned above are measured can be found in appendix H
10

. 

As a conclusion, it can now be defined which variables are included in the different models and in 

what way. Tables 4.4 and 4.5 present for each model the variables, and how these are included in the 

models, for cameras and for batteries, respectively.  

 

Cameras Product Type PLA

Variable Type Model 1 Model 2

Product Type Dummy variables x x

Megapixels Metric x

Brand Dummy variables x

Promotion Sales Metric x x

Absolute Price Metric x x

Discount Depth Metric: € and % x

VanVoor Dummy variable x

Promotion Type Dummy variables x x

Number of Promotions Metric x x

Folder Type Dummy variable x x

Ad Size Metric x x

Page Dummy variables x x

Holiday Dummy variables x x

Sunday Dummy variable x x

Promotion Length Metric x x

Earlier Promotions Metric x

Time since last promotion Metric x

Colour Dummy variables x  

Table 4.4: Variables in models 1 and 2 (cameras) 

 

                                                           
10

 This appendix is excluded for confidentiality reasons 
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Cameras Product Category Article

Variable Type Model 3 Model 4

Category Dummy variable x x

Battery Type Dummy variables x

Promotion Sales Metric x x

Absolute Price Metric x

Percentage Dummy variable x x

XforY Dummy variable x x

Promotion Type Dummy variables x x

Folder Type Dummy variable x x

Ad Size Metric x x

Page Dummy variables x x

Holiday Dummy variables x x

Sunday Dummy variable x x

Promotion Length Metric x x  

Table 4.5: Variables in models 3 and 4 (batteries) 
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5. Model building 

In this chapter the setup of the models is discussed. First, the different models can be constructed in 

different variants. For each model, four variants are defined in the first section. Next, the variants are 

selected, which can be expected to yield the best results. This is done on the basis of a set of criteria, 

which will be defined first. The selected variants are then analyzed for outliers and missing data on 

the independent variables. After this has been done, the samples for the models are defined, and 

models can be estimated in the next chapter. 

5.1. Model variants 

After defining the aggregation levels, which was done in the previous chapter, it is now possible to 

collect data and build the models. Multiple regression analysis, as it is done in this research, is based 

on the prediction of one variable (the dependent variable) on the basis of a set of predictor variables 

(the independent variables). The independent variables were discussed in the previous chapter. 

However, the dependent variables can also be measured in different forms.  

These different forms of measurement result in 2 variants for the dependent variable: 

A. The absolute variant (Yabs) 

B. The relative variant (Yrel) 

A. In the absolute variant, each record in the dataset represents an observation of sales quantity (e.g. 

100 units) in a folder for the unit of analysis. For instance, in model 2, each record therefore 

represents an observation of sales for a particular PLA in a folder. 

 

B. In the relative variant, sales quantities are related to the average sales quantity within the 

corresponding product type (defined in the previous chapter). The result is a lift factor relative to the 

product category, which indicates the sales of the particular product relative to its category. This is 

calculated by dividing each observation of sales by the mean value of sales for the product type 

corresponding to this observation: 

1,

1,
1, ,

i

relative i
i j

Y
Y

Y
=  

Where 1,iY represents the i
th

 observation of sales quantity in model 1; 1, ,i jY represents the mean over 

product type j, calculated over the whole dataset. Here, j is the product type that corresponds to this 

observation i. 

 

The absolute models as well as the relative ones are additive regression models. Another variant that 

is researched is a multiplicative model. This corresponds to the SCAN*PRO model that was discussed 

in the literature review. This means that for each independent variable in the model the natural 

logarithm (LN) is calculated, and subsequently incorporated into a regression equation. This also 

implies that in this model variant, the dependent variable is the LN of the absolute or relative sales 

quantity. 
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In an additive regression model, the equation has the following form: 

. 1 1 2 2
...add n nY a b X b X b X= + + + +

,  

where Y is the dependent variable and the X’s are the predictor variables.  

 

A multiplicative model is made by taking the natural logarithm (LN) for the dependent as well as the 

independent variables, and adding these up: 

1 1 2 2
ln( ) ln( ) ln( ) ... ln( )

add n n
Y a b X b X b X= + + + +  

 

For using logarithms in equations, the following rule applies here (e.g. [1]):  

ln( ) ln( ) ln( )ab a b= + . 

 

Hence, the relationship between the actual predictors and the dependent variable can be rewritten 

in multiplicative form: 

1 2

1 2
ln( ) ( ) ( ) ... ( ) nbb ba

add n
Y e X X X= ⋅ ⋅ ⋅ ⋅  

 

In the dataset, the dependent variable for the additive model becomes the natural logarithm of sales 

quantity: ln( )Y . 

 

As a result of the definition of the model variants, four datasets are made, in which data are gathered 

on the sales quantity in a folder for the unit of analysis, which is determined by the aggregation level. 

Table 5.1 shows the model variants which will be researched, and the sample sizes of the original 

samples. 

 

Aggregation Level Yabs Yrel LN(Yabs) LN(Yrel) N

Product type 1A 1B 1C 1D 290

PLA 2A 2B 2C 2D 290

Product Category 3A 3B 3C 3D 37

Article 4A 4B 4C 4D 323
Batteries

Additive Multiplicative

Cameras

 

Table 5.1: Models and Sample sizes 

The variables in the different models were defined in the previous chapter. It should be remarked 

that in the multiplicative model variants, the dummy variables cause problems when taking the 

natural logarithm, because they have values of 0 and 1 (LN(0) is not defined). Therefore, the values of 

these dummies are added up with 2, after which the LN can be calculated. 
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5.2. Selection of variants 

For each model, the different variants are now assessed for their potential quality, and for each 

model the best variant is selected. This assessment will be based on a first regression analysis for 

each variant. The following criteria are used in making the selection. This is part of a step-by-step-

plan, which is specified in [14]. 

 

1. The coefficient of determination, R
2
, is a measure for the amount of variance in the 

dependent variable that is explained by the model. Adjusted R
2
 represents the R

2
, adjusted 

for the number of degrees of freedom in the model. This measure makes it possible to 

compare different models, with different degrees of freedom. 

2. The distribution of the dependent variable. In order to be able to perform a regression 

analysis which generates reliable results, the dependent variable should be following a 

normal distribution. This is assessed by inspecting a histogram of frequencies for the 

dependent variable, and by looking at the values for the skewness and kurtosis statistics. 

Significance of these values is said to be only informative for small samples (i.e. less than 200 

observations), because in large samples even small deviations tend to become significant 

[10]. Therefore, only the values are assessed for models 1, 2, and 4. 

3. The models are evaluated for their conformance to the assumptions underlying regression 

analysis. The following assumptions are checked [14]: 

a. Linearity 

b. Homoscedasticity 

c. Independence of error terms 

d. Normality of the error term distribution 

 

The results of the analyses and the assessments of the models on the criteria are presented in 

appendix J. In this text only the selections are clarified in short. 

5.2.1. Cameras: models 1 and 2 

First of all, it must be noted that there is no difference between models 1 and 2 in terms of the 

observations of sales quantity. Each observation of sales is the total sales quantity generated by a 

particular ad in the corresponding folder, for the unit of analysis. Hence, in the dataset on the 

product type level, the sales for all cameras in the same product type are seen as observations. 

However, in order to be able to include the variables which are decided on in the first step of the 

budget process, it is necessary to keep the distinction between different ads. The difference between 

the two models therefore lies only in the level of detail in terms of which variables are used as 

predictors. 

 

Based on the combination of model fit and the conformance of the variants to the assumptions, it is 

decided to select the variants 1C and 2C for use in the rest of this research. These two variants show 

the highest level of explanation of variance in their dependent variables, and they indicate a closer 

conformance to the assumptions. The figures in the appendix show the distribution for the 

dependent variables of all model variants, and scatter plots based on which the assumptions were 

assessed. The pictures are only shown for model 1, because there is little difference between models 
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1 and 2. It can be observed that the assumptions are not met perfectly, but it shows in all figures that 

options 1C and 2C are the best, based on these criteria. A multiplicative model seems to be an 

effective remedy for violations of assumptions in this case. 

5.2.2. Batteries: model 3 

For batteries, models 3 and 4 are constructed. Unlike for the case of cameras, there is a large 

difference here between the two models in terms of the observations of sales, which could already 

be concluded from table 5.1 on sample sizes. Therefore, these models are treated separately. 

 

For model 3, the sample contains only 37 observations, which is much less than the other samples in 

this research. For each ad in a folder that was found, the sales quantities are added up for all articles 

that fall into the same ad. Combined with the fact that in most cases there is only one ad for 

batteries in the folder, and the limited number of folders per year, this leads to a very small sample.  

Figure 5.1 shows the histogram for the dependent variable of model 3A: absolute sales quantity. 

 

Figure 5.1: Histogram model 3A 

From this figure, two conclusions can be drawn: 

1. The histogram shows two peaks: this is a multimodal distribution. 

2. The data are not normally distributed, hence a remedy should be applied 

 

The aggregation level in this dataset is the product category (i.e. Alkaline vs. Rechargeable batteries). 

An analysis is done to find the variable that causes a large difference between Alkaline and 

Rechargeable batteries, in order to maintain this aggregation level. It turns out that one major 

difference between the “lower” and the “higher” part of the sales observations is the presence of a 

so-called “X-for-Y” promotion. The average sales quantities are calculated for Alkaline and 

Rechargeable batteries, and for observations with and without an X-for-Y-promotion. Next, these 

two variables are combined, and again the average sales quantities are calculated. The results are 

displayed in table 5.2. 
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Category Action Average Sales Qty

1 Alkaline

2 Rechargeable

3 X-for-Y

4 Rest

5 Alkaline X-for-Y

6 Alkaline Rest

7 Rechargeable X-for-Y

8 Rechargeable Rest  

Table 5.2: Average sales quantity Rechargeable and Alkaline, X-for-Y and Rest
11

 

The presence of an X-for-Y-promotion yields a larger difference between alkaline and rechargeable 

batteries, in terms of average sales quantity. Also, for alkaline batteries the difference between cases 

with an X-for-Y-promotion and other cases is substantial. Table 5.3 presents the average sales 

quantity for rechargeable batteries as a percentage of the average for alkaline batteries in general, 

for the cases where an X-for-Y-promotion is present, and for the cases where an X-for-Y-promotion is 

not present. The percentage becomes lower in the cases where an X-for-Y-promotion is present, 

which indicates a larger difference between the two product categories. 

 

Rechargeable/  

Alkaline

General 34,6%

X-for-Y 27,7%

Rest 49,5%  

Table 5.3: Rechargeable as a percentage of Alkaline 

The combination of the product category and the presence of an X-for-Y promotion should be 

defined as a new classification of the items in this dataset. Also, the dependent variable should be 

adjusted for the influence of this new classification. Therefore, the absolute sales quantity is 

expressed relative to the average for the different levels of this new classification. The following 

levels are now defined: 

 

1. Alkaline & X-for-Y 

2. Alkaline & Rest 

3. Rechargeable & X-for-Y 

4. Rechargeable & Rest 

 

The dependent variable for this new model variant becomes therefore: 
3,

3,
3, ,

i

relative i
i j

Y
Y

Y
= .  

                                                           
11

 These figures are excluded for confidentiality reasons. 
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Here, 
3,i

Y represents the i
th

 observation of absolute sales in the dataset of model 1; 3, ,i jY represents 

the average over product type j for the product type that corresponds to observation i, where j 

represents the levels of the new predictor described above, j = 1, 2, 3, 4.  

 

A new histogram can be constructed for this new variant of the dependent variable, in order to see if 

the split in the data has vanished. This variant is defined as variant E. In order to be complete, a 

histogram is also constructed for the logarithmic variant of this new relative sales quantity (variant 

F). Both histograms are depicted below. 

Figure 5.2: Histogram Yrelative,3 (model 3E) Figure 5.3: LN(Yrelative,3) (model 3F) 

As can be seen in both pictures, relating the sales quantity to the average over the newly defined 

product type is an effective remedy for the split in the data, and the histogram is closer to that of a 

normal distribution, although there is some degree of skewness in the data, and there is one extreme 

observation remaining. 

 

In the selection of a “best” variant for this model, the variants A, B, C, and D are already eliminated 

due to the problem discussed above. In the histograms it can be observed that taking the natural 

logarithm for this dependent variable does not improve normality. Therefore, the simplest model 

variant is chosen. This choice is supported by the fact that a first regression analysis, where all 

selected variables are included, yields more explanation of the dependent variable in model variant 

3E. In table 5.4 it can be observed that initially model 3E produces a better fit than model 3F. 

 

Additive Multipl.

Model E F

3 Adj. R2 0,473 0,386
 

Table 5.4: Model fit models 3E and 3F 

Remark: In the previous section, 11 variables were defined as being relevant for this model, in terms 

of the way in which the buyer composes his budgets. However, the sample is too small to construct a 
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regression model which produces results that can be generalized and reproduced. In order to 

preserve a ratio of 5 observations per variable, which is a bare minimum [14], a more detailed 

selection should be made for the variables that will be included in this model. As a consequence, the 

assumptions are also treated later on, based on this “new”analysis. 

5.2.3. Batteries: model 4 

For model 4, the dataset contains observations of sales on an article level. The sample size is 

therefore much larger than that of model 3. First of all, it must be noted that the multimodality in the 

data distribution, as was mentioned in the previous section on model 3, is not present here. 

Therefore, the variants for model 4 are not adjusted. As was the case for models 1 and 2, for this 

model multiplicative variant C is also chosen for the rest of the research. The analysis was done in the 

same way as was done for models 1 and 2. The results are described extensively in appendix J.  

 

Although model variant A produces the best fit, variant C much better conforms to the assumptions, 

and therefore, this variant is selected here. Furthermore, the appendix shows that there is not a 

perfect conformance to the assumptions. Especially the residual plot does not show a typical picture.  

5.3. Missing data and Outliers 

One of the steps in performing a regression analysis is the assessment of missing data and outliers in 

the models. This section treats the results of these analyses, and describes the decisions made on 

these matters. 

5.3.1. Missing data 

In general, if there are cases found with missing data on one or more variables, these are left out of 

the analysis, by selecting the “listwise” deletion option in SPSS. Variables for which a large proportion 

of cases with missing data are found are Promotion History, Days since last promotion. 

Promotion History 

In all models, the variable Promotion History shows missing data. This variable measures the past 

average sales quantity per folder, for the product category which corresponds to the observation 

considered.  The dataset contains all folders for which data were available in the information systems 

of Metro. Therefore, for the earliest observations of product types in the dataset, the promotion 

history cannot be calculated because there are no data available on previous promotions. Table 5.5 

shows the impact of this fact on the sample sizes for the different models, if this variable is retained 

in the models. 

N_Initial Missing 

PromoHistory

N_PromoHistory 

in model

Model 1 290 11 279

Model 2 290 11 279

Model 3 37 2 35

Model 4 323 20 303
 

Table 5.5: Impact of missing data for promotion history 
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For all models, the initial regression analyses were done with Promotion history included in the 

model, except for model 3. In SPSS, the option for missing data was set to “listwise deletion”. This 

means that all records containing missing data on one or more variables were left out of the analysis. 

The impact on sample size is not large, for models 1, 2, and 4. However, in all four models that were 

selected, this variable did not have a significant contribution to the model
12

. Therefore, it is 

concluded that this variable can be deleted from all models. 

Days since last promotion 

This variable is only relevant in the detailed model for cameras (model 2). For each record it 

measures the number of days since the same product (PLA) was on promotion the last time. 

Obviously, this can only be measured if there was an earlier promotion for this same product. The 

objective of including this variable is to combine this with the number of earlier promotions, in order 

to put the influence of that predictor into perspective. Hence, if the number of earlier promotions 

has the value 0, then the number of days since the last promotion gives a missing value. This can be 

verified in table 5.6: there are 153 observations with value 0 for # earlier. As stated in [14]), if the 

extent of missing data for some variable is “large”, then this variable should be deleted from the 

study. In this case, 153 out of 290 observations obviously is a “large” portion, so this variable is 

deleted from the study. 

 

Table 5.6: values and their frequencies for # Earlier 

5.3.2. Outliers 

Outliers are observations in the data which are distinctly different from the other observations, in 

terms of their characteristics [14]. 

 

In this research, multivariate outliers are checked by calculating the Mahalanobis D
2
 measure for 

each observation in the dataset, and subsequently calculating the probability of this value. D
2
 follows 

a Chi-square distribution, and the criterion used to identify observations as true outliers is the 

probability of receiving the particular D
2
 value, P(MAH). In this case, P(MAH) < 0.001 is used as a 

cutoff point for outliers [14]. This method is applied for models 1,2 and 4. For models 1 and 2, only 

one outlier analysis is done, because of the fact that these datasets are the same. In order to keep as 

much similarity in the datasets as possible, no separate outlier analysis is done. For model 3, a 

                                                           
12

 This conclusion is based on the significance value for the t-test of its estimated beta-coefficient, which in SPSS is done by 

default for each variable in the model. Using an alpha-level of 5%, in no model this variable is significant. 
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different method is applied, due to the small sample. The deletion of outliers is based on the 

observations themselves, and not on the D
2
 measure. The details of the outlier analyses are 

presented in appendix K.  

5.4. Definitive sample sizes 

Table 5.7 shows the sample sizes that remain after examining and applying remedies for missing data 

and outliers for the datasets that were selected. 

 

N_Initial Missing 

Data

N_Missing 

deleted

Outliers N_Outliers 

Deleted

Model 1 290 2 288 10 278

Model 2 290 8 282 10 272

Model 3 37 0 37 2 35

Model 4 323 1 322 7 315  

Table 5.7: sample sizes after deletion of outliers 
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6. Regression Results 

This chapter presents the outcomes of model estimation in terms of the regression coefficients of the 

predictors as well as in terms of model fit, and the quality of the predictions made. This is done 

separately for each model that was built.  

6.1. Estimation methods 

In multiple regression analysis there are several methods for the estimation of the model. In the 

Enter method, all predictors are entered into the model in one go, and their coefficients are 

estimated. The Stepwise procedure is an iterative process, which starts with one predictor in the 

model, and adds predictors to the model based on their contribution. The procedure stops once the 

addition of variables does not improve the model anymore.  

 

In principle, the Enter method is chosen in this research, because there are many categorical 

variables in the models, which are represented by dummy variables. In the stepwise method there is 

a risk that some categorical variables fall apart (i.e. that only part of the dummy is included in the 

final model). This is not necessarily a problem, but it has implications for the interpretation of the 

variable. A stepwise procedure is however more suitable for the situation where no specific theory is 

available on which predictors will have an impact [14]. Therefore, both methods are applied here, in 

order to see whether there are differences in the outcomes. 

 

All models are also validated, in order to see whether the results are reproduced. This is done by 

drawing two new samples from the original sample, and comparing the results of new analyses for 

these validation models. The models are also assessed for their predictive accuracy, in terms of the 

errors. 

 

The SPSS-outputs of the estimated regression models using the Enter method are all presented in 

Appendix L. The following criteria are used to assess the general quality of the models in terms of fit 

and forecast errors. 

- R
2
: the amount of variation in the dependent variable that is explained by the regression 

model. This is a measure of how well the model fits the data. 

- Adjusted R
2
: R

2
, adjusted for the number of variables in the model. Models with different 

amounts of predictors can be compared based on this measure. 

- B: the regression coefficients indicate the strength of the relationships of individual 

predictors with the dependent variable.  

- Beta: standardized regression coefficients, adjusted for their measurement scales. Different 

predictors can be compared on their quality based on the Beta coefficients. 

- The significance of the estimated effects of the predictors is checked in order to assess 

whether a predictor indeed has an effect. A significance boundary (alpha) of 5% is used. 

- If two predictors exhibit a correlation above 80%, it is said that these are correlated. 

- Tolerance values and Variance Inflation Factors of the predictors should be above 10% and 

below 10, respectively to ensure that there are no relationships between two or more 

predictors[17]. The presence of these relationships is called multicollinearity. 
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The models are also assessed for the errors made in their predictions[21]. This is done by comparing 

the predicted values resulting from the models to the actually observed sales values. The measure 

used here is the Mean Absolute Percentage Error (MAPE). The absolute values of the errors are used 

because these measure the real distances of the predictions from the actual observations. They are 

expressed as a percentage deviation from the observed value, because this way a weighted mean 

error arises, in which a deviation of 1 unit from observed sales of 2 units has a different weight as the 

same deviation from an observation of 20 units. 

 

The error is calculated by subtracting the predicted value from the observed value: 

observed predicted
Y Yε = − . However, if both values are logarithmic, then they cannot simply be 

subtracted to arrive at the error value
13

. Therefore, in both camera models, 1 and 2, and in the 

detailed model for batteries, model 4, the predicted values from SPSS must be transformed back into 

absolute sales values, before they can be compared to the observed sales values. 

 

Not every predictor in the different models has a significant effect on the dependent variable (see 

the tables in appendix L). Therefore, the model is estimated again, using only the significant 

variables, in order to assess the effect on the fit and forecasting ability of the model. The first model, 

containing all predictors and using the Enter method, is called the Full model. The model with only 

the significant predictors is called the Significant model. 

6.2. Cameras 

This section is dedicated to the regression results for cameras. Sections L.1 and L.2 of appendix L 

show the SPSS-outputs after model estimation for models 1 and 2. These are the results of using the 

Enter method. Note that the coefficients shown in the tables describe the relationships between the 

LN of the predictor variable and the LN of the demand. This must be taken into account when 

interpreting these coefficients. However, the direction of the effects measured is the same as for the 

regular values of the variables (larger values for LN(x) are found for larger values of x itself). 

                                                           

13
 As was stated earlier: ( ) ( ) ( )LN a LN b LN a b+ = ⋅ , and therefore ( ) ( )

a
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6.2.1. Model 1C 

Coefficients 

Table L.3 in the appendix shows the predictors and their estimated regression coefficients. In table 

6.1, the predictors with a significant contribution to the model are presented, along with their 

coefficients. 

Standardized 

Coefficients

B Std. Error Beta

(Constant) 7,467 1,165 ,000

LN_Folderprijs -1,004 ,153 -,624 ,000

LN_AdSize -,665 ,229 -,240 ,004

LN_WP ,549 ,271 ,106 ,044

LN_Holiday2 1,145 ,516 ,100 ,027

LN_Holiday3 ,834 ,351 ,125 ,018

LN_Length 2,019 ,290 ,304 ,000

LN_Actionsp.Folder -,267 ,084 -,158 ,002

Unstandardized 

Coefficients

Sig.

 

Table 6.1: Significant predictors model 1C 

- Ad size has a negative coefficient. An ad which covers for instance a quarter of a page has a 

value of 4 in this model: the larger the value for ad size, the smaller the ad is. The negative 

sign of the coefficient of ad size therefore indicates that a larger ad is associated with higher 

sales quantities. 

- The effect which was measured for the variable Length should be treated with caution. The 

average sales quantities for folders in the dataset with the respective values for length are 

depicted in table 6.2, below. The effect measured mainly represents the difference between 

folders with duration of one week and folders with duration of 2 weeks. Duration of 3 weeks 

is hardly present; hence this has little effect. 

 

Length Avg Sls Qty N

1 14

2 261

3 3  

Table 6.2: Average sales quantities for length
14

 

As was said in the introduction to this chapter, the model is estimated again, using only the 

significant predictors, and the model is estimated using the Stepwise estimation procedure. In the 

Significant model, the only difference is that the variable LN_WP becomes non-significant. However, 

in the model using the stepwise procedure, the final model (i.e. the model that results when the 

procedure stops) contains the same variables as those presented in table 6.1. Their Beta coefficients 

are also roughly the same. Hence, it must be concluded that WP is also a “good” predictor for this 

dependent variable. 

                                                           
14

 These figures are exluded for confidentiality reasons 
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Fit and Error statistics 

Table 6.3 presents model fit and Mean Absolute Percentage Error (MAPE) for the three methods of 

model 1C that were researched. 

 

Stepwise

Model Full Significant

R2 0,536 0,520 0,510

Adj. R2 0,510 0,507 0,504

MAPE 75,792 77,405 77,507

N 278 278 278

Enter

 

Table 6.3: Model fit and MAPE for model 1C 

The fit of both the significant model using the Enter method and the model using the stepwise 

procedure is slightly worse than that of the full model using the Enter method, although the 

differences are small. Overall, model fit is quite good: more than 50% of the variance in the 

dependent variable is explained by the model, which is a good result in social and business research. 

6.2.2. Model 2C 

Before the results of the regression analysis can be discussed for model 2C, a choice must be made 

first on the way in which the discount is measured in the model, because in fact they measure the 

same variable. At first, both predictors are included in the model (in appendix L this is called the 

Original model). The choice is made on the basis of their contributions to the original model. Table 

L.7 in appendix L shows the predictors and their estimated regression coefficients for the original 

model. Although it should be noted that both predictors do not have a significant contribution to this 

original model, DiscountPercent shows a more promising result and is therefore selected. Model 2C is 

estimated again, with the discount measured in Euros excluded. The results are presented in section 

L.2.1 of appendix L. 

Coefficients 

Table 6.4 shows the significant predictors after model estimation in model 2C. 
Standardized 

Coefficients

B Std. Error Beta

LN_Brand4 -1,042 ,451 -,110 ,022

LN_Brand5 -1,151 ,375 -,146 ,002

LN_Brand8 -1,796 ,431 -,227 ,000

LN_VanVoor -,671 ,309 -,101 ,031

LN_AdSize -,536 ,219 -,194 ,015

LN_Holiday2 1,223 ,495 ,108 ,014

LN_Holiday3 ,836 ,334 ,126 ,013

LN_Length 1,513 ,314 ,224 ,000

LN_Actionsp.Folder -,274 ,081 -,164 ,001

LN_Folderprijs -1,103 ,182 -,685 ,000

Unstandardized Coefficients

Sig.

 

Table 6.4: Significant Predictors Model 2C 
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- Only three brands have a significant impact on the dependent variable. These are Nikon 

(Brand4), Olympus (Brand5), and the “rest” category. The effects of these brands are 

measured relative to the reference category, formed by Canon cameras. Hence, all these 

brands significantly sell less than Canon cameras, and the “rest” category is the worst. 

- The dummy VanVoor was included to indicate whether the original (non-promotion) price 

was mentioned in the ad. The effect is negative: apparently sales are lower if this is the case. 

However, the effect is not large compared to other variables. 

- Discount does not seem to play a role here. It might be expected that discount is an 

important trigger for customers to buy a camera. Also, the discount is included in all existing 

models mentioned in chapter 3. However, this model does not confirm this. An explanation 

might be the fact that in most ads, the discount is not mentioned explicitly. Hence, the 

customer has to make a decision based on his own reference price, and for instance a 

comparison to the competition. However, competitor prices or reference prices of customers 

measured otherwise are not included in these models. Therefore, the discount is measured 

on the basis of the regular price registered in the information system of Metro. 

 

Again, the model is estimated using only the predictors presented in table 6.3. In that model, the 

variables Brand4 (Nikon) and VanVoor become non-significant. However, if the stepwise procedure is 

applied, then the variable VanVoor ís included in the final model. Brand4 is excluded, and the 

variable ProductType2 (indicator for Compact +100 cameras) is added to the model. 

Fit and Error statistics 

Table 6.4 presents the results on model fit and error statistics for model 2C. 

 

Stepwise

Model 2C Full Significant

R2 0,615 0,571 0,579

Adj. R2 0,570 0,554 0,563

MAPE 66,291 71,313 68,770

N 272 272 272

Enter

 

Table 6.4: Model fit and MAPE for model 2C 

The fit of all variants for this model is quite good. As was the case with model 1, the fit of both the 

significant model using the Enter method and the model using the stepwise procedure is slightly 

worse than that of the full model using the Enter method. Note that in this model the stepwise 

procedure is better than the significant model. However, the differences are again small.  

6.2.3. Multicollinearity 

In both models there is some level of multicollinearity. This can be derived from the correlation 

matrices (see tables L.4 and L.11 for the correlations of models 1 and 2, respectively), and from the 

values of Tolerance and VIF (presented in the coefficients tables). 

 

In model 1, there is one correlation above 80%, namely that between Folderprijs and Product Type4, 

but the tolerance and VIF values are within the boundaries. In model 2, this correlation is only just 
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below 80%, but the tolerance and VIF values are outside the boundaries. It is clear that in both 

models there exists multicollinearity, because Folderprijs and Product Type4 are correlated.  

 

This can be explained by inspecting the average price of SLR cameras (product type 4), relative to the 

average prices of the other types, which is depicted in figure 6.1. It is clear that the type of product 

can be derived in part from its price (e.g. cameras above €200,- are SLR cameras). This problem is 

solved by using the model estimated with the Stepwise method. This method takes the absence of 

correlation between the predictors in the model into account in the selection, and therefore the 

resulting model does not exhibit multicollinearity. 

 

€ 0,00 

€ 100,00 

€ 200,00 

€ 300,00 

€ 400,00 

€ 500,00 

€ 600,00 

Compact -

100€
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+100€

Compact 

Zoom
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1 2 3 4

 

Figure 6.1: Average Folderprijs per product type (cameras) 

6.3.Batteries 

In this section the results of model estimation for batteries are discussed. Sections L.3 and L.4 of 

appendix L show the SPSS-outputs after model estimation for models 3 and 4. The models are very 

different in terms of their aggregation levels and the outcomes. Therefore, they are discussed 

separately here. 

6.3.1. Model 3 

As was said earlier, for this model the story is different than for the other models, because the 

sample is very small. Part of the predictors can be eliminated from the model, because all or most of 

the observations have the same value for these variables. These are the variables Length, Page1, 

Page2, WPHit, TIP, and Holiday2. Finally, the variable XforY is already included in the product types, 

and will therefore be left out of the model. In total 11 predictors remain in the model, which is then 

estimated using the Enter method (i.e. the Full model).  

Significant Predictors 

Table 6.5 shows that there are only two significant predictors in this model. 

 

Standardized 

Coefficients

B Std. Error Beta

AdSize -,061 ,028 -,406 -2,126 ,044

percentage ,614 ,261 ,563 2,352 ,028

t

Unstandardized 

Coefficients

Sig.

 

Table 6.5: Significant Predictors Model 3E 
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First, Ad Size has a negative impact, which is consistent with the camera models. Second, the 

indicator for the use of a Percentage discount promotion has a positive impact. This means that the 

relative sales are higher when this type of promotion is used. 

Fit and Error statistics 

Table 6.6 shows the results of model 3 in terms of fit and MAPE. For the Full model, the fit in terms of 

adjusted R
2
 is relatively low: 21,5% of the variance in the dependent variable is explained by the 

model (see table L.12 in the appendix). Furthermore, the F-test turns out to be non-significant. This 

can be attributed to the small sample and the large number of predictors in the model. The 

significant model shows a better fit, but the errors are higher. However, the model is significant, in 

contrast to the full model. 

 

Model 3E Full Significant

R2 0,469 0,300

Adj. R2 0,215 0,257

MAPE 65,775 84,545

N 35 35

Enter

 

Table 6.6: Model fit and MAPE for model 3E 

Assumptions of regression analysis 

As was already said in the previous chapter, this model should still be checked for the assumptions of 

regression analysis. The selection of a “best” variant was already done on the basis of the distribution 

of the dependent variable and the model fit. However, the other assumptions should also be 

assessed, in order to put the results into perspective. The results of this check are presented in 

appendix M. The assumptions mentioned are not met perfectly. Especially on the assumptions of 

linearity and homoscedasticity there are some deviations. On the normality assumption the 

conformance is better, but combined with the low value for model fit, and the non-significance of the 

full model, it can be concluded that this full model is not useful. In the significant model there is a 

large degree of error present. A different method for the selection of variables in this model may 

yield a better model and therefore, this model should be researched for improvements in the future. 
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6.3.2. Model 4 

For this model, the sample is much larger than that of model 3. Therefore, it is expected that a better 

model can be built here. The SPSS output is presented in section L.4 of appendix L.  

Coefficients 

Table 6.6 presents the significant predictors in this model, and their coefficients. 

Standardized 

Coefficients

B Std. Error Beta

LN_Category -1,952 ,394 -,264 ,000

LN_BattType3 -2,685 ,402 -,321 ,000

LN_BattType4 -2,614 ,398 -,316 ,000

LN_FOLDERPRIJS ,287 ,136 ,103 ,036

LN_Percentage -3,325 ,706 -,582 ,000

LN_Page2 2,023 ,785 ,220 ,010

LN_Length 1,609 ,633 ,197 ,012

Unstandardized Coefficients

Sig.

 

Table 6.6: Significant predictors model 4C 

- The Category is significant. Apparently, there is a difference between alkaline and 

rechargeable batteries and it makes sense to distinguish between them. The negative effect 

means that rechargeable batteries sell less than alkaline batteries. 

- Only two categories of Battery Type have a significant effect: the battery sizes C and D sell 

less than the reference category, which consists of AA batteries. 

- Folderprijs has positive effect here. Apparently, sales are higher when the price is higher. An 

explanation may be that many promotions are of the type X-for-Y, in which three case packs 

can be bought for the price of one. However, Folderprijs measures the price per unit. If three 

units are sold, the average price per unit is actually lower than is registered, but the system 

does register the sales of three units for the one-unit price. 

- The indicator for the use of a Percentage promotion has a significant effect, as opposed to its 

opposite, X-for-Y. This is the strongest predictor in this model. The effect is negative, which 

means that sales are lower when this type of promotion is used, compared to the sales for 

any other type of promotion. Note that the effect of this predictor in model 3 was positive 

and strong. 

 

There are some differences between the estimation methods. First, in the significant model, the 

variables Folderprijs and Length become non-significant when the model is estimated again. These 

variables have low correlations with the dependent variable (see table L.20 in appendix L), which may 

be an explanation. Second, Folderprijs, Length and Page2 are left out of the model in the stepwise 

procedure. However, the variables Ad Size, Special, and Page3 are selected in this last procedure, 

although they were not significant in the full model. It is concluded that the price and the length of a 

promotion are less important for batteries, due to their small effects and the fact that they are non-

significant in the “significant” model and the stepwise model. 
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Model fit and error statistics 

In table 6.7 the results in terms of model fit and errors are presented. 

Stepwise

Model 4C Full Significant

R2 0,417 0,369 0,381

Adj. R2 0,381 0,354 0,367

MAPE 115,535 125,238 131,141

N 315 315 315

Enter

 

Table 6.7: Model fit and MAPE for model 4C 

Model fit is above 35%, which in social and business research is quite acceptable. The F-test indicates 

that the model is significant. Hence, the measured R
2
 actually exists. Again, the differences between 

full, significant and Stepwise are small. 

6.3.3. Multicollinearity 

As was done for models 1 and 2, models 3 and 4 are also examined for multicollinearity. 

In model 3, no problems were indicated on this issue. In model 4 however, there is one correlation 

found which is outside the boundary of 80%. This is the negative correlation between X-for-Y and 

Percentage. This means that these variables are almost perfectly mutually exclusive: if one of them is 

has value 1, then the other has value 0 in most cases. This problem is solved in the stepwise 

procedure, because neither of both variables is included in the final model. 

6.4. Forecast Errors 

The level of error in the models, measured here in terms of MAPE, is quite high, see the tables 

presented earlier. To take a closer look at the predictions of all models and their errors, scatter plots 

were made of the predicted sales values for the original models against the observed values, and for 

the percentage error vs the observed values. These plots are presented in appendix N. 

 

Figures N.1 to N.4 present scatter plots of the predictions (on the y-axis) of models 1 to 4 against the 

observed values (x-axis). Note that for model 3, the pictures are made for the significant model, due 

to the overfitting in the original model. If the predictions were perfect, the dots would all lay on a 

straight line with slope 1, indicating that each prediction is equal to the corresponding observation. 

However, this is not the case for these models: there are large deviations (hence the high MAPE 

values), and there exists much dispersion in these deviations. It can also be observed that there are 

some extreme values left in the data for all models. The patterns in figures N.1, N.2, and N.4 show 

that the errors become larger for larger observed values. 

 

In figures N.5 to N.8, the real percentage errors (not their absolute values) are presented which 

correspond to the observations for the respective models 1 to 4. In all models lower values of the 

dependent variables are overestimated, and higher values are underestimated
15

. Furthermore, in all 

models there are some low values which are overestimated extremely. 

 

                                                           
15

 Predictions which are higher than the corresponding observations result in negative error values. 



6. Regression Results  

 

 

49 

 

To illustrate the dispersion in the dependent variables, table 6.8 presents the means and standard 

deviations for the observations in all models. Also, the maximum and minimum values are presented, 

in order to give an idea of the differences existing in the data sets. In models 1, 2, and 4 the observed 

sales quantities are used, instead of the LN of these values. In model 3, the observations of relative 

sales are used, because these are the values on which the error calculations are based. Especially in 

the models on cameras, there are high values for standard deviation, compared to the means. In all 

models, the differences between maximum and minimum values are very large.  

These characteristics of the data make it hard to build forecasting models that produce accurate 

results. Apparently, the models fail in part to explain this large variability in the data. This may 

indicate that there are one or more factors outside these models, which are able to explain this 

variability. 

1C 2C 3E 4C

Mean 200,1511 200,1511 0,94 549,68

Stdev 238,0929 238,0929 0,50 470,66

Max 1892 1892 2,04 2909

Min 3 3 0,05 7  

Table 6.8: Mean and dispersion in observed values 

6.5. Test Samples 

As was said before, after a model has been estimated, it should be tested in order to assess its 

reliability. In the ideal case a completely new set of data is constructed, and the model is estimated 

again using this new sample. The objective is then to see to what extent the results of the different 

samples match. However, in this research there are not enough observations available to construct 

separate samples for model estimation and validation. Therefore, for each model two random 

samples are drawn from the original sample. This is done using SPSS, which is instructed to draw 

random samples which contain approximately 50% of the observations. The original model and the 

significant model are estimated again on these test samples. The results of these analyses are 

presented in the tables in appendix N, in the columns named TEST1 and TEST2. 

 

Perfect models do not depend on the data to which they are applied, and they can be generalized to 

other data. This means that any new dataset gives the same results. However, in the previous section 

it was already concluded that the models do not perform ideally. Therefore, it can not be expected 

that the validation models do. Overall, there are performance differences between the build and the 

test samples. This can be concluded from the respective values for adjusted R
2
 and MAPE. The fact 

that these differences exist indicates that there are some influential observations left in the data, and 

further analysis is needed to identify their causes. 

 

In model 1, the test samples do confirm the significant impact of Folderprijs, Holiday3, Length, and 

Actions per folder. These predictors have a significant impact. In model 2, the impact of Brand5, 

Brand8, Folderprijs, Ad Size, Length, and Actions per folder are confirmed. Finally, in model 4, the test 

samples confirm the impact of Category, BatteryType3, BatteryType4, Percentage, and Page2. 
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7. Conclusions and recommendations 

In this research, specific models were built for two article groups in the assortment of Metro. The 

objective was to assess which factors are important determinants of the demand for these items. The 

selection of these factors in the models was based on theory found in literature, and on an analysis 

of the situation at Metro as well as the process of making budgets for promotions. 

 

This chapter discusses the main findings of the research, and the conclusions that can be drawn from 

the outcomes. Directions for improvements of the models are indicated, and their application in the 

process of planning and budgeting for promotions at Metro is discussed. Furthermore, 

recommendations for Metro are developed. The final section reflects on the contribution of this 

research to literature. 

7.1. Conclusion 

7.1.1. Findings 

The following main findings can be derived from the model results on fit and MAPE, presented in 

chapter 6. In table 7.1 the results are repeated. 

- Cameras seem to be suitable for this method of forecasting: both models produce a good fit. 

However, the models do need an improvement step to reduce errors. 

- Batteries are less suitable for forecasting sales on a category level: the sample is too small 

due to the limited number of ads in a folder. 

- Forecasting models for batteries on an article level produce an acceptable fit. Improvement 

steps should be directed at improving model fit and reducing errors. 

 

Cameras

Enter Stepwise Enter Stepwise

R2 0,536 0,510 0,615 0,579

Adj. R2 0,510 0,504 0,570 0,563

MAPE 75,792 77,507 66,291 68,770

N 278 278 272 272

PLA (2)Category (1)

 

Table 7.1a: Results fit and MAPE (Cameras) 

Batteries Category (3)

Enter Enter Stepwise

R2 0,469 0,417 0,381

Adj. R2 0,215 0,381 0,367

MAPE 65,775 115,535 131,141

N 35 315 315

Article (4)

 

Table 7.1b: Results fit and MAPE (Batteries) 

The main research question of this research is directed at finding the important predictors of 

demand, which can be used in the construction of forecasts. The results were presented in chapter 6. 

 

- For cameras, there are little differences between the Enter and Stepwise methods in terms of 

the significant predictors. This is the case in both models (models 1 and 2). 

- For the detailed battery model (model 4), the full model using the enter method and the 

stepwise method did not entirely agree on significant predictors. These differences indicate 

the predictors which should be treated with more caution than the others. 
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Cameras 

One striking outcome of model 2 is that the discount does not seem to play a role in the demand for 

cameras on a detailed level. This was discussed in chapter 6. 

 

In both models the absolute promotion price is dominant: it has by far the highest Beta-coefficient, 

indicating that its relationship with demand is strongest. The models indicate that cameras are price-

sensitive products. Furthermore, ad size, holidays and the number of actions in a folder are the 

predictors with an impact in both models. The length of a folder requires careful interpretation, as 

was explained in chapter 6. 

Batteries 

It was concluded earlier that batteries are less suitable for forecasting on a category level, due to the 

small sample. Further research is needed in order to establish the important predictors for sales on 

this aggregation level. 

 

In model 4 however, this problem is not present. The most important predictor in the model using 

the Enter method is the variable Percentage. This dummy indicates the presence of a percentage-

discount promotion. The effect is negative, which means that sales are lower when the promotion is 

of this type (i.e. the dummy has value 1) than when the promotion is of any other type (then 

Percentage has value 0). From the high correlation between this variable and the variable X-for-Y 

(see chapter 6), it is concluded that these two types of promotion are almost mutually exclusive. If 

Percentage has value 0, then in most cases X-for-Y has value 1: in most cases one predicts the other. 

This is the reason that in the Stepwise model, none of both appears in the final model, although the 

full model clearly indicated an effect. This should be remedied by excluding one of the dummies from 

the model. 

 

Another striking outcome is the positive coefficient of the price. An explanation for this was given 

earlier. 

7.1.2. Model improvements 

As was concluded earlier, the models developed in this research do produce an acceptable fit, except 

for model 3, but there are large errors in the forecasts produced. Therefore, some improvements are 

needed, before they can be used in practice. The following directions can be identified for model 

improvement and future research within Metro. 

 

- In the samples used for these models there are still a number of outliers present. This can be 

derived from the scatter plots in appendix N. In this research the cleaning of the datasets was 

done on the basis of a single outlier analysis for the original models. A second cleaning step 

was not done in order to retain as much sample size as possible. More data should be 

collected, and a more in-depth analysis should be done to identify the causes for outliers and 

extreme values. 
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- Adjusting existing variables to improve their predictive power. In particular:  

o Megapixels for cameras. Categorize cameras according to their resolution (e.g. 

“high”, “mid”, “low”). An issue that should be taken into account then is the 

development of this feature over time: resolution of cameras becomes higher, and 

higher resolutions become less expensive over time. Hence: “high” resolution today 

does not mean the same as “high” resolution in 1 year. 

o Adjust promotion prices for batteries on an article level for the impact of X-for-Y 

promotions (i.e. capture the actual price per item that was paid). 

o Information on competitors was not included in the models. An improvement could 

be to include the actions of competitors in some way, and assess their impact. 

- All models could be optimized by searching for the combination of variables which yields the 

best predictions (i.e. the combination that minimizes MAPE), and maximizes explanation in 

terms of (adjusted) R
2
. An example of this can be found in [26]. 

- An issue that could not be included in the models, because it was not registered is the 

location of a product in the store, and the means of presentation. However, from the 

interviews with the buyer it was concluded that this may have an impact on sales. The 

inclusion of this information might be able to improve forecasts. For instance Ailawadi et al 

[2] include this information in their research.  

- In this research, the 4-P model of Kotler was used as a means to structure the search for 

predictors. That model describes how a company can position itself in the market. However, 

another perspective could point out other predictors. The Five Forces model of Porter is an 

example. This is more directed at describing the external environment, which would lead to 

variables more concerned with for instance the competition. 

- Market information was excluded from the models, because this becomes available with a 

delay and forecasting needs to be done about 2 months ahead of a folder period. An 

improvement would be to find a solution for this. There may be ways to access market 

information earlier and with more detail. 

 

A different approach to the forecasting of demand might also be an improvement. It was said that 

especially cameras have a lifecycle of 6 to 9 months, which is rather short. Moreover, the rapid 

market developments make it hard to produce forecasts for the longer term (e.g. [11]). Therefore, it 

might be an interesting approach to apply modeling and theory specifically directed at this type of 

products. This was not done in this research with an eye on the application to more products in the 

future. 

 

Finally, the allocation of inventory to stores was not included in this research. Budgets are 

constructed for total expected demand over all stores. One of the next steps is to determine the 

amount of inventory that is sent to the different stores. At the moment this is done on the basis of 

the share in total sales, generated by a particular store. An interesting direction for further research 

could be to analyze each store for its performance in promotions, relative to other stores. 
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7.1.3. Models in the budget process 

The models concentrate on the use of quantitative information in making forecasts. At the moment, 

buyers do make use of quantitative information in the construction of their budgets, but this is not 

done in a structured way: the use of this information is restricted to the use of data only. However, 

managers (in this case buyers) are said to produce better forecasts when they use data and models 

as a basis [15]. This research is a first attempt to add models to the decision process and to support 

buyers in their task of planning and forecasting for promotions. 

 

From the analysis of the budget-process (see chapter 4) and the interviews with the buyer for the 

products selected, it is concluded that there exists a contradiction.  

 

1. On the one hand, especially for digital cameras, it holds that each product has unique 

characteristics, and that many of these have an impact on the buying decision of the 

customer. Therefore, forecasting needs to be done ideally on a detailed level, in order to 

include this product-specific information. It is also said that there is much uncertainty during 

the process in terms of which products will end up in the folder and against what conditions. 

Final budgets on an article level are constructed on the basis of information that becomes 

available in a relatively late stage. The intuition of the buyer, his bargaining relationship with 

suppliers, and the internal assessment of the budgets by higher management play an 

important role here. 

  

2. On the other hand, some form of forecasting is needed in order to determine the setup and 

planning for promotions in the early stages of the process. Detailed information on the 

products which end up in the folder is not yet available then. Forecasts resulting from a 

model on a detailed level are therefore not useful in step 1 of the budget process. Moreover, 

too little observations of specific articles are available to make forecasts based on 

information of that specific article alone. 

 

The conclusion that is drawn is twofold: 

A. For the items in this research, quantitative forecasts should be aimed at providing support in 

making forecasts in the first two steps of the budget process: the pre-discussion and the first 

product discussion. In the first step, forecasts should be made on a high aggregation level, 

and in the second step the forecasts should be made on a more detailed level, using more 

detailed information. 

B. Detailed forecasts are based in part on the category, and in part on information specific to 

the product. 

 

For batteries the contradiction mentioned above is less strong. There are fewer uncertainties in the 

process, and fewer characteristics which influence the buying decision of customers. However, the 

budgets are constructed in the same steps as is done for cameras. Therefore the battery models are 

also directed at the same steps as the camera models. 

 

The information used in the models, as well as their aggregation levels depend on the decisions 

made by the buyer in the stage of the process at which the model is aimed. Forecasts are therefore 
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based on the information that is available to the buyer, and on the information that reflects the 

decisions made in that step. It makes little sense to make detailed forecasts on an article level to 

support decisions on a category level. 

 

As was mentioned in the assignment, the translation of forecasts to actual ordering decisions is left 

out of scope in this research. This is also the case for the construction of final budgets for the 

promotions. There is more information needed to make this budget than can be measured and 

included in a model. It is left to the buyer to interpret the forecasts that result from the models. They 

can be used as an indication, based on historic data. 

7.2. Recommendations 

This research is a first attempt in quantitative modeling, specifically directed at promotions. The main 

recommendation to Metro is that it is worthwhile to use quantitative models in planning and 

budgeting for promotions. Metro should continue research on this matter, in three directions: 

 

1. The optimization and extension of the models made in this research, in order to improve 

their predictive ability 

2. The next step: the use of the forecasts as a quantitative basis for budgets and order 

quantities. This may reduce the sensitivity to uncertainties in demand. 

3. The extension of the method to more products. Suitable products should be on promotion 

relatively often to ensure that samples are sufficiently large. The information used in the 

models should reflect the information that buyers have at the moment when forecasts are 

made. 

7.3. Contribution to literature 

The models that were constructed in this research are different than the models that were 

mentioned in the literature review. This research makes forecasts of demand for two specific 

categories of products: digital cameras and batteries, which is not new in itself. For instance, Bolton 

only concentrates on coffee in her study [5], and Divakar et al [9] make forecasts for soft drinks. 

However, the models in this research produce forecasts on a lower level, within the product 

categories. In other words: these models “zoom in” on a more detailed level. Hence, the information 

used for making predictions in these models, as well as the way in which this is done, is different 

from existing literature. 

 

The models are customized to the products for which they produce forecasts on a detailed level, 

based on product-specific characteristics, such as the type of battery, or the brand of a camera. 

These aspects are measured on a detailed level in all models. The forecasting models discussed 

earlier use more general information. For instance, Cooper et al [6] base forecasts only on the 

promotion conditions for the particular item, and on the question whether these match the current 

promotion. SCAN*PRO uses the brand as a predictor, as well as the number of brands in the 

competitive set (i.e. comparable, competing products). Van Loo uses indicator variables to 

distinguish between different product categories [25]. This is done in this research too, but on a 

more detailed level. 
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One aspect that three of the existing models mentioned above do use is the demand for the products 

in the past. In this research it was concluded that the average past promotion sales cannot be 

included as a predictor, due to the missing values for this variable. This is a downside of making 

product-specific forecasts. 

 

A second important difference between the existing models and this research is the type of products 

for which forecasts are made, and the types of retailers considered. All models are used in grocery 

retail chains (although the CHAN4CAST model is used in several sales channels, other than 

supermarkets), and concentrate on food products. For instance, van loo [25] develops models for 

food products in C1000 grocery stores). This research concentrates on two specific categories of non-

food items.  
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Appendix A: Organization Charts and hierarchy 
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Figure A.2: Organization chart MCC-NL 
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Figure A.2: Metro Product Hierarchy 
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Figure A.3: Buying Food 
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Figure A.4: Buying Non-Food 



 

60 

 

Appendix B: Sales Promotion Calendar 

This appendix is excluded for confidentiality reasons. 

 



Appendices  

 

 

61 

 

Appendix C: Forecasting 

C.1. forecasting framework 

The picture below shows a framework for forecasting. 
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Figure B.1: Forecasting framework [21] 

C.2. The SCAN*PRO model 

The following equation describes the form of the basic SCAN*PRO model: 
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Where: 

qkjt = unit sales, brand j, store k, week t 

pkrt =unit price, brand r, store k, week t 

krp  = median regular unit price (non-promoted weeks), brand r, store k 

D1krt = indicator variable for feature advertising: 1 if brand r is featured but not displayed by store 

k in week t; 0 otherwise 

D2krt = indicator variable for display: 1 if brand r is displayed but not featured by store k in week t; 

0 otherwise 

D3krt = indicator variable for the simultaneous use of feature and display: 1 if brand r is displayed 

but not featured by store k in week t; 0 otherwise 
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Xt = indicator variable for seasonal effects: 1 if the observation is in week t; 0 otherwise 

Zk = indicator variable for store k: 1 if the observation is in store k; 0 otherwise 

βrj = price discount (deal) elasticity (own brand if r = j; cross-brand if r ≠ j) 

γlrj = feature-only (l = 1), display-only (l = 2), feature & display-multipliers (l = 3) 

δjt = seasonal multiplier for week t for brand j 

λkj = store k’s regular (baseline) sales with the normal, non-promotion price 

r = brand indicator, r = 1,…, n 

k = store indicator, k = 1,…,K 

t = week indicator, t = 1,…,T 

ukjt = disturbance term 

n = number of brands in the competitive set 

K = number of stores in the sample 

T = number of weeks 
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Appendix D: Motivation Product focus 

This appendix is excluded for confidentiality reasons. 

 

 

Appendix D1: Sales Soft 

This appendix is excluded for confidentiality reasons. 

 

Appendix D2: Budget Realization for 5 article groups 

This appendix is excluded for confidentiality reasons. 
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Appendix E: Folder steps  

This appendix is excluded for confidentiality reasons. 
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Appendix F: Description folder steps 

This appendix is excluded for confidentiality reasons. 
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Appendix G: Non-relevant Variables 

This appendix presents all variables that were found in literature as being predictors for sales, and in 

the situation of Metro. The variables which are included in the research are discussed in the main 

text (chapter 4). This appendix discusses the variables not included in the research. As was done in 

the literature study, the variables are arranged according to the marketing mix dimensions. All 

variables are presented in a table, separately for each marketing mix category, in which also the 

criteria mentioned in the text are assessed. 

 

In order to be unambiguous, the criteria for which the variables are assessed are repeated here. 

1. If a variable is said to be relevant, this means that it is relevant for this research. The variable 

does play a role and must be taken into consideration by the buyer, in determining his 

budget. 

2. The second criterion is concerned with the question if a variable is measurable or can be 

made measurable at Metro. 

3. Variables which are influenced are under the control of the buyer: he is authorized and able 

to influence this parameter. 

4. The final column is concerned with whether the variable will be considered for inclusion in a 

forecasting model, which is one of the objectives of this research. 

 

Remark: there is a possibility that a variable is said to be relevant but for some reason it is not 

included in the model. This means that it will not be used as a direct predictor of demand in a 

quantitative forecasting model, but it must be taken into consideration by the buyer in determining 

his final budget. Such a variable will then be taken into account in the conclusions of this research. 

Product 
Product Interpretation Relevant Measurable Influenced In research Source

Product type Indication, in order to distinguish between 

different types of cameras or batteries
x x x x Metro Situation

market share of product % of total market sales, accounted for by the 

product x x

Fader & Lodish (1990), Bolton (1989), 

Narasimhan et al (1996), Ailawadi et al 

(2006); Metro situation

Brand distinguish between brands x x x x Ailawadi et al (2006); Metro situation

Colour Indicator for presence of the most important 

colours
x x x x

Metro situation

Penetration % of potential customers, which already has 

bought the product
x

Fader & Lodish (1990), Narasimhan et al 

(1996), Ailawadi et al (2006)

Purchase frequency # times a customer buys the product Fader & Lodish (1990), Narasimhan et al 
(1996), Ailawadi et al (2006)

Purchase amount # pieces of the product, customers buy at once
x x

Fader & Lodish (1990), Ailawadi et al 

(2006)

Ability to stockpile extent to which many pieces can be bought at 

once (also: bulkiness of the product)
x x

Raju (1992), Narasimhan et al (1996), 

Ailawadi et al (2006)

Impulse purchase ability extent to which customers are expected to buy 

product on impulse instead of planned
x x

Narasimhan et al (1996), Ailawadi et al 

(2006)

Number of brands # of brands in store or in market
x x

Narasimhan et al (1996), Ailawadi et al 

(2006)

Competitive intensity # competing brands in product category x Raju (1992)

Promotion sales Sales for the product type in earlier folders x x x Cooper et al (1999); Metro situation

Regular (baseline) sales Regular (baseline) sales for the product Cooper et al (1999); van Heerde et al. 

(2002) Metro situation  

Table G.1: Product variables 

- Penetration is concerned with the extent to which the market for this product or this 

category is saturated (i.e. what percentage of households does already own the product). 

This is said in literature to have a relationship with demand, and therefore it is a relevant 

issue. However, it is rather difficult to include this in a forecasting model, because in that 
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case it must be researched for each historic record of sales, what the penetration value was 

of that product at that time. This is expected to be too large a task to carry out, and 

therefore this variable is left out of scope for the model. However, in some form it should be 

taken into consideration by the buyer in his budget. 

- Purchase frequency: This is the frequency with which consumers buy the product under 

consideration. This is mainly relevant for fast moving consumer goods (e.g. in the food 

category). However, for cameras and batteries, this is expected to be of little relevance, 

because consumers are expected to buy the same camera only once. For batteries, it might 

play a role, but the frequency will be very low, due to the lifetime of the battery. Therefore, 

this variable is not included in the research.  

- Purchase amount: cameras are usually bought one at a time, because these are expensive, 

durable products. Therefore, the historic purchase amount is not a relevant predictor for this 

group (the value will be 1 in the majority of cases). Batteries are usually sold in case packs of 

more than 1 piece, which are seen as different articles in the information system. Hence, one 

could conclude that the purchase amount is a relevant predictor of promotion sales. 

However, it turns out to be impossible to retrieve this from the data warehouse for each sale 

that was made. Therefore, it is left out of scope. 

- Ability to stockpile is the extent to which a product is suitable to be bought in large amounts. 

It is marked as being relevant for this research, because it must be taken into account by the 

buyer, in developing his budgets. This variable will not be included in the regression models 

to be developed, because two separate models are made for cameras and batteries, in which 

all products have the same value for this variable.  

- Impulse purchasing ability: An issue that holds relation with the ability to stockpile is impulse 

buying. Cameras are not likely to be bought on impulse, because in general, these are 

relatively expensive, and durable. Therefore, consumers are expected to be highly sensitive 

to the price. This means that they only visit the store when there are good deals in the 

folder. Once they are in the store, other products may be bought on impulse. This is 

incorporated in the strategy of Metro, concerning the folder: it is supposed to draw 

customers to the stores. Batteries are said to be products which can be bought on impulse 

and in large amounts, when they are on promotion. Therefore, this variable is marked as 

being relevant, but will not be incorporated explicitly in the model, because two separate 

models are developed, for cameras and batteries. 

- The “regular” sales history of the product when it was not on promotion is not a relevant 

issue in this situation. The reason for this is the fact that the largest part of total sales is 

realized by promotions. Therefore, this variable is not included in the model. 
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Price 
Price Interpretation Relevant Measurable Influenced In research Source

Discount depth price decrease in the promotion, relative to the 

regular price
x x x x

Raju (1992), Ailawadi et al (2006)

Absolute price absolute promotion price x x x x Raju (1992)

Relative price Promotion price, relative to competition x Bolton (1989), Ailawadi et al (2006)

Lowest price Is the promotion price the lowest in the market? x x Metro situation

Variation Variability in brand prices over time x Bolton (1989)

Average price Average price over the product category x Narasimhan et al (1996)  

Table G.2: Price variables 

The price of products is an important strategic issue at Metro. The promotions that Metro carries out 

are mainly price promotions, i.e. lowering the price is the most important aspect in these 

promotions. Therefore, it is an important aspect that should be taken into account in a forecasting 

model. 

 

- Variability in brand prices over time is not considered as a separate predictor of sales, 

because the price reduction is already included (measured on an article level). Moreover, the 

brand is not the aggregation level in the models. Therefore, brand prices are not relevant.  

- The average price over the product category is not used in this research, because the price of 

the product itself is already used. 

Place 
Place Interpretation Relevant Measurable Influenced In research Source

Distribution Extent to which the product is widely distributed 

across all retailers in the market

x Ailawadi et al (2006)

location in store Placement of the product in the store, when it is on 

promotion

x x Ailawadi et al (2006), Metro situation

store size size of the store x Ailawadi et al (2006), Metro situation

Store location location of the store x Ailawadi et al (2006), Metro situation

Consumer demographics demographic characteristics of the consumers per 

store

Ailawadi et al (2006)

Number of competitors number of local competing retailers in the 

neighbourhood, selling the same product

Ailawadi et al (2006)

Type of competitors categorization of local competitors Ailawadi et al (2006)  

Table G.3: Place variables 

- Distribution is concerned with the extent to which a product is present across all retailers in 

the market. This is a relevant issue for buyers to consider, because it can be seen as a 

measure of how unique a product is in the market, which is one of the criteria on which 

buyers are assessed (it can be seen as a form of innovation). However, no information on this 

factor is available at Metro; hence it must be left out of scope. Therefore, it is concluded that 

this variable is not included in the model. 

- The location of a product in the store is in part related to the type of promotion that the 

buyer chooses for the product. The location can also be expressed as the type of visual 

presentation that is used. There are several types of visual presentation, used for 

promotions. These types were mentioned in the description of the processes at the head 

office. Display is used as a category of promotion type (see later on in this appendix). 

However, there are more options: end-of aisle presentation, pallets, and focal points. The 

presentation of complementary articles is also a part of the visual presentation. These 

categories are derived from the guidelines for visual presentation in the store for 

promotions, which are prescribed by the marketing department. However, the location in 
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the store is not registered anywhere. Therefore, no data are available and this variable 

cannot be included in the model. 

- Buyers determine their budgets on an aggregate level. They do not consider the allocation to 

the different stores in this process. Hence, for this research, only the aggregate forecast of 

total sales for the product, over all stores, is interesting, and in the model no distinction is 

made between the different stores. 

- The same argument holds for the variables store size and consumer demographics, as well as 

for the number and type of competitors in the neighbourhood of a store. These variables are 

not included in the research. 

Promotion 

Promotion Interpretation Relevant Measurable Influenced In research Source

Promotion type type of deal made to customer x x x x Metro situation

Feature advertising by the retailer in 

newspapers or flyers

Fader & Lodish (1990), Bolton (1989), 

Ailawadi et al (2006)
Advertising Advertising by the manufacturer Bolton (1989), Ailawadi et al (2006)

BOGO Buy One, Get One x x x Ailawadi et al (2006), Metro situation

% Items on Promotion % of all items in the product 

category, on promotion

Ailawadi et al (2006)

Number of  promotions Number of promoted products of 

the same type in the same folder
x x x x

Metro situation

Folder type Main or Special x x x x Metro situation

Ad size Size of the ad in the folder x x x Metro situation

Page number location of the ad in the folder x x Ailawadi et al (2006), Metro situation

Display Use of displays in the stores x x x Fader & Lodish (1990), Bolton (1989), 

Ailawadi et al (2006), Metro situation

Promotion frequency # Previous promotions; time since 

the last promotion

x x x x Raju (1992), Ailawadi et al (2006), 

Metro situation

Coupon use of coupons Fader & Lodish (1990), Bolton (1989), 
Ailawadi et al (2006)  

Table G.4: Promotion variables 

- This research is concerned with articles which are promoted in the Metro folder. The general 

promotion activities of manufacturers, for instance in the form of advertising in other media 

than the folder, are left out of scope here. 

- The percentage of items in the same category which are on promotion at the same time is 

not included as a predictor of sales. In [2], this variable is used to explain the switching of 

consumers between stores. Although this may be an interesting issue from a general 

perspective, it is left out of scope. 

- The use of displays is also determined by the type of promotion. It is already included in the 

promotion type, discussed before; hence it is not used as a separate variable in the models.  

- Finally, coupons are not used at Metro. Therefore, this is not relevant for his research. 
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Appendix H: Variables in the models 

This appendix is excluded for confidentiality reasons. 
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Appendix J: Selection of model variants 

J.1. Cameras 

The following table shows the results for adjusted R
2
 after a first regression analysis for the different 

models for cameras and their variants. 

 

Model A B C D

1 Adj. R2 0,432 0,307 0,476 0,340

2 Adj. R2 0,456 0,323 0,527 0,385

Additive Multiplicative

 

Table J.1: Regression results (model fit) 

Overall, it can be observed in the table that the relative variants (B and D) do not improve model fit, 

in terms of adjusted R
2
, relative to the absolute variants (A and C): in both models, the absolute 

variants give higher scores on these indices. From the table it can be concluded that for model 1, 

variant C provides the highest adjusted R
2
. This indicates that in the multiplicative, absolute variant, 

the amount of explained variance in the dependent variable is highest. For model 2 this is also the 

case: adjusted R
2
 is highest for variant C. The highest values for adjusted R

2
 are displayed in bold and 

italic. Furthermore, it can be observed that the differences between models 1 and 2 are relatively 

small for the additive model variants.  

 

A remark that can be made here is the observation that all model variants produce a significant 

model, even when a relatively stringent alpha level (1%) is used. Although this does not make a 

difference between the variants, it is a condition that must be checked. 

J.1.1. Distribution of dependent variables 

The pictures below therefore show histograms for the absolute sales in models 1A and 1B, but they 

are similar for model 2. Figure J.1 shows that the absolute sales quantity is not perfectly normally 

distributed. This is also indicated by the skewness and kurtosis values, as displayed in table J.2, 

below. These values are very high, compared to what they should be for a normal distribution. If the 

distribution actually is normal, then skewness and kurtosis are both 0.  

 

Figure J.2 shows the histogram for Yrelative1. It is clear that here too the distribution is skewed to the 

left. The skewness and kurtosis values are the same as for model 1A, as can be concluded from the 

table.  
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Figure J.1: Histogram model 1A 

 

Figure J.2: Histogram model 1B 

This table is excluded for confidentiality reasons

 

Table J.2: Descriptive statistics models 1A and 1B 

The dependent variable for the multiplicative model variants is the natural logarithm of the sales 

quantity on the aggregation level in question. The following figures show the histograms for the 

dependent variables for models 1C and 1D.

 

Figure J.3: histogram model 1C 

 

Figure J.4: Histogram model 1D 

From these histograms it can be concluded that the shapes of the distributions look much more like 

the normal distribution than that of the additive model variants. Also, the values for skewness and 

kurtosis are much closer to 0, which indicates that these data are closer to the normal distribution. 

(see table J.3). Taking the natural logarithm seems therefore an effective remedy for non-normality 

in the dependent variables in this case. 
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This table is excluded for confidentiality reasons

 

Table J.3: descriptive statistics models 1C and 1D 

J.1.2. Assumptions of multiple regression analysis 

In this section, the results of a first regression analysis on the complete samples are discussed for all 

variants of models 1 and 2, in order to find out which variant best conforms to the assumptions of 

multiple regression analysis. Unlike for the distributions of the dependent variables, there is a 

difference here between models 1 and 2, because a different set of variables is included in the 

analysis. However, from the results of the first regression analyses, it can be concluded that models 1 

and 2 do not differ greatly in their conformance to the assumptions underlying regression analysis. 

Therefore, in this section only the results are shown for the variants of model 1. 

 

Remark: as was said before, no analysis has been done yet for outliers in the data. Therefore, in the 

plots that are made in the subsequent analyses, these may be visible. Outliers will be addressed after 

the potentially best variants have been selected. 

Linearity 

The first assumption that should be met is linearity of the relationship between dependent and 

independent variables. This can be assessed by inspecting the residual plot that results from the 

analysis. Below, the plots that result from the analysis of variants 1A through 1D are depicted. These 

plots show the standardized predicted values for the dependent variable on the x-axis, and the 

standardized residuals on the y-axis.

 

 

Figure J.5: Residual plot MODEL 1A 

 

Figure J.6: Residual plot MODEL 1B
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Figure J.7: Residual plot MODEL 1C 

 

Figure J.8: Residual plot MODEL 1D

The presence of some pattern in the residual plot indicates that the relationship between dependent 

and independent variables is not completely linear or, in other words, that the changes in the 

dependent variables are not completely associated with changes in the independent variables [14]. 

This could have a negative impact on the quality of the conclusions drawn from the analysis.  

 

From the figures above, it can be concluded that the multiplicative models better meet the linearity 

assumption than the additive models. For the model to be linear, no patterns should be visible in the 

residual points. Especially figure J.5 shows a pattern in the residuals. In figure J.6, this pattern is 

somewhat weakened, but still visible. Figures J.7 and J.8 show better conformance to the linearity 

assumption. 

Homoscedasticity 

The second assumption that should be met addresses the variance that is present in the error term. 

Like linearity, this can be concluded from the residual plots. There should be an equal spread around 

a residual value of zero (see the reference lines in the pictures), for the data to meet this assumption. 

 

Again, it can be concluded that the multiplicative models (1C and 1D, in figures J.7and J.8) show 

better conformance to the assumption than the additive models. Especially model 1A (figure J.5) 

does not show an equal spread in the residuals.  

Independence of error terms 

Here, the issue is addressed whether the individual observations are independent, in that they are 

not sequenced by any variable. This can be assessed by inspecting partial regression plots. No 

sequencing variables are found in any models. 

Normality 

The final assumption of regression analysis addresses the distribution of the residuals of this 

estimated model. Residuals should be normally distributed. This assumption is visually assessed by 

making use of normal probability plots. The following figures show these plots for models 1A through 

1D. The straight line in the figures indicates the cumulative probability of a normally distributed 

variable. The dots indicate the cumulative probability of occurrence for the residuals. From the 
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figures, it can be concluded that models 1C and 1D seem to follow the normal distribution better 

than the additive variants. However, in all cases there is some degree of non-normality visible. 

 

 

Figure J.9: Normal probability plot model 1A 

 

Figure J.10: Normal Probability plot model 1B 

 

 

Figure J.11: Normal Probability Plot model 1C 

 

 

 

Figure J.12: Normal Probability Plot model 1D 
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J.2. Batteries 

The selection for model 3 was treated in the main text. Therefore, this is skipped here. For model 4, 

the analysis can be done. 

J.2.1. Model fit: adjusted R2 

The table below shows the regression results, in terms of adjusted R
2
 values for model 4, after a first 

regression analysis on the complete sample. 

 

Model A B C D

4 Adj.  R2 0,422 0,375 0,364 0,299

Additive Multiplicative

 

Table J.4: Adjusted R
2
, model 4 

It can be seen in the table that variant 4A produces the largest amount of explanation for the 

variance in the dependent variable. Again, the relative model variants do not improve the model fit. 

This was also established for the model variants for cameras. 

J.2.2. Distributions of dependent variables 

In this model, the observations of promotion sales are made on an article level. The following figures 

and tables show the histograms and descriptive statistics. 

 

Figure J.13: histogram model 4A 

 

Figure J.14: histogram model 4C 
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This table is excluded for confidentiality reasons

 

Table J.5: descriptives models 4A (Yabs) and 4B (Y rel. to Mean_Y_cat) 

 

This table is excluded for confidentiality reasons

 
Table J.6: Descriptives models 4C and 4D 

The histograms for the relative variants of this model look the same as the ones shown above, and 

therefore these are not depicted here. 

 

From the shapes of the distributions it is concluded that the LN-variants are closer to the normal 

distribution than the “regular” variants. This is supported by the values of skewness and kurtosis, 

which are closer to 0 for the LN-variants. 
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J.2.3. Assumptions of multiple regression analysis 

Again, this model is assessed for its conformance to the assumptions underlying multiple regression 

analysis. Below, the residual plots for the model variants of model 4 are depicted. 

 

 

Figure J.15: Residual plot model 4A 

 

Figure J.16: Residual plot model 4B 

 

Figure J.17: Residual plot model 4C 

 

Figure J.18: Residual plot model 4D
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Linearity 

The residual plots do not show a perfect picture, in terms of linearity. The plots for models 4A and 

4B, and those for 4C and 4D show little difference. However, the multiplicative variants seem to be 

better (i.e. “more linear”) than the additive variants. 

Homoscedasticity 

This assumption can also be assessed by visually inspecting the residual plots. The plots for models 

4A and 4B show a typical pattern of heteroscedasticity, as it is demonstrated by Hair et al. According 

to these authors, a diamond shaped pattern, as the plots above show, is the most common pattern 

when this assumption is violated. The plots for the multiplicative models show more equal variances 

across the range of standardized predicted values (x-axis). 

Independence of error terms 

No sequencing variables are present in this model. This is concluded from an inspection of the partial 

regression plots for all the different variables. 

Normality 

Below, the normal probability plots for the different variants of model 4 are depicted. All plots show 

some degree of non-normality. It is hard to say which one is best, from the alternatives. 

 

Figure J.19: Normal probability plot model 4A 

 

Figure J.20: Normal probability plot model 4B

 

 

 



Appendices  

 

 

80 

 

 

Figure J.21: Normal probability plot model 4C 

 

Figure J.22: Normal probability plot model 4C

J.2.4. Selection of a model variant 

Overall, it can be said that for model 4, the only assumptions that make a difference between the 

additive and the multiplicative variants are linearity and homoscedasticity. Here, variants 4C and 4D 

are better than models 4A and 4B. However, there is no difference between models 4C and 4D. 

Therefore, this choice is based on model fit, and then variant C performs better than model D. Hence, 

model 4C is selected. 
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Appendix K: Outliers 

This appendix describes the analysis of all models on outliers. This is based on a regression analysis 

for the selected models, with missing data remedied. 

 

Multivariate outliers can be checked by calculating the Mahalanobis D
2
 measure for each observation 

in the dataset, and subsequently calculating the probability of this value. D
2
 follows a Chi-square 

distribution, and the criterion used to identify observations as true outliers is the probability of 

receiving the particular D
2
 value, P(MAH). In this case, P(MAH) < 0.001 is used as a cutoff point for 

outliers.  

K.1. Model 1 

After deletion of the variable Promotion history from the model, 17 variables remain with which a 

regression analysis is done, in order to calculate the D
2
 distance for each observation. 

 

This analysis results in the identification of 10 outliers. These will be assessed for their causes, and 

considered for deletion or retention.  

 

First, the regression analysis is repeated without all cases which are identified as an outlier, in order 

to see the effect on model fit. A first result from this new analysis is the fact that the variables Page1 

(front page) and Page2 (Back page) are left out of the analysis, because they have the same value for 

all observations in the remaining dataset after exclusion of all outliers. This may be an indication for 

the causes of the outliers. Model fit increases from an adjusted R
2
 of 48,0% with the outliers in the 

model, to 51,0% without these outliers. 

 

The second step is to consider each outlier separately and look for its causes. The outliers are 

presented in the following table. The first column shows the number of the observations. The second 

column shows the observations of absolute sales. The column MAH_2 shows the Mahalanobis D
2
, 

calculated for the respective observations, and the final column shows the probability for this D
2
. 

Outliers are defined based on this final column. 
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# Y_abs MAH_1 P_MAH_1C

1 286,00347 0,00000

2 102,49387 0,00000

3 100,99735 0,00000

4 99,23714 0,00000

5 58,17738 0,00000

6 53,15223 0,00001

7 44,93321 0,00025

8 44,56985 0,00028

9 43,18258 0,00045

10 43,06216 0,00047

11 42,6148 0,00055  

Table K.1: Outliers Model 1C
16

 

As can be seen in the table, there is one case with an exceptionally high value for Mahalanobis D
2
, 

compared to the rest. This is outlier 1. This observation is a Canon SLR camera, which was placed on 

the front page of the folder, with ad size 1 (full page ad). It is suspected that the ad size and the page 

are exceptional for this case in comparison to the rest of the observations. Therefore, frequency 

tables are made for these dummy variables. 

 

From table K.2, below, it can be concluded that this observation is the only one in the total dataset 

which was placed on the front page of a folder. Hence, it is very exceptional in this light. Also, the ad 

size (value 1, corresponding to a full page ad) is rather exceptional, as can be seen in table K.3: it 

appears only 4 times in total. 

 

Table K.2: Frequencies front page 

 

Table K.3: frequencies ad size 

                                                           
16

 Figures have been masked for confidentiality reasons 
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This observation is removed from the analysis, because of these exceptional values, and the high 

value of Mahalanobis D
2
. This implies therefore that the dummy variable Page1 is also deleted from 

the analysis. 

 

For outliers 2 and 3 no individual predictor variable can be indicated as the cause for these 

observations to be identified as outliers. These observations do not have exceptional or unique 

values on one variable. However, they are deleted from the analysis, because the probabilities (see 

the last column) are very low, which indicates that these are strong outliers. 

  

The final 7 outliers all have the same value for page: they are all on the back page of a folder. From 

the frequency table below, it can be concluded that there are only 7 observations in the initial 

dataset for the back page. Therefore, deleting these outliers would delete this complete variable 

from the model, as is the case with front page, and would leave only the difference between the 

inner page (20 observations) and the rest of the pages as a predictor in the model. 

 

Table K.4: frequencies Back page 

It is decided that these observations are also deleted from the analysis. This leaves only the 

difference between the inner page and the rest of the pages as a predictor in the model, and the 

effect of the front page or back page cannot be estimated. However, intuitively this makes sense, 

because apparently this is an exceptional situation and in real life this would not be a serious 

problem because of this exceptionality. 

K.2. Model 2: Cameras, PLA level 

For the dataset of model 2, the same outliers are deleted as was done in the first dataset. As was said 

before, these datasets are the same in terms of the observations of sales, and the frequencies for the 

variables mentioned in the previous section are the same, and just as exceptional in this model. In 

order to be consistent, the other outliers are also left out of this model. 

K.3. Model 3: Batteries, Category level 

For the dataset for model 3, the story is a somewhat different than for the rest of the datasets, 

because of the very small sample. It is decided to assess the dataset itself, and base the deletion of 

outliers on the observations themselves, and not on a calculation of Mahalanobis distances. 

 

From the figure on the distribution for variant 3A (see section 5.2.2.), it can be concluded that there 

is one observation with an exceptionally high sales quantity. Also (this cannot be observed from the 

histogram, but is observed in the dataset), there is one observation with an exceptionally low sales 

quantity. Both of these observations are deleted from the sample. The rest of the observations is 

retained, in order to keep as much observations as possible in the sample. 
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K.4. Model 4: Batteries, Article level 

In model 4, also the variable Promotion History is left out of the analysis. Also, the variable Holiday2 

is left out, because this has the same value (0) for all observations. Hence, its effect cannot be 

measured. Now, 18 variables are left in the model, and Mahalanobis distances are calculated. 

 

In total, 7 outliers result from this analysis. A renewed regression analysis without these outliers 

reveals that the variable Page1( front page) is deleted if these outliers are left out. From the 

frequencies for this variable it can be verified that only one observation was placed on the front page 

of a folder. Other causes for the other outliers are unique ad sizes (ad size 12 only appears twice in 

the dataset, which are both outliers), and very high or very low sales quantities. All 7 outliers are 

deleted. 
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Appendix L: SPSS Outputs 

L.1. Model 1C 

Model R R Square

Adjusted R 

Square

Std. Error of the 

Estimate

1 ,732
a ,536 ,510 ,73625814

Model Summaryb

a. Predictors: (Constant), LN_Actionsp.Folder, LN_Holiday1, LN_Page3, 

LN_Length, LN_ProductType3, LN_WP, LN_ProductType4, LN_Holiday2, 

LN_Sunday, LN_Special, LN_WPHit, LN_Holiday3, LN_ProductType2, 
LN_AdSize, LN_Folderprijs

b. Dependent Variable: LN_Y_abs1C
 

Table L.1 Model summary model 1C 

Sum of 

Squares df Mean Square F Sig.

Regression 164,306 15 10,954 20,207 ,000
a

Residual 142,024 262 ,542

Total 306,330 277

ANOVAb

Model

1

a. Predictors: (Constant), LN_Actionsp.Folder, LN_Holiday1, LN_Page3, LN_Length, LN_ProductType3, LN_WP, LN_ProductType4, 

LN_Holiday2, LN_Sunday, LN_Special, LN_WPHit, LN_Holiday3, LN_ProductType2, LN_AdSize, LN_Folderprijs

b. Dependent Variable: LN_Y_abs1C
 

Table L.2: ANOVA table model 1C 
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Standardized 

Coefficients

B Std. Error Beta Zero-order Partial Part Tolerance VIF

(Constant) 7,467 1,165 6,407 ,000

LN_ProductType2 -,166 ,431 -,032 -,385 ,701 -,006 -,024 -,016 ,255 3,915

LN_ProductType3 ,210 ,595 ,025 ,352 ,725 ,037 ,022 ,015 ,358 2,793

LN_ProductType4 ,358 ,757 ,057 ,473 ,637 -,379 ,029 ,020 ,122 8,185

LN_Folderprijs -1,004 ,153 -,624 -6,577 ,000 -,541 -,376 -,277 ,196 5,095

LN_AdSize -,665 ,229 -,240 -2,908 ,004 -,237 -,177 -,122 ,260 3,845

LN_Page3 ,522 ,441 ,052 1,185 ,237 ,012 ,073 ,050 ,915 1,092

LN_W PHit ,283 ,483 ,046 ,585 ,559 ,188 ,036 ,025 ,284 3,526

LN_W P ,549 ,271 ,106 2,025 ,044 -,038 ,124 ,085 ,651 1,536

LN_Special -,179 ,303 -,030 -,590 ,556 -,077 -,036 -,025 ,680 1,471

LN_Holiday1 ,319 ,292 ,053 1,092 ,276 -,035 ,067 ,046 ,751 1,331

LN_Holiday2 1,145 ,516 ,100 2,220 ,027 ,064 ,136 ,093 ,874 1,144

LN_Holiday3 ,834 ,351 ,125 2,374 ,018 ,060 ,145 ,100 ,641 1,560

LN_Sunday -,521 ,288 -,088 -1,807 ,072 -,066 -,111 -,076 ,744 1,345

LN_Length 2,019 ,290 ,304 6,955 ,000 ,337 ,395 ,293 ,924 1,082

LN_Actionsp.Folder -,267 ,084 -,158 -3,181 ,002 -,215 -,193 -,134 ,715 1,399

Coefficients
a

Model

Unstandardized Coefficients

t Sig.

Correlations Collinearity Statistics

1

a. Dependent Variable: LN_Y_abs1C  

Table L.3: Coefficients model 1C 
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LN_Actionsp.Fol

der LN_Holiday1 LN_Page3 LN_Length

LN_ProductTyp

e3 LN_WP

LN_ProductTyp

e4 LN_Holiday2

LN_Actionsp.Folder 1,000 -,126 ,048 ,056 ,084 ,048 ,010 ,117

LN_Holiday1 -,126 1,000 -,042 ,050 ,033 -,067 ,030 -,242

LN_Page3 ,048 -,042 1,000 -,045 -,080 ,077 ,033 ,093

LN_Length ,056 ,050 -,045 1,000 -,081 -,108 -,036 -,061

LN_ProductType3 ,084 ,033 -,080 -,081 1,000 ,101 ,408 ,005

LN_WP ,048 -,067 ,077 -,108 ,101 1,000 ,161 ,041

LN_ProductType4 ,010 ,030 ,033 -,036 ,408 ,161 1,000 ,128

LN_Holiday2 ,117 -,242 ,093 -,061 ,005 ,041 ,128 1,000

LN_Sunday ,152 -,226 -,081 ,052 ,196 -,170 -,009 -,019

LN_Special -,227 -,163 -,026 -,063 -,259 -,084 -,038 ,006

LN_WPHit ,003 -,032 ,152 -,069 -,170 ,439 ,046 -,012

LN_Holiday3 -,295 ,267 -,120 -,049 ,129 ,028 ,032 -,020

LN_ProductType2 -,045 ,005 ,046 -,138 ,574 ,213 ,785 ,087

LN_AdSize -,042 ,000 ,167 ,084 -,494 ,073 -,027 -,005

LN_Folderprijs -,070 -,033 -,103 ,010 -,221 -,166 -,873 -,171

1

Model

Correlations

Coefficient Correlationsa

 

Table L.4a: Coefficient correlations model 1C (part 1) 
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LN_Sunday LN_Special LN_WPHit LN_Holiday3 LN_ProductType2 LN_AdSize LN_Folderprijs

LN_Actionsp.Folder ,152 -,227 ,003 -,295 -,045 -,042 -,070

LN_Holiday1 -,226 -,163 -,032 ,267 ,005 ,000 -,033

LN_Page3 -,081 -,026 ,152 -,120 ,046 ,167 -,103

LN_Length ,052 -,063 -,069 -,049 -,138 ,084 ,010

LN_ProductType3 ,196 -,259 -,170 ,129 ,574 -,494 -,221

LN_WP -,170 -,084 ,439 ,028 ,213 ,073 -,166

LN_ProductType4 -,009 -,038 ,046 ,032 ,785 -,027 -,873

LN_Holiday2 -,019 ,006 -,012 -,020 ,087 -,005 -,171

LN_Sunday 1,000 -,108 -,160 ,179 -,033 -,101 ,024

LN_Special -,108 1,000 -,123 -,314 -,059 -,098 -,007

LN_WPHit -,160 -,123 1,000 ,059 ,121 ,713 -,066

LN_Holiday3 ,179 -,314 ,059 1,000 ,013 ,055 ,001

LN_ProductType2 -,033 -,059 ,121 ,013 1,000 -,121 -,608

LN_AdSize -,101 -,098 ,713 ,055 -,121 1,000 -,025

LN_Folderprijs ,024 -,007 -,066 ,001 -,608 -,025 1,000

Model

Correlations

Coefficient Correlationsa

1

 

Table L.4b: Coefficient Correlations model 1C (part 2)
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L.2. Model 2C 

 

L.2.1. Original Model 

 

Model R R Square
Adjusted R 

Square
Std. Error of 
the Estimate

1 ,784a ,615 ,569 ,68863091

b. Dependent Variable: LN_Y_abs2C

Model Summaryb

a. Predictors: (Constant), LN_Actionsp.Folder, LN_Length, LN_Holiday1, 

LN_Color2, LN_Brand5, LN_Brand2, LN_WP, LN_Brand3, LN_Page3, 

LN_Color4, LN_ProductType3, LN_Brand6, LN_Brand4, LN_Holiday2, 

LN_Color3, LN_DiscountPercent, LN_MP, LN_Brand7, LN_VanVoor, 

LN_Sunday, LN_Special, LN_Brand8, LN_Holiday3, LN_WPHit, 
LN_ProductType2, LN_Folderprijs, LN_AdSize, LN_ProductType4, 

LN_DiscountEU

 

Table L.5: Model summary original model 2C 

Sum of Squares df Mean Square F Sig.

Regression 183,412 29 6,325 13,337 ,000a

Residual 114,759 242 ,474

Total 298,171 271

ANOVAb

Model

1

a. Predictors: (Constant), LN_Actionsp.Folder, LN_Length, LN_Holiday1, LN_Color2, LN_Brand5, 

LN_Brand2, LN_WP, LN_Brand3, LN_Page3, LN_Color4, LN_ProductType3, LN_Brand6, LN_Brand4, 
LN_Holiday2, LN_Color3, LN_DiscountPercent, LN_MP, LN_Brand7, LN_VanVoor, LN_Sunday, 

LN_Special, LN_Brand8, LN_Holiday3, LN_WPHit, LN_ProductType2, LN_Folderprijs, LN_AdSize, 

LN_ProductType4, LN_DiscountEU
b. Dependent Variable: LN_Y_abs2C

 

Table L.6: ANOVA table original model 2C 
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Standardized 
Coefficients

B Std. Error Beta Zero-order Partial Part Tolerance VIF

(Constant) 12,741 4,442 2,868 ,004

LN_ProductType2 -,247 ,426 -,048 -,579 ,563 -,020 -,037 -,023 ,234 4,274

LN_ProductType3 ,375 ,593 ,043 ,632 ,528 ,055 ,041 ,025 ,337 2,967

LN_ProductType4 ,621 ,823 ,100 ,755 ,451 -,393 ,048 ,030 ,091 10,972

LN_MP -,239 ,223 -,055 -1,069 ,286 -,305 -,069 -,043 ,608 1,645

LN_Brand2 ,047 ,705 ,003 ,067 ,947 ,061 ,004 ,003 ,852 1,174

LN_Brand3 -1,395 ,759 -,079 -1,837 ,067 ,041 -,117 -,073 ,853 1,173

LN_Brand4 -1,050 ,453 -,111 -2,320 ,021 -,182 -,148 -,093 ,696 1,436

LN_Brand5 -1,151 ,376 -,146 -3,064 ,002 -,124 -,193 -,122 ,705 1,419

LN_Brand6 -1,028 ,548 -,096 -1,875 ,062 ,206 -,120 -,075 ,602 1,661

LN_Brand7 -,387 ,297 -,062 -1,306 ,193 ,043 -,084 -,052 ,701 1,427

LN_Brand8 -1,787 ,433 -,226 -4,131 ,000 -,073 -,257 -,165 ,532 1,881

LN_Color2 ,066 ,376 ,012 ,175 ,861 -,306 ,011 ,007 ,321 3,119

LN_Color3 -,018 ,480 -,002 -,038 ,970 -,007 -,002 -,001 ,784 1,276

LN_Color4 -1,014 ,727 -,062 -1,394 ,165 ,189 -,089 -,056 ,799 1,251

LN_Folderpri js -,793 ,788 -,492 -1,007 ,315 -,571 -,065 -,040 ,007 150,290

LN_DiscountEU -,320 ,790 -,238 -,405 ,686 -,137 -,026 -,016 ,005 218,260

LN_DiscountPercent ,464 ,893 ,307 ,519 ,604 ,335 ,033 ,021 ,005 220,037

LN_VanVoor -,660 ,311 -,099 -2,123 ,035 -,167 -,135 -,085 ,732 1,366

LN_AdSize -,520 ,223 -,188 -2,336 ,020 -,230 -,148 -,093 ,245 4,085

LN_Page3 ,642 ,423 ,065 1,518 ,130 ,008 ,097 ,061 ,871 1,147

LN_WPHit ,570 ,471 ,094 1,209 ,228 ,183 ,077 ,048 ,262 3,812

LN_WP ,389 ,264 ,075 1,473 ,142 -,035 ,094 ,059 ,615 1,625

LN_Special -,284 ,298 -,048 -,952 ,342 -,093 -,061 -,038 ,623 1,605

LN_Holiday1 ,174 ,285 ,029 ,609 ,543 -,026 ,039 ,024 ,703 1,423

LN_Holiday2 1,213 ,496 ,107 2,444 ,015 ,061 ,155 ,097 ,826 1,211

LN_Holiday3 ,835 ,335 ,126 2,494 ,013 ,053 ,158 ,099 ,622 1,609

LN_Sunday -,484 ,286 -,081 -1,689 ,092 -,058 -,108 -,067 ,690 1,449

LN_Length 1,532 ,318 ,227 4,817 ,000 ,321 ,296 ,192 ,719 1,390

LN_Actionsp.Folder -,270 ,082 -,162 -3,311 ,001 -,216 -,208 -,132 ,667 1,499

1

Coefficientsa

Model

Unstandardized Coefficients

t Sig.

Correlations Collinearity Statistics

 

Table L.7: Coefficients original model 2C
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L.2.2. Model 2C after selection of discount predictor 

 

Model R R Square

Adjusted 

R Square

of the 

Estimate

1 ,784a ,615 ,570 ,68744487

Model Summary

a. Predictors: (Constant), LN_Folderprijs, LN_VanVoor, LN_Sunday, 

LN_Special, LN_Brand5, LN_Brand2, LN_WP, LN_Brand3, 

LN_Holiday2, LN_Page3, LN_Color4, LN_Color3, LN_Brand4, 

LN_Brand6, LN_Length, LN_ProductType2, LN_Brand7, 

LN_Holiday1, LN_Actionsp.Folder, LN_AdSize, LN_Brand8, 

LN_DiscountPercent, LN_Holiday3, LN_MP, LN_ProductType3, 

LN_Color2, LN_WPHit, LN_ProductType4
 

Table L.8: Model Summary Model 2C  

 

Sum of 

Squares df

Mean 

Square F Sig.

Regression 183,334 28 6,548 13,855 ,000a

Residual 114,837 243 ,473

Total 298,171 271

1

a. Predictors: (Constant), LN_Folderprijs, LN_VanVoor, LN_Sunday, LN_Special, 

LN_Brand5, LN_Brand2, LN_WP, LN_Brand3, LN_Holiday2, LN_Page3, LN_Color4, 

LN_Color3, LN_Brand4, LN_Brand6, LN_Length, LN_ProductType2, LN_Brand7, 

LN_Holiday1, LN_Actionsp.Folder, LN_AdSize, LN_Brand8, LN_DiscountPercent, 

LN_Holiday3, LN_MP, LN_ProductType3, LN_Color2, LN_WPHit, LN_ProductType4

b. Dependent Variable: LN_Y_abs2C

ANOVAb

Model

 

Table L.9: ANOVA table Model 2C 
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ed 

Coefficient

B Std. Error Beta Tolerance VIF

(Constant) 14,328 2,080 6,887 ,000

LN_ProductType2 -,237 ,425 -,046 -,558 ,577 ,235 4,261

LN_ProductType3 ,381 ,592 ,044 ,644 ,520 ,337 2,965

LN_ProductType4 ,593 ,818 ,095 ,724 ,470 ,092 10,891

LN_MP -,243 ,223 -,056 -1,090 ,277 ,609 1,642

LN_Brand2 ,050 ,703 ,003 ,072 ,943 ,852 1,174

LN_Brand3 -1,396 ,758 -,079 -1,841 ,067 ,853 1,173

LN_Brand4 -1,042 ,451 -,110 -2,309 ,022 ,697 1,434

LN_Brand5 -1,151 ,375 -,146 -3,069 ,002 ,705 1,419

LN_Brand6 -1,053 ,544 -,099 -1,935 ,054 ,609 1,641

LN_Brand7 -,390 ,296 -,063 -1,318 ,189 ,701 1,426

LN_Brand8 -1,796 ,431 -,227 -4,163 ,000 ,533 1,877

LN_Color2 ,057 ,374 ,011 ,153 ,878 ,322 3,110

LN_Color3 -,014 ,480 -,001 -,029 ,977 ,784 1,275

LN_Color4 -1,038 ,724 -,064 -1,435 ,153 ,805 1,242

LN_VanVoor -,671 ,309 -,101 -2,171 ,031 ,738 1,356

LN_AdSize -,536 ,219 -,194 -2,453 ,015 ,253 3,952

LN_Page3 ,630 ,421 ,064 1,497 ,136 ,875 1,142

LN_WPHit ,558 ,470 ,092 1,189 ,236 ,263 3,798

LN_WP ,393 ,263 ,076 1,492 ,137 ,616 1,623

LN_Special -,282 ,298 -,048 -,948 ,344 ,623 1,604

LN_Holiday1 ,163 ,283 ,027 ,575 ,565 ,708 1,412

LN_Holiday2 1,223 ,495 ,108 2,470 ,014 ,828 1,208

LN_Holiday3 ,836 ,334 ,126 2,502 ,013 ,622 1,609

LN_Sunday -,482 ,286 -,081 -1,688 ,093 ,690 1,449

LN_Length 1,513 ,314 ,224 4,819 ,000 ,735 1,360

LN_Actionsp.Folder -,274 ,081 -,164 -3,381 ,001 ,675 1,481

LN_DiscountPercent ,104 ,078 ,069 1,333 ,184 ,596 1,678

LN_Folderprijs -1,103 ,182 -,685 -6,069 ,000 ,125 8,027

1

a. Dependent Variable: LN_Y_abs2C

Coefficientsa

Model

Unstandardized 

Coefficients

t Sig.

Collinearity Statistics

 

Table L.10: Coefficients Model 2C 
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LN_Folderprijs LN_VanVoor

LN_Sunda

y

LN_Specia

l LN_Brand5 LN_Brand2 LN_WP LN_Brand3 LN_Holiday2 LN_Page3

LN_Folderprijs 1,000 -,013 ,125 -,020 ,032 ,187 -,134 ,077 -,194 -,139

LN_VanVoor -,013 1,000 -,017 ,044 ,004 -,028 -,090 -,046 ,051 ,060

LN_Sunday ,125 -,017 1,000 -,074 ,045 ,070 -,178 ,008 -,054 -,094

LN_Special -,020 ,044 -,074 1,000 ,046 -,039 -,106 -,039 -,004 -,013

LN_Brand5 ,032 ,004 ,045 ,046 1,000 ,186 ,025 ,119 -,043 ,038

LN_Brand2 ,187 -,028 ,070 -,039 ,186 1,000 -,019 ,101 -,014 ,019

LN_WP -,134 -,090 -,178 -,106 ,025 -,019 1,000 -,013 ,040 ,059

LN_Brand3 ,077 -,046 ,008 -,039 ,119 ,101 -,013 1,000 -,017 -,095

LN_Holiday2 -,194 ,051 -,054 -,004 -,043 -,014 ,040 -,017 1,000 ,120

LN_Page3 -,139 ,060 -,094 -,013 ,038 ,019 ,059 -,095 ,120 1,000

LN_Color4 ,138 -,058 ,031 -,074 ,104 ,086 ,056 ,092 -,094 -,060

LN_Color3 ,028 -,038 ,001 -,059 -,277 -,070 -,048 ,031 -,033 -,016

LN_Brand4 -,009 -,080 ,027 -,084 ,200 ,070 ,144 ,045 -,045 -,076

LN_Brand6 ,226 ,022 ,108 ,013 ,275 ,199 -,038 ,179 -,165 -,085

LN_Length ,079 ,319 ,053 -,046 ,110 ,138 -,118 ,002 -,034 -,019

LN_ProductType2 -,538 -,040 -,062 -,049 ,061 -,136 ,221 ,085 ,086 ,028

LN_Brand7 ,111 ,027 ,143 -,004 ,254 ,181 -,106 ,141 -,025 ,010

LN_Holiday1 -,046 ,092 -,245 -,177 -,047 ,005 -,056 ,110 -,216 -,050

LN_Actionsp.Folder ,032 ,082 ,177 -,228 ,025 ,087 ,013 ,029 ,096 ,043

LN_AdSize ,007 -,063 -,079 -,106 -,047 ,044 ,057 -,015 -,010 ,165

LN_Brand8 ,181 -,099 ,072 -,081 ,359 ,241 ,072 ,178 -,012 -,035

LN_DiscountPercent ,432 -,161 ,027 -,083 ,093 ,087 ,027 ,051 -,003 -,043

LN_Holiday3 -,039 ,037 ,149 -,295 -,076 -,053 ,014 ,073 ,001 -,113

LN_MP -,294 ,011 -,207 -,136 ,047 -,076 ,139 -,115 ,069 ,059

LN_ProductType3 -,247 -,100 ,165 -,261 ,048 -,120 ,118 -,004 ,007 -,088

LN_Color2 -,128 ,043 -,084 ,015 -,287 -,166 -,027 -,046 ,007 -,039

LN_WPHit -,113 -,142 -,147 -,119 -,042 -,020 ,424 -,086 ,000 ,158

LN_ProductType4 -,734 -,073 -,023 -,017 ,133 -,052 ,128 ,075 ,128 ,061

1

Model

Correlations

Coefficient Correlationsa

 

Table L.11a: Coefficient correlations model 2C (part 1) 



 

94 

 

LN_Color

4

LN_Color

3

LN_Brand

4

LN_Brand

6

LN_Lengt

h

LN_Produ

ctType2

LN_Brand

7

LN_Holida

y1

LN_Action

sp.Folder

LN_AdSiz

e

LN_Brand

8

LN_Disco

untPercent

LN_Folderprijs ,138 ,028 -,009 ,226 ,079 -,538 ,111 -,046 ,032 ,007 ,181 ,432

LN_VanVoor -,058 -,038 -,080 ,022 ,319 -,040 ,027 ,092 ,082 -,063 -,099 -,161

LN_Sunday ,031 ,001 ,027 ,108 ,053 -,062 ,143 -,245 ,177 -,079 ,072 ,027

LN_Special -,074 -,059 -,084 ,013 -,046 -,049 -,004 -,177 -,228 -,106 -,081 -,083

LN_Brand5 ,104 -,277 ,200 ,275 ,110 ,061 ,254 -,047 ,025 -,047 ,359 ,093

LN_Brand2 ,086 -,070 ,070 ,199 ,138 -,136 ,181 ,005 ,087 ,044 ,241 ,087

LN_WP ,056 -,048 ,144 -,038 -,118 ,221 -,106 -,056 ,013 ,057 ,072 ,027

LN_Brand3 ,092 ,031 ,045 ,179 ,002 ,085 ,141 ,110 ,029 -,015 ,178 ,051

LN_Holiday2 -,094 -,033 -,045 -,165 -,034 ,086 -,025 -,216 ,096 -,010 -,012 -,003

LN_Page3 -,060 -,016 -,076 -,085 -,019 ,028 ,010 -,050 ,043 ,165 -,035 -,043

LN_Color4 1,000 ,023 ,116 ,109 -,003 -,020 ,159 -,025 ,037 ,126 ,186 -,001

LN_Color3 ,023 1,000 -,093 -,068 -,152 -,103 ,131 ,041 ,009 ,050 -,180 -,024

LN_Brand4 ,116 -,093 1,000 ,101 -,056 ,062 ,194 ,031 -,069 -,070 ,182 -,101

LN_Brand6 ,109 -,068 ,101 1,000 ,173 -,014 ,191 ,014 ,128 -,017 ,414 -,002

LN_Length -,003 -,152 -,056 ,173 1,000 -,109 -,015 ,059 ,115 ,047 ,238 ,018

LN_ProductType2 -,020 -,103 ,062 -,014 -,109 1,000 -,140 ,009 -,077 -,144 -,010 -,032

LN_Brand7 ,159 ,131 ,194 ,191 -,015 -,140 1,000 -,057 ,073 ,074 ,220 ,025

LN_Holiday1 -,025 ,041 ,031 ,014 ,059 ,009 -,057 1,000 -,105 -,022 ,055 -,049

LN_Actionsp.Folder ,037 ,009 -,069 ,128 ,115 -,077 ,073 -,105 1,000 -,027 ,110 ,047

LN_AdSize ,126 ,050 -,070 -,017 ,047 -,144 ,074 -,022 -,027 1,000 -,008 ,030

LN_Brand8 ,186 -,180 ,182 ,414 ,238 -,010 ,220 ,055 ,110 -,008 1,000 ,075

LN_DiscountPercent -,001 -,024 -,101 -,002 ,018 -,032 ,025 -,049 ,047 ,030 ,075 1,000

LN_Holiday3 -,049 ,012 -,075 -,059 -,043 ,016 -,022 ,282 -,276 ,047 ,003 -,060

LN_MP ,166 -,136 ,171 -,028 ,005 ,043 -,068 ,037 -,077 ,012 ,125 -,166

LN_ProductType3 -,045 -,059 ,138 -,011 -,075 ,594 -,088 ,030 ,053 -,481 ,055 -,048

LN_Color2 ,021 ,272 -,029 -,402 -,215 -,022 ,086 ,039 -,087 -,015 -,462 -,088

LN_WPHit ,030 ,062 ,081 -,138 -,142 ,103 ,030 -,058 -,032 ,692 -,070 -,079

LN_ProductType4 -,077 -,103 -,085 ,088 ,027 ,728 -,114 ,021 ,008 -,030 ,124 -,163

Model

1 Correlations

Coefficient Correlations
a

 

Table L.11b: Coefficient correlations model 2C (part 2) 



 

95 

 

LN_Holida

y3 LN_MP

LN_Produ

ctType3

LN_Color

2 LN_WPHit

LN_Produ

ctType4

LN_Folderprijs -,039 -,294 -,247 -,128 -,113 -,734

LN_VanVoor ,037 ,011 -,100 ,043 -,142 -,073

LN_Sunday ,149 -,207 ,165 -,084 -,147 -,023

LN_Special -,295 -,136 -,261 ,015 -,119 -,017

LN_Brand5 -,076 ,047 ,048 -,287 -,042 ,133

LN_Brand2 -,053 -,076 -,120 -,166 -,020 -,052

LN_WP ,014 ,139 ,118 -,027 ,424 ,128

LN_Brand3 ,073 -,115 -,004 -,046 -,086 ,075

LN_Holiday2 ,001 ,069 ,007 ,007 ,000 ,128

LN_Page3 -,113 ,059 -,088 -,039 ,158 ,061

LN_Color4 -,049 ,166 -,045 ,021 ,030 -,077

LN_Color3 ,012 -,136 -,059 ,272 ,062 -,103

LN_Brand4 -,075 ,171 ,138 -,029 ,081 -,085

LN_Brand6 -,059 -,028 -,011 -,402 -,138 ,088

LN_Length -,043 ,005 -,075 -,215 -,142 ,027

LN_ProductType2 ,016 ,043 ,594 -,022 ,103 ,728

LN_Brand7 -,022 -,068 -,088 ,086 ,030 -,114

LN_Holiday1 ,282 ,037 ,030 ,039 -,058 ,021

LN_Actionsp.Folder -,276 -,077 ,053 -,087 -,032 ,008

LN_AdSize ,047 ,012 -,481 -,015 ,692 -,030

LN_Brand8 ,003 ,125 ,055 -,462 -,070 ,124

LN_DiscountPercent -,060 -,166 -,048 -,088 -,079 -,163

LN_Holiday3 1,000 -,009 ,118 ,047 ,045 ,040

LN_MP -,009 1,000 ,033 -,045 ,036 ,074

LN_ProductType3 ,118 ,033 1,000 -,043 -,138 ,413

LN_Color2 ,047 -,045 -,043 1,000 ,001 -,332

LN_WPHit ,045 ,036 -,138 ,001 1,000 ,050

LN_ProductType4 ,040 ,074 ,413 -,332 ,050 1,000

Coefficient Correlationsa

Model

1 Correlatio

ns

 

Table L.11: Coefficient correlations model 2C (part 3) 
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L.3. Model 3E 

 

Model R R Square

Adjusted R 

Square

Std. Error of the 

Estimate

1 ,685a ,469 ,215 ,44258309

Model Summary

a. Predictors: (Constant), Holiday1, R&Rest, Special vs Regular folder, R&XfY, 

SundayOpening, Holiday3, WP vs Normal, Inner vs Rest, AdSize, percentage, 

A&Rest  

Table L.12: Model summary Model 3E 

Sum of 

Squares df Mean Square F Sig.

Regression 3,980 11 ,362 1,847 ,104a

Residual 4,505 23 ,196

Total 8,485 34

ANOVA
b

Model

1

a. Predictors: (Constant), Holiday1, R&Rest, Special vs Regular folder, R&XfY, SundayOpening, Holiday3, 

WP vs Normal, Inner vs Rest, AdSize, percentage, A&Rest

b. Dependent Variable: Y-rel_3
 

Table L.13: ANOVA table Model 3E 

Standardized 

Coefficients

B

Std. 

Error Beta Tolerance VIF

(Constant) 1,043 ,311 3,355 ,003

A&Rest ,072 ,257 ,072 ,279 ,783 ,342 2,924

R&XfY ,201 ,354 ,095 ,569 ,575 ,831 1,204

R&Rest -,440 ,366 -,313 -1,202 ,242 ,340 2,938

AdSize -,061 ,028 -,406 -2,126 ,044 ,634 1,576

Holiday3 ,077 ,223 ,059 ,344 ,734 ,794 1,259

SundayOpening ,253 ,231 ,180 1,095 ,285 ,856 1,168

percentage ,614 ,261 ,563 2,352 ,028 ,403 2,484

Inner vs Rest -,217 ,225 -,166 -,962 ,346 ,775 1,290

WP vs Normal ,275 ,233 ,265 1,183 ,249 ,459 2,178

Special vs Regular folder -,095 ,174 -,096 -,544 ,592 ,741 1,350

Holiday1 ,058 ,238 ,047 ,244 ,810 ,616 1,624

Coefficients
a

Model

Unstandardized 

Coefficients

t Sig.

Collinearity Statistics

1

a. Dependent Variable: Y-rel_3
 

Table L.14: Coefficients Model 3E 
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Holiday1 R&Rest

Special vs 

Regular folder R&XfY

Sunday

Opening

Holiday1 1,000 ,166 ,177 -,052 -,107

R&Rest ,166 1,000 -,008 ,130 -,106

Special vs Regular folder ,177 -,008 1,000 -,002 -,041

R&XfY -,052 ,130 -,002 1,000 ,180

SundayOpening -,107 -,106 -,041 ,180 1,000

Holiday3 ,291 -,069 ,185 ,143 ,182

WP vs Normal ,346 ,347 ,036 ,128 ,132

Inner vs Rest -,308 -,125 -,254 ,086 ,039

AdSize ,056 ,051 -,345 -,104 -,042

percentage ,153 -,551 -,079 ,052 ,197

A&Rest ,439 ,581 ,138 ,260 ,052

Model

Correlations1

Coefficient Correlationsa

 

Table L.15a: Correlations Model 3E (part 1) 

Holiday3

WP vs 

Normal

Inner vs 

Rest AdSize

percentag

e A&Rest

Holiday1 ,291 ,346 -,308 ,056 ,153 ,439

R&Rest -,069 ,347 -,125 ,051 -,551 ,581

Special vs Regular folder ,185 ,036 -,254 -,345 -,079 ,138

R&XfY ,143 ,128 ,086 -,104 ,052 ,260

SundayOpening ,182 ,132 ,039 -,042 ,197 ,052

Holiday3 1,000 ,066 -,128 -,014 ,202 ,166

WP vs Normal ,066 1,000 -,072 ,138 ,244 ,558

Inner vs Rest -,128 -,072 1,000 -,131 -,005 -,216

AdSize -,014 ,138 -,131 1,000 ,225 -,193

percentage ,202 ,244 -,005 ,225 1,000 -,162

A&Rest ,166 ,558 -,216 -,193 -,162 1,000

Model

1 Correlations

Coefficient Correlationsa

 

Table L.15b: Correlations Model 3E (part 2) 
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L.4. Model 4C 

 

Model R R Square

Adjusted R 

Square

Std. Error of 

the Estimate

1 ,645a ,417 ,381 ,88959438

Model Summaryb

a. Predictors: (Constant), LN_Length, LN_BattType5, 

LN_FOLDERPRIJS, LN_WPHit, LN_Page3, LN_BattType3, 

LN_BattType4, LN_WP, LN_Special, LN_BattType2, LN_Holiday1, 

LN_Category, LN_AdSize, LN_Holiday3, LN_Sunday, LN_X_for_Y, 

LN_Page2, LN_Percentage

b. Dependent Variable: LN_Yabs4C
 

Table L.16: Model summary model 4C 

Sum of 

Squares df Mean Square F Sig.

Regression 167,251 18 9,292 11,741 ,000a

Residual 234,248 296 ,791

Total 401,499 314

ANOVA
b

Model

1

a. Predictors: (Constant), LN_Length, LN_BattType5, LN_FOLDERPRIJS, LN_WPHit, 

LN_Page3, LN_BattType3, LN_BattType4, LN_WP, LN_Special, LN_BattType2, LN_Holiday1, 

LN_Category, LN_AdSize, LN_Holiday3, LN_Sunday, LN_X_for_Y, LN_Page2, LN_Percentage

b. Dependent Variable: LN_Yabs4C
 

Table L.17: ANOVA Table model 4C 

Standardized 

Coefficients

B Std. Error Beta Zero-order Partial Part Tolerance VIF

(Constant) 8,758 2,326 3,765 ,000

LN_Category -1,952 ,394 -,264 -4,953 ,000 -,302 -,277 -,220 ,693 1,443

LN_BattType2 ,379 ,343 ,056 1,104 ,270 ,101 ,064 ,049 ,768 1,303

LN_BattType3 -2,685 ,402 -,321 -6,682 ,000 -,239 -,362 -,297 ,854 1,171

LN_BattType4 -2,614 ,398 -,316 -6,572 ,000 -,246 -,357 -,292 ,853 1,173

LN_BattType5 -,166 ,400 -,020 -,416 ,678 ,086 -,024 -,018 ,845 1,183

LN_FOLDERPRIJS ,287 ,136 ,103 2,101 ,036 ,006 ,121 ,093 ,820 1,220

LN_Percentage -3,325 ,706 -,582 -4,713 ,000 -,380 -,264 -,209 ,129 7,730

LN_X_for_Y -,028 ,605 -,005 -,047 ,962 ,313 -,003 -,002 ,168 5,939

LN_AdSize -,285 ,336 -,084 -,846 ,398 ,061 -,049 -,038 ,199 5,027

LN_Page2 2,023 ,785 ,220 2,578 ,010 ,031 ,148 ,114 ,272 3,680

LN_Page3 1,027 ,543 ,137 1,890 ,060 ,020 ,109 ,084 ,376 2,662

LN_WPHit 2,327 1,447 ,123 1,608 ,109 -,052 ,093 ,071 ,336 2,977

LN_WP -,421 ,463 -,075 -,909 ,364 ,258 -,053 -,040 ,288 3,466

LN_Special ,493 ,414 ,088 1,192 ,234 -,026 ,069 ,053 ,358 2,790

LN_Holiday1 -,164 ,403 -,027 -,408 ,684 ,049 -,024 -,018 ,450 2,223

LN_Holiday3 -,263 ,594 -,035 -,443 ,658 ,078 -,026 -,020 ,325 3,081

LN_Sunday ,250 ,561 ,035 ,446 ,656 ,027 ,026 ,020 ,319 3,134

LN_Length 1,609 ,633 ,197 2,540 ,012 -,076 ,146 ,113 ,329 3,037

Collinearity Statistics

Coefficientsa

Model

Unstandardized 

Coefficients

t Sig.

Correlations

1

a. Dependent Variable: LN_Yabs4C  

Table L.18: Coefficients model 4C 



 

Toleranc

e VIF

Minimum 

Tolerance

1 LN_TIP .
a . . . ,000 . ,000

Collinearity Statistics

Excluded Variablesb

Model Beta In t Sig.

Partial 

Correlatio

n

a. Predictors in the Model: (Constant), LN_Length, LN_BattType5, LN_FOLDERPRIJS, LN_WPHit, LN_Page3, 

LN_BattType3, LN_BattType4, LN_WP, LN_Special, LN_BattType2, LN_Holiday1, LN_Category, LN_AdSize, 

LN_Holiday3, LN_Sunday, LN_X_for_Y, LN_Page2, LN_Percentage

b. Dependent Variable: LN_Yabs4C
 

Table L.19: Excluded variable model 4C 

LN_Yabs4C LN_Category LN_BattType2 LN_BattType3 LN_BattType4 LN_BattType5

LN_FOLDE

RPRIJS

LN_Percentag

e

LN_Yabs4C 1,000 -,302 ,101 -,239 -,246 ,086 ,006 -,380

LN_Category -,302 1,000 ,109 -,022 -,001 -,001 ,261 ,330

LN_BattType2 ,101 ,109 1,000 -,200 -,203 -,203 -,201 ,106

LN_BattType3 -,239 -,022 -,200 1,000 -,148 -,148 ,046 -,068

LN_BattType4 -,246 -,001 -,203 -,148 1,000 -,150 ,054 -,056

LN_BattType5 ,086 -,001 -,203 -,148 -,150 1,000 -,024 -,056

LN_FOLDERPRIJS ,006 ,261 -,201 ,046 ,054 -,024 1,000 -,018

LN_Percentage -,380 ,330 ,106 -,068 -,056 -,056 -,018 1,000

LN_X_for_Y ,313 -,262 -,126 ,080 ,068 ,068 ,105 -,872

LN_AdSize ,061 -,134 ,032 -,030 -,030 -,030 -,071 -,344

LN_Page2 ,031 ,042 -,023 ,030 ,026 ,026 ,069 ,143

LN_Page3 ,020 ,002 ,058 -,041 -,045 -,045 -,063 ,261

LN_WPHit -,052 ,331 ,026 ,007 ,006 ,006 -,009 ,190

LN_WP ,258 -,294 -,103 ,057 ,048 ,048 ,016 -,720

LN_TIP ,076 -,094 -,031 ,017 ,015 ,015 ,015 -,165

LN_Special -,026 ,109 ,044 -,018 -,026 -,026 -,026 ,213

LN_Holiday1 ,049 -,002 -,005 ,001 -,005 -,005 ,024 -,049

LN_Holiday3 ,078 -,036 -,038 ,017 ,013 ,013 -,016 -,221

LN_Sunday ,027 -,024 ,005 -,012 -,016 -,016 -,009 ,170

LN_Length -,076 ,094 ,031 -,017 -,015 -,015 -,015 ,165

Pearson 

Correlation

Correlations

 

Table L.20a: Correlations Model 4C (part 1) 
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LN_X_for_Y LN_AdSize LN_Page2 LN_Page3 LN_WPHit LN_WP LN_TIP LN_Special LN_Holiday1 LN_Holiday3 LN_Sunday LN_Length

LN_Yabs4C ,313 ,061 ,031 ,020 -,052 ,258 ,076 -,026 ,049 ,078 ,027 -,076

LN_Category -,262 -,134 ,042 ,002 ,331 -,294 -,094 ,109 -,002 -,036 -,024 ,094

LN_BattType2 -,126 ,032 -,023 ,058 ,026 -,103 -,031 ,044 -,005 -,038 ,005 ,031

LN_BattType3 ,080 -,030 ,030 -,041 ,007 ,057 ,017 -,018 ,001 ,017 -,012 -,017

LN_BattType4 ,068 -,030 ,026 -,045 ,006 ,048 ,015 -,026 -,005 ,013 -,016 -,015

LN_BattType5 ,068 -,030 ,026 -,045 ,006 ,048 ,015 -,026 -,005 ,013 -,016 -,015

LN_FOLDERPRIJS ,105 -,071 ,069 -,063 -,009 ,016 ,015 -,026 ,024 -,016 -,009 -,015

LN_Percentage -,872 -,344 ,143 ,261 ,190 -,720 -,165 ,213 -,049 -,221 ,170 ,165

LN_X_for_Y 1,000 ,284 -,094 -,264 -,165 ,634 ,189 -,132 ,107 ,274 -,102 -,189

LN_AdSize ,284 1,000 -,721 ,093 -,323 ,315 -,445 ,311 -,031 ,022 -,253 ,445

LN_Page2 -,094 -,721 1,000 -,150 -,051 -,305 ,617 -,319 ,079 -,146 ,189 -,617

LN_Page3 -,264 ,093 -,150 1,000 -,067 -,179 -,092 ,247 ,364 ,111 ,510 ,092

LN_WPHit -,165 -,323 -,051 -,067 1,000 -,137 -,031 ,159 -,098 ,347 -,072 ,031

LN_WP ,634 ,315 -,305 -,179 -,137 1,000 -,188 -,117 -,228 ,357 -,222 ,188

LN_TIP ,189 -,445 ,617 -,092 -,031 -,188 1,000 -,197 ,318 -,090 ,432 .

LN_Special -,132 ,311 -,319 ,247 ,159 -,117 -,197 1,000 ,049 -,290 ,295 ,197

LN_Holiday1 ,107 -,031 ,079 ,364 -,098 -,228 ,318 ,049 1,000 -,283 ,505 -,318

LN_Holiday3 ,274 ,022 -,146 ,111 ,347 ,357 -,090 -,290 -,283 1,000 -,209 ,090

LN_Sunday -,102 -,253 ,189 ,510 -,072 -,222 ,432 ,295 ,505 -,209 1,000 -,432

LN_Length -,189 ,445 -,617 ,092 ,031 ,188 . ,197 -,318 ,090 -,432 1,000

Pearson 

Correlation

Correlations

 

Table L.20b: Correlations model 4C (part 2) 



 

Appendix M: Regression Assumptions Model 3 

In this appendix, the assumptions underlying regression analysis are assessed for model 3. The 

following plots used here. 

 

 

 

 

 

Figure M.1: Standardized residuals vs. 

standardized predictions Model 3E 

 

Figure M.2: Normal Probability plot Model 3E

 

Linearity 

This is checked by inspecting the scatterplot of the standardized residuals vs. the standardized 

predictions, which is depicted below. The picture does not show a perfect random pattern, which 

would show an equal spread around zero.  

Homoscedasticity 

This is concerned with the equality of the variance in the errors. It is hard to make judgements about 

this assumption, due to the small sample. It can also be checked in the scatterplot of figure M.1. 

However, it can be observed that to the right of the picture, the variance becomes larger, which 

points at imperfections in terms of this assumption. 

Independence of error terms 

No sequencing variables are found in this model. 

Normality of the error term distribution 

The final assumption is assessed by inspecting the normal probability plot for the residuals. This is 

depicted below. It can be observed that the residuals do seem to follow the straight line of the 

perfect normal distribution. Hence, they show conformance to the normality assumption, although 

there are some deviations. 
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Appendix N: Model Performance 

In this appendix, the results of model testing and validation are presented for each model separately 

in a table. Each model is evaluated on the performance criteria mentioned in the text. 

 

- Model 3E is not validated due to the small sample 

- For each model, the criteria are presented for the full model (to the left of the table) as well 

as the significant model (to the right of the table). 

- Models 1, 2, and 4 are tested using two split samples. These samples are drawn from the 

original sample by instructing SPSS to draw random samples, where each test sample should 

contain about 50% of the observations. 

- For each model the sizes of the respective samples are presented in the table (N). For model 

2, the build samples for the full and the significant models differ on their sizes. This is due to 

the fact that in the significant model, the variable DiscountPercent is excluded. This variable 

had 6 cases with missing data, which were excluded in the original model. 

 

Model

Sample BUILD Sample TEST 1 TEST 2 BUILD Sample TEST 1 TEST 2

R2 0,536 0,573 0,582 0,520 0,536 0,534

Adj. R2 0,510 0,523 0,529 0,507 0,512 0,508

MAPE 75,792 66,032 73,461 77,405 72,836 74,979

SAPE 161,563 134,989 114,524 182,097 209,650 120,753

VC 2,132 2,044 1,559 2,353 2,878 1,611

N 278 144 134 278 144 134

Full 1C Significant 1C

 

Table N.1: Performance Criteria Model 1C 

Model

Sample BUILD Sample TEST 1 TEST 2 BUILD Sample TEST 1 TEST 2

R2 0,615 0,691 0,634 0,566 0,592 0,569

Adj. R2 0,570 0,598 0,549 0,549 0,555 0,538

MAPE 66,291 45,076 73,490 71,944 51,023 84,999

SAPE 149,752 43,251 156,302 184,209 66,002 232,853

VC 2,259 0,960 2,127 2,560 1,294 2,739

N 272 122 150 278 122 150

Full 2C Significant 2C

 

Table N.2: Performance Criteria Model 2C 

Model Full 3E Significant 3E

Sample BUILD Sample BUILD Sample

R2 0,469 0,300

Adj. R2 0,215 0,257

MAPE 65,775 84,545

SAPE 150,918 195,929

VC 2,294 2,317

N 35 35  

Table N.3: Performance Criteria Model 3E 
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Model

Sample BUILD Sample TEST 1 TEST 2 BUILD Sample TEST 1 TEST 2

R2 0,417 0,316 0,528 0,369 0,301 0,465

Adj. R2 0,381 0,281 0,464 0,354 0,269 0,439

MAPE 115,535 132,238 81,256 125,238 145,673 93,071

SAPE 339,511 382,057 191,329 362,877 406,353 249,387

VC 2,939 2,889 2,355 2,897 2,789 2,680

N 315 163 152 315 163 152

Full 4C Significant 4C

 

Table N.4: Performance Criteria Model 4C 

The following figures present scatterplots or observations and predicted values, as well as forecast 

errors. Scales have been removed from the figures, for confidentiality reasons. 
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Figure N.1: Predictions vs Observations 1C 
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Figure N.2: Predictions vs Observations 2C 
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Figure N.3: Predictions vs Observations 3E 
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Figure N.4: Predictions vs Observations 4C 
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Figure N.5: Percentage Errors Model 1C 

-2500

-2000

-1500

-1000

-500

0

500

P
e

rc
e

n
ta

ge
 e

rr
o

r

Yabs (observed)

Model 2C

Model 2C

Figure N.6: Percentage Errors Model 2C 
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Figure N.7: Percentage Errors Model 3E 
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Figure N.8: Percentage Errors Model 4C 
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