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Abstract 
A Customer Demand Manager (CDM’s) at P&G, which is a logistic function in a sales team and 

responsible for the promotional forecast, spends nowadays too much time to create a good 

forecast for promotional products. In this research a method is developed, which 

simultaneously reduce time spent on preparing a forecast and increase the forecast accuracy. 

To get insights about the influence of both improvements on the costs, calculations are 

executed to understand were in the organization costs can be saved by decreasing the needed 

labour time and improving the forecast accuracy.  

 

With use of a multiple regression analysis, which is a method used to predict a variable based 

on information from other variables, the forecast accuracy of products in promotion at P&G 

is improved. Furthermore, a data filtering tool is introduced to reduce the time to prepare a 

forecast for the CDM’s. The saved time of the CDM’s can be used to further improve the 

forecast accuracy or other automatization projects. The first step, needed for the regression 

analysis, was to introduce variables which influence the dependent variable of the model. 

However, there are still two options for the dependent variable, which focuses on the sales 

height of a promotion. The absolute promotional sales of the manufacturer to the retailer can 

be chosen as well as the Lift Factor (LF) of the promotional sales (Cooper et al., 1999; Wittink, 

Addona, Hawkes, & Porter, 1998). When more customers and product categories are 

considered in scope, an absolute value as dependent variable can have major abnormalities. 

The LF does not suffer from this problem and can be calculated by dividing the promotional 

shipments to the retailer by the baseline shipments to the retailer. This results in a value 

based on the baseline volume what makes it possible to use it across different retailers and 

products. With use of the independent variables and the shipment pattern, which describes 

when how much of a promotion is being shipped, the forecast accuracy is improved. The most 

important independent variables in this research are the percentual price discount, the 

previous promotions, and the forecast of the retailer. Considering the transportation costs, 

inventory costs, lost sales, procurement costs, and production costs, the cost savings for one 

supply chain at P&G for the first year are calculated with use of theoretical formulas and 

simulations. The cost savings were minimal, however the time savings per week for a CDM or 

Business Planner (BP, active in the Planning Service Center in Warsaw) and the improvement 

of the forecast accuracy are worth mentioning. For CDM’s and BP’s on average an hour per 

week can be saved and the forecast accuracy can be improved with 0,9% by implementing 

the introduced variables. 

 

 

  



 

IV 
 

Executive Summary 
The main reason why businesses are forecasting is to be prepared. An accurate forecast 

makes it possible to get insights about future demand of the customer and anticipate on this 

uncertainty. Examples are to estimate what and how much to order by suppliers and to 

estimate whether the manufacturing capacity is large enough to meet demand. Without a 

forecast it will be unable to create a good estimate and to fulfill demand (Hanke, Reitsch, & 

Dean, 2001). Many current forecasting processes have as aim to predict the demand of the 

shopper and are based from a retailer point of view. However, the problem for P&G, which is 

a manufacturer, is how to improve the forecast of the retailer demand of products in 

promotion. Since a manufacturer has another position in the supply chain then a retailer has, 

the forecasting techniques are completely different. For manufacturers it will be more 

complex to predict the retailer demand, because more factors, for example the retailer 

forecast, need to be considered, which results in a higher uncertainty level. The increase in 

uncertainty ensures that more variables can influence the forecast and it will be more 

complicated to improve the forecast accuracy for manufacturers (Williams & Waller, 2010). 

With use of a multiple regression analysis, which is a method used to predict a variable based 

on information from other variables, will be tried to improve the forecast accuracy of products 

in promotion at P&G. Besides the fact that the forecast accuracy is too low at P&G, the time 

employees need to prepare data for the forecast is too high. A lot of data is available; 

however, it is not clear which data is relevant for creating a good forecast in a minimal amount 

time. Both topics, time and relevance, will be considered in this research, and per department 

the cost savings will be calculated to get insights about the impact of a better forecast per 

department. These problems together result in the following research question:  

 

How can P&G optimize its costs by improving to an accurate promotional forecast and 

saving labour time? 

 

To answer this question information from various stakeholders in the supply chain is needed. 

This project is executed at the customer logistics sub-department of P&G and more specific 

for the Customer Demand Managers (CDM’s). However, other (sub-)departments as sales, 

transport, production, and procurement are involved in the project. Some of these 

departments are located in the planning service center (PSC) in Warsaw or in the plant. 

 

For the most realistic model all customers and product categories will be added to the model. 

However, due to data availability and time limits the model is based on 4 customers and 4 

categories. The selection process is based on different customers and category characteristics 

which influence the forecast accuracy and time to prepare a forecast directly, and the cost 

savings indirectly. Within mind that the focus of this research is promotions (displays out of 

scope), The Netherlands is chosen as region to focus on in this research, although enough 

information about Belgium is available. In Belgium, they work with coupon promotions and 

the variety of promotions in the market is extremely high due to the lowest price guarantee 

of one of P&G’s customers in Belgium. For this reason, is decided to focus only on the Dutch 
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market. All needed data is gathered for the full year 2018 and the validation is executed on 

data from the first 12 weeks of 2019. 

 

The current way of forecasting of P&G is mainly based on the intuition of the CDM, also called 

judgmental forecasting. However, the aim of this project is to introduce a quantitative model 

which can be used together with managerial expert judgment. Blattberg & Hoch (1990) did 

research on the performance of forecasting models, managerial intuition and the 

combination of both. They concluded that a combination of both techniques results in the 

best performance. Next to the judgmental methods which are used nowadays at P&G, there 

are two other methods according to Makridakis (1988). These are time series analysis and 

explanatory methods. Because the focus of this research is on promotions, which occur 

infrequently, and a time series analysis requires long series of data to create a good 

prediction, the time series analysis cannot be used. On the other hand, the explanatory 

method tries to explain a dependent variable based on independent variable(s). Were the 

second step of this research aims to find the variables which influence the promotional 

forecast of the manufacturer, this method can be used. More specific the multiple regression 

analysis will be used as prediction model, which is a typical explanatory method.  

 

In the multiple regression analysis, variables as percentual price discount, the previous 

promotions and the forecast of the customer will be introduced to predict the dependent 

variable. The dependent variable, which is in this research the lift factor (LF) of a promotion, 

tries to predict the retailer demand. Because more customers and product categories are 

considered in scope, an absolute value as dependent variable can have major abnormalities. 

The LF does not suffer from this problem and can be calculated by dividing the promotional 

sales to the retailer by the baseline shipments to the retailer. This makes it possible to 

compare promotions across retailers and products.  

 

Before the multiple regression analysis is executed, thresholds will be used to filter on 

relevant data to create an accurate forecast in a minimal amount of labour time. Based on 

the literature review and interviews is concluded that two different thresholds are considered 

to filter data. These thresholds are volume and volatility. Due to a lack of data, other 

thresholds based on, for example profitability and lead time are not taken into account. To 

gather insights about the different thresholds, 9 datasets have been created with thresholds 

and 1 without thresholds, which is the complete data set. These datasets will be compared 

with each other based on forecast accuracy and the labour time that can be saved. To make 

the findings more valuable for P&G and increase the understandability of what the results can 

add in reality, time and forecast accuracy will be converted to costs. Time savings indirectly 

result in cost savings if the investment, in this case a new model, is efficient. Furthermore, an 

increase in forecast accuracy results in costs savings for multiple departments in the 

organization. The cost savings are based on inventory costs, transportation costs, 

procurement costs, production costs, and lost sales. The costs savings are calculated for the 

first year.  
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Logically can be concluded that introducing the thresholds results in more homogeneous 

datasets what makes it easier to predict the dependent variable. The adjusted R-square 

differs between 0,2141 and 0,2739 and the MAPE differs between 28.6% and 33,4%. 

Comparing the 9 different datasets based on forecast accuracy improvement and time 

savings, can be concluded that subset 8 is the most valuable dataset to introduce. Only subset 

9, which generates more time savings, is approaching subset 8. The cost savings are relatively 

low, however the time savings of approximately 1 hour a week for the Business Planners 

(BP’s) and CDM’s, realized by the new introduced thresholds, can be used to further improve 

the forecast accuracy. Furthermore, it is important to realize that this analysis is only executed 

for one supply chain in the Netherlands. The transport cost savings are around €6800 per 

year, and the lost sales savings are €22000 per year. In Figure 0-1, the cost savings are shown. 

Thereafter 2 adaptations are introduced to learn more about the variable “Position in Store” 

and the retailer characteristics. It can be concluded that the position in store is a good variable 

to predict the dependent variable. Furthermore, it is important to consider the characteristics 

of a retailer by predicting the retailer demand.  

Figure 0-1 Overview Cost Savings (subset 8 vs subset 9) 

Most of the variables in the model where significant and with use of the validation set could 

be concluded that the model can also be used for other periods. Running the complete 

dataset in the multiple regression analysis the forecast accuracy will be 66,6% (MAPE: 33,4%) 

and the adjusted R-Square will be 0,2141. However, based on time and forecast accuracy (and 

keep the service level high enough) is concluded that dataset 8 is the most valuable dataset 

to introduce for saving costs. By introducing dataset 8, 32,9% of the data can be filtered out 

and a forecast accuracy of 71,4% (MAPE: 28,6%) is achieved. The adjusted R-Square is 0,2483. 

The performance of the model is only based on the filtered dataset. Comparing both values, 

the forecast accuracy and the R-Square, with the current forecasting method using dataset 8, 

an improvement will be realized. Based on the results a list with recommendations is created. 

For the short term, the variable “Position in Store” and thresholds need to be introduced to 

improve the forecast accuracy and save labour time. The most important long-term changes 

are to switch from a judgmental to a combined forecasting method and to create a database 

with as starting point the most important variables from this research. 

 

In future research new variables can be introduced to improve the forecast accuracy. Two 

extreme valuable variables are the stock level at the retailer DC and the amount of forward 

buy. However, as long as this information will not be shared with P&G, other variables need 

to be included in the regression analysis to predict the retailer demand. Furthermore, in this 

research it is assumed that historical demand is a good representation of future demand. 

However, unexpected changes in the order behavior of the retailer, or changes in the buying 

behavior of the shopper can influence the demand extremely.  

Dataset Subset 8 Subset 9 

Savings Time (in €)  €1.046,26 €1.435,40 

Savings Lost Sales (in €) €22.219,53 €18.133,10 

Savings Transportation Costs (in €) €6.828,03 €4.980,91 

Total (in €) €30.093,82  €24.549,41  
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The most important gap considered in this research is based on forecast accuracy and time in 

relation with costs from a manufacturer point of view. This study attempted to approach the 

cost savings on a general way based on an increase of the forecast accuracy and labour time 

savings. The structure of these cost calculations can be used in other researches; however, 

many assumptions are made to consider all characteristics of P&G. Cost calculations based on 

a forecast accuracy improvement are very complex and different per company. The same 

counts for the time savings, per company the opportunities are different for saving labour 

time. All in all, can still be concluded that the calculations included in the model give a good 

estimation for the cost savings that can be realized in the first year for P&G. 
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Phase 1: Project Definition 
1. Introduction 
1.1 Company Description 

P&G is founded in 1837 by William Procter and James Gamble in Cincinnati, where they 

started with their candle and soap business. Their first big brand was Ivory, which is a 2-in-1 

soap. In 182 years, P&G has grown into a worldwide multinational and operates in 

approximately 80 countries with more than 120.000 employees. As one of the leading 

companies in the fast-moving consumer goods (FMCG) sector, their portfolio consists of 

brands in the family care, beauty, home care, health care and grooming areas with customers 

in more than 180 countries. In Table 1-1 the main brands of P&G are shown per category. In 

this millennium the focus of P&G is primarily based on the extension of the biggest brands of 

the company with as goal to increase its dividend towards shareholders (P&G, 2018). 

According to their annual report in 2018 they generate $66.8 billion in sales per year (P&G, 

2018). In each category many competitors are challenging P&G’s market position, with as 

main competitors Henkel, Colgate-Palmolive, and Unilever. The FMCG sector is a competitive 

market with low margins on their products. Therefore, continuous improvements throughout 

the entire organization are needed to compete with other FMCG suppliers.  

 
Table 1-1 Categories and Main Brands of P&G 

Since 1964 P&G has a location in the Netherlands based in Rotterdam, approximately 140 

people work here on sales, finance, human resources, marketing and supply chain. Selling 

Market Organization France Benelux (SMO FBNL) consists of 5 different departments. These 

are Sales, Supply Network Operations (SNO), Marketing, Human Resources (HR), and Finance. 

The SNO department, where this thesis will be executed, consists of 4 different departments. 

These are customers service, market planning, customer logistics, and customization. The 

structure of SMO FBNL is given in Figure 1-2. This project will be executed in the customer 

logistics sub-department and more specific for the CDM’s. This department has as main to 

optimize the promotional forecast created by SMO FBNL. Typically, the projects executed in 

this department are in cooperation with customers and can be provided by the customer 

(reactive) or P&G has an idea for improvement (proactive).  

 
Figure 1-2 Organizational overview of Selling Market Organization France Benelux 
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Next to SMO FBNL, another relevant part of the organization for this research is the Planning 

Service Center (PSC). In Europe the PSC is located in Warsaw, where they are responsible for 

all forecasts of P&G. Production and replenishment planning’s for the manufacturing plants 

and Distribution Centers (DC) will be made here. Furthermore, the analysis about promotions 

will be executed here what makes it a key responsibility for the CDM’s to share accurate data 

with the PSC. When it comes to data for promotions, P&G calls it business intelligence (BI). 
 

1.2 Problem context 

Most of the current forecasting processes have as aim to predict the demand of the shopper 

and take the perspective of the retailer. However, the question for P&G, which is a 

manufacturer, is how to improve the forecast of the retailer orders of products in promotion. 

Since a manufacturer has another position in the supply chain then a retailer, the forecasting 

techniques are completely different. For manufacturers it will be more complex to predict the 

retailer demand, because more factors, for example the retailer forecast, need to be 

considered, which results in a higher uncertainty level.  The increase in uncertainty ensures 

that more variables can influence the forecast and it will be more complicated to improve the 

forecast accuracy for manufacturers (Williams & Waller, 2010).  
 

Besides the fact that the forecast accuracy is too low at P&G, the time employees need to 

prepare data (Business Intelligence – BI) for the forecast is too high. A lot of BI is available; 

however, it is not clear which data is relevant to obtain the most accurate forecast. Both 

subjects, time to prepare a forecast and the relevance of BI, will be considered in this research 

with the goal to decrease the labour time. To understand what the effect of both 

improvements are, the cost savings per subject will be calculated.  
 

1.3 Report Outline 

To keep the report structured and easy to read, the cycle of Van Strien (1997) is used. The 

first phase is the project definition where the problem will be introduced, the research 

questions will be formulated, and the scope will be defined. This phase creates a starting point 

and is essential to keep overview of the research. In the second phase the design of the 

research will be created based on the information gathered in phase 1. The first analyses will 

be executed and the hypothesizes will be formulated. The third phase consists of the results 

of the research. In the fourth phase, which is the model adaptation phase, the characteristics 

of the retailers and a new variable will be discussed. 

Besides, a sensitivity analysis will be executed. The fifth 

and last phase is the recommendation, implementation 

and conclusion phase. To make this research more 

useful for P&G, there will be explained how the results 

can be implemented in P&G’s processes. The report 

ends with a discussion about the needs described in 

phase 1. Figure 1-3 Cycle of van Strien (van Strien, 1997)  
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1.4 Summary Literature Review 

In literature, most of the developed forecasting methods are retailer based. However, in some 

aspects there are differences between manufacturer and retailer models. These differences 

resulted in the question if it is a disadvantage or an advantage to be a manufacturer (van der 

Poel, 2010a). One of these differences is that a manufacturer is focused to forecast the retailer 

orders and the retailer is forecasting the demand of his consumers. According to van der Poel 

(2010) a model used for consumer demand cannot be used to forecast the retailer orders 

without adaptations.  

 

In recent decades, a huge amount of forecasting models are developed with as main focus to 

improve the data and forecast accuracy (Gruen, Corsten, & Bharadwaj, 2002). Some of these 

academic models are used in practice, where SCAN*PRO (Wittink et al., 1998) and PromoCast 

(Cooper et al., 1999) are the most interesting ones to forecast promotions for retailers. Those 

models are both based on one dependent variable and many different independent variables, 

such as advertisement, displays, product history etcetera. However, little research has been 

conducted in the field of promotional forecasts for manufacturers. According to van Loo 

(2006) and van der Poel (2010) the Lift Factor (LF) of a promotion is an interesting dependent 

variable to improve promotional forecasts. All these models are in general focused on non-

perishable products. A reason could be the more stable demand, the limited life time, and the 

relatively small assortment of perishable products. This makes it more important for 

promotions of non-perishables to create an accurate forecast (Thron, Nagy, & Wassan, 2007). 

Furthermore, the focus of the research of van der Poel (2010) is based on sell-outs and not 

sell-ins, which is the focus of this research. 

 

In general, there are three types of forecasting methods, qualitative forecasting techniques, 

time series analysis, and causal models (Chambers, Mullick, & Donald, 1971). Qualitative 

techniques are used when the available data to forecast is minimal. Rating schemes and 

manual touch make it possible to create quantitative estimates with the use of qualitative 

information. Examples are the Delphi Method and Market Research. The Delphi method is 

based on the idea that unstructured groups give more inaccurate forecasts then a structured 

group of individuals (North & Pyke, 1969). The market research is a formal, conscious, and 

systematic procedure for testing hypothesizes about specific markets. The time series analysis 

focuses on historical data and is looking for patterns in the data. Examples are Moving 

Average and Exponential Smoothing, where exponential smoothing is an extension on the 

moving average. These methods are useful when the patterns or tendencies can be described 

without taking into account the factors that affect the variable to forecast (K. C. Green & 

Armstrong, 2012). Lastly, predictive models use specific information and takes special events 

into account to create a forecast. This model takes everything into account and utilizes 

predictions of events that are related to the system, competitive actions and promotions are 

examples (Chase, 1997; S. B. Green, 1991). The current promotion forecasting process of P&G 
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is a combination of the manual touch and a specific time series analysis. With use of the most 

recent data (get more weight) and experimental judgment, a forecast for the next period will 

be made. 

 

If a trade-off is made between data preparation and the accuracy of forecasts, the multiple 

regression analysis is a good method to decide which independent variables influences a 

dependent variable. Furthermore, different datasets with thresholds can be set to filter on 

relevant data, which creates an opportunity to save time. A usable factor included in the 

multiple regression analysis, developed by van Loo (2006), is the LF. Which considers the 

increase in sales during promotions. The LF is the uplift due to a promotion compared with 

the baseline shipments. Examples of variables used in these models are the sales history of 

the promotion, the price discount, regular price and if the sales will be influenced by the 

season. 

1.5 Gaps in Literature 

In the literature study, executed in preparation for this research, multiple gaps where found 

in literature which focuses on promotion forecasting from a manufacturers point of view. In 

this sub-chapter the gaps discussed in the literature review are listed.  

▪ Currently P&G is working with a judgmental forecasting technique to minimize their out-

of-stocks and leftovers. However, the forecast accuracy of promotional products is too 

low. On average their forecast is too high which results in leftovers. Secondly, the time 

they spend to prepare their data to create a forecast is too long. Lastly, not all data used 

to create a forecast is relevant. With use of thresholds the relevant BI can be selected, 

what minimizes the preparation time for a forecast. New in this research is that not only 

will be attempted to optimize the forecast accuracy, but also the factor time (which 

includes relevance) will be included. This makes it possible to consider, both time and 

forecast accuracy by optimizing the cost savings with use of only relevant data, what 

makes this the most important addition to literature of this research. 
 

▪ Furthermore, when time and forecast accuracy will be included in a new model, criteria 

and thresholds are needed to decrease the time needed to prepare relevant data and 

increase the promotional forecast accuracy. In literature a lot of research is done about 

criteria based on sell-outs1, for example van der Poel (2010), which listed 53 different 

criteria with a possible influence on demand of promotional products. However, the 

focus of that research was what the shopper buys (sell-outs) and from the retailer’s point 

of view (van den Heuvel, 2009; van der Poel, 2010a; van Loo, 2006). Their goal was to 

find variables which influences promotional sales. In this research new variables, which 

                                                           
 

1 Sell-out based research: Research which focuses on selling out products to the customer (from retailer) 
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influence the promotional forecast, will be introduced from the manufacturers point of 

view (sell-in2 based). In literature these variables are categorized as internal variables 

and can be controlled by managerial decisions (in this case for the manufacturers 

forecast). New criteria, which are interesting for the manufacturer but not for the retailer 

will be added on the current list of variables and research will be done about the impact 

of these criteria on the forecast. One example criterion, which is sell-in based, could be 

the forecast of the retailer. 
 

▪ The third gap focuses on the statistical and promotional forecast P&G makes use of. A 

lot of the products that will be produced have a small demand and have a high availability 

in the distribution centers. Research will be done to learn more about the impact of 

leaving out specific Stock Keeping Units (SKU’s) in the promotional forecast. These SKU’s 

have a small impact on the complete forecast, however it takes a lot of time to prepare 

the data to make a forecast for that specific SKU. In literature-based research all data will 

be used, however due to the more practical way of working of P&G, it could be an 

addition to improve the balance between time spend to prepare a forecast, relevant 

data, and the forecast accuracy.  
 

▪ Lastly, most of previous research, based on manufacturers, does not contain details of 

the customers, this research will zoom in on customer specific characteristics (Derks, 

2015; van der Poel, 2010a; van Loo, 2006). More insights will be gathered about the 

differences between retailers for creating a manufacturer based promotional forecast. 

The characteristics of the retailers will be used as moderators in the regression analysis 

to see if they influence the relation between the dependent and independent variable. 

 

2. Problem Definition 
2.1 Management Dilemma 

In 2018 there was a reorganization at P&G FBNL which resulted in an impactful change where 

category managers across the three countries were replaced by dedicated CDM’s by country. 

Next to that, P&G implemented a new system to transfer BI towards the Planning Service 

Center (PSC) in Warsaw. As local selling organization one of the key responsibilities is to share 

accurate BI which is used for the financial and supply planning. By P&G BI refers 

to promotional events which represents the data they submit towards the PSC. Within this 

context they face several challenges: 

▪ Accuracy: The promotional forecasts are inaccurate, what resulted in an accuracy 

which is too low, due to several reasons.  

▪ Time: Too much time is invested to prepare all data to make forecasts. 

                                                           
 

2 Sell-in based research: Research which focuses on the products a manufacturer is selling into the retailer 
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▪ Relevance (related to time): All data used to prepare a forecast will be shared with 

the PSC what creates a lot of extra work. To reduce this data overload, it needs to be 

explored which data is relevant and should be used and which data is not useful. 

 

From a higher point of view in the organization (management) different variables can be 

influenced by the factor’s accuracy and time. These variables are linked to the supply chain 

triangle, which is a practical framework to balance cost (margin), cash and service (sales) in 

an organization (Wilding, 1998). These different types are based on the service delivered to 

the customers, which involves costs and requires inventory, more generically, cash. The goal 

of the supply chain triangle is to maximize the shareholder value via sustainable growth. P&G 

is also working with this framework with as goal to maximize the O-TSR, which stands for 

Operating Total Shareholder Return. The time which can be saved in this research is related 

to all three parts of the triangle, what makes it possible to improve the O-TSR. When time can 

be saved, margins can be improved, and more cash will be available. Furthermore, the sales 

can rise since the same can be done in less time. On the other hand, when the forecast 

accuracy can be improved, the service (sales) and cash positions can be improved, because 

transportation costs and lost sales can be reduced, and the sales will rise due to a decrease in 

lost sales.  

 

In Figure 2-1 the data flow from SMO FBNL to the PSC in Warsaw is shown. If the overload of 

data can be reduced it will be less complicated to create the final forecast for the PSC and the 

time spend to prepare all data will be reduced for both. 

 

 

 

 

 

 

 

 

 

Where the management focuses on improving the forecast accuracy and labour time 

(relevance included), there are more causes why the promotional forecasts can be inaccurate. 

These are already discussed by Teeuwen (2019a) and must be kept in mind during this 

research.  

 

2.2 Research Questions 

As mentioned, P&G staffed differently with as goal to improve the connection between P&G 

and their customers and to improve their service. Furthermore, P&G implemented a new 

system to transfer BI towards the PSC. These renovations have as consequence that the BI 

Figure 2-1 Data Flow SMO FBNL to the PSC in Warsaw 
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shared with the PSC will not be used in an optimal way. This results in inaccurate forecasts for 

the promotional events and data overloads towards the PSC. It also takes too much time to 

prepare all data for the promotional forecasts. To solve these problems, the following main 

question will be answered: 
 

 

To answer the main question, sub questions are defined and will be answered step by step. 

The first steps are used to create a better overview of the information flow and the 

stakeholders of P&G. With use of these questions the scope can be defined, and a quality 

analysis of the data can be done. Afterwards the details of a new model can be defined.  

 

Research questions 1 till 3 will be answered in phase 1 of this research. The 4th research 

question will be answered in the 2nd phase. In phase 3 research question 4 till 7 will be 

answered. The combination of all these research questions lead to an answer for the main 

research question of this research.  

 

These questions need to be answered with the available data at P&G. Furthermore, 

requirements from P&G are that the new model should be understandable and easy in use. 

Both, data availability and the ease of use, are the main reasons why there are relatively less 

variables included in the model. 

  

3. Scope of Research 
3.1 Customers 

In the most realistic forecasting model all customers will be added. However, due the limits 

in data availability and data gathering, a set of criteria is formulated to create a realistic model 

with useful data and interesting customers. Based on the following five criteria the customers 

are selected: 

How can P&G optimize its costs by improving to an accurate promotional 

forecast and saving labour time? 

RQ1)  What is the current flow of information and who are the various stakeholders in 
the supply chain? 

RQ2) Which retailers, products, time horizon, and region should be included in the  
             analysis? 
RQ3)  What are the drivers of inaccuracy and irrelevance? 
RQ4)  Which of the drivers and thresholds need to be implemented to save time for the 

Customer Demand Managers and increase the forecast accuracy? 
RQ5) What are the right thresholds of the drivers to filter relevant BI? 
RQ6) How can the drivers be implemented? 
RQ7) What is the impact on time and accuracy when the drivers will be implemented? 
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▪ Size of retailer: The customers taken into account need to be representative for the 

chosen market. This means that both, small and large customers are considered. 

Furthermore P&G have a more intensive collaboration with large customers, what 

makes it easier to get relevant data. 

▪ Variety of SKU’s in Promotion: A data filtering process will be introduced to filter out 

irrelevant data, for that reason a variety of SKU’s is needed to create better insights 

of the filtering process.  

▪ Low forecast accuracy: One of the goals is to increase the forecast accuracy. 

Customers with a low forecast accuracy are more interesting to analyze than 

customers with a high forecast accuracy.  

▪ Shipment Pattern: A variety in the shipment patterns of the retailers makes it possible 

to draw conclusions based on the differences of these patterns. The shipment pattern 

describes when and how much of a promotion is being shipped.  

▪ Length of Shipment Pattern: To compare the shipment patterns of the customers with 

each other the focus of shipment patterns is 2 weeks. What means that X% of the 

demand will be shipped in week 1 and 100-X% will be shipped in week 2.  

 

Another reason why is chosen for a selection of customers is because during the adaptation 

process will be zoomed in on customer characteristics. For this step new datasets will be 

created, and the regression analysis will be executed again, to see what the influence of 

specific characteristics is on the model. Based on the above criteria, with in mind that the 

focus of the research is promotions (displays out of scope), four customers are selected.  
 

3.2 Region 

P&G Rotterdam is in close contact with P&G Paris and Brussels what makes the maximal scope 

for this project P&G FBNL. However, because France does not experience the same problems 

as the Netherlands and because the CDM’s of the Netherlands and Belgium are in close 

contact with each other, France is excluded from the scope of this project. Furthermore, 

during the first phase of the research it turned out that there are also relevant differences 

between the Netherlands and Belgium. In Belgium they still work with coupon promotions 

and the variety of promotions in the market is extremely high due to the lowest price 

guarantee of one of P&G’s customers in Belgium. For this reason, can be concluded that the 

Dutch and Belgium markets are not comparable. The focus in this research will therefore only 

be on the Dutch market. In the future, research can be done on how the different markets 

influence the model.  

 

3.1 Time Horizon 

The time horizon is chosen based on data availability and completeness of the data set. For 

that reason, a 1-year time horizon is chosen to take into account seasonal effects. All needed 

data is gathered for the full year 2018 and the validation is executed on data from the first 12 
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weeks of 2019. This dataset is chosen, because the prediction that will be made with use of 

the regression analysis need to be relevant for the coming months.  

 

3.2 Products 

P&G divides all the products they offer in ten different product categories, which are already 

shown in Table 1-1. Each category consists of many Stock Keeping Units (SKU’s), with an 

identical European Article Number (EAN) for each SKU, to track the products in the supply 

chain. The focus of this research are products which are in promotion. If a product is in 

promotion it will be part of a Detailed Assumption (DA). A DA is a list of SKU’s for a specific 

customer in a specific time frame to indicate a promotion. Since it is a time-consuming process 

to gather and analyze all data of all SKU’s of P&G, a sample will be taken. To keep the sample 

representative for all SKU’s of P&G, the selection is based on the following criteria: 

▪ There are sales of the SKU during the time horizon of this research. 

▪ At least 3 promotions of a specific SKU need to occur per customer during the time 

horizon. 

▪ Volume of the data is not considered for the selection of a SKU. The filtering process 

which will be introduced, need to select the most relevant SKU’s to forecast. 

As mentioned, there are ten categories, however not all of them will be analyzed during this 

research because of data- and time availability, four categories are in scope. Category 3 for 

customer 2 is not taken into account because not enough promotions of a specific SKU occur 

during the time horizon.  

 

 

 

 

 

 

 

 

Conclusion Phase 1: 

With information about history and the organizational structure of P&G in mind the 

management dilemma is formulated. The goal is to minimize the labour time needed to create 

a forecast and to improve the forecast accuracy to maximize the cost savings. Information 

from literature is gathered, where after the research question for this research is formulated: 

“How can P&G optimize its costs by improving to an accurate promotional forecast and saving 

labour time”. Based on this main question, seven sub-questions are formulated, which will be 

answered step by step. The last step of this phase was to decide the scope of the project. The 

region will be the Netherlands, four customers and four categories are selected, and all data 

comes from the full year 2018 and the beginning of 2019. The scope is decided based on data 

availability, variety, relevance, and some other limitations. Research questions 1, 2 and 3 are 

answered in this phase.   
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Phase 2: Research Design 
4. Method of Research  

In this chapter will be discussed which method will be used to answer the research question. 

The first step of this research consists mainly of interviews, reviews in literature and analysis 

to find new drivers of forecast inaccuracy. Furthermore, thresholds will be introduced to 

decrease the time to prepare forecasts and filter on relevant data needed for the forecast. 

The current way of forecasting of P&G is mainly based on the intuition of the CDM, also called 

judgmental forecasting. However, the aim of this project is to introduce a quantitative model 

which can be used together with managerial expert judgment. According to Makridakis (1988) 

there are two other methods. These are time series analysis and explanatory methods. 

Because the focus of this research is on promotions, which occur infrequently, and a time 

series analysis requires long series of data to create a good prediction, the time series analysis 

cannot be used. On the other hand, the explanatory method tries to explain a dependent 

variable based on independent variable(s). Were the second step of this research has as goal 

to find the variables which influence the promotional forecast of the manufacturer, this 

method can be used. Based on the analysis of van Loo (2006) is decided to make use of the 

multiple regression analysis, which is one of the forecasting methods within the explanatory 

family. He compared 4 different methods on 6 different criteria and concluded that the 

performance of the regression analysis is the best. Since there is more than one independent 

variable that will be analyzed, the multiple linear regression is chosen as most appropriate 

model, which is in line with literature. The input of the multiple regression analysis consists 

of many datasets, all based on different thresholds or a combination of thresholds. The main 

goal of this phase is to decrease the amount of data needed to create an accurate forecast 

and decrease the time to prepare data for the forecast. 

 

The output of the multiple regression analysis is a prediction of the dependent variable based 

on the independent variables. These criteria can be used to improve the forecast accuracy of 

the manufacturer. Furthermore, the forecast accuracy can be calculated, whereby the new 

shipment patterns will be included. The last step is to compare the old and new forecast with 

the shipments to see what the improvement is and what the forecast accuracies of the old 

and new situation are. Based on the changes of forecast accuracy and labour time, the cost 

savings will be determined.  
 

5. Drivers & Thresholds Analysis 
5.1 Relevant Variables to analyze 

Many variables influence the demand of products in promotion and indirectly influence the 

promotional forecast. In earlier research, a list of 53 independent variables are published, 

which will be the starting point for this research (van der Poel, 2010a). Van der Poel (2010) 

created a selection of 21 variables to analyze in his research, this research will take into 

account the most important variables of his analyzes added with new variables, to shift the 
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focus from sell-out-based research to sell-in based research. In this research will be 

considered what the retailer orders are and not what the consumer demand is. Due to the 

shift from consumer to retailer demand, new variables can be added on the list of variables 

from van der Poel (2010), which consists of the following variables: “Displays”, “Folder”, “TV 

Support”, “Percentual Discount”, “Number of Selling Points”, “Former Promotions per SKU”, 

“Preservability”, “Retailer”, and “Category”. New variables which can be added are: “Forecast 

of the Customer”, “Position in Store”, “Number of SKU’s in Promotion”, and “Promotion 

Frequency”. These new variables, which are drivers of inaccuracy, are found during internal 

interviews, in the literature review, and in a so called Hoshin, which is a root cause analysis 

executed on the first half of 2018 at P&G. Next to the new independent variables, which 

directly influence the dependent variable, also the shipment pattern will be taken into 

account. Since it is not possible to add this variable in the regression analysis, because it does 

not stay in relation with the LF, it will be added after the regression analysis. This will be done 

because the shipment pattern influences the forecast accuracy.  

 

From this list with 13 different variables a few of them are excluded due to complexity, 

irrelevance or a lack of data. “Display” will be excluded due to complexity. The processes of 

P&G distinguish display promotions from normal promotions and the problems occur for 

normal promotions are different from the problems that occur for display specific 

promotions. “Folder”, “TV Support”, and “Number of Selling Points” will be excluded due to 

lack of data. P&G does not have any information of one of these three variables, which makes 

it impossible to include them in the model. “Preservability” will be excluded due to 

irrelevance. All products P&G sell to his customers nowadays does not contain a (short term) 

expiration date, what makes this variable irrelevant. This results in a list of 8 relevant 

independent variables which need to be considered for this study. The baseline shipments, 

which are needed for calculating the LF are based on the average sales of a specific SKU in the 

5 weeks before a specific promotion (promotion weeks excluded). 

Variable Description Measure Scale 

Percentual 

Discount 

The percentual decrease in price at the retailer per promotion 

per SKU, based on information from the CDM’s or Account 

Executives (AE’s). 

(0,100%) Ratio 

LF Former 

Promotions 

The Lift Factor (LF) is calculated by the average of the previous 

5 shipments of a specific Stock Keeping Unit (SKU) for a 

specific customer divided by the baseline shipments of the 

same product and customer. 

(1, 8.01) Scale 

Position in 

Store 

The position in store of a specific Stock Keeping Unit (SKU) per 

customer, this could be gondola, normal, or unknown. The 

data is only available for Customer 1. 

(0,1) Nominal 

# SKU’s in 

Promotion 

The number of SKU’s in a specific promotion. (1, 99) Scale 
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Promotion 

Frequency 

The average number of promotions of a SKU in a specific 

period for a specific customer. The promotion frequency is 

calculated by dividing the total promotions in that period by 

the total weeks in that period. 

(1.63, 41) Scale 

LF Forecast 

of Customer 

The Lift Factor (LF) is calculated by the purchasing 

expectations of the customer for a Stock Keeping Unit (SKU) in 

a specific promotion divided by the baseline shipments of the 

same SKU and customer. 

(1, 15.92) Scale 

Retailer The retailer which buys the promotion (Customer 1, Customer 

2, Customer 3, and Customer 4). 

(0,1) Nominal 

Category The category to which the product (SKU) belongs (Category 1, 

Category 2, Category 3, and Category 4). 

(0,1) Nominal 

Table 5-1 Independent Variables and description 

For clarity, the formulas for calculating the LF Former Promotions and LF Forecast of Customer 

are given below in equation 1 and 2. For equation 1 holds that the 5 weeks with baseline 

shipments of SKU n for customer i before promotion nit are used to calculate the baseline 

shipments for a specific promotion.  

LF Former Promotions𝑛𝑖𝑡 =

1

5
∗∑ 𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠𝑛𝑖𝑗

𝑗=𝑡−1

𝑗=𝑡−5

1

5
∗∑ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠𝑛𝑖𝑗

𝑗=𝑡−1

𝑗=𝑡−5

    Equation 1 

LF Forecast of Customer𝑛𝑖𝑡 =
𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑛𝑖𝑡

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑛𝑖𝑡
    Equation 2   

𝑛: 𝑆𝐾𝑈  

𝑖: 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟 

𝑡: 𝑊𝑒𝑒𝑘  
 

Next to the independent variables, there is also a dependent variable, which can be 

influenced by the independent variables. Because the focus of this research is promotional 

forecasts, the dependent variable will be the retailer demand. However, there are still two 

options for the dependent variable. The absolute promotional shipments of the manufacturer 

to the retailer can be chosen as well as the LF of the promotional shipments (Cooper et al., 

1999; Wittink et al., 1998). When more customers and categories are considered in scope, an 

absolute value as dependent variable can have major abnormalities.  The LF does not suffer 

from this problem and can be calculated by dividing the promotional shipments to the retailer 

by the baseline shipments to the retailer. This results in a standardized value based on the 

baseline volume. 

𝐿𝑖𝑓𝑡 𝐹𝑎𝑐𝑡𝑜𝑟𝑛𝑖𝑡 =
𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠 𝑡𝑜 𝑅𝑒𝑡𝑎𝑖𝑙𝑒𝑟𝑛𝑖𝑡

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠 𝑡𝑜 𝑅𝑒𝑡𝑎𝑖𝑙𝑒𝑟𝑛𝑖𝑡
     Equation 3 

 

The LF ensures that the dependent variable is not the absolute promotional sales to a retailer 

but consist of the promotional and the baseline sales to a retailer. Because the baseline sales 

are part of the LF formula, trend and seasonality do not have to be added in the model as 
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independent variables. In line with the research of van den Heuvel (2009) and van der Poel 

(2010), the baseline sales is calculated based on the average of the previous 5 weeks, 

promotions excluded. On this way the risk of irregularities is reduced. Based on this 

information, the LF is more suitable as dependent variable then the absolute promotional 

sales to a retailer.  

 

The dependent variable, which is the LF, is calculated for each promotion on SKU level per 

week. Because the shipments of a SKU can be spread on several weeks, partial shipments are 

considered. After the regression analysis the shipment pattern will be included in the 

calculation by multiplying the percentage that will be shipped times the predicted 

promotional shipments for that week. The shipment pattern is a value between 0% and 100% 

and is divided in two parts where the first value is the percentage shipped in the first shipping 

week of that SKU to a specific customer for a specific promotion and the second value is the 

percentage shipped in the second shipping week. Because the realized shipment pattern is 

not available before the shipments, the average of the previous 3 shipments of a specific SKU 

for a specific customer is used to estimate the realized shipment pattern. 

 

5.2 New Variables to include in analyzes 

Before all data will be gathered and can be concluded if the new variables influence the 

dependent variable, a small analysis will be executed to get more insights about the influence 

of all new variables on the dependent variable. In this sub-chapter the influence of each of 

these new variables will be discussed and will be concluded which of the variables are used 

as input for the multiple regression analysis and which will not, taken into account the 

customers and categories in scope. At the beginning of each sub-chapter a hypothesis is given 

and will be confirmed or rejected at the end of each sub-chapter.  

 

Shipment Pattern  

H1: In practice another shipping pattern will be realized than theoretical decided between 

P&G and its customers 
 

This paragraph focuses on the realized shipment pattern and the shipment pattern theoretical 

decided at P&G. The first small analysis focuses on the difference between both, to find if it 

influences the forecast accuracy. In Table 5-2 the realized and theoretical shipment pattern 

are compared with each other. In the table a week 1 percentage is given for a 2-week 

shipment duration, what makes it self-evident that the week 2 shipment percentage is 100% 

minus the week 1 shipment percentage. It can be concluded that there is a large gap between 

them for most of the analyzed customers. This indicates that the delta shipment pattern 

influences the forecast accuracy. In this analysis the realized shipment pattern is calculated 

on SKU and customer level. 
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 Customer 1 Customer 2 Customer 3 Customer 4 

 Theoretical Realized Theoretical Realized Theoretical Realized Theoretical Realized 

Category 1 80,0% 72,2% 30,0% 50,3% 75,0% 78,5% 70,0% 85,6% 

Category 2 50,0% 60,3% 30,0% 50,4% 75,0% 83,7% 70,0% 73,9% 

Category 3 80,0% 74,9% Unknown 42,4% 75,0% 76,1% 70,0% 85,8% 

Category 4 50,0% 69,7% 30,0% 65,1% 75,0% 73,8% 70,0% 50,0% 

Table 5-2 Shipment Pattern per customer and category (Percentages given for first week) 

Only the realized and theoretical shipment patterns of customer 3 are very similar, a reason 

could be the relatively good forecast accuracy of customer 3. Good to know is that the realized 

shipment patterns of customer 4 from category 2 and 4 are in the first week only 0% or 100%. 

This cannot be deduced from this table, because an average of the shipment patterns per 

category and customer is shown. Nevertheless, H1 can be confirmed.  
 

Forecast of the Customer 

H2: There is a link between the customer forecast and the shipments. 

The goal of this analysis is to compare the customer forecast (which will be shared by the 

customers with P&G) with the shipments. The aim is to find out if there is a deviation between 

both and how good the forecast of each customer is. This is done for all customers in scope 

per category. In Table 5-3 the given percentages represent the forecast accuracy per customer 

and category created by the customers. This information can be used to decide how useful 

the customer forecast is for P&G. It needs to be considered that these calculations are made 

on category level and not zoomed in on SKU level, which is more useful, but also more 

complicated. The information from the table suggests, that there is a link between the 

forecast of the customer and the shipments. Furthermore, is concluded out of interviews with 

the CDM’s and during the literature study that it is realistic to find a link between the forecast 

of the customer and the internal used forecast. This makes it an interesting variable to 

consider in the multiple regression analysis. All by all, H2 can be confirmed. 

 

 Customer 1 Customer 2 Customer 3 Customer 4 

Category 1 74,5% 77,0% 71,4% 67,4% 

Category 2 72,7% 78,0% 72,7% 68,8% 

Category 3 77,2% Unknown 68,2% 70,3% 

Category 4 68,3% 64,3% 58,6% 70,9% 

Table 5-3 Accuracy of customer forecast per customer and category 

Position in Store 

H3: The variable position in store of products in promotion helps to predict the sale 

Data of this variable is only available for customer 1, however because the first analysis is very 

interesting, and a higher forecast accuracy can be realized by more knowledge about the 

position in store of products in promotion, this variable will be taken into account. In Table 5-

4 is given for each category what the percentage of the products on gondola was and what 

the sales percentage was. From the table can be concluded that in general a relatively small 
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percentage of the products is on the gondola; however, the sales are relatively high. This 

concludes that H3 can be confirmed and it is an interesting variable to consider when a 

forecast for the retailer demand need to be created. Important to consider is that the 

products on gondola end differ from the products on normal shelve during promotions. 

Therefore, the comparison is not completely fair, because it could be that more popular 

products were on gondola which provides an advantage.  

 % Gondola % Sales % Normal % Sales 

Category 1 27,3% 61,8% 72,7% 38,2% 

Category 2 10,4% 23,2% 89,6% 76,8% 

Category 3 37,8% 68,8% 62,2% 31,2% 

Category 4 13,0% 36,0% 87,0% 64,0% 

Table 5-4 Position in Store (X% of products on gondola/normal resulted in X% sales) 

Frequency of a Promotion 

H4: Promotions with overlap have a lower forecast accuracy than promotions without 

overlap 

Based on earlier research can be concluded that the frequency of a promotion influences the 

buying pattern of retailers. Bell (2002) has shown that there is a link between the promotions 

from the manufacturers and the demand after the promotions due to the amount retailers 

buy. The retailers have the possibility to buy products for a lower price during the promotion 

period. In theory, these trade promotions need to be a benefit for both parties, because more 

(new) customers buy the promotion products, what results in more turnover for the 

manufacturer. However, in practice this is not the case. Retailers buy a lot more then they 

need during the promotion and sell the remaining products after the promotion for the 

general price. This way of working from the retailers can influence the forecasts of P&G. Next 

to the fact that retailers buy more than needed, it is for manufacturers also hard to predict 

the exact shipment pattern when the frequency of a promotion is very high. The result of 

frequent promotions is overlap of the shipments, what makes it hard for P&G to see which 

shipments are linked to which promotions. However, with the analysis done H4 cannot be 

confirmed or disproved. Still, both reasons together make the frequency of a promotion an 

interesting independent variable to predict the retailer demand.  

 

Other variables 

Where the previous variables are new for P&G and some of them are new in literature, 

specific for manufacturers, more research is already done about the variables “price discount” 

and “previous shipments”. However, both variables are still new for P&G, they will be 

included in the analysis. Next to these variables, also the “# SKU’s in Promotion” will be 

included as variable. This variable could be interesting because the number of different 

options available for the shopper can influence the choice they make. The result could be that 

the LF for SKU’s in a small promotion is higher compared with promotions with many SKU’s.  
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5.3 Multiple Regression Analysis 

After having decided which variables could be interesting for this research, these variables 

can be included in the multiple regression analysis. In this sub-chapter underlying 

assumptions for a good regression analysis will be explained, where after in chapter 6 the 

hypothesizes for these variables will be formulated. Furthermore, the dummy variables will 

be assigned, and an explanation will be given. Variables included in a multiple regression 

analysis should meet five different assumptions which are normality, homoscedasticity, a 

linear relationship between the dependent and independent variables, absence of a 

relationship between independent variables (multicollinearity), and no correlation between 

the residuals (Hair et al, 2010).  

 

The most fundamental assumption is normality, which refers to the shape of the individual 

variable. If the variation of this distribution is too large, the t- and F statistics cannot be used 

anymore because all statistical tests are not valid anymore. The complexity of multivariate 

normality causes that only univariate normality will be tested. If all variables are univariate, it 

can be assumed that multivariate normality is also met (Hair et al, 2010). Due to the relatively 

large sample size the normality will be tested with use of histograms. When there are tails 

visible in the histograms, the residuals are not close to normal. However, the data set used in 

this research is large enough, based on the central limit theorem, normality is not required. 

In Appendix B-3 the histogram is shown. 

 

Furthermore, heteroskedasticity will be tested with use of the Breusch-Pagan test. If the p-

value is not significant and the plot of residuals against the values is an unstructured mass of 

points, there can be concluded that the model is homoscedastic. If not, there is 

heteroskedasticity and transformations are needed. If the heteroskedasticity remains, the 

standard errors need to be corrected, which changes the t-statistics, regression parameters, 

and p-values. As shown in Appendix B-3, the Breusch-Pagan test shows that there is 

heteroskedasticity. Data transformations show an improvement, however the 

homoskedasticity assumption is still not met. Because over- or underestimation of the 

standard errors can lead to incorrect values, the standard errors were corrected.  

 

The third assumption is multicollinearity, with use of the VIF-scores can be analyzed if there 

is a relation between independent variables. If the values are higher than 10 and the 

correlation cannot be explained by the model, the highly correlated predictors need to be 

removed (Hair, Black, Babin, & Anderson, 2010). If a moderator will be used in the model, 

higher VIF-scores can be explained and therefore do not cause any problems. The VIF scores 

are all below 3, what means that the multicollinearity is satisfied.  

 

Fourth, it is important to find a linear relation between the independent and dependent 

variables. With use of scatterplots can be checked if these relations are linear. Concern is only 
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needed when there is a lack of relation. During the process of meeting the assumptions 

transformations of the variables can have an enormous impact. A transformation is the 

replacement of a variable by a function of that variable. Changing the shape of the distribution 

can influence for example the assumptions normality and linearity what can help to meet the 

fourth assumptions. In appendix B-3 all scatterplots are shown, and it can be concluded that 

the linearity assumption is met.  

 

Lastly, will be checked if there are correlated errors. With use of the Durbin-Watson test can 

be checked if there are correlations between the independent errors that occur. If the Durbin-

Watson test give values nearby 2, the residuals are uncorrelated. However, if the value is not 

close to 2, the omitted causal factor needs to be added to meet the assumption. The Durbin-

Watson test give a score of 1,9764, which is nearby two. It can be concluded that there is no 

correlation between the residuals.  

 

The dummy variables, which are needed when categorical variables will be used, are in this 

research “Category “, “Customer”, and “Position in Store”. First a baseline group will be 

chosen, after which the effect of other groups from that variable will be measured against the 

selected baseline group. For the variable category, category 3 is chosen as baseline variable, 

customer 1 is the baseline variable for customer, and position in store has “Gondola” as 

baseline variable. These baseline variables are included in the intercept. One of the 

transformations executed is the transformation of the LF (LF) to the ln(LF). From a business 

point of view is the LF more useful, because it indicates directly how much it changes when a 

variable will be deleted or added. However, from a statistical point of view a transformation 

is preferred, because it improves the model (due to linearity). Both, LF and ln(LF) are included 

in the model, and it can be concluded that the ln(LF) improves the model based on the normal 

probability plots (these will be more linear) and the accuracy. This implicates the 

interpretation but improves the model.  
 

With use of the estimates, equation 4 can be filled in and the LF can be calculated. In this 

equation a and 𝑏𝑘 (𝑘 = 1, 2, . . . , 𝑝) are the parameters, what makes it possible to calculate y, 

which is in this case the LF, based on a set of variables 𝑥𝑘 (𝑘 = 1, 2, … , 𝑝). 

y = a + ∑ 𝑏𝑘𝑥𝑘 +  Ɛ𝑘          Equation 4 
 

5.4 New Thresholds 

In the regression analysis multiple datasets will be used based on different thresholds with as 

goal to filter only relevant data and decrease the labour time needed for data preparation. 

From the literature review and interviews is concluded that two different thresholds are 

considered to filter on the data. These thresholds are volume and volatility. Due to the poorly 

organized databases, other thresholds based on, for example profitability and lead time are 

not considered. Too much time would be needed to prepare this data. The complete dataset 

will be filtered on a combination of the filters volume and volatility, SKU’s with a low volume 
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and high volatility will be filtered out. This resulted in a list of 9 datasets with thresholds and 

the complete data set. Based on equations 5 and 6 the thresholds can be calculated. The 

volatility is based on 10 weeks with shipments and forecast of SKU n to customer i before the 

current promotion. 

Threshold Description 

Volume  A country-based threshold per SKU on weekly level to filter data based on Volume. 

Volatility A customer-based threshold per SKU on yearly level to filter data based on Volatility. 

Table 5-5 Definitions of the Thresholds 

% 𝑉𝑜𝑙𝑢𝑚𝑒𝑛𝑖𝑡 =
𝑉𝑜𝑙𝑛𝑖𝑡

∑ (𝑉𝑜𝑙𝑛𝑖𝑡)𝐼
𝑖=1

∗ 100       Equation 5 

𝑉𝑜𝑙𝑛𝑖𝑡: 𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑆𝐾𝑈 𝑛 𝑠ℎ𝑖𝑝𝑝𝑒𝑑 𝑡𝑜 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑖 𝑖𝑛 𝑤𝑒𝑒𝑘 𝑡  

𝑛: 𝑆𝐾𝑈  

𝑖: 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟 

𝑡: 𝑊𝑒𝑒𝑘  

𝐼: 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠 
 

% 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑛𝑖𝑡 =
100

10
∗ ∑ |

𝑆𝑛𝑖𝑗−𝐹𝑛𝑖𝑗

𝑆𝑛𝑖𝑗
|

𝑗=𝑡−1

𝑗=𝑡−10

      Equation 6 

𝑆𝑛𝑖𝑡: 𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡 𝑜𝑓 𝑆𝐾𝑈 𝑛 𝑡𝑜 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑖 𝑖𝑛 𝑤𝑒𝑒𝑘 𝑡  

𝐹𝑛𝑖𝑡: 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑜𝑓 𝑆𝐾𝑈 𝑛 𝑡𝑜 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑖 𝑖𝑛 𝑤𝑒𝑒𝑘 𝑡     

𝑛: 𝑆𝐾𝑈  

𝑖: 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟 

𝑡: 𝑊𝑒𝑒𝑘  
*If the availability of shipments and forecast of an SKU is <10 weeks due to a new product introduction, the number of 

weeks is adjusted based on data availability. 

 

At P&G excluded datapoints, due to the thresholds, will not be forecasted anymore. From 

P&G’s point of view, the small volumes that will be filtered out do not have enough impact 

on the complete forecast to invest time in. The impact of fluctuations on the baseline demand 

is for example much higher. The flexible production schedules in the plant makes it possible 

to produce these small amounts last minute. This makes it complicated to compare the 

current forecasting method, based on the complete dataset, with the new forecasting 

method, based on a subset of the complete dataset. The easiest way to make a fair 

comparison is to calculate the forecast accuracy based on the new method and selected 

subset. Thereafter, filter on the same SKU’s in the dataset used for the current way of 

forecasting and calculate the forecast accuracy for the current situation. Then both methods 

can be compared based on the same dataset. 
 

5.5 Convert Time and Forecast Accuracy to Costs 

In this research will be tried to increase the forecast accuracy with the multiple regression 

analysis and decrease the labour time needed to prepare a forecast with use of the introduced 

thresholds. However, to make the findings of this research more valuable for P&G and 

increase the understandability of what the impact could be in practice, labour time and 
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forecast accuracy will be converted into costs. Time savings indirectly result in cost savings if 

the investment, in this case a new model, is efficient. Furthermore, an increase in forecast 

accuracy results in costs savings for multiple departments in the organization. These are 

inventory costs, production costs, transportation costs, procurement costs, and lost sales. 

Figure 5-6 shows how time and forecast accuracy indirectly influence the costs.  

 
Figure 5-6 Overview how time and forecast accuracy are converted to costs 

To prevent for an overly complex model, a trade of must be made to decide if lost sales or 

inventory costs will be included in the model. When only lost sales will be included in the 

model, the service level can change due to changes of the forecast accuracy. With a fixed 

reorder level, the inventory level can be kept constant. This is needed to prevent that both, 

the lost sales and inventory will be influenced by the forecast accuracy. The reverse reasoning 

can be applied for the inventory costs. This means that by introducing only the inventory 

costs, the fill rate must be kept constant. By an improving forecast accuracy, the inventory 

levels can be reduced, what results in inventory cost savings. In this research is chosen for a 

fixed reorder level, what means that the lost sales will be included in the model. This is 

decided based on the scope of the CDM’s. The fill rate is a direct measure for the CDM’s, 

where the inventory level is completely out of scope for the CDM’s. With use of a simulation 

the current and new situation will be compared with each other to calculate the cost savings. 

A simulation is chosen over a theoretical formula, because the focus is explicit on one 

company, and more assumptions are needed, where theoretical formulas will be used to 

generate optimal solutions, with known parameters and minimal amount of data. 

5.5.1 Time 

One of the main goals of this project is to simplify and reduce the manual touches of the 

CDM’s. By using thresholds, data will be filtered out what results in time savings for specific 

tasks executed by the CDM’s. Because the time savings influence also the work of the BP’s, 

working in the PSC, their savings are also considered. During interviews information is 

gathered about their tasks and estimations are made to decide how much time will be spend 

per week on these different tasks.  
 

▪ CDM 
Based on the interviews with the CDM’s is concluded that two tasks will be influenced directly 

by filtering data. Data will be filtered per Detailed Assumption (DA), which is a list of SKU’s for 

a specific customer in a specific time frame to indicate a promotion. The first task is the DA 

Validation process, two hours a week each CDM spends time on validating the forecast with 
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use of an internal used tool. The second task is the Weekly Demand Control (WDC), which is 

a control moment where open orders will be compared with the forecast. By filtering out 

SKU’s of a DA or complete DA’s, time will be saved for the CDM’s. For both the assumption is 

made that each SKU of a DA takes the same amount of time. This means that the percentual 

reduction of data is in line with the percentual reduction of time for the WDC and DA 

Validation process. In Table 5-7, both tasks are shown in combination with the needed time 

per week per full time employeeo. Equation 7 is used to calculate the cost reductions for the 

CDM’s based on the time savings generated for these two tasks. This equation is needed to 

calculate the total cost savings due to labour time savings. The DA Validation and WDC, 

referred as TValWDC in Equation 7, are determined based on interviews. 

 Tasks Time Needed 

DA Validation 120 min /week / FTE 

Weekly Demand Control (WDC) 90 min / week / FTE 

Table 5-7 Time investments of the CDM's (linked to forecast accuracy) 

▪ BP 

Furthermore, the DA analysis at the PSC will be influenced when less data will be sent to 

Warsaw. This results in time savings for the BP’s. In the last two fiscal years there was an 

increase of relativity 64% and 68% of DA’s send to the PSC. Three different tasks of the BP’s 

in the PSC will be influenced by a reduction of DA’s send to the PSC, other tasks which will not 

be influenced by the number of DA’s will not be explained in detail. The first task is the Error 

Filtering process. Errors may have been caused by for example missing data about the 

customers or missing master data and need to be selected out. For this task an analysis is 

executed to decide how many of the total DA’s contains an error. The second task is to filter 

overlapping data and the third task is the cannibalization phase. During the cannibalization 

phase the promotional and statistical forecast will be merged to create one forecast. In Table 

5-8 an overview is given from the tasks executed by the BP’s, the time it takes per DA, and 

the current amount of DA’s analyzed by the BP’s. Based on the thresholds that will be 

introduced and the new amount of DA’s analyzed by the BP’s, the time savings can be 

calculated. The time savings of the tasks will be calculated by multiplying the percentage of 

DA’s where the specific task occurs with the time needed per DA times the delta of DA’s 

between the current and new situation. Doing this for all three tasks, the result is 2,05DD, 

where DD is the unknown delta of DA’s between the current and new situation. In other 

words, the time savings per BP are 2,05DD minutes per week, shortened as TBP. In chapter 7 

the full calculation, included the value of DD, will be executed. 

Tasks % of DA’s  Time Needed Current # of DA’s  

1. Error Filtering 20% 3 min / DA 136 / week / FTE 

2. Overlap Filtering 15% 3 min / DA 136 / week / FTE 

3. Cannibalization 100% 1 min / DA 136 / week / FTE 

Table 5-8 Tasks executed by the BP's (in the PSC) (linked to forecast accuracy) 

Summing the time savings of the BP’s at the PSC and the savings of the CDM’s, the total cost 

savings for supply chain 1 can be calculated. For this calculation will be assumed that the costs 
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per CDM and BP are €1,217 per minute and for an intern €0,097 per minute. A CDM and BP 

invest relatively about 9% and 25% of his/her tasks where time can be saved on supply chain 

1. The investments are based on the costs to implement the model and the investment will 

be depreciated over 10 years. The cost savings are calculated for the first year after the 

introduction of the model. Equations 7 till 11 are used to calculate the cost savings. 

 

𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝐷𝑀′𝑠 = 𝑇𝑉𝑎𝑙𝑊𝐷𝐶 ∗ 𝑊 ∗ 𝐶𝐹𝑇𝐸𝐻 ∗ 𝑃𝑇𝑆 ∗ 𝐶𝐷𝑀         Eq. 7 

𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐵𝑃′𝑠 (𝑖𝑛 𝑃𝑆𝐶) = 𝑇𝐵𝑃 ∗ 𝑊 ∗ 𝐶𝐹𝑇𝐸𝐻 ∗ 𝑃𝑇𝑆 ∗ 𝐵𝑃         Eq. 8 

𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠 = ((𝑇𝐵𝐼𝑇𝑀 + 𝑇𝑇𝐶𝐷𝑀) ∗ 𝐶𝐹𝑇𝐼𝐻) + (𝑇𝑇𝐶𝐷𝑀 ∗ 𝐶𝐷𝑀 ∗ 𝐶𝐹𝑇𝐸𝐻)                  Eq. 9 

1𝑠𝑡  𝑦𝑒𝑎𝑟 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠 =
𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠

10
                          Eq.10 

𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 = 𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝐷𝑀′𝑠 + 𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐵𝑃′𝑠 − 1𝑠𝑡  𝑦𝑒𝑎𝑟 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠      Eq. 11 

 

BP = Number of Business Planners                                                 TBITM = Time to Build, Implement, and Test model (min) 

CDM = Number of Customer Demand Managers                         TTCDM = Time to train the CDM’s in min 

CFTEH = Costs of a Full Time Employee per minute                     TValWDC = Time saving on DA validation and WDC 

CFTIH = Costs of a Full Time Intern per minute                                                  per employee per week in min 

PTS = Percentage of Time Spend on supply chain 1 products     W = Weeks per year = 52 

TBP = Time savings by a Business Planner per week in min 

 

5.5.2 Forecast Accuracy 

In literature, little research is done about the impact of forecast accuracy on business 

performance and more specific the costs (Chopra & Meindl, 2001; Stadtler & Kilger, 2008). It 

is already known that the impact of the forecast error is different per organization, based on 

their specific characteristics. However, many organizations are not aware what the impact of 

forecast accuracy can be. According to Xie, Lee, & Zhao (2004) there is a significant impact of 

the forecast error on the total costs and service level. However, in practice these kinds of 

analysis are extremely complicated due to the many factors that need to be considered. 

Zoomed in on the costs made due to forecast inaccuracy, different areas in an organization, 

which are for example procurement, transportation, lost sales, inventory, and production 

need to be analyzed. Full understanding of the internal forecasting and planning processes 

are needed to make these calculations. 

 

After an internal analysis at P&G is concluded that the departments where savings on costs 

(based on forecast accuracy) can be made are transportation and lost sales. At P&G the 

procurement costs, inventory costs, and production costs will not be influenced by the 

forecast accuracy, mainly due to their agile processes. Because of the complexity and diversity 

of all different supply chains of the different SKU’s considered in the forecast, one specific 

supply chain is chosen for the cost analysis. The calculated cost savings are for the first year 

after the introduction of the model. In the paragraphs below the 5 different cost components 

will be discussed. 
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5.5.2.1 Lost Sales 

An important cost component directly related to the forecast accuracy is lost sales. Lost sales 

consists of the costs per lost sale and the number of lost sales attributable to the forecast 

error. Through the intensive contact with sales this cost factor is interesting for the CDM’s. 

The lost sales are related to the cash and sales (service) of the O-TSR. The cash will increase if 

the lost sales can be reduced. Furthermore, there is a relation between lost sales and service, 

a reduction in lost sales results in a better service (fill rate) to the retailer.  

 

With use of equations 14 and 15 the lost sales costs can be calculated. To be sure that only 

the root cause “Forecast Error” will be considered by calculating the lost sales savings, the 

SLFE will be introduced, which is the service level exclusively due to forecast errors. Based on 

a root cause analysis can be concluded that 24,0% of the service level error is caused by the 

forecast error, which is the RCFE in equation 12. In Figure 5-9 an overview is given from all 

root causes and their impact. When the forecast error can be decreased, the standard 

deviation of the demand decreases which will result in a higher service level and indirectly in 

more savings. This will be done with the use of a simulation, where the current number of 

products not delivered due to a forecast error will be compared with the new number of 

products not delivered. The new amount can be decided based on the new forecast. In 

Appendix C is explained how a better forecast resulted in a lower forecast error and better fill 

rate. The current service level (SL) is 98%. 

 
Figure 5-9 Root causes of lost sales 

The DoBr-Tool developed by Broekmeulen & van Donselaar (2009) will be used in this 

research to find the relation between the forecast error and the fill rate exclusively due to the 

forecast error. This relation is based on the fact that a better forecast results in a lower 

standard deviation of the demand, which influences the fill rate. The current fill rate 

exclusively due to the forecast error is 99,52%, which is one of the input-variables needed for 

the DoBr-Tool and calculated with use of equation 12. The other input variables needed are 

the lead time, review period, mean period demand, and standard deviation of the forecast 

error. The reorder level is set on a value such that the fill rate is 99,52%. The decreasing 

standard deviation for the demand, due to the decreasing forecast error, results in a higher 
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fill rate, when the other variables be kept the same. On this way the new fill rate will be 

calculated with use of the DoBr-Tool. 

 

The standard deviation of the forecast minus the actual demand can only be calculated for a 

specific retailer due to the high deviating orders of the different customers. For supply chain 

1, 15 different SKU’s of customer 1 are considered with their own inputs. The DoBr-Tool 

calculated for each SKU, with its own standard deviation of the forecast error, the new fill 

rate. Lastly the average weighted margin in percentage of the selling price (AWM) of supply 

chain 1 products is 42%. With use of equation 16 an estimate for the savings related to the 

cash factor of the lost sales can be calculated.  
 

𝑆𝐿𝐹𝐸𝐶𝑢𝑟𝑟𝑒𝑛𝑡 = (𝑆𝐿 + (1 − 𝑆𝐿) ∗ (1 − 𝑅𝐶𝐹𝐸)) ∗ 100 = 99,52%                                     Equation 12 

𝜎𝑒𝑟𝑟𝑜𝑟 =  𝜎(𝐹 − 𝐴)         Equation 13 

 

𝑆𝐿𝐹𝐸𝑁𝑒𝑤 𝑖𝑠 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑 𝑤𝑖𝑡ℎ 𝑢𝑠𝑒 𝑜𝑓 𝑡ℎ𝑒 𝐷𝑜𝐵𝑟 𝑇𝑜𝑜𝑙, 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑡ℎ𝑒 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑓𝑖𝑙𝑙 𝑟𝑎𝑡𝑒 

𝑎𝑛𝑑 𝑐ℎ𝑎𝑛𝑔𝑒𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑡𝑑. 𝑑𝑒𝑣 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑟𝑟𝑜𝑟  

 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡𝑠 = 𝑅 ∗ (1 − 𝑆𝐿𝐹𝐸𝐶𝑢𝑟𝑟𝑒𝑛𝑡) ∗ 𝐴𝑊𝑀    Equation 14 

𝑁𝑒𝑤 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡𝑠 = 𝑅 ∗ (1 − 𝑆𝐿𝐹𝐸𝑁𝑒𝑤) ∗ 𝐴𝑊𝑀     Equation 15 

𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 = 𝑁𝑒𝑤 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 − 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠   Equation 16 

  

𝜎𝑒𝑟𝑟𝑜𝑟 = 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑤𝑒𝑒𝑘𝑙𝑦 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑟𝑟𝑜𝑟   

𝑅 = 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 (𝑝𝑒𝑟 𝑦𝑒𝑎𝑟)  

𝑆𝐿𝐹𝐸 = 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝐿𝑒𝑣𝑒𝑙 (𝑒𝑥𝑐𝑙𝑢𝑠𝑖𝑣𝑒𝑙𝑦 𝑑𝑢𝑒 𝑡𝑜 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑟𝑟𝑜𝑟)  

𝑅𝐶𝐹𝐸 = 𝑅𝑜𝑜𝑡 𝑐𝑎𝑢𝑠𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑟𝑟𝑜𝑟 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒   

𝐴𝑊𝑀 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑀𝑎𝑟𝑔𝑖𝑛 𝑖𝑛 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑠𝑒𝑙𝑙𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒 

𝐹 = 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑 𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠 

𝐴 = 𝐴𝑐𝑡𝑢𝑎𝑙 𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠  

 

5.5.2.2 Transportation Costs 

One of the main reasons for delay in delivering products are the unstable shipping patterns, 

which will be influenced by forecast inaccuracy. Forecast inaccuracy decreases the probability 

to predict the right demand on the right moment. Due to this uncertainty the retailer demand 

that need to be shipped in a specific week is not always available, what resulted in unstable 

shipping patterns. The additional costs due to late deliveries is in many cases not known. 

Because the transportation costs, related to forecast inaccuracy can be high, it is even more 

interesting to increase the forecast accuracy. In the O-TSR these costs are related to margin. 

If savings can be made on transportation costs, the margin per product increases.  

 

The transportation costs considered in this research are the extra costs due to forecast 

inaccuracy and the backorder costs. Both are related to forecast errors. When the products 

(or a part) of a transport (in pallets) could not be delivered (called a “cut”) with as root cause 

inaccurate forecasts, extra costs will occur. Furthermore, the number of backorders can be 
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reduced when orders can be delivered in time. A multi-client and multi period model is 

approached with use of a simulation with inventory available only for promotional products 

on a specific moment in time.  
 

▪ Extra Costs 

The first step is to get to know how much of the total transport costs are linked with forecast 

inaccuracy. Returns, refusals, cancellations, and last minute expedites can all be reasons for 

extra transportation costs. To find the root cause of the extra costs, an analysis is executed. 

An internally tool called DOMO is used to gather the root causes of extra transport costs with 

use of a hoshin analysis. This analysis has shown that 25,1% of the total transport costs are 

due to forecast inaccuracy. Because of the availability of historical data, the costs for the 

current situation can be calculated. However, this will be more complicated for the new 

situation. By increasing the forecast accuracy, the number of cuts will decrease. However, it 

could be that new cuts occur. Because it is unknown what the root cause for these cuts are, 

the historical root causes and its percentages will be used to allocate the root causes for new 

cuts. This assumption is needed to link new cuts to a root cause. Otherwise, it is not possible 

to decide what the root cause of a new cut is. The same will happen for the different extra 

costs by the root cause “forecast error”. Based on the number of times an extra cost occurred 

in the past, it will be randomly allocated to new cuts with as root cause “forecast error”, with 

the assumption that all costs occur independent from each other. Because more extra costs 

for one cut can occur, there is a chance that 2 or 3 extra costs occur for a specific cut. Also 

these probabilities are based on historical data (Saners & Graman, 2009; Sumit, 2013). The 

total transportation cost savings can be calculated with use of equation 17. With use of a 

simulation the new and current forecast will be compared with each other. In Appendix D is 

shown how this simulation is executed. 
 

▪ Backorder Costs 

The backorder costs can be calculated by summing the backordered pallets per truck for all 

trucks. Per truck a variable number of pallets will be shipped as backorders, and the costs per 

backordered pallet will be summed to calculate the total backorder costs per truck. Per pallet 

the costs are variating as shown in Figure 5-11.  
 

In Figure 5-10 a graph is shown with the transportation costs per pallet (blue), which follows 

a logarithmic function (orange). The X-axis shows the number of pallets in the truck and the 

Y-axis shows the costs in euros for transporting these pallets. It is striking that these costs are 

in line with a logarithmic function. This means that the costs per pallet are reducing by higher 

pallet levels in a truck. This can be explained by the high starting costs of using a truck. 

Furthermore, a low number of pallets means that the courier needs to pick up other pallets 

elsewhere, called cross-docking. This results in higher costs for the courier, because the less 

efficient truck rides, which will be indirectly passed on to P&G. In Figure 5-11 the costs for the 

X-th pallet is given when that number of pallets is transported during a ride. This confirms 

that carrying a low number of pallets is relatively expensive compared with transporting 
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pallets in a full loaded truck. It will be assumed that backorders are the first, and most 

expensive, pallets in a truck. 

 
      Figure 5-10 Total truck price for X pallets                        Figure 5-11 Price for the X-th pallet in a truck 

Based on both costs, calculated with use of a simulation, the total transportation costs can 

be calculated.  

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 = (𝐸𝐶𝐶𝐶 − 𝐸𝐶𝑁𝐶) + (𝐵𝐶𝐶𝐶 − 𝐵𝐶𝑁𝐶)   Equation 17 

 

𝐸𝐶𝐶𝐶 = 𝐸𝑥𝑡𝑟𝑎 𝐶𝑜𝑠𝑡𝑠 𝑜𝑓 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐶𝑢𝑡𝑠  

𝐸𝐶𝑁𝐶 = 𝐸𝑥𝑡𝑟𝑎 𝐶𝑜𝑠𝑡𝑠 𝑜𝑓 𝑁𝑒𝑤 𝐶𝑢𝑡𝑠 

𝐵𝐶𝐶𝐶 = 𝐵𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟 𝐶𝑜𝑠𝑡𝑠 𝑜𝑓 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐶𝑢𝑡𝑠  

𝐵𝐶𝑁𝐶 = 𝐵𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟 𝐶𝑜𝑠𝑡𝑠 𝑜𝑓 𝑁𝑒𝑤 𝐶𝑢𝑡𝑠 
 

5.5.2.3 Inventory Costs 

There are costs associated by keeping inventory, also called inventory costs, which influences 

the cash position of P&G. These costs are partly dependent from the safety stock, which can 

be influenced by the forecast accuracy. In literature a lot is written about safety stocks, which 

will be influenced by the demand and lead time variability. However, as explained at the 

beginning of this chapter a trade-off between the lost sales and inventory costs is made. 

Decided is that only the lost sales will be included in the model.   
 

5.5.2.4 Procurement Costs 

In general companies pay a higher price for last-minute orders what means that a higher 

forecast error results in more charges. There are two reasons why there is an increase in price 

for last-minute orders. On the one hand, the negotiation position is worse, because there is 

no time left to check multiple vendors and the products are needed as soon as possible. On 

the other hand, the suppliers need to change their production plans if the safety stocks are 

too low for the order, what increases their costs. 
 

However, these problems do not occur at P&G, because they strive to reuse all packing 

material of non-finished inventories. This can be realized because P&G uses raw-material that 

can be used for different product codes, what makes it possible to decrease the forecast 

inaccuracy drastically with use of variability pooling. Proportionally a lot of raw-material can 

be bought without risks, resulting in virtually no last-minute raw-material purchases. 

Furthermore, when the stock will be determined, the procurement department focuses in 
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general on how important a product is based on volume and volatility, and not on forecast 

accuracy.  
 

5.5.2.5 Production Costs 

There are two different types of changeovers. The standard changeovers needed to create 

another product, and changeovers needed to make another product, which must be delivered 

urgently. The second type of changeovers is interesting for this research, because when the 

forecast accuracy can be improved, this type of changeover can be reduced. However, next 

to the fact that changeovers can be reduced by improving the forecast accuracy, there is a 

relation between the batch size and changeovers, because when the changeovers will be 

reduced, the batch size can be increased. An optimum between both, batch size and 

changeovers, need to be found to improve the margin (costs) and cash position of P&G.  

 

However, it appears that the production processes of P&G are very agile and in practice it 

never happens that last-minute changeovers (due to forecast errors) are needed to finish 

products in time. The reason P&G focuses on an agile system is to reduce the batch sizes and 

take it for granted that the changeover costs will increase. Still these expected changeovers 

are in comparison with unexpected changeovers extremely cheap. The extremely agile 

planning, what makes it possible to change production runs each 24 hours, ensures that 

changeovers due to forecast inaccuracy do not need to be considered for calculating the cost 

savings. 
 

6. Data Sets & Hypotheses 
Now known how the cost savings can be calculated, the datasets that will be tested and the 

formulated hypotheses will be discussed. The hypotheses are based on expectations 

constructed from theoretical research. In the next chapter the results will be compared with 

the hypotheses to see if these are in line with the expectations. In total 10 datasets are used 

to get insights about the thresholds and another 2 datasets are used to do an analysis for a 

new variable. In the next sub-chapter, the sample size will be discussed to be sure that all 

datasets have enough datapoints. The next step is to decide what the outliers of the datasets 

are. The third step is to discuss the hypotheses and lastly will be explained how the 

performance of the model will be determined.  
 

6.1 Sample Size 

To test the fit of a model, a minimum acceptable sample size is needed. According to Green 

(1991) the formula 50 + 8k can be used to decide the minimum sample size, where k is the 

number of variables included in the model. In this research 14 variables are included to 

predict the dependent variables (included dummy variables). The sample size must contain at 

least 162 (50 + 8 ∗ 14) datapoints. Another rule of thumb that can be used according to Hair, 

Black, Babin, & Anderson (2014) is that at least 20 observations per variable are needed, what 

means that for this research a sample size of at least 280 data points is needed. Lastly, Barlett, 

Kotrlik, & Higgins (2001) suggests that the ratio of observations to independent variables may 
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not be lower than 5. There are different ways to execute this check, however a real rule does 

not exist. Another check based on the 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 R2  and 𝑅2  can be useful to get better 

insights of the sample size. A minimal difference between both, the 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 R2  and 𝑅2, 

means that the model can be generalized for other datasets. In Table 7-5 both measures will 

be compared with each other.  
 

6.2 Outliers 

To prevent for outliers, which can influence the model that will be created during the 

calibration phase, all outliers must be deleted from the dataset. Based on the standardized 

scores first the univariate outliers will be detected. With this method all metric variables will 

be examined to identify extreme observations. If the score is equal or higher than 4 (absolute 

z-values) the datapoint will be defined as outlier (Hair et al., 2010). In the sample size of this 

research 12 outliers are detected and deleted.  
 

Furthermore, the multivariate method will be used, to find influential outliers in a set of 

independent variables. For each observation the multidimensional position will be measured 

relative to a specific point. A commonly used method to do this is Cook’s distance. According 

to Cook & Weisberg (1982) all values above 1 need to be checked and a manual investigation 

is needed. 4 potential outliers are detected and based on the LF in relation with the percentual 

discount only one is deleted. All in all, a total of 13 outliers is deleted.  
 

6.3 Data Sets 

As mentioned in sub-chapter 3.4, the dataset is split in a calibration set which consists of data 

from 2018 and a validation set which consists of data form the first 12 weeks of 2019. To get 

more insights about using thresholds, 9 different datasets are created based on the complete 

dataset. Furthermore, the complete dataset is split into retailer specific sets to gather more 

insights about retailer characteristics and the differences between the customers. In Table 

6-1 and Table 6-2 an overview of the datasets and the number datapoints is given.  
 

   Calibration Validation 

Data Set Volume 

Threshold 

Volatility 

Threshold 

Data Points % of total 

data set 

Data Points % of total 

data set 

Complete 0% 0% 3178 100% 596 100% 

Sub 1 10% 150% 3110 97,9% 585 98,2% 

Sub 2 10% 100% 2913 91,7% 541 90,8% 

Sub 3 10% 50% 2874 90,4% 534 89,6% 

Sub 4 20% 150% 2982 93,8% 558 93,6% 

Sub 5 20% 100% 2567 80,8% 472 79,2% 

Sub 6 20% 50% 2484 78,2% 464 78,0% 

Sub 7 30% 150% 2808 88,4% 529 88,8% 

Sub 8 30% 100% 2160 68,0% 400 67,1% 

Sub 9 30% 50% 2039 64,2% 374 62,8% 

Table 6-1 Overview Datasets 
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In the next chapter, based on the datasets given in Table 6-1, will be discussed what the 

influence is on using thresholds considered the time savings. Furthermore, another regression 

analysis will be executed to get customer specific insights. Different retailer characteristics 

will be used as moderators, which will influence the relation between independent variables 

and the LF. As shown in Table 6-2 the new added variables are given which will be used as 

moderator to analyze the retailer characteristics and new datasets are created to execute the 

position in store analysis. 
 

 Calibration Set Validation Set 

Dataset 10: Customer 1 Position in Store  

(subset of subset 8) 

1221 335 

Dataset 11: Customer 1 Position in Store  

(subset of complete dataset) 

1774 458 

Variable mod 1: Large retailers  

(Customer 1 and 2) 

Variable mod 2: Retailers that offer big bang offers 

(Customer 3 and 4) 

Variable mod 3: Retailers focusing on the social aspect 

(Customer 4) 

Table 6-2 Overview Datasets adaptations 

Based on Table 6-2 can be concluded that 2 extra datasets and 3 new moderators are created 

to analyze the customers. However, before the customer datasets will be analyzed, the 

characteristics of these customers will be explored. Based on theoretical research, 

expectations will be set, and hypotheses formulated. These steps will be executed in chapter 

8, but first the hypotheses of the variables based on the complete dataset will be formulated, 

thresholds included. Due to data availability, it is not possible to delve into both, customers 

and categories.  
 

6.4 Hypotheses 

6.4.1 Thresholds 

It is expected that the threshold volume has an enormous impact on filtering less important 

SKU’s. These less important SKU’s are defined as SKU’s that takes a lot of time to prepare and 

have minimal impact on the forecast accuracy. The threshold volume is country based and 

considers the percentage of sales of a SKU in all promotions per week. If the percentage on 

SKU level for a specific promotion in a specific week is lower than X%, the SKU will be filtered 

out for that week. This causes that small SKU’s will be filtered out. However, these smaller 

SKU’s can still be important. For that reason, a threshold based on volatility will be introduced. 

Expected is that the influence of the volatility threshold is smaller, but still has an impact. 

Also, this threshold filters on less important SKU’s, which are the SKU’s that takes a lot of time 

to prepare and have minimal impact on the forecast accuracy. If the volatility of a SKU is 

higher than X%, based on the previous 10 promotions, the SKU will be included. For this 

threshold the calculation is made per customer.  
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6.4.2 Variables 

The Lift Factor (LF), which is the dependent variable of this research, is the promotional sales 

in a specific week divided by the baseline sales of that week per customer per SKU. Because 

the expectations are that the independent variable, percentual discount, influences the LF, it 

will be included in the model. Expected is that if the discount will be higher, the LF will also 

be higher. Furthermore, is expected that there is a positive effect between the LF of the 

previous shipments on SKU level and the dependent variable. This variable is based on the 

average of the previous five promotion weeks with shipments on a specific SKU of a customer. 

Two variables where a small negative effect is expected are the promotion frequency and the 

number of SKU’s in promotion. If more SKU’s are in promotion, the shopper can choose 

between more products with discount which results in a lower LF. This argumentation is in 

line with findings from Derks (2015) and Peters (2012). A comparable argumentation can be 

used for the promotion frequency, when a promotion with a low frequency is played, 

purchasers make use of forward buying. The result is a higher LF, where this is not the case 

by frequently played promotions. Furthermore, the LF of the customer forecast can influence 

the LF. It is expected when the forecast of the customer is high, the dependent variable is also 

high. This variable is calculated by dividing the customer promotional forecast by the baseline 

forecast of P&G of an SKU. The categorical variables category and customer consist of 4 

groups each and the effect on the LF is for both unknown.  

 

After the regression analysis the shipment pattern will be included in the calculation by doing 

the shipment pattern times the predicted promotional shipments (which is based on the LF). 

Because the realized shipment pattern is not available before the shipments, the average of 

the previous 3 shipments of a specific SKU for a specific customer is used to predict the 

realized shipments. The shipment pattern is not included in the regression analysis because 

it does not influence the LF, however it influences the forecast accuracy.  

 

6.4.3 Overview 

 Variable Description Effect 

H5 Percentual 

Discount 

Higher percentual discount at the retailer in store results in a 

higher LF. 

+ 

H6 LF Previous 

Shipments SKU 

Higher (then average) LF of previous promotional shipments 

result in a higher LF per SKU. 

++ 

H7 Position in Store A product on the gondola in store results in a higher LF. ++ 

H8 # SKU’s in 

Promotion 

More SKU’s in promotion results in a lower LF. - 

H9 Promotion 

Frequency 

A higher frequency in promotions results in a lower LF per 

promotion per SKU. 

- 

H10 LF Forecast of 

Customer 

A high promotional forecast of the customer predicts a higher 

LF. 

++ 

Table 6-3 Overview descriptions from thresholds and variables 
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6.5 Measurement Indicators 

The measurement indicators will be used to analyze the results of the regression analysis. The 

adjusted R-Square and Forecast Accuracy indicate what the model performance is. The 𝑅2 

and adjusted R-Square can be calculated with equations 18 and 19. Equation 20 shows the 

MAPE calculation, which makes it possible to calculate the forecast accuracy and the delta of 

the current and new forecast accuracy, relatively shown in equation 21 and 22.  

 

𝑅2 =  
𝑆𝑆𝑅𝑒𝑔

𝑆𝑆𝑇𝑜𝑡
          Equation 18 

𝑆𝑆𝑅𝑒𝑔 = Sum of Squares of regression 

𝑆𝑆𝑇𝑜𝑡 = Sum of Squares of total 

 

Ṝ2 =  1 − (1 − 𝑅2)
𝑛−1

𝑛−𝑝−1
        Equation 19 

n = number of cases; p = number of predictors in model 

𝑀𝐴𝑃𝐸 =
100%

𝑛
∑ |

𝐴𝑡−𝐹𝑡

𝐴𝑡
|

𝑛

𝑡=1
        Equation 20 

𝐴𝑡= actual value of t 

𝐹𝑡= forecast value of t 

n = number of fitted points 

 

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100% − 𝑀𝐴𝑃𝐸      Equation 21 

𝛥 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑁𝑒𝑤 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 − 𝑂𝑙𝑑 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦  Equation 22 

 

Another method of measuring the forecast accuracy is by using the weekly HIT-Rate. Where 

the forecast accuracy is calculated per promotion, the HIT-Rate is calculated on SKU level of 

a specific promotion. If the absolute difference between the forecast and the shipments is 

less than 50%, it will be a hit, otherwise not. The number of hits relative to the total number 

of SKU’s of a specific promotion times 100 results in a percentage. Because the HIT-Rate is 

SKU specific it will be harder to predict this value and the HIT-Rate of P&G is for that reason 

much lower than the forecast accuracy. These calculations are shown in equations 23 and 24. 

 

𝐴𝑖 = {
1, |

𝐹𝑖−𝑆𝑖

𝑆𝑖
| ≤ 0,5

 0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒      
        Equation 23 

𝐻𝐼𝑇 𝑅𝑎𝑡𝑒 =
∑ 𝐴𝑖

𝐼
 𝑖 = 1, … , 𝐼       Equation 24 

𝐴𝑖  = Binary variable which says if the ratio is higher or lower/equal than 0,5 

𝐹𝑖 = Forecast i 

𝑆𝑖 = Shipments i 

i = Specific SKU 

I = Total of SKU’s 
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Conclusion Phase 2 

Based on an analysis to decide the best method for this research, the multiple regression 

analysis is chosen. With this in mind an analysis is executed to get an idea of interesting 

variables which influence the Lift Factor (LF) from a manufacturer point of view. Selected on 

data availability and previous research a set of 8 drivers of inaccuracy is introduced to predict 

the LF. Based on a first analysis is concluded that important variables are the shipment 

pattern, the position in store, and the promotion frequency. Furthermore, all assumptions of 

the multiple regression analysis are confirmed, and the new thresholds are introduced to filter 

on only relevant data. The last step of the second phase was to convert time and forecast 

accuracy in costs. Considering the tasks to the CDM’s and the BP’s the labour time is converted 

to costs. Converting the forecast accuracy to costs, the transportation costs and lost sales are 

considered. Production, inventory, and procurement costs are excluded, because an 

improvement of the forecast accuracy does not influence these costs. In the last part of the 

second phase, 12 different datasets are created to analyze the influence of time and forecast 

accuracy on the cost savings and to analyze the influence of the position in store and the 

retailer characteristics. The hypothesizes for all variables are formulated and the 

measurement indicators are given, which answers research question 4. This information is 

needed to execute phase 3.  
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Phase 3:  Model Results 
7. Simulation & Evaluation 

In this chapter the results gathered from the different executed analyses will be discussed. 

First an overview of the current forecast accuracy and HIT-rate will be shown, and the impact 

of the introduced thresholds are given. Thereafter the variables are given used in the model 

and the results of the full model will be discussed. 

 

The main targets of the CDM’s are to increase the forecast accuracy and HIT-Rate. Their goal 

is to get a forecast accuracy between 80% and 120% and a HIT-Rate higher than 60%. 

However, as shown Table 7-1 and Table 7-2, in most cases these goals are not achieved 

(marked red). With use of the new model these targets could possibly be improved. The total 

forecast accuracy and HIT-Rate for the customers and categories together are confidential 

and cannot be published, however also the values per category and customer are too low.  

 

Forecast 

Accuracy 

Customer 1 Customer 2 Customer 3 Customer 4 

Category 1 88% 74% 84% 68% 

Category 2 51% 61% 54% 58% 

Category 3 84% 88% 112% 72% 

Category 4 66% 60% 57% 36% 

Table 7-1 Current Forecast Accuracy P&G 

HIT-Rate Customer 1 Customer 2 Customer 3 Customer 4 

Category 1 53% 49% 25% 61% 

Category 2 24% 31% 54% 44% 

Category 3 47% 50% 52% 56% 

Category 4 26% 44% 52% 15% 

Table 7-2 Current HIT-Rate P&G 

An improvement needs to be realized by implementing the new thresholds based on volume 

and volatility in the model as discussed in chapter 5.4. The impact of both thresholds on 

filtering the datasets is shown in Table 7-3. On the X-axis the volatility is shown, which is +/-

50%, 100%, or 150%, and on the Y-axis the volume is shown which is 10%, 20%, or 30%. Higher 

thresholds result in smaller datasets. For example, by using thresholds of 30% for volume and 

50% for volatility, only 62,8% of the complete validation set remains.  

  V
o

lu
m

e
 

                           Volatility 

 150% 100% 50% 

10% 98,2% 
Subset 1 

90,8% 
Subset 2 

89,6% 
Subset 3 

20% 93,6% 
Subset 4 

79,2% 
Subset 5 

78,0% 
Subset 6 

30% 88,8% 
Subset 7 

67,1% 
Subset 8 

62,8% 
Subset 9 

Table 7-3 Included data in datasets due to thresholds in percentage of complete dataset 
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Less important SKU’s, which are SKU’s that takes a lot of time to prepare, are small, and have 

minimal impact on the forecast accuracy can be filtered based on volume. In combination 

with the threshold volatility, which filters out SKU’s with a high error, the combination of small 

and unpredictable data will be filtered out.  

In Table 7-4 the main statistics of the continuous (in)dependent variables of this research are 

shown. The complete dataset consists of 3178 different datapoints without outliers. The 

other datasets are subsets of the complete dataset and are already discussed in chapter 6.3. 

Furthermore, the mean is added to this table, the mean of the ln(LF) is 1,46 in this sample 

size, what means that a promotion results in 4,31 (e^1,46) times the standard sales. 

Furthermore, the minimum, maximum, variance, and standard deviation are given to 

interpret the values.  

 

Variable Data Points Mean Min Max Var Std. dev. 

Ln(LF) 3178 1,46 0,00 3,43 0,18 0,42 

Price Discount (%) 3178 0,41 0,25 0,75 0,01 0,10 

Previous LF 3178 1,54 0,00 8,01 0,75 0,87 

# SKU in DA 3178 38,70 1,00 99,00 568,7 23,85 

Ln(Customer LF) 3178 1,35 0,00 6,33 0,24 0,50 

Ln(Promo Frequency) 3178 1,30 0,49 3,71 0,30 0,55 

Table 7-4 Main statistics variables 

Keeping in mind that the complete dataset meets the assumptions to run a reliable regression 

analysis, it is assumed that the datasets derived from this full dataset also meet these 

assumptions. For each dataset a forecast is calculated with use of equation 25. With use of 

the new forecast and the actual shipments, the new MAPE is calculated and compared with 

the current MAPE. 
 

y = a + ∑ 𝑏𝑘𝑥𝑘𝑘 + Ɛ         Equation 25 

 

From a manufacturer point of view the shipment pattern can influence the forecast accuracy 

enormously. For that reason, the shipment pattern (which consists in this sample size of 2 

different weeks) is included. By calculating the shipment pattern, only the promotions where 

the forecast is comparable with the shipments are considered. This is needed to be sure that 

the shipment pattern is not changed due to other reasons, for example a customer request 

to change the shipment pattern due to a (unexpected) small order.  

 

Currently the shipment pattern will be decided in collaboration with the customer, however 

in the new model the shipment pattern will be based on the 3 previous shipment patterns of 

the same promotion. The new shipment pattern is simply included in the calculation by doing 

the forecast of a promotion times the shipment pattern of the first or second week of that 

promotion. This results in a MAPE which is adjusted by the shipment pattern. 
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In Table 7-5 an overview is given from the complete dataset and its subsets. In each dataset 

the same variables are used to predict the dependent variable. The adjusted R-square and 

forecast accuracy are increasing with an increase of one or both thresholds. This is in line with 

the expectations, because increasing the thresholds results in a more homogeneous dataset 

what makes it easier to predict the dependent variable. The adjusted R-square differs 

between 0,2245 and 0,2659 and the MAPE differs between 26,9% and 32,1%. Furthermore, 

the HIT-Rate is increasing for a more homogeneous dataset and differs between 49,2% and 

57,2%. To compare the datasets the forecast accuracy, time, and service level are considered. 

Formulas are created to calculate the optimal forecast accuracy and time. However, more 

time will be saved, and the forecast accuracy increases, when the thresholds are higher. 

Therefore, it is important to consider the service level. The service level takes into account 

which percentage of the orders is complete. When too much of the data is selected out due 

to the thresholds, and the thresholds are too high, the service level will decrease, because a 

lot of the data will not be forecasted anymore. Intern research (at P&G UK) has shown that 

the service level will be too low when 40% of the data will be filtered out by the thresholds. 

For that reason, the thresholds are selected on a way that all subsets contain at least 60% of 

the data points.  
 

Table 7-5 Important information per subset (calibration set) 

 

Before the optimum will be calculated, insights about the model fit will be gathered. The 

coefficient of the independent variables (B), significance, and standardized coefficients (Beta) 

are important to draw conclusions about the hypotheses. These three values are listed in 

Table 7-6 and Table 7-7. 

 

 

 

 

 

 

 

 

 Complete Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 Sub 9 

Data Points  3178 3110 2913 2874 2982 2567 2484 2808 2160 2039 

% left of set 100% 97,9% 91,7% 90,4% 93,8% 80,8% 78,2% 88,4% 68,0% 64,2% 

R-square 0,2272 0,2427 0,2384 0,2478 0,2566 0,2639 0,2703 0,2685 0,2657 0,2699 

Adj R-square 0,2245 0,2400 0,2355 0,2459 0,2487 0,2555 0,2671 0,2634 0,2619 0,2659 

MAPE 32,1% 32,1% 30,4% 30,1% 30,6% 28,3% 28,0% 29,8% 26,9% 27,3% 

Forecast 

Accuracy 

67,9% 67,9% 69,6% 69,9% 69,4% 71,7% 72,0% 70,2% 73,1% 72,7% 

HIT-Rate 49,2% 49,8% 51,3% 51,6% 50,7% 54,8% 54,4% 52,5% 56,5 57,2 
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B Complete Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 Sub 9 

Constant 0,394 0,379 0,369 0,370 0,375 0,271 0,200 0,331 0,182 0,173 

Price Discount % 0,955 0,945 0,939 0,939 0,941 0,923 0,905 0,931 0,885 0,854 

Log LF Previous 

Promotions 

0,111 0,134 0,139 0,140 0,147 0,157 0,186 0,145 0,220 0,234 

#SKU’s in 

Promotion 

-0,002 -0,003 -0,002 -0,003 -0,003 -0,001 -0,001 -0,003 -0,002 -0,001 

Log LF Customer 0,151 0,167 0,174 0,180 0,189 0,249 0,349 0,213 0,341 0,368 

Log Promotion 

Frequency 

0,030 0,027 0,026 0,026 0,026 n.s. n.s. 0,025 n.s. n.s. 

Category 1 -0,023 -0,022 -0,020 -0,021 -0,022 -0,020 -0,019 -0,021 -0,032 -0,037 

Category 2 0,048 0,050 0,050 0,050 0,052 0,054 0,056 0,051 0,049 0,054 

Category 4 0,073 0,071 0,070 0,071 0,071 0,075 0,085 0,076 0,076 0,080 

Customer 3 -0,015 -0,014 -0,011 -0,011 -0,012 -0,009 -0,010 -0,010 -0,014 -0,013 

Customer 1 0,086 0,090 0,093 0,091 0,089 0,089 0,079 0,081 0,075 0,069 

Customer 4 0,037 0,034 0,032 0,032 0,033 0,022 0,019 0,028 n.s. n.s. 

n.s. = not significant for the specific dataset 

The different customers have as baseline group customer 1 and the categories have as baseline group category 3 
Table 7-6 The coefficient of the independent variables 

The standardized coefficient (Beta) is the standardized estimate from a regression analysis to 

make the variances of both, the independent and dependent variables equal to 1. This value 

refers to the number of standard deviations that the dependent variable changes per 

standard deviation increase of the independent variable. This value can be used to get insights 

about the effect of the independent variable on the dependent variable in a regression 

analysis (Menard, 2002).  

Beta + Significance Complete Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 Sub 9 

Price Discount % 0,268** 0,270** 0,301** 0,308** 0,295** 0,314** 0,311** 0,304** 0,318** 0,321** 

Log LF Previous 

Promotions 

0,463* 0,468* 0,441* 0,432* 0,461* 0,429** 0,425** 0,439** 0,412** 0,398** 

#SKU’s in 

Promotion 

-0,127** -0,153** -0,123** -0,138** -0,134** -0,143** -0,141** -0,133** -0,176* -0,164* 

Log LF Customer 0,285** 0,287** 0,291** 0,301** 0,292** 0,312** 0,319** 0,305** 0,333* 0,341** 

Log Promotion 

Frequency 

0,023* 0,020* 0,028* 0,049* 0,078* n.s. n.s. 0,053* n.s. n.s. 

Category 1 -0,067* -0,063* -0,091* -0,102* -0,086* -0,112* -0,117* -0,098* -0,126* -0,135* 

Category 2 0,054** 0,056** 0,081* 0,087* 0,068** 0,111* 0,119* 0,091* 0,138* 0,141* 

Category 4 0,102** 0,102** 0,111** 0,121** 0,108** 0,142** 0,148** 0,128** 0,157** 0,163** 

Customer 3 -0,078* -0,080* -0,105* -0,116* -0,093* -0,121* -0,123* -0,115* -0,130* -0,132* 

Customer 1 0,043** 0,047** 0,070** 0,073** 0,061** 0,099** 0,107** 0,083** 0,127** 0,132** 

Customer 4 0,076** 0,076** 0,088** 0,093** 0,082** 0,094* 0,093* 0,089* n.s. n.s. 

** = significant at 0,01 or lower 

* = significant at 0,05 or lower 

n.s. = not significant for the specific dataset 

The different customers have as baseline group customer 1 and the categories have as baseline group category 3 

Table 7-7 The Standardized Coefficient and significance for the independent variables 
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Based on this information conclusions can be drawn about hypotheses 5 to 10. It is expected 

that the percentual price discount has a positive influence on the dependent variable, 

because it is very likely that the LF increases when the percentual discount increases. Based 

on Table 7-7 can be concluded that the independent variable percentual price discount is 

significant and the standardized coefficient is relatively high for all datasets (H5 confirmed).  

 

The standardized coefficient of the LF of the previous promotions of a specific SKU has the 

highest value of all included independent variables. This means that the effect of this variable 

on the dependent variable is high and the variable is important to consider in this model. This 

result is in line with the opinion of the CDM’s. They already make use of this variable by the 

current more manual way of forecasting and based on their experience they expected a 

relation between both. It can be concluded that the LF of the previous promotions is useful 

to predict the dependent variable (H6 confirmed).  

 

As expected, the more SKU’s in promotion, the lower the LF will be. This is in line with the 

hypothesis. (H8 confirmed). More SKU’s in promotion give the customer the opportunity to 

choose between more different products what influences the LF negatively. The same 

reasoning is expected by the variable promotion frequency. When a promotion often recurs, 

it is less interesting for the retailer to buy large quantities of a specific product. However, it is 

proven that more infrequent promotions stimulate the retailer to buy more than directly 

needed for an interesting price. From the regression analysis can be concluded that a higher 

frequency in promotions does not always results in a lower LF per promotion per SKU. For the 

complete dataset the results are significant, however for subsets 5, 6, 8, and 9 the variable 

promotion frequency is not significant anymore. The most logical reason is that other 

manufacturers have promotions for comparable products in-between the promotions of 

P&G. This can ensure that customers are satisfied due to promotions from competitors (H9 

rejected). 
 

The LF of the customer forecast, which is only useful for a manufacturer who forecasts the 

retailer demand, is a new introduced variable for this research area. However, it is expected 

that a good prediction of the retailer can have a positive effect on the predictability of the LF. 

Based on the standardized coefficient and significance level can be concluded that both are 

in line with the expectations (H10 confirmed). It will be highly recommended to use this 

variable when predicting the LF.  
 

Furthermore, the dummy variables are interpretable with use of the coefficient of the 

independent variable. Changes by filling in a 0 or 1 influence the formula and makes it possible 

to say anything about the dummy variables. In this regression analysis only, the categories 

and customers are based on dummy variables, unfortunately the coefficient of the 

independent variables of all these variables are very low. Noticeable is that the variables 

customer 3 and category 1 have a negative impact on the LF, where the other variables 
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influence the LF positively. From the categories, category 4 stimulates the LF the most, this 

can be explained by the fact that the products from category 4 are relatively expensive and 

are more attractive for the consumer during a promotion period.  
 

Notable is that most of the variables included in the regression analysis are confirmed. This is 

in line with previous research where these variables were included (Derks, 2015; Peters, 2012; 

van der Poel, 2010). Furthermore, it suggests that the selection process at the beginning of 

this research was valuable to get insights about the most important variables to predict the 

retailer orders. The data used to gather the results of the previous paragraphs is from 2018. 

With these insights the model needs to be tested with a new dataset. This will be done with 

the data from the beginning of 2019. The same method is used, and the number of variables 

is the same. In Table 7-8 is again an overview of the most important data per subset shown. 

However, this data is based on the validation set, what makes it possible to compare the 

validation dataset with the calibration dataset. Based on both tables can be concluded that 

the model is robust and can be generalized for other datasets.  

 

 Complete Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 Sub 9 

Data Points  596 585 541 534 558 472 464 529 400 374 

% left set 100% 98,2% 90,8% 89,6% 93,6% 79,2% 78,0% 88,8% 67,1% 62,8 

R-square 0,2141 0,2189 0,2278 0,2299 0,2287 0,2499 0,2508 0,2496 0,2603 0,2739 

Adj R-square 0,1993 0,2004 0,2113 0,2145 0,2103 0,2289 0,2279 0,2223 0,2483 0,2546 

MAPE 33,4% 33,1% 32,5% 32,5% 32,4% 31,0% 30,9% 32,2% 28,6% 29,2% 

Forecast 

Accuracy 

66,6% 66,9% 67,5% 67,5% 67,6% 69,0% 69,1% 67,8% 71,4% 70,8% 

HIT-Rate 45,7% 46,4% 48,9% 48,9% 48,2% 50,4% 50,4% 50,0% 53,4% 53,9% 

Table 7-8 Important information per subset (validation set) 

From this analysis can be concluded that subset 8 improves the forecast accuracy the most. 

However, to make a fair comparison between the current way of forecasting and the new way 

of forecasting, subset 8 will also be used to forecast the shipments in the current situation. 

This makes it possible to compare, based on the same data, two different forecasting 

methods. For supply chain 1 an improvement of 0,9% can be realized by comparing the 

current situation with the multiple regression analysis.  
 

7.1 Cost calculations based on Time 

Because subset 8 and 9 outperform the other subsets based on forecast accuracy and time 

savings, only these will be compared with each other in the calculations. With the new 

method a reduction of DA’s shared with the PSC can be realized, which is valuable for one BP 

who is responsible for the categories included in this research. In Table 7-9 an overview is 

given how the time savings for the PSC are calculated and below the equation is filled in to 

calculate the cost savings.  

𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐵𝑃′𝑠 (𝑠𝑢𝑏 8)  = 2,05 ∗ 31 ∗ 52 ∗ 1,217 ∗ 0,25 ∗ 1 = €1001,71 

𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐵𝑃′𝑠 (𝑠𝑢𝑏 9 ) = 2,05 ∗ 35 ∗ 52 ∗ 1,217 ∗ 0,25 ∗ 1 = €1130,96 
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Tasks % of 

DA’s  

Time 

Needed  

Current # 

of DA’s 

New # of 

DA’s (sub 

8) 

Delta Time 

Savings 

(sub 8) 

New # 

of DA’s 

(sub 9) 

Delta Time 

Savings 

(sub 9) 

Errors Filtering 20% 3 min/DA 136 105 18,6 min 101 21 min 

Overlap Filtering 15% 3 min/DA 136 105 13,95 min 101 15,75 min 

Cannibalization 100% 1 min/DA 136 105 31 min 101 35 min 

Total                                                                                                              63,55 min/                          71,75 min/ 

                                                                                                                       week/FTE                            week/FTE 
*Number of DA’s is per week per FTE 

Table 7-9 Time Savings per week per full time Business Planner (PSC) 

In contrast to the BP’s who focus on DA’s, the time savings of the CDM’s are calculated on 

SKU level. For subset 8, 32,9% of the data is filtered out and for subset 9 37,2%. The data 

filtered out is linear with the time saved for the CDM’s. In Table 7-10 the calculations for the 

time savings are shown and below the equation is filled in to calculate the cost savings.  

𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝐷𝑀′𝑠 (𝑠𝑢𝑏 8) = (29,6 + 19,7) ∗ 52 ∗ 1,217 ∗ 0,09 ∗ 4 = €1006,66/year 

𝐶𝑜𝑠𝑡 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝐷𝑀′𝑠 (𝑠𝑢𝑏 9) = (33,5 + 22,3) ∗ 52 ∗ 1,217 ∗ 0,09 ∗ 4 = €1266,55/year 

Table 7-10 Time savings per week per full time Customer Demand Manager 

With the savings of subset 8 and 9 in mind and that 4 CDM’s and 1 BP will take advantage of 

this implementation, it can be concluded that 225,3 (sub 8) or 255,6 (sub 9) hours per year 

can be saved when the thresholds will be implemented. However, to create these time 

savings, time investments are needed, which are for this research, build, test, and implement 

a new model, mainly executed by an intern of P&G. Furthermore, it is important that the 

CDM’s can use the model, which is also a part of equation 9. Below the calculation is executed. 

𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠 = ((84000 + 300) ∗ 0,097) + 300 ∗ 4 ∗ 1,217 = €9621,10         

1𝑠𝑡  𝑦𝑒𝑎𝑟 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 =
9621,10

10
= €962,11 (𝑦𝑒𝑎𝑟𝑙𝑦 𝑐𝑜𝑠𝑡𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑐𝑜𝑚𝑖𝑛𝑔 10 𝑦𝑒𝑎𝑟𝑠) 

𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 (𝑠𝑢𝑏 8) = 1001,71 + 1006,66 − 962,11 = €1046,26/𝑦𝑒𝑎𝑟 (coming 10 years) 

𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 (𝑠𝑢𝑏 9) = 1130,96 + 1266,55 − 962,11 = €1435,40/𝑦𝑒𝑎𝑟 (coming 10 years) 

 

7.2 Cost calculations based on Forecast Accuracy 

7.2.1 Lost Sales 

An important factor directly related to the forecast accuracy is lost sales. 24,0% of the total 

lost sales can be explained by a forecast error. Per SKU, the current forecast and amount of 

lost sales is compared with the new forecast, to see which part of the lost sales could have 

been saved. It will be assumed that new cuts that occur due to a bad forecast, can be 

randomly assigned to a root cause based on the current percentages linked to the root causes. 

Tasks Time Needed 

/week/FTE 

Max. Time Savings 

/week/FTE 

Time Savings     

/week/FTE (sub 8) 

Time Savings    

/week/FTE (sub 9) 

DA Validation 120 min/week/FTE 90 min/week/FTE 29,6 min 33,5 min 

Weekly Demand Control 90 min/week/FTE 60 min/week/FTE 19,7 min 22,3 min 

Total:                                                                                                                 49,35 min/week/FTE   55,80 min/week/FTE 
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This means for example that 24,0% of the new cuts due to a poorer prediction have as root 

cause a forecast error. As explained in chapter 5.5.2, the margin (AWM) is 42% and SL is 98%. 

Furthermore, the revenue for supply chain 1 is €19.703.591. A simulation to find the standard 

deviation between forecast and actuals in the new and current situation is executed to 

calculate the lost sales. This resulted in an improvement of relatively 4,9% and 3,4% reduction 

of the forecast error for subset 8 and 9, meaning that relatively 19,1% and 21,0% of the lost 

sales can be explained by a forecast error, which are significant improvements. Because it is 

not proven that there is a linear relation between a reduction of the forecast error and an 

increase of the service level (exclusively due to forecast error), the DoBr-Tool will be used to 

calculate the influence on the service level (fill rate). For each SKU in supply chain 1 the new 

fill rate will be decided, and the lost sales will be calculated. Based on these calculations can 

be concluded that by a decrease of the forecast error with relatively 4,9% and 3,4% for dataset 

8 and 9, the lost sales decreases on average with 0,15% and 0,08%. The full explanation is 

shown in Appendix C. The SLFE calculated in equation 12, which is 99,52% is quite high, 

however since the lost sales are also high, still costs can be saved. For this analysis is assumed 

that the promotional demand is stored in a unique stocking point. This was needed because 

data from non-promotional products was not available in the short term.  
 

𝑆𝐿𝐹𝐸𝐶𝑢𝑟𝑟𝑒𝑛𝑡 = (0,98 + (1 − 0,98) ∗ (1 − 0,240)) ∗ 100 = 99,52%   

𝑃𝑒𝑟 𝑆𝐾𝑈 𝑜𝑓 𝑠𝑢𝑝𝑝𝑙𝑦 𝑐ℎ𝑎𝑖𝑛 1 𝑡ℎ𝑒 𝑓𝑖𝑙𝑙 𝑟𝑎𝑡𝑒 𝑎𝑛𝑑 𝑙𝑜𝑠𝑡 𝑠𝑎𝑙𝑒𝑠 𝑎𝑟𝑒 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑  

 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡𝑠 = 19.703.591 ∗ (1 − 0,9952) ∗ 0,42 = €39.722,44 

Subset 8: 𝑁𝑒𝑤 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡𝑠 = €17.502,91  

Subset 9: 𝑁𝑒𝑤 𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡𝑠 = €21.58934 

𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 (𝑠𝑢𝑏 8) = 39.722,44 − 17.502,91 = €22.219,53  

𝐿𝑜𝑠𝑡 𝑆𝑎𝑙𝑒𝑠 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 (𝑠𝑢𝑏 9) = 39.722,44 − 21.589,34 = €18.133,10 

 

7.2.2 Transportation Costs 

As mentioned, the current percentage of the transportation costs related to forecast 

inaccuracy is 25,1%. Running the simulation (explained in Appendix D) with the new 

forecasting method resulted in a reduction of 83 pallets for subset 8 and 73 pallets for subset 

9, which can be prevented for extra costs and backorder costs. For both counts that it is more 

than a full truck. By calculating the savings, the different transportation costs per pallet are 

considered. The pallets are spread over relatively 18 and 12 cuts for subset 8 and 9. Due to 

the forecast error there are in total 186 cuts. In Appendix D is explained how the calculations 

for the pallets and cuts are executed. Due to the reduction of cuts fewer costs must be 

incurred. Furthermore, the backorder costs can be reduced due to the reduction of pallets in 

a cut. 

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 𝑠𝑢𝑏𝑠𝑒𝑡 8 = 𝛥 𝐸𝑥𝑡𝑟𝑎 𝐶𝑜𝑠𝑡𝑠 +  𝛥 𝐵𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟 𝐶𝑜𝑠𝑡𝑠 

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 𝑠𝑢𝑏𝑠𝑒𝑡 8 = 4.693,93 + 2.134,10 = €6.828,03  

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 𝑠𝑢𝑏𝑠𝑒𝑡 9 = 𝛥 𝐸𝑥𝑡𝑟𝑎 𝐶𝑜𝑠𝑡𝑠 +  𝛥 𝐵𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟 𝐶𝑜𝑠𝑡𝑠 

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 𝑠𝑢𝑏𝑠𝑒𝑡 9 = 3.156,27 + 1.824,64 = €4.980,91 
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It can be concluded that using subset 8 the most savings can be realized for transport of supply 

chain 1.  

7.2.3 Conclusion 

Considering the service level to determine the subsets, the complete dataset and 9 subsets 

are analyzed based on forecast accuracy and time savings, to conclude which subset is most 

suitable for optimizing the cost savings. Without calculations can be concluded that 

implementing subset 8 or 9 results in more savings then the complete dataset as well as the 

other subsets, based on time savings and forecast accuracy. In the table below subsets 8 and 

9 will be compared on savings due to an improvement of the forecast accuracy and time 

savings to decide which subset is preferred to maximize the cost savings. The savings are 

based on 1 year for supply chain 1. 

Table 7-11 Cost Savings per year for Dataset 8 and 9 

From Table 7-11 can be concluded that the cost savings due to time savings for subset 9 are 

higher than subset 8. Both are still low, partly due to the investments needed to implement 

the model. The improvement of the forecast accuracy influences the costs savings more, what 

results in more cost savings for subset 8.  

 

 

 

 

 

 

 

 

Conclusion Phase 3: 

The main conclusion from phase 3 is that subset 8, based on forecast accuracy and time, is the 

most valuable dataset to introduce when the multiple regression analysis will be introduced 

as new forecasting method at P&G. Only subset 9, which has more time savings, is 

approaching subset 8. The time savings of approximately 1 hour a week for the BP’s and 

CDM’s, realized by the new introduced thresholds, can be used to further improve the forecast 

accuracy. However, due to the savings on lost sales and transportation, subset 8 makes more 

cost savings. Furthermore, it is important to realize that this analysis is only executed for 

supply chain 1 in NL, many more savings can be realized for all supply chains together. In 

Chapter 9 a sensitivity analysis is executed to generalize the current calculations. Research 

questions 4 till 7 are answered in this phase.    

Dataset Subset 8 Subset 9 

Savings Time (in €)  €1.046,26 €1.435,40 

Savings Lost Sales (in €) €22.219,53 €18.133,10 

Savings Transportation Costs (in €) €6.828,03 €4.980,91 

Total (in €) €30.093,82  €24.549,41  
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Phase 4: Model Adaptation 

8. Retailer Characteristics 
In this chapter a retailer specific analysis will be executed to get more insights about their 

characteristics. Before the customer datasets will be analyzed, will be delved into the 

characteristics of these customers. With use of these characteristics will be tried to find a 

moderation between an independent and the dependent variable. In the last step the results 

will be compared with the hypotheses and the conclusions will be drawn. 

   

The consumer buying behavior of customers will be influenced by many different aspects. 

According to McDonald, M. Chrishtopher & M. Bass (2003), culture, social class, reference 

groups, and family are the main groups which influence the consumer buying behavior. 

Furthermore, geographical and demographical criteria can also influence this behavior. For 

that reason, all retailers make use of a strategy to increase their sales and regular customers. 

In this research different interesting customer characteristics are considered and will be 

analyzed if these characteristics can be deduced from the data and are in line with the 

retailer’s strategy.  

 

The characteristics that can be analyzed based on the variables included in this research are 

“Percentual Discount”, “# SKU’s in Promotion”, and “Promotion Frequency”. “Position in 

Store” cannot be included in this analysis because only the data of customer 1 is available for 

this variable, which makes it impossible to draw conclusions for the whole group of retailers. 

The other variables cannot be seen as a characteristic of the retailer. The characteristics which 

influence the relation between one of these independent variables and the LF is a so-called 

moderator and influences the relation between both.  

 

Customer 1 is a retailer with a wide range of products and sells products in different price 

ranges. They make use of a high/low pricing strategy, what means that there are relatively 

many promotions. Since they have a wide range of products, it can be assumed that the 

number of products during a specific promotion is relatively high. Furthermore, customer 1 

make use of bonus offers. The product prices are in general above average. However, due to 

their relatively high percentual discounts on these products, they remain attractive for the 

customer. In Table 8-1 an overview is given with the expected effect of these variables for 

customer 1. 

Customer 1 

Variable Description Effect 

Percentual 

Discount 

A higher than average percentual discount is a specific 

characteristic of customer 1. 

+ 

# SKU’s in 

Promotion 

A higher than average number of SKU’s during a specific 

promotion is a specific character of customer 1. 

++ 

Promotion 

Frequency 

A higher than average promotion frequency is a specific 

characteristic of customer 1. 

++ 

Table 8-1 Characteristics Customer 1 
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The promotional frequency of customer 2 is comparable with customer 1, both focuses on 

promotions to convince the customer to buy their products. Where the assortment of 

customer 1 has a wide range, the focus of customer 2 is on category 2 and 4 (in scope of this 

research) with many SKU’s in promotion for these categories. The percentual discount of 

customer 2 is high, however the promo mechanisms customer 2 prefers, are different from 

the other retailers in scope. Still can be concluded that customer 1 and customer 2 are 

comparable based on the variables discussed in this sub-chapter, see Table 8-1 and Table 8-2. 

 

Customer 2 

Variable Description Effect 

Percentual 

Discount 

A higher than average percentual discount is a specific 

characteristic of customer 2. 

+ 

# SKU’s in 

Promotion 

A higher than average number of SKU’s during a specific 

promotion is a specific character of customer 2. 

+ 

Promotion 

Frequency 

A higher than average promotion frequency is a specific 

characteristic of customer 2. 

++ 

Table 8-2 Characteristics Customer 2 
 

Customer 3 is a strong seller of premium brands and propagates that it is the cheapest of its 

kind. Customer 3 focuses in contrast to customer 1 and customer 2 on a smaller assortment 

which suggests that there are relatively less SKU’s in a specific promotion. On average they 

have promotions once a month and the percentual discount during promotions is quite high 

compared with the competition, because of the big bang offers (knalaanbiedingen) they make 

use of. No conclusions can be drawn about their promotion frequency. 
 

Customer 3 

Variable Description Effect 

Percentual 

Discount 

A higher than average percentual discount is a specific 

characteristic of customer 3. 

++ 

# SKU’s in 

Promotion 

A lower than average number of SKU’s during a specific 

promotion is a specific character of customer 3. 

- 

Promotion 

Frequency 

An average promotion frequency is a characteristic of 

customer 3. 

-/+ 

Table 8-3 Characteristics Customer 3 

After customer 3, customer 4 is the second largest retailer in the field of big bang offers 

(knalaanbiedingen). Furthermore, customer 4 focuses on a small number of SKU’s per 

promotion to optimize their sales, since they focus on small market segments where they can 

be dominant. The frequency of their promotions is relatively low, but with the big bang offers 

(knalaanbiedingen) their sales is still high. With the strategy of customer 4 to be a social 

supermarket they try to convince consumers to buy their products without many promotions. 
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Customer 4 

Variable Description Effect 

Percentual 

Discount 

A higher than average percentual discount is a specific 

characteristic of customer 4. 

++ 

# SKU’s in 

Promotion 

A lower than average number of SKU’s during a specific 

promotion is a specific character of customer 4. 

- 

Promotion 

Frequency 

A lower than average promotion frequency is a specific 

characteristic of customer 4. 

-- 

Table 8-4 Characteristics Customer 4 
 

In line with the characteristics are the LF’s of customer 3 and 4 on average higher compared 

to the LF of customer 1 and customer 2. Were all supermarkets make use of a promotion 

strategy, the big bang offers of customer 3 and customer 4 are probably the reason of the 

higher LF’s. It is harder to predict how the characteristics moderate the relation between the 

variables “# SKU’s in Promotion” and “Promotion Frequency” and the LF. Based on these 

insights’ new moderators are introduced to see how the different characteristics per retailer 

influence the variables. 

 

Now we know that subset 8 provides the most savings, this dataset will be used for the 

moderation effect analysis. Furthermore, dataset 10 and 11, based on dataset 8 and the 

complete dataset, are created to analyze the new variable “Position in Store”. Moderator 1 

will be introduced to analyze the effect of the size of a retailer. Large customers are customer 

1 and 2, and on the other hand, customer 3 and 4 are small. The second variable used as 

moderator focuses on the big bang offers of customer 3 and 4, and the last moderation that 

will be checked is based on how social a customer is (customer 4). The introduced moderators 

can influence the relation between the independent and dependent variables. It will be 

interesting to see what the influence is on the model fit and forecast accuracy when the 

moderators will be used. In Table 8-5 is shown which moderations will be tested. 

Used dataset Description Effect 

Moderator 1 Larger retailers (Customer 1 and 2) run promotions with on 

average a higher number of SKU’s.  

++ 

Moderator 2 Retailers which make use of big bang offers (Customer 3 and 4) 

have on average a higher percentual discount. 

+ 

Moderator 1a Larger retailers (Customer 1 and 2) have a higher promotion 

frequency. 

+ 

Moderator 3 A retailer which focuses on the social aspect (Customer 4) make 

use of a lower promotion frequency. 

- 

Table 8-5 Datasets for each moderation with the expected effect 

 

As shown in Table 8-6, there is a small increase of the adjusted R-Square when the size of the 

retailer will be used as moderator. This means that the relation between the number of SKU’s 

in promotion and the LF will be influenced by the size of a retailer. Furthermore, the forecast 

accuracy increases. This is in relation with the expectations and can be explained by the fact 

that the assortment of larger retailers is in general larger. On the other hand, the adjusted R-
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Square and forecast accuracy decreases when the characteristic “size of retailer” will be used 

as moderator for the relation between promotion frequency and the LF. This is inconsistent 

with the expectations; this characteristic cannot be used as moderator to influence the 

relation between both. Furthermore, the moderator “social”, which is a characteristic of 

customer 4, does not influence the relation between the promotion frequency and LF 

positively. The opinion of a customer to decide if a retailer is social or not, makes it 

complicated to use it as a characteristic. However, organization wide it is one of the main 

goals of customer 4 to be social. Lastly, the moderator “Promotion Type” influences the 

relation between percentual discount and the LF. This is in line with the expectations, because 

the big bang offers generate higher percentual discount. This will influence the LF positively. 

With use of this moderator the forecast accuracy increases the most. For all relations counts 

that there can be many more characteristics which influence the relation between both. The 

given moderator does not fully explain the influence between the dependent and 

independent variable.  

 

*The R-Square, Adjusted R-Square, MAPE, and forecast accuracy are calculated based on the 

dataset which includes the moderator and the dataset without the moderator. What makes 

it possible to compare the datasets with a moderator with dataset 8.  

 

Dataset 8 Dataset 8 Moderation 1 Moderation 2 Moderation 1a Moderation 3 

Moderator  Size of retailer Promotion Type Size of retailer Social  

Indep. Variable  # SKU’s in Promo % Discount Promo Freq. Promo Freq. 

Data Points 2160 1810 352 1810 164 

R-Square 0,2657 0,2783 0,2806 0,2558 0,2513 

Adjusted R-Square 0,2619 0,2847 0,2853 0,2582 0,2572 

MAPE 26,9% 25,8% 25,2% 27,4% 27,8% 

Forecast Accuracy 73,1% 74,2% 74,8% 72,6% 72,2% 

HIT-Rate 57,5% 58,1% 57,9% 55,9% 55,6% 
Table 8-6 Important information for datasets based on adaptations 

 

This first analysis about the characteristics shows how important it is to know the strategy of 

a customer and how the characteristics can influence the model.  

 

8.1 Position in Store 

Based on the first analysis, executed in chapter 5.2, the “Position in Store” turned out to be 

an interesting variable to include in the regression analysis. However, this was not possible 

for all customers due to data availability. Only for customer 1 this data is available and for 

that reason a new analysis is executed in this sub-chapter, which includes the variable 

“Position in Store”. Subset 8 and the complete dataset are used to run a new regression 

analysis, which includes the variable “Position in Store”. As formulated in hypothesis 9, the 

expectations are that a product on the gondola results in a higher LF and influences the 

forecast accuracy positively when this variable will be included in the regression analysis. In 

Table 8-7 an overview is given of the forecast accuracy with and without “Position in Store” 

as variable for customer 1. A significant increase of the adjusted R-Square is shown, and the 
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forecast accuracy is increased. Furthermore, the Wald-test shows that the influence of this 

variable on the LF is significant (H8 confirmed). This can be explained by the attention 

customer 1 gives to products on gondola end. These products are always visible and available. 

Further research can be done about the differences between products on gondola end and 

bin displays (stortbakken), this analysis focuses on products on gondola end. At customer 2, 

the influence of the variable “Position in Store” is probably completely different, because the 

setup in the store is very different. Further analysis is needed before investments are made 

to collect the position in store data for other customers.  

 

 Customer 1 

“Position in Store” 

Included 

(Dataset 10) 

Customer 1 

“Position in 

Store” Excluded 

(Dataset 10) 

Customer 1 

“Position in 

Store” Included 

(Dataset 11) 

Customer 1 

“Position in 

Store” Excluded 

(Dataset 11) 

Based on dataset Dataset 8 Dataset 8 Complete Complete 

Data Points 1221 1221 1774 1774 

R-Square 0,1721 0,1297 0,1379 0,0999 

Adjusted R-Square 0,1678 0,1257 0,1318 0,0944 

MAPE 28,2% 31,9% 32,3% 34,7% 

Forecast Accuracy 71,8% 68,1% 67,7% 65,3% 
Table 8-7 Important information Position in Store analysis 

9. Sensitivity Analysis 
At the moment supply chain 1 in the Netherlands has a revenue of 19,2 million euros per year. 

Category 1, where supply chain 1 is part of, has a revenue of 98,6 million euros per year, what 

means that supply chain 1 is 19,5% of category 1. Furthermore, the revenue of the 

Netherlands is 349 million euros, only 5,5% of the total revenue comes from supply chain 1. 

This means that the results from the analysis cannot directly be generalized for all supply 

chains delivering to the Netherlands. With the use of a sensitivity analysis, the analysis on 

supply chain 1 will be generalized. To do this, different parameters, which can differ in other 

supply chains, will be analyzed. The parameters, which can differ for the lost sales cost 

calculations, are the forecast error percentage, the margin for the products, and the service 

level. For the transportation costs, the forecast error influences the cost savings as well as the 

location of the plant.  

 

The lost sales are caused for 24,0% by forecast inaccuracy for the supply chain 1 products. A 

second analysis has shown that for the complete product set of category 1 counts that 28,1% 

of the lost sales are caused by a forecast error. This suggests that supply chain 1 gives a good 

representation of the other supply chains for category 1 products to generalize. In Figure 9-1 

is shown what the impact is of changing the standard deviation, which is based on the 

difference between the forecast and shipments, by keeping the other parameters the same. 

As explained in chapter 5.5.2, the standard deviation of the demand is in relation with the fill 

rate and therefore indirectly in relation with the lost sales. As shown in Figure 9-1 the impact 
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on the lost sales is enormous by a changing standard deviation. Because this data is not 

available for other supply chains there cannot be concluded if the same savings can be 

realized for all supply chains delivering to the Netherlands. The reason category 1 is chosen 

for the sensitivity analysis, is because it is one of the largest categories in the Netherlands and 

supply chain 1 is part of this category. On both axes the values show a percentual increase or 

decrease. 

 
Figure 9-1 Lost Sales by changing standard deviation 

The same analysis is done for the parameters margin and service level. In category 1, the 

margins can differ between 32% and 54%, what makes it risky to generalize this parameter 

for the whole category. The margins for all categories will probably differ more. Where supply 

chain 1 has similarities with the other supply chains making category 1 products, no 

conclusions can be drawn about all categories. 

 

For transport, the forecast inaccuracy and the location of the plant are the variables which 

differs between the supply chains. The costs are equal for all categories. For supply chain 1 

the forecast error is 28,6% and for category 1 the forecast error is 31,4%. The number of cuts 

of these cases are comparable with these in supply chain 1. The more complicated aspect for 

generalizing this supply chain are the locations of the other supply chains producing for 

category 1. Other plants are located in England, Italy, China, Poland and Canada. The impact 

of cuts will be different because of the different delivery times. For calculating the 

transportation costs, supply chain 1 can be generalized for category 1, with the assumption 

that cuts have comparable costs. Not enough information is available to delve deeper to 

expand this analysis. Furthermore, no conclusions can be drawn about the other categories. 

An example what it makes more complicated, the fabric care category, is that some of the 

SKU’s in this category are too heavy to fully load (33 pallets) a truck, a maximum of 24 pallets 

is set for these SKU’s.   

 

As it is the case for supply chain 1, also the production and procurement costs are excluded 

from the cost saving calculations for the other supply chains. In the whole organization P&G 

strives to reuse all packing material of non-finished inventories. This can be realized because 
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P&G makes use of raw-material that can be used for different product codes, what makes it 

possible to decrease the forecast inaccuracy drastically with use of variability pooling. 

Furthermore, the agile way of working at P&G prevents for last-minute changeovers (due to 

forecast errors) to finish products in time. The reason P&G focuses on an agile system is to 

reduce the batch sizes and take it for granted that the changeover costs will increase. Still 

these expected changeovers are in comparison with unexpected changeovers extremely 

cheap. The extremely agile planning, which makes it possible to change production runs each 

24 hours, ensures that changeovers due to forecast inaccuracy do not need to be considered 

for calculating the cost savings. 

 

Next to the discussed parameters there are more differences. At location 1, where supply 

chain 1 products will be produced, they make use of 5 production lines what makes it 

relatively easy to plan a last-minute production compared with plants with less production 

lines. Furthermore, counts that the transportation costs per pallet are equally expensive for 

different products. However, the difference is the number of products per pallet, what makes 

the impact of a cut on a pallet with small products higher, compared with a pallet with bigger 

products (assumed both products have the same value).  

 

 

 

 

 

 

 

 

 

 

Conclusion Phase 4: 

In the fourth phase of this research, two different adaptations are added to learn more about 

the retailer characteristics and the influence of the position in store of products. It can be 

concluded that moderations can influence the forecast accuracy and model fit positively. 

Besides, the learnings about the retailer characteristics are useful for further research. The big 

bang offers, which is a specific promotion mechanism, had the most influence as moderator. 

Furthermore, the variable “Position in Store” is useful as independent variable to predict the 

dependent variable. The adjusted R-Square increases by including this variable and the 

forecast accuracy increases. This counts for both, the complete dataset and subset 8. These 

adjustments indicate that there is still a lot of information that can be used to improve the 

model. With the use of a sensitivity analysis is tried to generalize the findings of this research 

to the whole Dutch market. However, the different categories and the minimal amount of 

information that is available about the plants, did not make it possible to see the exact 

differences. For that reason, the analysis is generalized for category 1, which is for different 

parameters comparable with supply chain 1.  
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Phase 5: Implementation Plan and Conclusions 

10. Recommendations 
▪ Region/Category/Customer 

As mentioned earlier, the region of this research is chosen based on differences in the FBNL 

district. However, this does not mean that this forecasting model cannot be used in Belgium 

or France. When this model will be implemented it will be recommended to start the 

implementation process in the Netherlands for four completely different categories and all 

its customers. The next step will be to expand the model for all categories. The third step, 

which will be more complex, is to introduce the model in Belgium. However, due to 

differences in the Belgium market compared with the Netherlands, changes in the dataset are 

needed and some new variables have to be introduced, or current variables need to be 

excluded. A last step could be the introduction of the model in France.  

 

▪ Shipment Pattern 

It can be concluded that the influence of the shipment pattern on the forecast accuracy is 

significant. The new shipment pattern is 3,2% more accurate than the pattern decided 

between the CDM’s and retailers. This improvement decreases, both the transportation costs 

and lost sales. One of the reasons could be that this estimation is made once a year and is not 

based on any data. A better way to estimate the shipment pattern of promotions is to use the 

historical shipment patterns of a comparable promotion for the new promotion. In this 

research the 3 previous shipment patterns of comparable promotions are used to predict the 

shipment pattern. This improves the forecast accuracy, because it will be easier to split the 

right number of products for the right weeks. Though, further research between the shipment 

pattern and the promotion frequency is needed. It could be that promotions with an 

extremely high frequency influence the shipment pattern, when the last shipment week of 

promotion X overlaps the first shipment week of promotion X+1.  

 

▪ From judgmental to a combined forecasting method 

The current way of forecasting is judgmental based. It will be recommended to make use of 

a combined forecasting method. Still the expertise of CDM’s is needed to improve the forecast 

accuracy and HIT-Rate, however with an automatized model based on data the accuracy can 

be improved. The improvement of the forecast accuracy, with use of a multiple regression 

analysis in this research is minimal. However, by adding new variables, creating a dataset, and 

get more insights about the categories and customers, a further improvement can be 

achieved. If the implementation process of this model is too complicated for the short term, 

a start of an automatic forecasting model can be made by using the X previous shipments of 

a comparable promotion to predict the current promotion. This data is already available for 

the CDM’s. Furthermore, it will be recommended to introduce moderators in the regression 

models based on the characteristics of customers and categories. A first step has been taken, 

however further research is needed.  
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▪ Most important Variables 

When this model will be implemented at P&G, it will be recommended to firstly add the most 

important variables, which are “Position in Store”, “Previous Forecast”, “Percentual 

Discount”, and “Customer Forecast”.  

 

▪ Promotion Frequency 

The variable promotion frequency is not significant in this research. For that reason, will be 

recommended to exclude this independent variable from the model. An explanation of the 

insignificance could be the promotions of comparable products from competitor’s in-

between promotions of the retailer. This can explain that there is no relation between the 

frequency of promotions and the LF.  

 

▪ Thresholds 

At P&G a statistical and promotional forecast will be used. This makes it possible to filter only 

the relevant data for predicting the promotional forecast. Nothing will be done with the 

filtered data and it will be assumed that the statistical forecast absorbs this uncertainty. To 

keep the service level high and filter only the small, less important BI, thresholds are needed. 

In this research two new thresholds are introduced to filter the BI, these are based on volume 

and volatility. It will be recommended to introduce these thresholds to filter the BI and 

improve the forecast accuracy to create time savings.  

 

▪ Position in Store 

Due to a lack of data availability, this variable is only tested for customer 1. However, the 

results were still interesting. The analysis shows that the sales increases significantly when a 

promotion was placed on gondola. If this data can also be gathered from other customers, 

this variable could be interesting to predict the LF. Further research is needed when more 

data for other customers is available. 

 

▪ Database 

The starting point for the implementation plan is a new dataset with all data needed to run 

the multiple regression analysis with the needed variables. This makes a new dataset an 

important recommendation to start with. Now it is hard to gather all information and convert 

it to the right setup. For this research data came from the customers, but also from databases 

as InfoPage3 and BW4 and other departments, such as sales. Lastly tools as KASE have been 

used to create a complete dataset. To keep the dataset up to date, it is important that the 

new database will be updated once a week. On this way the multiple regression analysis will 

be used on an optimal way.  

                                                           
 

3 InfoPage: A internally used database used at P&G for historical forecasts and demand 
4 BW: A internally used database used at P&G for historical forecasts and demand  
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▪ Retailer characteristics 

It is shown that the retailer characteristics can be used as moderator to influence the relation 

between an independent variable and the LF. One recommendation is to structure all 

customers on their characteristics and introduce these characteristics as moderators to 

strengthen the relation between a variable and the LF.  

 

During this research a lot of contact was needed with other departments to gather the right 

information. This provided a better picture of the complete process and what the link 

between different positions are. Furthermore, a lot of information is gathered from other 

researches.  

 

▪ Expand Opportunity: Other Variables 

Besides the current variables that have been introduced in the model, there are many more 

variables which influence the LF. Based on other research recommendations will be given for 

the introduction of new variables. Due to data availability the promotion mechanism is not 

considered in this research. However, this variable makes it much easier to analyze which 

promotions are comparable. Furthermore, the influence of a specific mechanism on the LF 

makes it easier to predict the retailers demand. Also, when the sales teams know which 

mechanisms increase the LF the most, they can use this during their negotiations with the 

customer. Currently, the data about the promotion mechanism is not structured, what makes 

it complicated to analyze the relation between the mechanism and the LF for different SKU’s. 

Further research is needed to get more insights about this relation. Probably the demand of 

the retailer will be in line with the number of selling points what makes it easier for P&G to 

predict the LF. Just like with the position in store it will be complicated to gather this data for 

all customers. Reasons are the high costs P&G must pay for this data, not all customers will 

share this data and not all customers have this data available. A third variable which could be 

interesting is the season of the year. Some categories are season feasible, which can influence 

the demand extremely. Another variable, which is interesting for the customization 

department of P&G, is the second placements. This variable considers what the influence is 

when there are two positions in store (second position is a Display) to sell the product. The 

influence of displays on the LF is shown as relevant in other research (Derks, 2015; van der 

Poel, 2010). Lastly, the variables folder and TV advertisement can be included in the 

regression analysis. On the one hand, it will be easier to predict the LF, and on the other hand 

insights can be gathered about how useful both variables are to convince the customer of 

buying the products. If there is more clarity about both methods of advertisement, 

recommendations can be given to the sales teams where to focus on during negotiations with 

retailers.  
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11. Implementation Plan 
In line with the recommendations, an implementation plan will be drawn up. In Figure 11-1 a 

long-term implementation plan is described in 5 steps. Furthermore, recommendations will 

be given for short term implementations.  

 
Figure 11-1 Implementation Plan 

For this research a smaller scope is used then in reality needed. Only 4 customers and 4 

categories are selected to test the new method of forecasting. Therefore, the first step is to 

check the data availability of all other categories and customers. Furthermore, the promotion 

mechanism for each promotion is not considered due to a lack of data. However, this variable 

is determinative for the success of a promotion. It needs to be checked how many promotions 

per customer with a specific mechanism for a specific SKU will be executed.  

 

Next to data availability it is important to gather all data on an easily accessible place for the 

CDM’s. Based on the recommendations “Region/Category/Customer”, “Shipment Pattern”, 

and “Database”, changes are needed to create a new database. An important variable to 

include in this database is the forecast of the customer. The regression analysis shows that 

this variable influences the LF. When the retailer can deliver a (better) forecast to P&G, P&G 

can make a better prediction of the order of the retailer. This information can be valuable for 

retailers who still not deliver a forecast. Data included in the database are based on the 

following variables: 

▪ LF Former Promotions 

▪ Position in Store 

▪ # SKU’s in Promotion 

▪ LF Forecast of Customer 

▪ Percentual Discount 

 

The third step is to introduce the new thresholds based on volume and volatility. Before the 

regression analysis can be executed the thresholds need to filter the right data. Tests must 

ensure that the thresholds will be on the right level and not too much data will be filtered. 

Furthermore, it is important that all information about promotions per customer will be 

announced on time, because the thresholds can only be used when all promotions per 
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customer are known. This means that more communication about this topic is needed 

between the CDM’s. Also, a tool is needed which calculates the new thresholds weekly for 

the CDM’s. At the moment the thresholds will only be updated ones a year. 

  

Fourth, an automatic model must be created to run the regression analysis. This includes the 

calculations to convert the data from a (lift) factor to the forecast. With the new database 

and thresholds, this step can be executed relatively fast. The most important part is to test 

the model and train the CDM’s to work with the new model. When the model is running, 

many analyses can be executed to get more insights about the different variables. 

Furthermore, can be concluded what the effect of specific promotions is on the LF.   

 

When the model is in operation, the cost saving calculations can be executed to see what the 

exact savings are for the different departments. This step is only relevant for the lead team 

to get insights about the effect of improving the forecast accuracy. Before this step will be 

executed it need to be considered that it takes a lot of time to make these calculations and 

not all needed data to make a perfect calculation is available. Probably assumptions are 

needed what makes the calculations less valuable. Still it can give the lead team better insights 

to decide where to invest in, in the future.  

 

During this whole process it is important to focus on the relation between P&G and its 

retailers, because they have access to many data to optimize the forecast. Variables as 

position in store, but also the number of selling points can only be implemented when the 

retailer share this data with P&G. Communication and trust are needed to get this done. 

Thereafter, together with the retailer, research can be done about the factors which influence 

the retailer orders compared with the consumer demand.  

 

12. Conclusions 
12.1 Conclusions 

The management dilemma of this research is how to improve the forecast accuracy, decrease 

the time to prepare a forecast, and how to filter only on relevant data needed for the forecast 

of P&G. This resulted in the following research question: “How can P&G optimize costs by 

improving to an accurate promotional forecast and saving labour time”. Currently P&G makes 

use of judgmental forecasting, where CDM’s try to improve the forecast accuracy and HIT-

Rate mainly based on experience. By comparing the current promotion with other promotions 

executed in history, the CDM’s make use of data. The main factors considered now are the 

brand, customer, and promotion mechanism. However, the ideal model makes it possible to 

implement all variables, which influence the dependent variable. Because a lack of data 

availability and other limitations, a selection of variables are chosen to create a new model 

for P&G. Subsets created based on thresholds and specific variables are used to improve the 

forecast accuracy and to select the most suitable model for P&G.  
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Most of the variables included in the model were significant, and with use of the validation 

set could be concluded that the model can also be used for other periods. Running the 

complete dataset in the multiple regression analysis the forecast accuracy will be 66,6% 

(MAPE: 33,4%) and the adjusted R-Square will be 0,2141. However, based on time and 

forecast accuracy (and keep the service level high enough) is concluded that dataset 8 is the 

most valuable dataset to introduce for saving costs. By introducing dataset 8, 32,9% of the 

data can be filtered out and a forecast accuracy of 71,4% (MAPE: 28,6%) is achieved. The 

adjusted R-Square is 0,2483. Both, the forecast accuracy and the adjusted R-Square are higher 

compared based on dataset 8 in the current and new situation. Further improvements are 

realized with the new shipment patterns, based on historical data. From the adaptations can 

be concluded that the position in store is also a significant variable which influences the LF. 

The retailer demand of a specific SKU increases drastically when it will be on gondola. 

Furthermore, the characteristics of the customers are analyzed, and it is shown that the size 

of the retailer and the promotion type can be used as moderators to influence the relation 

between the number of SKU’s in promotion and the LF, and percentual discount and the LF.  

 

All in all, it can be concluded that the forecast accuracy improves with the new model (using 

dataset 8). Furthermore, time savings for the BP’s and CDM’s can be realized and the total 

cost savings are worth mentioning. The implementation plan can be used to introduce the 

recommendations in P&G’s current processes. 

 

12.2 Future Research & Limitations 

As follow up to this research, suggestions for future research and limitations are given. First 

three recommendations for future research are given, where after three limitations will be 

discussed.  

 

Already recommendations are given to introduce new variables when more data will be 

available However, first P&G need to delve into all variables and what the influence of these 

variables is on the LF. Two extremely valuable variables are the stock level at the retailer DC 

and the amount of forward buy. However, as long as this information will not be shared with 

P&G, other variables need to be included in the regression analysis to predict the retailer 

demand. The gap between the customer demand and retailer orders must be reduced. Future 

research about the factors which influence the retailer orders compared with the consumer 

demand is needed. 

 

Another possibility is to improve the forecast accuracy to forecast with another method. The 

last decade the popularity of data mining techniques is rising extremely and due to the fast 

development of these techniques new insights are gathered. Neural networks is one of these 

promising options. Important is to consider that these new complex methods need to be 
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understandable for the user to make it a success. Future research is needed to make a correct 

assessment. 

 

The last recommendation for future research, which can be helpful for the customer demand 

managers, is to get insights about the different types of discount. If some of the promotion 

mechanisms generate different sales, but the percentual discount is the same, this need to 

be considered by creating the forecast, as well as by the negotiation process of the account 

executives. 

 

The first limitation is that for this research only the Netherlands is in scope. However, the new 

method of forecasting can also be introduced in Belgium. The problem is that the markets are 

completely different, examples are the coupon promotions and the lowest price guarantee 

were Belgium makes use of. To get a better idea which variables differentiate in both 

countries and how this model can be introduced in Belgium, future research about the 

characteristics of the Belgium market are needed.  

 

In this research is assumed that historical demand is a good representation of future demand. 

However, unexpected changes in the order behavior of the retailer, or changes in the buying 

behavior of the shopper can influence the demand extremely. According to McDonald et al. 

(2003), culture, social class, reference groups, and family are the main reasons why the 

shopper buying behavior will be influenced. Furthermore, geographical and demographical 

criteria can also influence this behavior, which creates uncertainty in the demand of the 

shopper as well as the retailer. 

 

Another limitation is that less data was available. Relatively less variables could be 

implemented, and it was not possible to zoom in on the promotion mechanism. Furthermore, 

it took a lot of time to prepare the complete dataset, what makes it not possible to introduce 

this method directly in business.  

 

12.3 Contributions to Literature 

Earlier in research the gaps in literature are discussed. The first one is how the combination 

of decreasing time to prepare a forecast and increasing the forecast accuracy can result in 

cost savings. Secondly, new variables will be introduced from a manufacturer point which 

influence the promotional forecast. The third gap focuses on how thresholds can help to leave 

out less relevant SKU’s. The last gap delves into the characteristics of the retailers, and how 

these characteristics can influence the LF.  

 

Minimal research is done about forecast accuracy and time in relation with costs from a 

manufacturer point of view. This study attempted to approach the cost savings on a general 

way based on an increase of the forecast accuracy and time savings. The structure of these 
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cost calculations can be used in other research, however many assumptions are made to 

consider all characteristics of P&G. As mentioned earlier, the cost calculations based on 

forecast accuracy improvement are very complex and different for most of the companies. 

The same counts for the time savings, per company the opportunities are different for saving 

time. All in all, can still be concluded that the formulas included in the model give a good 

estimation for the cost savings of P&G. 

 

Where a lot of research is done about this topic from a retailer point of view and lists of 

variables which influence the consumer demand are available, less research is done from a 

manufacturer point of view. In this research two new variables are introduced, which will 

influence the gap between the retailer forecast and the manufacturer forecast. These 

variables are the LF of the retailer forecast and the shipment pattern of the manufacturer. 

Both variables improve the forecast model and can be used in future research.  

 

To filter on relevant data, thresholds are introduced. The thresholds are based on volume and 

volatility and filter small, less relevant SKU’s, what makes it possible for the CDM’s to focus 

on the more important SKU’s. This new method ensures that the thresholds are different 

every week and adjustments can made easily. The combination of filtering on volume and 

volatility makes this method interesting for literature. Not only large SKU’s will be retained, 

but also SKU’s which are hard to predict, regardless of size. 

 

In previous articles no research is done about the characteristics of the retailer, however 

these characteristics can influence the LF. These characteristics are analyzed from a 

manufacturer point of view and it is shown that the size of the retailer and the promotion 

type can be used as moderators to influence the relation between the number of SKU’s in 

promotion and the LF and percentual discount and the LF. It can be concluded that the 

characteristics of retailers can be used to group customers. Furthermore, these 

characteristics can act as moderators to improve the forecasting model. 
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14. Appendices 
14.1 Appendix A – Abbreviations 

The abbreviations used at P&G and in this report are shown below on alphabetical order. 

Abbreviation Meaning 

AE Account Executive 

BNL Benelux 

BI Business Intelligence (Data about promotions) 

BP Business Planner (in the PSC) 

CDM Customer Demand Manager 

CFR Case Fill Rate 

DA Detailed Assumption 

DAT Detailed Assumptions Tool 

DC Distribution Center 

EAN European Article Number 

FBNL France-Belgium-Netherlands-Luxembourg 

FMCG Fast Moving Consumer Goods 

FR France 

HR Human Resources 

KPI Key Performance Indicator 

LF Lift Factor 

MSU 1000 Statistical Units 

O-TSR Operating Total Shareholder Return 

OOS Out of Stock 

P&G Procter & Gamble 

PSC  Planning Service Center 

SC Supply Chain 

SKU Stock Keeping Unit 

SMO Selling Market Organization 

SNO Supply Network Operations 

SS Safety Stock 

SU Statistical Unit 

Table 14-1 Abbreviations 
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14.2 Appendix B.1 – Multiple Regression Analysis 

The multiple regression analysis will be used to find the relationship between independent 

variables and the dependent variable (Montgomery & Runger, 2003). In this research is 

expected that there is a linear relation between the independent and dependent variables, 

this makes it possible to use a linear regression model.  

y = a + ∑ 𝑏𝑘𝑥𝑘 +  Ɛ𝑘          Equation 26 

 

y is the dependent variable in this model, 𝑥𝑘 are the different independent variables and Ɛ is 

the random error. The mean of the error term is 0 and the variance 𝜎2. Coefficients a and 𝑏𝑘 

are estimated on a way that a line will be created which fits with the observations done in 

history. The best fit is when the sum of squared errors of the predicted line in relation with 

the actual observations is minimal (Coopler & Schindler, 2013). With use of a t-test can be 

find if the relation between the independent and dependent variable is significant. When the 

t-test is significant, what means that it is lower than 0,05, it can be concluded that there is a 

relation between both. Assumptions as linearity, homoscedasticity, normality, 

multicollinearity, and independency of the errors need to be met before the model can be 

used.   
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14.3 Appendix B.2 – Transformations 

The first step is to analyze the dependent variable. In the figures below a density plot and 

histogram are given for the untransformed Lift Factor (LF) and for the transformed LF. It can 

be concluded that normality is not met in the untransformed option. With a logarithmic 

transformation (ln), large improvements are made to meet the assumption of normality, for 

that reason the ln of the LF will be used as the dependent variable in this research.  

 

Lift factor 

 
Ln-Lift factor 

 
Percentual Price Discount 
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Lift factor Previous Promotions 

 
# of SKU’s in DA 

 
Lift Factor Customer Forecast 

 
Ln-Lift Factor Customer Forecast 
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Promotion Frequency 

 
Ln-Promotion Frequency 
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14.4 Appendix B.3 – Regression Analysis Assumptions 

In this appendix the different assumptions for the complete dataset will be discussed. It will 

be assumed that these assumptions will also be met when a subset of the complete dataset 

will be used for analysis.  

 

Multicollinearity 

Multicollinearity can be tested with the VIF scores, If the values are higher than 10 and the 

correlation cannot be explained by the model, the highly correlated predictors need to be 

removed (Hair et al., 2010). If a moderator will be used in the model, higher VIF-scores can be 

explained and therefore do not cause any problems. In this model the VIF scores are all below 

3, what means that the multicollinearity is satisfied.  
                   GVIF      Df       GVIF^(1/(2*Df)) 
PercentualPriceDiscount      1.097371  1        1.047555 
LFPrev          1.042190  1        1.020877 
#SKUinDA         1.515278  1        1.230966 
logLFCustomer     1.063045  1        1.031041 
logPromotionFrequency  1.318914  1        1.148440 
Category        2.293378  3        1.148363 
Customer        2.441940  3        1.160439 

 

Normality of the error term 

Due to the relatively large sample size the normality will be tested with use of a histogram. 

When there are tails visible in the normal Q-Q Plot, the residuals are not close to normal. 

However, because the data set used in this research is large enough, based on the central 

limit theorem, normality is not required. 

.  
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Heteroscedasticity 

Heteroskedasticity will be tested with use of the Breusch-Pagan test and a scatterplot. If the 

p-value is not significant and the plot of residuals against the values is an unstructured mass 

of points, can be concluded that the model is homoscedastic. If not, there is 

heteroskedasticity and transformations are needed. If the heteroskedasticity remains, the 

standard errors need to be corrected, which changes the t-statistics, regression parameters, 

and p-values. The Breusch-Pagan test shows that there is heteroskedasticity, which is in line 

with the scatterplot which shows that the variance of y increases. Data transformations 

results in improvements, however the homoskedasticity assumption is still not met. Because 

over- or underestimation of the standard errors can lead to incorrect values, the standard 

errors where corrected. In Figure 14-2 is shown that heteroskedasticity exists.  

 

 
Figure 14-2 Scatterplot Heteroscedasticity 

Linearity 

It is important to find a linear relation between the independent and dependent variables. 

With use of scatterplots can be checked if these relations are linear. It is important concern is 

only needed when there is a lack of relation. During the process of meeting the assumptions 

transformations of the variables can have an enormous impact. It can be concluded that the 

linearity assumption is met, there are no fitted patterns and for almost all the blue line is 

horizontal at zero, there is no reason for non-linearity.  
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Independence of Errors 

For this assumption will be checked if the errors are correlated. With use of the Durbin-

Watson test can be checked if there are correlations between the independent errors. If the 

Durbin-Watson test give values nearby 2 the residuals are uncorrelated. However, if the value 

is not close to 2, the omitted causal factor needs to be added to meet the assumption. The 

test can give results between 0 and 4. The Durbin-Watson test give a score of 1,9764, which 

is nearby two. It can be concluded that there is no correlation between the residuals. The 

assumption is accepted. 

 

14.5 Appendix B.4 – Wald Test 
The Wald test (also called a F-test) will be used to explore if an independent variable is 

significant in the model. If a variable is significant it means that it influences the model. 

Variables which do not have any influence in the model can be deleted without affecting the 

model. For this research all included variables influence the model as shown in the figures 

below.  
 

Percentual Price Discount 

 
 

Lift factor Previous Promotions 

 
 

# of SKU’s in Promotion 
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Ln-Lift Factor Customer Forecast 

 
 

Ln-Promotion Frequency 

 
 

Category 

 
 

Customer 
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14.6 Appendix C – Lost Sales Simulation (included DoBr-Tool) 
The Dobr-Tool, which is a VBA-based tool, is developed to evaluate inventory policies (R,s,nQ 

and R,s,S). Since it is possible to incorporate frequently used input parameters, realistic 

situations can be evaluated on a precise and reliable way. In this research the DoBr-Tool will 

be used to get knowledge about the influence of the forecast error on the fill rate. Below the 

input parameters will be discussed as well as how the tool is used to decide the fill rate that 

can be realized by decreasing the forecast error.  

▪ Fill Rate (𝑃2) = The fraction of the demand that will be delivered immediately from 

stock in the long-term. 

▪ Lead Time = The period of time that elapses between the moment the need for goods 

is determined and the moment this need is satisfied. 

▪ Review Period = The time between successive evaluations of the inventory status to 

decide when to reorder. 

▪ Mean Period Demand = The demand of a specific SKU per period. 

▪ Std. Dev. Period Demand = The standard deviation of a specific SKU per period. 

▪ Reorder Level = A minimum amount of a SKU in stock, when the stock falls to this 

amount, a SKU will be reordered.  

𝜎𝑒𝑟𝑟𝑜𝑟 = 𝜎(𝐹 − 𝐴)         Equation 27 

The standard deviation of the forecast minus the actuals can only be calculated for a specific 

retailer due to the high deviating orders of the different customers. All 15 SKU’s of customer 

1 from supply chain 1 are considered. The lead times and review periods are shown in Table 

14-3. The DoBr-tool is used to calculate for each SKU the fill-rate change what makes it 

possible to calculate the lost sales savings. Because the different products can also be 

completely different in their demand and standard deviation of the forecast error an internal 

measure is used to compare different SKU’s. This measure for volume, which is used internally 

at P&G is called a statistical unit (SU). As a rule of thumb can be used that 1 SU is the amount 

of a specific SKU that an average family would use in a year. For example, an electronic tooth 

brush is 1 SU, while tooth paste is 0,01 SU. This measure is based on, for example, the weight, 

price, and size of a product. This makes it possible to divide the demand over all SKU’s based 

on the revenue.  

 

By improving the forecast accuracy, the standard deviation of the forecast error decreases, 

what makes it possible to increase the fill rate. The current fill rate (due to forecast inaccuracy) 

is 99,52%, which can be obtained by using the given input variables and define a reorder level 

which is different for each SKU. When the input variables kept the same, and only the 

standard deviation of the forecast error decreases, the fill rate increases. In Table 14-3, the 

mean demand and standard deviation of the forecast error are shown for each SKU based on 

subset 8.  
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Product Lead 

Time 

Review 

Period 

Mean 

Demand 

Reorder 

Level 

Std. Dev. of 

Forecast Error 

SKU 1 14 7 146 3697 74 

SKU 2 14 7 246 6607 109 

SKU 3 14 7 215 6413 167 

SKU 4 9 7 346 7539 241 

SKU 5 9 7 297 5340 198 

SKU 6 9 7 301 5619 197 

SKU 7 8 7 278 5269 124 

SKU 8 8 7 649 13369 412 

SKU 9 8 7 946 17924 489 

SKU 10 8 7 519 10451 384 

SKU 11 8 7 846 17604 567 

SKU 12 7 7 1765 35425 1218 

SKU 13 7 7 2143 41398 1212 

SKU 14 7 7 1246 27273 1009 

SKU 15 7 7 1865 33128 815 
Figure 14-3 Input DoBr-Tool 

By increasing the forecast accuracy, the number of cuts will decrease. However, it could be 

that new cuts occur. Because it is unknown what the root cause for these cuts are, the 

historical root causes and its percentages will be used to allocate the root causes for new cuts. 

The percentages are given in the pie-chart of Figure 5-9. 

 

In Table 14-4 an example is given to get an idea about how the simulation is executed. The 

yellow marked lines show how it could be that costs will be saved, or new costs occur. On the 

left side of the table numbers are shown which refer to the explanations below. 

- In the current situation, the root cause “forecast error” occurs in 24,0% of the cuts. 

- In the new situation, the root cause “forecast error” occurs 19,1% of the cuts. 

- Other root causes are called “Other”, the root cause itself is not relevant in this 

example. 

- When the current forecast divided by the demand or the demand divided by the 

current forecast is higher than 2,5, a root cause analysis will be executed, this limits 

the time to execute the root cause analysis and focuses on the most expensive orders.  

 

1. The forecast is in the new situation equal to the demand what eliminates the extra 

costs 

2. The forecast improves minimal in the new situation, the forecast error remains 

3. Another root cause is detected and keeps the same in the new situation 

4. Another root cause is detected; however, the forecast improves what eliminates the 

extra costs (no effect on the cost savings of this research) 

5. A new cut with as root cause “forecast error” occur, new costs arise 

6. In the current and new situation, the forecast is good enough to prevent for costs 
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7. A new cut with another root cause then “forecast error” occur, new costs arise (no 

effect on the cost savings of this research) 

 

Table 14-4 Example Simulation Lost Sales 

Based on this simulation can be concluded that a decrease of the forecast error of 4,9% (for 

subset 8) result in a fill rate improvement of 0,16%.  
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14.7 Appendix D – Transportation Costs Simulation 
In the current situation is concluded from the root cause analysis executed in DOMO what 

the probability is that forecast inaccuracy is the root cause for transportation costs. The 

conclusion is that 25,1% of the total transportation costs are due to forecast inaccuracy. When 

(a part of) a specific order cannot be delivered in time, it will be called a cut. Because of the 

availability of historical data, the costs for the current situation can be calculated. However, 

this will be more complicated for the new situation. By increasing the forecast accuracy, the 

number of cuts will decrease. However, it could be that new cuts occur. Because it is unknown 

what the root cause for these cuts are, the historical root causes and its percentages will be 

used to allocate the root causes for new cuts. The same will happen for the different extra 

costs by the root cause “forecast error”. Based on the number of times an extra cost occurred 

in the past, it will be randomly allocated to new cuts with as root cause “forecast error”, with 

the assumption that all costs occur independent from each other. In Table 14-5 the costs and 

the percentages it occurs for the first cost component are given. Furthermore, it could happen 

that more than 1 extra cost component will be allocated to a cut. For that reason, based on 

historical data, a percentage is given for 1, 2 or 3 extra cost components, which will be 

allocated to a specific cut (Table 14-6). A cost component cannot be selected more than ones 

for a specific cut with 2 or 3 cost components. The probabilities will be distributed again for 

the selection of a second or third cost component, excluded the probability of earlier selected 

components of a specific cut.  With use of this information the costs of current and new cuts 

can be calculated. The probability calculations are based on equation 28. 
 

 𝑓𝑥,𝑦(𝑥, 𝑦) = 𝑃(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑠𝑡 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 = 𝑥, 𝐶𝑜𝑠𝑡𝑠 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑐𝑜𝑚𝑏𝑖 = 𝑦)    Equation 28 

Cost Component Abbreviation % it occurs Costs (€) 

Night Delivery ND 21% €X (between 10PM and 6AM 

Weekend Delivery WD  13% €X 

Multidrop A MDA 
 

31%{
58%
26%
16%

 

€X (<50km out of route) 

Multidrop B MDB €X (50-150km out of route) 

Multidrop C MDC €X (>150km out of route) 

Express Delivery ED 9% €X 

Cancellation <8 hours in advance CS 
 

19%{
74%
26%

 
€X 

Cancellation >8 hours in advance CL €X 

Refusal and Return RR 7% €X/pallet 

* MDA, MDB, MDC cannot occur for the same truck 

* The costs are used for the calculation but are confidential and cannot be made public, neither with the 

factor method 

Table 14-5 Extra costs due to forecast inaccuracy 

# of cost components for a cut % it occurs 

1 49% 

2 39% 

3 12% 

Table 14-6 Chance for number of cost components for a cut 
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In Table 14-7 an example is given to get an idea about how the simulation is executed. The 

yellow marked lines show how it could be that costs will be saved, or new costs occur. On the 

left side of these lines are numbers were will be referred to during the explanation.  

- 25,1% of the root causes is a forecast error.  

- Other root causes are called “Other”, the root cause itself is not relevant in this 

example. 

- The costs are calculated per pallet, a cut can consist of a part of the complete order. 

- When extra costs arise due to backorders which apply for the entire truck (for example 

weekend delivery), it will be assumed that these costs occur due to the backordered 

pallets. 

- When the current forecast divided by the demand or the demand divided by the 

current forecast is higher than 2,5, a root cause analysis will be executed, this limits 

the time to execute the root cause analysis and focuses on the most expensive orders.  

 

1. The forecast is equal to the demand what eliminates all the extra costs 

2. The forecast is equal to the demand what eliminates all the extra costs 

3. The forecast improves what eliminates a part of the extra costs 

4. The forecast improves minimal, because the extra costs counts for the full truck, the 

costs keep the same 

5. The forecast improves minimal, because the extra costs counts for the full truck, the 

costs keep the same 

6. The forecast is in the new situation equal to the demand what eliminates all the extra 

costs 

7. The forecast does not improve, the costs keep the same 

8. The forecast improves minimal, because the extra costs counts for the full truck, the 

costs keep the same 

9. A new cut with as root cause “forecast error” occur, the extra cost component and 

number of components will be selected randomly based on the given percentages, 

based on this information the new extra costs will be calculated.  
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Table 14-7 Example Simulation Transportation Costs 

By calculating the backordering costs will be assumed that the pallets, which will be shipped 

as backorder are the first pallets on a truck and have the highest costs. In Figure 5-10 is given 

what the price for the X-th pallet is. With use of this information and the number of 

backordered pallets the cost savings can be calculated. It will be assumed that all undelivered 

demand will be backordered.  
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14.8 Appendix E – Interviews 

Below an overview is given from the most important interviews conducted with employees 

of P&G. With most of these employees I had contact during the complete research period. 

These employees are located in the Netherlands, Belgium, France, Italy, Poland, Egypt, and 

England. 

# Name Topic 

1 Kasper Vermaat Infopage, BW, Pay for Performance, Business Pulse, KASE 

2 Yannick Vergouwen OGSM FBNL, Segmentation, SPACED 

3 Julien Fadoul General 

4 Annella Slob Customization 

5 Kim de Groote Customer Demand Planning 

6 Peter Toebak Customer Demand Planning, Scope, WDC 

7 Thomas Berge Customer Demand Planning BE, WIGO 

8 Elskelien Nijmeijer Customer Service Operations 

9 Jolien Kempeneer Customer Service Operations, SAMBC 

10 Marieke Tromp Customer Logistics 

11 Eva Berger Sales 

12 Monika Kowalik PSC 

13 Brecht Deseins Demand, BOP Cycle, DAM, BBM 

14 Oscar van Lavieren Production and Inventory Costs 

15 Janneke Ruhaak Transportation Costs 

16 Samy Nashawati Transportation Costs 

17 Sander van Pelt EDI, WOP, VMI 

18 Jouheina Roudane CFR Rootcausing 

19 Céline Batlouni DMS BI, Néo 

20 Sofie van Onsem Business Planner 

21 Mathilde de Temmerman DAT 

22 Jean Marie Anthonis Nielsen Data 

23 Veronika Lundberg UK Filtering of BI 

24 Carmela Paduano DA Filtering 

25 Laurens Wijsktra Sales 

26 Anton de Groeve Plant 1 

27 Sikko Nanninga Sales 

28 Jeroen Grasveld Sales 

29 Nicole de Vitry Davaucourt UK filtering business intelligence 

 

 

 

 

 

 


