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Abstract 
This master thesis has investigated how demand forecasts for EMTÉ supermarkets can be improved. 

Currently EMTÉ uses seasonal indices based on a naïve forecast of previous year sales per article 

group. Obtained indices are then multiplied with regular made forecasts. In first instance, this report 

has shown that forecasts are improved when seasonal indices are applied at an individual level, 

especially for groups with high levels of intergroup variation. Secondly, forecast accuracy is further 

improved when a simple moving average method will be applied instead of a naïve forecasting 

method. Indices also benefit from removing promotion sales from the forecasts as these behave 

unstable during peak weeks. Finally, it has shown that using a statistical clustering technique did not 

contribute to the quality of the indices in the case of EMTÉ. Practical guidelines and 

recommendations have been presented for EMTÉ to obtain the newly developed forecasting 

strategy. 
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Management summary 
This research is aimed at improving the accuracy of seasonal indices. These are used by Sligro Food 

Group N.V. to forecast demand of peak moments for their food retail division; EMTÉ supermarkets. 

Sales volumes during peaks like Easter and Pentecost increase about 20%. EMTÉ has noticed the 

importance of being able to accurately forecast sales volumes of articles during peaks, since many 

operational decisions like inventory management can be directly linked to forecasts. Being able to 

serve customers well during peak moments will also improve the reputation of the EMTÉ formula.   

Problem definition 
The automatic order system of EMTÉ is based on an univariate forecasting method to predict the 

baseline sales. This method is incapable of predicting demand peaks. EMTÉ therefore temporarily 

adapts its baseline forecasts by assigning seasonal indices towards the articles. This formula is shown 

below: 

 F S 
  

Where F is the forecasted demand of a peak,  is the regular forecast and S a seasonal index. 

 

EMTÉ has noticed that accuracy of these indices can be improved and has therefore initiated this 

project. Indices are currently only slightly based on quantitative data and no clear guidelines are 

available to determine them. Current forecasts are solely based on sales volumes of previous year. 

Moreover, indices are determined at article group level. Substantial differences in seasonal behavior 

occur within the existing product categories. The consequence is that products with big growth 

during a peak are assigned with too low indices while vice versa products with small growth are over 

forecasted. 

 

To increase the accuracy of the demand forecasts at EMTÉ the following research question was 

developed: 

“Develop a methodology which will improve the inventory management at Sligro, by improving the 

accuracy of seasonal indices to forecast demand of peak moments.” 

Research design 
In order to develop a methodology four hypotheses have been investigated:  

Hypothesis I:   Individual seasonal indices will improve forecast accuracy, especially in  

   groups with high intergroup variation.  

 

Hypothesis II:  The forecast accuracy of the indices will be improved by the usage of a  

   statistical clustering method to determine article groups 

 

Hypothesis III:   Forecasting methods including more years of history will perform better than 

   naïve forecasting (current method). 

 

Hypothesis IV:  Removing promotion sales from the group indices will improve forecast 

   accuracy. 

 

POS data of 17 supermarkets from 2008 until 2012 has been used to perform the analyses. For the 

investigation five product groups with different characteristics  were selected.   
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First, it has been investigated whether differences in seasonal pattern between stores exist. It turned 

out that the store in Cromvoirt performs remarkably well during peak moments. This could be 

explained by the fact that some campsites are close to the store over there. Since Cromvoirt was the 

only store with a deviating pattern it was decided to group sales of all stores in order to determine 

seasonal indices. 

  

Second, differences between years has been investigated. It was shown that obtained indices can 

vary substantially between different years. An important factor explaining these fluctuations are the 

weather conditions.   

 

Hereafter an important decision rule was developed before research was started to the performance 

of different index policies. Slow movers were removed from the dataset. Two reasons lie at the basis 

of this decision: 

- Individual indices become erratic for low sales volumes 

- ABS (EMTÉ’s automatic ordering system) replenishment decision are not heavily affected by 

seasonal indices for slow movers  

Index policies 

Two indexing methods exist; grouping (GSI) and individual (ISI) determination of the seasonal indices. 

Both methods were included into the research design. Also three different forecasting methods were 

included; the naïve method, weighted moving average (WMA) and simple moving average (SMA). 

This results in a list of six index policies: 

- GSI Naïve (current method) 

- GSI WMA  

- GSI SMA 

- ISI Naïve 

- ISI WMA 

- ISI SMA 

 

An overview of available error measures in literature was given, from which was concluded that they 

all have their own strengths and weaknesses. Index policies within this research were therefore 

judged on a combination of six different error measures. 

 

Finally, the best individual method (SMA) was taken to analyze if results could be improved by 

clustering the indices into groups. Individual indices can benefit from being clustered with products 

with a similar seasonal pattern. Obtained information from similar products can be used to reduce 

the variance of the indices. In this project indices were clustered based on a single peak and on 

observations of three peaks. K-means clustering has been used as a statistical method to form the 

clusters.  

Results  
The results of the analyses are discussed per hypothesis: 

Hypothesis I: Individual and group indices   
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The performed analysis confirmed this hypothesis. Forecast accuracy was on average improved by 

19,6% over the different error measures that were used. Especially groups with high coefficients of 

variation benefit from applying ISI’s.  

 

Hypothesis II: Clustering  

First, indices were clustered on the observations of a single peak. Performance increased with the 

number of clusters, which was an indication that forecasting all indices separately is the best method 

in this situation. It was hereafter tested if performances of the clustering technique improved as the 

number of peaks was enlarged. In this manner products with a similar time series pattern can be 

clustered. No significant results were found for this hypothesis. It can however not be rejected as the 

number of time stamps is too small to give a final judgment. 

  

Hypothesis III: Forecasting method  

The hypothesis was confirmed that methods using more years of history would perform best as SMA 

(13.1%) and WMA (10.8%) both led to significant improvements in forecast accuracy. Indices of a 

single year can be highly influenced by factors like weather conditions. It is therefore best to give 

equal weights to available years of history. Results of the different methods cannot be directly 

compared to findings in literature. Due to the high level of replacement products in the assortment 

(approximately 25% a year), only limited history is available for many of the products. 

 

Hypothesis IV: Promotion effect 

Promotion pressure was shown to develop with an increasing linear trend over time. From the six 

outliers that were found in the regression analysis, four turned out to be during peak moments. It is 

therefore concluded that promotional pressure during peak weeks is unstable and hard to predict. 

Removing promotion sales from the group indices will therefore improve forecast accuracy.  

Developed methodology  
From the results of the analyses a methodology was developed to improve the forecast accuracy of 

the seasonal indices. The developed method differs from the old method in the following: 

- Indices of slow movers will not be used to make forecasts 

- Promotion sales will be excluded from the forecasts 

- Individual indices will be assigned instead of group indices 

- Demand forecasts will be made using a simple moving average instead of naïve method 

- New products and slow movers are assigned with GSI SMA 

 

Results have shown that from combining both aggregation towards individual level and using a 

moving average forecast, an overall improvement of 31,6% can be obtained compared to the current 

method.  

 

Hereafter, it was checked if the obtained findings also hold when 78 stores were included in the 

dataset. Indirect proof was given that including more stores into the determination of the indices 

improves  reliability of the indices. Since local disturbances can be controlled by store managers it 

was advised to EMTÉ to obtain all stores into the dataset.  

 



viii 
 

Another important recommendation made to EMTÉ is to control individual indices for outliers as 

factors like; boycotted suppliers, weather conditions and seasonal products can strongly influence 

the indices.  

 

The other recommendations are listed here: 

- Link sales history of replacing article numbers 

- Map products which are highly influenced by weather conditions 

- Exclude groups with low levels of inter group variation  

- Remain order shifts as currently performed 

- Exclude sales of peak weeks from upcoming forecasts 
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1. Introduction  

1.1 Structure of report 
The first chapter of this report will give an introduction of the organization and the problem. Chapter 

2 provides the problem definition from which the research assignment has been developed. Next, a 

literature review about the subject will be provided in chapter 3. Results of chapter 2 and 3 are used 

to develop four hypotheses which are used as a backbone in making the research design. The 

quantitative results of the research are presented in chapter 5. These are used to develop a 

methodology for Sligro in chapter 6. The final chapter contains a general conclusion about the 

project.   

1.2 Problem environment 
Sligro Food Group N.V. encompasses food retail and foodservice companies selling directly and 

indirectly to the entire Dutch food and beverages market. The group is active in foodservice as a 

wholesaler and in food retail as a wholesaler and retailer. As a wholesaler Sligro exploits cash-and-

carry stores all over the Netherlands. As a retailer Sligro is known under the format EMTÉ 

supermarkets. The head office of Sligro is located at Veghel. An overview of Sligro is presented in 

figure 1. 

 
Figure 1; Organization structure of Sligro Food Group N.V. 

Foodservice 

With a market share of 18,7%, Sligro is the market leader in the Dutch foodservice market. It is 

serving bars and restaurants, leisure facilities, volume users, company and other caterers, fuel 

retailers, small and medium-sized enterprises and smaller retail businesses. Sligro has 11 delivery 

centres and 45 large cash-and-carry stores. These stores are mainly supplied from Veghel. A cash-

and-carry store has about 25.000 till 40.000 products. One of the largest cash-and-carry stores is 

located in Amsterdam. Delivery centres are exploited since order picking at cash-and-carry stores did 

not prove to be functional.  

 

Food retail 

Around 2000, Sligro introduced itself as a retailer on the food market. Nowadays the food retail 

activities comprise 130 full-service supermarkets, of which 30 are operated by independent retailers. 

Recently 26 Sanders supermarkets were taken over in the region of Twente, which increased the 
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market share to 2,8%. Sligro strives to keep growing by making acquisitions. Since 2011, all 

supermarkets of Sligro are exploited under the EMTÉ format. The supermarkets are supplied from 

distribution centres in Putten and Kapelle. All other overhead activities like purchasing, marketing 

and software support are performed in Veghel.  

 

In total Sligro stocks around 60,000 food and food-related, non-food items, while also providing a 

wide range of services, including franchising. Turnover of Sligro over the year 2011 was €2.420 

million, an increase of €134 million or 5,9% compared to the turnover of 2010. In 2011 a net profit of 

€78,2 million was made. Sales are made through foodservice delivery service (36%), Supermarkets 

(34%) and Foodservice cash-and-carry (30%). Sligro employs on average about 5.500 full time 

employees.  

 

1.3 Problem introduction 
Demand at supermarkets is characterized by high fluctuations between different weeks and different 

SKU’s. Especially in what will be called “peak weeks”, demand shows strong variations. Typical 

examples of such weeks are Christmas, Easter and Carnival. In these weeks demand can hardly be 

compared to demand patterns of “normal weeks”. EMTÉ  is not satisfied about the way it currently 

handles its supply chain activities around peak weeks. Especially the forecasting of demand during 

peaks is a very simplistic and inaccurate process which is only slightly based on quantitative data.  

 

Usually, demand forecasting is performed according to a moving average method, which is not 

capable of dealing with these peaks since it is based on a level demand pattern. If EMTÉ would not 

correct its forecasts to deal with these weeks the inventory system would make two mistakes. The 

first one is that stock levels within a peak week are not enlarged and would not be sufficient to cover 

demand and thus sales would be lost. The second mistake is that inventory positions in the next six 

weeks will be too high. As a consequence of the increased sales during a peak, demand will be 

forecasted too high in subsequent weeks. 

 

To deal with this problem EMTÉ uses seasonal indices to adapt its forecasts. These indices are based 

on historical data and indicate the factor at which sales can be expected to increase. Schuijbroek 

(2010) investigated these indices and concluded that EMTÉ makes reasonable estimates about 

seasonal indices on an article group level but that indices can be improved at article level. He 

proposed that EMTÉ should aggregate on lower levels when high intra-group variation exists. To 

explain the complexity of correctly determining seasonal indices an example will be discussed about 

the sales of beers during Carnival. 

 

Schuijbroek (2010) showed that beer was sold more than 200% in the week previous to Carnival 

compared to normal weeks. These sales however were not equally spread among the different sorts 

of beer but were mainly caused by the huge increase of sold Bavaria (12 x 33 cl.). Bavaria was sold 

over 450% while beers like Amstel and Dommelsch only sold 70% of their normal quantities. This 

example clearly indicates the importance of aggregating demand forecasts on a correct level. 

Assigning a seasonal index on article group level in this case would lead to a misalignment. The stock 

levels for Bavaria would be highly insufficient (about 250% short) while Amstel and Dommelsch 

would have far too high stock levels (about 130% excess). This report will investigate the 

opportunities to improve the quality of the seasonal indices.    
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2. Problem definition 
This chapter discusses the problem definition of EMTÉ in more detail. From interviews within EMTÉ 

with the process owner replenishments, inventory managers, a stock controller and ABS managers 

the problem has been described. First, the inventory management system used and the effect of a 

peak on this are treated. Second, the current method to cope with a peak is explained. Hereafter a 

problem analysis is conducted which shows the problems in detail. Where possible quantitative 

examples are given to support the analyses. Finally, a research assignment has been developed from 

the results of this chapter.  

2.1 Forecasting support system 
All EMTÉ supermarkets are provided with an in-house developed software system which is called: 

“automatisch bestel systeem” (from here on, ABS) or in English: “automatic order system”. This 

system makes order proposals based on the developed inventory management policy and forecasted 

demand. As common in retail environments ABS uses a (R,s,nQ)-policy which will be described shortly 

here.  

 

Proposals are made at fixed order moments for each article (usually reorder moments are 

determined on an article group level). A local supermarket manager has the freedom to adjust these 

created proposals at the end of a day. In Veghel central control of logistics is coordinated and from 

here orders are sent to DC’s in Putten and Kapelle. Supermarkets are usually supplied during the next 

work day from here. ABS automatically registers which products are sold and updates its inventory 

levels resulting from sales within 30 minutes.  

 

Policy of ABS is to make orders such that the inventory position after the reorder moment should 

cover demand until the second delivery moment (thus the delivery moment of the next order 

moment). The period to cover is often extended with a number of safety days and logistic days. 

Demand for a period is calculated according to a moving average function which is discussed later on 

in this section.  

  

Each product has a minimum stock level, which is usually 3 times the number of facings. In case the 

inventory position is below this level at the reorder moment, an order is placed to bring the 

inventory position back to at least this position. 

 

This means that in general two situations occur. For slow moving products, the minimum stock level 

will be sufficient to cover demand until the next delivery moment. This means that the reorder level 

will be at a constant level. In this case the system can be considered as a static model. For a fast 

moving product, the reorder level depends on the forecasted demand of the period to cover. In this 

case the reorder level changes since it depends on time and the system can therefore be considered 

as a dynamic model.    

 

An order made by the system is rounded up to a multiple of the case pack size. For each product also 

a maximum is assigned which usually equals the maximum shelf capacity. In case the maximum is 

exceeded a warning is given towards the supermarket manager which can then decide upon the 

amount to order.  
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A more elaborate explanation about the replenishment system and the mathematical formulation is 

given in appendix A. Next, the method used to forecast demand is discussed.  

2.1.1 Forecast method 

Demand forecasting within ABS is done according to a moving average method over the past six 

weeks. The forecast is aggregated towards a daily level since a strong intra-week seasonality exists in 

supermarket sales. This means that the forecast of next Monday is calculated by averaging the sales 

of the past six Mondays. The formula of the forecast is given by: 

, , , , 1 , 2 , 1( ... ) /i t N i t i t i t i t Nx x x x x N         

In which N is the number of weeks, t is the week number and i represents the day of the week. The 

estimate â is therefore given at the end of a day by the formula: 

, ,,
ˆ i t Ni ta x

 
 

In case the sales of the past six weeks contain noisy data (not representative for real demand) these 

are filtered out and the forecast is calculated from the remaining five weeks. The most common 

example of noisy data are promotion weeks. These cause a huge increase in sales which would mean 

that demand for the coming six weeks would be predicted too high. They are therefore identified as 

promotion weeks and left out in the forecasts of next weeks. Other instances of filtered weeks are 

the weeks of Christmas and Easter. Local supermarkets also have the option to identify noisy weeks. 

For instance when a competing supermarket in the same village has been closed for a few weeks, 

sales will have been increased in the stores and these weeks should therefore be filtered out for the 

upcoming forecasts. 

2.2 Demand peaks 
The moving average method which is used by EMTÉ to forecast demand does not assume trend or 

seasonality and is therefore incapable of dealing with peaks. The inventory system does not identify 

peaks by itself and if EMTÉ would not undertake any action two mistakes would be made. First, stock 

levels within a peak week would not be sufficient to cover demand and thus sales would be lost. This 

is caused by the fact that an average of the past six weeks is forecasted while sales can be expected 

to be much higher during a peak week. The second mistake is that forecasts (and thus inventory 

positions) in the next six weeks will be too high. As a consequence of the increased sales during a 

peak, ABS will generate too high forecasts in subsequent weeks. Figure 2 shows that forecasted sales 

are too low for the peak moment (week 5) and is too high during the six subsequent weeks.  

 
Figure 2; Influence of a peak on demand forecast 
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For fast movers (dynamic model) the overestimated demand forecast will have a direct influence on 

the reorder level. For these products a peak will cause too high product inventories. For slow movers 

(static model) an overestimated forecast will not always lead to enlarged reorder levels. The 

influence of peaks for these products is therefore minor compared to that of fast movers.  

2.3 Current peak process 
EMTÉ uses a methodology to deal with peak moments to solve the problem identified in the previous 

section. This will be discussed next. To be able to fulfill increased demand, stocks at the supermarkets 

are raised by assigning seasonal indices towards the products. As discussed before, these indices are 

multiplied within ABS with the forecasted demands. To clarify the process, it is discussed with an 

example, Easter 2012.  

 

Several weeks ahead of a peak moment the process owner replenishment at EMTÉ determines the 

seasonal indices based on sales data of past year. These indices are determined by dividing the sales 

during a peak week by the average sales of the previous six weeks. This is done on article group level 

and all products within a group are assigned the same index. To make a demand forecast promotion 

weeks are filtered from the data. In calculating seasonal indices however promotion sales are 

included.  

 

As obtained from Schuijbroek (2010) the week before Easter was identified as a peak. In 2011 Easter 

fell in the weekend of week 16, therefore sales data were taken from week 10 through 16. This is 

shown in figure 3 where the average sales of week 10 through 15 are being calculated in the first 

green column on the left. The second green column shows sales from week 16. From these indices 

are calculated in the first blue column. All sales volumes are expressed in consumer units.  

Figure 3; Determining indices for Easter 2012 

 

The process owner replenishment hereafter manually adjusts the indices into a proposal. He 

therefore uses the proposals of 2011, presented in the yellow columns, as a backup in making his 

considerations. Several reasons can exist for making adjustments, some examples are discussed next. 
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First, a distinction can be made between perishable and non-perishable products. Non-perishable 

product indices are mainly rounded up since having fully filled shelves can increase sales. For 

perishable product the risk of expiring exists. Indices for these product groups are therefore more 

reserved.  

 

Another reason to adjust indices can be that sales data of previous year are influenced by an external 

factor. For instance the product group V82 (ice cream) was indicated with the highest index from 

past year. Sales of V82 however are logically very sensitive to weather changes. When retrieving 

weather data from the KNMI (Dutch national weather institute) it indeed turns out that temperatures 

increased in the week ahead of Easter. The planner therefore reduced the index that was obtained 

firstly. Furthermore, the planner has rounded all indices.  

 

After the indices have been determined, a planning is made for the distribution control. During the 

peak moments workload at the supermarkets increases heavily. In order to fill all shelves in time and 

still keep time available to serve customers, part of the workload is shifted forward. Logically non-

perishable products are shifted forwards while perishable products are still delivered in the peak 

week itself. In the last three blue columns is shown at what moment indices are enlarged per product 

category. If an index is entered in the first week (12), it will stay there in week 13 and 14 as well. In 

this manner the reorder levels are enlarged during these three weeks. EMTÉ is satisfied with the 

manner they currently handle distribution control.  

 

The process described above is executed at EMTÉ for the weeks before Easter, Pentecost, Christmas 

and New year. Ascension day falls ten days before Pentecost. Also here some seasonal indices are 

assigned but only for a few article groups. The peak moments Christmas and New Year are treated 

together. For both weeks an index is calculated and from this one index is assigned to cover both 

peaks. Also here workload is divided over the weeks before the actual peak. Some indices however 

are already stopped after Christmas, this is done for the products that have a high index during 

Christmas and a lower value for the week before New year. To clarify the process the determination 

of the indices at the end of the year 2011 are shown in figure 4. Colored columns are indices till 

Christmas, non-colored columns contain indices until New year. 

 
Figure 4; Determining indices for Christmas and New year 2011 

 

Another situation in which seasonal indices are applied is during summer holidays for supermarkets 

in Zeeland (a popular Dutch holiday region). Indices for these are determined in consultation with 

local store managers. Carnival was identified as a peak by Schuijbroek (2010), it is however not 
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centrally treated with the usage of seasonal indices at EMTÉ. Also Carnival has a local character and 

stock levels are raised in consultation with local managers.  

2.4 Promotion process 
Demand forecasts for promotion products are based on two variables, an automatically generated 

forecast and a human forecast. The automatically generated forecast simply is the average sales of 

the last two weeks that the product was in promotion. These sales are aligned with the turnover of 

that weeks and the budget of the coming week. The human forecasters use information about past 

promotion weeks to make their estimates. Aspects they consider are the type of promotion that was 

used previously, weather conditions and if a promotion was/will be during a peak moment. In the 

final forecast the automatically generated forecast accounts for 2/3 part and the human forecast for 

1/3 part. However, in practice the forecasters are aware of this and adjust their forecast such that 

the definitive forecast finally becomes their real forecast. For a more elaborate description of the 

promotion process is referred to Peters (2012) 

 

Seasonal indices are also assigned towards products in promotion. The effect of this in ABS is very 

limited. As a following of the indices the reorder level will increase, the inventory position however 

will not fall below the reorder level since the stock levels are raised for the promotion.  

2.5 Intergroup variation 
The main reason for EMTÉ to start the project of Schuijbroek (2010) was the notion that sales 

increases differ substantially within article groups. During that project, Schuijbroek developed a tool 

which shows intergroup variation of indices to approve this hypothesis. The final recommendation 

for EMTÉ was to use a top-down approach to determine the indices.  

 

To verify the problem a first dataset provided by Sligro containing sales of 99 stores for week 48 2010 

untill week 47 2011 has been used. Some of these stores implemented ABS during this period and 

therefore have incomplete data. After filtering these sales, 78 stores remained. 

A first analysis over the data has been conducted to confirm whether the problem does actually exist. 

Several groups have been inspected on their total group variance and within group variance. Table 1 

shows the indices for articles within the product group B08 (oxygen sealed bread). The three articles 

with the lowest index and the three articles with the highest index are shown. For reliability only  

articles with sales above 400 were selected.  

 Description Sales Forecasted Index 

MARK.BRUNCHBROOD    9X25G00640 1966 324 6,06 

MARK.ROOMB.CROISSANT4X45G10012 3800 988 3,84 

BREEKBR.KNOFL./BIESL.200G00051 428 121 3,52 

MARK.MAALTIJDPITA   6X80G 1007 965 1164 0,83 

MARK.PITA BROODJES8X47,5G 1002 2781 3582 0,78 

SOMA VOLK.ROGGEBROOD 400G 0204 404 522 0,77 

Table 1; Indices ZAV brood, article level (based on 2011 sales, Easter) 

The table shows that indices vary from 0,77 to 6,06. The average for the product group was 1,83. The 

table shows that pita breads (Turkish delicacy) are sold even less than normal during Easter, which is 

quite logical since Easter is a Christian holiday. For the big growers a huge difference can be seen 
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between the brunchbreads (6,06) and croissant (3,84) and break breads (3,52). In the current 

situation all these articles are assigned with an index of 2,43, which is inaccurate for all of these 

products. These results show the necessity to assign indices on an article level. Notice that the 

articles are assigned with an index of 2,43 while the average was 1,83. This is an effect of including 

promotion sales into the calculations, which is explained in the following section.   

2.6 Increased promotion pressure 
During the problem identification the idea was introduced that increased store traffic during peaks 

leads to an increased proportion of promotion sales. For the determination of seasonal indices 

promotional sales are included. This would mean that forecasts of regular products are multiplied 

with indices that are estimated too high. It is therefore decided to test this hypothesis by using a t-

test which compares promotional pressure during peak moments versus promotional pressure of 

regular weeks.  

 

In table 2 the promotion pressures for each peak moment and the average of all other weeks are 

shown.  

Peak Weeknr. Promotional pressure 

Carnival 9 20,1 % 

Easter 16 17,2 % 

Pentecost 23 17,6 %  

Christmas and old & 

new period 

50 20,1 % 

51 13,2 %  

52 15,5 % 

Regular weeks All others 15,0 % 

Table 2; Promotional pressure during peaks 

It is obvious that average promotional pressure during peaks is higher than during regular weeks. A t-

test has been conducted to confirm if a significant difference can be detected. Descriptive statistics of 

the sample sizes are shown in table 3. Table 4 shows the SPSS output for the independent samples 

test. 

 Peaks Regular 

N 6 46 

Average 17,27 % 14,98 % 

St. Dev. 2,68 2,10 

Table 3; T-test promotion vs. regular weeks 

 
Table 4; Independent samples test (SPSS) 

Considering an α of 0,05 the Levene’s test turns out to be non-significant (0,603), meaning that equal 

variances can be assumed. The found t-test has a value of 0,018, which means that the null 



9 
 

hypothesis is rejected. It can therefore be stated that a significant difference between promotional 

pressure during peak and regular weeks is found. This test is based on the sales data of 6 peaks. To 

enlarge reliability of the results found, the test will be conducted again when sales data over more 

years has become available.  

 

2.6.1 Effect of including promotions 

To explain the influence of the increased promotion pressure the example of section 2.5 is discussed. 

Table 5 shows the forecasted sales (MA6) and realized sales of oxygen sealed bread during Easter 

2011. Because promotion products can be expected to have increased sales compared to the MA6 

these sales can’t be compared correctly and are therefore lightly colored. The table shows that with 

current procedure a seasonal index of 2,43 for B08 would be assigned while non-promotion sales 

actually increase by a factor 1,83. It is also shown that promotion products are sold at 3347% 

compared to regular weeks. As explained in section 3.4 the forecast of promotion sales is performed 

separately and the effect of the seasonal indices is only minor.  

ZAV brood Sales Forecasted AVG sales Index 

Promotion 36913 1103  33,47 

Non-promotion  82741 45203  1,83 

Total 119654 46306 49191 2,43 

Table 5; ZAV brood, Easter 2011 

In appendix B another example of promotion sales is given, the sales of beers during Carnival. All 

beers would be assigned with an index of 1,37 while the sales of non-promotion products was not 

increased at all (0,99).  

2.7 Research assignment 
This project is initiated because the process owner replenishment at EMTÉ indicated that he 

currently lacks guidelines to deal with peak moments. The project of Schuijbroek (2010) already 

confirmed that indices for article groups with high levels of variation are inaccurate. As a 

consequence of this sales for some products are lost while for other products inventories are 

increased unnecessary.  

 

To improve the current peak process at EMTÉ the research assignment for this project will become 

to:  

“Develop a methodology which will improve the inventory management at Sligro, by improving the 

accuracy of seasonal indices to forecast demand of peak moments.”  

 

In the previous sections the article group oxygen sealed breads has been used as an example to show 

that intergroup variation exists. It was also used to show that promotion effects behave differently in 

peak weeks which causes the indices to become inaccurate. The two main consequences of the 

inaccurate demand forecasts at EMTÉ are: 

- Articles with big growth have too low forecasts and are short during peaks 

- Inventories of articles with small growth (or even decline) are unnecessary enlarged and have 

to be stored in the backroom 
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3. Literature overview 
This section will provide an overview of the available literature about the subject of dealing with 

peaks. It captures the developments which are most relevant to the subject. It is also aimed at 

including the most recent papers. Information in this section is mainly obtained from Dankers 

(2012a), which is a literature study executed previous to this project.  

 

First, an introduction to the forecasting process within supermarkets is given. Characteristics of 

supermarkets sales are discussed and it is explained how forecasting systems are used to predict 

sales. Hereafter the application of seasonal indices to forecast sales during peaks is explained. An 

overview of advantages of both determining indices individually and at a group level will be given.  

Recent research is discussed in which statistical clustering procedures are used to determine product 

groups. Finally, a short description of the distribution control during peaks is given.  

3.1 Forecasting supermarket sales 
Assortments of supermarkets have been largely increased over the years and nowadays can have up 

to 30.000 different articles (Dekker et al, 2004). This makes it necessary to have forecasting methods 

that can be executed by computers. Therefore demand forecasting in supermarkets is often 

performed by a forecasting support system. The automated system makes a statistical demand 

forecast which can afterwards be adjusted by forecasting managers. Both Zliobaite et al. (2012) and 

Fildes et al. (2008) state that the prediction of sales during peaks can be handled best when 

combining a forecasting support system with managerial judgment. 

  

In retail environments often a (R,s,nQ)-policy is implemented in the system (Van Donselaar et al., 

2005). Every review period (R) the inventory position is checked whether it is below a reorder level 

(s). If this is the case, a multiple (n) of the case pack size (Q) is ordered to bring the inventory position 

at minimal back to s after reordering.   

 

Bakker and Pechenizkiy (2009) state that companies in the food retail often have to deal with short-

shelf life products and uncertainty and fluctuations in consumer demands. Some of the products also 

require special storage conditions (Zliobaite et al., 2012). For instance; frozen food articles. Another 

characteristic of the demand pattern is a strong intraweek fluctuation. In general supermarket sales 

are higher towards the end of the week (Friday and Saturday), this is acknowledged by Peters (2012) 

Retailers therefore occasionally move some of the replenishments moments towards the start of the 

week to decrease the work at the end of the week (Van Donselaar et al., 2010). An example of a 

product with a strong week pattern is steak tartare, which is especially eaten in the weekends and 

therefore bought at the end of the week.  

 

Taylor (2007) showed strong intra-week seasonality and also mentions high volatility and for most of 

the time series, fairly low volume as characteristics of supermarket demand. Only few of the series 

exhibit trend. Bakker and Pecheniziky (2009) mention price changes, promotions, changing consumer 

preferences and weather changes as factors explaining the high variations in the demand pattern. 

Figure 5 is a plot of one of the series and shows the high volatility. It also shows that for many days 

sales are positively skewed, which is logical since sales are bounded from below by zero.  



11 
 

 
Figure 5: Daily supermarket sales of a single item (Taylor, 2007) 

Statistical demand forecasts are mostly based on point of sales data and are called time series 

analysis. In supermarkets the more simplistic methods of moving average and exponentially 

smoothing are common used methods. Although forecasting competitions (Makridakis and Hibon, 

2000) have shown that more sophisticated methods, like Theta estimators, can even further increase 

forecasting accuracy, simple methods still offer good results. The more simplistic methods have the 

advantages that they can be implemented easier in forecasting support systems and supermarket 

managers still have the knowledge to understand them.  

 

Error measures are used to judge about the quality of the forecasts. Different error measures use 

different techniques to measure the gap between the forecasted and realized demands. MSE has 

been the most widely used method for a long time, hereafter also MAPE was very commonly used 

(Hyndman and Koehler, 2006). More recent research shows that the effectiveness of error measures 

highly depends on the characteristics of the demand distribution. Many researchers therefore judge 

their forecasting methods on a combination of several error measures. In the food sales market it is 

especially advised to use MASE as error measure (Bakker and Pechenizkiy, 2009). 

 

Recent research has addressed the fact that forecasting and inventory management have developed 

separated from each other. Benefits can be gained from synchronizing both. Forecasting methods 

should be judged on the amount of profit gained from using them. Beutel and Minner (2011) 

developed a regression analysis and linear programming approach in which demand forecasting is 

placed in a newsvendor context. This determines inventory levels based on the costs of stock outs 

and holding costs. 

3.2 Seasonal indices 
To take seasonality into account, often forecasted demands are multiplied with seasonal indices. 

These indices are a representation of the expected increase or decrease of sales of an individual 

product. Demand forecasting with seasonal indices can be based on two models; a multiplicative or 

mixed model (1) and an additive or adjustable model (2) (Chen and Boylan, 2007). These are shown 

below: 

 (1) ith i h ithY S  
  

 
(2) ith i h ithY S   
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Where Y is the demand,  is the average demand, S a seasonal index and  is a random error term 

which is normally distributed with mean zero and constant variance σ2. Further is i a suffix 

representing the SKU, t is the year with t = 1,2,…,r, and h represents the season with h = 1,2,…,q. 

 

At EMTÉ indices are multiplied with the normal forecasted demand. The indices are thus a 

representation of the expected increase or decrease of demand caused by the peak moment. This is 

called the multiplicative or mixed model, in which individual seasonal indices (ISI’s) are calculated by: 

 1( ,..., )i i iTISI f X X
 

 

In 2007, Chen and Boylan assumed that seasonality is unchanging from year to year and is the same 

across SKU’s or locations. In that case the formula which determines the ISI is simply the sum of the 

observed sales volumes in the seasonal weeks divided by the total value. The formula is given below: 

 
,1
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i tht
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i tht h

q Y
ISI
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Where q is the number of seasons and r is the number of years. 

 

The method used by EMTÉ differs in the way that indices are not multiplied with average demand 

over a year but with a moving average forecast over six weeks. Also the indices are calculated from 

dividing peak sales by their forecasted demand of the total product group. 

 
In past years assortments of supermarkets have been increased to over 30.000 items and at the same 

time product life cycles for many products have been reduced. This makes it hard to determine 

reliable seasonal indices since there are too many products to forecast and only little data per 

product is available. Standard methodology is to forecast each product’s demand separately, but 

forecasts can be improved by considering multiple products with a similar seasonal pattern 

(Ouwehand, 2006). Dekker et al. (2004) therefore recommend to use aggregation of data to make 

indices more reliable. Products could be tied in product families or “presentatie groepen” as they are 

called at EMTÉ. Indices calculated at group level should then be applied at an individual level. 

Products with the same expected seasonal pattern can be tied in groups and reliability will benefit 

from the reduction of noisy data in the group. Grouping makes it more easy to distinguish seasonality 

from randomness. Chen and Boylan (2007) presented two grouping methods which significantly 

reduced the forecast error. These are presented in the next section.  

 

An important disadvantage of applying individual indices is that they are sensitive for variation in 

demand patterns. By grouping products, the number of sales is enlarged and variation in demand 

pattern is decreased. Table 6 summarizes the advantages of using both ISI’s and GSI’s.  

Advantages group indices Advantages individual indices 

Higher number of sales, which decreases the 

relative variation and thus increases reliability 

(among others; Dekker et al., 2004) 

Products which behave differently from the 

others in the group can be estimated separately 

(Schuijbroek, 2010) 

Easily handle new products by assigning them to 

an existing group (Bunn and Vassilopoulos, 1993) 

Better peak preparation possible at stores as 

attention can be directed at peak products. 

(Schuijbroek, 2010)  

Table 6; Advantages different index methods 



13 
 

3.2.1 Grouping methods 

Two methods for grouping exist for which Chen and Boylan (2008) have given general formula’s. The 

first group seasonal index (GSI) was developed by Dalhart (1974) and is the average of all individual 

ISI’s within the group: 

 
,1

1 1

1 1
( ,..., )

m m

i iT i

i i

DGSI f X X ISI
m m 

    

Where m is the number of series in a group 

The second GSI method was developed by Withycombe (1989), his method calculates the GSI 

according to a weighted average by totaling all series within the group and then estimating the 

seasonal indices from this combined values.   

 
1

1 1

,...,
m m

i iT

i i

WGSI f X X
 

 
  

 
 

 
 

Chen and Boylan (2007) developed theoretical decision rules to decide which index method should 

be used. These rules compare the coefficient of variation of each group to two different versions of 

the ‘group’ coefficient of variation, which are calculated according to DGSI and WGSI. a GSI should be 

used if the group series are less noisy than the individual series. In this way noisy series “borrow 

strength” from the group (Chen and Boylan, 2008). Empirical evidence showed that GSI’s give better 

results than ISI. DGSI performed best of both grouping methods. 

 

Another result obtained is that noisier series benefit from using GSI. This is logical, since grouping the 

products will decrease the amount of random variation within the data. Also was shown that GSI 

performs especially better over ISI when only little data is available. This can also be explained by the 

fact that variation of the ISI will decrease as the number of observations increases.  

 

Grouping of products is mostly based on visual inspection. Dekker et al. (2004) suggested that 

grouping results could be improved by using a more detailed approach to determine the groups. 

Bunn and Vassilopoulos (1993) made groups based on some clustering techniques. However, the 

groups of products were distinct and relatively stable. Therefore no clear advantages of using 

clustering techniques were found but they also suggested that refinement of clustering techniques 

can improve the performance of grouping methods. Especially in environments characterized by very 

large data sets. Recent literature (Boylan et al., 2012) also aimed to improve accuracy by basing 

products groups on statistical characteristics. They used a clustering method which will be explained 

next.  

3.2.1.1 Clustering 

As stated in previous section, efficiency of applying group seasonal indices can be increased through 

the usage of a clustering technique to form groups instead of basing groups on visual inspection. 

Clustering is about objectively identifying a group with a similar seasonal pattern within a set of 

unlabeled data objects. A good clustering technique results in groups with high within-group 

homogeneity and high between-group heterogeneity.  

 

As stated before, individual indices are sensitive to high variations as they are based on few historical 

data. Grouping is therefore advised in order to reduce the amount of variance. Assigning these 
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indices on group level however enlarges the amount of bias with the individual product. Clustering is 

therefore used to find a number of clusters within a product group such that the group of products 

maximally benefit from the reduction of variance while not creating too much bias with the individual 

product forecast (Kumar and Patel, 2008). Indices determined within these clusters finally lead to the 

highest increase of forecasting accuracy.  

 

Although a variety of clustering techniques exist, hierarchical clustering and data partitioning are the 

two most well-known. In hierarchical clustering cases are divided into a tree of clusters. Two 

techniques exist; agglomerative (bottom-up) and divisive (top-down) clustering. (Subsets of) objects 

are either coupled or uncoupled based on their connectivity. Data partitioning techniques identify 

central vectors to which objects are assigned. Optimal centroids are determined by minimizing the 

distance to the objects. Several data partitioning techniques exist from which k-means clustering is 

most commonly used. This method will be discussed in the next section.  

 

Liao (2005) provided an extensive overview about the clustering of time series which could very well 

be used as a steppingstone for those interested in the topic. He states that time series data are 

converted such that regular clustering techniques for static data can be applied. Besides hierarchical 

clustering and data partitioning also self-organizing (or Kohonen) maps are mentioned as applicable 

techniques.  

3.2.1.2 K-means clustering 

K-means clustering is about identifying k partitions within a dataset of n objects. Each k represents a 

cluster with 1 ≤ k ≤ n. The algorithm uses the following steps: 

1. Define the number of clusters (k’s) 

2. Generate k starting points, cluster centers 

3. Link every data point to its closest cluster center 

4. Recalculate a new cluster center for each cluster separately 

5. Repeat step 3 and 4 until cluster center do not change anymore.  

 

Random cluster centers are determined within the reach of [nmin; nmax]. SPSS automatically chooses 

well-separated initial starting points. It warns to check data for outliers since these are usually chosen 

as initial starting points, which would result in clusters with small number of cases. Recalling the 

example of oxygen sealed bread in section 2.5, this can be a desired situation in the case of EMTÉ 

since brunch bread indeed turned out to an have excessive sales increase compared to the other 

products within the group.  

 

Objects are assigned towards the cluster centers based on minimal Euclidian distances. After the 

initial step has been performed new cluster centers are recomputed based on the cases in the 

cluster. Based on the new cluster center the cases are assigned again until no changes occur 

anymore.  

3.2.2 Shrinkage 

A second stream in literature aimed at improving the quality of seasonal indices is the usage of 

shrinkage. Shrinkage is the damping of the estimated seasonal indices towards 1. Miller and Williams 

(2003) tested two estimators, the James-Stein shrinkage estimator and the Lemon-Krutchkoff 

estimator. A paper which treats both shrinkage and grouping indices is that of Chen and Boylan 
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(2008). The research showed that the shrinkage methods give comparable results to the grouping 

methods. They advised that future research should be aimed at considering the combination of both 

methods. 

 

The most recent literature of seasonal indices is of Zhang et al. (2011), they showed that grouping 

methods can even be further improved by adding a shrinkage parameter. The effect of adding a 

shrinkage parameter isn’t as big as the grouping of indices. Improvements up to 20 % can be reached 

by combining grouping and shrinking. 

3.3 Distribution control 
Distribution control concerns when and how supermarkets are distributed from the distribution 

centers. Demand peaks will have a huge impact on regular distribution control. Peaks will increase 

the workload of the logistic processes of replenishing the supermarkets during that weeks. Van 

Donselaar et al. (2010) therefore state that it is necessary to spread the replenishments over a few 

weeks such that work load can be divided over the weeks before a peak. This is a process which is 

called order shifting. It should be avoided to shift the supply of perishable products forwards, since 

these can be wasted.  

 

Another recent discussion is whether labor plans in retail organizations should be made based on 

forecasted sales or forecasted store traffic. Empirical evidence showed that customers buy more 

when they experience a high level of service. It is therefore recommended to make labor plans based 

on store traffic (Netesinne et al., 2010). 
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4. Research Design 
The problem definition and literature review have been used to develop four hypotheses which can 

be used to answer the research question. This chapter will give qualitative support for the formed 

hypotheses. Also the problem scope and practical requirements will be addressed. Lastly the 

experimental designs of the research analyses are presented.   

4.1 Research questions 
In the problem definition it was concluded that EMTÉ currently lacks the ability to efficiently deal 

with peaks. ABS is based on an univariate forecasting method which is incapable of predicting 

demand peaks. ABS does provide the option to assign seasonal indices towards products such that 

demand forecasts are adapted. These indices are however only slightly based on quantitative 

historical data and no clear guidelines about how to determine them exist. A previous project of 

Schuijbroek (2010) concluded that EMTÉ makes reasonable estimates about seasonal indices on 

article group level but that indices can be improved when aggregating towards lower levels.  

 

The research assignment for this project therefore became:  

Develop a methodology which will improve the inventory management at Sligro, by improving the 

accuracy of seasonal indices to forecast demand of peak moments.  

 

EMTÉ has grouped products based on product characteristics and not especially at their seasonal 

behavior. Reasonably the products within a group show some similar peak pattern, the problem 

analysis of this report however showed that still high intergroup variation exists. EMTÉ therefore 

expects that individual indices will perform better than current groups. Literature however suggests 

that individual indices should be grouped to improve their quality. Seasonal characteristics should be 

used to form the groups. Recent research uses clustering techniques to form product groups.  

 

Section 2.3. described the current process of EMTÉ. Only sales of previous year are currently used to 

determine the indices for the present year. Quality of the indices can probably be increased by 

including more years of sales history. Also increased promotion pressure was identified as a factor 

disturbing the forecast accuracy of the indices.     

 

To achieve the goal of improving the accuracy of the seasonal indices, findings done in recent 

literature and the identified problems will be investigated. A total of four aspects will be considered: 

 

- Individual and group indices 

- Clustering 

- Forecasting method 

- Promotion effect 

 

Individual and group indices 

As Schuijbroek (2010) showed, indices will improve when individually forecasted, which was also 

hypothesized in the problem defination. This will especially hold when high levels of intergroup 

variation exist.  

Hypothesis I:   Individual seasonal indices will improve forecast accuracy, especially in  

   groups with high intergroup variation.  
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Clustering  

Currently, article groups at EMTÉ are made based on product characteristics, seasonal behavior is not 

taken into account. Using an statistical clustering method will improve the quality of group indices as 

individual articles benefit from being clustering with similar products.  

Hypothesis II:  The forecast accuracy of the indices will be improved by the usage of a  

   statistical clustering method to determine article groups 

 

Forecasting method 

Currently only one year of sales history is being used to make forecasts of the indices. Including more 

years of sales history will enlarge forecast accuracy as more observations are being used.  

Hypothesis III:   Forecasting methods including more years of history will perform better than 

   naïve forecasting (current method). 

 

Promotion effect 

From the problem definition was obtained that promotion pressure increases during peak moments. 

Removing promotion sales from the forecasts will improve its accuracy.  

Hypothesis IV:  Removing promotion sales from the group indices will improve forecast 

   accuracy. 

  

After the hypotheses are investigated, results will be used to develop a methodology to determine 

seasonal indices. Guidelines will be developed about how to implement the obtained strategy.  

4.1.1 Problem scope 
In order to set feasible project goals some boundaries are set to the problem. These will be 

presented in this section. Firstly, the project is directed at the food retail branch of Sligro Food 

Group, thus EMTÉ supermarkets. Within food service another inventory policy is being used and 

other practical issues occur compared to food retail. Possibly the outcome of this project can be used 

as an input for developing a methodology for dealing with seasonality in the food service branch. 

 

Another boundary set to the project is about the promotion products during peaks. As explained in 

section 2.4 promotion sales are forecasted separated from the ABS system. Seasonal indices are only 

of minor influence to promotion products. Also promotion forecasts are made outside the 

department at which the project is executed. Next to promotion products also in/out products are 

left outside the scope, since these products are only sold once. Therefore, only regular products are 

included in the project. 

 

One important aspect which should be considered is which peak moments should be included in the 

analysis. Although summer holidays (in Zeeland) and Ascension day (seasonal indices for a few article 

groups) were mentioned before, it is decided to include the peaks identified by Schuijbroek (2010) 

into the project. These peaks were proven to have significantly deviating sales compared to normal 

weeks and can therefore be expected to benefit most from a seasonality methodology. In future the 

developed technology could also be applied to the other peak moments. The peaks identified by 

Schuijbroek were: 

- The week before Carnival 

- The week before Easter 
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- The week before Pentecost 

- The week of/before Christmas 

- The week of/before Old and New year 

 

A practical limitation is however encountered in determining the indices of the Christmas period. This 

will be explained in the following section.  

4.1.1.1 Christmas period  

During Christmas and at New years day, supermarkets are closed, which results in peak weeks with 

less sales days. Christmas and New year also fall on different week days each year. Table 7 for 

instance shows that Christmas 2009 was on a Friday and Saturday, resulting into four sales days 

before Christmas, while 2011 had six sales days. Therefore sales during the Christmas week of 2011 

can be expected to exceed those of 2009. This is indeed confirmed in figure 6 which shows sales 

volumes at a weekly level for 2008 until 2011. The sales pattern at a weekly level during the 

Christmas period differs from year to year, depending on the days of Christmas and New year. Due to 

less sales days the situation occurs that at weekly level no peak can be identified, while at a daily 

level sales volumes will have had a huge increase. Calculating indices aggregated at a weekly sales 

level will therefore not give a justifiable representation of the expected sales increase at a daily level 

and seasonal indices obtained in one year cannot be applied on subsequent years.  

 Christmas New year 

Year Week Day Days before 

Christmas 

Week Day Days before 

New year 

2008 52 Th, Fr 3 1 Th 3 

2009 52 Fr, Sa 4 53 Fr 4 

2010 51 Sa, Su 5 52 Sa 5 

2011 51 Su, Mo 6 52 Su 5 

Table 7; Christmas period 

 
Figure 6; Sales during Christmas period 

 

The findings in this research were compared to the turnover values of all Dutch supermarkets of past 

years as published by Gfk. The same strong deviation between different years of the sales pattern 

during the Christmas period can be seen here.   

Due to these inconsistencies between years and different levels of aggregation, seasonal indices 

cannot be used uncorrected for this research. This research is therefore aimed at the other three 
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remaining peaks (Carnival, Easter and Pentecost) and can in a later phase be applied to the Christmas 

period.  

4.1.2 Practical requirements 

Now the project goal has been defined and the scope of the research is given, it is important to 

indicate some practical requirements. Three requirements are set to the methodology to develop. 

1. Simplicity; the developed methodology should be easy to understand such that all 

stakeholders within EMTÉ are capable of dealing with it.  

2. Operational limitations; the method should be implementable into the processes of EMTÉ. It 

must be possible to adjust the inventory system if necessary and practical issues such as 

available time of users should be considered.  

3. Data availability; the methodology will be based on historical sales data. All required data 

should be available to the system.  

4.1.3 Data Collection 

POS data of 17 EMTÉ supermarkets during the period of week 1 2008 until week 17 2012 have been 

made available for this project. This period covers five years for Carnival and Easter, while covering 

four years of Pentecost. The data consists of sales volumes per SKUid, per day, per store. Further 

information is available about promotion history, stores, articles, article groups and peak weeks.   

Seasonal indices at EMTÉ are made at a weekly level, therefore the data have been aggregated to 

weekly sales, per SKUid, per store. As in ABS, demand forecasts at a week level are calculated using a 

moving average over 6 weeks, while excluding sales during promotion weeks. Hereafter, it was 

possible to calculate the seasonal indices of the peak moments.  

Another important modification made towards the data is the replacement of article numbers. Over 

years article numbers have changed to new ones while the products still remained the same. All sales 

records have been modified such that they contain their current article number. This is also 

important for EMTÉ in future prospects as these old article numbers contain much information about 

the seasonal behavior of a product.  

4.1.3.1  Article groups 

For this research, five article groups have been selected. These are selected in consultation with 

EMTÉ since these are expected to show a strong seasonal behavior.    

- Canned fruit (A02) 

- Oxygen sealed bread (B08) 

- Salads (V64) 

- Sauces and acids (A09) 

- Beers  (C90) 

 

Guidelines obtained from analyses of these groups can later be applied to the other groups.  

4.2 Research structure 
Before analyses was performed to test the hypotheses (I, II and III) some preliminary tests were 

conducted. It was investigated if differences in seasonal pattern between different stores and years 

exist. Hereafter hypothesis IV was tested to check if promotion sales have to be excluded from 

indices forecasts. Next, an important decision rule was developed to exclude slow movers from the 
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analyses. After these analyses, hypotheses I, II and III could be tested. Finally, it was checked if results 

obtained for the hypotheses from the dataset of 17 stores also hold when more stores are included. 

 

Subsequent paragraphs discuss the research designs of the analyses that were mentioned above.   

4.2.1 Store differences  

It will be investigated whether differences in seasonal pattern between stores exist. If not, sales 

volumes of the stores can be grouped to determine the indices. An ANOVA test and indices rank are 

used to check if one or more of the 17 stores behave significantly different during peak weeks. Also 

an regression analysis was performed to test if the size of a store is of influence to the performance 

of stores during peaks.  

4.2.2 Year differences 

An ANOVA-test was also applied to test whether or not differences between different exist. Seasonal 

indices turn out to differ among the years. Temperature data were linked to the indices to explain 

the differences between the years.   

4.2.3 Promotion pressure 

Hypothesis IV was investigated before the other hypotheses were analyzed. The behavior of 

promotion pressure during peaks is analyzed to decide if promotion sales have to be removed from 

the group indices. An linear regression has been fitted to the behavior of the promotion pressure 

during different weeks. The residuals of this model are checked for outliers and matched  with the 

peak weeks. An independent samples test is used to compare the residuals of the model for peak and 

regular weeks.  

4.2.4 Excluding slow movers 

Indices of slow movers tend to become inflated since their denominator is close to zero. This causes 

the indices to become unreliable and are therefore excluded from the analyses. By distributing 

indices into percentile intervals is investigated which boundaries can be set to remove the slow 

movers. Additional analyses have been performed to show that the effect of indices for slow movers 

in ABS is only minor.   

4.2.5 Indexing method 

Two indexing methods exist; grouping and individual determination of the indices. In the project 

description of EMTÉ it was stated that they expect an improvement by using ISI’s instead of their 

currently used GSI because intergroup variation exists.  An important aspect of this research is 

therefore to compare the usage of individual indices and group indices (hypothesis I). 

4.2.5.1 DGSI 

Two grouping methods were obtained from literature; DGSI and WGSI. DGSI is the average of the 

indices within a group, while WGSI is the weighted average of the indices in a group.  

Unlike literature, EMTÉ does not use a model in which all weeks are assigned with a seasonal index. 

In the multiplicative seasonal model found in literature the average for the indices over all periods 

equals 1. 
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Seasonal indices in literature represent the factor of sales during a period compared to the average 

sales per period over the year. At EMTÉ they reflect the expected multiplicative increase of sales 

compared to regular weeks. As a following of this the average of the indices will not be 1. But, in 

general, for the peak moments on average higher than 1. For slow movers the indices even tend to 

become inflated. Taking the average of the individual indices as a forecast for the group will 

therefore become overestimations of the real indices. It is therefore expected that DGSI will perform 

worse for the indices as used by EMTÉ. WGSI gives less weight towards the indices of the slow 

movers and will therefore give more reliable results than DGSI does. Results for the DGSI and WGSI 

method will be compared to support this section.  

4.2.6 Forecasting method  

A second factor is the forecasting method used to determine the indices (hypothesis II). Three 

methods will be used here. The first method is the naïve method which uses the last observation as a 

forecast for the next observation. Furthermore, a moving average method is used and the last 

method is an weighted moving average method. These will be further explained in the following 

section.  

4.2.6.1 Assortment replacements 

One of the characteristics of supermarket assortment is the high level of replacements. Very often 

new products are introduced into the market and old ones are removed from the assortments. Table 

8 shows the number of articles in the assortment during Easter 2012 and the percentage of them 

which were already in the assortment during previous years. The table shows that for the current 

assortment only 76,5% of the articles have sales history of previous year and 34,4% have four years 

of history.  

Year # SKU's Percentage 

2012 13696 100,0% 

2011 10480 76,5% 

2010 7820 57,1% 

2009 6003 43,8% 

2008 4713 34,4% 

Table 8; Assortment change 

 

This is an important practical restriction for the forecast methods that can be applied. For the 

products without sales history of the previous year no forecasts can be made about the seasonal 

indices and they are therefore excluded from the analyses. For the other products only limited 

history is available which makes it impossible to apply a moving average with a fixed number of years 

of history. It is decided to apply the forecasting methods to the best available options at EMTÉ. This 

means that for the simple moving average and weighted moving average methods as many years are 

taken into account in making the forecasts as history is available (as far as 2008). For the simple 

moving average this means that all years of history are given equal weights. For the weighted moving 

average weights are given according to table 9. This strategy can be compared to an exponential 

smoothing method with an α of 0,5. Due to the short history available at EMTÉ it is impossible to use 

an exponential smoothing method.  
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Years of 
history 

n-1 n-2 n-3 n-4 

1 1    

2 0,5 0,5   

3 0,5 0,25 0,25  

4 0,5 0,25 0,125 0,125 

Table 9; Weights average forecasts 

The decision made brings the consequence, that differences found between the different forecasting 

methods are not an absolute reflection of the true differences that are obtained from applying the 

different methods. They do however give a good reflection about which method performs best. This 

limitation for theory could be avoided by only including the articles for which full sales history is 

available. This would however greatly decrease the sample size and a judgment about forecasting 

methods performances is not in line with the objective of this project.   

4.2.7 Index policies  

Summarizing, there are two grouping methods and one individual method which can be combined 

with three forecasting methods to determine the indices. As stated in section 4.2.5.1 DGSI performs 

worse and therefore only WGSI will be included in the analyses. WGSI (from here on; GSI) and ISI are 

combined with all three forecasting methods resulting in a list of 6 indexing policies that are 

presented in table 10. The GSI naïve method is the method which is currently applied by EMTÉ.  

GSI Naïve (current method) 

GSI WMA 

GSI SMA 

ISI Naïve  

ISI WMA 

ISI SMA 

Table 10; Applied forecasting methods 

Results of the analyses will first be used to determine the best indexing method and hereafter for the 

best forecasting method. Finally, the results of the current method are compared to the best 

obtained indexing policy.  

4.2.8 Clustering 

As explained in section 4.2.5.1 indices at EMTÉ do not average 1. The other difference with literature 

is that EMTÉ does not use indices to predict a seasonal pattern but to predict a single peak moment. 

Indices of ÉMTÉ can therefore not be clustered as a time series but as static data. To clarify this, 

figure 7 presents the indices of B08 during the selected peak moments of 2011.  

 
Figure 7; Indices B08 2011 
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The figure above shows the indices that were obtained for each single peak moment. For each peak 

moment a clustering technique can be applied to form groups. In this manner clustering is based on a 

set of univariate indices. Indices of a singular time point (peak moment) are used to form the 

clusters. Together with the practical requirement of developing a simplistic practical method makes it 

reasonable to use a traditional method to cluster instead of a more sophisticated method. K-means is 

chosen since it is less complex than hierarchical clustering.  

 

After the best forecasting method has been determined, indices obtained by this method will be used 

to test a k-mean clustering procedure. Clustering is performed within the existing product groups as 

it is implausible that products with a similar seasonal pattern are not already in the same category. 

For the procedure with a singular data point a number of k’s are chosen according to the Fibonacci 

sequence; 2, 3, 5 and 8. Results of the clustering procedure are compared with the GSI (k=1) and ISI 

(k=n) method.  

4.2.8.1 Clustering of time series 

The number of time stamps used to cluster can be enlarged by including other peak moments. 

Seasonal indices of the three peak moments can be used to form clusters. In this manner, a small 

time series is being created. Products that show a similar pattern for all three of the peak moments 

are clustered into groups. Indices benefit from information of the other peak moments. In section 3.2 

literature was shown approving that seasonal indices benefit from being clustered on the bases of 

time series.  

 

After the best number of k’s has been determined for a single peak moment, this number of k’s will 

be used to conduct analysis for the usage of more peak moments. Available peaks for 2011 and 2012 

are included into the analysis. As Pentecost 2012 is not in the dataset, five peaks remain to be 

included. The analyses will be performed for the groups B08 and C90, resulting in a total of ten test 

groups. Indices are assigned using three policies; ISI, clustering on a single peak moment (Clus 1) and 

clustering based on the time series of Carnival, Easter and Pentecost (Clus 3).   

4.2.8.2 Expected result  

Main difference between the indices used in literature and in the case of EMTÉ is that EMTÉ uses the 

indices only to predict sales of peak moments. Indices as applied in previous literature gain power 

from being clustered with other indices with a comparable seasonal pattern. Information of more 

data points in the time series enlarge the reliability of the indices. In the case of EMTÉ indices can 

only be clustered at the observations of a single or few time stamps. 

 

As a consequence of this, it becomes unlikely that clustering techniques are able to identify similar 

peak products for singular peak moments. Products are expected to benefit from clustering as 

variation decreases from being grouped with other products, while bias with the individual pattern is 

only slightly enlarged. Since clustering is based on a singular observation, bias with the individual 

products is increased, variations however is not decreased as much as can be expected by the 

clustering of a time series. The more clusters are assigned, the closer the assigned indices will 

approach the only observed parameter of the probability distribution of the indices. It is therefore 

expected that cluster performance will improve as the number of clusters  increases. Which basically 

is an indication that clustering will not be a suitable technique for indices applied for just one period 

per year.  
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It can however be expected that quality of the cluster groups can be increased by the usage of more 

data points. In this manner clustering can be based upon a time series instead of static data. 

However, in this case only three periods a year are identified with indices instead of all periods. The 

expected result is therefore that indices will benefit from using more peak moments into the 

clustering, but benefits will only be minor as only three peak moments are included into this analysis.      

4.2.9 Human judgment clustering 

In previous section statistical clustering has been mentioned as clustering procedure. Another 

method is to base clusters on human judgment. As stated before, current product groups at EMTÉ 

are based on product characteristics other than seasonal behavior. In this research two inventory 

planners, with many years of experience, of EMTÉ are asked to make clusters based on seasonal 

behavior. This procedure is performed for the test group Easter B08 2012. Results are compared to 

the grouping methods, the statistical clustering method (k=8) and the individual method.    

4.2.10 Attribute forecasting 

A last procedure which will be tested is attribute forecasting. Attributes of a product can be used to 

make reliable demand forecasts. Especially in situations where little sales history is available, 

information of attributes can be used to predict sales. This research addresses this method as a 

possible direction for future research. The presumption that customers tend to buy more expensive 

products to celebrate a holiday will be tested. This will be done by testing a simple linear regression 

model for the product groups B08 and C90. Where respectively price/kilo and price/liter are used as 

independent variables to predict seasonal index.  

4.2.11 Extending number of stores 

To determine peak indices two strategies can be chosen about the number of stores to include: 

1. Total set of stores 

2. A sample size of the stores 

 

The first strategy benefits from the law of large numbers. Small disturbances on a local level are 

damped by the ‘brute force’ of using many observations. The second strategy can be beneficial if a 

representative sample size of the total population is taken and controlled for local errors. This 

strategy is desirable if the quality improvement obtained by controllability compensates for the loss 

of forecast accuracy obtained by including less observations. Moreover, a smaller set will also be 

more easily to maintain.   

 

Local disturbances which can be detrimental to the quality of the indices are; local fairs, closed 

competitors, closed roads, one-time large orders etc. Within EMTÉ, local store managers have the 

opportunity to identify unreliable weeks caused by these local disturbances as promotion weeks. In 

this manner these weeks are being excluded from future demand forecast. EMTÉ has indicated that 

they are satisfied with how this system currently works. So quality control is already executed at a 

local level. Other general disturbances like changing assortments, delivery problems etc. can all be  

controlled centrally and are not influenced by the number of stores included in the set.  

 

Another important limitation which heavily influences the decision about the dataset size is the loss 

of information. From the law of large numbers it is obtained that reliability increases as the number 
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of observations increases. Likewise the analyses performed to exclude slow movers in section X, the 

indices will become less reliable as the number of sales drop. It is therefore always favorable to 

include all available stores as long as quality can be controlled. EMTÉ has also indicated that there are 

no capacity restrictions for the large number of sales data.  

4.2.11.1 Design 

Results obtained for the indexing policies in the analyses with a dataset of 17 stores are compared 

with the dataset containing 78 stores. The GSI Naïve, GSI SMA and ISI SMA policies are included into 

the analyses. As stated in chapter 2 the dataset with 78 stores contains sales data from week 48 2010 

until week 47 2011. Therefore this analysis has been performed for Easter 2011. Sales history of the 

dataset with 17 stores has been used to determine indices for the dataset with 17 and 78 stores.  

 

For several reasons (changing assortment, changing product groups) both datasets do not exactly 

contain the same products. Therefore only those products present in both datasets were included 

into the analyses.  

 

Since sales numbers for the dataset with 78 stores are far larger than for the dataset with 17 stores, 

deviations between forecasted and realized demands, expressed in sales numbers, are larger as well. 

Therefore the error measures based on sales numbers were excluded from the analysis.  

 

For above reasons, results found in this analysis for the set of 17 stores cannot be directly compared 

to the results in previous analyses. It is analyzed if similar differences between performances of the 

indexing policies are found for both datasets.  

4.2.12 Error measures 

From Dankers (2012) was obtained that many different applications of error measures exist. They are 

used to judge about the quality of the forecasts. Different error measures use different methods to 

measure the gap between the forecasted and realized demands. MSE has been the most widely used 

method for a long time, hereafter also MAPE was very commonly used (Hyndman and Koehler, 

2006). More recent research shows that the effectiveness of error measures highly depends on the 

characteristics of the demand distribution. Many researchers therefore judge their forecasting 

methods on a combination of several error measures. In the food sales market it is especially advised 

to use MASE as error measure (Bakker and Pechenizkiy, 2009). 

 

For this research results are judged on their MSE scores, as this is a widely used application that can 

directly be linked to the standard deviation of the error. However, these scores have the 

disadvantage of being dominated by fast-movers. Total MSE scores of a group can become very high 

because one or two individual articles have a high deviation. Therefore also MAE is included, which 

measures the means absolute error and is therefore less sensitive for the results of just a few 

extreme products. An indexing method can for instance score worse on MSE as MAE, because one 

article within the group had a real worse forecast, while all other articles in the group were 

forecasted better using the index method. 

 

MAPE is the other most commonly used error measure and is also included into this research. It is 

unit free and gives a good reflection of the relative deviation between the forecasted and realized 

sales. It does however have the disadvantage of being sensitive for slow movers. Relative deviation 
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becomes very high while absolute deviation is only minor. Another disadvantage is that higher 

penalty cost are given to positive deviations than to negative deviations (which are bounded below 

by 100%). An error measure which corrects for this weakness is the sMAPE. It is also less sensitive for 

slow-movers as it divides the error by the sum of both the forecast and the realized sales. Compared 

to MAPE it has the disadvantage that its outcome cannot be interpreted directly.  

The results of applying index methods can be judged on two factors; the deviation between 

predicted and realized sales or predicted and realized indices. Judging errors on sales has the 

disadvantage of being very sensitive for the fast movers, while judging on index is very sensitive for 

slow movers as their indices are very sensitive for variation.  

Using the determined error measures for both sales errors and indices errors results in a total of six 

error judgment methods (relative deviations are equal for both sales and indices so MAPE and sMAPE 

are independent for the used factor). These are shown in table 11. For a good judgment about the 

index methods the combination of all measures is considered as they all have their own strengths 

and weaknesses. 

MSE sales 

MAE sales 

MSE indices 

MAE indices 

MAPE 

sMAPE 

Table 11; Used error measures 

 

Although MASE was advised for judging supermarket sales, it has been left out of this research as it 

turned out to inflate when sales volumes between two years were very close to each other 

(denominator approaches zero).   
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5. Results & discussion 
In this chapter empirical data is used to test the made hypotheses. The analyses are discussed 

according to the proposed research design presented in previous chapter. Based on the results of the 

tests the hypotheses are being discussed.  

5.1 Store differences 
Variance will decrease as the number of observations about a stochastic variable increases. 

Therefore, it can be stated that the reliability of the seasonal indices increases when the 

supermarkets show the same demand pattern. If differences exist between stores, it would make 

sense to individually forecast indices for each store or group stores with the same behavior. In this 

section ANOVA-tests, an indices rank and regression analyses are used to test the hypothesis that all 

stores show the same sales pattern during peaks.  

The tests are conducted for the total sales, oxygen sealed breads (B08) and salads (v64) for all three 

included peaks.  

5.1.1 ANOVA test 

An ANOVA test is a robust method to test if differences between groups exist. In this case the 

obtained indices are assigned to their store number to test whether differences exist. A significant 

result (α<0,05) is an indication that between store differences do exist. Results are shown in table 12. 

 Total B08 V64 

Carnival 0,984 0,054 0,603 

Easter 0,004 0,475 0,985 

Pentecost 0,362 0,858 1,000 

Table 12; Results ANOVA tests 

Only for the total sales during Easter a significant result was found. When zooming into this analysis it 

is found that store 4204 (Cromvoirt) has significantly higher sales compared to the other stores. 

Removing this store from the analysis resulted in a non-significant ANOVA test.  

The other tests do not show significant results. A remark however has to be made that the analyses 

are conducted over 17 stores with 5 observations (2008-2012) per store. These small group sizes 

make the results vulnerable for violating the normality assumption. Although the ANOVA tests are 

quite robust for violations of the assumptions the results require further analysis. Therefore a sales 

rank has been made.  

5.1.2 Indices rank 

In this indices rank the stores with the highest indices during a peak are assigned with a 1 while the 

worst scoring store is assigned with a 17. The results of this analysis for the total sales during Easter 

are shown in table 13. In this table can be seen that Cromvoirt has the highest increased indices for 

all years. In appendix C results are also shown for Carnival and Pentecost. It can be seen that also 

here Cromvoirt performs remarkably well.    

It is therefore investigated what can probably have caused these remarkable results. From interviews 

with the store manager and advisor it was obtained that Cromvoirt is a very season sensitive store as 

it is surrounded by some campsites. People go to these places for a short holiday during Easter and 
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Pentecost and buy their groceries at the EMTÉ store in Cromvoirt. A second reason of less influence is 

that Cromvoirt is a wealthy town where people buy excessively during peaks.  

It is decided to leave the data of Cromvoirt into the analysis as this is the only outlier found. It can 

reasonably be assumed that behavior of the other stores is random. In future, indices will still be 

obtained from the total sales and its advised that local store managers should make notice of this 

fact and increase inventories by itself. Such ‘local’ characteristics should not be directed from head 

quarter. 

  
Table 13; Indices Rank Easter (total sales) 

5.1.3 Regression analysis  

Regression analysis has been performed to test the hypothesis that the store size will influence 

behavior during the peak weeks. Hereby gross and net sales surface are tested as independent 

variable influencing the dependent variable, index. Results of these analysis are shown in table 14.   

Peak Surface Total B08 V64 

Carnival Gross 0,760 0,523 0,837 

Carnival Net 0,718 0,685 0,688 

Easter Gross 0,001 0,050 0,861 

Easter Net 0,002 0,117 0,988 

Pentecost Gross 0,524 0,007 0,814 

Pentecost Net 0,194 0,019 0,715 

Table 14; Results Regression analysis 

Total sales for Easter show a significant results. Zooming deeper into this results again show that this 

is caused by Cromvoirt as it is a very small store. The other control groups show no significant 

relation with store size. It is therefore concluded that store size does not affect seasonal behavior.    

5.2 Year differences 
Another factor which is capable of influencing the indices is differences between years. Again 

through ANOVA tests can be justified if indices differ significantly from year to year. In this test 

indices of the different stores are assigned to 5 groups of 17 stores for Carnival and Easter and 4 

groups of 17 stores for Pentecost. Results are shown in table 15.  

 

Sum of rankKolomlabels

StoreID 2008 2009 2010 2011 2012 Total

4202 12 6 2 15 15 50

4204 1 1 1 1 1 5

4206 3 17 11 16 16 63

4208 13 5 10 12 12 52

4210 14 7 16 17 13 67

4212 2 9 7 2 6 26

4214 8 14 9 11 9 51

4216 6 11 15 8 7 47

4218 16 15 13 9 2 55

4220 5 13 14 3 17 52

4222 9 2 17 5 5 38

4226 15 16 12 14 14 71

4228 4 4 4 13 3 28

4232 11 12 8 7 11 49

4234 7 8 3 10 4 32

4236 10 10 6 6 8 40

4238 17 3 5 4 10 39

Total 153 153 153 153 153 765

Easter
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 Total B08 V64 

Carnival 0,000 0,000 0,000 

Easter 0,007 0,000 0,000 

Pentecost 0,022 0,000 0,000 

Table 15; Results ANOVA test (year) 

It can be seen that all tests turn out to be significant, indicating that indices differ from year to year. 

One of the possible factors explaining this can be the influence of weather conditions. Next, the 

influence of temperatures will be discussed. 

5.2.1 Temperature influence 

Temperatures are an influencing factor for the consumer behavior. Sales for products like ice cream 

and salads are likely to increase as soon as temperature raises. When these temperature raises occur 

during a peak week, indices will be found which can not entirely be explained by the peak but also by 

weather influence. To give a more clear insight into this effect, figure 8 shows the temperatures of 

the three weeks before Easter and the actual week itself. These temperatures were calculated using 

data from the KNMI (National Dutch Weather Institute) 

 
Figure 8; Week temperatures in ºC, Easter (2008-2012) 

It can be easily concluded from the figure that Easter 2011 was a warm week compared to the weeks 

previous to it.  It can therefore be expected that the index found for the group salads (V64) in 2011 

will be higher than those of the other years. This is shown in table 16; which shows the obtained 

indices for the product categories during Easter.  

CategoryID 2008 2009 2010 2011 2012 

A02 1,48 1,57 1,60 1,84 1,71 

A09 1,32 1,34 1,60 1,67 1,37 

B08 2,19 1,54 2,02 2,26 2,23 

C90 1,14 1,34 1,18 1,51 1,16 

V64 1,50 1,49 1,56 2,14 1,46 

Table 16; Seasonal indices for Easter 

This effect can be expected to be even stronger for typical hot weather categories, three of them are 

shown in table 17.  
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CategoryID Description 2008 2009 2010 2011 2012 

E14 BBQ and accessoiries 1,5 9,2 3,77 12,49 1,28 

V82 Fridge ice 1,33 2,68 2,25 3,57 1,65 

C13 Fruit waters and syrups 1,13 1,21 1,09 2,27 1,12 

Table 17; Seasonal indices Easter, E14, V82 and C13 

This table shows that some products are highly influenced by the weather. When indices of Easter 

would not be corrected for the weather influences, following years can be highly over (or under) 

estimated. Due to time resources it is however decided to leave weather influences outside the 

scope of this project. Though it is advised to EMTÉ to conduct a follow up project to weather 

influences or at least correct determined indices for weather effects. Further analysis showed that 

special attention should be paid to the first warm weekends in the year and when the temperature 

increases rigorous with respect to previous weeks. 

5.2.2 Forecasting method 

From the ANAVO tests was shown that seasonal indices vary over the years. Temperature has been 

identified as a factor causing these variations. Currently seasonal indices are mainly determined on 

the sales of past year, this makes the reliability of the indices vulnerable to variations between the 

years. It can therefore be expected that using more years of sales history will increase reliability of 

the indices.  

The current forecasting method is based on the last observation (random walk or naïve method). 

Two other simple approaches suitable for this situation which were identified in Dankers (2012) are 

the moving average and exponential smoothing. Exponential smoothing can be seen as some kind of 

weighted moving average method. From the results of this section it can be expected that the 

method using the most of sales history will achieve the best results.  

5.3 Promotion analysis 
In the problem definition was hypothized that during peak moments an increased promotion 

pressure occurs, this was done by executing an independent samples test. In this section promotion 

pressure during peak moments is being analyzed based on the new available data. 

 

The hypothesis will be tested that promotion pressure during peaks differs from promotion pressure 

during regular weeks. 

H0 : µpp = µpr 

H1 : µpp ≠ µpr 

In which pr is promotion pressure regular weeks and pp is promotion pressure peak weeks. If the 

null-hypothesis can be rejected sales of promotion products will be excluded from the analysis, 

 

Figure 9 plots promotion pressure from the first week of 2008 (week 1) until week 17 of 2012 (week 

226). Clearly an upward trend in promotion pressure can be observed. Peak weeks in this figure have 

been colored red. In general promotion pressure has been increased from approximately 9,5% to 

almost 16% in four years. SPSS has been used to test the linear effect of time on promotion pressure 

(appendix D). From the results has been obtained that a significant effect was found with a slope of 

0,028% p/week. With an explained variance of 47,1 % the model only has a reasonable fit. Although 

the effect cannot be linear in perpetuity (due to small profit margins, somewhere a maximum for 
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promotion pressure will be encountered) the effect is strong enough to be able to show some 

significant results. 

 
Figure 9; Promotion Pressure (wk 1 2008 until wk 17 2012) 

SPSS has been used to find outliers of the model. Six weeks with a Z-value of the residuals above 2 

have been found (Appendix D) and are appointed as outliers (Field, 2000). These weeks are shown in 

Figure 9 by black dots. It can be seen that four of the six outliers were during peak weeks (diamond 

dots) and only two of them occurred during regular weeks (round dots).  

 

Since a linear trend has been found we can not use the absolute values to conduct an independent 

sample test as was done in section 2.6 This can however be done with the resisiduals of the weeks 

since these values are corrected for trend. Table 18 shows the description statistics for the residuals 

during peak weeks and regular weeks and Table 19 shows the SPSS output for the independent 

sample test.   

 Peaks Regular 

N 23 204 

Average 0,501 -0,056 

St. Dev. 2,91 1,78 

Table 18; Description statistics; promotion in peak vs. regular weeks 

 
Table 19; Independent samples test (SPSS) 

The levene’s test in table 19 turned out to be significant and therefore the variances of the groups 

are unequal.   

This result combined with the large fraction of peak weeks in outliers shows that the promotional 

pressure during peak weeks is very unstable and hard to predict. The direction of the effect is not 

only positve as hypothised in the problem definition but the variation is clearly very high. Therefore, 
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these results validate the decision to exclude promotion sales for the determination of the seasonal 

indices.  

The handling of peak moments will be improved by more accurately predicting the seasonal indices. 

Currently forecasts are based on sales data of past year, on article group level with promotion sales 

included. From above analysis can be concluded that promotion sales should be excluded from the 

forecasts. The effect of not removing promotion sales was shown in section 2.6.1.  

5.4 Excluding slow movers 
In the project proposal (Dankers, 2012) the decision was made to exclude slow moving products from 

the project as these are of only minor influence on ABS. ABS can be seen as a static model for slow 

movers or as dynamic model for the fast movers, which was explained in section 2.1. For slow 

movers reorder decisions are made based on their minimal inventory levels. Reorder decision of fast 

movers depend on predicted sales volumes and are heavily influenced by the usage of seasonal 

indices.  

 

Seasonal indices are determined by two factors; the forecasted demands (denominator) and the 

realized sales (numerator) during the peak. Table 20 has divided all obtained indices in percentile 

intervals of 10% based on their ABS forecast. Per interval the averages, standard deviations, 75th 

percentile, 90th percentile and max seasonal indices are given. Table 21 shows the same 

characteristics for the peak sales.  

Cum 

Perc  
max 

forecasted  
Avg  St. Dev.  75th perc  90th perc  max  

10%  2,8  7,89  7,18  12,00  18,00  30,00  
20%  10,5  3,00  2,26  3,41  5,13  15,95  
30%  23,3  2,21  1,43  2,43  3,67  8,27  
40%  34,3  2,03  1,43  2,23  3,30  9,00  
50%  54,5  1,90  0,99  2,32  3,31  5,70  
60%  73,3  2,05  1,46  2,05  4,03  7,67  
70%  99,2  1,91  1,15  2,16  3,50  5,81  
80%  147,0  1,83  1,40  1,85  2,90  7,39  
90%  249,8  1,83  1,20  1,74  3,35  6,89  
100%  9962,3  1,73  1,03  1,89  2,20  9,03  

Table 20; Indices percentiles per 10
th

 percentile (ABS forecasts) 

Cum 

Perc  
max sales  Avg  St. Dev.  75th perc  90th perc  max  

10%  9  5,88  5,99  6,00  17,40  24,00  
20%  21  4,05  5,67  3,11  6,65  30,00  
30%  36  1,78  1,11  2,14  2,86  6,83  
40%  57  1,89  1,35  2,05  2,95  10,50  
50%  86  1,74  1,13  2,10  2,82  7,27  
60%  120  1,91  1,88  1,97  2,54  15,95  
70%  169  2,05  1,31  2,34  3,34  8,27  
80%  260  1,94  1,20  2,01  3,16  8,67  
90%  455  2,41  1,60  3,10  4,29  9,00  
100%  13491  2,78  1,92  3,48  5,83  9,03  

Table 21; Indices percentiles per 10th percentile (peak sales) 
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These tables show that seasonal indices of the 20% slowest moving products behave far more erratic 

than those of the other percentiles. Indices of slow moving products tend to become inflated 

because the denominator is close to zero. This makes the indices unreliable and unsuitable to use for 

upcoming years. Slow movers are filtered out of the data to solve this problem. 

From table 20 and 21 the decision has been made to leave indices that have less than 10 units of 

forecasted demand or peak sales less than 25 outside the analysis. After applying these filters 75,4% 

of the seasonal indices that were originally obtained remained in the sample.  

5.4.1 Alternative filter rules 

Another decision rule that was originally considered was to only consider products for which the 

forecasts exceed their minimal inventory position. This is complex as factors like reorder moments, 

aggregation towards store or total level and manually adapted ABS levels should be taken into 

account. The main reason however is that in practice ABS will somehow make this distinction by itself 

as reorder decision of products are only influenced if the increased indices cause the forecast to cross 

the min level. For numerous products reorder decisions are not influenced whether they are assigned 

with an index or not. It is therefore of no use to exclude them in advance. This can be seen in figure 

10, which shows the percentage of products for which reorder decisions are made based on expected 

demand instead of the min ABS level, per percentile. It is assumed here that forecasts cover one 

week of demand while in practice most products forecasts cover 4 to 5 days. In practice found 

percentages will thus be lower.  

 
Figure 10; ABS decisions for slow- and fast movers (Easter 2012; A02, A09, B08, C90 and V64) 

Another alternative option possible to consider was to select products based on the Pareto principle. 

The top 20% products responsible for over 80% of sales can be assigned with an index. Hereby the 

strategy becomes focused on the fast moving products. This strategy is not chosen because it leaves 

80% of the products out of the analysis, which makes it harder to compare results to results found in 

literature. In appendix E a Pareto figure for the total assortment of EMTÉ is shown. The 20% fastest 

moving products are together responsible for 81,8% of the sales. 

5.4.2 Proposed method 

The chosen method is a good method to filter out the erratic indices while most relevant indices are 

kept in the process. Table 22 has divided remaining indices in intervals of 10% based on their ABS 
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forecasts and indices per interval are shown. It can be seen that slow movers have larger increase 

during peaks compared to the fast movers. This is an argument to not further enlarge the filter 

criteria.   

 
Table 22; Seasonal indices per 10% percentile based on ABS forecast 

 

Summarizing, the method is chosen because the following advantages are obtained. 

- Erratic indices are removed 

- Simplistic rule 

- Most products are remained for the analysis 

5.5 DGSI 
From this point on, the five selected article groups are analyzed for Easter 2011 and Easter 2012, 

resulting in a total of ten control groups. Characteristics of these groups are shown in appendix F. It 

contains information about the number of SKU’s, sales volumes and characteristics of the ISI’s. This is 

shown, because of the relative differences in number of SKU’s and sales volumes. 

 

Results of the different applied index methods are shown in table 23. The given scores in this table 

are averages of the ten control groups. Outcomes of the different methods and error measures are 

dependent of the characteristics of the control groups. In appendix G an extensive table is shown 

with all results per method and control group.  

Method MSE Sales MAE sales MSE 

indices 

MAE 

indices 

MAPE sMAPE 

DGSI Naïve 128168 127,8 1,98 0,82 0,45 0,38 

GSI Naïve 62356 100,1 2,04 0,76 0,37 0,35 

GSI WMA 41751 90,7 2,05 0,73 0,34 0,34 

GSI SMA 35786 87,5 2,07 0,73 0,32 0,33 

ISI Naïve  46925 75,4 1,18 0,60 0,29 0,27 

ISI WMA 31492 67,4 1,01 0,54 0,26 0,24 

ISI SMA 30950 65,4 0,99 0,52 0,24 0,23 

Table 23; Results indices analysis 

As stated in section 4.2.5.1, DGSI was expected to be less suitable compared to the WGSI method in 

the case of EMTÉ. Slow movers cause the indices of individual products to become very large. As a 
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consequence DGSI becomes overestimated for the group indices. Although slow movers were 

removed before the analysis, obtained results show that DGSI indeed scored worst of all, for all error 

measures except MSE indices. Compared to the WGSI method, 63,3% of the times DGSI has the worst 

performance of them. For these reasons DGSI is not considered any further in this project. From here 

on all GSI methods are WGSI applications.  

5.6 Group vs. individual methods 
Considering table 23, results are clearly in favor of the individual grouping methods. For all error 

measures the individual methods perform better than the grouping methods. This indeed is in line 

with the expectation prior to this project. In table 24 the improvement of using individual instead of 

group indices, expressed in percentages, for the different forecasting methods and error measures 

are shown. Percentages are averages of the group scores, which can be found in appendix H. Results 

are shown as averages of the group scores as this manner equal weight is given to the groups with 

different characteristics. If this was not done results would be dominated by the outcome of the 

largest product groups. This method is chosen for all tables upcoming in this chapter.  On average a 

19,6% reduction of forecast error is achieved by using individual methods. 

Forecasting 

Method 

MSE 

Sales 

MAE 

Sales 

MSE 

Indices 

MAE 

Indices 

MAPE sMAPE Average 

Average 13,4% 19,3% 28,4% 17,5% 16,0% 22,9% 19,6% 

Table 24; Percentage reduction forecast error of using ISI vs. GSI 

 

Forecasting methods score differently depending on the characteristics of the groups, which can be 

seen in appendix G. A total of 60 results have been obtained per error measure. From these results is 

investigated what percentage of the times the individual seasonal indices perform better than the 

grouping method when the same forecasting has been applied. It turns out that 78,9% of the times 

the individual method was better than the grouping method. 

5.6.1 Coefficient of variation 

In the problem definition the hypothesis was stated that groups with the highest intergroup variation 

could benefit most from applying ISI’s over GSI’s. The intergroup variation can be expressed by 

means of the coefficient of variation, which have been sorted from highest to lowest in table 25. The 

other columns show the relative geometric scores of the individual indices compared to the group 

index. Relative geometric scores are chosen such that results can be interpreted more easily. A score 

below 1, should be interpreted as the individual method being in favor of the grouping method. For 

the results GSI SMA is compared with the ISI SMA methods as these have given the best 

performances in their categories, this will be explained in the next section. 

 

The table shows that in general performances of the control groups with higher coefficients of 

variation tend to be better than those of the ones with low coefficients of variation.  

Cat 

ID 

Year C.V. MSE 

sales  

MAE 

sales 

MSE 

index 

MAE 

index  

MAPE sMAPE Average 

V64 2012 0,96 0,29 0,66 0,43 0,84 0,87 0,73 0,64 

V64 2011 0,91 0,36 0,62 0,48 0,66 0,70 0,62 0,57 

B08 2011 0,69 0,67 0,65 0,32 0,50 0,47 0,49 0,52 
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5.7 Forecasting methods 
In chapter 4 the hypothesis was raised that the simple moving average method will perform best of 

the forecasting methods. This method gives equal weight to all known years of history, while 

weighted moving average is highly dependent of last year results and naïve forecasting is even 

entirely dependent of last year results. Simple moving average will reduce variance the most by using 

the most observations and in that sense also the naïve method will perform worst. Considering table 

23 it can indeed be concluded that overall the simple moving average performed best and the naïve 

method performs worst. This is true for both the grouping and the individual methods. 

Table 26 shows the improvements in forecast accuracy of WMA and SMA compared to the naïve 

method. On average WMA reduces the forecast error with 10,8 % and SMA with 13,1%. These results 

are in line with Kumar and Patel (2008) who also identified the SMA as the best method.  

Forecast 

method 

MSE 

Sales 

MAE 

Sales 

MSE 

Index 

MAE 

index 

MAPE sMAPE Average 

WMA 20,3% 10,6% 9,1% 7,7% 9,6% 7,2% 10,8% 

SMA 22,2% 13,5% 10,5% 10,2% 12,9% 9,5% 13,1% 

Table 26; Percentage reduction of forecast error in respect to naïve forecasting 

In appendix I results are shown per control group. These results indicate that especially reductions 

for 2012 were tremendous. This can be explained by the fact that temperatures were high during 

Easter 2011. The consequence is that the naïve method performs worse for 2012.  

Likewise the analysis performed in the previous section, SMA will not always perform better than the 

other methods. Overall, the SMA will perform best as it reduces most of the variance. The naïve 

method however is more sensitive to variations which will make its performances fluctuate more 

than the other methods, meaning that it will more often give better results but also more often 

worse results than the more stable methods. Table 27 shows for all three methods the percentages 

of the times it scored the best and the worst out of the three. These results indeed confirm the made 

hypothesis.  

Method Best Worst 

Naïve 24,2% 74,2% 

WMA 11,7% 3,3% 

SMA 64,2% 22,5% 

Table 27; Forecasting methods scores 

 

As stated before the forecasting methods have been applied to the best options possible for EMTÉ. 

This makes the results not suitable to compare with other quantitative results in literature but does 

show which method performs best.  

B08 2012 0,66 0,37 0,50 0,43 0,52 0,37 0,42 0,43 

A09 2011 0,40 0,78 0,75 0,54 0,70 0,75 0,70 0,70 

A09 2012 0,40 1,01 0,90 1,00 0,93 0,99 0,87 0,95 

A02 2012 0,39 1,93 1,07 0,64 0,86 0,95 0,87 1,05 

C90 2012 0,35 0,49 0,92 0,78 0,99 1,15 0,97 0,88 

C90 2011 0,29 2,68 1,17 1,00 0,98 1,12 0,94 1,31 

A02 2011 0,27 0,76 0,89 0,58 0,80 0,86 0,82 0,79 

Table 25; Relative geometric error measures (ISI MA vs GSI MA) 
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5.8 Clustering 
Clustering is expected to improve seasonal indices by reducing the variance of the estimators. In 

section 4.2.8 however the hypothesis was made that this will not be the case when basing indices on 

singular time stamps, like EMTÉ does. Table 28 shows the relative geometric error measures for the 

clustering analysis. In here, GSI was set as the default method and SMA forecasts have been applied 

as these have turned out to perform best. It can indeed be seen that the results confirm the made 

hypothesis. Performance increase as the number of clusters increases. The ISI method turns out to be 

in favor of the clustering methods.    

Method MSE 

Sales 

MAE 

Sales 

MSE 

Indices 

MAE 

Indices 

MAPE sMAPE Average 

k =2 1,14 1,00 0,75 0,92 1,00 0,89 0,95 

k =3 0,97 0,92 0,67 0,85 0,93 0,83 0,86 

k =5 0,97 0,86 0,64 0,81 0,86 0,78 0,82 

k =8 1,04 0,86 0,62 0,79 0,83 0,75 0,81 

ISI 0,93 0,81 0,62 0,78 0,82 0,74 0,78 

Table 28; Relative geometric error measures for k-means clustering 

Like shown in the previous section results differ among the control groups. Table 29 provides an 

overview of the results over the groups. This table again confirms that ISI is favorable over clustering 

methods.  

Method Best Worst 

GSI 5,0% 63,3% 

k =2 10,0% 21,7% 

k =3 13,3% 1,7% 

k =5 6,7% 3,3% 

k =8 15,0% 5,0% 

ISI 50,0% 5,0% 

Table 29; Results of k-means clustering 

5.8.1 Clustering of time series 

In section 4.2.8.1 however the hypothesis has been made that clustering performances can be 

improved by including more peak moments. In this paragraph therefore performances of ISI, singular 

clustering (Clus 1) and clustering based on multiple data points (Clus 3) are being compared. Cluster 

techniques are applied using k=8, as this has shown to give the best performance. Extensive results of 

the analysis per control group can be found in appendix J. Table 30, shows the relative geometric 

error measures per measure, using ISI as default method.  

Method MSE 

Sales 

MAE 

Sales 

MSE 

Indices 

MAE 

Indices 

MAPE sMAPE Average 

Clus 1 0,991 1,029 1,012 1,029 1,041 1,032 1,022 

Clus 3 0,992 1,036 1,009 1,027 1,055 1,046 1,027 

Table 30; Relative geometric error measures, clustering 

The results in the table above show that differences between both clustering techniques are 

negligible. Clus 1 scores 0,5% better on average over Clus 3. From appendix J was furthermore 

obtained that in 55% of the cases Clus 3 performed better than Clus 1. Likewise results in previous 

paragraph ISI performs slightly better than a clustering technique with k=8 (about 2,5%).  
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It is hard to definitely reject the hypothesis that clustering techniques benefit when applying them on 

time series, based on results found in this section. Only three peak moments have been included in 

this analysis, including more time stamps will probably lead to different results. It can however be 

concluded that clustering techniques does not lead to an increased performance over the ISI policy in 

the case of EMTÉ.  

For this paragraph Carnival (2011 and 2012), Easter (2011 and 2012) and Pentecost (2011) have been 

included for the groups B08 and C90. As only those articles are included for which indices are 

available at all three peak moments results of this analysis cannot be directly compared to the results 

found in previous paragraph.    

5.9 Human judgment clustering 
Two inventory managers at EMTÉ were asked to make clusters for the product group B08 based on 

the seasonal behavior. They divided the product group into 7 clusters, shown in appendix K. In table 

31, the relative geometric scores of 4 different grouping methods are shown. From this table can be 

concluded that the inventory managers were able to improve performance by 36% compared to the 

current product groups. They were however not able to improve performance as much as the ISI MA 

or statistic clustering method does. Considering these results, it can be concluded that it is difficult to 

make good clusters by human judgment. Together with the notion that human clustering is a time 

consuming process, makes it unsuitable to include in the forecasting procedure.    

 Method MSE 
Sales 

MAE 
Sales 

MSE 
Index 

MAE 
Index 

MAPE sMAPE Average 

GSI MA 0,96 1,00 1,05 0,99 0,90 0,99 0,98 

Human Clus 0,76 0,68 0,60 0,68 0,53 0,57 0,64 

ISI MA 0,35 0,50 0,45 0,52 0,34 0,41 0,43 

Statistic Clus 0,39 0,56 0,50 0,56 0,38 0,45 0,47 

Table 31; Human judgment, Easter B08 2012 (GSI naïve as default method) 

5.10 Attribute forecasting 
Attribute forecasting has been indicated as a possible method to make forecasts when only few sales 

history is available. In this section the results are given for a simple linear regression where seasonal 

index is used as dependent variable. Presumed is that customers tend to buy more luxury products 

during the holidays. People for instance want to make a good impression on friends or family who 

come to visit. Table 32 shows the SPSS output for the product group B08 where price per kilo is taken 

as independent variable. It can be seen that the tested model gives a significant result. This indicates 

that customers buy more luxury products. Price per kilo can thus be used as an attribute to make 

demand forecasts for the peak moments. It should however be noted that within the product group 

B08 large differences exist between the products. In previous section inventory managers have split 

the product group into seven new clusters (appendix K). It should be questioned if obtained indices 

for  pitabreads and luxury breads can be compared based on their price per kilo.  
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Table 32; Simple linear regression B08 

Such large differences within a product group do not exist for the product group beers (C90). In this 

product group the price per liter is a good indicator for a beer to be of a cheap brand or of a more 

luxury brand. Table 33 shows the output for the linear regression of beers. No significant relation is 

found and it can thus be concluded that customers do not buy more expensive beers during holidays.  

 
Table 33; Simple linear regression C90 

The results of this section only give a first insight into attribute forecasting. In future research more 

products groups and/or product attributes can be included into the analysis. This paper has shown 

that at least some relation exists between luxury products and increased peak sales for the product 

group B08, while this relation could not be found for the group C90.  

5.11 Current vs. ISI SMA policy 
The current method used by EMTÉ is the GSI naïve method. Table 34 shows the percentage 

reductions in forecast accuracy when the switch to a ISI SMA policy would be made. From the table 

can be seen that reductions vary between -13,9% until 57% per control group. On average an 

improvement of 31,6% can be obtained. 

Category 

ID 

Year MSE 

Sales 

MAE 

Sales 

MSE 

Index 

MAE 

index 

MAPE sMAPE Average 

A02 2011 22,5% 9,7% 41,2% 18,9% 12,9% 17,3% 20,4% 

  2012 -9,8% 18,2% 30,9% 19,4% 21,2% 19,0% 16,5% 

A09 2011 30,9% 29,9% 50,5% 34,4% 27,5% 35,3% 34,8% 

  2012 56,0% 39,5% 5,2% 24,3% 29,6% 29,4% 30,7% 

B08 2011 16,6% 34,4% 66,4% 51,2% 58,9% 52,4% 46,6% 

  2012 64,5% 49,4% 55,1% 48,3% 66,1% 58,4% 57,0% 

C90 2011 -95,7% -7,5% 7,9% 6,7% -6,3% 11,8% -13,9% 

  2012 86,7% 44,2% 25,0% 12,2% 10,0% 13,7% 32,0% 

V64 2011 63,8% 38,3% 51,6% 34,4% 30,2% 38,3% 42,8% 

  2012 87,6% 55,7% 55,4% 23,8% 34,5% 36,2% 48,9% 

Average   32,3% 31,2% 38,9% 27,3% 28,5% 31,2% 31,6% 

Table 34; Percentage reduction of forecast error Current vs ISI MA 
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5.12 Extending to more stores 
In this analysis it is checked whether different indexing policies give comparable results for a larger 

dataset. Tables shown in this section are based on extensive results which are shown in appendix L. 

Scores are expressed as averages of the four error measures that were applied. In appendix L it can 

be seen that error measures for the 78 stores are on average 14% below those of the 17 stores. This 

can be explained by the fact that indices become less variable as the number of observations 

increases. It can be seen in Appendix L that coefficients of variation are lower for the indices of 78 

stores than those of 17 stores. Indices within the 78 group are thus less erratic than those in the 17 

control group. This is an indirect proof that the quality of the indices will improve when all stores are 

included in the dataset to determine the indices.   

Table 35 shows the relative geometric scores for the GSI SMA and ISI SMA method compared to the 

GSI naïve method. It can be seen that results for both the dataset of 17 and 78 stores are quite 

similar.  

Cat ID Index Policy 17 78 

A02 GSI SMA 1,013 1,011 

 ISI SMA 0,774 0,718 

A09 GSI SMA 0,936 0,948 

 ISI SMA 0,618 0,604 

B08 GSI SMA 0,937 0,914 

 ISI SMA 0,328 0,408 

C90 GSI SMA 0,934 0,921 

 ISI SMA 0,861 0,913 

V64 GSI SMA 1,001 0,999 

 ISI SMA 0,535 0,493 

Table 35; Relative Geometric Error Measures (GSI Naïve as default), per Category ID 

From table 36 can be seen that the usage of the GSI SMA gives a general improvement of 4% 

compared to the GSI Naïve method, while using ISI SMA even increases performance with 37%. As 

stated before, the results cannot be hardly compared to the results found previous in this chapter as 

product sets are unequal. The effect of using a simple moving average forecast over a naïve forecast 

has also decreased compared to previous results, as only 2011 has been included (less temperature 

effect). The results of this section confirm that different indexing policies can also be applied on a 

larger dataset.     

Index policy 17 78 

GSI SMA 0,96 0,96 

ISI SMA 0,62 0,63 

Table 36; Total Relative Geometric error (GSI Naïve as default), total 

5.13 overview of results  
This chapter analyzed different index policies based on a combination of six error measures. First, it 

was shown that an overall increase of 19,6% forecast accuracy could be obtained from using a 

individual instead of a grouping method. Especially groups with high coefficients of variation benefit 

from applying ISI’s.  
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Second, for the forecasting methods the hypotheses was confirmed that the simple moving average 

gives the overall best and stable results. While the currently used naïve method is the most variable 

sensitive method, scoring worst overall. Weighted moving average (10,8%) and simple moving 

average(13,1%) both let to significant improvements.  

Hereafter, the usage of k-means clustering has been analyzed. As expected, results confirmed that 

this method does not lead to an improvement over individual indices. Also when more seasons were 

included into the clustering, performances did still not improve. There were not enough seasons 

included to be able to definitely reject the hypothesis that using more seasons will improve clustering 

techniques.  

It was also shown that clusters made by two experienced inventory planners were an improvement 

compared to the existing product groups. They were however not able to improve as much as 

individual forecasting does. Given that human judgment is a time consuming process it has been 

rejected as possible forecasting method.  

Attribute forecasting has been indicating as a possible direction for future research. The presumption 

has been tested that customers tend to buy more expensive product during the holidays. A 

relationship has been found for the product group B08 while for C90 this is not. In future more 

attributes and product groups should be included into the analysis.  

Results have shown that from combining both aggregation towards individual level and using a 

moving average forecast an overall improvement of 31,6% can be obtained compared to the 

currently applied method.  

Hereafter was controlled if obtained finding also hold when 78 stores were included into the dataset. 

Indirect proof was given that including more stores into the determination of the indices improves  

reliability of the indices. Since local disturbances can be controlled by store managers it was advised 

to EMTÉ to obtain all stores into the dataset.  

All these analyses were performed after filter conditions for removing slow movers were applied to 

the data, as indices of slow movers tend to become very erratic. In case filters would not have been 

applied, results would clearly turn into favor of the grouping methods. This can be seen in appendix 

M. 
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6. Managerial implications  
In the previous chapter the formulated research assignment has been analyzed. Theoretical results of 

these analyses have been used to develop a practical method for ETMÉ. This chapter will describe the 

method and address the practical recommendations that are made.   

6.1 Peak index policy   
In the previous chapters, promotions, grouping methods and forecasting methods have been 

considered. These were used to develop a new indexing policy to cope with peak demands.  

First, it was shown that promotion effects during peak weeks tend to fluctuate more. It was therefore 

decided to leave sales volumes of these products out for the prediction of new indices, such that 

accuracy will increase.   

Second, an important rule has been designed. Which is to not capture indices of slow moving 

products to forecast following years: two reasons lie at the basis of this decision: 

- Individual indices become erratic for low sales volumes 

- ABS replenishment decision are not heavily affected by seasonal indices for slow movers as 

min inventory levels are still not crossed 

Hereafter the usage of individual indices have been compared to that of current grouping method. It 

was shown that individual indices have higher forecast accuracies than group indices, especially for 

products groups with high levels of intergroup variation. It was also shown that simple moving 

average forecasts give better and more stable results than the currently applied naïve method.  

It has to be noted that the simple moving average is being applied for as many years as history 

available. For new products without sales history the GSI SMA index will be assigned, which is one of 

the advantages of grouping policies (table 6) 

Summarizing, the new index policy (ISI SMA) differs from the old method (GSI naïve) in the following: 

- Indices of slow movers will not be used to make forecasts 

- Promotion sales will be excluded from the forecasts 

- Individual indices will be assigned instead of group indices 

- Forecasts will be made using a simple moving average method instead of the naïve method 

- New products and slow movers are assigned with GSI SMA 

 

With this new indexing policy EMTÉ will be capable of more accurately forecasting its sales. 

Performances of ABS are directly related to the accuracy of the made forecasts. Through the usage of 

this new indexing policy service levels will be increased and unnecessary usage of back room storage 

will be avoided. The exact improvements are not of interest to this project as ABS is not compared to 

other automatic order systems. An simulation of Easter 2012 however shows that lost sales are 

decreased with 54,6% while backroom storage was decreased by 32,5%. These results are obtained 

from the analysis in appendix N. 

 

A drawback of using the individual method to make forecasts is that it is less stable than the grouping 

method. Incidents can highly influence the observed indices. Therefore an important 
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recommendation has been made to check the individual indices for outliers right after a peak has 

occurred. Several reasons exist for individual indices to become unreliable. These will be discussed in 

the next section.  

6.2 Recommendations 
In the previous section a new strategy has been presented to determine the seasonal indices. During 

the project however some practical limitations have been encountered. This section will provide an 

overview of the practical recommendations which are made to EMTÉ. The first one is about 

controlling for outliers.  

6.2.1 Control for outliers 

Previous chapter has shown that the current forecasting method of EMTÉ can be improved by 

applying individual seasonal indices. One of the most important disadvantages of ISI’s however is that 

they are vulnerable for high variations. By filtering out the slow movers already many ‘noisy’ indices 

were removed from the data. When implementing the individual method it is however advised to 

control for ‘strange’ values.  

To explain this any further  the indices of Easter 2011 have been considered, as these have been used 

to make forecasts for Easter 2012. When considering all product groups (not just the ones selected 

for this project), 6881 out of 12401 indices remained, after removing the slow movers. These indices 

should be controlled for strange values as well. Therefore the products with an index above 7 are 

selected, leaving 45 cases to consider.  

For several of these cases, logical explanations can be found causing the high indices. Some examples 

are mentioned next: 

- Boycot; some products have been in a boycot the weeks ahead of the peak, this implies that 

ABS forecasts were too low, as sales were missing from previous weeks 

- Weather; as shown in section (weather) Easter 2011 was very warm, this has caused 

increases in sales of products like charcoal and ice 

- Seasonal; asparagus have a short peak period per year which does not depend on Easter but 

on the season 

- Data error; some products had a remarkably huge increase, which were likely caused by 

erroneous data entry of the promotion weeks    

- Typical Easter products; products like for instance chocolate eggs and paastol (Dutch) are 

typical Easter products 

It may be clear that the last category of products can be expected to have the same pattern next 

year, it does  therefore makes sense to store these indices. It should also be noted that some of these 

product are so called “in/out” products. These are products which are not in the fixed assortment 

and only for a short period per year pushed into the stores. For the other categories indices should 

be corrected. This can well be done in the weeks just behind a peak because then logical explanations 

can be given. If the indices are not corrected they will cause an unnecessary inventory increase in the 

following years.  

In chapter 5 these indices were not removed from the data because this would not make the analysis 

purely statistical anymore. Results will probably improve further when these indices are corrected. 
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With 45 cases to consider; correcting indices is recommended to EMTÉ, especially as the amount of 

exceptions will reduce over the years.  

6.2.2 Practical recommendations  

The other recommendations are listed here: 

 

Include all stores 

As stated in section 5.12 reliability of the indices will improve when more observations are included. 

It is therefore advised to include all stores with a reliable sales history into the forecast. 

 

Exclude slowmovers 

In this project filter rules have been developed based on a dataset with 17 stores. For the total set of 

stores lower boundaries can be enlarged. Main goal of the filter rules remains to exclude erratic 

indices. 

 

Replaced article numbers 

In this project sales records have been converted such that they are all connected to their most 

recent article number. It is advised to EMTÉ to link sales history of old article numbers to their 

replacement numbers. Otherwise useful sales information is unnecessarily lost.  

 

Exclude groups with low intergroup variation 

Article groups with very low intergroup variation are only slightly influenced by applying individual 

instead of group indices. A weakness of individual indices is that they are sensitive for singular 

variations. It is therefore advised to assign product groups with low levels of variation (for instance; 

cleaning products) with a group index (GSI SMA), until more experience has been obtained with 

individual indices.  

  

Order shift 

EMTÉ is satisfied with the current process of order shifting. It is therefore advised to continue the 

current process of shifting order per article group.  

 

Weather influences 

During the project was shown that some articles are highly influenced by weather conditions. 

Especially for the first warm weekends of the year sales of products tend to ‘explode’. This report 

already showed some article groups which are very sensitive for weather conditions. It is advised to 

EMTÉ to make a more elaborate analysis about which products should be linked to weather 

conditions. The designed system already provides the opportunity to apply individual indices for ‘hot 

weather’ products as well.   

 

Clustering 

The usage of a clustering technique did not improve the forecast accuracy of the indices. This finding, 

combined with the practical requirement of keeping the methodology simple, makes it unnecessary 

for EMTÉ to further explore the opportunities of clustering.   
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Exclude peak weeks of forecasts 

Sales during peak weeks cannot be compared to those of regular weeks. It is therefore advised to 

exclude all peak weeks from the SMA forecasts of upcoming weeks.  
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7. Conclusion 
In this chapter the most important conclusions from this report are given. The research assignment 

that was at the heart of this project was stated as:   

Develop a methodology which will improve the inventory management at Sligro, by improving the 

accuracy of seasonal indices to forecast demand of peak moments.  

 

Four hypotheses were tested in order to improve the forecast of the accuracy. From the results of 

these analyses a methodology has been developed which can be implemented by EMTÉ. The results 

of each hypotheses are discussed next. In the last section also the finally developed methodology is 

discussed. 

7.1 Hypotheses  
Hypothesis I: Individual and group indices   

Individual seasonal indices will improve forecast accuracy, especially in groups with high intergroup 

variation.  

 

Analysis confirmed this hypothesis. Forecast accuracy was on average improved by 19,6% over the 

different error measures that were used. Largest improvements were indeed obtained in the article 

groups with high levels of inter group variation. It was also shown that WGSI is a better procedure to 

forecast indices at the situation of EMTÉ than DGSI. This is due to the inequalities between the 

indices used solely for peak moments and those used for each period. DGSI gives overestimates for 

the group indices.  

 

Hypothesis II: Clustering  

The forecast accuracy of the indices will be improved by the usage of a statistical clustering method to 

determine article groups 

 

K-means clustering has been applied to form groups within the set of indices. Individual indices can 

benefit from being clustered with products with a similar seasonal pattern such that variation of the 

index can be reduced without creating too much bias with the individual product. In the case of EMTÉ 

however clusters were only based on single or three time observations instead of a time series. 

Clustering did therefore not lead to an improvement in forecast accuracy. The hypothesis could 

however not be rejected as the number of observations is only minor.   

 

Hypothesis III: Forecasting method  

Forecasting methods including more years of history will perform better than naïve forecasting 

(current method). 

 

Three forecasting methods were included into this research; naïve, weighted moving average and 

simple moving average. The made hypothesis was confirmed as SMA (13.1%) and WMA (10.8%) both 

lead to significant improvements in forecast accuracy. The SMA method gives equal weight to all 

known years of history, while weighted moving average is highly dependent of last year results and 

naïve forecasting is even entirely dependent of last year results. One of the factors that was 

identified as a factor with high influence on single observations was weather conditions. It is 

therefore better to include more years of history in determining the indices.   



47 
 

Hypothesis IV: Promotion effect 

Removing promotion sales from the group indices will improve forecast accuracy. 

 

Promotion pressure was shown to develop according to a linear trend over time. From the six outliers 

that were found in the analysis, four turned out to be during peak moments. It was therefore 

concluded that promotional pressure during peak weeks is unstable and hard to predict. Removing 

promotion sales from the group indices will therefore improve forecast accuracy.  

 

An important decision that was made before analyses were conducted was to filter slow movers from 

the dataset. Variance of indices will decrease as the number of observations increases. For slow 

movers only few observations are available which causes them to become inflated. Besides, due to 

minimal inventory levels set by the forecasting support system the influence of assigning seasonal 

indices is only minor. No earlier literature has been found mentioning this aspect.  

7.2 Designed methodology 
From the filter rule and the results of the hypotheses a final methodology was designed for EMTÉ in 

order to improve the forecast accuracy of the seasonal indices. The method differs from the old 

method in: 

- Indices of slow movers will not be used to make forecasts 

- Promotion sales will be excluded from the forecasts 

- Individual indices will be assigned instead of group indices 

- Demand forecasts will be made using a simple moving average instead of naïve method 

- New products and slow movers are assigned with GSI SMA 

 

Analysis in section 5.11 has shown that on average, forecast accuracy was improved by  31.6%. This 

improvement will lead to a reduction in stock outs  during peaks and less storage of unnecessary 

products in backrooms. Although clearly large improvements can be obtained from the newly 

designed method an important drawback of this strategy is that indices become very sensitive for 

individual variations. It was therefore advised to EMTÉ to control the individual indices for outliers 

after a peak moment has passed. This and other practical recommendations were presented in 

section 6.2.  

 

General can be concluded that seasonal indices at ETMÉ can be improved by assigning them on an 

individual product level. Literature suggests that products benefit from being clustered with similar 

products as variation decreases from being grouped, while bias with the individual pattern is only 

slightly increased. EMTÉ has grouped products based on product characteristics and not especially at 

their seasonal behavior. It was shown that current product groups are no good categorization to 

predict the sales pattern of peak moments. This research has tested statistical procedures and 

human judgment to improve the quality of the groups. Both methods could not improve the forecast 

accuracy. An important cause is that seasonal indices are only applied to forecast the sales  of a single 

peak moment. In future research clustering based on time series or product attributes can be 

investigated as methods to improve the quality of the forecasts.  
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Appendices 

Appendix A: ABS 
ABS makes its order decisions at predefined order moments for each product. The amount to order is 

determined at that moment from a combination of factors. The first factor is the inventory position, 

which is the amount of physical stock currently on the shelves in the store and the already ordered 

but not arrived stock. Inventory position (I) is calculated according to: 

I PS OA   
In which PS is the Physical Stock and OA the Ordered Amount. 

 

The inventory policy requires that the inventory position after reordering should be sufficient to 

cover demand during ‘days until’ (in ABS, ‘dagen tot en met’). The days until are in principle the 

number of days until the second delivery moment. These days should at least be covered to avoid 

stock outs from occurring. Varying between SKU’s a number of safety days are added towards the 

period to cover. These are added to capture variations in demand. Lastly a number of logistic days 

are added to the days until. Logistic days are the number of days required to put the products on the 

shelves after they have been arrived. In the supermarkets of Sligro these days are usually assumed to 

be zero. Summarizing, the days until (tm) are determined by: 

tm R L Ldays Sdays     
In which R are the days until the next Review moment, L the Lead time of an order (assumed to be 1), 

Ldays the number of Logistic days (assumed to be 0) and Sdays the added number of Safety days. 

 

Sligro does not explicitly make use of a minimum stock level for fast moving products but uses safety 

days instead. The number of days are predefined at article group level. The advantage of using safety 

days instead of a static safety stock level is that it adapts itself towards changes in demand patterns. 

ABS also assigns a minimal stock level to all products. This usually is three times the number of 

facings of a product. For slow moving products demand during days until will not exceed the minimal 

stock level. 

 

As mentioned before in the report this results in two different inventory models, a static model for 

slow movers and a dynamic model for fast movers. If expected demand during days until is bigger 

than the minimal stock level the amount to order will depend on a dynamic reorder level else on a 

constant reorder level. If the inventory position is bigger than both the expected demand and the 

minimum stock level no order will be placed. Summarizing the formula for determining the Amount 

to Order (AO) becomes: 

( ( , _ ) ,0)AO MAX MAX Dtm MIN ABS I 
 

In which Dtm is the expected demand over the days until. Demand is estimated by a moving average 

of 6 weeks (aggregated till day level). MIN_ABS is the minimum stock level in ABS. 

 

Order quantities also depend on case pack sizes. The amount to order is rounded up until a multiple 

of the case pack size for an article. In excel the formula can be defined like this: 

( ,0)*
AO

OS ROUNDUP CS
CS


 

In which OS is the Order Size and CS the Case pack Size. 
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For perishable products (called THT at sligro) the system checks if the forecasted order will not 

exceed its expiry date. In case it will, a warning will be sent towards the supermarket manager. 

 

Another notion that has to be made is that expected sales can be increased by adding seasonal 

indices. Seasonal indices multiply the forecasted demand with an indicated factor. Indices can be 

added to adjust the demand forecast as a following of seasonality. 

 

Appendix B: Promotion effect (C90, Carnival 2011) 

Bieren Sales Forecasted AVG sales Index 

Promotion 86328 11686  7,39 

Non-promotion  104994 105699  0,99 

Total 191322 117385 139504 1,37 
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Appendix C: Store rank 
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Appendix D: Promotion 
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Appendix E: Pareto principle 
 

 

 

 

 

 

 

 

 

 

Appendix F: Control group characteristics  

Category 

ID 

Year #SKU's Avg 

sales 

Min 

sales 

Max 

sales 

DGSI WGSI Min Max St. 

Dev. 

CV 

A02 2011 32 139 26 456 1,98 1,88 1,20 3,06 0,54 0,27 

A02 2012 28 120 28 423 1,89 1,69 0,67 3,78 0,73 0,39 

A09 2011 206 160 27 2163 1,55 1,44 0,51 4,14 0,63 0,40 

A09 2012 237 132 26 2115 1,41 1,29 0,56 4,53 0,56 0,40 

B08 2011 37 437 29 2978 2,21 2,35 0,76 7,67 1,52 0,69 

B08 2012 46 385 36 2220 2,49 2,16 0,77 8,85 1,65 0,66 

C90 2011 67 543 28 13491 1,68 1,47 0,75 3,20 0,48 0,29 

C90 2012 68 427 26 12236 1,34 1,14 0,59 3,31 0,47 0,35 

V64 2011 56 456 51 2050 2,92 1,95 1,07 15,7 2,67 0,91 

V64 2012 63 314 53 1649 2,00 1,45 0,73 15,4 1,92 0,96 

 



57 
 

Appendix G: Results per control group 

Error 

Measure 

Cat 

ID 

Year DGSI GSI 

Naïve 

GSI 

WMA 

GSI 

SMA 

ISI 

Naïve 

ISI 

WMA 

ISI SMA 

MSE 

Sales 

Total  128168 62356 41751 35786 46925 31492 30950 

 A02 2011 1598 1964 1995 2006 1319 1429 1522 

  2012 2132 1390 904 790 1978 1337 1525 

 A09 2011 3690 4433 4024 3922 3111 3145 3062 

  2012 4752 3265 1681 1424 2498 1576 1435 

 B08 2011 52463 54000 62908 66756 44969 45938 45025 

  2012 46771 41212 39753 39763 15583 11703 14617 

 C90 2011 22915 86067 68139 62819 192127 166349 168431 

  2012 777006 299092 129280 80498 162598 47140 39648 

 V64 2011 116146 74991 75090 75123 23619 25969 27142 

  2012 254206 57148 33740 24754 21453 10334 7087 

MAE 

Sales 

Total  127,8 100,1 90,7 87,5 75,4 67,4 65,4 

 A02 2011 30,5 32,4 32,7 32,8 28,1 28,9 29,3 

  2012 36,5 29,6 24,5 22,5 31,9 25,1 24,2 

 A09 2011 38,3 42,6 40,6 40,1 33,6 30,7 29,9 

  2012 44,7 37,3 27,2 25,2 31,3 25,4 22,6 

 B08 2011 154,5 153,7 154,5 155,9 100,2 102,1 100,7 

  2012 134,7 129,7 130,2 131,0 68,0 60,2 65,6 

 C90 2011 86,0 128,7 121,2 118,7 136,4 136,7 138,4 

  2012 212,2 129,6 90,9 78,5 120,4 85,3 72,3 

 V64 2011 232,9 172,2 172,5 172,6 99,0 103,3 106,3 

  2012 307,7 145,1 113,2 97,8 104,7 76,2 64,3 

MSE 

Index 

Total  1,98 2,04 2,05 2,07 1,18 1,01 0,99 

 A02 2011 0,37 0,47 0,48 0,48 0,30 0,28 0,28 

  2012 0,55 0,53 0,55 0,57 0,45 0,35 0,37 

 A09 2011 0,43 0,52 0,48 0,47 0,29 0,26 0,25 

  2012 0,37 0,33 0,31 0,32 0,50 0,42 0,32 

 B08 2011 2,33 2,34 2,40 2,43 0,97 0,82 0,79 

  2012 2,74 2,82 2,89 2,97 1,36 1,28 1,27 

 C90 2011 0,36 0,51 0,48 0,47 0,54 0,48 0,47 

  2012 0,35 0,24 0,22 0,23 0,41 0,23 0,18 

 V64 2011 7,94 8,97 8,96 8,96 4,09 4,26 4,34 

  2012 4,36 3,69 3,74 3,79 2,88 1,69 1,64 

MAE 

Index 

Total  0,82 0,76 0,73 0,73 0,60 0,54 0,52 

 A02 2011 0,49 0,52 0,53 0,53 0,44 0,42 0,42 

  2012 0,61 0,55 0,53 0,52 0,52 0,45 0,45 

 A09 2011 0,42 0,47 0,45 0,45 0,35 0,32 0,31 

  2012 0,47 0,41 0,35 0,34 0,42 0,36 0,31 
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 B08 2011 1,10 1,09 1,07 1,07 0,60 0,54 0,53 

  2012 1,15 1,14 1,13 1,13 0,64 0,59 0,59 

 C90 2011 0,46 0,57 0,55 0,54 0,57 0,54 0,53 

  2012 0,52 0,36 0,32 0,32 0,49 0,37 0,31 

 V64 2011 1,63 1,56 1,56 1,56 0,98 1,00 1,02 

  2012 1,40 0,91 0,85 0,83 1,02 0,80 0,70 

MAPE Total  45,2% 36,9% 33,5% 32,2% 29,4% 25,7% 24,3% 

 A02 2011 22,7% 23,0% 23,1% 23,2% 21,1% 20,0% 20,0% 

  2012 37,3% 32,3% 28,6% 26,8% 33,6% 27,0% 25,5% 

 A09 2011 27,3% 27,8% 27,1% 27,0% 22,3% 20,5% 20,1% 

  2012 37,6% 32,3% 25,0% 23,0% 30,2% 25,4% 22,8% 

 B08 2011 62,1% 60,6% 55,2% 53,5% 24,9% 24,9% 24,9% 

  2012 59,4% 54,9% 52,3% 50,2% 19,8% 18,5% 18,6% 

 C90 2011 24,5% 29,6% 28,6% 28,3% 32,7% 32,0% 31,5% 

  2012 46,3% 30,4% 25,0% 23,9% 40,3% 31,7% 27,4% 

 V64 2011 45,9% 32,3% 32,3% 32,3% 21,7% 22,0% 22,5% 

  2012 89,2% 45,5% 37,9% 34,3% 48,0% 35,2% 29,8% 

sMAPE Total  37,9% 35,3% 33,8% 33,3% 27,0% 24,3% 23,3% 

 A02 2011 24,8% 26,9% 27,1% 27,2% 22,9% 22,1% 22,2% 

  2012 31,1% 28,5% 27,1% 26,6% 26,7% 23,3% 23,1% 

 A09 2011 26,6% 30,5% 28,8% 28,4% 23,7% 20,3% 19,7% 

  2012 30,9% 27,6% 23,4% 22,5% 25,4% 21,7% 19,5% 

 B08 2011 49,1% 48,8% 47,9% 47,7% 23,3% 23,3% 23,2% 

  2012 46,1% 45,6% 45,6% 45,6% 20,6% 18,9% 19,0% 

 C90 2011 27,7% 36,2% 34,5% 34,0% 35,4% 32,9% 31,9% 

  2012 35,5% 25,7% 23,0% 22,9% 31,3% 25,6% 22,2% 

 V64 2011 49,7% 43,9% 44,0% 44,0% 26,1% 26,5% 27,1% 

  2012 57,8% 39,5% 36,3% 34,6% 34,3% 28,3% 25,2% 

 

Appendix H: GSI vs. ISI per control group 

CategoryID Year MSE 

sales 

MAE 

sales 

MSE 

index 

MAE 

index 

MAPE sMAPE Average 

A02 2011 28,4% 11,9% 40,1% 18,1% 11,8% 17,1% 21,2% 

 2012 -61,1% -5,9% 29,2% 11,1% 2,2% 11,2% -2,2% 

A09 2011 24,5% 23,6% 45,0% 28,7% 23,2% 27,4% 28,7% 

 2012 9,6% 11,1% -28,3% 0,8% 2,1% 9,6% 0,8% 

B08 2011 25,4% 34,7% 64,0% 48,2% 55,7% 51,6% 46,6% 

 2012 65,3% 50,4% 55,0% 46,3% 63,9% 57,2% 56,4% 

C90 2011 -145,2% -11,8% -1,7% 0,5% -11,2% 4,3% -27,5% 

 2012 53,3% 7,0% -16,2% -18,1% -24,7% -10,1% -1,5% 

V64 2011 65,9% 40,4% 52,8% 35,7% 31,7% 39,5% 44,3% 

 2012 67,7% 31,6% 44,4% 3,6% 4,9% 20,8% 28,9% 

Average  13,4% 19,3% 28,4% 17,5% 16,0% 22,9% 19,6% 
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Appendix I: Forecasting method 

I.1. WA vs. Naïve forecasting 

CategoryID Year MSE 

sales 

MAE 

sales 

MSE 

index 

MAE 

index 

MAPE sMAPE Average 

A02 2011 -5,0% -1,8% 3,0% 1,8% 2,4% 1,4% 0,3% 

  2012 33,7% 19,2% 9,3% 9,0% 15,6% 8,8% 15,9% 

A09 2011 4,1% 6,7% 8,5% 6,9% 5,2% 9,8% 6,9% 

  2012 42,7% 23,1% 11,4% 15,4% 19,1% 14,9% 21,1% 

B08 2011 -9,3% -1,2% 6,3% 5,1% 4,5% 0,8% 1,0% 

  2012 14,2% 5,6% 1,6% 4,0% 5,5% 4,1% 5,8% 

C90 2011 17,1% 2,8% 8,1% 4,1% 2,8% 5,8% 6,8% 

  2012 63,9% 29,5% 25,3% 17,9% 19,7% 14,5% 28,5% 

V64 2011 -5,0% -2,3% -2,1% -1,0% -1,0% -0,9% -2,1% 

  2012 46,4% 24,6% 19,8% 14,2% 21,6% 12,8% 23,3% 

Average  20,3% 10,6% 9,1% 7,7% 9,6% 7,2% 10,8% 

I.2. MA vs. Naïve forecasting 

CategoryID Year MSE 

sales 

MAE 

sales 

MSE 

index 

MAE 

index 

MAPE sMAPE Average 

A02 2011 -8,8% -2,6% 3,0% 1,7% 2,1% 1,0% -0,6% 

  2012 33,0% 24,0% 5,1% 10,6% 20,6% 10,2% 17,3% 

A09 2011 6,6% 8,5% 10,6% 8,5% 6,3% 11,8% 8,7% 

  2012 49,5% 30,2% 21,1% 22,2% 26,7% 20,9% 28,4% 

B08 2011 -11,9% -1,0% 7,5% 6,4% 5,8% 1,2% 1,3% 

  2012 4,9% 1,3% 0,6% 4,5% 7,2% 4,0% 3,7% 

C90 2011 19,7% 3,2% 10,1% 6,0% 4,1% 7,9% 8,5% 

  2012 74,4% 39,7% 30,0% 23,9% 26,8% 20,1% 35,8% 

V64 2011 -7,5% -3,8% -3,0% -2,1% -2,1% -2,0% -3,4% 

 2012 61,8% 35,6% 20,0% 20,7% 31,3% 19,5% 31,5% 

Average  22,2% 13,5% 10,5% 10,2% 12,9% 9,5% 13,1% 
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Appendix J: Clustering (time series) 

Cat ID Peak Year Index 
Policy 

MSE 
Sales 

MAE 
Sales 

MSE 
Index 

MAE 
Index 

MAPE sMAP
E 

RG 
Avg 

B08 Carnival 2011 ISI MA 9129 45,2 0,12 0,22 0,20 0,18 1 

   Clus 1 8074 56,9 0,13 0,29 0,29 0,24 1,21 

   Clus 3 8513 43,7 0,12 0,23 0,22 0,19 1,01 

  2012 ISI MA 24644 56,7 0,12 0,21 0,17 0,15 1 

   Clus 1 24863 57,2 0,12 0,21 0,17 0,15 1,00 

   Clus 3 23457 52,1 0,12 0,20 0,17 0,15 0,96 

 Easter 2011 ISI MA 39498 89,1 0,32 0,39 0,18 0,19 1 

   Clus 1 30977 82,7 0,33 0,39 0,18 0,19 0,95 

   Clus 3 33172 98,5 0,36 0,46 0,24 0,24 1,14 

  2012 ISI MA 17906 72,1 0,35 0,38 0,16 0,16 1 

   Clus 1 20208 79,1 0,37 0,39 0,16 0,16 1,06 

   Clus 3 23986 87,2 0,31 0,39 0,17 0,17 1,10 

 Pentecost   2011 ISI MA 47479 113,3 0,44 0,48 0,45 0,34 1 

   Clus 1 50493 112,8 0,44 0,48 0,45 0,34 1,01 

    Clus 3 43620 117,7 0,42 0,47 0,45 0,33 0,98 

C90 Carnival 2011 ISI MA 5597 45,3 0,19 0,29 0,26 0,22 1 

   Clus 1 6017 47,6 0,19 0,30 0,26 0,22 1,03 

   Clus 3 6722 50,3 0,19 0,30 0,26 0,22 1,07 

  2012 ISI MA 4029 42,4 0,14 0,28 0,21 0,21 1 

   Clus 1 4042 41,7 0,14 0,27 0,21 0,20 0,98 

   Clus 3 5992 46,6 0,16 0,29 0,23 0,22 1,16 

 Easter 2011 ISI MA 51607 101,8 0,38 0,48 0,26 0,29 1 

   Clus 1 54175 102,8 0,39 0,48 0,26 0,29 1,02 

   Clus 3 47597 102,0 0,41 0,49 0,27 0,30 1,01 

  2012 ISI MA 42264 79,4 0,18 0,32 0,31 0,24 1 

   Clus 1 35730 74,7 0,19 0,32 0,31 0,24 0,97 

   Clus 3 22133 75,0 0,16 0,32 0,31 0,25 0,90 

 Pentecost   2011 ISI MA 32047 113,5 0,32 0,47 0,43 0,34 1 

   Clus 1 34226 114,5 0,32 0,46 0,43 0,33 1,00 

    Clus 3 25673 108,9 0,31 0,46 0,43 0,33 0,95 

 

Appendix K; Clusters B08 (human judgment) 

Cluster Dutch English # products 

1 luxe brood luxery bread 10 

2 roggebrood rye bread 8 

3 stokbrood baguette 4 

4 klein brood little bread 11 

5 croissants croissants 2 

6 pitabrood pita bread 3 

7 snacks snacks 3 
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Appendix L: Extended number of stores 

L.1 Extensive results 

 CategoryID  IndexPolicy MAE    MSE   MAPE   sMAPE   

Dataset:  17 78 17 78 17 78 17 78 

A02 GSI Naïve 0,523 0,453 0,471 0,392 0,230 0,205 0,269 0,236 

  GSI MA 0,528 0,457 0,480 0,400 0,232 0,206 0,272 0,238 

  ISI MA 0,424 0,345 0,277 0,193 0,200 0,171 0,222 0,185 

A09 GSI Naïve 0,480 0,439 0,529 0,428 0,280 0,273 0,309 0,294 

  GSI MA 0,450 0,416 0,485 0,393 0,271 0,270 0,285 0,276 

  ISI MA 0,308 0,271 0,256 0,213 0,200 0,190 0,195 0,179 

B08 GSI Naïve 1,019 0,881 2,047 1,312 0,645 0,605 0,484 0,448 

  GSI MA 0,966 0,818 2,105 1,288 0,529 0,489 0,461 0,420 

  ISI MA 0,379 0,432 0,326 0,411 0,237 0,232 0,200 0,199 

C90 GSI Naïve 0,551 0,452 0,463 0,279 0,295 0,266 0,359 0,313 

  GSI MA 0,521 0,423 0,423 0,247 0,280 0,250 0,334 0,289 

  ISI MA 0,485 0,401 0,353 0,257 0,284 0,269 0,301 0,261 

V64 GSI Naïve 1,287 1,093 4,837 3,483 0,314 0,283 0,420 0,379 

  GSI MA 1,287 1,093 4,827 3,474 0,315 0,283 0,420 0,379 

  ISI MA 0,770 0,598 1,565 0,882 0,204 0,178 0,238 0,205 

L.2 Control group characteristics  

 A02 A09 B08 C90 V64 

Dataset 17 78 17 78 17 78 17 78 17 78 

Average 1,98 1,91 1,55 1,48 2,07 1,93 1,67 1,58 2,63 2,48 

St. Dev. 0,54 0,51 0,63 0,59 1,43 1,13 0,45 0,32 1,92 1,62 

Cv.  27,3% 26,9% 40,7% 39,5% 69,2% 58,5% 26,6% 19,9% 73,0% 65,5% 

Appendix M: Slow movers included 

Method MSE Sales MAE sales MSE 

indices 

MAE 

indices 

MAPE sMAPE 

DGSI 688301 197,4 7,71 1,52 0,80 0,55 

GSI Naïve 52802 89,1 8,22 1,24 0,46 0,44 

GSI WA 36177 80,2 8,28 1,22 0,43 0,43 

GSI MA 31054 76,6 8,32 1,22 0,41 0,43 

ISI Naïve  166279 92,9 13,53 1,38 0,62 0,37 

ISI WA 157329 89,8 12,58 1,33 0,60 0,35 

ISI MA 157974 89,0 12,63 1,32 0,59 0,34 
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Appendix N: Simulation  

N.1 Design 

In this appendix ABS is simulated for the period of Easter 2012, as ABS settings were most up-to-date 

for this period. The period is from Monday 26-03-2012 to Saturday 7-04-2012, which is in the 

weekend of Easter. The five product groups covered in this project and 17 stores have been included.  

For the simulation, initial inventories were set at the expected mean inventory. The formula for this 

can be derived from the formulas in appendix A and equals: 

 ( , _ 1) 0,5*Iinitial MAX Dtm MIN ABS CS    

For slow movers this basically is; (MIN_ABS - 1) + 0,5 * case pack size, and for fast movers; Dtm + 0,5 

* case pack size. 

Output of the simulation will be given for three factors; 

- Inventory; total inventory in the stores 

- Backroom storage; these are the number of products that have to be stored in the backroom 

of the store as the shelves are fully filled 

- Lost sales; sales that could not be met from stock 

 

The first basic principle of inventory management is to maximize service levels while minimizing 

inventory positions. Out of stock situations are therefore undesired, so the factor lost sales should be 

minimized. Gruen et al (2002) have presented a paper with customer reactions to out of stocks.  

- Buy item at another store 

- Delay purchase 

- Substitute (same brand) 

- Substitute (different brand) 

- Do not purchase the item 

Supermarket also want to minimize their backroom storage, since only little space is available and it 

has high handling cost attached to it.   

 

Service level is the main key performance indicator for which supermarkets are judged. There are 

three different service rates (A.G., de Kok, 2010):  

P1: Probability of not being out-of-stock just before a replenishment order arrives (Cycle Service Level)  

P2:  Long-run fraction of total demand, which is being delivered from stock on hand (Fill Rate)  

P3L  Fraction of time during which net stock is positive (Ready Rate) 

In this simulation also the P1 and P2 service levels are being considered. They can however not be 

hardly compared to actually realized service levels as these can be caused by other factors outside 

high demand. A number of these factors are: 

- Supplier boycot 

- Products that are out of the assortment but not of the shelves 

- Delivery problems (caused either by supplier or DC) 

- Promotion products 
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N.2 Results 

Firstly simulation results will be shown for the grouping indices. Four methods are considered for 

which the GSI’s per category ID are shown in table 37. Firstly, the indices as found using the old 

method (naïve with promotions included). The second column shows the real applied indices of 

Easter, these were manually adapted by EMTÉ from the first column. The last two columns contain 

the indices of the GSI SMA and GSI naïve method.  

Cat. ID Old method Adapted GSI SMA GSI naïve 

A02 1,75 2 1,68 1,9 
A09 1,43 1,5 1,4 1,66 
B08 1,96 2 1,99 2,17 
C90 1,47 1,5 1,27 1,46 
V64 2,32 1,5 1,67 1,96 

Table 37; Indices Easter 2011 

In the results of the analysis inventory position, backroom storage and lost sales are shown for the 

Friday (6-4-2012) and Saturday of (7-4-2012) before Easter. Firstly the old method results are shown 

in table 38 and the adapted method is shown in table 39. Notion that the index for A02 is adapted 

upwards while that of V64 is strongly decreased. The other product groups are somehow the same.  

Cat. ID Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

A02 6958 438 10 6494 358 25 
A09 62435 2167 54 60096 2137 165 
B08 13639 2315 205 12337 1930 426 
C90 29797 4643 3 29076 4469 7 
V64 30221 10080 59 30510 10512 63 

Total 143050 19643 331 138513 19406 686 
Table 38; GSI old method 

Cat. ID Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

A02 7612 660 9 7142 560 13 
A09 63340 2579 54 61007 2444 147 
B08 13826 2398 191 12568 2062 426 
C90 30208 4804 3 29485 4787 7 
V64 18628 2438 83 18411 2772 118 

Total 133614 12879 340 128613 12625 711 
Table 39; GSI, real easter 2012 situation 

What becomes clear from these tables is, (the not so surprising finding) that inventory positions and 

backroom storage increase for higher indices while lost sales decrease. Another interesting note is 

the performance of the V64 category. It can be seen that the adapted indices cause an increase in the 

lost sales but that inventory and backroom storage have obtained very large decreases. Recapturing 

the temperature influences from section 5.2.1; it was stated that salad (V64) sales had an huge 

increase caused by the temperature in 2011. The inventory planner at EMTÉ has probably noted 

these and performed a good job by decreasing the group index, especially since V64 is a THT 

category. These results thus again show us the benefits that are obtained from considering more 

years of sales history in determining the indices.  

 

Table 40 shows us the results of all 4 grouping methods.   
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method Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

GSI naïve 143299 18147 312 138805 17617 636 

GSI SMA 130911 11611 338 125832 11312 737 

Old 143050 19643 331 138513 19406 686 

Real 133614 12879 340 128613 12625 711 

Table 40; Simulation results of the grouping methods 

It is quite subjective to give a good judgment about these grouping methods as its really a matter 

whether or not a company is prepared to reduce lost at higher inventory costs. A better judgment 

about the accuracy of the grouping methods is given in the indices analysis of previous chapter.  

 

What can be compared is the newly developed method with a grouping method. The method with 

individual indices is namely expected to decrease lost sales for peak sensitive products while 

controlling inventories for less popular products. The total results of the new method and the GSI 

SMA are shown in table 41. 

Cat. ID Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

GSI SMA 130911 11611 338 125832 11312 737 

New 132930 13015 182 127918 12791 479 
Table 41; new method and GSI 

It can be seen that lost sales are decreased greatly with 46,2% on Friday and 35,1% on Saturday, 

while stock inventories have only slightly increased. The level of the inventories are however hard to 

compare hardly on numbers, since the stock of the GSI MA method will probably compile more 

unpopular products than the stock of the new method. Comparing the new method to the other 

grouping methods does not ‘rush’ our minds. Performance of the ISI is better though, not enormous. 

It should however be considered that using the new method, new products without history and slow 

movers are assigned with a grouping indices. Table 42 therefore shows the results for the products 

without sales history and those based on the ISI’s. 

Cat. ID Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

Without history  30513 2371 57 30151 2516 306 
Based on ISI 102417 10644 125 97767 10275 173 
Table 42; Products with and without history 

These results show us that the largest part of the lost sales (55%) is caused by products without 

history, while these are responsible for just 23% of the inventories.  

 

To get a good view of the performances of the individual indices compared to those of the group 

indices, only those products should be included for which history is available. These comparison is 

shown in table 43. 

Cat. ID Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

GSI SMA 110473 15692 274 106247 15303 382 
ISI SMA 102417 10644 125 97767 10275 173 
Table 43; Perfomances for products with history 

From this table can be seen that lost sales are decreased with a total of 54,6 %, while inventories are 

also decreased with 7,6 % and backroom storage with 32,5 %. 
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As discussed in previous chapter benefits can be expected to be most for the groups where the 

highest intergroup variations were found. Table 44 shows the results per group and their coefficients 

of variation.  

Cat. ID 
(C.V.) 

Method Inv. Fr Back. Fr LostSales Fr Inv. Sa Back.Sa LostSales Sa 

A02 GSI SMA 4317 318 9 3942 254 18 

(0,39) ISI SMA 4023 223 9 3678 176 21 

              

A09 GSI SMA 46290 1980 6 44155 1947 59 

(0,4) ISI SMA 46961 2305 6 44877 2292 25 

              

B08 GSI SMA 11995 2113 204 10815 1743 254 

(0,66) ISI SMA 13751 3333 88 12682 3019 87 

              

C90 GSI SMA 23754 3493 0 23132 3351 6 

(0,35) ISI SMA 21118 2273 0 20320 1960 5 

              

V64 GSI SMA 24117 7788 55 24203 8008 45 

(0,96) ISI SMA 16564 2510 22 16210 2828 35 

Table 44; Results per group 

While C90 showed some overall improvement, most clear advantages are obtained in the groups 

with the highest coëfficient of variation; B08 and V64. 

 

 

 


