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Abstract 
 

This master thesis is an investigation towards how the forecasting process of Bakkersland can be 

improved. The current forecasting technique is at SKU-level. We suggest a new forecasting algorithm 

that forecasts demand at an aggregate level. The resulting models which are analyzed in this report 

are forecasts that predict the demand at assortment level. Multiple forecasting techniques are tested 

to determine what the best performing options are. From the obtained results we selected the 

techniques that proved to be dominant in terms of accuracy. The benefits and limitations of the best 

performing forecasting algorithms are given in the latter part of the report. The final part also 

includes a number of general recommendations towards Bakkersland.  
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Executive Summary 
This project was carried out at Bakkersland B.V., a mass production bakery located in the 

Netherlands. Supplying bakery products to supermarkets forms the core business of Bakkersland. 

 

Problem Situation 
Bakkersland is interested in improving the forecast model that predicts the daily bread demand at 

retailers. The objective is to research if there are methods available that make more accurate 

demand predictions than the current forecasting method. If so, then these predictions might be able 

to assist retailers in controlling their inventory better, in order to attain a higher service levels and 

less waste in their daily fresh bread assortment. 

 

Research Design 
The current forecasting application that is used by Bakkersland forecasts the daily bread demand at 

SKU- or item-level with a weighted moving average approach. But given the context, we found 

multiple reasons why a forecast at an aggregate-level would be more suited than forecasting at item-

level. Therefore we decided to deviate from the current approach by forecasting at the assortment 

level where the assortment includes all daily fresh bread products. 

A whole range of forecasting models are selected in order to determine what the most accurate 

model is on aggregate-level. We used direct time series models, causal models and later combined 

the two types of models into several hybrid forecasting models. 

Another aspect of this research is uncovering influences that can explain part of the demand 

variation. The factors that were analyzed came from literature and from Bakkersland. The outcome 

of this analysis serves as the input for some of the forecasting methods. 

The last part of this research paper is dedicated to analyzing the deviation between the forecasted 

demand and ordered quantities. Furthermore we tried to determine if there is a relation between 

the order level and the waste level. 

Forecasting Models 

As already mentioned, we present three types of forecasting models. The first type of models we 

analyzed are the time series forecasting models. This group of models contains the exponential 

smoothing, the simple moving average and the weighted moving average approaches. The current 

method of Bakkersland is also a direct forecasting method. These models are univariate i.e. they base 

their forecasts upon the historical demand observations and make no use of any external factors to 

explain demand variation. These methods are therefore relatively easy and can be directly 

implemented. 

With the causal OLS models we determine what influences can significantly predict part of the 

demand variation. The significant effects are not present in all store models. Therefore we decided to 

only include the significant effects found in the majority of stores. In the causal models the demand 
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is assumed to be stationary. Only on days when a significant effect is present does the demand 

forecast deviate from the otherwise stationary level. 

Hybrid models are as the name says a combination of multiple models. In this report the hybrid 

models are such that the direct forecasting methods forecast the demand from day to day. This way 

the demand forecasts is not constant on the ‘regular’ days as was the case with the causal methods. 

But the results from the causal models are also included in the hybrid models to adjust the demand 

prediction on the days with a significant effect present.  

 

Results 
The results are classified into three categories which are discussed below. 

Significant Influences 

We started out with regression models that contained 29 variables. This also included all weekdays 

except Sunday. An analysis of these models proved that the observations are not normally 

distributed. This is caused by the intra-week pattern of the demand. Demand is relatively low at the 

start of the week and relatively high on Fridays and Saturdays. To exclude the non-normality of the 

time series we created forecasting models for each separate weekday. 

From the regression analysis performed on a total of 23 independent variables we found that six 

were significant influences in over 50% of the stores. The only holiday variable that was significant in 

the majority of models is summer holiday. The other five variables are the event days; Feast of the 

Ascension, Pentecost, Good Friday, Easter and Christmas. Summer holiday is the effect with the 

largest explanatory power meaning that it can correct for the demand variation the most. The other 

five significant variables have a lot less explanatory power in the models. The reason for this 

difference in explanatory power is the occurrence rate. Summer holiday is present six weeks during 

the year while the event variables in our models only last for one or two days plus the two days 

running up to it.  

We also checked for trends and seasonality in the total weekly demand curves. Trends are hardly 

occurring in the demand plots. The trends that we noticed seem to go rather stepwise instead of 

following a continuous trend. Seasonality on the other hand was clearly present in a couple of stores. 

We tested whether temperature could explain this seasonal fluctuation in demand. Temperature 

seemed to be a rather good predictor but because of its correlating nature with summer and 

Christmas holiday we decided to not include it as an independent variable in our regression models. 

The final factor which seems to influence the demand forecast for a group of specific stores is 

promotion. Tests showed that the forecast accuracy for stores of a certain chain greatly increases 

when the total non-promotional sales are used as opposed to the total sales. 

Best performing forecasting methods 

From all the forecasting methods we tested and validated the best performing method proved to be 

the exponential smoothing technique with an alpha value of 0,33. This direct forecasting method 

attains the highest accuracy for relative stable demand patterns meaning that on days when no 

major changes in the demand occurs this technique performs at its best. The downside is then also 
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that on the significant event and holidays, the exponential smoothing method deviates a lot from the 

actual demand and for that specific reason did we introduce the hybrid models. 

We tested quite a range of different hybrid models, additive as well as multiplicative. All these hybrid 

models expect for one were less accurate than the exponential smoothing method. The only type of 

models that seemed to improve the demand  forecast in regard to the exponential smoothing 

technique are the hybrid models that used store specific demand adjustments. However the problem 

is that these findings cannot be validated on the basis of the obtained dataset. However we did 

manage to perform analysis on the individual store adjustments and determined that these 

adjustments decrease the forecast error substantially on significant event days and summer holidays. 

Ordering deviation 

The analysis on the ordering behavior of retailers gave only a few insights. The results show that the 

orders are positively biased in regard to the most accurate and validated forecasts. So on average the 

ordered quantity is higher than the forecasted amount. Through a plot we showed that although the 

majority of orders are larger than the forecasted demand there are quite some orders that are still 

smaller than the demand forecast. We can conclude from the results that order deviations happen in 

both directions but normally the orders are larger than the demand forecast. 

The relation between waste and the ordered amount was also researched. The deviation between 

the ordered and the forecasted quantity seemed to be rather random. The orders were not always 

larger than the forecasted amount. The test on the relationship between the amount of waste and 

the amount ordered therefore gave inconclusive results. A more in-depth analysis of the event-

holidays-days opposed non-event-holidays also gave no additional insights. 

 

Conclusion 
We conclude that most accurate demand and easy to implement forecasting technique on 

assortment level is the exponential smoothing method. Easy to implement because it only requires a 

number of recent demand observations and most accurate is also true if we consider only the 

validated techniques. But we have also determined, not validated, that individual adjusts to store 

demand forecasts are capable of even further increasing forecast accuracy. This will however come 

at the expense of the model complexity. 

Finding a distribution key with which the aggregate forecast can be linked to the detailed forecasts 

was not the main focus of this research. Nonetheless, we present two options with which the 

aggregate forecasting methods presented in this paper can be implemented in addition to the 

current algorithm. For option 1 no distribution key is required. All that is needed is to create a 

window with five digits on the ordering application website were the demand forecast at assortment 

level is displayed. The purpose of the demand forecast remains the same and that is to provide 

retailers with a guideline regarding future demands. The second option includes two simple and 

straightforward distribution keys. The distribution keys we suggest divide the difference between the 

aggregate forecast and the sum of the SKU-level forecast either among all SKU’s in the assortment or 

solely among the fast-movers. This way the aggregate forecasts can be implemented on a detailed 

scale. 
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1. Introduction 

1.1 Report Structure 
Chapter 1 starts out with a brief notion on the report structure and an introduction to the problem 

and problem environment. In the second chapter we take a more in depth view towards the problem 

and define the research questions. The literature review is given in chapter 3. In the 4th chapter the 

outline of the research design is present after which we gather and clean the data in chapter 5. 

Chapter 6 contains all the results obtained during the analysis followed by the implementation in 

chapter 7. We close this report with the conclusion and recommendations in the final chapter. 

1.2 Problem Environment 
Bakkersland B.V. is a Dutch bakery. It is currently the largest bakery in the Netherlands. Bakkersland 

B.V. was founded in 1999 through the merger of 10 family-owned bakeries. The company expanded 

further in 2008 by taking over Quality Bakers Nederland. This led to the current organizational 

structure where next to the headquarters in Hedel there are 18 separate production sites located all 

across the Netherlands. There are approximately 2.400 active employees working at Bakkersland B.V. 

In 2011 the turn-over was about 450 million euros.  

In essence Bakkersland B.V. is a mass production bakery. The customers are grocery stores and other 

types of retailers, mainly in the Netherlands. Most of these stores are part of a larger chain. Examples 

of the customers that Bakkersland B.V. supplies are Albert Heijn, Aldi, C1000, Coop, Jumbo, Plus and 

Nettorama. In total around 1300 grocery stores in the Netherlands, which translates to about 65% of 

the total Dutch grocery store market, are supplied with bakery products from Bakkersland B.V.  This 

makes Bakkersland B.V. market leader in the Dutch bakery market. 

Bakkersland B.V.’s mission statement states that they are able to supply high quality bakery products 

and supplies to all their clients on a daily basis. The mission statement is directly in-line with the core 

business activities of Bakkersland B.V. These activities consist out of producing bakery goods and 

delivering these goods to their respected customers. Production happens in-house in the 18 

bakeries. Transportation is coordinated by Bakkersland B.V. but the delivery happens mainly through 

outsourced logistic service providers. Only the plant that still owns trucks used for deliveries is the 

plant in Sevenum. The remaining planned transports are executed by a select set of logistic service 

providers who need around 250 trucks a day to deliver all orders.  

1.3 Problem Introduction 
The core business of Bakkersland B.V. entails the production of bakery products which are supplied 

to a large diversity of retailers. Bakkersland does not supply to consumers directly making retailers 

the final link in their supply chain.  

Demand at supermarkets does not follow a steady stream instead it is subject to large fluctuations. 

This is also true for bakery products found in supermarkets. These fluctuations can be caused by 

numerous reasons. A couple of typical causes that influence the demand at retailers are for example 

the weather conditions, holiday periods, days of the week and also promotions can have a large 

influence on demand. 
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To be able to cope with fluctuation in demand retailers have to predict beforehand what they expect 

that the demand will be in an upcoming period. So they have to make a forecast to predict the 

demand quantity and order accordingly. The process of demand forecasting for bakery products is 

currently controlled by the retailers themselves. Bakkersland assists the retailers in this process by 

providing a forecasting method that calculates the expected quantity for each individual SKU.  

However the performance of the forecasting methodology has not yet been tested in regard to other 

available methods. Bakkersland wants to update the demand forecasting methodology if it can be 

shown that it creates a substantial improvement for the retailers. As suggested by Bakkersland 

incorporating certain external factors might provide for the improvement since the current method 

does not include any factors except from the historical demand records. The only problem is that 

within the organization it is not clear what factors have explanatory power in regard to forecasting 

demand at retailers. So before the different forecasting methodologies can be compared Bakkersland 

wishes to find out which factors are good predictors. The main reason Bakkersland wishes to invest 

in improvements for their customers so they can create a more binding relationship with them. 

An added complexity to the whole problem environment is the goal of the retailers. Retailers want to 

maximize profit while keeping their customers satisfied. This means that they want to minimize 

waste and uphold a decent service level. So it is a deliberate choice from retailers to order too much 

or too little to be able to manage the trade-off between product availability and waste. Reaching for 

a higher service level will usually increase waste while aiming at waste reduction most likely lowers 

the overall product availability. In practice the main motivation for retailers is to keep waste 

percentage low since this has a direct effect on their profit. 

2. Problem Definition 

2.1 Ordering Process at Bakkersland  

Ordering as Retailer 

Bakkersland has an ordering platform where customers can insert their required quantities. This 

platform is called Web Order Entry otherwise known as WOE. The platform also has an added 

functionality. It forecasts the needed quantity of an upcoming period. The calculation performed by 

this platform of Bakkersland is the weighted moving average approach with a small addition. This is 

done for each individual SKU present in the assortment of the store. 

The forecasts made by Bakkersland are only a suggestion towards their customers since the retailers 

can adjusts any of the initially forecasted values to their liking. A lot of retailers choose to deviate 

from the forecasted values but there are also retailers which practically always trust the suggested 

quantities. For Bakkersland it is unclear whether retailers that do not adjust the suggested forecast 

or the retailer that do adjust the suggested quantities gain better results through their ordering 

policies. 

Forecasting Method Bakkersland 

The forecasting method currently employed by Bakkersland is the weighted moving average 

approach with addition calculated separately for each SKU. In the calculation of the current 

forecasting method the most recent six observations of the same weekday are taken. Then the 
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following steps are performed in the sequence as described below. If any of the six observations is a 

period where the SKU was in promotion it is excluded. From the remaining observations the highest 

and lowest values are also excluded meaning that there are at most four observations left. These 

remaining cases are weighted according to a constant decreasing weight and the outcome is the 

forecasted quantity for upcoming period. 

A moving average approach or in this case the weighted moving average approach has its downsides 

to forecast future demands. A major disadvantage of the moving average method is the inability to 

predict highly fluctuating patterns. The reason for this is the level demand pattern which is assumed 

by the approach itself. Demand which turns out to be either far above or far below the average 

demand cannot be forecasted correctly by this approach. In cases where the order quantity was too 

low to meet the demand lost sales occur. When too much was ordered on any given day, inventory 

will remain. For products with a life-span of one day this means instant waste at the end of a day. 

Another issue when using the moving average approach is when a period with relatively high or low 

demand has occurred quite recently and a forecast has to be made. In these situations the forecasts 

may be set too low, if relatively low values exist in the review period. For relatively high values in the 

review period counts the same, only now the forecast is set too high during the upcoming periods. 

However this problem is somewhat dealt with in the forecasting method of Bakkersland through the 

exclusion of the highest and lowest value in the review period. 

Forecast Adaptation after Stock-Out 

Besides the forecasting algorithm Bakkersland also uses as what they call an ‘increase after stock-out 

percentage’ to increase the forecast quantity of an SKU, when a stock out occurred in the previous 

period. The values of the ‘increase after stock-out percentages’ are determined by the retailers 

themselves. These values usually range between 0% and 60% with the majority below the 30%. 

In the WOE system where the retailers order their bread products it is possible to mark one of the 

three time moments when a product went out of stock. The moments are denoted by A for late 

morning or early afternoon, B is usually midafternoon and C late afternoon early evening. Depending 

on the inserted letter a certain percentage is added to the forecasted demand of the upcoming 

period. This means that the increase in the demand forecasts after a stock-out only happens once.  

In the large majority of stores who use the ‘increase after stock-out percentage’ the percentages are 

highest for moment A and lowest for moment C. The difference in percentage is understandable as 

stock out on moment A means that the SKU was only available in the morning and the adjustment for 

an forecast should than be greater than when the SKU in question was sold out at moment C which is 

only 2 to 3 hours before closing time. A representation of an ‘increase after stock-out percentage’ 

table from a random store is given below. In the real-life example below the L and S, denote large 

and small bread types. As can be seen for this specific store only large bread types use an ‘increase 

after stock-out percentage’ when a stock our occurred, see table 2-1. 

While this system of raising a forecast when a stock out occur seems like a good way to prevent stock 

outs in consecutive period it has a number of downsides. A major downside with this system is that 

the stock out moment has to be inserted by retail clerks by hand. This leads to inaccuracies due to 

human errors and it leads to an added workload for a clerk. Also the attention of a clerk is not 

constantly at monitoring stock-outs in the bread assortment. Another downside of the ‘increase after 

stock-out percentage’ is the chosen value of the percentages. Neither Bakkersland nor any of the 
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retailers has researched what the optimal percentage vales are. This means that there is no clear 

understanding about the effect that the ‘increase after stock-out percentage’ have on the forecast 

performance.  

Table 2-1: A random ‘increase after stock-out percentage’ table 

Store ID Group OOS time Hour Ma Di Wo Do Vr Za Zo 

- L A 13 25 25 25 25 25 25 25 

- L B 15 10 10 10 10 10 10 10 

- L C 18 5 5 5 5 5 5 5 

- S A 13 0 0 0 0 0 0 0 

- S B 15 0 0 0 0 0 0 0 

- S C 18 0 0 0 0 0 0 0 

2.2 Product Scoping 
The assortment of Bakkersland entails a large diversity of bakery products, ranging from regular 

white round bread to donuts to pies and pastries in different shapes and sizes. In total there are over 

3000 SKU’s in the complete assortment. In order to distinguish between the different types of 

products Bakkersland has categorized all the products into five product groups or categories. These 

are the product categories: daily fresh products, store bake-off products, pastries and specialties, 

consumer bake-off products and deep-frozen products.  

For our research we will solely focus on the single-period products. This means that only the daily 

fresh products are of interest to us. This group of products is roughly 1/3 of the complete assortment 

which translates to around 1000 SKU’s. Do note that Bakkersland supplies multiple chains and 

practically all chains have their own types of bread with their own individual names, ingredients and 

compositions. So where some chains like Aldi for example only have 20 SKU’s in their assortment 

other chains like PLUS are closer to 200 SKU’s included in their assortment. 

The daily fresh bread assortment is composed of fresh bread in small and large sizes, cut and uncut, 

with a short lifespan of only one day. The short lifespan has serious implications for inventory control 

of these items. If daily fresh bread is not sold on the same day that it is put on the shelf it is 

considered to be outdated and cannot be sold anymore in upcoming periods. So inventory 

replenishment of these daily fresh products requires ordering and delivery on a daily basis to keep 

the shelves stocked with fresh bread. In other words daily fresh bread is a product which is subject to 

a periodic review period and a life-time of one period under the lost sales assumption. We assume a 

zero lead time since delivery always happens at the start of the day independent on how many days 

upfront the order was placed. Also there is no possibility to reorder in between delivery moments. 

2.3 Problem Statement 
Bakkersland B.V. has the intention to improve the order quantity suggestions of bakery products 

delivered to grocery stores through more accurate forecasts of the demand at grocery stores while 

upholding the preset maximum waste levels for each of the supermarket formulas. 

The problem definition is a combined statement which consists of three parts. We will elaborate on 

each of these sections in order to make clear what the general goal and boundaries of the research 

are. 
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…more accurate forecasts of the demand at grocery stores… 

Bakkersland as well as retailers are aware that certain periods and holidays affect customer demand. 

In the current weighted moving average approach none of the factors where included in the 

calculations so for analytical purposes there was little benefit of examining these factors. But since 

Bakkersland has the intention to improve their forecasts of customer demand they need to gain a 

better understanding of the exogenous influences that affect the demand.   

…improve the order quantity suggestions of bakery products delivered to grocery stores… 

The main goal of this master thesis is to improve the ordering algorithm which calculates what the 

order quantity for a specific store should be. The current algorithm is based upon a weighted moving 

average technique. This is a rather simplistic technique which assumes a level demand. So a change 

in settings for the moving average approach or an addition or replacement of the current algorithm 

might improve the forecast accuracy and suggest retailers with better order quantities. 

…upholding the preset maximum waste levels for each of the supermarket formulas… 

Bakkersland B.V. knows the performance indicators for a number of their customers. In grocery 

stores the main performance indicator next to profit (margin) is the percentage of waste incurred at 

assortment level. The amount of waste is of such importance for store managers that for waste there 

are guidelines regarding the maximum waste levels. These levels can differ between chains.  

2.4 Research Questions 
Our research is divided into four research questions following the research statement given above. 

Research Question 1 - What are the most significant predictors when forecasting the demand of 

daily fresh bread products? 

 

Research Question 2 - How well does the current forecasting method perform and is it possible to 

improve the forecasting accuracy by deploying another forecasting method? 

 

Research Question 3 - Can we improve the ordering procedure through deployment of another 

forecasting algorithm? 

 

Research Question 4 – Do retailers uphold the maximum waste levels and is waste related to the 

ordered quantity? 
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3. Literature Review 
This study will cover the recent literature on subjects related to the topic within this report. We start 

out by given an outline of literature on supermarket demand. Then we discuss the topics surrounding 

inventory management and finally we dedicate a small section to the latest literature on automated 

store ordering (ASO) systems. 

3.1 Supermarket Demand 
Research has shown that perishables are becoming the core reason to choose a certain supermarket 

over another (Heller, 2002). Furthermore, the contribution in the total store turn-over lays around 

50% for perishables (Thron et al., 2007, Ketzenberg & Ferguson, 2005). This makes managing 

perishable inventories an important aspect to retailers.   

When managing perishables age-dependency forms the main concern van Donselaar et al. (2006). 

The main focus for non-perishables is inventory levels. We focus on bread which is clearly a 

perishable. To distinguish it even further bread is an eatable perishable that becomes obsolete after 

one period. So we will focus on the single-period problem. 

We have also examined the most commonly found factors that influence the day-to-day demand of 

supermarkets. A list is given below: 

- Demand at European supermarkets follows a strong intra-week pattern       

(van Donselaar et al., 2010) 

- Fildes et al. (2008) have shown that demand variation can be decreased by assuming that 

demand is a function of the sales price.  

- Donselaar et al. (2006) found out that the main cause for the high coefficient of variation in 

bread sales are price promotions. 

- Bakker and Pecheniziky (2009) showed that the weather condition and more specifically 

temperature is a factor with a large impact on demand. 

- Another influential factor mentioned by Bakker and Pecheniziky (2009) are the ever changing 

consumer needs. 

- The location of a store and the place of an item within a store are also factors that largely 

influence the demand (Ailawadi et al., 2006). 

Many factors for chain stores are equal, for example the composition and timing of promotions, so 

similarities in the demand of stores of the same chain are likely to be found. 

3.2 Inventory Management 
Data accuracy is important for most forecasting techniques as most of these techniques require 

either the inventory or the sales data. A high level of data accuracy is normally important to attain a 

high level of forecast accuracy. 

Forecasting 

Forecasting of demand is one of the main issues in inventory management. A mistake or inaccuracy 

in the forecasts can have serious consequences for the inventory of a store (Beutel and Minner, 

2011). The result can be that stores experiences excessive forms of waste through overstocking while 

under-stocking can lead to OOS situations.  
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According to Zotteri et. al (2007) there are two types of forecast aggregation levels. There are the 

detailed or disaggregate forecasting models and there are the aggregate models. The disaggregate 

methods forecast on a daily SKU level. When data of multiple items or multiple days is combined it 

becomes aggregate data needed to perform an aggregate analysis. There are several reasons to use a 

certain aggregation level. Zotteri et al. (2005) state that the most appropriate aggregation level is 

largely dependent upon the characteristics of the context.  

- A detailed forecast is directly implementable 

- Detailed forecasting techniques tend to ignore interaction effects between SKU’s 

- Aggregate forecasts are a way of managing  demand variability 

- Aggregate forecasts need a distribution key to provide detailed forecasts (while detailed 

forecasts are usually summed to get aggregate forecasts) 

Literature distinguishes three planning horizon, short-term, mid-term and long-term. We operate on 

short-term planning horizon which corresponds with the operational level. The objective of such 

short-term forecasts is to predict future demand which is then used by internal processes to plan 

operational activities. In our case this are the retailers who need input to decide how much to order 

for an upcoming period. 

Time series forecasting techniques 

Time series techniques are univariate forecasting techniques where the historical demand 

observations serve as input to predict future demands. The most commonly found time series 

forecasting techniques are the simple moving average (SMA) and exponential smoothing (ES) 

techniques (Field, 2005). Recent research by Tsokos (2010) showed that specific time series 

forecasting methods are more suitable to forecast demand of non-stationary time series. They 

suggested the SMA, WMA and Exponentially Weighted Moving Average (EWMA) methods in addition 

to an auto regressive integrated moving average (ARIMA) approach. The results of these combined 

models were compared to the classical ARIMA models. The newly proposed ARIMA models 

outperform the classical model. 

Causal forecasting techniques 

Causal techniques determine what the relationship is between the independent variables and the 

forecasted dependent variable (Jobber and Lancaster, 2009). The found relationships are then used 

in a forecasting model to predict future demand. Linear regression is a causal technique where the 

values of the independent variables influence the otherwise stationary demand forecast. A well-

known method within regression models is the ordinary least squares (OLS) technique. In the OLS 

method the squared sum of the error is minimized (Field, 2005). The result is a model with the 

smallest sum of squared errors. Recently a paper by Taylor (2007) used exponentially weighted 

quantile regression (EWQR) to forecast the daily demand at supermarkets. The results show that this 

EWQR method is more accurately than a variety of other methods when only a constant term is used 

but when trend or seasonality was included in the model the performance proved to be poor. 

Seasonal indices model 

Chen and Boylan (2007) describe a univariate demand forecasting models can use seasonal indices to 

adjust the demand forecast during seasonal periods. They present two types of indices models, the 

additive indices and the multiplicative indices models. 
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Additive Model              (  )            

Multiplicative Model             (  )          

Parameter i represent the i-th SKU in the assortment, t represent the year from t = 1, 2, …, r (where r 

is the total number of years’ include in the sample). Suffix h stands for the seasonal period with h = 1, 

2, …, q (where q is the length of the seasonal cycle).         is the demand forecast,    is the average 

demand for SKU i,    the indices during period h and         the random error term for SKU i, in year t, 

period h, which is normally distributed with mean zero and variance   
 .  

Forecast error measures 

The most commonly used measurement for accuracy of forecasting models is the mean squares error 

(MSE). The reason why MSE is widely used is because of it direct connection to the variation of the 

error (Silver et al, 1998). To counter the inflation MSE shows for fast-movers we have decided to 

include the Mean Absolute Error (MAE) also known as the Mean Absolute Deviation (MAD) as well. 

The third measure suggested by Hyndman and Koehler (2006) is the Mean Absolute Percentage Error 

(MAPE). The MAPE is opposed to the MSE and MAE a unit free measure because it is expressed in 

percentages. The benefit of being unit free is that it is not affected by the magnitude of the demand 

values. The fourth error measure we use is the Symmetric Mean Absolute Percentage Error (SMAPE). 

SMAPE is MAPE only this time not the gap between the actual and forecast demand value is divided 

by the actual demand but by the sum of the actual and forecasted demand. Finally Hyndman and 

Koehler (2006) also suggest using Mean Absolute Scaled Error (MASE) in forecasts for perishables in a 

supermarket environment. The major advantage is that MASE is unit free as well as scale free 

although that also means that the result is hard to interpret. 

Stock-outs 

A stock-out occurs when there are no more items available on shelf. Customers are than unable to 

purchase the item. Because supermarket demand is normally characterized by a lost-sales 

environment OOS result in lost sales. Furthermore, stock-outs are a major cause for customer 

dissatisfaction and it can be the reason for customers to choose for another store.  

The substitution behavior that consumers exhibit differs for perishables in respect to non-

perishables. The research by Corsten and Gruen (2003) presented a behavioral framework what 

customers do when faced with a stock-out. They tested the framework on non-perishables and 

showed that the majority of people did not substitute in case of a stock-out . Woensel et al. (2007) 

performed a similar study but then on perishable items, more specifically on the bread assortment. 

They found that over 84% of the customers’ substitutes when faced with a stock-out in the bread 

assortment. This indicates that the willingness to substitute is a lot greater for perishables.  

Substitution 

Retailers who incorporate knowledge about customer substitution behavior can improve their profits 

through optimal assortment composition and inventory level determination. This is usually done 

through the use of substitution rates with which the optimal product mix and optimal inventory 

levels for the products included in the assortment are determined (Mahajan and van Ryzin, 2000).  

Within the substitution literature there are two types of models, the static and the dynamic models. 

A largely discussed static model is the customer choice mode. In customer choice models if a 
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customer is unable to obtain their preferred product, the demand of that first-choice product will 

either spillover to other products according to a probabilistic substitution structure or be lost 

(Karabati et al., 2009). In the dynamic substitution model presented by Mahajan and van Ryzin 

(2000), customers are heterogeneous and select from the available in-stock variants based on a 

utility maximization criterion. 

Censored demand 

Censored demand poses a serious danger for determining production scheduling and inventory 

management. The reason that it poses a threat is because it can lead to inefficient capacity 

utilization, poor product availability and high stock levels (Lee et al., 1997). More specifically there is 

an added danger when determining the optimal inventory level. If during the estimation procedure 

no attention is spend on the fact that demand data is censored, the demand estimation will be 

biased low (Nahmias, 1994). But the real danger occurs once the estimation procedure is repeated 

multiple times without considering that the data is censored. Because if the subsequent estimation 

are based upon censored data obtained through the previous low biased predictions, the resulting 

forecast will again be biased low and therefore lead to an even lower demand estimations.  

The research by Woensel et al. (2007) proved that at least 84% of the customers are willing to 

substitute when their preferred bread is unavailable. This is not completely 100% but given the very 

high percentage it could be assumed to be 100%. This would make it possible to assume that all 

breads are equal in terms of demand. Such an assumption would diminish demand censoring 

substantially because a complete stock-out at an aggregate level, be it category level or assortment 

level, is much less likely to occur than at SKU level 

3.3 Automated Store Ordering Systems 
In the last decades ASO systems have received increasing attention from large supermarket chains. 

By implementing an ASO system these supermarket chains hoped to improve the quality and 

increase the efficiency of their replenishment decisions. Van Donselaar et al. (2006) have researched 

the deployment of an ASO system in two Dutch supermarket chains with the focus on perishable 

products. Their findings suggest that improving the inventory replenishment decisions can seriously 

reduce the amount of left-overs. However current ASO systems do not always apply the right settings 

for their context making improvements marginal. Especially the shelf-life aspects are commonly 

ignored factors in ASO systems. Therefore van Donselaar et al. (2006) came up with a number of 

ways to improve the ASO system in practice. 

- Check the aggregate order level of the group of substitutable items, this is the easiest 

indicator for the expected total demand and consequently the amount of waste 

- Differentiate the target service level per substitutable item, different service-levels for slow-

movers as opposed to fast-movers 

- Consequently register the exact time of stock-outs 

- Consequently register the amount of waste and markdowns for each item individually 

- Take into account the intra-week pattern present at European supermarkets 

  



20 
 

4. Research Design 

4.1 Regression Models 
Section 4.1 is devoted to the development of the regression models. With the regression models we 

analyze the obtained time series to determine what influences the external factors have upon 

demand. The results from the regression analysis will from the input for subsequent models 

presented in this thesis report.  

4.1.1 Introduction to Regression Model  

A regression model is a model with which we can analyze to what degree the variation of a time 

series can be explained with relevant parameters. With relevant parameters we mean parameters of 

factors that are hypothesized to have had an influence upon the time series. These parameters are 

also called the independent variables or regressors of a regression model. The dependent variable on 

the other hand is the variable that needs to be estimated. This estimation is based upon a 

combination of a constant value and the multiplication of the parameter values with the coefficient 

values. For the basic shape of a regression formula see appendix 4A.  

Stepwise versus Forced Enter 

There are two types of regression analysis most commonly used according to Field (2005). There is 

the forced enter method and the stepwise method. With the forced enter method it is assumed that 

the inserted variables all have an effect upon the dependent variable as the forced enter method 

inserts all given variables into the regression model. In the case where there is uncertainty regarding 

the usefulness of the selected independent variables the stepwise regression method is preferred. 

The stepwise method selects the variables with the highest significance and neglects the variables 

that do not pass a preset threshold value. In our case we do not know the effect or significance of the 

variables. Therefore we choose to perform the stepwise regression method in our analysis. 

4.1.2 Dependent Variable 

The main objective of this paper is to uncover whether retailers are able to reduce their waste and 

increase their profit while upholding a certain service level. In practice this means that retailers will 

have to order enough units of bread to satisfy a certain percentage of customers, preferably close to 

a 100%.  But on the other hand ordering too much bread will causes an increase in the amount of 

waste and a decrease in profit. 

As described above the main issue for retailers when managing their inventories is to predict what 

customer demand will be for a future period. This makes customer demand the variable that needs 

to be predicted henceforth it is the correct dependent variable. 

Aggregation Level of Dependent Variable 

Zotteri et. al (2007) suggested two types of aggregation levels, aggregate and detailed. The current 

forecasting method of Bakkersland is a disaggregate method. All SKU’s in the assortment are 

forecasted individually and on a day-to-day basis. A change in the demand forecast of a certain SKU is 

independent for the forecast of another SKU. This is a downside for the detailed forecasting method. 

But having a detailed forecast also brings advantages over an aggregate forecast. With detailed 

forecasts the quantities are exact determinations for each individual SKU where aggregate forecast 

need a certain distribution key to divide the forecasted quantity among the SKU’s to gain detailed 

forecast quantities.  
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During this research we will not be evaluating demand at SKU-level, instead the total sales are used, 

making the forecast an aggregate forecast. We choose for the aggregate sales level for four main 

reasons. The first reason has to do with substitution within the assortment. Demand for perishable 

products is highly substitutable. Especially daily fresh bread with many types of bread sharing lots of 

communalities, have a high probability of being substituted when a stock out occurs at SKU level. 

This also makes the core demand at SKU-level very susceptible to errors caused by substitution 

behavior of customer. The second reason we choose the assortment level over the SKU level is 

because of the smaller likelihood of a stock-out. A stock-out at assortment level only happens when 

all SKU’s are OOS making the chance of a stock-out is minimal. The advantage to this information is 

that in combination with an assumed 100% substitution rate the sales data is undistorted and 

practically equal to the actual demand data.  Thirdly, in most cases the variation on a combined 

demand stream is smaller than the sum of the variation from the disaggregate demand streams. So 

by combining the demand of multiple SKU are we able to decrease the relative variation. This makes 

the demand observations less volatile and most likely results in forecasts with a high accuracy. The 

fourth and final reason the assortment level is chosen over the SKU-level is because most retailers 

also review the assortment as a whole opposed to each SKU individually. We are aware that there 

are differences between bread types in characteristics as well as in profitability meaning that the 

need to review orders at an SKU-level remains. But the main concern for most retailers is to 

maximize profit by satisfying as much demand as possible while keeping the overall waste to a 

minimum. The four reasons for choosing assortment over SKU-level forecasts are summarized below. 

 Substitution within the assortment 

 Smaller likelihood of stock-outs 

 Combining demand streams decreases relative variation 

 Retailers are more focused on the assortment as a whole than on each individual SKU  

Another aggregation option is to review the demand on a weekly scale as opposed to a daily scale. 

This brings benefits as well as drawbacks. The benefit of analyzing the weekly sales is that certain 

effects become clearer, especially if they are present during the whole week. Take for example 

promotions. Promotions usually last for at least one whole week and effect the demand for the 

entire period but the size of the effect may be different per weekday. Also long-term patterns as 

trends and seasonality are easier to detect in models with aggregate weekly demand data because 

the intra-weekly pattern does not distort the outcomes. But as mentioned there are also a couple of 

drawbacks. Weekly demand data is composed of all days in the week. If one or more of the days in 

the week the store could not open its doors than the weekly demand will be lower than in weeks 

where the store was open all the weekdays. And as with all aggregation models a distribution key is 

needed to transform the aggregate forecast to a detailed level. In this paper we make forecasts 

based upon daily data but in the analysis towards influences on demand we use the weekly demand 

data to eliminate the intra-week pattern. 

Limitations of the Dependent Variable 

Customer demand is not something that is directly recorded at retailers. Instead the incurred sales 

are registered at the cash registers. And while these two variables are closely related they are not 

necessarily the same. In the literature this phenomenon where sales records are used to represent 

demand is usually called censored demand. A number of causes can be pointed out that causes 

demand censoring. 
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Firstly, demand censoring occurs because of assortment limitations. All stores have limited available 

shelf space and a large variety of products. The result is that choices have to be made regarding the 

number of products that a retailer wants to stock for any given SKU. Having stocked more than the 

incurred sales that occur during an order cycle has no consequences for registering the demand since 

all the demand is satisfied. But if a product becomes sold out then demand may be censored as the 

demand could have been higher if ample products where available to customers. 

The second reason why sales are not always equal to demand has to do with the unobserved 

substitution behavior of customer. Although we assume 100% substitution within the assortment, in 

real-life this is not the case. Customers faced with unavailability of their preferred product have five 

options according to Corsten and Gruen (2003). Two of these options will mean a lost sale occurred. 

But all the substitution possibilities distort the core demand figures at SKU level, as the original 

demand of a certain product is lost while another product has increased demand due to being the 

substitute product. For category sales this effect is less influential since substitution mainly takes 

place to comparable items usually in a similar category. For total sales calculations substitution 

within the assortment is less of a problem and no problem at all if it is assumed that each product is 

similar and there is 100% substitution rate within the assortment.  

4.1.3 Included Independent Variables  

Bakkersland has not performed a preliminary analysis to determine what exogenous variables are of 

influence on customer demand incurred at retail stores. Making it unclear at this point what factors 

are truly able to improve the prediction of customer demand at an aggregate level. However 

Bakkersland does notice that especially around national event days and holidays the demand 

fluctuates more than on other days. Literature suggests a number of additional factors that are likely 

to have a substantial influence upon the demand of bread.  

- Intra-week demand pattern   

- Demand as function of the sales price 

- Price promotions 

- Weather conditions and more specifically temperature  

- Changing consumer needs  

- The location of a store (including customer demographics) 

- The place of an item within a store 

From the seven presented factors we will include the intra-week pattern by adding variables for each 

day of the week. Demand as function of the sales price is not relevant in our case because prices at 

supermarkets are relatively stable over time. Promotion however can play an important role and 

information regarding promotion is available. We will examine promotion separately from the other 

included variables because the non-promotional sales might prove to be a better and more stable 

dependent variable. And temperature is excluded because of its correlations with holidays. For the 

remaining three factors we are unable to obtain the needed information to include them in our 

forecasting models.  

All the factors that were used to forecast the demand are made binary expect for the temperature. 

Some variables are logical and uniform for all stores. But some of the variables also require some 

additional explanation. The days of the week are straightforward variables. If it is that specific day of 

the week the variable will be one and otherwise it is zero.  
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For the payments we use predetermined fixed dates. We have chosen for fixed dates because 

consumers have the peak of their spending possibility when they receive money. Another choice 

could be to expand the period with a couple of days afterwards. Social Payments is a monthly 

reoccurring payment which occurs for six days in a row from the 20th to the 25th while the holiday 

bonus period is only handed out once a year just before the summer holiday. We have chosen to also 

include child tuition as a variable since Bakkersland recommended this variable. They claim that it 

has on influence on the demand of pies and pastries and therefore might also have an effect upon 

daily fresh bread. Child tuition is a quarterly payment on the fifth of the respected months. 

For the national events there is the issue that changes in demand occur on the day or days 

themselves as well the days before and after the event. As we only deal with daily fresh products we 

can be sure that the majority of consumers do not buy them days or even weeks in advance. So we 

assumed that next to the day or days when a national event actually occurs there are two days 

upfront in which demand of bread is affected as well. This makes the period that an event is present 

either three of four consecutive days. 

Finally there are the school holiday variables which are based on elementary school vacations. We 

choose the elementary school vacations as these vacations are the periods that there is an overlap in 

holidays of the elementary and the secondary schools. There are three distinct areas in the 

Netherlands where school holidays are different from one another. The division is made between the 

northern, the middle and the southern part of the Netherlands. We need to connect the right holiday 

periods per store, so we have determined in what region the store lies and what the corresponding 

vacation dates are. For an overview on all included variables we refer to appendix 4B. 

Excluded Independent Variables 

Bakkersland has started recording weather data starting in June 2012. That is less than a years’ worth 

of data. Unfortunately this means that there is insufficient weather data available for our analysis. 

We need at least one year and better yet two years of data to be able to detect long-term trends and 

cycles that have a repeating character during the years. In appendix 4C are the weather variables 

which were excluded from the analysis. We want to note that we eventually did do an analysis on 

temperature data. This was not data obtained through Bakkersland but data from the KNMI obtained 

through an external source. 

4.1.4 The Initial Regression Formulas 

Here we present the regression formulas that will be used in the analysis. We start out with a model 

that includes all 29 variables. But due to lack of normality caused by the intraweek pattern of the 

sales data, we were forced to create six separate models for each weekday separately, excluding 

Sundays. The lack of normality results are discussed in the data transformation section, section 4.4. 

Both the weekly regression model with 29 variables and the daily model with 23 variables are 

presented in appendix 4D.  

4.1.5 Measurement Tools for Regression Models 

The goal of the regression analysis is to determine what exogenous variables have a significant 

explanatory power to explain part of the variation in demand. Two components of the model are of 

highest importance to us. Firstly, we are interested in the goodness of fit between the regression 

model and the historical data points. This is usually determined by calculating the mean squared 

error (MSE), a measure that sums up the squared horizontal distance between an observation and 
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prediction across all available data points. With the MSE and the total squared distance of the 

observation (       ) it is possible to determine the coefficient of determination, also denoted as R-

squared, see formula 1. The R-squared usually ranges from 0 to 1 and presents the proportion of 

variability explained by the created regression model. An R-squared value close to 1 represents a 

model with a good fit while values close to 0 indicate that the model does not fit the data well. 

     
   

       
             Formula 1 

An improved version of the R-squared is the adjusted R-squared. The adjusted R-squared 

measurement is similar to R-squared only it compensates for the number of variables included in the 

model. In this paper the adjusted R-squared will be used to determine the goodness of fit of the 

regression models. 

               (    )  
 

  (   )
    Formula 2 

                                                         

The second aspect of the regression models which is of high importance to our research are the 

included regressors. Multiple regression models may use a number of independent variables to 

minimize the MSE. Do note that with stepwise regression there is a chance that regression models 

include one or even no variables at all. Our main interest is to determine which of the variables have 

a significant effect at multiple retailers. We want to know the number of times that a variable was 

found to be significant across multiple stores because we will only incorporate the more commonly 

found variables in the calculations of the causal and hybrid forecasting algorithms. Our interest lies 

with the exogeneous factors that affect the demand significantly in the majority (+50%) of the 

models. 

4.2 Time Series Forecasting Models 

4.2.1 Introduction to Time Series Forecasting Methods 

For time series forecasting methods, sometimes referred to as direct forecasting method, the only 

information needed are a certain number of historical observations. It is not necessary to have 

knowledge regarding the underlying demand distribution. Nor do the methods incorporate external 

factors. In that sense it is quite simple to forecast future demand with these techniques. The most 

commonly time series forecasting techniques used are the simple moving average (SMA) and 

exponential smoothing (ES) methods. 

The SMA method is a method where the average is taken over a subset with a fixed size. For the first 

element of the SMA the average of the initial subset is calculated or a subjective starting value is 

taken. The next element is calculated by shifting the subset forward. This means that the first 

included observation becomes excluded while a recent observation is included in the subset. So the 

size of the subset remains the same while the values included in the subset change one at a time. For 

ES the most recent observations contributes a part to the forecast based on the alpha value of the ES 

method. ES is a time series forecasting technique where the contribution of an observation never 

truly reaches zero. Instead the contribution of the historical data points is geometrically declining.  
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A major downfall to all the time series forecasting methods is that large variations in demand are 

almost impossible to predict because these methods assume a level demand. Without the use of 

exogenous parameters or model adaptations the time series forecasting methods remain level. 

Another disadvantage is that large fluctuations in demand bias the forecasts in the weeks after it has 

happened.  

4.2.2 Direct Forecasting Techniques 

We analyze four different types of direct forecasting methods. The first three options are well-known 

within literature. The fourth option is an expansion of the regular WMA method. A detailed 

explanation of each of these methods is presented in appendix 4E. 

 Simple Moving Average 

 Weighted Moving Average 

 Exponential Smoothing  

 Weighted Moving Average with high/low exclusion 

4.3 Causal Forecasting Models 

4.3.1 Causal Methods 

In contrast to the direct methods presented earlier causal approaches require a distribution to 

determine the target inventory level. This means an extended set of historical sales data is needed to 

come up with an accurate estimation regarding the demand distribution and the linear relationship 

between the explanatory variables and the target variable.  

Method of Moments (MM) 

The method of moments (MM) approach is the most basic method for it only includes a constant 

term. Like the time series analysis methods, the MM does not incorporate any explanatory variables 

to make forecasts. We know that demand at retailers follows a week pattern so the average demand 

is calculated per day of the week. These six values for the six different weekdays are then used for all 

weeks in the entire period. 

Ordinary Least Squares (OLS) 

Ordinary least squares is a method developed to estimate the unknown parameters in a linear 

regression model. This is done by fitting the best linear line through the available data-points while 

minimizing the squared vertical distance between the actual and the predicted values. For more on 

the regression analysis specifics used in this report see section 4.1. 

In our OLS model we will use a similar newsvendor based approach as with MM only now we include 

exogenous variables to provide better estimations of future demand. Which exogenous variables we 

include depends on the outcome of the regression analysis. Only the regressors with a significant 

effect at multiple stores will be included in the OLS forecasting method.  

The input for some of the OLS forecasting methods are the results from the regression analysis. This 

is to test whether individual adjustments per store provide more accurate forecasts. The downside of 

the results from individual store models is that they cannot be validated. All two years of data are 

needed for validation. We also present other OLS models which are given fixed values for the 

commonly occurring significant events. These models however can be validated. 
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4.4 Forecast Error Measures 
The accuracy of a forecast depends on the gap between the forecasted and the actual demand. This 

deviation between the predicted and actual value can be measures with a number of error measures. 

The error measures which are suggested by literature are MSE, MAE, MAPE, SMAPE and MASE. The 

reason to use multiple error measurements is because the outcome is largely dependent upon the 

demand distribution characteristics. For an overview of all statistical formulas of the error measures 

see appendix 4F.  

5. Data Gathering & Cleaning 
The data chapter includes three sections. In the first paragraph we explain how we selected the retail 

stores. Also we present a brief description of the information in these datasets. Section 5.2 we 

describe the manner in which the datasets where created. This includes the data cleaning phase. 

Finally in section 5.3 we discuss the normality of the datasets and the needed transformation. 

5.1 Data Gathering 

Store Selection Criteria 

Bakkersland is in possession of a database where the bread product sales records of a couple 

hundred supermarket stores of different chains are kept. The records are kept in a program which is 

known at Bakkersland as EB2. These records constitute an excellent basis to extract relevant data for 

this specific research.  

To gain a representative sample of the different stores of the different chains we decided to select 25 

retail stores from three chains. For each of these stores we wanted to obtain a dataset of two years 

and two months, starting from 01-10-2010 up to 30-11-2012. The reason that we have chosen for 

this specific interval is mainly because at the moment of data extraction it was the most recent data 

available. Secondly, we have selected a period of over two years since that includes the entire yearly 

cycle twice. That way each variable which represents a yearly reoccurring event or holiday has at 

least two occurrences in the dataset, unless it is removed as a “zero sales” day or as an outlier, but 

we will come to that in section 5.2. And the third and final reason why we decided upon two years 

and two months instead of only two years has to do with the starting value that some of the direct 

forecasting methods require. With this we refer to the SMA and WMA approaches which all need a 

number of weeks in advance to forecast the demand of the weekdays in the initial week of the two 

year analysis period. 

Initially we tried to select the 25 stores from three chains in a random fashion and extract the data 

records from the database. But after a quick analysis of the initially chosen stores did we discover 

that the majority of the selected retail stores either did not have enough data available in terms of 

the chosen time interval or the records of remaining inventory at the end of a day were not present 

for any product. In order to compare different stores it is best to use similar evaluation intervals. And 

having no records of returned or outdated products makes it impossible to determine the actual 

sales on a given day. So we decided to exclude the retail store from our analysis when either one of 

these conditions was not met. These conditions prolonged the search for suitable retail stores but 

after an extensive search period we selected 17 retailers which did meet both criteria. 
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Statistics Initial Datasets 

We have selected 17 retail stores with data records starting at 1-10-2010 and ending at 30-11-2012. 

This is 792 days in total. But as stated earlier the first two months are considered to be the warm-up 

period of the data dumps because they are only needed to determine the starting value of the direct 

forecasting methods. This means that the first 61 days of each dataset are neglected for regression 

analysis purposes leaving 731 days per store, including Sundays and days with zero sales.   

The size of the datasets varies greatly across stores with 108.456 records being the highest and 

41.687 records. This difference can be explained by the diversity in assortment that different retailers 

offer. Also the chain under which the retailers operate seems to be of influence but this is likely also 

related to the diversity in assortments. For an overview of the selected stores including the place 

where the stores are located, the chain to which they belong and the number of records per store, 

check appendix 5A. For practical purposes we have coded the chain names and store ID numbers. 

The coding is also included in appendix 5A 

Determine region 

The Netherlands is a country which is divided into three holiday regions. As we include the holidays 

as independent variables into our model we need to know the location of each of the selected stores 

and determine in what region they are in. Then we know what setting of the holiday variables to use. 

This information is also presented in appendix 5A.  

Calibration and Validation Stores 

In total we selected 17 stores. From here onwards we make a distinction between the pre- and post-

test stores otherwise known as the calibration and validation stores. A commonly used division is to 

select 80% of the data for calibrating the models and the remaining 20% for testing the models. 

Following this fashion we have decided to use 13 stores for model creation and 4 stores for 

validation. The stores are selected such that there is at least one store form each chain in the 

calibration and validation dataset. The remainder of the selection procedure is random. 

5.2 Dataset Cleaning 

Removal of Sundays and “Zero Sales” Days 

The most common and reoccurring day that no sales are recorded is on Sunday. While there are a 

number of stores that open their doors regularly on Sunday, the majority of stores does not or 

cannot do this. So in order to keep the analysis of different stores comparable we have decided to 

exclude all Sundays from the analysis entirely. This means that another 104 observations are 

excluded leaving a total of 627 daily observations per store.  Also all days which have zero sales on 

the entire assortment are excluded. We have no use for zero sales days as these days will turn out to 

be outliers. Besides they have no added value in forecasting the demand for days that the store is 

open. The number of zero sales days per store is presented in appendix 5B. 

Univariate & Multivariate Outlier removal 

We now have the basic dataset for each of the retailers. However there is the possibility that these 

datasets contain errors. This can be a transfer error, like a quantity which was a 100 pieces but is 

presented in the dataset as a 1000 pieces. Or it could be some other type of error like a highly 

unlikely order pattern. For example a couple dozen products of only two types are ordered on a day 

that the store was likely closed. Any type of error can produce outliers in the dataset. In other words 
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an outlier is a value that differs significantly from other values with or without a clear cause. These 

data errors or extremely deviating orders should be traced and analyzed and filtered out if necessary.  

We assess the possible outliers through stem-leaf diagrams and box-plots. If we detect an outlier or 

multiple outliers in the plot or diagram we reviewed the individual case and judged its status. Only in 

the cases where we the deviating nature of the data point is to such a degree that we are 99% 

certain it is an error do we exclude the case from the dataset.  

We also performed a Mahalanobis distance test to detect whether multivariate outliers exist. 

Multivariate outliers are cases with an unusual combination of values and parameters. After an 

extended analysis of the cases with an increased Mahalanobis distance value we deleted 5 additional 

cases. The reason these cases were probably outliers was because the stores in question were open 

on an event day when all other stores were closed. The number of outliers found is depicted in 

appendix 5B. 

5.3 Data Transformations 
Before we can begin with the regression analysis we start out by examining the normality of the 

dependent variable for all the selected stores. Much used procedures to test for normality are the 

Kolmogorov-Smirnov and Shapiro-Wilk tests. But for large sets of data these types of test are not 

ideal as small deviations may give rejecting answers.  A recommended manner of determining the 

normality of a variable within a large datasets is by plotting the data (Field, 2005).   

Intraweek Pattern 

 
Figure 5-1: Example of frequency plot with all 6 weekdays included  

We started out with a model with 29 independent variables so the weekdays are also included as 

independent variables in this model. Our findings to test for normality show that the dependent 

variable does not follow a normal distribution in multiple tested stores of stores. Instead of one peak 

with its center at the mean the curve usually shows two distinct peaks instead. An example of such a 

double peaked frequency plot is shown in figure 5-1. 

 

This effect is caused by the so called intraweek pattern. High demand at Fridays and Saturdays is 

causing the right-sided peak while the left-hand peak is created by the sales on other weekdays. For 

the results of the weekly regression performed on eight stores see appendix 5C. The obtained results 
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makes that we cannot assume normality, no matter what transformation method we apply. So we 

know from these results that statistical analysis which assumes normal distributed demand must be 

performed for each weekday separately. In the results we will therefore only create models based 

upon a specific weekday for a specific store. This means that six separate models will have to be 

created for each retailer. We want to note that the current algorithm of Bakkersland also calculates 

the quantity per given weekday.  

Dependent variable transformation 

We tried to transform the available data to the fit with the normal distribution. Two options of 

transformation procedures obtained from literature are presented in this section. The first is a 

transformation which has proven to be useful in practice is the lognormal transformation (Silver et 

al., 1998). The other procedure commonly used to improve the normality of the dependent variable 

is the Log10-transformation (Field, 2005). Both formulas are included in appendix 

We have tested both transformation procedures for a number of stores and found that the normality 

of the dependent does not increase substantially. The improvements are hardly noticeable when 

reviewing the scatter plots. Also the results from a quick initial regression analysis showed that the 

performance of a model which made no use of any transformations is as good or even better than a 

lognormal and log10 transformed model. So we decided that for practical purposes it is better to 

perform no transformations on the dependent variable at all. This way we are able to make clear 

comparison between the results per store. We did not test the independent variables on normality as 

these variables are all binary. 

6. Results 

6.1 Influences on Demand 

6.1.1 Trend and Seasonality  

We start out with a visual analysis of the time series to see whether trends or seasonal effects are 

present. First we analyze the overall level, including the total sales of all 13 calibration stores, to see 

if supermarket demand in general shows noticeable fluctuations. We also do this for the total sales of 

individual stores to determine if differences exist between stores. The 13 individual store plots are 

included in appendix 6A. 
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Figure 6-1: Total daily sales of 13 calibration stores 

 
Figure 6-2: Total & promotional weekly sales of 13 calibration stores  

The time series per day and per week of the combined total sales of all 13 stores are depicted in 

figures 6-1 and 6-2. The aggregate daily plot shows a number of days for which the sales volume is 

zero or nearly zero. These are the days for which all or almost all stores are closed, days such as 

Christmas and New Year’s Day. We also spotted that there are a number of peak demand moments 

for most of the weekdays. These are likely the event days or days previous to them. Furthermore we 

detect no seasonality for Monday, Tuesday, Wednesday or Thursday. For Saturday and especially 

Friday we do however see a marginal increase during the summer period. This effect is so marginal 

that it is not present when the six weekdays are combined into weekly sales. 

The results per individual store however show a different pattern than the combined total sales 

results. We do detect seasonal patterns for two stores, see appendix 6E. These are stores A1 '''' 

''''''''''''''''''' and C6 '''' ''''''''''''''''''''''''''. For both these stores the demand seems to go up substantially 

during summer time and down during the winter period. As we do detect a seasonal pattern at a 

number of stores we need to consider creating different models for stores that have a seasonal 

effect opposed to stores that do not. The seasonal effect we detect can have two causes. One is that 

the weather plays an important part.  In our case temperature seem the most suited weather 

component to use for forecasting as it exhibits a similar behavior as the time series. The temperature 

rises during the summer and falls during winter and so does the demand. The other option is that the 

summer holiday is the most influential reasons to this seasonal effect. Tourists located nearby the 

supermarket purchase their bread at the supermarket during their holiday. While for areas with 

virtually no tourism we would expect a decrease in demand during summertime. 

From these two options we assume that tourism due to the summer holiday is more likely to cause 

this effect. We see no clear link between warm days and increased bread sales other than French 

baguettes being bought in bulk for the BBQ. Also if it really were the case that warm days influence 

the total sales of a supermarket then this increase of demand on warm days should be visible in all 

stores of all regions of the Netherlands. 

The trend-line over the total aggregate sales shown in figure 6-2 is horizontal which means no trend 

is present. For the store chains and individual stores we also plotted the linear trend-lines. These 

were not all completely horizontal for each store. So to review in more depth whether trends are 
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present we performed a regression analysis with weekly total sales as dependent variables and a 

linear trend-line as sole independent variable. From the results shown in appendix 6B it becomes 

apparent that four out of the 13 stores do seem to possess a significant change from week to week. 

The largest trend we found was 8,82 breads a week. If we transform this weekly trend to a daily 

trend we have to divide it by 6 meaning that the increase is just over 1 bread per day each day of the 

week.  Since the changes per day are very small and the effect is not uniformly present at certain 

chains we exclude trends from our further analysis. 

6.1.2 Weather 

Literature has already shown that the weather can have a significant influence upon the demand of 

certain perishable items and bread is a perishable item. For example the demand for fridge ice and 

BBQ related items experiences a boost when temperatures soar. For bread this is not really the case 

as the everyday bread sales are not known to be affected heavily by weather conditions. 

Nonetheless, we have detected seasonality in the bread assortment of a number of stores. And as 

this seasonality seems to evolve around the summer and winter, the hot and cold periods, we test to 

see if temperature forms a significant effect when forecasting the total sales of an individual retailer.  

We started out by performing ANOVA-tests. For this test we need a categorical variable so we 

divided the temperature into six categories, see table 6-1. With the ANOVA-tests we determined if 

there is a significant difference in demand for the days within different temperature groups.  

Table 6-1: Temperature clusters 

Category 1 2 3 4 5 6 

Temperature <1 1-5 6-10 11-15 16-20 20< 
Days in Group 5 11 31 28 27 2 

The test was significant for a number of stores meaning that on individual store level there are 

significant differences between the temperature groups. However, the downside of ANOVA-testing is 

that the significance only states that there is at least a significant difference between two of the six 

included groups. As with the trend analysis we will take a more in depth view upon the seasonal 

influences by performing a univariate regression analysis with temperature as the only independent 

variable included. The results of this analysis are presented in appendix 6C. The effect of temperature 

seems to be significant at a 95% confidence level for nine out of 13 stores. Only for five of those nine 

stores the effect is rather low with adjusted R-squared values of under 0,10. For stores A3 and B3 the 

adjusted R-squared is 0,170 and ,152 which indicates that a seasonality explains around 15% of the 

variance. But as we noted earlier stores A1 and C6 have the most obvious seasonal pattern. The 

regression analysis with temperature included confirmed this observation because the adjusted R-

squared values for A1 is 0,494 and for C6 it is 0,368. So at A1 the weekly total sales can be forecasted 

around 50% more accurately when the influence of the temperature is included in the forecasting 

model.  

We conclude that temperature can form a good regressor for at least four of the 13 stores. Therefore 

we could recommend including this variable in the forecasting models that we will derive in the next 

chapter. But we will first include all holidays into our regressions models to determine whether 

summer holiday in combination with other holidays does not form better regressors. We cannot 

include both temperature and summer holiday creates because this we suspect that there is a high 

correlation between the summer holiday period and high temperature values. Only if summer 
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holiday does not prove to be significant in the majority of stores will we consider including 

temperature as additional independent variable.  

6.1.3 Promotional pressure 

Besides trend, seasonality and weather another effect proven to have a large influence upon demand 

is promotional pressure. Increased promotional pressure usually increases demand. If promotion 

influences demand severely it is better to forecast demand based upon the non-promotional sales 

and later on adjust for promotional pressure. If not, it is more practical to forecast the total sales as 

this limits overall complexity in the forecasting process. 

We want to test whether the promotion influences demand. Therefore we started out by examining 

what the percentage of promotional pressure was for each store, see appendix 6D. Next we plotted 

the total sales against the promotional sales for each store, all three chain and at the overall level. 

The results are presented in appendix 6E.  

Firstly, a clear distinction can be made between chains B and the other two chains. The stores of 

chain B have much lower promotional pressure scores than the other stores. On average the 

promotional pressure at chain B is 5,3% while for A this is 19,8% and for C it is 16,9%. In the plots of 

the B-stores, the non-promotional sales and the total sales are very close to equal most of the times. 

For C-stores an increase in promotional pressure seems to decrease the non-promotional sales. The 

total sales at stores from chain C follow a level demand not so much affected by promotional 

pressure. At chain A however the promotional pressure does seem to increase demand above the 

non-promotional sales level. The non-promotional sales remain rather steady throughout time while 

the percentage of the promotional pressure seems to determine the percentage of increase in 

demand. To see whether for Chain A the non-promotional sales forms a steadier demand series than 

the total sales we included table 6-2. In this table we present the mean, standard deviation and 

coefficient of variation for each stores based on the total weekly sales and the total weekly sales 

without articles in promotion. 

The relative demand volatility of total sales at stores of chain B seems to be less than at other stores. 

This could be due to the relatively low promotional pressure because less promotion in the 

assortment means that customers do not purchase additional items just for being on promotion. Also 

the relative high mean demand of chain B stores is higher than. The CV value corrects for the 

difference in mean demand. As can be seen the CV values of the chain B stores have relative low CV 

values compared to the other stores for total sales. This more stable demand pattern is likely to give 

rise to a better forecasting accuracy for all forecasting methods. 

Next we examine the CV of the non-promotional sales against the total sales to see if there is a 

reduction in the demand deviation if only non-promotional sales are analyzed. We determined that 

two of the A-stores have gained a lot steadier stream when the promotional articles are not used to 

predict future demand. The CV of the remaining A-store has improved, but only marginal. None of 

the B-stores improved in regard to the CV when only the non-promotional articles are examined. For 

stores of chain C we see two stores for which the CV improves while the remaining four stores CV 

scores deteriorate. Next to the CV values we also computed the Levene’s Test for equality of 

variances at a 0,05 level. For all the B-stores and the stores C2, C5 and C6 the test gave results above 

0,05 therefore we cannot reject the null hypothesis that the variances are equal for these specific 
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stores. All other stores the effect was significant so the variance between total and non-promotional 

sales is significantly different. 

Table 6-2: Mean, standard deviation and CV’s of total sales and non-promotional sales 

  Mean Weekly 
Total Sales 

Standard 
Deviation 

Coefficient 
of Variantion 

    Mean Weekly Non-
Promotional Sales 

Standard 
Deviation 

Coefficient 
of Variantion 

A1 2611 542,7 20,8%   A1 2038 409,4 20,1% 

A2 2588 317,8 12,3%   A2 2099 164,5 7,8% 

A3 2783 301,3 10,8%   A3 2266 209,8 9,3% 

B1 4361 378,8 8,7%   B1 4087 499,8 12,2% 

B2 5465 503,1 9,2%   B2 5216 541,8 10,4% 

B3 9157 593,3 6,5%   B3 8879 720,2 8,1% 

B4 4943 546,3 11,1%   B4 4614 647,9 14,0% 

C1 2545 389,8 15,3%   C1 1936 304,0 15,7% 

C2 2616 304,6 11,6%   C2 2112 284,8 13,5% 

C3 1983 241,0 12,2%   C3 1662 189,1 11,4% 

C4 2619 336,5 12,8%   C4 2202 240,7 10,9% 

C5 3698 414,7 11,2%   C5 3145 362,5 11,5% 

C6 4284 733,5 17,1%   C6 3798 662,9 17,5% 

 
We conclude from these findings that promotion plays a large role in demand volatility for a number 

of stores. For store chain B and C we suggest using the total sales as the best reference frame for 

determining the demand. For chain A we recommend using the non-promotional sales as reference 

point because the influences of promotional sales distort the time series while the promotion itself is 

in the retailers’ span of control. In other words the promotional pressure is determined by a store 

chain or store and not by Bakkersland. So the influence of promotion upon regular demand is better 

determined at chain or individual store level because they control the amount of promotions.  

6.2 Time Series Forecast Results 
In the previous chapter we have looked at several influences on demand. Now that we are aware 

which effects are influential on demand, we can start making demand forecasts. In this chapter we 

present the time series forecasting methods. The current algorithm is also a direct time series 

forecasting technique. We would want to determine what the performance of the current algorithm 

would have been if store managers did not deviate from the forecast in order to obtain a baseline 

with which we can compare the performance of other forecasting methods. But the forecasts we 

present are another aggregation level which makes it impossible. We are however capable of 

reproducing the current algorithm on assortment level. This aggregate WMA method is denoted by 

WMA-6*. Next we present several other direct forecasting methods and see how well they perform 

on the datasets of the 13 calibration stores. In the final section we evaluate the performance of 

forecasting upon the total sales of chain A stores against the non-promotional sales of the same A-

stores.   

6.2.1 WMA-6* Method on Total Sales 

The current forecasting method of Bakkersland is the WMA technique with a review period of 6 

observations and the exclusion of the highest and lowest values. This calculation is originally 
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performed at SKU-level. We will execute the same algorithm but on then on an aggregate 

assortment-level and name the method WMA-6*.  

The forecasting accuracy of the WMA-6*method is depicted in the table 6-3. The results per chain 

store and even per store are quite different and sometimes hard to interpret due to the multiple 

error measures. Take store B3 for example, it has the highest MSE and MAE values but also the 

lowest MAPE and SMAPE values. The reason is because store B3 has a much higher average demand 

than the other 12 stores. So the squared and absolute errors, MSE and MAE, are hardly worth 

comparing to other stores. The MASE and SMAPE on the other hand are percentage errors so their 

scale is the same for all the stores. 

We see that in terms of MAPE and SMAPE chain B has the lowest percentage errors. The most 

obvious reason for this is the relatively stable demand patterns that B-stores exhibit. The direct 

methods assume a level demand so their performance is best when demand is relatively stable. The 

opposite is also true for stores with large demand fluctuations like the chain A stores. These stores 

have the largest MAPE and SMAPE scores and are less suited to be forecasted with only a direct 

forecasting method. Finally we notice that the MASE scores vary randomly in regard to the other four 

scores. Therefore we are unable to judge the performance based upon this performance measure.  

Table 6-3: WMA-6* forecast errors on total sales (including mean daily demand) 

Store ID MSE  MAE MAPE SMAPE MASE Mean Daily Demand  

A1 8417 65,71 15,00 7,34 0,901 354 

A2 4153 51,34 12,25 5,97 0,842 356 

A3 3553 43,96 9,82 4,75 0,800 430 

Average A 5374 53,67 12,35 6,02 0,848  

B1 6587 53,28 7,12 3,53 0,894 670 

B2 7863 61,55 6,74 3,32 0,936 786 

B3 20624 82,98 5,27 2,64 0,931 1313 

B4 8015 59,15 7,03 3,47 1,090 655 

Average B 10772 64,24 6,54 3,24 0,963  

C1 4746 51,33 12,36 6,01 0,831 386 

C2 3294 41,19 9,58 4,64 0,856 396 

C3 2040 30,97 9,45 4,63 0,819 239 

C4 3475 42,67 9,94 4,82 0,803 424 

C5 5903 52,18 9,20 4,32 0,832 430 

C6 13176 81,25 11,70 5,70 0,989 621 

Average C 5439 49,93 10,37 5,02 0,855  

             

Average All 7065 55,20 9,65 4,70 0,887  

6.2.2 WMA-6* Method on Non-Promotional Sales 

In section 6.1.3 we have determined that promotional pressure has an influence upon the demand of 

a number of stores, mainly from chain A. For the stores that are influenced by promotional pressure 

we see that the promotional pressure varies from week to week and the total demand per week 

varies accordingly. For the other stores the effect of promotional pressure was not always visible 

even though Levene’s test of equality of variance turned out significant. So we try to determine 
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whether it is more accurate to use the total sales to forecast the sales of both the non-promotional 

as the sales in promotion. We suspect that for a number of stores, mainly chain A stores, forecasts 

using non-promotional sales will give more accurate results. 

The results we found are in line with the results regarding the use of non-promotional sales as 

analyzed in section 6.1.3. The forecast with the current method upon the non-promotional sales has 

improved the forecasting accuracy for stores from chain A substantially. Also stores C3 and C4 have 

improved accuracies when forecasting based upon non-promotional sales only. For all other stores 

the forecasting accuracy deteriorates when the non-promotional sales instead of the total sales are 

used. Especially forecasts made for chain B deteriorate substantially when the non-promotional sales 

are used.  

Table 6-4: WMA-6* forecast errors on non-promotional sales  

Store ID MSE MAE MAPE SMAPE MASE 

A1 4784 44,14 12,54 6,25 0,917 

A2 1356 25,66 7,19 3,56 0,877 

A3 1951 30,73 8,15 4,00 0,853 

Average A 2697 33,51 9,29 4,60 0,882 

B1 11172 70,85 10,71 5,19 0,991 

B2 10253 72,05 8,50 4,11 0,993 

B3 30895 107,99 7,17 3,56 1,014 

B4 15520 79,30 10,76 5,13 1,139 

Average B 16960 82,55 9,28 4,50 1,034 

C1 3983 41,82 12,84 6,22 0,794 

C2 3966 46,62 13,24 6,42 0,817 

C3 1570 24,86 9,13 4,33 0,841 

C4 2392 34,90 9,63 4,70 0,895 

C5 5499 50,83 10,52 4,92 0,859 

C6 11697 75,11 11,95 5,85 0,948 

Average C 4851 45,69 11,22 5,41 0,859 

            

Average All 8080 54,22 10,18 4,94 0,918 

From these findings we can state that it is more accurate to forecast the demand for chain A stores 

upon the non-promotional sales while for B-stores the opposite is true. The stores from chain C show 

mixed results but the majority performs better under total sales. In the remainder of the validation 

phase we aggregate data from several stores to compare the results. Therefore we need to choose 

between using total sales and non-promotional sales. The total sales granted the best results for the 

current method in the majority of stores. This seems like a good reason to choose total sales as the 

dependent variable in our forecasting models. However in the validation phase we will distinguish 

between chain A and the other chains. Chain A stores are validated upon the non-promotional sales 

while the rest of the stores are validated upon the total sales.  

6.2.3 Time Series Forecasting Results 

We measure the forecast accuracy of the applied direct forecasting techniques. As can be seen all 

models are based upon the five time series forecasting techniques that were discussed in section 4.2. 
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The difference lies in the review period for the moving average approaches and in the contribution 

value α for exponential smoothing. In total we developed 13 direct forecasting models which were 

tested upon the total sales data of the 13 calibration stores. 

We distinguish three groups in respect to the forecasting accuracy. There are the worst performers. 

This group includes the SMA-1, the SMA-6 and the EXP-0,05. In all four accuracy measures these 

methods have the highest scores which translates to having the worst forecasting accuracy 

performance. Then there is the best performing group. These are the exponential smoothing 

approaches with an alpha value greater than 2/9. These two methods outperform all other methods 

on all five performance measures. Also at individual store level these two methods outperform all 

other methods in all but one store. Finally there are the mediocre to good performing methods. The 

remaining eight methods belong to this group. 

Table 6-5: Forecast errors of 13 direct forecasting methods  

Average across 13 Calibration Stores MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 9123 62,80 11,19 5,46 1,016 

Simple moving average (n=6) 8297 60,95 10,58 5,11 0,973 

Moving average (n=6 minus high/low) 7306 56,30 9,82 4,78 0,903 

Weighted moving average (n=6) 6894 54,81 9,59 4,66 0,880 

Weighted moving average (n=8) 6984 55,34 9,68 4,69 0,887 

Weighted moving average (n=8 minus high/low) 7166 55,73 9,74 4,73 0,893 

Exponential Smoothing (α = 2/6 = 0,3333) 6670 53,86 9,48 4,60 0,865 

Exponential Smoothing (α = 2/7 = 0,2857) 6713 54,06 9,52 4,62 0,867 

Exponential Smoothing (α = 2/9 = 0,2222) 6869 54,75 9,65 4,67 0,877 

Exponential Smoothing (α = 2/10 = 0,20) 6958 55,14 9,73 4,70 0,883 

Exponential Smoothing (α = 2/20 = 0,10) 7765 58,39 10,37 4,98 0,932 

Exponential Smoothing (α = 2/40 = 0,05) 8615 61,78 10,94 5,25 0,986 

Weighted moving average (n=6 minus high/low) 7065 55,20 9,65 4,70 0,887 

A more in depth view reveals that an increase in the α-value seems to ensure a better forecast 

accuracy. We have selected the values between 0,05 and 0,33 because Silver et al. (1998) suggested 

that any values of α between 0,01 and 0,30 are quite reasonable. But as the exponential smoothing 

models with α-values of 0,2857 and 0,33 have the best results it raises questions regarding the 

underlying models which these direct forecasting methods assume. All these methods assume an 

underlying level model where demand variations are not highly volatile and there is no cyclical or 

trend pattern. But as we have already shown, seasonality is present in a number of stores. Also we 

expect that the demand variation can be partially explained by the external influences. To determine 

whether this is truly the case we need to perform a regression analysis upon the time series of the 

different stores and find out if these exogenous effects are significant. If so we will be able to we 

continue with the causal forecasting techniques that incorporate these significant effects. But first 

we examine if forecasting upon non-promotional sales also improves the forecasting accuracy for 

other methods than the WMA-6* method. 

6.2.4 Time Series Forecast Results on Non-Promotional Sales 

We already determined that promotion is largely affected by the chain to which a store belongs. 

Therefore we evaluate the performance of the direct forecasting methods upon non-promotional 
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sales. This is done for the overall level which includes all 13 calibration stores and at store chain level. 

The tables displaying the results are present in appendix 6F. 

As was expected, chain A stores gain a substantial improvement in terms of forecasting accuracy 

when a forecast is made upon the non-promotional sales. All the direct methods have decreased 

error measures for all chain A stores. Especially when reviewing the most direct score to interpret 

and compare, the MAPE score, we see an improvement up to 4%. This once more confirms that 

forecasts made for chain A stores are much more accurate when instead of the total sales, the non-

promotional sales are used. 

The non-promotional sales forecasts upon the chain B stores perform a lot worse on all error 

measures while the C-stores perform similar with sometimes a slight deterioration. The MAPE and 

SMAPE scores are worse although the MSE and MAE scores have improved. This is caused by the 

decreased quantities by having only the non-promotional sales opposed to the total sales. 

6.3 Regression Model Results 
We will firstly perform an analysis on all calibration stores to determine if any of the regression 

assumptions are violated. Afterwards we present the results of the daily regression with all variables 

included separately. The results are used to determine what variables are present in a multitude of 

stores and therefore seem like the most suited predictors to use in the statistical forecasting models. 

In the section that follows we aggregate the 23 variables into five groups. We perform an additional 

regression analysis to determine whether the regression results improve when variables are 

grouped. All this is done upon the total sales of the stores. Also all forecasts in the chapters that 

follow are created based upon the total sales unless mentioned otherwise. 

6.3.1 Regression Assumptions 

There are six regression assumptions which have to be met when using ordinary least squares. The 

six assumptions are depicted below. 

1. Normality of dependent variable 
2. Normality of error distribution 
3. Multicollinearity 
4. Homoscedasticity 
5. Independent errors 
6. Linearity 

We have checked the assumptions for all the created regression models. First we considered the 

normality of the dependent variables. When a model which incorporates all days of the week is 

chosen, the frequency plot does not resemble a curve of the normal distribution. On the other hand, 

regression models that only examine the separate weekdays show a better fit with the normal 

distribution curve. For an extended explanation see section 5.3. 

To check for the normality of the error distribution we have created a histogram of the error values 

along with a plot of the cumulative probabilities. The plots we created did not present any reason to 

have concerns regarding the normality of the error distribution. 
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Multicollinearity can best be observed by creating a scatterplot with the standardized predicted 

residuals on one axis and the observed standardized residuals on the other axis. We found no signs 

of multicollinearity for any of the models. 

To test for homoscedasticity we need to compute the variance inflation factor (VIF). A VIF value of 1 

means that homoscedasticity is not present in the model. A value of 10 or more indicates that 

homoscedasticity is imminently present. The maximum VIF value found was 1,491 while the 

minimum value is 1, see Appendix 6G. The average VIF value over all variables in all models is 1,02, as 

can be seen in table 6-6. 

Durbin-Watson (D-W) is a test that examines whether the errors are independent from each other. 

The D-W test computes a value between 0 and 4 where a model with no autocorrelation correlation 

between the residuals has a value of 2. A value below 2 indicates that errors are positively auto 

correlated, in other words successive error terms are close in value to one another. A value above 2 

indicates negative auto correlation. From the 13 (stores) * 6 (weekdays) = 78 models regarding the 

total sales per weekday per store 60 models had D-W values between 1 and 2. Three modesl had no 

significant variables so the D-W score is then 0. The remaining 15 models had values of 1 or lower. 

The average D-W value over all stores is 1,22. The average overall D-W and the average D-W score 

per day of the week are shown in table 6-6. As all the models have D-W values below 2 we can state 

that the successive error terms are close to each other. This is not to our surprise as we already 

showed that retail stores face periods of relative high and relative low demand throughout the year.  

To see whether there is actually a linear relationship between a parameter and the dependent 

variable we examined the scatterplots depicting the independent variable against the dependent 

variable. With a visual check of the scatterplot it becomes clear if such a relationship really exists. 

And since we only incorporate binary parameters into our model the test for linearity becomes even 

easier to detect. Through a visual check of the partial regression plots we know that there is a linear 

relationship between the dependent variables and the included independent variables. 

Table 6-6: Total and average regression measures of 13 calibration stores 

Days (Average of 13 
Calibration Stores) 

Number of 
Cases per Day 

Average 
Adjusted R^2 

Average    
D-W 

Average 
VIF 

Average Number of 
Variables Included 

Mo 1280 0,28 1,23 1,04 2,15 

Tu 1352 0,12 1,24 1,00 1,54 

We 1364 0,32 1,27 1,00 3,23 

Th 1343 0,30 1,17 1,04 3,00 

Fr 1360 0,28 1,13 1,02 3,46 

Sa 1324 0,33 1,31 1,00 3,54 

Avg per day 1337 0,27 1,22 1,02 2,82 

6.3.2 Daily Regression Results 

For our initial daily regression models we start out with all 23 variables. This does not include the 

weekdays since we created independent models for each day of the week. Based on the significance 

of the effect that a certain variable possesses it is either included or excluded from the regression 

model via stepwise regression. For an overview of the used variables we refer to appendix 4B and the 

daily regression model is presented in Appendix 4D. 
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General Performance Regression Models 

We have found that the adjusted R-squared ranges from the lowest value 0 up to the highest at 

0,874 for the different models. These results are presented in appendix 6G. The average adjusted R-

squared for the different days of the week ranges from 0,12 for Tuesdays to 0,33 for Saturdays. 

These low average values for the adjusted R-squared indicate that the explanatory power of the 

included variables is only limited. The average overall adjusted R-squared along with the average R-

squared value per day are all presented in table 6-6. 

Another thing which can be found in table 6-6 is the average number of variables included in a 

model. Tuesdays with an average of 1,54 predictors is the weekday which incorporates the lowest 

average number of predictors. This might explain the relative low adjusted R-squared value found for 

Tuesday in comparison to the other days. The weekday with the highest average number of 

predictors is Saturday with an average of 3,54 independent variables included in a model.  

Significant Variables in All Calibration Stores 

In appendix 6H we display the number of times an independent variable was considered to be a 

predictor with significant value (α = 0,05). We begin by discussing the social payment and holiday 

variables as they cover multiple days or even weeks within one year. More occurrences in the models 

gives a higher likelihood of finding effects since there are multiple calibration points. Therefore we 

want to find at least 50% or more occurrences of these variables in all models before we include 

them in a general model. National events on the other hand only last one or at the most two days. 

Their occurrence can either be predetermined, a fixed date of a fixed weekday. The result is that 

none of the national events is present on all weekdays within the chosen 2 year timeframe. 

The most dominant regressor in all models is summer holiday. With 49 out of 78 models this factor 

can be found in 63% of the models. The most occurring other payments or holiday is the Christmas 

holiday. Christmas holiday forms a significant independent variable in 13 of the 78 models. In 

percentages this is a mere 17%. So we suggest that with the exception of summer holiday none of 

the holidays or payments should be included forecasting models. 

For the event-variables we review the occurrence per weekday and disregard the total occurrence 

across all weekdays. Take for example the highest total occurrence of an event variable, namely 

Pentecost, it is only present in 26% of all calibration models. But on a daily scale however we can see 

that with 11 out of 13 Wednesday models Feast of the Ascension is present in 85% of the cases. This 

means that Feast of Ascension (Wednesday) has the highest occurrence rate on a specific weekday of 

all independent variables including summer holiday. With 9 out of 13 models Pentecost (Friday) and 

Pentecost (Saturday) are in 69% of Friday and Saturday models while Christmas (Thursday) and 

Easter (Saturday) are significant in 62% of the models on their specific weekdays. These are all 

variables that occur in at least half the models of a given weekday. We include one more variable and 

that is Good Friday (Friday) is the same day as Easter (Friday) i.e. the Friday previous to Easter. 

Combining these two events gives us 9 occurrences in 13 models.  

o Summer Holiday (all days) 

o Feast of the Ascension (Wednesday) 

o Pentecost (Friday & Saturday) 

o Good Friday (Friday)  

o Easter (Saturday)  
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o Christmas (Thursday) 

The remaining independent variables are not present frequently enough to be considered likely 

occurring significant events, holidays or payments. 

Significant Variables per Chain 

Although we only included 13 stores from 3 different chains we noticed that obvious differences 

existed between the supermarket chains. Models from chain A seem to have the least number of 

independent variables with a regular occurrence in the regression models. In table 6-7 we have 

summed up the regressors which occur in more than 50% of the cases for each specific chain. 

Table 6-7: Regressors with 50% or more occurrences in 13 calibration store models 

Store Chain A Store Chain B Store Chain C 

Summer Holiday (all days, 
except Thursdays) 

Summer Holiday (all days) Child Tuition (Friday) 

Feast of the Ascension 
(Wednesday) 

Feast of the Ascension 
(Wednesday) 

Feast of the Ascension 
(Wednesday) 

Pentecost (Friday & Saturday) Pentecost (Friday) Pentecost (Saturday) 

Christmas Holiday (Wednesday) Christmas (Thursday) Christmas (Thursday) 

Good Friday (Friday)  Queens Day (Monday) 

Easter (Saturday)  Easter (Friday & Saturday) 

  Animal Day (Wednesday & 
Thursday) 

  St. Martin (Saturday) 

6.3.3 Conclusion Daily Regression 

We have conducted regression analysis upon 13 stores for 6 days a week. Through the resulting 78 

models we determined what the most occurring independent variables where. We did this at an 

aggregate level including all 13 calibration stores and at a chain level where we examined each 

individual supermarket chain.  

We found out that among the 13 selected stores there is a difference between the supermarket 

chains regarding the significance of certain regressors. Where chain A and B seem to share a lot of 

communalities in there regression models, the C-store models tend to include a number of different 

independent variables. The models from A and B show a lot of communalities therefore the overall 

summary of all 13 models obviously shows a quite similar result. Chain C stores tend to have the 

same variables as the all-stores models but also some additions. Only including the most commonly 

found variables seems to be a better idea than creating an extended model for each chain 

separately. Having only one forecasting model and not a model for each chain reduces complexity.  

We do note that the resulting average adjusted R-squared values of the models we used are rather 

low, see table 6-6. This means that the explanatory power of the regression models is low and 

therefore we know that the significant regressors that were used in the models have a limited 

contribution in improving the forecasts. 
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Also the explanatory power of all variables except summer holiday is rather low. We suspect that the 

reason for this lies with the lack of available data points for each occurrence. We have only two years 

of data from each store and we make models for each weekday separately so for the national events 

there can be at the most two days in the time series on which a forecast is based. For national events 

with a specific date and not a specific weekday, like Christmas and Animal Day, it is possible to have 

only one occurrence in the time series. To counter the rare occurrence of events we choose to 

aggregate multiple of the independent variables into a single dummy variable to try and increase the 

predictive power of the model while reducing complexity. The aggregation procedure is explained in 

the following section. 

6.3.4 Results Daily Regression with Aggregate Variables  

There are multiple ways to aggregate variables in order to possibly attain a higher predictive power. 

We have chosen to aggregate the variables into groups based on the daily regression models results 

described in the previous section. Firstly we divided the variables into the 3 groups which we already 

used to describe the different types of variables. There is the national event group, the payments 

group and the holiday group. Within these groups there are variables for which we have proven that 

they are significant in over 50% of the stores. These significant and non-significant variables are 

divided into separate groups. For the non-significant variables we do not have an idea whether there 

is an effect present and if so if it is positive or negative. The variables which were determined to 

significantly contribute to the model we do know what their influence is. For the significant national 

events we see that the demand is positively influenced by all five events. We label these five 

significant event variables, Feast of the Ascension, Pentecost, Good Friday, Easter and Christmas as 

one group of “Major events” and the remaining events are labeled “Minor events”. Summer holiday 

on the other hand can be positive or negative. But as only summer holiday was frequently a 

significant holiday variable in the daily regression models we included summer holiday alone as a 

standalone category. Therefore we do not have to worry about grouping it with other variables that 

may display other behavior as the summer holiday variable itself i.e. summer holiday having a 

positive influence on demand when another variable in the similar group has a negative effect or vice 

versa. So to conclude there are five groups, two groups for national events and two groups for 

holidays. The remaining group encompasses all payment variables.  

Table 6-8: Results of daily regression with aggregate variables 

 13 Calibration 
Stores 

Avg Adj 
R^2 

MajorEvents MinorEvents Payments Holidays SummerHoliday 

Mo 0,21 0 2 1 4 7 

Tu 0,10 0 1 0 2 9 

We 0,23 9 0 0 3 10 

Th 0,18 10 1 0 2 6 

Fr 0,21 12 0 0 3 9 

Sa 0,24 10 0 0 3 7 

Avg p day 0,20 6,83 0,67 0,17 2,83 8,00 

Total  41 4 1 17 48 

The regression analysis result of the daily models with the aggregate variables is displayed in table 6-

7. In comparison to the ‘regular’ daily models the average adjusted R-Squared across all models has 

decreased from 0,27 to 0,20. So the models with the non-aggregated variables explain more of the 

demand variation than models with five aggregated variables. 
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Summer holiday remains the most occurring variable in all models, 48 out of 78 times (61,5%). But 

now it is followed closely by the major-events variable that was found to be significant in 41 

regression models (52,6%). So aggregating the major-events together assured that the variable 

became more frequently occurring. Furthermore, major-events are only present from Wednesday to 

Saturday. For those days alone major-events occurs in over two-third of the models. 

Finally we see holidays as a variable that is occasionally found to be significant, 17 of 78 models 

(21,8%). Payments and minor-events remain largely ignored in all regression models. 

6.4 Statistical Model Results 
   Table 6-9: Variables in OLS models     

In this chapter we present four different models, the MM 

approach and three times the additive OLS approach with 

different parameters. See appendix 6I for the mathematical 

description of the statistical forecasting models.  

We start out with the MM approach because this is the most 

basic model and it serves as a baseline. In MM no 

independent variables are included. Only the mean demand 

per weekday is included. This constant quantity ordered every 

week for the specific weekday.  

The second model is an OLS model where we have included 

the six significant regressors that were uncovered in the daily regression analysis. Only the variables 

that were significant in the majority of stores are selected since these variables likely increase the 

overall accuracy score of the 13 calibration stores. We will name this method OLS(Daily). The next 

OLS model uses the same variables only the significant event days are aggregated into Major-events. 

This OLS method is denoted as OLS(agg2).  And finally there is the OLS(agg5) model in which we also 

included the aggregate variables with the non-significant effects, Minor-events, all payments and 

other holidays. We expect that the improvement of the OLS(agg5) upon the OLS(agg2) will be 

marginal as the explanatory power of the added aggregate variables is marginal, see section 6.3.4.  

All three OLS methods with the included variable are displayed in table 6-9.  

Table 6-10: Forecast errors MM and OLS techniques 

Average across 13 
Calibration Stores 

MSE MAE MAPE SMAPE MASE 

MM 10676 76,99 13,45 6,49 1,190 

OLS(Daily) 6277 56,50 10,18 4,92 0,893 

OLS(agg2) 7140 59,44 10,79 5,34 0,956 

OLS(agg5) 6988 59,19 10,73 5,31 0,952 

Table 6-10 shows the average forecasting error measures over all 13 calibration stores for all four 

methods. As was to be expected, the MM method has a greater forecasting error values than the OLS 

approaches.  With this we have proven that including the selected external factors into a forecasting 

algorithm increases the forecasting accuracy. 

OLS(Daily) OLS(agg2) OLS(agg5) 

Summer 
Holiday 

Summer 
Holiday 

Summer 
Holiday 

Good 
Friday 

Major 
Events 

Major 
Events 

Easter  Minor 
Events 

Feast of the 
Ascension 

 All 
Payments 

Pentecost  Other 
Holidays 

Christmas  OLS(agg5) 
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From the three OLS methods, OLS(Daily) performs the best. Again not a surprise as we already 

showed that the daily regression results were more accurate than the aggregate regression results.  

We also want to note that there is only small difference between the errors of the two aggregate OLS 

methods. This means that including the three aggregate variables, Minor-events, Payments and 

Holidays has little effect in improving the average error measure over all 13 stores.  

Finally we compared the results of the MM and OLS techniques against the results of the time series 

forecasting methods. As can be seen in table 6-9, the OLS(Daily) technique has smaller MSE measures 

than all direct forecasting methods while the other error measures are mediocre compared to the 

direct forecasting techniques. This implies that a forecast with a constant value and adjustments for 

the relevant event days and holidays performs about equally well as most direct forecasting 

methods. A constant ordering algorithm without any adjustments, the MM method, is the absolute 

worst forecasting algorithm in terms of accuracy. Because MM has greater error values than all the 

direct forecasting and OLS methods we can conclude that every method that is presented in this 

report is better than keeping the order level constant throughout the year. 

For each individual store we computed the forecasting errors for the OLS(Daily) method. The results 

are in appendix 6J together with the results of the WMA-6* method.  A comparison between the 

OLS(Daily) method and the WMA-6* method reveals that the chain A stores and stores B1 and B3 

improve in terms of accuracy under the OLS(Daily) approach. The other two B-stores and all chain C 

stores perform better under the WMA-6* method than the OLS(Daily) method.  

6.4.1 Errors on Event & Holidays 

We have shown that even though OLS methods use external factors to forecast demand to and the 

time series forecasting methods do not, the overall forecast accuracy does not improve. We suspect 

that this is caused by the constant value in the OLS models. The way these OLS models work is such 

that when all the independent variables are zero the constant value becomes the forecast value. 

Since we included no scale or ordinal variables and in the majority of periods all included binary 

variables are zero we end up with a lot of days where the demand forecast is to the constant term in 

the model. To determine whether this is actually the case we made a distinction between the errors 

caused on days that the demand forecast included at least one binary parameter with value one 

against the days when the constant value was used.  

Table 6-11: Forecast errors on significant event-holidays and on non-significant event-holidays 

Average across 13 
Calibration Stores 

Major Events & 
Summer Holiday 

MSE MAE MAPE SMAPE MASE 

OLS(Daily) Event-holidays 564 5,23 0,69 0,34 0,075 

  Non-event-holidays 5712 51,26 9,48 4,58 0,818 

OLS(agg2) Event-holidays 1056 7,03 0,92 0,45 0,100 

  Non-event-holidays 6083 52,41 9,87 4,88 0,856 

OLS(agg5) Event-holidays 1386 9,18 1,28 0,62 0,132 

  Non-event-holidays 5602 50,01 9,46 4,69 0,820 

The majority of the forecast error for all three OLS methods is caused on the days when none of the 

events or holidays are present, see table 6-11. For these non-event-holidays the constant value is the 

forecasted value and that seems to be a rather unsuited predictor. So we need another predictor for 

the non-event-holidays to further improve the forecast accuracy. Because the forecast accuracy on 
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event and holidays does improve a lot as we already showed with the comparison between MM and 

OLS. 

The direct forecasting methods discussed earlier do not use any event or holiday data to forecast the 

demand. These direct methods assume a level demand so in essence they forecast the demand for 

the non-event-holidays which usually only fluctuate to a small degree. For the event-holidays on the 

other hand we determined with OLS that they deviate significantly from the level demand pattern. 

These large deviations from the level demand is what causes the majority of the errors for the time 

series forecasting methods. Therefore we decided to analyze if the forecasting algorithm can be 

further improved by combining a direct forecasting method with an OLS method, where the direct 

forecasting method is used to forecast the non-event-holidays and OLS adjustments are made to 

improve the forecast on event-holidays. 

6.5 Hybrid Model Results 
From the previous chapter we know that only including external factors in a causal forecasting model 

does not grant a better forecast accuracy than some of the best performing time series forecasting 

methods. Both these methods have their strengths and weaknesses for forecasting certain days. We 

suspect that combining the two methods will eliminate a number of those weaknesses while 

retaining the strengths of each approach. So in this chapter we present two ways in which these two 

methods can be combined into one hybrid method. We present the hybrid additive model followed 

by the hybrid multiplicative model. But before we do this we first explain an adaptation to the time 

series forecasting methods to make them better suited for the hybrid models.  

6.5.1 Alternative Time Series Forecasting Method 

In the hybrid models we use the coefficients from OLS to forecast event-holidays and the direct 

forecasting method to forecast the non-event-holidays. Because OLS uses coefficient values for 

predetermined event-holidays of the year so we always know that the adjustments always take place 

on event-holidays. The original direct forecasting methods however make no distinctions between 

event-holidays and the days that are not event-holidays. All forecasts are based upon the values in 

the review period. If we combine OLS with the original time series forecasting methods the 

expectations are that we gain a double adjustment during periods like the summer holiday. The first 

adjustment will come from the OLS adjustments, this is what we aim for as we hope to correct for 

event-holidays with deviating demand. Only the second adjustment which comes from the direct 

forecasting method is unwanted. It is unwanted because with direct methods a period of elevated 

demand raises the forecast after it has happened. So peak demand at an event-holiday is leveled out 

in the following periods likely creating a bigger forecast error. 

To eliminate this unwanted combined effect we need to modify the original time series forecasting 

approach to only make forecasts for non-event-holidays. The original time series forecasting 

methods use all days in their review period excluding only the cases that were either zero or an 

outlier. In the alternative direct methods this remains the same. Where the original method made no 

distinction between event-holidays or not the new alternative method does. For the alternative 

methods, on event-holidays were an adjustment is made by one of the OLS parameter do we use the 

forecast of the previous period as the forecast for the upcoming period. This way the alternative 

direct forecasting methods only forecast the level demand throughout the year. That means that the 

adjustments made by the OLS parameters are always performed on a level demand forecasts.  
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An added benefit from keeping the direct forecasts level during event-holidays is that after these 

special event-holidays periods have occurred the forecasts do not have to adjust to the original 

demand level anymore. In the original time series forecasting techniques the forecasts would be too 

high after summer because the demand during summer is included in the review period of the direct 

method. In the new alternative approach all sales quantities obtained during summer holidays and 

event days are excluded in the direct forecast calculation. 

                                                                   

                     ∑       
 
         Formula 3 

6.5.2 Additional OLS method 

Besides the two OLS methods from the previous chapter we add a new more general OLS(10%) 

method suited only to be used in multiplicative models. This new OLS(10%) method has the same 

two variables as OLS(agg2) which are major-events and summer holiday. But instead of the 

coefficient values of both variables being determined by the regression results we simply set them at 

a fixed level of 10%. This means that for the multiplicative OLS(10%) models both the variables in all 

models have value 0,1. We want to test this additional hybrid model to see if an fixed increase also 

improves the forecast accuracy. The reason only the 10% increase is included is because we tested it 

though a trial-and-error procedure with values 5%, 10%, 15% and 20%. From those options the 10% 

increase gave the best results in terms of forecast accuracy. 

6.5.3 Hybrid Additive & Combined Multiplicative Model 

The hybrid additive model is an expansion upon the OLS models which were discussed in the 

previous chapter. The difference between the OLS models and the combined additive models used 

here is that the constant value in the OLS method is now replaced by a forecast from one of the 

direct forecasting techniques. The coefficient values for the independent variables remain the same 

as they were in the ‘regular’ OLS analysis. In the additive model these coefficient value are absolute 

corrections upon the demand forecast. These hybrid models can also be viewed as an expansion 

upon the existing indices models. See appendix 6K for the mathematical equation.  

In the hybrid additive model we add or subtract an absolute demand correction upon the time series 

forecast value. In the multiplicative model we also adjust upon the direct forecasting value only now 

through a percentage change or indices. The percentage of change is calculated by dividing the 

coefficient value with the constant value. Both the coefficient values as the total sales values used in 

this approach were obtained during the ‘regular’ OLS analysis. These models are also depicted in 

appendix 6L. Note that in the multiplicative model multiple indices can be combined to gain an 

additional interaction effect. Although this is possible it is not present in the current models as none 

of the included variables overlap in any of the models. 

6.5.4 Results Hybrid Forecasting Techniques 

We tested the two best performing direct methods which are the exponential smoothing methods 

with alpha values of 0,33 and 0,2857. For the OLS values we choose two settings from the three we 

tested in the previous chapter and add the OLS(10%) method. OLS(Daily) was selected for its good 

performance where OLS(agg2) was selected for its simplicity. Furthermore, as we explained in this 

chapter we test the alternative forecasting methods as well as additive and multiplicative model 

combinations. The combined forecasting results are presented in table 6-12. 
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Table 6-12: Forecast error of hybrid additive and multiplicative models 

Average across 13 
calibration stores  

 Combined Forecasting Methods MSE MAE MAPE SMAPE MASE 

Uncombined 

Exponential Smoothing (α = 2/6 = 0,3333) 6670 53,86 9,48 4,60 0,865 

Exponential Smoothing (α = 2/7 = 0,2857) 6713 54,06 9,52 4,62 0,867 

Alt ES-0,33 7235 55,54 9,65 4,69 0,864 

Alt ES-0,2857 7257 55,57 9,66 4,69 0,864 

OLS(Daily) 

Additive 

OLS(Daily) + ES-0,33 6253 54,29 9,65 4,66 0,850 

OLS(Daily) + ES-0,2857 6149 53,90 9,61 4,64 0,845 

OLS(Daily) + Alt ES-0,33 5790 52,18 9,37 4,53 0,821 

OLS(Daily) + Alt ES-0,2857 5731 51,92 9,34 4,51 0,818 

Multiplicative 

OLS(Daily) + ES-0,33 6539 55,13 9,78 4,70 0,861 

OLS(Daily) + ES-0,2857 6411 54,72 9,74 4,68 0,855 

OLS(Daily) + Alt ES-0,33 5904 52,69 9,45 4,56 0,828 

OLS(Daily) + Alt ES-0,2857 5829 52,40 9,41 4,54 0,823 

OLS(agg2) 

Additive 

OLS(agg2) + ES-0,33 10765 63,37 10,90 5,15 0,972 

OLS(agg2) + ES-0,2857 10916 63,66 10,95 5,17 0,975 

OLS(agg2) + Alt ES-0,33 11091 64,09 11,03 5,19 0,982 

OLS(agg2) + Alt ES-0,2857 11248 64,41 11,09 5,21 0,986 

Multiplicative 

OLS(agg2) + Alt ES-0,33 11784 64,56 10,98 5,19 0,987 

OLS(agg2) + Alt ES-0,2857 11890 64,67 11,00 5,19 0,989 

OLS(agg2) + ES-0,33 12077 65,26 11,09 5,23 0,997 

OLS(agg2) + ES-0,2857 12207 65,41 11,13 5,24 0,999 

OLS(10%) Multiplicative 

OLS(10%) + ES-0,33 7295 56,59 9,98 4,77 0,885 

OLS(10%) + ES-0,2857 7415 56,93 10,03 4,79 0,890 

OLS(10%) + Alt ES-0,33 8445 58,51 10,13 4,83 0,910 

OLS(10%) + Alt ES-0,2857 8513 58,63 10,16 4,84 0,912 

In the first four rows are the results from the original exponential smoothing approach and the 

alternative approach. The alternative exponential smoothing approach has larger error scores than 

the original approach on all 5 error measures. This indicates that the original ES method is preferred. 

Although this was not the expected result we might be able to provide an explanation. The much 

occurring deviation during event-holidays increases demand forecast for the periods after the events 

or holidays. Only sometimes the following period is also an event-holiday like the six week summer 

holiday. Then the correction from the first event-holiday in a row of event-holidays improves the 

forecast of the upcoming periods.   

Next, we see a large deterioration in the forecast accuracy when OLS(agg2) coefficient values are 

used to adjust the forecast for event-holidays. This is in contrast to the results when OLS(Daily) 

values are used. There we see a small improvement upon the forecast accuracy in comparison to the 

uncombined methods. At first we expected to gain improvements when using a hybrid algorithm but 

soon we found out what the main problem is with the combined models. The adjustments made with 

the OLS values both in the additive as in the multiplicative models, cause for an overshoot of the 

demand forecast. When we examine the results achieved by the OLS(10%) methods we see that 

these might not be as good as the regular exponential smoothing approach let alone the OLS(Daily) 
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results. Nonetheless the OLS(10%) method used the same variables as OLS(agg2) but performs way 

better. With this finding we show that adding a fixed 10% to summer holidays and major events is an 

improvement upon the aggregate values used that were used for the OLS(agg2) method. 

The best performing forecasting algorithm that we have tested is the alternative exponential 

smoothing approach with alpha 0,2857 including absolute adjustments based on the coefficients 

values from the OLS(Daily) model. 

6.6 Concluding Forecasting Results 
In this chapter we have tested a number of different forecasting algorithms. We started out with a 

number of direct forecasting methods. The best performing direct methods are exponential 

smoothing methods with relatively high alpha values. Then we looked at OLS forecasting techniques 

that adjust for the peak demand periods. These OLS methods had small errors for the event-holidays 

and a large portion on the non-event-holidays. So finally we combined the two techniques to 

forecast the non-event-holidays with the direct method and adjust the demand forecast for event-

holidays based upon values obtained from OLS. We obtained a number of these hybrid forecasting 

algorithms that outperformed all other forecasting algorithms.  

To conclude, the best performing time series algorithm is the original exponential smoothing 

approach with an alpha value of 0,33. An even better performing forecasting algorithm is the 

alternative exponential smoothing approach (α = 0,2857) combined with the OLS(Daily) adjustments 

for event-holidays. But the improvement in terms of MAPE percentages is only 0,14%. Given that for 

the OLS(Daily) method we used the regression results from each individual store it needs to be 

validated whether it is beneficial to use that particular hybrid method. Especially since performing a 

regression analysis for all individual stores requires time and resources and the benefit is small. An 

alternative is to use the OLS(10%) method because opposed to OLS(Daily) is quite simplistic as it is 

uniform across all stores. And since the value of 10% is obtained through a trial-and-error it might 

well be possible to find an even better value to gain even more accurate forecasts.  

6.7 Validation 
Validation is needed to confirm that the results found during the calibration phase hold for an 

extended dataset. This can either be a part of the same time series not used during the calibration or 

the validation can be performed upon other similar time series. Since we obtained two years of data 

for 17 stores and used both years of data from 13 stores during the calibration phase we need to 

perform the validation upon the datasets of four remaining stores. In the second part of the 

validation we determine if there is bias between the forecasted and the actual demand observations 

quantity. We close this section with a test of normality on the forecast errors. 

We choose to validate three methods for the following reasons. We start out by validating  the 

WMA-6* method because it is the forecasting method most closely related to the current forecasting 

technique. The ES-0,33 method because it is the best performing direct method. Besides, it is easy to 

interpret and easy to implement. And finally the OLS(10%) + ES-0,33 method, since the OLS(10%) is 

the only OLS method with fixed coefficient values for all stores. The other presented OLS methods 

require us to perform a linear regression upon each individual store in order to obtain the coefficient 

values. Given the limited time-span of our time series calibration can only be performed on the same 

part of the time series as the validation and that would cause over-fitting. 
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The only distinction we make in regard to the dependent variable is between chain A and stores from 

other chains. The difference is that forecasts of chain A stores are made upon the non-promotional 

sales instead of total sales. In the tables all A-stores will be marked with an asterisk to represent this. 

The remaining stores use the total sales to forecast future demands.  

6.7.1 Validation Forecasting Methods 

The validation results in appendix 6L show that for both the ES method as the WMA method the 

average MAPE and SMAPE scores are almost the same. The average scores on all error measures are 

slightly better for the validation stores than for the calibration stores. From this we can conclude that 

the proposed ES model and WMA model are valid. If we look the different chains within the 

validation dataset we see a similar pattern as before. B-stores have the lowest MAPE scores because 

of the relative stable demand pattern. Followed by A-stores where the non-promotional demand is 

used and finally C-stores with the highest MAPE and SMAPE scores. 

The validation results from the OLS(10%) + ES-0,33 method are also relatively close to the calibration 

results, see appendix 6L. Therefore we are able to state that this specific model is valid. The 

validation results of the ES-0,33 were better than the calibration results. For the OLS(10%) + ES-0,33 

method we detect a deterioration in the MAPE, SMAPE and MASE values which indicates that the 

validation stores react less favorable upon the OLS(10%) + ES-0,33 algorithm than the 13 calibration 

stores do. Still we conclude that the ES method as well as the OLS(10%) + ES-0,33 method are valid 

method across all included stores and for all included chains.  

6.7.2 Bias in Forecast  

In this section we determine whether the forecasts are biased in respect to the actual demands. We 

calculate the bias by dividing the Mean Error (ME) by the average daily demand, for the formula see 

appendix 6M. The results per store for all three validated methods are also in appendix 6M. The 

average bias for the WMA-6* method across all 17 stores is slightly negative because most stores 

have negative ME values. This indicates that the forecasted quantities under WMA-6* are on average 

a little bit lower that the actual sales, see table 6-13. The forecast bias of the ES-0,33 method is 

positive for all stores but two stores. But for both the WMA-6* and the ES-0,33 method the average 

bias is small. The average bias for both these methods is well below 1 percent with scores of -0,11% 

and 0,40%. The OLS(10%) has an average positive forecast bias of 1,82% which means that the 

forecasts were on average larger than the demand.  This is not to our surprise as the direct methods 

assume a level demand, henceforth the relative low ME values of the ES-0,33 and WMA-6* method, 

while the OLS(10%) + ES-0,33 method increases the time series demand forecast with 10% on major 

events and holidays.  

Table 6-13: Bias between the forecasting methods and the actual demand 

All 17 Stores WMA-6* EXP-0,33 OLS(10%) + ES-0,33 

Minimum -1,74% -0,51% 0,99% 

Maximum 0,94% 1,20% 2,59% 

Average -0,11% 0,40% 1,82% 
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Normality of forecast errors 

The final validation test is a test of normality on the forecast error. We performed the test for the 

three selected validation methods but only for the WMA-6* method do we display the frequency 

plots per store in appendix 6N.  

The forecast errors of all stores seem to be normally distributed although there are a few outliers in 

the majority of stores. For some stores the outliers are negative while for other store they are 

positive. Only store A1 seems to have a large number of positive outliers. The demand forecasts in 

these cases were substantially lower than the actual demand. 

Only for the OLS method do we detect a bias of overestimating the demand. This is in-line with the 

results of the previous section were we already determined that the bias in the forecasts errors of 

the WMA-6* and ES-0,33 models can be neglected meaning that the mean error lies close to zero. 

The hybrid OLS(10%) method has a slightly positive bias. This result means that the mean forecast 

error lies just below zero which indicates that the actual demand is lower than the forecasted 

demand. An analysis of the normality plots confirms this theory. 

6.7.3 Concluding Validation 

The three forecasting models that were analyzed in this chapter, the WMA-6*, the ES-0,33 and the 

OLS(10%) + ES-0,33 all proved to be valid. Furthermore we determined that there is a bias between 

the forecasts and the actual demand. For both the direct methods the bias appeared to be rather 

small. The bias of the OLS(10%) + ES-0,33 method was positive and relatively large compared to the 

other methods. This is due to the forecast increases on major event and summer holidays. And finally 

we can conclude that the forecast errors of all three validated methods are normally distributed. 

Only the forecasts for store A1 seem to deviate from normality due to a large number of positive 

outliers. This deviating for store A1 is present in all three forecasting techniques. 

6.8 Retail Ordering Results 

6.8.1 Deviation between Forecasts and Orders 

Demand forecasting is all about achieving the best forecasting accuracy because that is the model 

which is closest to the actual demand values. But ordering is more than the forecast alone. Retailers 

are free to adjust upon the forecasted order size and composition. They will increase upon a forecast 

to gain a sort of safety stock and ensure that enough products are available even if demand is higher 

than forecasted. Although highly uncommon, retailers can order less than the expected demand 

forecast to decrease waste. A cause for this kind of behavior may indicate a too high demand 

forecast. 

These adjustments are the deviation between the quantities ordered by retailers and the forecast 

quantities. In order to determine in what way the retailers deviate from the forecast we check the 

Mean Deviation between Forecasted and Ordered quantity (MDFO). The MDFO is the average 

amount of products per day which was ordered more or less then the forecasted quantity. We scaled 

the forecast deviation by dividing it though the mean daily ordered quantity. The average 

percentages with which the forecasting methods deviate from the ordered amount are displayed in 

appendix 6O. 
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The deviation scores are all negative for the WMA-6* method and all but two stores for the ES-0,33 

and OLS(10%)+ES0,33 method. This indicates that there is a tendency to order more than the 

forecasted amount. This seems rather logical because if the forecasted demand would be ordered 

each day then around half the days there wouldn’t be enough products present to satisfy demand. 

This effect is caused by the unexplained variation in demand. Retailers counter the unknown 

fluctuations in demand by ordering additional products as a sort of safety stock. 

The second reason why retailers need to order above the total sales forecast is because of the 

substitution behavior of customers. We assumed 100% substitution within the assortment, but in 

reality this is not a complete 100%. Not all bread types are perceived as substitute products by 

customers. Substitution between the most commonly found bread types, like the regular white and 

brown breads, is close to 100%. But the substitution from a common bread type to a very special 

bread type, like pumpkin bread, is probably a lot less. So for retailers it means that additional 

products must be ordered in different categories because not all products are substitute products in 

the customers’ eyes.  

6.8.2 Ordering Adaptation after Stock-outs  

The current forecasting method of Bakkersland also uses an ‘increase after stock-out percentage’ to 

raise the forecasting value if an OOS occurred for a SKU in the previous period. The reason this 

mechanism is used by Bakkersland is because the recorded data is sales data and not demand data. 

An OOS for an SKU means that the demand is censored. So to counter the censored demand the 

upcoming forecast is raised. An added benefit is that even the forecasts for slow-movers never 

reaches zero because it is always raised before that happens. For the specifics on the increase after 

stock-out percentage see section 2.1. Although this method is used by Bakkersland to increase the 

forecasts the effects on the ordering performance is unknown. Therefore we examined whether it is 

useful and valid to create an ordering algorithm that incorporates this additional piece of 

information.  

To determine if the obtained OOS data is reliable we computed the number of days when at least for 

one SKU’s in the assortment an OOS time was recorded, see appendix 6O. It is to be expected that 

within a store at least one SKU goes OOS during each day, especially with so many bread types in 

such small quantities. We would expect for a store that keeps a consistent record has at least one 

SKU stock out per day so the percentage we expect is 100% or at least very close to a 100%. The 

results show us that only one out of the 17 stores reaches a score above 90%. These results give us 

doubts about the consistency with which the OOS times have been recorded. We could assume that 

stores with a score 70% or higher have sufficient OOS records to say they have kept there OOS 

consistently. However this would be a very crude assumption because it is more likely that the OOS 

time records are incomplete. So therefore no forecasts are made where the raise percentages are 

incorporated.  

6.8.3 Actual Waste Levels 

In the ideal situation there would be knowledge about demand and not sales, making it possible to 

determine what the service level as well as waste levels would have been. However in our case we 

assumed that sales are equal to demand. Therefore all demand is met which would make the 

achieved service level 100%. So we can only evaluate the waste levels to determine the performance 

of the ordering behavior of retailers. The average waste percentage is calculated by dividing the sum 
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of the waste through the total sum of all orders. The average waste percentages are displayed in 

table 6-14.  

Table 6-14: Waste and modified waste percentages 

 Store ID Recorded Waste % % of Days Waste 
recorded 

Modified Waste % 

A1* 8,4% 85,4% 9,8% 

A2* 2,1% 60,0% 3,5% 

A3* 3,5% 75,7% 4,7% 

A4* 3,0% 62,8% 4,8% 

B1 4,7% 82,2% 5,7% 

B2 4,1% 73,6% 5,5% 

B3 7,0% 90,6% 7,8% 

B4 4,0% 78,7% 5,1% 

B5 3,5% 82,0% 4,3% 

C1 4,4% 61,0% 7,2% 

C2 2,3% 33,3% 6,9% 

C3 0,1% 1,9% 7,3% 

C4 2,6% 65,3% 4,0% 

C5 3,6% 73,3% 4,8% 

C6 4,7% 68,5% 6,9% 

C7 1,9% 52,7% 3,6% 

C8 3,8% 47,7% 7,9% 

Next we evaluate the number of days that waste was recorded. All the days that had at least one 

product of waste at the end of the day are days with a waste record. As with the OOS times we see 

that the percentages of days with waste records are lower than we expected beforehand. For waste 

the expected percentage of days that it is recorded is not necessarily 100%. Because that would 

mean that every day the order quantity was large enough to cover all demand. But a high percentage 

is more likely because the current bread assortment is so diverse that certain less commonly desired 

bread types remain at the end of the day. The percentage of days with waste for each store is 

displayed in the second column of table 6-14. 

Stores with 80% and 90% days of waste seem reasonable scores. It means that around 10%-20% of 

the days the assortment completely sold out and that could happen in reality. But the stores with 

percentages under 70% and especially under 50% are likely caused by inconsistencies in the records. 

The most obvious example is store C3 with waste records on 1,9% of the days. This would mean that 

on 98,1% of the days there were no products remaining at the end of the day. So we can assume 

with a fairly high certainty that waste is only recorded sporadically at this store. 

Now that we are aware of the inconsistency of the waste records we present a modified waste 

percentage, see table 6-14. The average waste percentage is divided by the percentage of days on 

which waste was not 0%. We assume that the modified waste percentage values we computed are 

likely closer to the waste percentages in reality and will be used to evaluate the current waste levels.  

The predetermined maximum waste levels of most stores ranges between the 4%-8%. From the 17 

stores there seem to be one store across all chains with modified waste levels above 8%. From the 
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remaining stores there are two stores with relative low modified waste levels of just under 4% the 

rest is in-between. The waste levels are varying so much for stores of a similar chain store that no 

clear connection can be found between the chain stores and certain maximum waste levels. 

6.8.3 Relation between Orders and Waste 

In this section we test if a relationship exists between the ordered amount and the number of 

remaining products. Because we use a different aggregation level we are not able to reconstruct the 

original forecasted quantity making it impossible to evaluate what the current performance of the 

retailers is. But we are able to determine with what amount the retailers deviated from the 

forecasting techniques. We will use a percentage which indicates how much the ordered quantity 

deviates from the forecasted quantity.  The obtained values are plotted out against the amount of 

remaining products at the end of the same period. This figure is also presented as a percentage of 

the forecasted quantity.  

The resulting plots will display whether the increase made by a retailer resulted in additional waste 

or whether the adjustment was justified because the demand did turn out differently than the 

forecasted demand quantity.  We decided to only test the relationship between orders and sales 

upon the WMA-6* forecasting techniques. The reason for this is the marginal differences in the 

forecasting techniques. Both the order and waste percentage would hardly change under one of the 

other validated forecasting techniques. The plots for all 17 stores are presented in appendix 6Q. 

We created the scatterplots in the hope to find a relationship between the amount that was ordered 

above the forecast and the amount of waste. If a clear relationship is present we should see a 

pattern such as is depicted in figure 6-3. In figure 6-3 we see that with an increase in the amount 

ordered there is approximately an equal amount of additional waste. However, none of the 17 

scatterplots shows any signs of such an obvious relationship. All plots show both negative and 

positive order deviation in regard to the forecast. This means that retailers next to ordering above 

the forecasted quantity also sometimes order under the proposed forecast quantity. And when the 

ordered quantity is below the forecasted quantity we would expect a waste percentage of zero. 

Again this is not the case for any of the supermarkets. Orders which are smaller than the forecasted 

demand have waste percentage of 10-15% easily, all this is shown in appendix 6P. 

 
Figure 6-3: The expected relationship between % ordered and % waste 

We have already proven in section 6.8.1 that on average the ordered quantity is larger than the 

forecasted quantity. The scatter plots also confirm that finding since the majority of order deviations 
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are higher than 0%. But there are still a lot of deviations that are below the 0% line meaning the 

ordered quantity was lower than the forecast. If we check for outliers we see that there are plenty 

orders which are at least 50% higher than the demand forecast while there are no cases were the 

order quantity was less than 50% of the forecasted demand.  

For each store we also tested if leaving out the major events and summer holidays would make an 

obvious difference is the plots i.e. such that the relationship becomes clearer. The results however 

gave a similar picture as when all days were included. No clear relationship could be detected. Also 

most outliers in the plots remained.  

6.8.5 Concluding Ordering 

We conclude that the ordering behavior of retailers is irregular and hard to predict. Retailers seem to 

deviate positively as well as negatively from the forecasts although the positive deviations 

dominated the plots. Still this makes it very hard to determine how and when a forecast will be 

adjusted. On average though, the ordered quantity is larger than the forecasted demand. This has to 

do with the assumption that sales are equal to demand while the true demand is has an upper bound 

which is the order quantity.  

Furthermore, we tried to evaluate the effect of the order adaptation used by Bakkersland to increase 

the forecast values. However the OOS records that we obtained were inconsistent making it 

impossible to make a valid statement about the effect. So we had to skip the detailed analysis of the 

‘increase after stock-out percentage’. 

7. Implementation 
In this chapter we will discuss the implementation of the found results. In the first part we discuss 

how the proposed forecasting technique differs from the current technique. Next we discuss what 

options there are to implement this new algorithm in the current situation. The third and last part 

discusses what algorithm would be the best algorithm to implement based on the results found 

during research. 

Algorithm at assortment level 

This report dealt with the development of a forecasting algorithm at assortment level. The total 

demand of all bread in the assortment was used to predict future demand. This is different from the 

current algorithm that forecasts upon SKU-level. With a detailed or SKU-level forecast an exact 

quantity is forecasted for each individual SKU.  

Simply replacing the SKU-level forecast with the assortment level forecasting method is not practical 

because retailers will then only get a total demand forecast. The result is then that they must 

compose their whole assortment each time they order. So there has to be some sort of distribution 

key that divides the aggregate forecast among the available SKU’s. That way the aggregate forecast 

becomes practical again as it can than suggest exact quantities for the specific bread types. 

A proper distribution key takes into account the assortment composition. But assortment planning 

was out of scope for this research. This makes it impossible to create a highly sophisticated 

distribution key that takes into the specific assortments of the retailers. But we do know that there is 

already a detailed level forecasting algorithm in place that is largely dependent on the existing 
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assortments. If we make use of the current algorithm we might be able to create a distribution key 

that upholds the assortment composition of the retailers but adjusts the demand according to the 

aggregate forecast. 

Practical solutions to implement 

Option 1: Assortment Level Forecast as additional Stand-Alone Forecast 

In option 1 both methods will run individually and do not influence each other. The SKU-level 

forecast provides the figures for each of the SKU’s as it does in the current situation while the 

assortment forecast provides a general estimation which serves as guidance towards retailers 

regarding the expected demand on assortment level. A practical solution for implementing this 

additional piece of information into the current systems is by displaying the figure of the assortment 

forecast upon the ordering page of retailers. The main goal of displaying this information is that the 

total demand forecast becomes visible to retailers. Making retailers aware of what the forecasted 

total demand of upcoming period is makes it easier for retailer to adjust accordingly at SKU-level. In 

this option the actual adjustments at SKU-level will still have to be made by the retailers themselves.  

Option 2: Assortment Level Forecast integrated in SKU-level Forecast 

The second option is that the assortment level forecasts influences the forecasts made at SKU-level. 

This is done through the use of a distribution key.  With the distribution key the difference between 

the aggregate forecast and the sum of the SKU forecast is divided or subtracted from the selected 

products. An aggregate forecast that is greater than the sum of all SKU-forecasts results in an 

increase of the demand prediction at SKU-level while a smaller aggregate forecast results in a 

decrease at SKU-level. 

2a: Distribution key - Whole Assortment  

The first distribution key we suggest uses all available SKU’s in the assortment. The contribution of 

each SKU within the assortment is calculated based on the contribution to demand i.e. the sales of a 

specific SKU is divided by the total sales. The obtained demand contribution percentages are directly 

the distribution key values. So the difference between the aggregate and detailed forecast is divided 

based on these contribution percentages.  

2b: Distribution key - Only Fast-Movers  

The other option is to only include the fast-movers when adapting the forecasts at SKU-level. As with 

the other distribution key the contribution of each of the included SKU’s is calculated based on the 

demand contribution. But this time the contribution for the included SKU’s will be higher because 

only a part of the assortment is used.   

The reason to only include fast-movers in a distribution key is because demands for slow-movers are 

relatively hard to adjust. For example, the demand of a SKU with a contribution value of 1% will only 

increases by one item when the difference between the sum of forecasts at SKU-level and the 

aggregate forecast is 50 products or more. For fast-movers with a high contribution percentage this 

effect is eliminated. Also substitution is more likely to happen from a special bread type to a more 

common bread type than the way around.  Especially in assortments with relatively many slow-

movers we suggest the second approach. 
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Recommended Forecasting Algorithm 

Multiple forecasting methods have been analyzed during the course of this project. There were two 

methods that emerged as the dominant options. The first approach is a hybrid method with 

parameter values for each individual store. The algorithm is a combination of an alternative ES 

method with an alpha value of 0,2857 where certain adjustments are made according to values 

found for each individual store. The disadvantage of this method is that it requires information at 

individual store level and obtaining plus analyzing this type of information is quite time consuming. 

Furthermore, the forecasting algorithm is complex compared with a regular direct forecasting 

method like ES or WMA. Now combine that knowledge with the knowledge that the benefit upon the 

ES method is only marginal and there are enough reasons to suggest not implementing this best 

performing forecasting algorithm.  

The second option on the other hand is easy to implement and requires little additional information 

other than a few previous demand observations. The exponential smoothing approach is after the 

hybrid technique described above the most dominant forecasting technique. An added benefit and 

also a downside is that it makes no use of any external influences. The lack of needed information 

regarding the sudden demand changes though external influences is an advantage because that 

makes that the forecasting method can be directly implemented. On days where there are no special 

occurrences that influence demand the ES approach gives the most accurate forecasts. However the 

disadvantage is that the forecasting technique does not make any adjustments for days with a known 

increase in demand. This means that on the days where retailers expect a sudden change in demand 

the forecast does not change accordingly. Therefore retailers should still deviate from the forecasted 

quantity of the ES method on days when they suspect a sudden change in demand might happen. 

Our analysis has shown that the ES approach with an high alpha value ranging between 0,2857 and 

0,33 gives the best results across all stores. 

8. Conclusion 
The research assignment for this thesis was to analyze the demand of the bread assortment at 

retailers in order to improve the demand forecast towards those retailers. This chapter will contain a 

summarization of the main findings from the analysis performed in the previous chapters. Next we 

present a number of practical recommendations towards Bakkersland. This is followed by the 

research limitations. The final part contains a number of future research possibilities. 

8.1 General Conclusion 
Research Question 1 - What are the most significant predictors when forecasting the demand of 

daily fresh bread products? 

Demand at retailers is highly volatile and the pattern is unequal for most stores. However the 

intraweek pattern is one of the effects present at all tested stores. The effect is also the most 

influential effect found. For a small number of stores there was also an obvious seasonal pattern 

present. With a daily temperature parameter it is possible to forecast the seasonal pattern to a large 

degree. The other option is to use the summer and possibly the Christmas holiday to correct for the 

found seasonal pattern. 
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An analysis between a forecast performed on the total sales and on the non-promotional sales 

revealed that the relative forecast accuracy can be improved for certain stores. The analysis showed 

that stores of chain A experience less variation on their non-promotional sales making it possible to 

gain an improvement upon the forecast accuracy.  

We also examined 23 other variables and from these 23 variables only a handful predictors are 

significant in the majority of stores. The most dominant regressor and present in over 50% of all daily 

models is summer holiday. From the analysis we know that the events with the highest positive 

influence upon demand are Feast of the Ascension, Pentecost, Good Friday, Easter, Christmas. This is 

an increase in demand on the event day itself if the stores are open on the specific day in question 

and an increase in demand one sometimes two days leading up to the event day. All other 17 

variables proved to be unsuited regressors at this point in time. 

Research Question 2 - How well does the current forecasting method perform and is it possible to 

improve the forecasting accuracy by deploying another forecasting method? 

An initial goal of this project was to examine and possibly improve the current forecasting algorithm 

which is performed at SKU-level. It was decided that a better and more accurate forecast could be 

obtained by examining the demand at an aggregated level because of four reasons. The four reasons 

for choosing assortment over SKU-level forecasts are stated below 

 Substitution within the assortment 

 Smaller likelihood of stock-outs 

 Combining demand streams decreases relative variation 

 Retailers are more focused on the assortment as a whole than on each individual SKU  

The initial method we tested, the WMA-6* method, is quite similar to the current method only in this 

research an assortment level forecast is made. WMA-6* is a time series forecasting method, also 

referred to as direct forecasting method. These time series techniques make no use of external 

factors. All it needs as input are a number of recent observations. The results of the WMA-6* method 

are quite good. But after a comparison with other direct forecasting methods we discovered that not 

the WMA-6* method but the ES-0,33 method grants the smallest forecasting errors of all the time 

series forecasting methods.  

Next we tested the OLS methods. No improvements in forecasting accuracy were achieved with the 

causal techniques even though, in contrary to the direct methods, these techniques make use of the 

external factors to predict variation in demand. The reason for this has to do with the constant term 

in the OLS models. The constant forecast value is used on all days when no significant factors are 

present. The deviation on those regular days causes the majority of the forecast error in these 

methods. 

A solution we used to improve the forecasting accuracy even further is combining a direct forecasting 

method for non-event days with a causal method for event days. The results however proved to be 

less satisfying than expected beforehand. Certain combinations of direct and statistical models do 

seem to improve the forecast accuracy marginally where other settings of the hybrid methods make 

the forecast accuracy deteriorate substantially. The best performing hybrid algorithm is the 

alternative exponential smoothing method with an alpha value of 0,2857 for the non-significant 
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event days with individual adjustments for each of the significant event and summer holidays. 

Although we do note that we were unable to validate this specific method. 

Research Question 3 - Can we improve the ordering procedure through deployment of another 

forecasting algorithm? 

To determine the answer of this research question we started out by examining the deviation 

between the demand forecast and the order quantities. The results showed that there is a positive 

bias between the forecast and order quantity for practically all stores. In other words the retailers 

order on average more than the forecasted demand because retailers want to be able to cope with 

the uncertainty in demand. However a more detailed analysis of the deviation between the demand 

forecasts and the ordered quantities showed that even though the majority of days had a positive 

deviation a substantial part of the orders also had a negative deviation. These results suggest that 

orders are definitely not always larger than the demand forecast.  

To conclude, no definitive statements can be made about the relationship between the demand 

forecast and the order quantity. We are only able to say that on average the orders are larger than 

the demand which is rather trivial given that we assumed demand is equal to sales. 

Research Question 4 – Do retailers uphold the maximum waste levels and is waste related to the 

ordered quantity? 

We have examined the waste levels for the individual supermarkets. From sources within 

Bakkersland we know that the absolute maximum waste level for retailers is 8%. From the 17 

included stores only one store had a modified waste level above 8%. However we do have to note 

that the validity of the waste levels is somewhat dubious because many stores have only recorded 

waste sporadically. 

We also analyzed the deviation between the forecast and the ordered quantity in respect to the 

waste levels. No linear trend between the amount ordered and the amount of waste could be found. 

Even if we only examine the level demand i.e. only the demand on the days when it is not a major 

event or summer holiday, a relation between waste and orders could still not be found. 

7.2 Recommendations 
Expand current SKU-level forecast with assortment level forecast 

The current algorithm provides retailers with specific forecasts at SKU-level. The advantage is that for 

each SKU separately a quantity is calculated. A disadvantage is the lack of correlation between the 

forecasts. Increases in the order quantity for a certain SKU, for example through promotion, does not 

decease the forecasted quantities of other SKU’s. At assortment level however these effects are 

countered because the total sales are reviewed. Another practical benefit of having an assortment 

level forecast is that retailers evaluate the results of bread at assortment level and less at SKU-level. 

This is because added profitability for a certain SKU does not automatically mean added profitability 

for the entire assortment. So an assortment level forecast with proven results could provide a 

valuable addition for retailers. 

Forecast based on non-promotional sales  

The current forecasting method performed at SKU level uses only non-promotional sales values to 

forecast future demand. At the aggregate total sales level which is evaluated in this paper it has been 
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shown that using only the non-promotional sales provides better forecasting accuracy results for 

stores of only one specific store chain, chain A. But whether these results can be generalized for all A-

stores is hard to determine given that just four stores of chain A were included.  

Time series forecasting models work good for non-event-holidays. 

The time series forecasting models, both the current WMA-6* and the ES-0,33, give good results in 

terms of forecast accuracy. On days when no events or holidays are present do the direct methods 

perform well with only small errors. But mainly on and just before event days when the demand 

suddenly rises do the direct methods deviate to a larger degree. Therefore we recommend using a 

direct forecast method for the non-events only.  

Varying effect of event-holidays  

It has been determined during this report that summer holiday and certain event days have a 

significant effect in the majority of store models. The influences however can vary greatly between 

stores making it hard to create a single model that is beneficial to the forecast demand for each 

store. We have showed but not validated that the hybrid forecasting models where the adjustments 

are based upon individual adjustment scores per store provide the highest accuracy. Only the 

downside of forecasting models with specific coefficients values for each store is that it requires 

information on an individual store level. 

Start project with sufficient/excess supply to determine true demand 

In this project the sales were assumed to be the demand while in reality demand was bounded by 

the ordered quantity and distorted through effects such as substitution. To determine the real 

demand at the bread assortment an experiment should be conducted. In this experiment the 

ordered quantity should always surpass the demand, preferably at SKU level. That way the sales 

actually become the uncensored or core demand.  A downside is that such experiments will create a 

substantial amount additional waste and therefore additional cost. The advantage is that there are 

no more lost sales and no unobservable demand. The obtained information gives about the true 

demand which can be used in future demand forecasting models. 

7.4 Limitations 
Total sales is composed of equal SKU’s and with 100% substitution 

We assumed that all bread types are equal and that within the assortment 100% substitution took 

place. In real-life consumers have individual preferences for certain bread types and are not always 

willing to substitute. So the assumption that we made stating there is 100% substitution within the 

assortment is not true. Also the SKU differ from each other in composition as well as in profitability.  

Low number of included stores 

An obvious limitation to the research performed during this project is the low number of included 

stores. A study with an extended sample size grants results that are more likely to hold for the entire 

population. However due to reasons such as missing waste data in the datasets were we able to only 

include 17 stores. 

Limited time-span 

A second limitation is the relative short time-span of the time series. With a longer time-span of data 

there are more calibration points to perform an analysis on. Especially for the included events for 

which there is only one occurrence a year it becomes a large factor to have a longer time-span. The 
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chance of finding an effect with two data points is a lot smaller then when there are for example five 

data points. Also the chance of finding smaller effects increases when more calibration points are 

used.  

Assumed current forecasting technique 

For practical purposes we assumed that the current forecasting technique is the WMA-6* method at 

assortment level. In reality the forecasting method is the WMA-6* method only then at SKU-level 

and with adjustments for previous OOS moment and the exclusion of promotional sales periods. The 

adjustments for OOS and promotion are never made on assortment level because of incomplete 

records. The difference between the forecasting techniques might provide a whole different view 

upon what the created forecasts were and how retailers deviated from the forecasts. 

Censored demand 

The assumption was made that sales are equal to demand. In reality the sales are a form of censored 

demand because the sales are limited by the amount of stocked products. The true demand is 

unknown due to the stock-outs and substitution. 

7.5 Future research 
Individual store demand adjustments 

The best possible forecasting results were obtained through an algorithm with demand adjustments 

at individual store level. However due to the limited time-span of the data they could not be 

validated.  

We suggest two possibilities to discover what the ideal individual adjustment quantities are per 

store. Either a regression analysis has to be performed for each individual store to determine what 

coefficient values should be in the forecast model. Option two is getting the input from retailers. 

Retailers have experience and a better understanding of the influence of certain events and holidays 

at their supermarket. They may be able to provide insights in the ordering adjustments they made in 

the past. With such information Bakkersland is able to adjust the parameter values and create 

forecasting models individually optimized for each store. 

Optimization of independent variables 

In this research we have proven that a number of events and the summer holiday significantly 

influence the demand. We composed a whole range of forecasting models in which we used these 

variables and aggregated forms of these variables. The results of the models showed us that forecast 

accuracy improves when under certain model settings the right coefficient values are selected. In 

most of the forecasting models we analyzed a whole range of settings, like the different alpha values 

for the exponential smoothing methods, however due to the large number of different settings that 

can be chosen for the hybrid models were we not able to analyze all the model combinations. 

Another combination of a direct forecasting model and an OLS model may provide even more 

accurate forecasts. Also an optimization of the coefficient values might prove beneficial.  

Effect of a zero sales day on the demand of the surrounding days 

All forecasting models presented in this paper are based upon daily demand. Because there is a 

significant intra-weekly pattern demand forecasts are only based upon the demand of the same 

weekday making that there are six separate forecasting models per store. These six models are 

totally independent of each other. A change or deviation in demand on a Thursday does not affect 



60 
 

the demand forecast for a Friday. However in reality there is definitely some interaction between the 

weekdays. A day that the store was closed most likely positively influences the demand of the days 

before and after it occurred. In our research we did not take this effect into account but future 

research could examine what the effects of zero sales days are on the demand of the surrounding 

days. 

Expand research towards optimal set of factors that explain demand variation 

In this paper we examined in total 23 variables excluding the weekdays. These variables were 

selected based on literature and the experience of Bakkersland. But there are much more possible 

variables which might explain part of the variation in demand. Furthermore, for the event variables 

we made the assumption they influence the demand on the day itself and the two days before it. It 

could be argued that the period which an event day influences is one or even three days ahead of the 

event. The same could be said for the days that follow after an event occurred. Examining the ideal 

settings of the variables is a recommendation for future research. 

Besides the variables we included in the forecasting models we also performed an analysis on several 

other influences, like seasonality and promotion, which explained variation in demand. A variable 

that proved to be a good predictor for seasonality was temperature. But we did not include into our 

analysis due to its hypothesized correlations with the summer and Christmas holidays. Future 

research should uncover whether temperature truly forms a good predictor in forecasting models. 

Improved distribution key for aggregate forecast 

In order for the aggregate forecasts to be implemented in the forecasts at SKU-level a distribution 

key is needed. We have presented two rather simple and straightforward distribution keys during the 

implementation phase. Future research could be devoted to finding a distribution key which takes 

into account more aspects like for example substitution behavior and ideal assortment composition. 

Different implementation of the ‘increase after stock-out percentage’ 

The current method of Bakkersland uses an ‘increase after stock-out percentage’ in which the 

upcoming forecast is increased if the most recent observation was a stock-out. Future research could 

determine if another technique, slightly different from the current technique, grants better results. 

The other option would be to increase the sales value of the period in which the stock-out occurred. 

This way the increased value will have influence upon the upcoming six forecasts. The adaptation will 

be less severe for the period after the stock-out occurred. Also the adaptation would be more logical 

because the period in which the stock-out occurred had censored demand. This means that it could 

well have had more demand if enough products were available.  
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Abbreviations 
 

Alt ES:   Alternative Exponential Smoothing 

ES:   Exponential Smoothing 

KNMI:   Koninklijk Nederlands Meteorologisch Instituut 

MAE (MAD):  Mean Absolute Error (Mean Absolute Deviation) 

MAPE:   Mean Absolute Percentage Error 

MASE:   Mean Absolute Scaled Error 

MDFO:    Mean Deviation between Forecasted and Ordered quantity 

MM:   Methods of Moments 

MSE:   Mean Squared Error 

OLS:   Ordinary Least Squares 

OOS:   Out of Stock 

POS:   Point Of Sales 

SMA:   Simple Moving Average 

SMAPE:   Symmetric Mean Absolute Percentage Error 

WMA:   Weighted Moving Average 

WOE:    Web Order Entry  
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Appendix 4A: Basic Multiple Regression Formula 
The presented formula regression is the formula in its general form (Field, 2005). 

                                                                

The dependent variable, at moment i      

The constant (coefficient zero)       

n-coefficients with fixed values                      (   )   

n-parameters, with a certain value at moment i       

 

Appendix 4B: Included Variables 
These are the six weekdays only included in the initial regression model.  

Independent Variable Description Date Scale 

Weekdays  

Monday Dummy variable that indicates whether 
it is Monday (1) or not (0)   

- Binary 

Tuesday Dummy variable that indicates whether 
it is Tuesday (1) or not (0)   

- Binary 

Wednesday Dummy variable that indicates whether 
it is Wednesday (1) or not (0)   

- Binary 

Thursday Dummy variable that indicates whether 
it is Thursday (1) or not (0)   

- Binary 

Friday Dummy variable that indicates whether 
it is Friday (1) or not (0)   

- Binary 

Saturday Dummy variable that indicates whether 
it is Saturday (1) or not (0)   

- Binary 
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These are the national events that occur once a year. Most events last one day but some events have 

a span of two days. 

Independent Variable Description Date Scale 

National Events 

New Year Dummy variable that indicates whether 
it is New Year (1) or not (0) 

1 January Binary 

Valentine  Dummy variable that indicates whether 
it is Valentine (1) or not (0)   

14 February Binary 

Good Friday  Dummy variable that indicates whether 
it is Good Friday (1) or not (0)   

22 April (2011) 
6 April (2012) 

Binary 

Easter (both days) Dummy variable that indicates whether 
it is Easter (1) or not (0)   

24, 25 April (2011) 
8, 9 April (2012) 

Binary 

Queens Day Dummy variable that indicates whether 
it is Queens Day (1) or not (0)   

30 April Binary 

Liberation Day Dummy variable that indicates whether 
it is Liberation Day (1) or not (0)   

5 May Binary 

Mother’s Day Dummy variable that indicates whether 
it is Mother’s Day (1) or not (0)   

8 May (2011) 
13 May (2012) 

Binary 

Feast of the 
Ascension 

Dummy variable that indicates whether 
it is Feast of Ascension (1) or not (0)   

2 June (2011) 
17 May (2012) 

Binary 

Pentecost Dummy variable that indicates whether 
it is Pentecost (1) or not (0)   

12 June (2011) 
27 May (2012) 

Binary 

Father’s Day Dummy variable that indicates whether 
it is Father’s Day (1) or not (0)   

19 June (2011) 
17 June (2012) 

Binary 

Animal Day Dummy variable that indicates whether 
it is Animal Day (1) or not (0)   

4 October Binary 

St. Martin’s Day Dummy variable that indicates whether 
it is St. Martin’s Day (1) or not (0)   

11 November Binary 

Sinterklaas Dummy variable that indicates whether 
it is Sinterklaas (1) or not (0)   

5 December Binary 

Christmas (both days) Dummy variable that indicates whether 
it is Christmas (1) or not (0)   

25, 26 December Binary 

New Year’s Eve Dummy variable that indicates whether 
it is New Year’s Eve (1) or not (0)   

31 December Binary 

 

These are the three payment variables. Holiday bonus once a year, child tuition four times a year and 

social payments monthly so 12 times a year. 

Independent Variable Description Date Scale 

Payments 

Child Tuition Dummy variable that indicates the days 
Child Tuition is paid (1) or not (0)   

5 January, 5 April 
5 July, 5 October 

Binary 

Social Payments  Dummy variable that indicates the days 
Social Payments are paid (1) or not (0)   

20th – 25th of the 
month 

Binary 

Holiday Bonus  Dummy variable that indicates the days 
Holiday Bonus is paid (1) or not (0)   

 Binary 
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These are the holidays for both included years. The holiday dates are given per region within the 

Netherlands. 

Independent Variable Dates Scale 

School Holidays 

Spring Break North: 19 – 27 February (2011), 25 February – 4 March (2012) 
Mid: 19 – 27 February (2011), 18 – 26 February (2012) 
South: 19 – 27 February (2011), 18 – 26 February (2012) 

Binary 

May Break  All: 30 – 8 May (2011), 28 – 6 May (2012) Binary 
Summer Holiday  North: 23 July – 4 September (2011), 21 July – 2 September 

(2012) 
Mid: 2 July – 14 August (2011), 7 July – 19 August (2012) 
South: 9 July – 21 August (2011), 30 June – 12 August (2012) 

Binary 

Autumn Break North: 15 – 23 September (2011), 20 – 28 October (2012) 
Mid: 15 – 23 September (2011) , 13 -21 October (2012) 
South: 22 – 20 September (2011), 13 -21 October (2012) 

Binary 

Christmas Holiday All: 18 December – 2 January (2010), 24 December – 8 January 
(2011) 

Binary 

 

Appendix 4C: Excluded Variables 
These are the excluded weather variables. The reason they are excluded is due to lack of available 

data points. 

Independent Variable Description Scale 

Weather  

Maximum Temperature Variable indicating the maximum temperature 
of that day 

Scale 

Minimum Temperature Variable indicating the minimum temperature 
of that day 

Scale 

Weather Type 0, 1, 2, 3 Nominal 
Sediment Intensity  0, 1, 2, 3 Nominal 
Chance of Sediment Percentage indicating the chance on sediment 

on that day 
Scale 

Weather Grade A scale variable ranging from 1 to 10 indicating 
a subjective weather grade 

Scale 
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Appendix 4D: Daily & Weekly Regression Models 
The first model which is a weekly model includes 29 variables and a constant. The second models, 

the daily regression model, use 23 of the same 29 variables and also a constant term. Both models 

and their parameters are shown below. Keep in mind that we used stepwise regression, so only the 

significant variables were included in the models. 
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Weekly Regression Model 1 
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Appendix 4E: Explanation Direct Forecasting Methods 

Simple Moving Average 

According to Silver et al. (1998) the SMA approach is suitable for a level model. In a level model 

  represents the demand in period t consisting of a level parameter a and a random noise or error 

term   . 

        

With the SMA method we determine the order quantity based on the average sales quantity of the 

previous weeks. In the SMA approach no smoothing or other possible improvement methods like 

excluding the highest and lowest are applied. The only adaptation that is made to the SMA method is 

the exclusion of zero sales days. So this same approach with period length one (n = 1) uses the sales 

volume of the previous week as prediction for the upcoming week unless it is zero. In the case that 

the sales quantity of previous week is zero the most recent non-zero sales quantity is taken.  

The SMA approach with review period one is given by 

 ̅     

The estimate of a at the end of period t is also the estimate for the upcoming period. The formula is 

depicted below 

 ̂   ̅  

As we exclude zero sales days we have a small transformation upon the original SMA formula 

                    

For the SMA approach with a review period of more than one (n > 1)  we apply a slightly different 

approach to zero sales days. In these calculations we exclude all the zero sales day. Only in the 

extreme case that sales quantities are zero for the entire review period will we use the most recent 

average forecast made before the zero sales sequence.  

The SMA approach with review period N is given by 

 ̅    (                     )   

The estimate of a at the end of period t is 

 ̂   ̅    

For a moving average approach with review period N and exclusion of zero sales days Z we get the 

formula 

 ̅      (                     ) (   ) 
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Moving Average with High/Low Exclusion 

The moving average with high/low exclusion approach is the SMA approach only now the highest 

value and lowest value within the review period are excluded. Again we firstly exclude all zero sales 

days before we determine the highest and lowest value to exclude. The rest of the procedure is 

exactly the same as described before. From the remaining sales volumes an average is calculated. 

This average serves as the prediction for an upcoming weekday. 

The SMA approach with exclusion of the highest and lowest value is presented below 

 ̅     

(                )     (                )     (                )

(   )
 

The estimate of a at the end of period t is similar as before 

 ̂   ̅    

For the exclusion of the zero sales days in this method we have to introduce a new term named 

SMALL. SMALL is the smallest non-zero value in the sequence and Z the number of zero sales days. 

 ̅       

(                )     (                )       (                )

(     )
 

Weighted Moving Average 

The SMA and weighted moving average (WMA) are similar in all but one aspect. Instead of assigning 

a similar weight to each observation used to calculate the average, as we did with the SMA methods, 

each observation is assigned a specific weight in the WMA method. The most recently added 

observation is usually given the largest weight and each consecutive observation will have a smaller 

contribution for determining the moving average. For example in a linear decreasing contribution 

approach with review period length four (n=4) the most recent data point contributes 0,4, then 0,3, 

then 0,2 and the fourth and final record contributes 0,1. For each zero sales day the lowest 

contributing data point is dropped. The result of the remaining data points times their contribution 

values is then divided by the remaining total contribution value.  

Weighted Moving Average with High/Low Exclusion 

This method is a combination of the SMA with high/low exclusion and the WMA technique. Again we 

first exclude the zero sales days before we determine and dismiss the highest and lowest sales values 

in the review period. The remaining values are then sorted based on the date of occurrence. The 

most recent recording receives the highest weight and the oldest recording the lowest. As with the 

‘regular’ WMA technique each zero sales day replaces the lowest contributing data point. So we 

need perform the same procedure of dividing the data points times their contribution values with 

the total contribution value. In case there are no zero sales days in the review period the total 

contribution value will be 1. 
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Exponential Smoothing 

ES is yet another moving average approach in which the average of a subset is taken. Only in the case 

of ES no fixed period of observations is used. Instead the demand prediction for the upcoming period 

is dependent on the sales of this period and the prediction from the previous period. Both elements 

have a certain weight in the prediction which can be set by the factor  . This factor   has a range 

between 0 and 1. This smoothing constant represents the contribution of the most recent recording 

while (1 -  ) is the contribution of the previous demand prediction. 

 ̂      (   ) ̂    

Also for the ES we excluded the zero sales cases by  

                    

Silver et al. (1997) state that the most suitable values for the   factor are between 0,01 and 0,3. 

Values above 0,3 give a very high contribution to the most recent data point. So a change in demand 

has a high impact on the upcoming prediction. Trend models are usually more appropriate in these 

situations. On the other hand values below 0,01 give so little weight to the most recent observation 

that the model will react very slowly to changes in demand.  

The average age of the data in an N-period moving average approach is the first period and the last 

divided by two, so (N + 1)/2. There is the same relationship for the exponential smoothing approach 

with which we can determine the  . The alpha value corresponds with the number of observations N 

from the SMA and WMA methods in the following manner: 
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Appendix 4F: Forecast Error Measures 
                           

                                                 

                                             

 

Mean Squared Error (MSE) 
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Mean Absolute Error (MAE) 
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Mean Absolute Percentage Error (MAPE) 

     
 

 
∑(

|     |

  
)

 

   

      

Symmetric Mean Absolute Percentage Error  (SMAPE) 
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Mean Absolute Scaled Error (MASE) 

     
 

 
∑(

|     |

 
   

∑ |       |
 
   

)

 

   

 

 

  



76 
 

Appendix 5A: Selected Stores Information & Coding 
Store ID 
(Coding) 

Actual Store ID Store Location Region Number of Records 

Store Chain A '''''''''''' 

A1 ''''''''''''' ''''''''''''''''''' N 90.002 
A2 ''''''''''' ''''''''' S 66.743 
A3 '''''''''''' '''''''''''''''''''''''''' N 75.309 
A4 ''''''''''''' ''''''''''''''''''''' S 108.456 

Store Chain B '''''''''''' 

B1 ''''''''''' '''''''''''''''''''''''' S 45.877 
B2 ''''''''''''' ''''''''''' S 59.447 
B3 ''''''''''' ''''''''''''' S 62.231 
B4 ''''''''''' '''''''''''''''''''''''' M 54.494 
B5 '''''''''''' ''''''''''''''''''''''''''' S 53.881 

Store Chain C '''''''''' 

C1 ''''''''''''' ''''''''''''''''''''' M 41.687 
C2 ''''''''''''' ''''''''''' S 60.541 
C3 ''''''''''''' ''''''''''''''''' M 46.526 
C4 ''''''''''' ''''''''''''''''''''' S 57.981 
C5 ''''''''''' '''''''' S 68.402 
C6 ''''''''''''' ''''''''''''''' S 73.769 
C7 '''''''''''' '''''''''''''''' N 65.254 
C8 ''''''''''''' ''''''' ''''''''''''''''' S 47.169 

  

Average    63.398 

Appendix 5B: Zero Sales & Outliers 
Store ID Zero Sales Days Uni- & Multi-

Variate Outliers 
Remaining Daily 
Observations 

A1 10 1 616 

A2 9 0 618 

A3 10 0 617 

A4 9 0 618 

B1 9 0 618 

B2 2 5 620 

B3 6 3 618 

B4 10 3 614 

B5 9 1 617 

C1 10 1 616 

C2 2 2 623 

C3 10 0 617 

C4 13 1 613 

C5 9 0 618 

C6 11 1 615 

C7 10 0 617 

C8 9 0 618 
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Appendix 5C: Weekly Regression Results  
The results of eight models in which Monday until Saturday were included as independent variables. 

The main findings from these models are the relative high Beta-values of Friday and Saturday. 

 
 

Chain Store C 

  Store ID C1 C2 C3 C4 

    B Beta B Beta B Beta B Beta 

  Constant 337   393   238,3   328,4   

Weekdays Monday 47,7 0,121         92 0,239 

Tuesday -44,6 -0,115 -60,4 -0,206         

Wednesday        21,8 0,068     

Thursday         57,5 0,178 23 0,062 

Friday 222,5 0,573 127,3 0,437 230 0,719 284,7 0,77 

Saturday 281,2 0,704 211,6 0,679 257,2 0,792 248,4 0,664 

Events New Year                 

Valentine                 

Good Friday  97 0,066 105,2 0,094         

Easter (both days) 137 0,054    92,9 0,062 146,3 0,085 

Queens Day                 

Liberation Day 68,3 0,046    44,7 0,037 64,1 0,045 

Mother’s Day 116,3 0,065 73,7 0,047 89,9 0,06 115 0,066 

Feast of the 
Ascension 

87,3 0,048    139,6 0,093     

Pentecost 255,4 0,1     93,3 0,062 134,2 0,078 

Father’s Day     85,4 0,063 69,1 0,046 136,3 0,079 

Animal Day -80,5 -0,05 -54,1 -0,044         

St. Martin’s Day     -55,3 -0,045         

Sinterklaas                 

Christmas (both days) 108,7 0,06 117,6 0,075 111,6 0,065     

New Year’s Eve                 

Economic Child Tuition                 

Social Payments                  

Holiday Bonus  66,2 0,58 47,7 0,055 29,2 0,031 76,4 0,069 

Holiday Spring Break 42,2 0,043         47,9 0,05 

May Break                  

Summer Holiday      -19,2 -0,057 -18,8 -0,051 17,1 0,04 

Autumn Break     -37,3 -0,051 -27,4 -0,034     

Christmas Holiday                 
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Chain Store C 

  Store ID C5 C6 C7 C8 

    B Beta B Beta B Beta B Beta 

  Constant 490,4   580,5   426,2   297,4   

Weekdays 
 

Monday -52,3 -0,073             

Tuesday 82,5 -0,117 -79,4 -0,124 -29 -0,101 -19,2 -0,078 

Wednesday               

Thursday             32,9 0,133 

Friday 388,2 0,552 397,8 0,622 55,28 0,192 131 0,534 

Saturday 552,1 0,777 335,5 0,517 202,1 0,697 173,83 0,7 

Events 
 

New Year             82,3 0,072 

Valentine                

Good Friday  70 0,026             

Easter (both days) 188,2 0,057 235,5 0,079     59 0,051 

Queens Day -92,4 -0,031     -106,7 -0,089 -72,3 -0,07 

Liberation Day               

Mother’s Day 112 0,034     73,1 0,054 83,7 0,073 

Feast of the 
Ascension 

181,1 0,055 197,6 0,066 88,3 0,066    

Pentecost 156,2 0,047 340 0,114         

Father’s Day 84,5 0,026 175,3 0,059        

Animal Day -86,6 -0,029     -76,8 -0,064 -55,9 -0,054 

St. Martin’s Day -71,5 -0,024 -118 -0,044        

Sinterklaas 112,1 0,034             

Christmas (both days) 186,2 0,057        101,1 0,088 

New Year’s Eve                 

Economic 
 

Child Tuition                 

Social Payments          19 0,068     

Holiday Bonus          65,6 0,077 47,9 0,066 

Holiday 
 

Spring Break 81,3 0,046         34,1 0,055 

May Break      160,9 0,1         

Summer Holiday  -67,8 -0,083 196,8 0,265 -70,5 -0,213 -28,4 -0,1 

Autumn Break         -76,6 -0,106 -32,5 -0,052 

Christmas Holiday     60,4 0,048     37,2 0,076 
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Appendix 5E: Transformation Formulas 
In the formulas depicted below the    is the demand during period i. 

 

 The lognormal-transformation formula is given below: 

 (  )     (  ) 

      

 

The Log10-transformation formula is given below: 

 (  )        (  ) 
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Appendix 6A: Total & Promotional Weekly Sales per 

Store Chain and per Individual Store 
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Chain store A (3x) 
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Chain store B (4x) 
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Chain store C (6x) 
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Appendix 6B: Regression on Linear Trend 
The results of the regression models in which the linear trend is the only independent variable. 

Store ID 
 

Coefficient 
Values 

Significance 
Values (p<0,05) 

Adjusted R^2 

A1 1,25 0,478 -0,005 

A2 -1,49 0,153 0,010 

A3 0,80 0,419 -0,003 

B1 -2,43 0,049 0,028 

B2 7,85 0 0,215 

B3 -1,97 0,312 0,000 

B4 8,82 0 0,230 

C1 -5,27 0 0,158 

C2 -1,66 0,096 0,017 

C3 -0,37 0,638 -0,008 

C4 -2,06 0,061 0,025 

C5 -5,47 0 0,150 

C6 4,00 0,094 0,018 
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Appendix 6C: Temperature Plot 

 

 

Appendix 6D: Regression on Temperature/Seasonality 
The results of the regression models in which the temperature is the only independent variable. 

Store ID 
 

Coefficient 
Values 

Significance 
Values (p<0,05) 

Adjusted R^2 

A1 65,2 0 0,494 

A2 12,6 0,017 0,045 

A3 21,7 0 0,170 

B1 5,2 0,412 -0,003 

B2 -25,8 0,002 0,082 

B3 -40,4 0 0,152 

B4 -17,5 0,056 0,026 

C1 15,4 0,017 0,045 

C2 8,0 0,117 0,014 

C3 4,4 0,275 0,002 

C4 13,9 0,013 0,050 

C5 -13,7 0,049 0,028 

C6 76,4 0 0,368 
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Appendix 6D: Promotional Pressure 
Promotional Pressure presented per store and for each of the three store chains. 

Store ID 
 

Average Promotional 
Pressure  

A1 21,9% 

A2 18,9% 

A3 18,6% 

Average Store 
Chain A 

 19,8% 

B1 6,4% 

B2 4,6% 

B3 3,1% 

B4 7,1% 

Average Store 
Chain B 

 5,3% 

C1 24,1% 

C2 19,1% 

C3 16,1% 

C4 15,9% 

C5 14,9% 

C6 11,3% 

Average Store 
Chain C 

16,9% 
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Appendix 6F: Direct Forecasting Results on Total & 

Non-Promotional Sales 

 

Average Error Measures on the Total Sales of All 13 Calibration Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 9123 62,80 11,19 5,46 1,016 

Simple moving average (n=6) 8297 60,95 10,58 5,11 0,973 

Moving average (n=6 minus high/low) 7306 56,30 9,82 4,78 0,903 

Weighted moving average (n=6) 6894 54,81 9,59 4,66 0,880 

Weighted moving average (n=6 minus high/low) 7065 55,20 9,65 4,70 0,887 

Weighted moving average (n=8) 6984 55,34 9,68 4,69 0,887 

Weighted moving average (n=8 minus high/low) 7166 55,73 9,74 4,73 0,893 

Exponential Smoothing (α(5) = 0,3333) 6670 53,86 9,48 4,60 0,865 

Exponential Smoothing (α(6) = 0,2857) 6713 54,06 9,52 4,62 0,867 

Exponential Smoothing (α(8) = 0,2222) 6869 54,75 9,65 4,67 0,877 

Exponential Smoothing (α(9) = 0,20) 6958 55,14 9,73 4,70 0,883 

Exponential Smoothing (α(19) = 0,10) 7765 58,39 10,37 4,98 0,932 

Exponential Smoothing (α(39) = 0,05) 8615 61,78 10,94 5,25 0,986 

 

 

Average Error Measures on the Non-Promotional Sales of All 13 Calibration Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 9123 58,76 11,31 5,52 1,018 

Simple moving average (n=6) 9789 60,87 11,28 5,43 1,018 

Moving average (n=6 minus high/low) 8509 55,67 10,40 5,04 0,938 

Weighted moving average (n=6) 7717 53,54 10,07 4,88 0,908 

Weighted moving average (n=6 minus high/low) 8080 54,22 10,18 4,94 0,918 

Weighted moving average (n=8) 7895 54,37 10,19 4,92 0,918 

Weighted moving average (n=8 minus high/low) 8141 54,83 10,27 4,97 0,926 

Exponential Smoothing (α(5) = 0,3333) 7328 52,30 9,89 4,78 0,889 

Exponential Smoothing (α(6) = 0,2857) 7412 52,67 9,94 4,80 0,893 

Exponential Smoothing (α(8) = 0,2222) 7613 53,46 10,07 4,86 0,904 

Exponential Smoothing (α(9) = 0,20) 7708 53,84 10,14 4,89 0,910 

Exponential Smoothing (α(19) = 0,10) 8408 56,70 10,72 5,15 0,959 

Exponential Smoothing (α(39) = 0,05) 9037 59,06 11,19 5,38 1,004 
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Chain store A 

 

Average Error Measures on the Total Sales of All 3 Chain A Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 7500 63,65 14,72 7,21 1,011 

Simple moving average (n=6) 5818 56,21 12,98 6,28 0,885 

Moving average (n=6 minus high/low) 5490 54,05 12,43 6,05 0,853 

Weighted moving average (n=6) 5147 52,66 12,15 5,91 0,833 

Weighted moving average (n=6 minus high/low) 5374 53,67 12,35 6,02 0,848 

Weighted moving average (n=8) 5131 52,61 12,16 5,90 0,831 

Weighted moving average (n=8 minus high/low) 5361 53,34 12,31 5,98 0,840 

Exponential Smoothing (α(5) = 0,3333) 5077 52,27 12,12 5,88 0,827 

Exponential Smoothing (α(6) = 0,2857) 5076 52,30 12,14 5,89 0,826 

Exponential Smoothing (α(8) = 0,2222) 5158 52,74 12,27 5,93 0,832 

Exponential Smoothing (α(9) = 0,20) 5213 53,04 12,35 5,97 0,836 

Exponential Smoothing (α(19) = 0,10) 5824 55,87 13,11 6,29 0,877 

Exponential Smoothing (α(39) = 0,05) 6390 58,22 13,73 6,56 0,912 

 

 

Average Error Measures on the Non-Promotional Sales of All 3 Chain A Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 3618 38,53 10,68 5,24 1,018 

Simple moving average (n=6) 2954 36,36 10,16 4,97 0,954 

Moving average (n=6 minus high/low) 2723 33,78 9,40 4,65 0,888 

Weighted moving average (n=6) 2594 33,34 9,29 4,57 0,879 

Weighted moving average (n=6 minus high/low) 2697 33,51 9,29 4,60 0,882 

Weighted moving average (n=8) 2599 33,44 9,33 4,58 0,881 

Weighted moving average (n=8 minus high/low) 2726 33,79 9,37 4,63 0,888 

Exponential Smoothing (α(5) = 0,3333) 2568 33,04 9,22 4,53 0,871 

Exponential Smoothing (α(6) = 0,2857) 2581 33,20 9,26 4,55 0,875 

Exponential Smoothing (α(8) = 0,2222) 2652 33,73 9,41 4,62 0,888 

Exponential Smoothing (α(9) = 0,20) 2697 34,09 9,52 4,67 0,897 

Exponential Smoothing (α(19) = 0,10) 3121 36,99 10,34 5,08 0,971 

Exponential Smoothing (α(39) = 0,05) 3509 39,45 10,98 5,43 1,035 
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Chain store B  

 

Average Error Measures on the Total Sales of All 4 Chain B Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 13373 68,74 6,98 3,44 1,023 

Simple moving average (n=6) 13144 73,99 7,51 3,70 1,103 

Moving average (n=6 minus high/low) 11166 65,90 6,72 3,33 0,988 

Weighted moving average (n=6) 10736 64,39 6,53 3,22 0,959 

Weighted moving average (n=6 minus high/low) 10772 64,24 6,54 3,24 0,963 

Weighted moving average (n=8) 10881 65,45 6,64 3,28 0,975 

Weighted moving average (n=8 minus high/low) 10915 65,24 6,64 3,28 0,977 

Exponential Smoothing (α(5) = 0,3333) 10209 62,35 6,32 3,12 0,928 

Exponential Smoothing (α(6) = 0,2857) 10265 62,69 6,36 3,14 0,934 

Exponential Smoothing (α(8) = 0,2222) 10437 63,48 6,45 3,18 0,947 

Exponential Smoothing (α(9) = 0,20) 10532 63,84 6,48 3,20 0,952 

Exponential Smoothing (α(19) = 0,10) 11336 66,97 6,81 3,36 1,001 

Exponential Smoothing (α(39) = 0,05) 12331 71,38 7,28 3,59 1,071 

 

 

Average Error Measures on the Non-Promotional Sales of All 4 Chain B Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 17455 81,75 8,92 4,38 1,021 

Simple moving average (n=6) 21391 96,62 10,80 5,20 1,206 

Moving average (n=6 minus high/low) 18141 86,09 9,71 4,69 1,079 

Weighted moving average (n=6) 16154 81,43 9,05 4,40 1,016 

Weighted moving average (n=6 minus high/low) 16960 82,55 9,28 4,50 1,034 

Weighted moving average (n=8) 16670 83,94 9,37 4,53 1,048 

Weighted moving average (n=8 minus high/low) 17093 84,46 9,54 4,59 1,059 

Exponential Smoothing (α(5) = 0,3333) 15076 78,78 8,77 4,25 0,983 

Exponential Smoothing (α(6) = 0,2857) 15313 79,84 8,90 4,31 0,997 

Exponential Smoothing (α(8) = 0,2222) 15773 81,62 9,13 4,40 1,019 

Exponential Smoothing (α(9) = 0,20) 15963 82,31 9,22 4,44 1,028 

Exponential Smoothing (α(19) = 0,10) 17079 85,70 9,67 4,62 1,074 

Exponential Smoothing (α(39) = 0,05) 17992 87,83 9,99 4,75 1,106 
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Chain store C 

 

Average Error Measures on the Total Sales of All 6 Chain C Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 7101 58,42 12,24 5,93 1,014 

Simple moving average (n=6) 6305 54,62 11,43 5,48 0,930 

Moving average (n=6 minus high/low) 5640 51,02 10,58 5,12 0,872 

Weighted moving average (n=6) 5207 49,50 10,35 5,00 0,850 

Weighted moving average (n=6 minus high/low) 5439 49,93 10,37 5,02 0,855 

Weighted moving average (n=8) 5312 49,97 10,45 5,04 0,856 

Weighted moving average (n=8 minus high/low) 5570 50,58 10,51 5,07 0,864 

Exponential Smoothing (α(5) = 0,3333) 5108 49,00 10,27 4,95 0,842 

Exponential Smoothing (α(6) = 0,2857) 5163 49,18 10,31 4,97 0,844 

Exponential Smoothing (α(8) = 0,2222) 5345 49,94 10,48 5,03 0,854 

Exponential Smoothing (α(9) = 0,20) 5447 50,38 10,58 5,08 0,860 

Exponential Smoothing (α(19) = 0,10) 6355 53,94 11,37 5,41 0,914 

Exponential Smoothing (α(39) = 0,05) 7251 57,16 11,99 5,70 0,966 

 

 

Average Error Measures on the Non-Promotional Sales of All 6 Chain C Stores 

Direct Forecasting Methods MSE MAE MAPE SMAPE MASE 

Simple moving average (n=1) 6321 53,54 13,23 6,42 1,015 

Simple moving average (n=6) 5472 49,30 12,15 5,81 0,924 

Moving average (n=6 minus high/low) 4981 46,34 11,37 5,47 0,870 

Weighted moving average (n=6) 4654 45,04 11,15 5,36 0,849 

Weighted moving average (n=6 minus high/low) 4851 45,69 11,22 5,41 0,859 

Weighted moving average (n=8) 4693 45,11 11,16 5,35 0,849 

Weighted moving average (n=8 minus high/low) 4880 45,60 11,21 5,39 0,856 

Exponential Smoothing (α(5) = 0,3333) 4542 44,28 10,97 5,27 0,834 

Exponential Smoothing (α(6) = 0,2857) 4560 44,28 10,97 5,26 0,833 

Exponential Smoothing (α(8) = 0,2222) 4653 44,55 11,02 5,28 0,835 

Exponential Smoothing (α(9) = 0,20) 4711 44,74 11,06 5,29 0,837 

Exponential Smoothing (α(19) = 0,10) 5271 47,22 11,61 5,53 0,877 

Exponential Smoothing (α(39) = 0,05) 5832 49,69 12,10 5,78 0,920 
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Appendix 6G: Min & Max Values of Regression Results 
The minimum and maximum regression results of the 13 calibration stores. 

WeekDay Minimum/ 
Maximum 

Number of 
Observations  

Adjusted 
R^2 

Durbin-
Watson 

Variance 
Inflation 
Factor (VIF) 

Number of 
Variables 
Inserted 

Mo Min  95 0 0 0 0 

  Max 102 0,461 1,639 1,491 5 

tu Min  104 0 0 0 0 

  Max 104 0,386 1,866 1,006 3 

we Min  104 0,13 0,686 1,001 2 

  Max 105 0,537 1,882 1,006 5 

th Min  103 0 0 0 0 

  Max 105 0,874 1,406 1,326 6 

fr Min  103 0,088 0,702 1,001 2 

  Max 105 0,577 1,535 1,132 5 

sa Min  101 0,234 0,876 1,001 2 

  Max 102 0,525 1,888 1,007 6 

Overall Min  95 0 0 0 0 

  Max 105 0,874 1,888 1,491 6 
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Appendix 6H: Regression Results  
The regression results are at a significance level of 95% (p < 0,05). 
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  All 13 Calibration Stores 

Mo 0 1 0 1 5 0 0 0 2 0 0 0 0 0 0 

Tu 0 0 0 0 0 3 0 0 0 0 1 0 0 0 0 

We 0 0 4 0 0 3 0 11 0 0 4 0 0 0 0 

Th 2 0 5 0 0 1 0 3 0 0 4 0 0 8 1 

Fr 1 0 5 4 1 0 2 0 9 0 0 0 0 4 0 

Sa 3 0 0 8 3 0 0 0 9 1 0 4 0 3 1 

Total 6 1 14 13 9 7 2 14 20 1 9 4 0 15 2 

  Chain Store A (3 stores) 

Mo 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Tu 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

We 0 0 1 0 0 0 0 2 0 0 0 0 0 0 0 

Th 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 

Fr 1 0 2 0 1 0 0 0 2 0 0 0 0 0 0 

Sa 2 0 0 2 1 0 0 0 3 0 0 0 0 0 0 

Total 3 0 4 2 2 1 0 2 5 0 0 0 0 0 0 

  Chain Store B (4 stores) 

Mo 0 1 0 0 1 0 0 0 1 0 0 0 0 0 0 

Tu 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

We 0 0 1 0 0 1 0 3 0 0 0 0 0 0 0 

Th 2 0 2 0 0 0 0 2 0 0 0 0 0 3 0 

Fr 0 0 2 0 0 0 0 0 4 0 0 0 0 2 0 

Sa 1 0 0 2 2 0 0 0 2 0 0 0 0 1 0 

Total 3 1 5 2 3 1 0 5 7 0 0 0 0 6 0 

  Chain Store C (6 stores) 

Mo 0 0 0 1 4 0 0 0 1 0 0 0 0 0 0 

Tu 0 0 0 0 0 3 0 0 0 0 1 0 0 0 0 

We 0 0 2 0 0 2 0 6 0 0 4 0 0 0 0 

Th 0 0 2 0 0 0 0 1 0 0 4 0 0 5 1 

Fr 0 0 1 4 0 0 2 0 3 0 0 0 0 2 0 

Sa 0 0 0 4 0 0 0 0 4 1 0 4 0 2 1 

Total 0 0 5 9 4 5 2 7 8 1 9 4 0 9 2 
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 All 13 Calibration Stores 

Mo 0 0 0  3 6 8 1 1 

Tu 3 0 1  0 2 8 0 2 

We 0 0 4  0 2 10 1 3 

Th 2 0 0  3 1 6 1 2 

Fr 6 0 1  0 0 9 0 3 

Sa 0 0 3  0 0 8 1 2 

Total 11 0 9  6 11 49 4 13 

 Chain Store A (3 stores) 

Mo 0 0 0  0 2 2 0 0 

Tu 1 0 0  0 1 2 0 1 

We 0 0 1  0 1 3 0 2 

Th 1 0 0  1 0 1 0 0 

Fr 0 0 0  0 0 2 0 1 

Sa 0 0 1  0 0 2 0 0 

Total 2 0 2  1 4 12 0 4 

 Chain Store B (4 stores) 

Mo 0 0 0  1 1 4 1 1 

Tu 1 0 1  0 0 3 0 0 

We 0 0 1  0 0 4 1 0 

Th 1 0 0  1 0 4 1 1 

Fr 0 0 1  0 0 4 0 2 

Sa 0 0 1  0 0 3 0 1 

Total 2 0 4  2 1 22 3 5 

 Chain Store C (6 stores) 

Mo 0 0 0  2 3 2 0 0 

Tu 1 0 0  0 1 3 0 1 

We 0 0 2  0 1 3 0 1 

Th 0 0 0  1 1 1 0 1 

Fr 6 0 0  0 0 3 0 0 

Sa 0 0 1  0 0 3 1 1 

Total 7 0 3  3 6 15 1 4 
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Appendix  6I: The MM and OLS Models 
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Appendix 6J: OLS(Daily) Forecast Errors per Individual 

Store 
Here we display the forecast errors per store for the OLS(Daily) method. 

OLS (Daily) MSE MAE MAPE SMAPE MASE 

A1 6349 59,89 14,63 7,06 0,804 

A2 3805 48,26 11,44 5,60 0,771 

A3 3055 41,21 9,33 4,51 0,744 

B1 5010 51,27 6,86 3,40 0,848 

B2 8768 73,39 8,24 4,07 1,144 

B3 11370 73,51 4,78 2,36 0,794 

B4 6703 62,12 7,62 3,78 1,124 

C1 5209 54,36 13,91 6,59 0,857 

C2 3571 42,90 10,10 4,89 0,873 

C3 2108 33,00 10,20 4,96 0,843 

C4 4005 45,80 11,29 5,37 0,844 

C5 6073 54,39 9,95 4,64 0,857 

C6 15569 94,36 13,96 6,69 1,109 

 

The results of the current method are displayed below for comparison purposes. This the exact same 

table as table 6-3. 

 

  

 WMA-6* MSE  MAE MAPE SMAPE MASE 

A1 8417 65,71 15,00 7,34 0,901 

A2 4153 51,34 12,25 5,97 0,842 

A3 3553 43,96 9,82 4,75 0,800 

B1 6587 53,28 7,12 3,53 0,894 

B2 7863 61,55 6,74 3,32 0,936 

B3 20624 82,98 5,27 2,64 0,931 

B4 8015 59,15 7,03 3,47 1,090 

C1 4746 51,33 12,36 6,01 0,831 

C2 3294 41,19 9,58 4,64 0,856 

C3 2040 30,97 9,45 4,63 0,819 

C4 3475 42,67 9,94 4,82 0,803 

C5 5903 52,18 9,20 4,32 0,832 

C6 13176 81,25 11,70 5,70 0,989 
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Appendix 6K: Combined Additive Models 
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Appendix 6K: Combined Multiplicative Models (Indices 

Models) 
 

Multiplicative Combined(Daily) Model 
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Appendix 6L: Validation Results 

Validation of the WMA-6* method 

Store ID MSE MAE MAPE SMAPE 

A4* 11112 76,64 9,24% 4,49% 

B5 4593 43,74 6,18% 3,09% 

C7 3698 45,15 10,51% 4,93% 

C8 2420 36,57 11,05% 5,22% 

Average 4 Validation Stores 
(WMA-6*) 

5456 50,53 9,25% 4,43% 

Average 13 Calibration Stores 
(WMA-6*) 

7065 55,20 9,65% 4,70% 

 

Validation of the ES-0,33 method 

Store ID MSE MAE MAPE SMAPE 

A4* 10531 75,73 9,16 4,49 

B5 4189 43,06 6,15 3,09 

C7 3774 45,27 10,52 4,99 

C8 2237 34,90 10,52 5,05 

Average 4 Validation Stores 
(ES-0,33) 

5183 49,74 9,09 4,41 

Average 13 Calibration Stores 
(ES-0,33) 

6670 53,86 9,48 4,60 

 
Validation of the OLS(10%) + ES-0,33 method 

Store ID MSE MAE MAPE SMAPE 

A4* 13280 84,44 10,17 4,94 

B5 5274 49,95 7,34 3,59 

C7 4687 50,98 11,89 5,56 

C8 2647 38,35 11,60 5,51 

Average 4 Validation Stores 
(OLS(10%) + ES-0,33) 

6472 55,93 10,25 4,90 

Average 13 Calibration Stores 
(OLS(10%) + ES-0,33) 

7295 56,59 9,98 4,77 
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Appendix 6M: Bias of Forecasts  
Bias between the forecasted quantity and the actual sales quantity per day. We have calculated this 

by dividing the Mean Error (ME) by the average daily demand. The formulas are depicted below. 

Store ID (* denotes 
Non-Promo Sales) 

WMA-6* ES-0,33 OLS(10%) +  
ES-0,33 

A1* -1,74% 0,07% 2,14% 

A2* -0,05% 0,21% 1,12% 

A3* -0,11% 0,09% 2,27% 

A4* 0,67% 1,20% 1,90% 

B1 -0,22% 0,25% 1,64% 

B2 -0,12% 0,24% 1,42% 

B3 -0,38% 0,10% 1,44% 

B4 -0,31% -0,34% 0,99% 

B5 -1,17% -0,51% 1,00% 

C1 0,17% 0,84% 2,30% 

C2 0,17% 0,47% 1,87% 

C3 -0,34% 0,44% 1,94% 

C4 0,08% 0,76% 2,17% 

C5 0,94% 1,04% 2,47% 

C6 -0,39% 0,49% 2,02% 

C7 0,92% 1,08% 2,59% 

C8 0,07% 0,42% 1,75% 
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Appendix 6N: Normality of Forecast Errors (WMA-6*) 
The frequency plots show the number of times that a forecast deviated a certain amount from the 

actual demand. The horizontal axis displays the deviation in number of products. 
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Appendix 6O: Bias between Forecasts and Orders 
Bias between the forecasted quantity and the actual sales quantity per day. We have calculated this 

by dividing the Mean Deviation between Forecasted and Ordered quantity (MDFO) by the average 

daily ordered quantity. The formulas are depicted below. 

Store ID WMA-6* EXP-0,33 OLS(10%) + ES-
0,33 

A1* -9,96% -8,30% -6,41% 
A2* -2,16% -1,90% -1,02% 
A3* -3,64% -3,45% -1,34% 
A4* -2,35% -1,83% -1,15% 

B1 -4,92% -4,47% -3,15% 
B2 -4,20% -3,85% -2,73% 
B3 -7,39% -6,95% -5,70% 
B4 -4,27% -4,31% -3,03% 
B5 -4,51% -3,87% -2,42% 

C1 -4,21% -3,57% -2,18% 
C2 -2,12% -1,83% -0,46% 
C3 -0,48% 0,30% 1,80% 
C4 -2,51% -1,86% -0,48% 
C5 -2,65% -2,55% -1,17% 
C6 -5,09% -4,24% -2,78% 
C7 -1,00% -0,85% 0,63% 
C8 -3,70% -3,36% -2,08% 
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Appendix 6P: Number of Days OOS recorded 
Each day with at least one recorded OOS for any of the daily fresh SKU’s in the assortment is 

counted. 

Store ID % of days OOS recorded 

A1 58,4% 

A2 1,8% 

A3 82,3% 

A4 13,6% 

B1 67,9% 

B2 75,1% 

B3 78,5% 

B4 78,3% 

B5 91,7% 

C1 30,0% 

C2 49,0% 

C3 1,8% 

C4 80,5% 

C5 79,9% 

C6 71,5% 

C7 66,8% 

C8 44,3% 

  



105 
 

Appendix 6Q: Orders versus Waste 
The horizontal X-axis displays the % of waste were as the vertical Y-axis is the % which orders deviate 

from the forecasted demand (WMA-6* method). 
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