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This report contains the results of a graduation project conducted at OMV inter
national in Veghel, The Netherlands. The forecasting process in this company is 
analyzed . Based on this analysis a new forecasting model is designed that uses 
both statistical and judgmental input. The forecast is made on different aggre
gation levels to limit the number of forecasts required to cover all demand. The 
forecast model is further improved by using the available advance demand in
formation to improve or replace the demand estimator. Suggestions for imple
mentation are done, emphasizing on the current positive momentum for change 
there is in the organization . This report ends with conclusions and recommenda
tions. 
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You are currently reading my master thesis, which concludes 5,5 years of study 
in industrial engineering and management science at Technische Universiteit 
Eindhoven. 

From April 2004 until February 2005 I was could to show, grow and practice my 
abilities in analyzing and solving a logistic and organizational problem in an or
ganization. OMV international gave me the opportunity and trust to analyze 
their current forecasting system and design an improved system. At the supply 
chain office where I worked, it was "never a dull moment" . During my stay 
there was a cheese factory burning twice, an explosion on the site, the an
nouncement of an efficiency operation as well as a big merger and a change of 
jobs of both of my company coaches. 

I want to thank my company coaches, without whom this work should not have 
been as complete as it is now. First of all Jeroen for his, sometimes loud, but 
good feedback. Stimulating me to form and motivate my opinion . Second Arjan 
for his honest and sharp remarks, requiring only a few sentences to give good 
feedback that helps me further. Also Berend for adopting my project and me, 
basically when the fun part was over. Characterizing for all three of the supervi
sors is the freedom they gave me to shape the project to my own insight, which 
I appreciate. 

Also the willingness from Bart, Peter, Marjan and Frank at the supply chain de
partment and Jose, Tanja and Peter at the sales department to share their expe
riences was very helpful to me. 

I thank Jan and Tarkan for their input in my project, helping me to obtain an 
appropriate academic level. Both of them have the disadvantage that I always 
left an appointment with them with more work than I came. Fortunately they 
are able to compensate this with the advantage that I also took away with me a 
potentially better report than I brought. 

Of course I cannot end this foreword without thanking my housemates at Oikos 
for listening to me, and offering advice and relaxing moments. Even more es
sential were the support from Rooske and my parents who love and look after 
me, motivating me just when I need it. 

The creation process of this report was learning experience that will not soon be 
forgotten. Besides learning in the field of forecasting, I learned while watching 
and discussing with my colleagues at OMV. This report can only be a poor re
flection of the learning experience. Nevertheless I am proud to have my name 
written on this report. 

Benno van Mersbergen 
February 2005 
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Management summary 

This report describes the project that was carried out at DMV international and 
covers the topic of demand estimation. An analysis was made to determine how 
DMV can improve the forecasting system to get a more accurate forecast. 

Problem analysis 
DMV produces according to a make to stock policy. Therefore, the demand 
forecast gives important input on various decisions. First of all the decision what 
to produce is based on the forecast. Also the raw materials requirements and 
IMA planning use the forecast as an important input. Another important process 
that is affected by the demand forecast is the financial forecasting. This periodi
cal report about the expectations for the present year is based on forecasted 
quantities. 

Currently DMVs forecast is not very accurate. Measurements indicate forecast 
errors from 25 - 80% of demand, both positive and negative. This is high com
pared to observations in field studies where errors between 10% and 20% are 
common. Present forecast errors indicate there is much room for improvement. 

Information Level of 
aspects detai I 

No order data used Much data 

ASM is not invol ved in delivery pattern Task not suitable for human 

--~----~------~-----~-- Inaccurate 
forecast 

Past data not anal zed Post oned deliveries 

Accuracy not evaluated Invoiced or loaded quantity 

No feedback Definition 

Various reasons contributing to an inaccurate forecast can be found. An impor
tant reason is the lack of feedback about accuracy in the current system. Also 
important is the high level of detail the forecast is made on, which leads to a 
forecasting task that is not matched with human abilities. Furthermore available 
information like patterns that can be recognized or orders that are already ob
served is not used . 

The forecast errors in the present system require DMV to hold a lot of safety 
stock to prevent delivery problems. Current safety stock, valued against cost 
price, is € 12.500.000,-. Furthermore the forecast error affects the quality of the 
financial forecast, such an important document should aim to have the best pos
sible accuracy. Forecast errors also have a risk of getting obsolete packaging 
material or other raw materials. 
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An increase in forecast accuracy will lead to lower safety stocks and also have a 
positive effect on the other processes described earlier. Furthermore it will re
quire less last minute changes in the production plan, resulting in a better use of 
production capacity. Also this decreases the workload for supply chain coordi
nators, customer service desk and region managers, allowing them to focus on 
their other tasks. 

Designed solution 
A better demand estimator can be obtained by using various types of input, 
with their own complementary strengths and weaknesses. Statistical techniques 
can handle large amounts of data and recognize patterns automatically, they 
cannot foresee pattern breaks or events. Human capacities of information proc
essing are limited, but humans have knowledge about the environment that can 
affect demand. Furthermore there are observed orders, the number of observed 
orders is limited, but they give more certainty about demand than any estimator 
can. 

Download 
past 

demand 

Clean 
data 

Generate 
statistical 
forecast 

Evaluate 
accuracy 

ASM 
input 

Forecast 
agreement 

These various types of input can be integrated by first creating a forecast with 
statistical techniques, based on past demand. The area sales manager (ASM)is 
asked to review the forecast. The ASM can give input about pattern breaking 
information such as ending contracts or new customers. The ASM does this only 
for the 60 product/customer combinations that have the largest effect on in
ventory cost. This way the reviewing task is in line with human capacities and 
still 85 % of the volume is reviewed. Once the ASM has reviewed the forecast, 
the supply chain coordinator checks the whether it is feasible to deliver the fore
casted quantity. When there is an agreement between the sales- and supply 
chain department about the forecasted quantities, the. forecast can be used. 

In the articlemix planning sheet, the demand estimator can be improved by in
corporating advance demand information. This information about observed or
ders will improve the demand estimator and leads to a planning that is more in 
line with observed demand. When observed demand increases throughout the 
month, uncertainty is eliminated and safety stock requirements are reduced . 

.. 
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The developed approach to forecasting can improve forecasting accuracy. The 
expected performance of the approach was tested on 40 product/customer 
combinations. The effect on the safety stock requirements, compared to the 
safety stock requirements of the current forecasting method was calculated. 
Current safety stock value is€ 12.500.000,--. The following safety stock reduc
tions can be expected: 

• Forecasting with statistical methods: 12 % 
• Forecasting with statistical methods and reducing ASM review time: 17% 
• Use statistically generated forecast and ADI: 25 % 

• Forecasting with statistical methods and ASM review for events: 29% 

• Statistically generated forecast, reviewed by ASM and enhanced with 
ADI : 37% 

The 37% reduction in safety stock requirements can be obtained by imple
menting the new approach to forecasting and using ADI in the articlemix plan
ning sheet to improve the demand estimator. Assuming the input from the area 
sales managers reduces the forecast error with 9%. 

Recommendations 

It is recommended that the developed approach to forecasting is implemented 
on the short term. Within the organisation there is much dissatisfaction with 
current approach and several departments have expressed the need for a better 
forecast. This has created an environment in the organisation where a better ap
proach to forecasting is welcomed. 

The best way to implement the approach is to integrate it in the SAP system. 
This way it is automatically integrated in the work processes and professionally 
maintained . A SAP consultant was asked to explore how the developed ap
proach can be implemented in the SAP system. She concluded that with current 
SAP modules a limited functionality can be implemented. When buying another 
module full functionality can be realised. Although this is a serious investment, 
the savings the solution generates outweigh this investment. 

It should be noticed that the best forecast is not made by an advanced fore
casting method, but by inviting customers to give forecasting information . 
Starting a supply chain project to invite customers to share demand information 
can be very helpful. Since it are the larger, more important customers that have 
the biggest influence on demand patter, the number of customers involved in 
this project can be limited. This information can be obtained from the customer 
can be obtained by offering VMI in exchange for forecasting information, or fa
cilitating customers to put their orders and forecast directly in the ERP system. 
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In this chapter the company in which this project has taken place is described. 
The company is characterized as a whole and a special focus is put on the busi
ness and department in which the assignment is carried out. Furthermore the 
processes as they take place in the company and especially in the department 
are described. This description sets the picture of the environment of the project 
and will increase the understanding of this report. 

1. 1 Company overview 

The project is carried out at DMV international, a full subsidiary of Campina. 
During this project Campina and Arla foods announced their intended merger. 
In the course of 2005, a new company Campina Arla will start its existence in 
which all activities of Campina and Arla foods will be bundled. At the moment 
of writing this report the member-farmers and European still had to approve the 
intended merger. 

1.1.1 Campina 

Campina is a cooperation that originated in 1989 as a fusion of the cooperatives 
DMV Campina and Melkunie Holland. Since that year it has taken over dairy 
companies in Germany and Poland, but also in Russia and the USA Campina 
sells its products in 130 countries and owns production locations in 9 countries, 
including a recently purchased ex-Parmalat venture in Thailand. 

The cooperation has 9000 memberfarmers and its main goal is to bring milk to 
value. These memberfarmers have the guarantee that Campina will buy their 
milk. The key performance indicator for Campina is the performance price, this is 
the price Campina is able to pay for the milk to the memberfarmers. In 2003 the 
performance price was 34,56 euro per 100 kg including VAT. Every year more 
than 5 billion kg milk is processed of which 3,5 billion kg is supplied by the 
member farmers. The rest is bought in the market. 
Campina has an annual turnover of 3.7 billion. Measured to turnover Campina 
is the ninth dairy company in the world, according to the Rabobank. Measured 
by milk deliveries Campina has the 151

h position worldwide. 
Campina strives to create value out of milk by being entrepreneurial co
operative, gaining expertise throughout the supply chain, putting the customer 
first and caring for people. Recently Campina opened a dairy research center in 
Wageningen that has to enable Campina to improve its position in added value 
products. 

The co-operation Campina is full shareholder of Campina BV. This company is 
divided into five divisions. The different divisions report to the central board that 
is located in Zaltbommel. DMV international is a part of the division industrial 
products, that accounts for 13 % of the turnover of Campina. 
The different groups are depicted in Figure 1 
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Zuivelcooperatie 
Campina u.a. 

Campina BV 

I I I I 
Campina Campina Campina Cheese & Industrial 
Netherlands Germany international Butter products 

I 
I I I 

Nutrifeed Creamy OMV ~~1 

Figure 1 group structure Campina creation international 

1.1.2 OMV international 

In 1926 the co-operation "De Meierij Veghel" was founded. After 5 years the 
co-operation opened a central milk processing factory in Veghel. All the farmers 
in the neighborhood could bring their milk to this factory and were thereby en
sured of income. In 1979 the co-operation merged with the co-operation Cam
pina to OMV Campina BV. This new co-operation merged 10 years later with 
Melkunie to Campina Melkunie, nowadays called Campina. 

OMV International is now operating as the industrial ingredients division of 
Campina, one of the largest dairy companies in the world. Today, OMV is rec
ognized as a leading global supplier of basic and specialized ingredients to the 
Food, Nutrition and Pharma industries, complying with quality standards 
HACCP, ISO and cGMP. Currently the business-lines of the three different 
groups are restructured to business units. OMV also produces a feed stream 
(farm animal food) that is handled by another Campina company called Nu
trifeed. 

Ingredients for the food industry focus on dairy products, ready-to-eat desserts 
and ice cream. In pharma, DMV is leading in excipients, and tablet disintegrants. 
In nutrition, OMV has over 25 years experience with (hydrolyzed) proteins and 
bioactive peptides in human and microbial nutrition . 

DMV's commitment to product quality is shown by the development of Phar
matose DCL 14 - a product that has the potential to become the industry stan
dard for Direct Compression Lactose. DMV's capability for innovation is high
lighted by two recent award-winning examples: Textrion™ Gel 01 (for gelatine 
replacement) and Cysteine Peptide (that helps regulating blood pressure in a 
natural way). 

DMV's business covers Europe, America and Asia and 80% of its output is ex
ported to almost 100 countries. DMV has 968 employees. Production facilities 
are located in The Netherlands, Belgium, Germany and North America, sup
ported by 15 sales offices, plus a network of agents and distributors. Head
quarters are located in Veghel. 
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The department supply chain management is lead by the supply chain manager 
who is responsible for packaging, transport and the 4 supply chain coordinators 
of the 4 business lines (food, pharma, proteins and nutritionals) . The supply 
chain coordinators are responsible for the inventory levels, delivery reliability and 
production capacity utilization for their business line. In this function they oper
ate as a bridge between the sales and production departments. Based on the 
forecast from sales and the constraints from production the supply chain coordi
nators decide the quantity that has to be produced in a certain week. For dairy 
product an important constraint is also the scheduled milk supply. The amount 
of milk needed to produce the scheduled weekproduction has to be aligned with 
the milk supply for that week. 

1.2 Process overview 

This section gives an overview of the production process and the related control 
processes. A special paragraph is dedicated to characteristics that are specific re
lated to process industries and result in a more complex planning 

1.2.1 Production process 

The Veghel site can roughly be divided into three different factories. The casein
ate plant, the lactose plant and the spray drying plant. In Figure 2 the different 
plants are indicated by rectangles respectively numbered 1, 2 and 3. OMV proc
esses raw milk, cheese whey and skim milk. The raw milk is first skimmed and 
mixed with the skim milk from the butter factories. Out of the mixed skim milk 
caseinate and caseine whey is made. The caseinate is an end product that is sold 
to the market. The caseine whey and cheese whey are in the lactose plant first 
concentrated to a thick pasta. 

OMV International ft 
The ingredients of success 

kaasweil1<oosweistroq::i kaasweVkaasweistroq:> 

food En feedprodJctcn foodproduden 

Procesflow schema 
rauwc rnclk 

foodproduden feed-product en 

glucaseNcttcn 
Lactose 

case·· ten 

vet:cricentratcn 
tq:ipings ...._ ________________ ____. cd feewhitner!> 

::::::J melkeiwl C=::J wei\ICl"lloerkirg - sproeidrogen m ortzoulen 

Figure 2 process flow scheme 
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Out of the two different wheys three 
pastas are produced, a fourth pasta is 
received from the Uitgeest plant, that 
makes pasta from the cheese whey of 
the Bleskensgraaf cheese plant. Out of 
the different pastas lactose and mother 
lye are produced. In times of excessive 
milk supply there is an overflow of 
pasta 2, this pasta is then send to Aal

OMV International IJ 
The in redients of success 

Table 1 Inwedientsfor different pastas 

Ingredients Pasta 
Cheese whey Pasta 0 
Caseine whey Pasta 2 
Cheese whey & Pasta I 
caseine whey 
From Uitgeest Pasta 3 
plant 

ter where caseinewheypowder is produced out of it. The produced lactose is 
sold to the food and pharma market and mother lye is spray dried to products 
for the food and feed industry, one of the most well-known spray dried prod
ucts is Esprion that is used as a substitute for skim milk powder in food products. 

The spray dry plant also produces a wide range of non-dairy products. These 
products use lactose and caseinates as ingredients, but more important ingredi
ents are fats, glucose, emulsifiers etc. The products produced are coffee whiten
ers, toppings, fat concentrates etc. 

When the products are finished, they undergo a quality assurance procedure. 
The products are tested on their customer specifications and restrictions by the 
applying quality standards. On dairy products strict regulations, concerning sub
sidies, tracing and quality, set by the European Union apply. The strict quality 
requirements and the involvement of government officers in quality control 
cause this process to have a 3 week lead-time. 

1.2.2 Complicating characteristics 

A global overview of the process seems rather simple. When looking more in 
detail there are certain characteristics that make the real situation a lot more 
complicated. The first has to do with DMV's position in Campina and the other 
with the kind of processes and products used at DMV. 

Within Campina the total of the milk produced has to be divided over the dif
ferent plants. For this purpose a dividing tool is used. An estimation is made of 
the amount of milk farmers will deliver every day, this can not be done exactly 
because it turns out to be impossible how much milk the cows will produce. This 
has to do with the weather, the number of calves born and how much of his 
quota a farmer has filled . There is a seasonal pattern in the supply, because 
cows produce more milk during spring and summer compared to the rest of the 
year. Besides this seasonal effect there is a lot of other noise that is hard to fore
cast. 

All the plant managers make an estimate of the milk requirements of their plant. 
These requirements are entered in an optimization tool together with informa
tion about capacities, (cost) prices and milk availability. This optimization tool 
determines how milk is allocated over the different plants. 
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When OMV foresees the milk it receives from Campina is not enough to deliver 
the customer, milk is bought from external parties. This can only be done by 
long-term contracts, in practice that means that milk bought when milk supply is 
low also has to be taken when milk supply is high. Because of this effect not all 
production at OMV is demand driven, in peak times also supply driven produc
tion occurs. These supply driven products are often sold off to the market at a 
lower price than for regular products. 

Furthermore OMV is rest processor for Campina. OMVs capacity is very large 
compared to other plants, for example the milk processing capacity of a large 
cheese plant is 10% of OM Vs processing capacity. When a production line in a 
Campina plant is out of order due to maintenance or an incident the milk is 
brought to OMV, because OMV usually has the capacity to process it. 

Another characteristic that complicates production and planning at OMV is the 
fact that milk is a perishable product, there is only limited time to process it. 
Furthermore, once it has been processed in the first plant, there is only limited 
buffer capacity, so again there is a need for quick further processing. This is a 
characteristic that is seen a lot in process industry; all the different streams are 
depending on each other. When one product is made, it often automatically im
plies another product has to be made to and others can 't be made until the 
equipment is thoroughly cleaned. 

1.2.3 Planning and forecasting process 

Like most process industry companies, OMV is operating with long cycle-times. 
The cycle-time is the time it takes to produce all products at least once, when 
the cycle is completed it starts again. For non-dairy items the cycle-time is 12 
weeks, for dairy items it is approximately 3 weeks. Orders are placed as single 
orders or as a call off that is part of a contract. Contracts last for 6 to 12 months, 
deliveries for these contracts are called of approximately 2 weeks in advance. 
With these characteristics it is evident, OMV needs to operate a make-to-stock 
policy. The decision on what to produce is based on forecasts. Safety stocks are 
kept to cover for the forecast error. The safety stock volume has a cost price 
value of€ 12.500.000, --. 

The forecast is a 12-month rolling forecast with monthly buckets, which is made 
by the Area Sales Managers (ASMs). An ASM is a sales representative that visits 
customers in order to make contracts. Because the ASM is in touch with the 
customer, he knows the market best. Therefore OMV has decided, the ASM has 
to put up the forecast. This forecast is made on ASM/customer/article level. This 
means that each ASM has to fill in how much he expects his customers will or
der from the different articles. The ASM does this in an excel sheet that contains 
up to 500 different demand-lines per ASM. A part of this sheet is depicted in 
Figure 3. 
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Figure 3 forecast input list 

This forecast is sent to the supply chain coordinators who upload it in the SAP 
system. Once uploaded, the forecast serves as the input for the articlemix plan
ning. The process is put in time perspective in figure 4. Monthly forecast per 
product per ASM per customer is aggregated to product level and broken down 
into weeks. Based on the projected sales per week a projected inventory is cal
culated . When the inventory falls below safety stock the coordinator schedules a 
production. 

26"' Deadline ASMs 
9"' Create and send forecast I 61

h Forecast fi nal 

J; v I J 
Month 

figure 4 Forecasting process in a time perspective 

A production can only be scheduled in the part of the cycle where it belongs. If 
the inventory is forecasted to reach a low level in a period it can't be produced, 
the production is planned earlier, in a period it can be produced . The capacity 
handbook that lists the minimum amount of hours determines the lotsize for a 
production run. Runlengths for most products vary between one day and two 
weeks. This differs significantly per plant. Differences are caused by diversity in 
product mix and available capacity. 

This results in a planning of weekly production volumes, called the articlemix 
planning. In the production department it is decided, which part of the week 
and on which lines the production will take place. 
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The forecast is not only used for the articlemix planning. It is also used for sev
eral other purposes, such as: 

• Input for the financial forecast1 

• Input for IMA planning2 

• To buy packaging- and raw materials 
• To reserve inventory space in warehouses 

The financial forecast has an impact on the sales forecast, since it is reported to 
the board there it is politically sensitive. The forecast is made so it does not devi
ate too much from the budgeted sales. It may not be too low, otherwise it is not 
accepted by the board. On the other hand, the forecast is made conservative, 
any optimistic forecast that is not realized results in an unsatisfied board. The 
other purposes the sales forecast is used for do not affect the way the forecast is 
made. 

1.3 View on forecasting 

This project is one of the signs of the increased attention to forecasting. It is no
ticed that an inaccurate forecast does not only affect the work at the supply 
chain department, but has consequences that can be felt within production, fi
nance, purchasing, quality control and sales. 

Forecasting has become a topic within the organization and several departments 
have expressed the need for a more accurate forecast. It is expected that a more 
accurate forecast will improve various performance indicators such as delivery 
reliability, lead time, utilization rate, financial forecast accuracy and the quantity 
of obsolete raw/packaging materials. 

1 The financial forecast is a financial report for the headquarters, prepared 3 times a year. It forecasts 
the results until the end of the current year in order to see whether budgets are met. 
2 IMA (International Milk Allocation) planning, is the planning for the milk distribution between the 
various Campina plants. 
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This chapter introduces the project. Based on the initial problem formulated by 
DMV, the project is defined conform the method of Van der Zwaan et al. [1]. 
Based on the initial problem a prel iminary problem analysis is carried out to gain 
insight. This insight is used to define the research assignment. The assignment is 
described by a problem definition, research objective and research question. 
When the assignment is defined, the scope of the project is set and the ap
proach is lined out. 

2. 1 Project inducement 

DMV operates a make-to-stock policy. Planning decisions are based on the fore
cast. DMV presumes the forecast is an important instrument to increase delivery 
reliability and attaches value to a high forecast accuracy. 

Within the organization several parties are unsatisfied with the current forecast
ing method. The sales managers disapprove the way the forecast is put up. They 
have to fill in which demand they expect for every product/customer combina
tion for the next twelve months. This labor-intensive task repeats every month. 
Not only do they dislike their role in the forecasting process, they also get con
fronted with product shortages due to non-forecasted demand. 

The supply chain coordinators are responsible for obtaining the objective deliv
ery reliability with proper safety stock levels and effective use of production ca
pacity. The forecast is an important supplier of information to facilitate this pro
cess. A more accurate forecast makes the work of supply chain coordinators less 
hectic and requires less plan changes and safety stock to obtain the required de
livery reliability. The supply chain department has measured a 60% forecast reli
ability. 

Based on this, the supply chain manager formulated this initial problem: 

The current forecasting process does not comply to the expectations. The sales
and supply chain department are not satisfied with current forecasting accuracy 
and forecasting method. 

2.2 Preliminary problem analysis 

This section aims to create insight in the problem to formulate the research as
signment. First the relation between delivery reliability and forecast accuracy is 
explored and next the drawbacks of current forecasting method are described. 

2.2.1 Delivery reliability 

Currently there is no target for delivery 
reliability. DMV had problems measuring 
delivery reliability, recently these prob
lems were solved and from May onward, 
delivery reliability is recorded again . 
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table 2 delive1y reliability per business line 

ue11very 
Reliability may june 
Pharma 82% 89% 
Food 93% 91 % 
N utritiona Is 91 % 90% 
Proteins 89% 90% 
overall 88% 90% 

july 
89% 
90% 
92% 
88% 
89% 
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Delivery reliability as it was realized from May to July is displayed in table 2. 
DMVs delivery reliability is low compared to targets as 95 - 99% that are fre
quently heard in industry. OMV has defined delivery reliability as the part of the 
deliveries that is delivered when the customer requested it in the right quantity. 
This includes the requests on very short notice. When comparing to the date 
OMV confirms to the customer, the delivery reliability is 93 % . 

When a delivery is not on time or does not have the right quantity this may 
have several causes. Figure 5 displays the various causes in May 2004. It turns 
out that only a very small portion of the delivery failures is directly related to 
unforecasted sales. Of course forecast errors consume safety stock that other
wise could have served to decrease the effect of other problems. 
Figure 5 Causes of delivery failure in May 2004 

Causes of delivery failures 

4% 2% 

II Undercapacity 

• Raw material/milk 
supply 

o Transport delay 

o Quality assurance delay 

• Customer ser.Ace 
department 

o Technical production 
errors 

• Other 

o Unforecasted sales 

Since there are many other problems that have a negative effect on delivery reli
ability it cannot be guaranteed that a better forecast accuracy will improve the 
delivery reliability. Nevertheless improving forecast accuracy can still be benefi 
cial. An improvement in safety stock can be achieved, because of the relation
ship between forecast accuracy, safety stock and delivery reliability [2]. 

ss = safety stock 
k = a safety factor corresponding with the desired delivery reliability 
cr, = standard deviation of the forecast error 

When k remains constant and cr, decreases this will lead to a decrease in safety 
stock levels. Improving the forecast system will lead to a lower theoretical 
amount of safety stocks. When supply chain coordinators continue to do their 
work, it can be expected the real amount of safety stock lowers as well. Total 
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safety stock value is approximately € 12.500.000, so a reduction of a few per
cents results in a large saving. 

Currently safety stocks are not set as an absolute value, but as a time equivalent 
of 3 weeks forecasted demand with small differences per business line. Appen
dix 1 shows safety stocks in weeks for the proteins department based on fore
cast accuracy over the first seven months in 2003. When the outliers (high ex
tremes > 6 weeks) are not taken into account, still large differences in safety 
stocks are seen between products. Setting a safety stock level per product in
stead of the same for all products is therefore advisable. 

For the rest of the project the aim will be safety stock reduction instead of im
provement of delivery reliability. The safety stock reduction will be compared to 
the safety stock DMV should keep, according to current forecasting accuracy. 

2.2.2 Current forecasting method 

On a daily basis the supply chain coordinators get requests for permission to de
liver an order that was not forecasted. Often the order is already placed, which 
gives the coordinator a dilemma. Not delivering the order leads to poor delivery 
reliability, which he is responsible for. Delivering the order may lead to delivery 
problems later that month and also gives a bad score on inventory level that is 
also the coordinators responsibility. The following quotes from interviews with 
supply chain coordinators give a good impression of the problem. 

"I expect all the forecasted demand to be sold. When an Area Sales Manager 
asks whether he can sell more than forecasted, it is hard to answer that ques
tion, because I don't know how much will really be sold that month. 

" Almost all of the day I am telling Area Sales Managers they should not sell. I 
need to ad like a police officer, guarding my inventory" 

On the other hand, the ASMs also signal a problem. Every month they receive a 
spreadsheet in which they need to fill out for about least 300 customer/product 
combinations with the highest possible level of detail for 12 months in advance. 
This needs to be done within two weeks and the ASM only has 1-4 hours to 
spend on it. It is very time consuming for the ASMs to analyze all past demand 
data from the SAP system. ASMs cannot get data about their forecasting accu
racy or confirmed for the coming months, without a lot of effort. Because there 
is little time to get the data available, most ASMs make the forecast without any 
additional information or help. Considering the layout and size of the forecast it 
is almost impossible not to lose overview and errors are easily made. 

The ASMs perceive forecasting as doing their best guess, this perception is forti
fied by the way the forecast is made. Since there are no suitable support aids, 
the ASMs expect some flexibility from the supply chain coordinators to cope 
with their errors. This is illustrated by the following quotes taken from interviews 
with ASMs 
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"They (supply chain coordinators) expect the forecast to be 100% accurate, but 
it's a forecast, it cannot be perfect." 

"You always have to deliver your customers and we need flexibility to cope 
with that. We should not cling compulsively to the forecast. " 

"After months I finally got a new customer. When he placed his order I needed 
to go back to him to tell we couldn't deliver." 

Summarized the viewpoint from the ASMs is they have to make a forecast on a 
high level of detail without any support tools in a short time for a lot of cus
tomer/product combinations. Furthermore a high accuracy is demanded, be
cause any deviation from forecast leads to an argument with a supply chain co
ordinator that may end in not delivering customers. A support tool that helps 
ASMs to recognize patterns in demand, reducing the task of the ASM to the in
put of trend breaks can improve the accuracy and reliability of the system. 

2.2.3 Various angles of the problem 

During the prel iminary problem analysis it turned out that forecasting was in 
important topic on various departments. Each of these departments experienced 
its own problems with the forecast. 

Within the sales organization an important topic is the order acceptation proc
ess. When the received orders are matched with the forecasted quantities, the 
product availability can be managed. Currently orders consume the available 
product quantity with a FCFS priority, regardless whether the order was fore
casted. By matching an order with the forecast, it is immediately clear whether 
the order is expected to have consequences for the product availability. A choice 
can then be made whether DMV wants to serve this customer or save the avail
able product to a more important customer that is expected to order later. The 
matching of orders versus forecast is also helpful for the ASM to get insight in 
which of his customers order more or less than expected. 

The financial department approaches the problem from another angle. For them 
it is an important issue how the demand figures are supported . Which insights 
underlie the forecast? Three times per year a financial expectation is reported to 
the board of the company. For these reports it is extra important to support the 
forecast with facts. They would like to have an approach to forecasting that is 
more fact based and gives more information about the reasons why a certain 
demand level is expected. 

Shared goal for all departments is to have an accurate forecast. This is especially 
important for the purchasing and supply chain department, whose performance 
is directly depending on the forecast accuracy. Since this project is initiated by 
the supply chain department and it is the first concrete project that has come 
forward out of the increased attention to forecasting, it will mainly focus on 
forecast accuracy. 
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The research assignment consists of three parts. The problem statement, re
search objective and research questions. Together they set the borders of the 
topic of this project. 

2.3.1 Final problem statement 

The preliminary problem analysis has given insight in the current problems con
cerning forecasting at DMV. It turns out that an improved forecast does not 
necessarily lead to a better delivery reliability, but may lead to the possibility to 
keep the delivery reliability on the same level with less safety stock. The prob
lems with the current forecasting method concentrate themselves around the 
way the forecast is put up. Furthermore the forecast errors lead to misunder
standing between the area sales managers and supply chain coordinators. These 
observations make that the problem definition can be made more specific. 

The current forecasting process assigns a task to ASMs that is not suitable, 
leading to high forecast errors. The effect of the forecast errors is increased 
by different views from the sales- and supply chain department on forecast-

2.3.2 Research objective 

The research objective describes the deliverables of the project. The exact form 
of the deliverables is not fixed, therefore the deliverables are formulated as an 
assignment. Based on the assignment performance measures are formulated to 
quantify the obtained improvement. 

Develop an approach to forecasting that reduces the forecast error and im
proves the forecast process. 

It is hard to quantify a performance measure that measures how the forecasting 
process is improved. There is no number that can measure the quality of a proc
ess. Most important in this aspect of the assignment is the design of the tasks 
that humans have to perform. In the current situation the task of the ASM is ob
viously not suitable. In the new approach to forecasting, this may not be the 
case. 

Quantifying the forecast error reduction is much more straightforward. Hereby it 
should be taken into account that error reduction should not be a goal in itself. 
Important is which benefits the reduced error will bring. As identified earlier, the 
increase of forecast accuracy leads to a decreased safety stock requirement with 
constant delivery reliability. Therefore the performance measure used is safety 
stock reduction under constant delivery reliability . 
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The research questions define what needs to be known to reach the research 
objective. Information needs to be collected about the behavior of the system in 
which the forecast resides. Delurgio [3] has developed an approach to design a 
new forecasting system. He defines various steps that lead to a new forecasting 
system. Within the various steps, questions need to be answered . The research 
questions are based on the approach of Delurgio and grouped by the various 
steps. How the approach is applied on this project is explained in paragraph 0. 

Problem definition 

Question 1: What is the purpose of the forecast 
1.1 What plans and decisions require forecasts? 
1.2 What should be forecasted? 
1.3 Which factors affect the forecast? 
1.4 What should be the forecast horizon? 

Information search 

Question 2: What are the characteristics of demand and the current forecasting 
system? 
2 .1 Can general trends and seasonal influences be observed in demand? 
2.2 Is demand stationary? 
2.3 Which factors have big influence on demand? 
2.4 Which demand information is available? 
2.5 How does current forecasting system perform? 
2.6 What affects the performance of the current forecasting system? 

Model formulation 

Question 3: What is the best forecasting method for OMV? 
3.1 Which quant itative methods should be used? 
3.2 How should qualitative input be used? 
3.3 How should quantitative and qualitative input be integrated in one ap
proach? 

Testing 

Question 4: Is the quality of the developed model sufficient? 
4.1 How should the quality of the model be measured? 
4.2 What is the quality of the new forecasting method? 
4.3 Which factors affect the quality and how do they affect it? 

Implementation 

Question 5: How can the new approach to forecasting be implemented? 
5.1 Who are the stakeholders regarding implementation? 
5.2 How should working processes be changed? 
5.3 Which steps should be taken in time to implement the new approach? 

13 



TU 
technische 

e universiteit 

eindhoven 

OMV International (I 
The in redients of success 

These questions will be answered in the course of the project. The answers to 
the questions will lead to a good understanding of the current situation. This 
understanding will result in a design for a new approach to forecasting that can 
be implemented in DMVs situation. 

2.4 Scope 

This project is initiated by the supply chain department and focuses on the goal 
of the forecast, namely to synchronize sales and production in a way that leads 
to a maximum result for DMV. 

The project focuses on the processes in the supply chain- and sales department. 
Processes in other departments, such as production and quality assurance, are 
not taken into account. Within the supply chain department, warehousing and 
distribution are considered less relevant for the project. 

A choice to focus on a business line (food, pharma, proteins, nutritionals, several 
or all) has not been made. Later in the project it can be decided to focus on one 
or several business lines. Business line nutritionals will be excluded from the 
analysis. Gathering information in this business line is a problem, because in the 
SAP system volumes are expressed in different units (bags, kgs, lbs). 

All effects of the budgeting process by the board are taken as a given and will 
not be challenged. This also holds for issues in production, quality assurance or 
transportation that lead to an increase in the forecast error. Changes in current 
customer- and product mix are no part of this project. Current mix will be taken 
as a given. 
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2. 5 Approach 

Stephen Delurgio [3] describes a scientific approach 
towards the design of a new forecasting process. The 
steps in this approach are the bases for the approach 
used in this project. The approach starts with a prob
lem definition; this definition requires answers on 
questions like what is going to be forecasted, what is 
the appropriate forecast horizon, what ac
tions/decisions are taken based on the forecast etc. It 
differs from the problem statement as it was described 
earlier this chapter. 

In the information search phase the system to be 
modeled is analyzed. Characteristics of the system to 
be forecasted are defined. The factors that influence 
the system are identified and the influence is de
scribed. 

When the purpose of the forecast is defined and the 
system to be forecasted is known, the forecasting 
model can be developed. This step consists of select
ing and combining appropriate quantitative and 
qualitative methods. 

When the model is developed, it should be tested. 
Based on the results from this testing phase it is de
cided to implement the system or go back to one of 
the earlier phases to improve the system. 

Delurgio presumes the forecast is created in a new 
situation where no forecast is in place. In the situation 
for DMV there already is a forecast method in place. 
To identify what causes the performance of the cur
rent system and how it can be improved, the current 
system is also analyzed. This is done in the information 
search phase. 

OMV International II ; 
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Problem 
definition 

Information 
search 

Hypothesis!Theory/ Model 
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Experiment 
design 
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execution 

Results 

Ongoing maintenance 
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Continue 
use 

Figure 6 Process of designing a forecast model 

Furthermore the approach developed is aimed at a situation where various vari
ables influence the system that is to be forecasted . For DMV univariate models 
will be sufficient. This does not change the phases in the project, but does affect 
the content of the phases. 
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During the project, the several steps 
of Delurgios approach were fol
lowed. In figure 7 the various steps 
in this project are depicted, including 
the paragraphs were the steps are 
described in this report. 

The explicit decision moments from 
the original approach are not de
picted. In the project several itera
tion steps were made that adjusted 
the problem definition or improved 
the forecasting and ADI model. The 
final result of these iteration steps 
can be found in this report. 

Two models were formulated. One 
for the forecast and one for han
dling advance demand information. 
The advance demand information 
model uses input from the forecast
ing model. The ADI model is an in
tegrated model using both fore
casting- and advance demand in
formation. 
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This chapter introduces important relevant research for this project to the reader. 
Some influential work in forecasting is discussed, covering both statistical and 
judgmental forecasting. Furthermore the measuring of forecast quality is dis
cussed. The last paragraph of this chapter is used to introduce the special char
acteristics of the process industry to the reader. The restrictions that this envi
ronment puts on the processes differ from other industries. 

3.1 History of forecasting 

History has always known forecasters. Already in biblical times Noah received a 
rain forecast that saved his family. Since then forecasting forecasting has been 
practiced with altering success. Well-known forecasts from the past that did not 
turn out to be right are: 

"Everything that can be invented has been invented." 
Charles H. Duell, Director of U.S. Patent Office, 1899 

"There is no reason for any individual to have a computer in their home. " 
Ken Olsen, president, Digital Equipment Corporation, 1977 

Academic attention for forecasting increased in the 1950s when exponential 
smoothing models were developed. Exponential smoothing is based on the prin
ciple that variable Xn+, at time n can be estimated as a weighted sum of past ob
servations. Where Xn+, is the realization of a series at time n+ 1. The most recent 
information is considered the most accurate and receives the highest weight. 
The following equation is used 
Ft+, = aXt + a(1-a) Xt_, + a(1-a)2 Xt_2+ ... 

Where Ft+, is the forecast for period t+1 made one period before. 
This can be rearranged to 

Ft+1 = Ft + a(Xt - Ft) 

Gardner [4] reviews various applications of exponential smoothing and exten
sions to the original technique. The most well known is that developed by Holt 
and Winters, clearly explained in [5]. This is the first exponential smoothing 
method able to capture trends and seasonal terms. 

A work that had great influence on time series techniques and forecasting is that 
of Box and Jenkins [6] . They developed a model based on moving averages and 
auto regressive properties of the forecasted series that can describe the behavior 
in a relatively compact, accurate and mathematical attractive way. By including 
integration steps in the approach non-stationary properties of a time series are 
removed, enabling forecasting of these time series as well. This work was ex
tended by many other researchers and is frequently referred to in literature [7] 
[8]. 
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Selecting a particular forecasting model is complicated. A lot of factors have to 
be taken into account of which lots are specific to the environment. Therefore it 
is difficult, if not impossible, to write a step by step plan for choosing a forecast 
model. Abraham and Ledolter [9] identified 5 parameters that influence the 
choice for a certain model. 

• Degree of accuracy 
• Forecast horizon 
• Forecasting budget 
• Complexity required 
• Availability of data 

These parameters depend on the item that has to be forecasted and the appli
cations the forecast is used on . The parameters also interact with each other. For 
example, when a high degree of accuracy is required, this leads usually to more 
complexity and cost. And a limited availability of data may have consequences 
for the possible forecast horizon. 

Besides the choices that have to be made for these parameters, also the forecast 
type has to be chosen. Chatfield [1 O] classifies the forecasting methods that 
have been developed into three types: 
• Judgmental forecasts based on subjective judgment, intuition, commercial 

knowledge and other available information 
• Univariate methods where forecasts depend only on present and past values 

of the single series being forecasted, possibly added to a function of time 
such as linear trend 

• Multivariate methods where forecasts of a given variable depend on values 
of one or more additional time series variables, called predictor or explana
tory variables. 

Judgmental forecasts are widely used in industry, but receive relatively little aca
demic attention. Univariate methods are the first academically developed tech
niques and use data from the past to predict the future from the same series. 
Multivariate methods use more sources to predict the future. For example the oil 
price may be predicted by a combination of production volumes, demand, po
litical- and economical situation. 

3.3 Judgmental forecasting 

The forecasting method currently used at OMV is judgmental forecasting. Mak
ridakis and Wheelwhright [5] define 4 types of judgmental forecasting: jury of 
executive opinion, sales force composites, anticipatory surveys and individual 
subjective assessments. DMVs method could be classified as sales force compos
ites. By applying this method OMV behaves like a typical company. Field studies 
show this method is commonly used in business [11 ], [12]. 
Bunn and Wright [13] indicate judgmental forecasting is favored , because plan
ners identified severe limitations in using purely statistical techniques. Most im
portant complaint is that statistical techniques are not able to forecast one-time 
events. Delurgio [3] states that the basic assumption of forecasting is that the 
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past patterns or behavior will continue into the future. If the pattern is broken 
statistics will fail and only humans are able to predict this. 

Although only humans are able to predict pattern breaks, humans are not very 
good at it. Studies show humans tend to exaggerate changes in patterns, caus
ing large forecast errors [14]. Goodwin and Fildes [15] show that judgmental 
forecasters also perform poor in integrating judgmental and statistical input to 
one forecast. Statistical forecasts are changed when they are highly reliable and 
ignored when they should be used to improve the judgmental forecast. 

A recent contribution of Goodwin [16] builds a tentative model for choosing a 
forecast integration model. He argues integration is good because judgement 
and statistical methods have complementary strengths and weaknesses. "Hu
man judges are adaptable and can take into account one-off events, but they 
are inconsistent, can only take into account small amounts of data and suffer 
from cognitive biases. In contrasts, statistical methods are rigid, but consistent 
and can make optimal use of large volumes of data." 

In DMVs situation, special events like new customers or products are contextual 
information that can exclusively be accessed by the sales manager. Meanwhile 
there are thousands of product/customer combinations that cannot be overseen 
by man. Goodwin recommends an integration of statistics and judgement by 
voluntary integration where the statistics model is the default. This seems to be 
a promising solut ion that deserves more attention in the project when solution 
alternatives are developed. 

3.4 Measuring forecast quality 

Silver et. al [3] write about forecasting: "all that we can say for certain about a 
forecast of demand is that it will be in error". They indicate it is important to 
analyze the forecast errors for at least two reasons. First, the service provided to 
customers depends on the size of forecast errors. Second, the adequacy of a 
forecasting model depends on the forecast error. 
The forecast error in period t is defined as 

where 
et is the forecast error in period t 
xi is demand in period t 
F

1 
is the forecast for period t. 

A wide range of different measures of accuracy is proposed in literature. They all 
use the error-term et and process it in another way. Silver et. Al mention three 
measures that give a good and understandable insight in forecast accuracy. 
These measures are the Mean Absolute Deviation (MAD), Mean Square Error 
(MSE) and Mean Absolute Percentage Error (MAPE). 

19 



TU 
technische e universiteit 
eindhoven 

MAD= :tleil 
1= 1 n 

MSE = _!_ Ie~ 
n 1=1 

MAPE = _!_I e1 x 100% 
n t= I X , 

Where n is the number of periods that are relevant. 

OMV International II · 
The in redients of success 

The MAD is the extension of a more basic measure: the mean error. Calculating 
the mean error has the disadvantage that positive and negative errors may result 
in an error close to zero, while there are significant errors. A mean error close to 
zero only indicates there is no bias, but is no guarantee for an accurate forecast. 
The absolute average error gives a better indication of the size of the errors, but 
no indication about the existence of a bias. 
When evaluating the performance of a forecasting method in different time se
ries, a relative performance measure is needed. The MAPE provides a relative 
measure by presenting the MAD as a percentage of the forecasted time series. 
The MSE is not a relative measure. It is based on the logic that it is more desir
able to have several small errors than to have one large error. Therefore the 
larger error terms are counted more by squaring the error terms. 

Which accuracy measure is used for evaluation depends on what the measure 
needs to be used for, but also on the personal preferences of the researcher. 
Studies that evaluate the accuracy of different methods like [11] use one, or a 
set of measures without motivating the choice for a certain evaluation method. 
Other studies [12] just use two different measures to verify whether the findings 
are not caused by the measure used. 

The same is seen in practice, field studies that research the forecasting practices 
as used in business report that mainly the MAPE is used for evaluation purposes 
[17]. This can be explained, because the value of the MAPE is intuitively under
standable and practitioners are familiar with percentages. Also visual monitoring 
and MAD are often used as evaluation tools in practice [18]. 

3.5 Special characteristics of the process industry 

A lot of theory about production and inventory management is developed for 
job shop environments. There is growing consensus that process industries are 
fundamentally different from fabrication and assembly industries. Taylor et. al. 
[19] show the industries operate in different marketing, manufacturing and fi
nancial environments. 

In the process industry, usually high volumes of commodities are produced. 
There is a limited amount of differentiation among products, putting marketing 
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emphasis on availability and price. The unit value of products is low, leading to 
relatively high transportation cost. Production is usually very capital intensive, 
leading to an operational focus on capacity utilization. Therefore production 
runs are long and there it is aimed to minimize change over time. To use capac
ity to the maximum, a make to stock policy is usually operated. 

Where fabrication environments are usually job shops, in process industries one 
is likely to find flow shops. Flow shops are characterized by fixed routings, high 
volumes, specialized equipment, low work in progress and the quality and 
amount of the input that is leading for the output. The same is seen at OMV 
where the amount of milk determines the product quantities and indirectly also 
the product mix. In 

Fransoo and Rutten (20] show that within the process industry a split can be 
made between process/flow businesses and batch/mix businesses. Process/flow 
are the old well -known process industries like the paper, steel and oil industry. 
Process operations that use more advanced technique and make more advanced 
products, like drugs and specialty chemicals can be characterized as batch/mix 
businesses. Here still expensive production equipment is used and there are a lot 
of similarities with traditional process industry, but batch sizes are smaller and 
products have higher added value. OMV can be characterized in between these 
two businesses. It produces caseYnates that are price- and volume driven com
modities, but also advanced ingredients for the pharmaceutical industry. 
I characteristics of the process industry differ significantly from job shop envi
ronments, which they call batch/mix businesses. 

The importance of capacity utilization limits the use of MRP in process indus
tries. Although MRP II allows capacity checks, there are problems with setting 
the capacity Making a rough long term planning that optimizes the use of ca
pacity is not very well facilitated by MRP. Capacities of equipment in process 
industry are influenced by various factors such as routing, ingredients, product 
specifications, operator quality, planning order and many other factors. For MRP 
is difficult to handle these and other characteristics. Van Rijn and Schyns (24] 
give an extensive overview of the limitations of MRP in a process industry envi
ronment. 
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When evaluating and designing a forecasting system, it is important to know -
and understand the characteristics of the demand to be forecast. This chapter 
will explore the characteristics of demand and the forecasting process. It 
concludes with a fishbone analysis that lists the various causes of current 
forecasting accuracy. 

4. 1 Forecasting 

This section deals with the questions about what needs to be forecasted and 
how well the current forecasting system does that. First the purpose of the fore
cast is determined, then the current forecast system is evaluated. 

4.1.1 Purpose of the forecast 

In this project the customer demand needs to be forecasted. As indicated in 
paragraph 1.2.3 the forecast serves as input for several processes such as arti
clemix planning, financial forecast, IMA planning, purchasing raw materials and 
warehouse planning. These processes require different types of information. 
Based on these information requirements the forecast horizon and aggregation 
level of the new forecasting system can be determined. 

In the current system demand is forecasted 12 months in advance for every 
product/customer combination . To find out whether this is the best choice, the 
information requirements of all the purposes the forecast fulfills were identified . 
Table 3 Information requirements ofvariousforecast fanctions 

Function horizon detail 
IArticlemix planning 4 months demand per product 
Financial forecast end of year demand per productgroup 
IMA planning 12 months demand per productgroup 
purchasing raw materials variable demand per product 
rwarehouse planninq variable total demand 

According to the information requirements the 12 month forecast horizon needs 
to be maintained. It is not necessarily needed for the articlemix planning, but the 
IMA planning has consequences for the capacity planning of all Campina plants 
and therefore needs the 12 months forecast horizon . 

The level of detail required is less detailed than the level the forecast is currently 
made on. The reason the forecast is currently made on customer/product level is 
that when ASMs make the forecast they estimate the volume per customer. It is 
hard for them to forecast the total expected demand for a product, because 
they will still have to go over every single customer. If ASM input is changed in 
the new system, it might be possible to aggregate the forecast to product level, 
leading to a decrease in complexity and an increase in forecast accuracy. 

The way forecast information is gathered in the current system is does not com
ply with the information availability. The ASMs are asked to predict the demand 
pattern for the products they sell . The main task of the ASM is to maintain con 
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tact with customers and close and negotiate contracts. Due to the nature of his 
responsibilities the ASM is more interested in the total volume sold, than in the 
distribution of this demand. The salesdesk receives the call-offs for deliveries, 
their work has more to do with the delivery pattern. 

The exchange of sales information between the sales department and supply 
chain coordinators in the way it is currently done fulfills an important function 
that may not be forgotten . Because ASMs generate expected sales information 
and supply chain coordinators agree to the forecast, an agreement arises about 
sales and production volumes per month. This agreement serves as a basis to 
operate on . In a new system both the sales and supply chain department should 
be able to contribute to the forecast and agree to it, so both parties know and 
agree on what t hey are doing. 

4.1.2 Forecast accuracy 

As was explained in paragraph 3.4 there are many ways of expressing forecast 
accuracy. In this study it is tried to minimize safety stocks, so a measure related 
to required safety stock levels, like the root mean square error would be rele
vant. Later in the report where the performance of the new forecasting method 
will be evaluated, this measure will be used. In this stage however, it is more 
important to have a measure that allows comparisons of various products to f ind 
out which factors influence forecast accuracy. For better understanding of these 
relationships it is also important that the measurement unit is intuitively under
stood, so outcomes of the analysis can be used as input for discussions and con
clusions drawn from these outcomes are explainable. A measure that is easy to 
understand and allows comparing different volumes is the Mean Absolute Per
centage Error (MAPE). From section 3.4 recall: 

1 II e 
MAPE =-I-' x 100% 

n t=l X, 

To measure forecast accuracy, the forecast versions of January to June 2004 are 
available. Since this is only a small amount of data no hard conclusions can be 
drawn from the analysis. Nevertheless it can give directions about which factors 
drive forecast accuracy. Currently the forecast accuracy is not measured . There
fore DMV has no figure about the forecast accuracy. When these figures are 
made available for all forecasted demand it can be used to give feedback to 
ASMs. By informing them about their forecast accuracy, they can improve it. 

Five products were selected to analyze the forecast accuracy. The forecast ac
curacy is measured on different aggregation levels to find whether there are 
differences. Also different regions of the world and products from different 
business lines are selected . The product details of the products can be found in 
appendix 2 and are summarized in Table 4. Realized demand in a month will be 
compared to the forecast from the month before. 

23 



TU 
technische e universiteit 
eindhoven 

OMV International II 
The in redients of success 

Table 4 Product numbers and tests 

l""roduct 
number Goal and a~mregation level of analysis 

1 High volume, sold by many ASMs. Analysed on product level and on ASM level 
to test the differences per ASM. 

2 Product sold to three customers that buy approximately the same volume. 
Analysed on ASM and customer level to identify differences per level. 

3 Equal quantity of product sold to western(3a) and nonwestern(3b) customer by 
same ASM. Customers analyzed individual to identify differences. 

4 Product forecasted by the customer, to analyze whether customers forecast 
more accurate than ASMs. Analvzed on customer level. 

5 .... roduct sold to one customer that 1s torecasted by the same A~M that sells 
product 4, to compare with customer forecasting performance 

Table 5 Forecast accuracy 

The MAPE's for the different products vary between 26 and 
83 % . The lowest relative error is found for product 4, that is 
forecasted by the customer. This supports the opinion from 
ASMs that customer forecasts are reliable. A supply chain 
coordinator did a measurement for another customer and 
this customers MAPE was only 5%. The logic that the cus
tomers knows his future demand best also holds in practice. 

Product 
1 
2 

3a 
3b 
4 
5 

MAPE 
27% 
46% 
44% 
83% 
26% 
58% 

There may be reasons (like rationing gaming [22]) why customers don't share 
their best knowledge. It is not known whether the customer that forecasted 
product three did that, but when more forecast information is available the 
customer forecasting reputation can be analyzed . If any structural bias exists, the 
customer forecast can be corrected for this bias leading to an even more accu
rate forecast. 

The product with the highest MAPE is a product from a non-western country. 
The volume is rather small, which can explain the high relative error as well. 
Product 3a, with a twice as low MAPE, has a similar volume(< 10 tons/month), 
but is for a Dutch customer. Furthermore product 5, that has a larger volume, is 
forecasted for Asian customers and also has a higher forecast error. This sup
ports the hypothesis that forecasting is harder in non-western countries. More 
attention will be paid to this when product one is split to ASM level. It can be 
expected that ASMs in non-western countries realize lower forecast accuracy. 

Forecast accuracy per ASM product 1 
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Figure 8 fo recast accuracy per ASM for product I 
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The MAPE of product 1 is low compared to other products. This is caused by the 
high volume for this product and because it is sold by many ASMs. Figure 8 
shows the relative forecast error of the ASMs for this product. The percentage 
error is defined as the forecast error in a month as a percentage of demand in 
that month . When demand was forecasted in a month, but no demand occurred 
the percentage error is set at 100%. Because the errors are not absolute, it 
shows how some ASMs (like ASM 4) overforecast, while others (like ASM 1) 
underforecast. These effects balance out to each other and result in a lower 
overall error. For most ASMs the forecast errors vary. This is mainly due to 
variation in demand. Forecasted demand over different months is stable, but 
demand is not. A good example is the peek in period 5 for ASM 3, in May de
mand dropped from 140 to 30 tons, which was not forecasted and immediately 
leads to a 270% forecast error. 

Table 6 Forecast accuracy 

Table 6 represents the MAPE for the seven ASMs that had 
the highest forecasted volume for product 1. ASM 1 is the 
ASM that sold the most of the product in the first half of 
2004. The product is sold by 18 ASMs. The seven ASMs 
analyzed account for 94 % of the volume, ASM 1 +2 to
gether sell 72% of the total volume. ASM 14 is analyzed 
because his forecast for the first half of 2004 was high, re
alized demand lagged behind so in realized volume this 
ASM is only 141

h in size. 

lotal 
volume 

ASM 1 
ASM2 
ASM3 
ASM4 
ASM5 
ASM6 
ASM 14 

27% 
51% 
23% 
73% 

141% 
156% 
95% 

192% 

Table 7 MA PE product 2 

When zooming to the forecast on customer level it is 
seen that some customers are harder to forecast than 
others. The high relative error is mainly due to the low 
volume per customer. As can be expected the overall 
error for all the customers of the ASM is lower than for 

Customer 
Total 
Customer 1 
Customer 2 
Customer 3 

MAPE 
46% 
25% 
83% 
83% 

the customers separately. An exception is customer 1, forecast for this customer 
is very accurate, because it's demand pattern is relatively stable and demand is 
high. 

A strong relationship is that between forecasted volume and forecast accuracy. 
According to the central limit theorem it can be expected that larger volumes 
can be forecasted better. Table 6 confirms this, ASMs with larger volumes fore
cast more accurate than ASMs selling smaller volumes. The same can be seen 
from Table 5, products 3 and 5 have smaller volumes, while product 2 has larger 
volumes and a lower forecast error. 

It is hard to compare the forecast data to those of other companies to evaluate 
DMVs performance. Companies don't publish their forecast reliability and treat 
it as confidential information. In another TU/e graduation report, forecast accu
racy measures of a large chemical company could be found. The majority of the 
products were forecasted with a MAPE between 8% and 20% with outliers up 
to 50%. These figures support the feeling that DMVs forecast accuracy is low 
compared to the industry average and there is large room for improvement. 
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In this section the demand characteristics are explored. When possible demand 
is analyzed over the period from January 2000 until June 2004, some products 
were introduced later and have therefore less information available. Demand 
figures are based on invoiced totals. Although loading date reflects better what 
needs to be known for articlemix planning, the invoiced data reflect better what 
the ASMs forecast than loading data. The forecasted demand reflects the ex
pected result (turnover) in a month, when making a forecast, the ASM does not 
take into account the transit time of the goods. Another reason to chose ana
lyzing invoice dates is that more past data of this type are avai lable. 

In line with Delurgios [3] approach, trends and seasonal influences are identi
fied, this is done by visual inspection . Also a more quantitative approach to 
analyzing demand is used. It is analyzed whether demand is stationary, how it is 
distributed over customers, products and within the period . Furthermore the 
available demand information is analyzed. 

4.2.1 Visual inspection 

A visual exploration of past demand series gives information about the kind and 
size of demand patterns that occur. It illustrates the demand for DMV products, 
and helps to understand the behavior of demand. The visual inspection was 
performed on five products with different characteristics. The characteristics and 
graphs of the demand for the selected products can be found in appendix 3. 

Visual inspection of demand series is an uncomplicated method, but reveals a lot 
about the characteristics of demand. It can be seen that overall demand for 
products often varies between a bandwidth. When demand is outside this 
bandwidth, there often is an explanation for that. This can be the influence of 
one single customer. When looking at total demand for product 4 from the se
lection (52"d largest in terms of volume), the demand seems to fluctuate around 
60 tons per month, but there are large outliers. When taking a closer look at the 
outliers it turns out they are caused by the 3rd and 41

h largest customer for this 
product. When demand from these customers is excluded from the analysis the 
demand pattern is much more constant. Figure 9 shows the demand pattern 
for product 4 with and without the 3rd and 4th customer. 

Both of the customers causing the irregular patterns are divisions of key ac
counts. Because of the existing mutual dependency the key account team 
should be able to explain the supply chain benefits of a more regular demand 
pattern to these customers. If due to the nature of the processes a more regular 
demand process is not possible, the information sharing can be improved, so 
large incidental orders are known long in advance. 
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Figure 9 Demand pattern product 4, disturbed by two large customers 
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Another observation is that average demand levels change stepwise. Demand 
fluctuates around a certain level for a period of time and changes to another 
fluctuation pattern to a higher or lower average. A good example of th is, is the 
demand pattern for product 2 that is analyzed in appendix 3. The stepwise 
changes in demand level occur when a new large customer starts placing orders. 
This has such an influence on the total demand pattern of that product, that it 
changes the demand pattern. 

When zooming in to ASM level demand becomes harder to forecast, it is more 
difficult to recognize patterns. When zooming even further to customer level 
patterns can be seen again. Customers sometimes have long breaks between 
their demand, in this period they bought from another supplier. When the cus
tomer buys again, this is often done with a relatively stable pattern. 

4.2.2 Stationarity 

Stationary time series are series that are not dominated by a trend or seasonal 
influence. More formal: mean, variance and autocovariances are invariant under 
time transitions [23]. Thus the mean and the variance are constant and the 
autocovariances depend only on the time lag. In practice most time series are 
non-stationary. A changing mean of a series can often be described by low
order polynomials in time. The coefficients of these polynomials often vary ran
domly with time. This means that when demand turns out to be stationary, this 
increases the possibilities for an accurate statistical forecast. 

Demand for products 1 - 4 was tested on stationarity on a total product de
mand level (product five had too little history). This is done by fitting ARMA 
models on the demand series with SPSS. The order of the model is determined 
by drawing the partial autocorrelation- and autocorrelation graph. When the 
(partial) autocorrelation is significant, the parameter for that lag is included in 
the model. Stationarity can be determined by plotting the residuals of the 
model. When these residuals vary around zero and don't show a recognizable 
pattern, this is called white noise. A time series is said to be stationary when the 
residual plot shows this white noise pattern. 
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When examining the residual plots the pattern does not look like white noise. 
Figure 10 shows the residual plot for product 2, it has two signs of non
stationarity. The first is the large difference in the size of the peeks. White noise 
would have peeks that are about equal in 1000000 ,-----------------, 

size above and below zero. The residuals for 600000 

product 2 show large positive peeks round 000000 

periods 8, 24 and 46. Furthermore there is a 400000 

structural trend change at period 20. Before 200000 

period 20 there is a negative trend and af- : 
terwards the mean of the residuals is around -5 ~ -200000 

zero. Therefore it can be concluded demand -ro 
:::::l -400000 
12 

for product 2 is non-stationary. Residual & .oooooo .___-,.--,,-~~.-:.-:.-:r--:r-:o!C...,,,,C-00:-C~ 
plots of other products and an analysis of ' ' ' '°" "19 22,. "'31 34 37 40 43 46 49 s2 

these plots Can be found in appendix 4 Sequencenumber 

Figure I 0 Residual plot product 2 

None of the examined products show a stationary demand pattern. This could 
already be expected from the observed demand patterns. The stepwise changes 
in demand that were observed in appendix 3 and section 4.2 .1 cause a change 
of mean that rules out the stationarity of demand. 

The non-stationarity of demand has two impacts on forecasting. First, the 
changes in average demand limit the use of data from the past. It is not possible 
to try to identify a pattern based on demand data that go years back, because 
the customers that demand the product are not the same as they were years 
ago. This means the forecasting method used, should be able to capture the 
demand pattern in a short period of time or able to forecast non-stationary de
mand. Input from the sales desk and customer are helpful here. Second, the 
strong influence of the step changes causes the need to forecast these changes 
accurately. Here is an important role for the ASMs. They should have a good 
indication when a contract causes a change in demand pattern. When this is the 
case, the ASM should try to signal this 2-3 months before the event. This allows 
time to build up or decrease stock levels and change the production schedule to 
be changed accordingly. 

4.2.3 Pareto 

Since there is an important role for the ASMs in forecasting it is important to 
know how demand is distributed over the various customers and products. A 
pareto analysis reveals whether focusing on forecasting only certain customers 
and/or products is useful. 

The pareto analyses are based on demand data of the year 2003 . In this year 
the business lines pharma, proteins and food had 1109 customers and sold 336 
products. Customers that only received a few samples for testing are not taken 
into account. 
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The customers are distributed over the demand according to the classical "80-
20 rule" . Since the forecast from customers is more reliable than a self-made 
forecast, it would be interesting to stimulate the 20% of the customers that or
der the majority of the volume to send a forecast to DMV. Starting a project 
with a customer to produce a customer-made forecast is a time consuming pro
cess that requires effort at both parties. To cover 20% of the customers 222 of 
these projects have to be started, that is too much to be practically feasible. 19 
Customers have a key-account status, DMV puts extra effort in the relationship 
with key accounts. These customers are most important for DMV and DMV is 
an important supplier for these customers. Supplier and customer are mutual 
dependent, th is dependency is a good base for a joint-forecasting project. With 
four key accounts this kind of projects are started. Starting projects with the 
other key accounts, will improve forecasting accuracy. The key-accounts buy 
30%of the volume. To become a key account a customer has to be of strategic 
value. There are customers that are as large as key accounts, but don't have the 
same strategic value. If 15 of these customers are included in a forecasting proj
ect as well, almost 50% of total volume is included. 

The demand-distribution of products over the volume is not according to the 
80-20 rule, 20% of the products represent 86% of total volume. Since the 
number of products is smaller than the number of customers, focusing on a per
centage of the products is less complex covers the same volume. When focusing 
on 30 products, 70% of the volume is covered. What is best to focus on will be 
determined in paragraph 5.5, related to minimizing safety stock cost. 

4.2.4 Distribution of deliveries within period 

The supply chain coordinators record the deliveries planned in a month, but 
don't know the pattern the deliveries follow during the month. When sales in 
the first half of the month are higher than expected it may be a sign that total 
sales for that month will be higher, but it may also mean that demand for that 
month is called off early. 

Figure 13 shows the percentage of the deliveries in a month that are delivered 
until a certain day of the month. The average delivery pattern over all months is 
linear. This means that when the first half of a month is higher than expected 
the month is likely to end higher than expected as well. 
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Figure 13 Progress of deliveries per month in 2003 
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There are differences between the months, but when applying a 95% confi
dence interval on the deliveries it is small enough to be workable and almost all 
of the data points fall within the interval. Appendix 5 shows the same distribu
tion of deliveries over the month for the separate business lines. No big differ
ences in distribution over the month and with of confidence interval are found . 

4.2.5 Advance demand information 

OMV operates on a make to stock basis, but on some point the customer calls 
of products and OMV knows when to deliver. Some customers place individual 
orders for each delivery, others have a 6 month or 1 year contract and call off 
individual deliveries. When a delivery, as part of a contract or individual order, is 
booked, real demand is known. The observed orders are currently not used in 
the forecasting system. Using the order information is valuable, because orders 
are almost never postponed or canceled . Therefore advance demand informa
tion has no uncertainty, while the forecast information does have uncertainty. 
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Figure 14 Order lead times Jan - June 2004 
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Figure 14 shows the order lead time for all orders that were processed from 
January until June 2004. Every histogram class indicates one week of order lead 
time. It shows that 30% of the orders is placed with a lead time of more than 
four weeks. Because the production lead time is four weeks, it shows that for at 
least 30% of the product/customer combinations, demand is known at the 
moment it is planned in. Using this information can lead to major uncertainty 
reductions. 

4.3 Conclusion 

From the previous analysis can be concluded that the forecast accuracy can be 
improved and as we have seen this will lead to benefits on field of safety stock 
levels and organizational improvement. The analysis had identified various 
causes for current forecasting accuracy. Figure 15 sums up the various factors 
that contribute to forecast inaccuracy in a fishbone diagram. They are related to 
the current forecasting method and can be changed when a new method is de
signed. The various factors are categorized in four groups. 

Information 
aspects 

ASM is not involved in delivery pattern 

Level of 
detail 

Much data 

Task not suitable for human 

-----,.------~-------,-------~-- Inaccurate 
forecast 

Accuracy not evaluated Invoiced or loaded quantity 

No feedback Definition 

Figure 15 jishbone diagram 

The current level of detail in forecasting results in an enormous amount of data. 
Going over each single customer/product combinations and thinking what de
mand will be is a process that requires a lot of concentration and cannot be 
maintained long. The long inputlists that are send to area sales managers cause 
them to overlook things, that results in important information to be forgotten. 

Furthermore information is asked from the ASM, which he has not available. An 
ASM is in touch with the customer about contracts and long term agreements. 
The delivery pattern is communicated to the customer service desk. An ASM 
often divided his contracted volume by the number of months, but in reality 
these volumes are not equally divided over the months. On the other hand 
there is valuable information available that is not used. Past demand data and 
advance demand information can deliver insight in demand that can be used for 
forecasting. 
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The current method also does not facilitate learning. The forecast accuracy is not 
measured and no feedback is given to the ASM. Therefore ASMs are not aware 
of which product/customer combinations are forecasted accurate and which are 
not. Also past demand is not analyzed, so recurring patterns from the past can
not easily be extended to the future. 

Finally there are different opinions in the organization about what a forecast is. 
The opinions differ per person, but in general the various groups have the fol
lowing opinions. Supply chain coordinators tend to interpret the forecast as the 
amount expected to be loaded in that month. ASMs interpret it as an expecta
tion of their sold volume, where the invoiced amount is leading. For customers 
on other continents the loading- and invoice date may differ two weeks. Fur
thermore the higher management interprets the forecast as a sales budget. The 
sales managers have the goal to sell the forecasted quantity and can be held ac
countable for it. In the next chapters an approach will be developed that im
proves forecasting accuracy, taking into account the disadvantages of the cur
rent approach. 
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In this chapter a new forecasting tool will be developed. Based upon a decision 
of the input data used and the task of the ASM the forecasting process is pre
sented, which is worked out in detail. The use of order information to further 
improve the forecast is dealt with in chapter 7. 

5. 1 Integrating input 

There are clear disadvantages of the current practice of judgmental forecasting. 
Not only is the amount of information too much to process for the human mind, 
the ASMs also do not have the information they are asked for. Another fre
quently used method is statistical forecasting, but this technique also has its 
weaknesses. Pattern breaks will lead to an inaccurate statistical forecast. Fur
thermore the agreement on production and sales quantities that's present in the 
current method will disappear. A solution can be found in a hybrid method that 
integrates judgmental and statistical input. 

Goodwin [16] gives a review of several techniques that can be used to integrate 
both forecasting types. The various integration methods can be classified in two 
types: 
• Voluntary integration: The judge is provided with a statistical forecast and 

decides how to use it in forming his judgement. 
• Mechanical integration: A statistical method is applied on the judgmental 

forecast. 

In appendix 6 the various ways of integration are worked out in more detail. For 
DMVs situation the method of judgmental adjustment fits best. Automatic gen
eration of a statistical forecast reduces the chances of forecast errors due to un
recognized demand patterns. The input from ASMs can be used to forecast 
events that break the demand pattern. When the ASMs are required to motivate 
and record every change they make, it is ensured all proposed changes are well 
thought-out. Furthermore when changes are motivated, more useful feedback 
about accuracy of the changes can be provided . Taking into account that 
Webby and O'Conner [24] point out that voluntary integration is only useful 
when the contextual information is used for the adjustments, it is good to spec
ify to the ASMs which information is used in the statistical proposal and which 
information he should use to make adjustments. By implementing the new fore
casting method this way the forecast can still fulfill the function of agreement 
between the sales- and supply chain department. Meanwhile the task of the 
ASMs is redesigned so it is more in line with the information the ASM has to 
offer. 

The approach of judgmental adjustment provides a starting point for the new 
forecasting method. Within this approach decisions can be taken with regard to 
aggregation level, role of the customer, use of order information and the statisti
cal techniques to use. When the forecast is ready it can be incorporated in a de
cision support tool to support decisions for opportunity sales 
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The current amount of product/customer combinations that is forecasted with 
human input is too large for humans to process accurately. Nevertheless human 
input is valuable to predict events that cannot be foreseen by statistical tech
niques. Humans are only able to predict these events, like new contracts or the 
end of contracts, when the amount of combinations they have to do this for is 
limited. A solution that uses the advantages of human input and the strengths 
of statistical input should consist of forecasting all products with statistical tech
niques and have the ASMs modify the statistical forecast for the changes to the 
regular pattern they expect. The ASMs should only give their input for a limited 
number of product/customer combinations to make sure important information 
is not overlooked. Selecting the combinations where human input is desirable is 
a complicated process. The number of combinations selected has to be limited 
and meanwhile no important combinations should be skipped. Furthermore it 
should be possible to select the combinations automatically. 

Table 8 shows the amount of combinations that 
were forecasted during 2003 and other 
characteristics for the business lines food, pharma 
and proteins. The current amount of combinations 
that is forecasted is 4275, this are about 200 
combinations per ASM. The next sections determine 
how many combinations should be forecasted for 
the task to be fit to human information processing ca
pacities. 

5.2.1 Fit the task to human capacities 

Table 8 Customer product combinations 

Period 2003 
Customer product 

4275 
combinations 
Customer product 
combinations > 500 3220 
kg/year 
#products 336 
#customers 1109 

To determine how many customer/product combinations an ASM can forecast, 
first attention is paid to the factors that influence this quantity. Then the method 
of Neerincx and Griffioen [25] is used to asses the amount of combinations that 
a human can be expected to forecast. 

User friendliness 
The question how many customer/product combinations a forecast input list 
should contain to keep the task suitable for human performance is one that can 
not be answered straight away. An important factor that influences the human 
ability to perform the task is the layout of the input sheet. In the current layout 
the user can easily get dazzled by the amount of numbers. The ISO 9214-12 
[26] standard recommends that long lists get different colours or empty lines 
between different categories. For the forecast input list this could mean an 
empty line between each customer or use of white and grey cells to distinct 
between customers. This increases the user-friendliness of the list, and allows a 
longer performance of the task. 

Also the availability of other required information to perform the task matters. 
When relevant information like total contract quantities, booked orders and past 
demand are shown in the same screen as the forecast, the ASM does not have 
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to search for this information. The task is then less demanding and can be done 
in less time, compared to when the ASM has to find this information himself. 
This also rules out the possibility that the ASM does not use available informa
tion and allows forecasting more combinations in the same time. 

5.2.2 Human capacities of information processing 

To determine the amount of combinations that an ASM is reasonably able of 
forecasting without experiencing an overload of information, it would be ideal 
to have guidelines about how long a human can work concentrated. Research
ers did not succeed in putting up these general guidelines because this time dif
fers from task to task and from person to person . Several factors like difficulty of 
the task, environment in which the task is performed, age, fatigue, mental state, 
medicines and other factors influence human performance. 

Neerincx and Griffioen [25] present a task analysis method that helps to analyze 
whether the task load is fit to human capacities, aimed at cognitive tasks in 
man-machine systems. This analysis can be used to check on which points the 
forecasting task is not conform to human capacities and gives suggestions for 
improvement of the task. 

It builds on the method of Rasmussen [27] that distinguishes three levels of in
formation processing: skill, rule and knowledge. The cognitive task analysis 
centers round four aspects of task load: the number of actions in a period, the 
ration between knowledge- and rule-based actions, lengthy uninterrupted ac
tions, and momentary overloading. The analysis is further explained and per
formed in appendix 7. 

The results of the analysis show that the current forecasting task is not harmo
nized with human capacities for several reasons. There is not enough time avail
able to perform the task, the task only requires one level of information proc
essing and is monotone. It would be best if the ASM would not carry out the 
whole forecasting task at once, but take three times per month half an hour to 
do forecasting. The ASM gets two weeks to send back the forecast, so this 
should be enough time to reserve three times halve an hour. In this time an 
ASM can review the forecast for 60 product/customer combinations. When all 
ASMs do this, 1000 combinations can be reviewed manually, which covers > 
85% of total product volume. 

5.3 The forecasting process 

The new approach to forecasting will use both statistical techniques and judg
mental input. The judgmental input has to be provided by the area sales man
agers, who have knowledge about pattern breaks in demand. Every month the 
pattern depicted in figure 16 is repeated. The first three tasks are carried out by 
the supply chain coordinator. The area sales managers give their input about 
pattern breaking occurrences and commit themselves to sell the forecasted 
quantities. The supply chain coordinators check whether the forecasted sales for 
the next months are feasible. Once they committed themselves to produce 
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enough to sell the forecasted quantity, the forecast is accepted and the article
mix planning is made according to it. 

Download 
past 

demand 

figure 16 forecasting process 

Clean 
data 

Generate 
statistical 
forecast 

Evaluate 
accuracy 

ASM 
input 

Forecast 
agreement 

Download past demand: The forecasting process starts by downloading the 
loading data over the previous month from the SAP system and adding this to 
the cleaned demand data file. Thousand product/customer combinations should 
be downloaded from the system individually, the other product/customer com
binations aggregated to product level. 
Clean data: Before the past demand data are used to generate the statistical 
forecast the data have to be cleaned [28]. Events like large non-recurring orders 
or production failures may cause the forecasting techniques to sense demand 
properties that are not there. Replacing the exceptional values for average val
ues will lead to a better forecast. The cleaning step requires that there is a data
base containing cleaned past demand data, so only the data from the most re
cent month have to be cleaned. 
Generate statistical forecast: Based on the cleaned demand data a statistical 
forecast for 12 periods in advance is created. The forecast method used is the 
one with the smallest MSE over the past demand data period, this is updated 
every month. The parameters for the various forecast methods are updated with 
the same frequency. Once the forecast is generated, it is sorted per ASM and 
the customer forecast combinations are forwarded to the area sales managers. 
ASM input: The statistical forecast should be more accurate than the current 
forecasting method. Nevertheless, the ASM can still give valuable input. When 
an ASM knows about a events that changes the demand of a customer, he can 
put this information into the forecast. These events can never be foreseen by 
statistical techniques, so the input from the ASM can improve the forecast dra
matically. To make sure the amount of input that's required from the ASM is 
limited, a selection of product/customer combinations was made that are the 
most influential on inventory cost. Every change to the original forecast that is 
made, should be motivated, so the accuracy of the change can be evaluated and 
improved. 
Forecast agreement: Once the area sales manager updated the forecast with his 
input, it is send to the supply chain coordinator. By sending the forecast back, 
the area sales manager confirms that he expects to sell to the volumes in the 
forecast. Once the supply chain coordinator receives the forecast back he checks 
it against capacity and, when possible, confirm that the amount forecasted for 
the upcoming month will be available for sale. When the coordinator foresees it 
will not be available, he turns back to the sales department. Together the supply 
chain coordinator and the region manager (the head of the area sales managers) 
bring the forecast in line with production capacity. Furthermore the area sales 
managers are told not to sell anything more than forecasted for that product. 
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Evaluate accuracy: When the new forecast is send out to the area sales manager 
he also has to receive feedback on his changes the last time. Since reasons 
where given for the changes, it is easy to understand why a change was made 
an why it was accurate or not. Because the ASM presumably will not make more 
than fifteen changes per month, evaluating will not take long, but can improve 
forecast accuracy. 

5.4 Forecast process in time perspective 

The best time to generate the statistical forecast is at the beginning of a month, 
when the sales data from the previous month are available. Once the statistical 
forecast is generated it can be sent to the Area sales managers. Because the 
forecast can be sent out earlier, the input deadline can be set earlier as well. The 
supply chain managers can then review the forecast for production. feasibility 
before the beginning of the next month. 

In the current situation, depicted in figure 4, the supply chain coordinators don't 
review the forecast until the month is over, because they want to use the exact 
end inventory position at the end of the month in their review. Four working 
days before the end of the month the overview of realized and planned deliver
ies for that month gives a reliable estimate for the demand. This gives the supply 
chain coordinators four days to review the forecast for feasibility . This way there 
is an agreement on the forecasted quantity before the month starts. 

3'd Generate statistical forecast 
20"' Deadline ASMs 30"' Forecast final 

* 2 3 
Month 

Figure 17 Forecasting process in a time perspective(new situation) 

The timeline shows that the statistical forecast that is generated to forecast 
month 2 and further is based on the demand until month 1 . The one period 
ahead forecast, the most accurate, can not be used, due to the time required by 
the ASMs and supply chain coordinators to give their input and review. 

When not disturbed, supply chain coordinators need about one full day to re
view the forecast, and ASMs need two hours to give their input to the forecast. 
When this was the only work on hand, it should be possible to generate, correct 
and review the forecast in two days, which would allow using the more accurate 
one period ahead forecast. Because forecasting is not the only task, it is not pos
sible in this short time period. Area Sales Managers have to do the forecasting 
task, while they are in the office. Most of the time, this is not the case. Supply 
chain coordinators can only review the forecast, when there are no urgent plan
ning problems that have to be solved immediately. When it shows that using 
the short-term forecast has significant gains in safety stock reduction the man
agement may choose to reduce the available time to one workweek. 
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The 1000 product/customer combinations that the ASMs can go over to give 
their input on, has to be selected in such a way that the improvements of the 
ASMs lead to the lowest possible inventory cost. Therefore first the inventory 
cost drivers are explored. Then the selection criteria are based on the cost driv
ers. 

5.5.1 Inventory cost drivers 

The number of combinations that can be selected is fixed. The question should 
be answered how to determine which combinations are more important to se
lect than others. The product customer combinations that are the most signifi
cant drivers for the inventory cost are the most relevant for the selection. In
ventory costs consist of cost for handling the inventory, renting cost for the 
storage space required and interest cost over the value that the stock represents. 

Inventory is valued against cost price. Cost prices for the various products of a 
business line don't differ much, because raw material cost are an important cost 
driver and raw materials don't differ much per product. The total volume stored 
for all products drives the interest part of inventory cost. Handling cost are inde
pendent of stored volume. Every ton that is sold (except bulk trucks) has to be 
handled in and out of the warehouse. Cost for doing this are not related to the 
volume stored and can not be influenced by a better forecast. 

Volume is the cost driver for the interest part of the inventory cost. Also the cost 
for renting storage space is driven by product volume. The Customer/product 
combinations with the largest volume are the most significant drivers for the in
ventory cost. When Area Sales Managers are asked to report changes in ex
pected demand for these combinations, the forecast accuracy can improve in a 
way that has the biggest impact on inventory cost. 

The cost of obsolete stock is another driver of inventory cost. Obsolete stock 
usually occurs when a customer that is the only buyer for a product or buys a 
large share stops buying the product. When this is not known in advance, the 
supply chain coordinator has arranged enough stock for a continuing demand 
pattern . This stock cannot be sold anymore to regular customers and has to be 
sold off to dump buyers (usually feed producers) that pay 20 - 30% of the 
original selling price. Some products can't even be sold to dump buyers and 
have to be destroyed. When there are other customers left that continue buying 
the product can be sold for the original price, but the inventory position present 
may be enough for more than one year. 

Although the occurrence of obsolete stock is not very high, the cost when it oc
curs is. By asking the ASMs to give input for the customers that buy a large 
share of the total volume of a product, the risk of obsolete stock can be re
duced. The percentage of total volume that makes it relevant to select the com
bination to be forecasted individually will be set together with the supply chain 
manager and -coordinators. 
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5.5.2 Selection criteria 

The selection criteria should select the product customer combinations that 
represent the largest volume and those that have the largest risk for obsolete 
stock. The selection of the products that have the highest risk for obsolete stock 
is done like this: 

Where 5° is the set of all customer product combinations that are selected due to 
the risk of obsolete stock. Dij is the annual demand for product i by customer i 
and k is the factor that indicates the minimum percentage of total demand that 
requires individual forecasting, due to the risk of obsolete stock. 

When N is the number of combinations that is to be selected and Sv the set of all 
customer product combinations that are selected for their large volume, the 
combinations selected by volumes are. 

M = N - count (5°) 

Where count is a function that counts the number of combinations that belong 
to a set and sm is a set that contains the m customer product combinations with 
the largest demand. 

K is set to 0,33 . This value fork was estimated qualitatively by asking the supply 
chain manager and coordinators which products had obsolete stock problems. 
For the products investigated, it turned out that only customers buying more 
than 33 % of total annual volume had lead to problems. When k is set to 0,33 
and N = 1000, 307 products are selected for their risk of obsolete stock. The 
other 693 product/customer combinations can be selected by size. In total the 
products selected cover 88,8% of the volume. 
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Figure 18 Aggregation of demand data 
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Figure 18 shows the effect of the aggregation step on the forecasting of DP78 
(volumes are manipulated). For this product there were 17 customers, but only 
two belong to the 693 largest product/customer combinations. All the other 
customers are aggregated into a rest group called Other. 
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This paragraph describes how the statistical forecast model generates forecasts. 
First the statistical techniques that are applied on the past data are introduced. 
Then it is described how the techniques are fitted to the data and how the best 
fitting method is selected. In the next chapter the performance of the statistical 
forecasting method will be explored. 

5.6.1 Statistical techniques 

Pole et Al. [29] state there are three basic model form that encompass the great 
majority of time series and forecasting situations. They are models for time 
trends, systematic cyclical variation (seasonal influences) and influential or causal 
variables (regressions). Combinations of these three models should be able to 
forecast the majority of the demand for DMVs products. For most products it 
will not be possible to identify meaningful causal variables and quantify the in
fluence on demand, so only univariate models will be used. Autoregressional 
models may be of use to find time-relations between demand. The input from 
external factors that are relevant is incorporated by the input from the area sales 
managers. 

Several statistical techniques should be fitted on past demand data. Both models 
for stationary and non-stationary demand are applied on demand. Time series 
from real observations are usually non stationary [23], demand for the selected 
products also turned out to be non stationary, but it is not impossible that some 
customer/product combinations are best fit by a stationary model. Furthermore 
models that are able of modelling trends and seasonal influences should be in
cluded . A weakness of most models it to cope with periods without demand, so 
called intermittent demand. Customers at other continents show intermittent 
demand patterns, since they usually receive full containers that satisfy their de
mand for a longer period of time. Therefore a method that can cope with this 
demand should be included as well . Seven methods were selected that together 
cover all the different types of demand. Table 9 shows how the various tech
niques perform on the different demand characteristics. 
Table 9 Strengths and weaknesses of differentforecasling methods. 

non-
stationary seasonal trend intermittent 

stationarv 
Moving average - + - - -
Exponential +/- + smoothing - - -

Holt linear trend +/- + - + -
Holt-Winters exp +/- + + +/-smoothing 

-

ARMA +/- + +/- +/- -
ARIMA + + +/- +/- -
Crostons + + method 

- - -

The seven selected forecasting techniques have different strengths and weak
nesses. The first is the simple moving average method that predicts the next ob
servation as an average of previous observations. This straightforward method 
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forecasts under the assumption of stationarity. Second is simple exponential 
smoothing that continuously updates the forecast by correcting for the error 
term of the previous forecast. The Holt-Winters exponential smoothing method 
is able to model trends and seasonal influences. Because the trend and seasonal 
parameters are updated by exponential smoothing, the technique is able to cope 
with changing trends and seasonal influences. It needs a long period to fit the 
model. The Holt linear trend model is similar to the Holt-Winters method, but 
does not contain a seasonal parameter. Furthermore ARMA and ARIMA models 
are fitted. These models identify the relationships between demand in subse
quent periods. They are not able to model seasonal influences, but have a short 
fitting period. ARIMA models are usually very suitable to forecast non-stationary 
demand, due to the integrating step it comprises. The last method is Crostons 
method [30]. This method is used to forecast intermittent demand. A more de
tailed description of the techniques used including the formulas can be found in 
appendix 8. 

5.6.2 Fitting 

As shown in paragraph 5.4 the one period ahead forecast can not be used. 
Therefore the first period for which the accuracy of the forecast is relevant is t he 
two periods ahead forecast. For articlemix planning the second and the third 
month are the most relevant. During the first month the forecast is made. In the 
second month productions can be planned in, but it takes four weeks before 
these production runs become available. The forecast for the second month 
needs to be accurate to compensate timely for consumption of safety stock. Ac
curacy for the third month is important, because stock consumption for that 
month has to be replenished by what's planned in the first month. 

The models that are fitted on the data differ in nature. The Holt-Winters method 
has a long calibration period (at least one year, but longer is better) and esti
mates the trend and seasonal pattern that occur over a longer period. Depend
ing on the data, more attention is given to newer observations. Chatfield [23] 
indicates AR(l)MA models also have a long calibration period. This is because of 
the steps in the Box Jenkins method that are required to determine the order, 
disadvantage of these steps is that they can not be modeled in a spreadsheet 
application. Makridakis and Wheelwright [30] indicate that the majority of the 
time series can be fitted by a second order ARMA model and that one integra
tion step of an ARIMA model is enough to eliminate most non-stationary be
havior. Therefore an ARMA (2,2) and ARIMA (2,1,2) model is fitted. Because 
the order is already determined a shorter fitting period is sufficient. Trial and er
ror suggested that a 12 month fitting period gave good results. 

The parameters of the techniques are selected by fitting the ARMA(2,2) ARIMA 
(2, 1,2), Holt-Winters exponential smoothing, Holt linear trend and simple expo
nential smoothing model on the past data in a way that minimizes the squared 
error two and three periods ahead. 

n- 2 n- 3 

Min '°'e2 
+ '°'e2 

for the ARMA and ARIMA model. ~ 1+2 ~ 1+3 
/=11- 13 l=n- 14 
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Min " 
2 

+ " e
2 

for the Holt-winters exponential smoothing model L.J e 1+2 L.J 1+3 
t=48- n+l3 t=48-n+ l3 

n-2 n-3 

Min Ie~+2 + Ie~+3 for the Holt linear trend and exponential smoothing 
t=48-n+3 t=48 - n+3 

model 

Where e1+k = f1.t+k - d1+kand n is the number of past observations available. 
n max = 48 

The Holt-Winters method is not fitted over the first 12 periods, because it needs 
12 periods to generate initial values for the seasonal aspect of the model. The 
Holt linear trend model needs 3 periods to identify an initial value for the trend 
parameter. The moving average method has no variable parameters so does not 
have to be fit. The parameter of Crostons method is fixed to 0,25 since research 
shows the method performs best with this parameter value [31 ] . 

5.6.3 Selection 

Seven different forecasting models are fitted on the past demand data. For dif
ferent products, different forecasting models will be best. The best fitting model 
can be selected by choosing the model with the smallest error over the past 
data. The models are fitted, aiming at the smallest error as well. The errors 
found here can not be used to compare the different products, because they are 
calculated over different periods. For a good comparison the errors over the 
same time frame have to be compared . Taking the average over different peri
ods does not result in an equal comparison. Demand characteristics may change 
over time due to non-stationary demand, resulting in a comparison of different 
forecasting abilities. Furthermore, the accuracy over the most recent periods is 
the most relevant. 

Instead of the summed error, the sums of the squared errors are compared. The 
mean square error is a driver for safety stock, which needs to be minimized. 
Since the number of periods compared is equal, the method with the minimal 
mean square error will be the same as the method with minimal summed square 
error. 

Since the accuracy in the second and third month are equally important for the 
articlemix planning, both squared errors are taken into account. Fits of the vari
ous models over the last year are compared to each other to find out which 
forecasting method is best able to describe the demand pattern . The selection 
algorithm is described by 

n- 2 n- 3 

Argmini < Le~,1+ 2 + Le~1+) 
n-14 n- 15 

Where e\ 1+k is the squared forecast error of forecast method i, made in period t, 
for k periods in advance. So the selection algorithm selects the forecasting tech
nique that delivers the best forecast performance during the last twelve periods. 
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Once the statistical forecast is generated, it is send to the area sales managers. 
Each area sales manager receives the customer/product combinations that were 
forecasted individually that belong to his customers. For these combinations, 
maximum sixty, he is asked to review the forecast and alter it when he thinks 
that is necessary. The most important input that is required is whether the pat
tern that can be observed from the past will change. This information can not be 
extracted from past demand data and that's where the input from the ASMs is 
valuable. Furthermore this is exactly the input the ASM can give, because 
changes in demand volume are topics when he visits the customers. The fore
cast of the customers that are not forecasted individually is send to the region 
manager. This is the manager of the ASMs who has overview over the total 
sales above ASM level. He can give input on the amount expected from other 
customers . 

As Goodwin states [16] the accuracy increases most by judgmental input when 
the judges are asked to motivate their change. This also allows better feedback, 
because the system remembers why a the forecast was altered. To prevent that 
the ASM input is overwritten by the next version of the statistical forecast, an 
extra line is inserted for the human input that is not overwritten by the new ver
sion of the statistical proposal. Figure 19 shows an example of how an ASM in
putsheet could look like. It has a separate line for the ASM input where also the 
reason can be indicated. Also notice the vertical gray lines that make the sheet 
better surveyable. 

' 
Product Customer Budget YTD 11.2004 12.:DM 01.2005 D2.lll5 03.2005 '34.21l!i 05.2005 
46682-5314 DP7B C51000 120000 1mm mm 12000 13000 12llll 11000 11DD 111DJ 
Reas on for cha nae: 'Contract not extended -6000 -13'.llO -12(0) -11 000 
46682-531 4 DP76 C 51474 68000 30CID 400) B-4 3E(J0 37.uJ 3489 3&I 3460 
Reason for change: --
47105-5E DP315 50328 70000 BOCDJ 
Reason for chanQe: 
42425-9131 LACTO 50262 I 138000 108W:J 15489 14890 13876 13)45 12504 12456 11004 
Reason for change: i 
42027-9140 P_ttAB~50653 62400 60!Ill 3504 3945 
Reason for change:iProduction stop -3945 

4705 A865 __§Q_02 58 6203 

Figure 19 Example of ASM input sheet 

The ASMs should be trained to fill in the new input sheet. They should under
stand what it means that they receive a statistically generated proposal. It means 
that only patterns from the past can be extended to the future, so the ASM is 
specifically asked to give input about structural changes in demand. Furthermore 
he should understand that the statistical tool will sometimes have large errors 
that, on first sight, don't make sense. For example when there are two periods 
in a row without demand, some of the statistical techniques have difficulties 
handling this. It is the task of the ASM to find and correct these exceptional er
rors. 
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Every month when a new forecast is generated, the accuracy of the previous 
forecast should be evaluated on two points. First the accuracy of the forecast 
should be evaluated, second the input of the ASMs should be evaluated sepa
rately. 

The accuracy of the forecast should be evaluated on product level. This is the 
aggregation level the forecast is used on, so the accuracy on this level is most 
relevant. Purpose of this measurement is to evaluate whether the statistical tool 
is working properly. It may be that characteristics of demand have changed over 
time and new statistical forecasting methods should be incorporated in the 
model. Evaluation of accuracy on this level is also helpful for the supply chain 
coordinators. This gives them insight in which forecast error they should take 
into account when making their articlemix planning. The accuracy of the fore
cast should be expressed in a measure that is easy to understand and interpret. 
The percentage error is very suitable for this. 

The accuracy of the forecast input of the ASMs should also be evaluated. Pur
pose of this measurement is to provide the ASM with feedback on his input so 
he can improve it. Because the number of customer/product combinations that 
the ASM will provide input about is limited, the feedback can be given on every 
single combination, no aggregation is necessary. This is also the reason why the 
ASM should provide a reason for his change, with this feedback he can conclude 
whether the event he expected was postponed or occurred with different mag
nitude. The feedback can be very straightforward. A plain overview of the prod
uct/customer combination, the forecasted value generated by statistics, the re
viewed forecast from the ASM, the actual realized demand and a + or a - sign 
to indicate whether the input from the ASM has lead to a better or worse fore
cast. This evaluation may look, for example, as in figure 20. 

-e---- I I I I 

I I Oriqin al reviewed A ctual +/-
46682-5314 DP78 051060 Gellwe Sp z.o.o. 11000 0 9000 -

-
Reason for chanqe Contract not extended 
42027-9140 PHAR~ 50653 Janssen Pharmaceuti 3504 0 500 ,+ -
RF!ri snn fnr r.hrinriF! · I Prnrl11 r. tinn stnn I ' I 

figure 20 Example of evaluation form 
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The forecasting method developed is aimed at improving forecast accuracy. 
Furthermore it gives more insight in how the forecast figure is build up. This 
helps the financial department to create a more fact based financial forecast. 

First of all two types of input are used, the complementary strengths of judg
mental and statistical input are brought to use. Statistics are able to handle large 
amounts of data and identify returning patterns, while humans are able to take 
into account external factors and one-time events. Both types of input are inte
grated by having area sales managers give their input on a statistically generated 
forecast, the principle of judgmental adjustment. 

Second characteristic is that the forecast is made on two levels of aggregation. 
The 1000 product/customer combinations that have the most influence on 
safety stock are forecasted on product/ customer level. All other prod
uct/customer combinations are aggregated to product level. This aggregation 
overcomes the difficulties statistical techniques have with small demand. Even 
more important is that this approach limits the amount of data that have to be 
reviewed by the ASMs. An ASM can review about 50 product/customer combi
nations without loosing the overview. 

Finally the approach contains a feedback step. It is important to monitor the ac
curacy of the system. This should be done on product level, so the supply chain 
coordinators know to which extend they can rely on the forecast. Also the input 
from the ASMs should be evaluated. When the ASM receives feedback on his 
input, he can learn from it and give better input in the future. 
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To identify the performance of the statistical forecasting tool, the accuracy of 
the tool is compared to the accuracy of the forecast made by the ASMs in the 
past. Limiting for determining the performance is the availability of forecast in
formation from the past. There are only forecasts available that were made from 
January to June and from August to October 2004. Julys forecast was not made 
in 2004. It is preferable to determine the performance over subsequent months. 
Therefore the forecasts that were put up from January to June 2004 are used to 
identify the performance of the statistical forecasting tool. Table 10 shows how 
the various forecasts are compared to each other. 

Table 10 Months as input/or tool peiformance analysis 

Month ASM forecast Statistical forecast 
forecasted put up in based on 
February '04 January '04 Jan '00 - Dec '03 

March '04 February '04 Feb '00 - Jan '04 
April '04 March '04 March '00 - Feb '04 
May'04 April '04 April '00 - March '04 
June'04 May'04 May '00 - April '04 
July '04 June'04 June '00 - May'04 

The tool uses the previous 48 months to create the forecast, when less data are 
available, then the available data are used . The statistical forecast is based on 
data up to one month earlier than the month it is made in . Using the current 
month is not possible, since demand data are not available until the end of the 
month. 

6. 1 Performance indicator 

Goal of the increased forecast accuracy is to decrease the safety stock levels. The 
best way to measure the performance is then to identify the reduction in safety 
stock. Silver Pyke and Peterson [2] calculate safety stock by: 

SS= k ~MSEL 
Where SS is the safety stock level, k is a safety factor and MSEL is the mean 
square forecast error over the production lead time. 

As shows from the safety stock equation the drivers for the safety stock level are 
the mean square error over the lead t ime and a safety factor. As defined in the 
assignment goal was not to change the safety factor, so k is a constant. A re
duction of safety stock is then realized by a reduction of the root mean square 
error. The relative reduction in root mean square error is equal to the relative 
reduction of safety stock. The performance can therefore be expressed by 

p = ( ~ MSE l ,STAT - ~ MSE L,ASM) x l 00% 

~MSEL,AsM 

Where P is the performance expressed as the relative safety stock reduction, 
MSEL.AsM is the mean square forecast error over the lead time of the forecast 
made by the ASMs in the current situation and MSEL.sTAT is the mean square fore 
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cast error over the lead time of the forecast put up by the statistical forecast 
tool. A positive P means an increase of safety stock with that percentage, a 
negative P means that safety stock levels can be reduced. The safety stock re
duction in reality may differ from P since the safety stock kept is rounded up to 
weeks of demand instead of a fixed amount. DMV should reconsider this prac
tice, since it has serious disadvantages such as an increased need for safety stock 
when demand increases, which increases the bullwhip effect and no safety stock 
for products that have no forecast in the system. 

The production lead time is one month, one week for production and three 
weeks for quality testing. The mean square error over the lead time is calculated 
by 

6 

I(Fll+I - D 1+i 
MSE= /;I ' 

6 
Where F1.1+1 is the forecast made in period t for period t+1 and D1 is demand in 
period t, January 2004 equals t=1 . The MSE for the statistical forecast and the 
forecast made by ASMs is calculated this way. The statistical forecast created in 
January 2004 is based on demand data from January 2000 - December 2003. 

6.2 Hypothesis 

Averaging P for all products that are tested gives an average value for the per
formance. When there is no difference in accuracy between the current forecast 
and the statistically generated forecast P will be zero, this is the null hypothesis. 
Since the goal of the test is to test whether the statistical forecast performs bet
ter than the current method a one-sided alternative hypothesis is formulated . 
The hypothesis are formulated as: 

H0 : µ = 0 

H1 : µ<0 

When H0 can be rejected with a = 0,05 the alternative hypothesis is accepted. 

6.3 Setting the sample size 

The P's will only be calculated for a sample of product/customer combinations. 
The sample size determines with which reliability conclusions drawn from the 
sample can be applied on the whole population. 

Montgomery and Runger [32] state that when the sample size (n) is larger than 
30, the sample size (regardless the underlying distribution) can be read from so
called operating characteristics curve. This is under the assumption that a sample 
of that size will be normally distributed. To test whether this is also the case for 
the various values of P, distributions were fitted on the data. The same was 
done for the error terms of the forecast over time, for five product/customer 
combinations. The results in appendix 9 show that the values of P can be de
scribed by a normal distribution and most error terms can as well. 
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The vertical axis shows the probability of accepting H0 , given H0 is not true. This 
is the probability for a type II error and will be denoted by p. The horizontal axis 
shows a parameter d that is defined as 

Where µ
0 

is the mean according to the null hypothesis and cr is the standard de
viation of the population (which may be estimated by the standard deviation of 
the sample). The various lines are belonging to various sample sizes. The sample 
size is chosen by reading the sample size corresponding to p and d. P may be set 
according to the desired accuracy. In literature values of 0, 1 are regularly used 
[32], this value will also be used here. 

Setting d is more difficult, since it requires values forµ and cr . To have these val
ues, the sample needs to be known. Since the sample size needs to be deter
mined yet, the values are not known. Therefore a suitable value ford has to be 
found. The operating characteristics curve shows that the larger d (and the 
larger the difference between population mean and mean under null hypothe
sis), the less samples are required to find that difference and reject H0 . The 
equation for d is similar to that of determining the z-value of the found mean 
against the mean under the null hypothesis. By stating that the purpose of the 
test is to detect a significant difference in P when P is at least as big as 70% of 
the population under the null hypothesis, the corresponding z-value can be 
found. The normal distribution table shows a z-value of 0,53 corresponding to 
the 70% of the population. 

When d is set to 0,53 and p to 0, 1 the operating characteristic curve shows the 
sample has to consist of 40 forecasting combinations. These combinations will 
be randomly selected from the product/customer combinations that are to be 
forecasted . 

48 



TU 
technische 

e universiteit 
eindhoven 

OMV International (I 
The in redients of success 

6.4 Results 

To identify the increase in performance 40 product/customer 
combinations were tested . 32 were individual prod
uct/customer combinations from the selection that covers 
80% of the volume. Eight aggregated groups were selected. 
These were all the customers from a product that don't be
long to the selected combinations. In table 11 they are indi
cated as the product number I rest. The first 9 numbers in the 
first column indicate the product number, the last five are a 
customer number. Corresponding names are available to the 
company, but will not be published . All forecast and demand 
data for these products can be found in appendix 10 

The results show a large spread in realizations. Safety stock 
reductions up to 99% are found, as well as increases up to 
67%. The most extreme values are caused by an extremely 
(in)accurate forecast made by ASMs. This causes a very high 
or low safety stock in the current situation, which makes the 
relative in/decrease very large. 42023-5383/57255 has a very 
inaccurate forecast, due to the sporadic demand pattern. 
Crostons method is able to forecast this behavior and there
fore does a much better job. For 12072-9010/51552 this is 
the other way around . The statistical forecast is not very bad, 
but the ASM forecast is very accurate. A larger error in the 
statistical forecast in May results in a 44 % increase of safety 
stock levels. 
Table 12 Average pe1/ormance 

Selection 
All combinations 
Product/customer 
combinations 
aggregated 
customers 

p 

-10% 

-12% 

-4% 

For good determination of the 
new safety stock level for each 
single product, it is advisable to 
increase the number of periods 
over which the forecast error is 
measured. When using only six 

periods, outliers that cause irregularities have large influence. 
Nevertheless the average performance over all 40 selected 
combinations will give a good indication of the performance 
of the tool. Table 12 shows the average performance for all 
product as well as the individual performance for the cus

table 11 Performance 

Product/customer 
42411-9156/51645 
4 7654-9120/50582 
46663-5367 /58880 
41639-4841/51032 
41610-4879/50291 
46604-5399/51137 
42022-5342/50669 
42030-5319/51245 
42024-5346/50842 
42022-5342/50881 
41500-5316/50130 
96677-5301/51085 
42301-7356/50713 
43437-5350/54520 
42023-5383/57255 
42066-5365/50660 
41509-5317/50159 
41509-5317 /50453 
12072-9010/51552 
47105-9158/50051 
42024-5346/50669 
42065-9115/50524 
43136-5383/50018 
41500-5316/51187 
42024-5346/50506 
42027 -5343/50658 
42411-9156/58890 
42411-9090/51611 
42411-9095/50627 
4343 7 -5350/52250 
41509-5317/51130 
46057-5334/50130 

42025-5344/rest 
46682-5314/rest 
42033-7309/rest 
13362-5350/rest 
41630-4841 /rest 
41509-4871 /rest 
42023-5383/rest 
46604-5399/rest 

tomer /product combinations and aggregated rest customers per product. 
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-18% 
-18% 
-24% 
67% 
-50% 
0% 
4% 

-57% 
-6% 
-27% 
-28% 
-41% 
31% 
-26% 
-94% 
17% 
-49% 
2% 

44% 
25% 
19% 
-99% 
23% 
-13% 
-14% 
0% 
7% 
-3% 
-6% 
-9% 

-45% 
13% 
52% 
37% 
14% 
-66% 
-19% 
39% 
-80% 
-9% 
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The average safety stock reduction obtained by the statistical tool on the sample 
is 10%. The input of the ASMs can make this reduction even higher. There is a 
clear difference in accuracy between the single product/customer combinations 
and the aggregated customers. Since aggregation increases the volumes and re
duces the influence of irregular behavior of single products it was expected to 
perform better. It turns out that the past data for this restgroup have a very ir
regular pattern that is hard to forecast. Also because there were customers in 
the past that ordered during a certain period and are not customers anymore, or 
new customers start ordering. This causes pattern changes that are hard to fore
cast. Because the volume of this restgroup, the impact of the lower forecast ac
curacy on safety stock requirements is not very big. The input from the region 
manager on the restgroup forecast can be used to improve the accuracy. 

6.4.1 Significance 

To test whether it is possible to reject the hypothesis that the performance of 
the statistical- and current forecast are equal the following test statistic is used. 

Where X is the estimator for the mean from the sample (-0, 1 ). µ0 is the mean 
according to the null hypothesis (0). cr is the standard deviation of the sample 
(0,38) and n is the sample size (40). The null hypothesis is rejected when Z0 < -z_ 
005(-1,65). 

-0.1 Z
0 
= ,;;:: ~ -t.66 < -t.65 

0.38/ -v40 

This shows that the null hypothesis may be rejected with a P-value < 0,05. Re
jection of the null hypothesis means that the performance of the new method 
on the sample was significantly better than the performance of the current 
method. 

6.4.2 Overall safety stock effect 

The 10% safety stock reduction is the average of the performance over all the 
selected combinations. This is not necessarily equal to the overall safety stock 
reduction, since not all products have the same volume. The relative difference 
of root of the sum of the mean square errors over all selected combinations re
sults in the safety stock reduction over the sample corrected for volume. 

40 40 

LMSEstati-IMSEasmi 5 58 1010 6 63 JOIO 
P = ( i = I , i= I , ) X 100% ~ ( . X - . X ) X } 00% = - J 2% 

volume 40 6.63 X J 010 
IMSEasm,i 
i= I 
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Where Pvoiume is the overall performance over the sample corrected for volume 
and MSE,1a1.1 is the mean square error of the statistical forecast for the ith combi
nation in the selection. The correction for volume shows that the statistical tool 
performs better for the larger volumes than for the smaller volumes., since it in
dicates an additional safety stock reduction of 2 % . 

6.4.3 Effect of shortening feedback loop 

As discussed in paragraph 5.3 the statistical forecast for the first period can not 
be used, because this is the period where the statistical forecast is generated and 
send to ASMs for feedback. This is not very fortunate, since it may be expected 
that the forecast accuracy is more accurate on the short term. Therefore the 
forecast in the first two periods is likely to be more accurate as in the second and 
third period that are currently used. 

Although it is not possible for every ASM to respond within a few days, it may 
be arranged that the majority of the feedback is collected within 5 working days 
and the supply chain coordinators analyze the feasibility in one day. This is a 
difficult operation, but when the obtainable safety stock reduction is high, it 
may be worth the trouble. 

To find out how much accuracy can be gained when the first forecasted period 
can also be used, the accuracy of the one period ahead statistical forecast was 
also compared to the ASM forecast. The results per selected combination can be 
found in appendix 10 in the rows named stat. forecast+1 . The results show that 
in general the results improve as could be expected, but not for all combina
tions. For some combinations the two period ahead forecast is better than the 
one period ahead forecast. This has to do with pattern breaks in the observed 
demand and are exceptional cases. There is no obvious relation between the 
performance of the two- and the one period ahead forecast, except that the 
latter is in general more accurate. The overall performance, corrected for the 
volume per product is: 

. _ 5.23 x l010 -6.63 x l010 
_ 

0 pvolume(One penod ahead)- ( IO )--17 % 
6.63 x10 

When DMV succeeds in shortening the review period, so the most recent data 
can be used another 5% safety stock reduction can be obtained. Considering 
the safety stock value is approximately € 12.500.000, a 5% reduction is € 
625.000. 

The reduction in review time can be obtained by making the statistical forecast 
three days before the end of the month. The figure of booked transports for 
that month will be stable during the last two days of the month, since it is hardly 
possible to plan a transport on such short term. When the ASMs know that they 
have to review the forecast around the beginning of the new month, they may 
take that into account when they plan their business trips. 

With current facilities it may be hard to compress the whole process into one 
week. When the ASMs are provided with SAP access over an internet connec 
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tion, they can review the forecast while they are on a business trip. The time 
available on such a trip is limited and the ASM does not have all the required 
information with him. Therefore the SAP environment should be very user 
friendly, showing all the data required . The investment required to create access 
and the appropriate SAP environment will be much lower than the saving that 
can be obtained. 

6.5 Statistical methods used 

The forecast model was designed in such a way that the statistical methods used 
have complementary strengths and weaknesses. The test of the statistical fore
casting tool on the sample was run manually. During the testing it was checked 
in which frequency the various techniques were selected. 

It turned out that all techniques were selected regularly. Crostons method, with 
its unique characteristics gets selected only in special cases, but in these cases 
the performance of the other techniques is very bad. Also moving average and 
simple exponential smoothing were not selected very often. Usually this was in 
cases were there was little history or when demand did not vary much. 

ARMA and Holt-Winters models were selected the most. Whenever a seasonal 
pattern could be recognized, Holt-Winters performed best. When it was hard to 
visually recognize a patter, the ARMA model performed well. The performance 
of the ARIMA model was of more or less equal quality, but in most cases had a 
slightly higher error. In scenarios with obvious pattern changes, the integrating 
step of the ARIMA model proved valuable in coping with this non-stationarity. 

6.6 Effect of ASM input 

Once the forecast is statistically generated, the customer/product combinations 
are send to the ASM they belong to. The ASM is asked to give input on trend 
breaking patterns. Doing a pilot with ASMs to estimate the effect of this step 
turned out to be not possible during this project. ASMs indicated they are only 
able to give input about the current demand situation. It was impossible for 
them to remember which information they had about demand on some point in 
the past. When asking ASMs to give their input about demand for the first 
month in the future, it is not before this month is over that the accuracy of this 
input can be evaluated. 

Because the input from the ASMs can not be recorded for reality, it was checked 
how the accuracy of the ASM input can affect the performance of the forecast 
model. The ASM input is modeled as an effect on the forecast error. For the 40 
selected product/customer combination the effect on the performance is evalu
ated when the forecast error becomes 10%, 20% or 30% more or less. 

Finput,t = Fstat,t + k (F stat.I - DI) v k = -0,3; -0,2; -0, 1; 0, 1; 0,2; 0,3 

Where Finput.i is the forecast after the ASM has given his input and k is the factor 
that represents the change of the forecast error, caused by the ASM input. A k 
of -0,3 means a 30% reduction of forecast error. 
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Appendix 11 shows what the mean square error and performance for the vari
ous values of k will be for all selected product/customer combinations. A change 
in forecast error of 10%, results in a change of performance between 0, 13 % 
and 17%. This depends on the size of the forecast error of the statistical fore
cast. 

Effect of ASM input 

--+- Safety stock 

---Average 

ASM input effect (k) 

Figure 22 Effect of ASM input on performance 

The average performance over the whole sample changes linear with 9% when 
the forecast error changes 10%. The effect on safety stock is nonlinear due to 
the relation between forecast accuracy and safety stock. The effect of a 10% 
decrease of forecast error is even bigger. A 17% extra reduction in safety stock 
can be obtained, which results in a 29% reduction related to the safety stock 
required by the forecast put up by the ASMs. 
Table 13 Performance of new forecast method, related to k 

K 0,3 0,2 0,1 0 -0,1 -0,2 -0,3 
!Average 17% 8% -1% -10% -19% -28% -37% 
Safety Stock 49% 27% 6% -12% -29% -44% -57% 

Although it is not known for certain how good the ASM input will be until the 
system is implemented, an estimation of the ASMs contribution to forecasting 
accuracy can be made. The ASMs only give input on the larger cus
tomer/product combinations. Of these combinations about 80% is part of a 
contract that lasts 6 or 12 months. 20 % are large orders or order series that are 
placed after a quotation from DMV. 

Contracts are updated once or twice a year, ASMs indicate that about 20% of 
the contracts that are updated contain a big change in volume. That means for 
16% of the combinations, on average 1,5 times a year there is a major volume 
change. This would be 2 % of the combinations per month. 

Furthermore there are the events. This may be a customer that is changing to 
another product, or a long production stop for major maintenance, but also 
changes of subsidies that affect the price DMV can offer and thereby influence 
demand. ASMs indicate that about half of the customers have such an event 
once a year. A typical event is the postponement of Decembers demand to 
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January to minimize stocks on hand and thereby improve the balance sheet. On 
average 4 % (once per year for half of the combinations) of the combinations 
per month is expected to have such an event. 

Finally there is also the input about the larger incidental orders. This kind of or
ders is usually placed by new customers, to try DMVs products or by customers 
in specific regions of the world where price buyers dominate the market. It is es
pecially this group where a low forecasting accuracy can be expected by statisti
cal forecasts. Therefore ASM input is very important. Presumed these customers 
each order 3 months per year and the ASM can predict half of these orders. The 
average forecast improvement per month over all forecasted combinations 
would be 3%. 

Based on this conservative estimation the ASMs would make changes for nine 
percent of the customer/product combinations. Taking into account the type of 
changes the ASM makes it may be expected that these are very accurate. 
Therefore it may be expected the ASMs will improve the forecast accuracy by 
9% . Not taken into account are the changes the ASM may make because he 
sees the statistical forecasting tool had difficulties in dealing with the data. This 
will sometimes happen, furthermore there can be other types of events that are 
not foreseen. 

The estimation of the 9% accuracy improvement is based on three expert opin
ions. They were asked to give conservative estimates for the quality of the ASM 
input. When the estimate is right, the safety stock level reduction will be 27% 
instead of 12 % . 

6. 7 Conclusion 

In this chapter the effect of the developed approach was tested. The perform
ance of the new approach to forecasting was expressed as the effect on the re
quired safety stock level. Total safety stock levels are€ 12.500.000 

The test was executed for the forecasts February 2004 - July 2004. 32 Prod
uct/customer combinations and 8 aggregated groups of smaller customers from 
a product were random selected according to the aggregation levels defined in 
chapter 5. 

For the sample, the safety stock requirements dropped with 12% . This is a sig
nificant difference. The safety stock requirements will drop to 17% when the 
review and according process can be shortened from one month to one week. 
To obtain this gain, investments worldwide access to the ERP system will have 
to be made, but this will cost significantly less than the € 625.000 lower safety 
stock investments this step results in. 

The input from the ASMs will further improve the forecast accuracy. It is esti
mated by expert opinions that they can improve accuracy by 9%. This would 
result in a safety stock reduction of 27% instead of 12%. A safety stock reduc
tion of 27% would result in a reduction of capital requirements of€ 3.375.000. 
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Although DMV is operating a make to stock business, it is not the case that 
products are delivered from stock to the customer at the same moment as they 
are ordered. Customers send their orders in advance. Sometimes this is to give 
DMV the time to arrange transport for deliveries to other parts of the world, but 
it may also be the case that orders are part of contracts that are closed for 6 or 
12 months. The quantity sold in these contracts is not delivered all at once, but 
split in several deliveries that take place during the term agreed in the contract. 
The customer calls for the quantity ordered with a certain lead time (the demand 
lead time). 

Another reason for the customers to order in advance is to minimize the risk of 
incorrect order fulfillment. They reason that when DMV knows their demand in 
advance, DMV has time to make appropriate arrangements to make sure there 
is enough product available. Customers are incidentally unhappily surprised by 
product shortages, while they announced their demand with a long lead time. 
This can happen because the orders placed in the system are not used as input 
for the order planning, this is only done by forecasted data. Furthermore when 
the ASM makes the forecast he also does not take into account the order posi
tion. Therefore it can happen that there is no demand in the forecast, while the 
customer has placed orders. It is clear that the use of the available advance order 
information can be beneficial for DMV. There is no standardized approach avail
able for the use of advance demand information. Therefore this chapter will ex
plore how advance demand information available at DMV can be used. 

7.1 Literature review 

Recently several papers were published about the applications of advance de
mand information. Hariharan and Zipkin [33] show that the impact of advance 
demand information (ADI) on system performance is similar to the impact of a 
production lead time reduction. The availability of advance demand information 
reduces the period over which demand is uncertain and thereby decreases the 
required safety stock quantities. Zhu and Thonemann [34] model the benefits of 
advance demand information as the sum of the reductions in inventory holding 
and shortage-penalty cost, minus the cost of obtaining the ADI. Van Donselaar 
et al. [35] show that advance demand information in the large project building 
industry can also be applied beneficially. By estimating which installer will ac
quire a large project the suppliers of these installers can build their stocks ac
cordingly. Although advance demand information can not be perfect in this set
ting, the use of this information is still beneficial. Wijngaard [36] shows in a ca
pacitated single stage, single product situation that the decrease in inventory 
and lost sales cost that can be expected from the use of advance demand infor
mation are a product of the capacity utilization rate, production speed and the 
order lead time. 
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Karaesmen et al. [37] developed a model that controls a make to stock produc
tion system, based on advance demand order information. The system works in 
a setting where demand lead time is smaller than production lead time, but has 
restrictions that limit its use in practice. The model is based on a single stage, 
single product system with constant lead times. In DMVs situation production 
and demand lead time are not constant, an approximation using a constant 
would not be realistic. 

Ozer [38] develops a replenishment strategy for a distribution system under ad
vance demand information. The state dependent base stock level is an increas
ing function of observed demand beyond lead times, and is affected more by an 
increase in the observed demand that is closer to the current period. He confirms 
the findings of Hariharan and Zipkin by stating that advance demand informa
tion is a substitute for lead times. 

In an earlier paper Galego and Ozer [39] provide a useful notation that splits 
demand in a known and an unknown part. They express the demand observed 
at the end of period t as the vector 

Where D1" represents the orders placed by customers during period t for future 
periods s and N is the length of the information horizon over which advance 
demand information is available. At the beginning of period t , the demand of a 
future periods> t can be divided in two parts. The observed part: 

1- 1 

ot" = ID,. s 
r=s-N 

And the unobserved part: 

s 

ut,s = ID,.s 
r=t 

They prove that state-dependent (s,S) inventory policies are optimal for finite 
horizon problems. This is under the assumption that the unobserved part U1.s is 
independent of the observed part ot,s" 
7.2 DMV situation characteristics 

In order to develop a state-dependent (s,S) inventory policy for DMV several 
serious issues have to be resolved. First the issue of how to deal with production 
lead time. The production department needs one week to produce, then three 
weeks are required for quality assurance procedures. Using a straightforward 
lead time of four weeks is due to capacity restrictions not possible. Not all prod
ucts that have an inventory level that hits the reorder point can be planned in 
right away. An installation can only produce one product simultaneously and 
due to minimal lotsize restrictions only few different powders can be produced 
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each week. Furthermore products have sequential relationships. Some products 
can only be produced after other products or serve as ingredient for another 
product. When developing an (s,S) replenishment policy these capacity- and se
quential restrictions have to be taken into account, which requires a thorough 
investigation in the properties of the production system. 
Second there is the issue of defining the values for s and S. Although Gallego 
and Ozer indicate an (s,S) policy is optimal, they don't describe how to deter
mine these values. Other research also mainly focuses on determining the value 
of the information and finding the optimal policy [40][41 ]. Heuristics to find 
suitable values for setting the values have yet to be developed. 

In the third place there is the issue of dependency of Ut.s and Ot.s· The optimal 
policy was characterised for the case where Ut.s and Ot.s were independent. At 
DMV they are dependent, since both Ut.s and O t.s are demand from the same 
customers, sometimes the demand from a customer is known, sometimes it is 
unknown. In the course of time, when information comes available, U will 
gradually decrease and 0 will increase. Stating that Ut.s and Ot.s are independent 
is not conform to reality . 

An application of the system as described by Gallego and Ozer is a challenging 
project. It requires filling the gap in literature of finding good near optimal heu
ristics to determine values for the (s,S) policy based on ADI and coping with the 
complex capacity restrictions of DMV. It would be a most interesting project for 
a next master student. This project will focus on the application of advance de
mand information as input for articlemix planning. Therefore first it will be iden
tified what kind of ADI is available and second how this ADI can be used to im
prove the estimator of monthly demand totals. 

7.3 Order lead time 

As most research on ADI points out, the more ADI available, the better it can be 
brought to use. The business line where advance demand information is ex
pected to result in the most benefits is pharma, since it has the most ADI. To 
find out how far in advance the customers place their orders, the order data 
from January to September 2004 from the business line pharma were down
loaded. In this period the business line pharma processed 7770 orders. By sub
tracting the required loading date from the order arrival date, the order lead 
time from an order is found . When doing this for all the orders, the histogram in 
figure 23 can be made from the data. The complete lead time data table can be 
found appendix 12, a summary is depicted in table 14. 
table 14 Summary order lead time data 

Lead time Frequency % Cumulative % 
0-7 1940 24,97% 24,97% 
8-14 1696 21,83% 46,80% 
15-21 1104 14,21% 61,00% 
22-28 670 8,62% 69,63% 
> 28 2360 30,37% 100,00% 
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To reduce the required safety stock levels it is important to know how much 
demand for a given month is already known at the end of the previous month. 
This can be estimated from the histogram. All demand with a lead time longer 
than 30 days is known for sure at the end of the previous month. Demand with 
a shorter lead time also has a chance to be known at the end of the month. Un
der the assumption that demand is spread equally over the month, 7130 of the 
demand will occurs in the first 7 days of the month . Therefore there is a prob
ability of 7 /30 that demand with a 7 day lead time is known at the end of the 
previous month . When this principle is applied on the averages of the various 
classes on the histogram the portion of demand known at the beginning of the 
month can be calculated. 

Table 15 shows that approxi
mately 57% of the orders are 
known at the last day of the 
previous month . For these or
ders it is not necessary to fore
cast next months demand, 
since it is already known. 

Table 15 Percentage of orders known at last day of previous month 

Expected % of % of total 
Lead time known EOM demand demand known 

3,5 3,5/30 24,97% 2,91% 
11 11/30 21,83% 8,00% 
18 18/30 14,21% 8,53% 
25 25/30 8,62% 7,18% 

>28 1 30,37% 30,37% 
Total 56,99% 

Not all the order information that is known can be used. The available informa
tion is only useful from those customers that are forecasted individually and will 
not send in more orders for the concerning month. To find out which part of the 
available order information can be used to replace the forecast some individual 
products were selected. 
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The demand forecast made in period t for period s (F1 ) is an estimator for the 
demand in period s (Ds) . In the current situation, wh.ere no advance demand 

A 

information is used, the estimator in period t for demand in period s (Ds s ) is 

equal to the forecast made in period t for period s (F1.J 
A 

D s,s = F t,s 

Safety stock levels are based on the standard deviation of the forecast error. The 
standard deviation of the forecast error of a product with n customers is 

"~ ~t.a;' 
Where cr; is the standard deviation of the forecast error over the leadtime for 
customer i. 

When advance demand information is used, the estimator for demand in period 
s is the observed demand for the customers that have already placed their order 
and the forecast for customers that have not yet placed their order. 

A II 

D r,s =L A; x o i;t,s + (1- A.;)x F;;t,s 
i= l 

Where \ is a binary variable that is 1 when there is advance demand informa
tion from customer i for periods and 0 when there is none. 
Although customers are free to postpone their orders, this almost never occurs. 
Therefore the standard deviation of the error of q 1 , can be set equal to zero. 
Since on average 57% of the orders of the business unit pharma are known at 
the end of the previous month, cr will be much lower. 

n 

CY= IO- A-1) XCY;2 

i=l 

This approach is valid for the order where it is certain that no more orders will 
come, so called perfect advance demand information. ADI can be considered 
perfect when there are also orders for the month after the month concerned and 
when the customer has never ordered more than the observed number of deliv
eries of the product concerned. Approximately 70% of the customer/product 
combinations from the business line pharma have never received more than one 
delivery per month. By introducing a parameter Mmax.i that measures the maxi
mum number of deliveries that has been ordered by customer i for one period, 
the available ADI can be turned into perfect ADI. When the number of orders 
placed equals Mmax.1,the available ADI can replace the forecasted quantity. 

There is also the case where there is imperfect ADI. This is the case when some 
orders are placed, but it is uncertain whether more orders will come. This case 
has not been solved in literature before, therefore an approach is developed in 
the next sections. 

59 



TU 
technische e universiteit 
eindhoven 

7.5 Imperfect ADI 

OMV International II 
The in redients of success 

In order to develop an approach for handling imperfect ADI it is important to 
understand the characteristics of imperfect ADI. First of all it is important to un
derstand that it can be expected that imperfect ADI will not occur most of the 
time. For all the product/customer combinations where not more than one de
livery per month has been observed in the past there will only be perfect ADI or 
no ADI. Imperfect ADI only occurs when orders are observed and potentially 
more orders will be received for the same period . 

To identify the characteristics of imperfect ADI , seven product/customer combi
nations were selected that regularly order more than one delivery per month. 
The order data from these products will be used to identify the characteristics of 
the available ADI. 

Table 16 shows the selected product/customer 
combinations. M is the maximum number of 
orders that has been observed in one month 
between January 2001 and December 2004. 
The % column indicates the percentage of the 
periods where more than one order could be 
observed. 

Table 16 product characteristics 

product/customer M 

42424-5375150291 5 
44000-7356/51160 2 
42024-5346/50667 3 
4204 7 -4888/50667 3 
42424-5375150130 4 
42424-5375/50106 3 
44000-7356/62335 3 

% 

100% 
22% 
40% 
28% 
57% 
41% 
60% 

A difficult characteristic of these products is that in many of the periods only one 
order is placed. This makes it hard to find a relation between the first order in a 
month and later orders. A substantial part of the periods, the second order will 
be zero, but in other periods there may even be a third and a fourth order. 

It could be that the size of an order reveals information about the rest of the or
ders that can be expected. To check what kind of information orders sizes can 
reveal, it was checked whether the population of first order differs significantly 
from second and further orders. It was found that the distribution of order sizes 
does not differ significantly for first, second or further orders. For some prod
uct/customer combinations this conclusion is logical, since there is a more or less 
fixed order size, for other combinations there is no fixed order size. 

Table 17 Correlation volume vs. #orders 

Since the number of orders per month varies and 
the order sizes reveal no information about the 
demand volume that can be expected in the 
same period , it is useful to have an estimator for 
the number of orders that is expected in a cer
tain month. This estimator can be generated by 
the statistical forecasting tool, but this will only 
be useful when a regular pattern can be ex

product/customer 

42424-5375/50291 
44000-7356/51160 
42024-5346/50667 
4204 7 -4888/50667 
42424-5375/50130 
42424-5375/50106 
44000-7356/62335 

Corr. 

055 
0,87 
085 
0,51 
0,79 
0,70 
0,90 

pected in the number of orders per month. When the number of orders in ape
riod is correlated to demand in that same period , it may be expected that the 
number of orders follows somewhat the same pattern. Table 17 indicates there 
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is indeed correlation between the volume and the number of orders, although 
the strength of the correlation differs per product. 

In the next sections several methods will be described that estimate demand, 
based on imperfect ADI. The methods described will be tested on a sample of 
product/customer combinations to find out which one performs best. 

7 .5.1 Basic approach 

The basic approach is an approach that is implemented in the ERP system of 
Campina's Tilburg plant. It has come forward out the difficulties there are in 
bringing imperfect ADI to value. The only thing that is for sure that demand will 
not be less than the orders that are already observed. Therefore the demand es
timator is equal to the forecast, unless observed demand exceeds the forecast. 

A 

D1 = max(~, 01 ) 
This approach is very simple, based on the characteristics of imperfect ADI that 
were described it should be possible to develop a more advanced method. 

7 .5.2 Binomial method 

For the imperfect advance demand information available at DMV, no meaning
ful estimator can be formulated based on the size of the observed orders. There 
is no correlation between the size of the observed orders and the unobserved 
orders. Order sizes are not constant, but vary around a mean. The number of 
orders in a period varies over time. Over this number of orders in the past, a bi
nomial distribution can be fit. This distribution can be used to estimate the num
ber of orders expected to come, given the number or orders observed (m). 

When a binomial distribution with k = 3 can be fitted over past demand and one 
order is observed, it is for certain that there will be 1, 2 or 3 orders. When a new 
expected value is calculated, the probability for 0 orders (defined as p) does not 
have to be taken into account. This means that the expected value of the origi
nal distribution can be divided by 1-p, to get the new expected value. When X is 
the binomial distribution of the number of orders in a period and Q is the aver
age order quantity, the demand estimator is 

A 

D1 = 0 1 + (E[XIX2'. m1 ]- m1 )x Q 

7.5.3 Number of orders method 

The disadvantage of the previous approach is that is assumes stationary de
mand. At DMV the number of orders is not stationary, but will vary over time. 
To take this into account the number of orders that is expected to come can be 
estimated by the statistical forecasting tool. This tool will forecast a non-integer 
number of orders, but this is not a problem. The number of orders expected 
times the average order quantity gives an estimator for demand. When F1 (m) 
denotes the forecasted order quantity, the estimator is 

A 

D 1 = 0 1 +max( F 1 (m) - m ) x Q ,c ) 

c is a constant that is added to the observed demand when the number of or
ders observed is higher than was expected by the forecast. Although the num 
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ber of orders observed is higher than expected, it is still possible that more de
mand comes. The parameter c is meant to prevent this. Which value this pa
rameter should have will be tested on the sample. 

7 .5.4 Right tail estimation method 

This approach is based on the paper of Karmakar [42] that develops a heuristic, 
based on the Bayesian approach, to estimate the right tail of a distribution, 
which is important for safety stock setting. This is also important when dealing 
with imperfect ADI , when the observed ADI is near to or more than the fore
casted value. When this is the case it is important to know the behaviour of the 
right tail of the distribution. The estimator is based on the number of times de
mand in the past has been more than the observed ADI and the size of demand 
when this was the case. 

Define n as the number of past demand observations and Yi as a binary variable 
that is 0 when Ot => di and 1 Ot < di . 

-t 

( a< ) l " ~ ( !>1 -Ot ) 
r- l 

I; = L Yi (Di - 0 1) 
i=l 

The estimator is based on a right tail estimator. It can therefore only be used 
when the observed ADI is near to or more than the forecasted quantity. Trials 
on a sample indicate that the estimator works appropriate when Ot > 0,8 Ft. It is 
formulated as: 

A T 
D , =0 +- 1 

I t -I 
if O t > 0,8 Ft 

if Ot <= 0,8 Ft 

7 .5.5 Right tail non-stationary method 

Disadvantage of the method from Karmakar is that it assumes stationary de
mand. When demand is non-stationary, the method can not make a good esti
mator for current demand because characteristics change over time. Something 
that is not necessarily affected by non-stationarity is how the demand realization 
is related to the forecasted quantity. Presuming an unbiased forecast, a good 
estimator can be made by comparing the observed demand to past forecasts 
instead of past demand. The approach is similar to Karmakars approach . Define 
zi as a binary variable that is 0 when Ot - Ft >= Di - Fi and 1 when Ot - Ft < D; -
Fi . 

r- l 

~ = L z ix((Di - F;) - (0, - F; )) 
i= l 

This estimator is not a right tail estimator, when only little ADI is observed, the 
original forecast will be updated with the average forecast error, which is zero 
for an unbiased forecast. It will be called right tail non-stationary method, since 
it is based on the original right tail method, furthermore the effect of the 
method increases when more ADI is observed. 

A w 
D 1=01+-1 

t-I 
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., 
The five approaches that were developed to handle imperfect ADI will be tested 
on the seven product/customer combinations that were introduced earlier to de
scribe the behavior of products with more than one order per month. Of these 
seven combinations, there are four with imperfect ADI. For these combinations 
new estimators of demand were made, based on the observed ADI. Table 18 
shows the errors of the various methods for handling imperfect ADI on the 
sample. The errors are expressed as the relative root mean square error over the 
analyzed period . 

.JMSE 
Error= ----x 100% 

avg.demand 

Table 18 Results ofimpetfect ADI estimators 

42424-5375 42024-5346 42424-5375 44000-7356 
/50291 /50667 /50106 /62335 

average 

Forecast 22,5% 36,6% 33,8% 24,8% 29,4% 
Basic 21,4% 36,6% 33,8% 23,0% 28,7% 
Binomial 15,6% 33,6% 30,2% 39,9% 29,8% 
'r# orders 13,6% 38,3% 31 ,3% 36,2% 29,8% 
right tail 22,9% 32,8% 33,8% 23,0% 28,1% 
r.t. non-stat. 17,6% 34,0% 35,1% 23,5% 27,6% 

On every tested combination, another method performed best. None of the 
methods performs remarkably better than the others. Only three methods per
formed better than the forecast. For each method the results will be discussed, 
the values of all the estimators can be found in appendix 13. 

For the basic method it was sure that it would perform better than the forecast, 
since the estimator only changes when more demand than forecast has been 
observed . This was the case for two out of four combinations of the sample. For 
these combinations the basic method performs better, for the others the per
formance is equal. Overall it can be concluded that using this method is better 
than using the forecast, but it does not give much better performance. 

The number of orders method performs on average worse than the forecast. 
The performance is varies per product/customer combination . It is best for one 
product customer combination, but for another combination the performance is 
the worst of all methods. It's performance decreases when less historical data 
are available to estimate the expected number of orders. Also when there are 
periods without orders, this method is less accurate. The forecasting tool has 
difficulties in handling the past when some, but not the majority of the periods 
have no demand. During the test, the situation where m1 > F1(m) occurred four 
times. For these four times, the constant c should be added to the observed de
mand. A sample of four is very small to determine an appropriate value for c. 
Furthermore 0 1 was equal to the final demand in that period for three of the 
four times. On these grounds it was decided to set c equal to zero. Tests on a 
larger sample may find suitable values for c. 
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The binomial method also performs worse than the forecast. It is the best 
method for one of the product/custmer combinations and the worst for an 
other. A reasons for the low performance of this method may be that demand is 
non-stationary. Although the P-values of fitting the distribution are most of the 
time high enough to accept the hypothesis that the number of orders comes 
from a binomial distribution, the non-stationarity has a negative effect on the 
performance. 
table 19 Parameters of binomial distribution fi tted to number of orders 

42424-5375 42024-5346 42424-5375 44000-7356 
/50291 /50667 /50106 /62335 

Distribution Bin(5; 0,82) Bin(3; 0,33) Bin(3; 0,46) Bin(3; 0,49) 
P-Value 0,14 0,39 0,04 0,71 

The right tail method can only be used when the observed ADI exceeds 80% of 
the forecasted volume. While testing the method it was tried to also use it on 
products where the ADI had a lesser volume, but this returned nonsense data. 
When the method can be used, the results are reasonably accurate, but the 
times it can be used are limited. The right tail method can not be applied on ap
proximately half of the ADI observations, but nevertheless performs better than 
the forecast. 

The right tail non-stationary method can be applied on all ADI observations and 
performance is not negatively affected by the non-stationarity of demand. The 
performance of the method is fairly constant. It is in general a few percent bet
ter than the forecast performance. It turns out to be on average the best 
method that is proposed. 

It cannot be concluded for certain that the right tail non-stationary method is 
the best method, for the rest of this report it will be used to handle imperfect 
ADI, since it performed best on the sample. Further research will have to point 
out which of the methods is most appropriate for handling imperfect ADI. Given 
the growing number of publications about advance demand information and 
the lack of widespread near optimal heuristics it can be expected that this type 
of research will be conducted in the future. 

7.6 Integration to one approach 

This paragraph will integrate all approaches to dealing with ADI introduced ear
lier into one method. This approach uses both forecasting and advance demand 
information to produce a good estimator for demand. The first step is to distin
guish the three classes of ADI 
• No advance demand information 
• Perfect advance demand information 
• Imperfect advance demand information 

Then it should be noticed for which product/customer combinations the area 
sales manager has given input. These forecasts should not be updated with ad
vance demand information , unless this information is perfect. 
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For the product/customer combinations where no advance demand information 
is available, only the forecast information can be used for articlemix planning 
and the uncertainty is the same as that of the forecast. 

D 1 =F: 
The advance demand information is considered perfect when the customer has 
ordered products for the period concerned and for at least one of the periods 
thereafter. Because no demand crossing is presumed, the ADI for the period 
concerned is considered perfect. The ADI is also considered perfect when one 
order is received and the customer has never ordered more than one order per 
period . For these cases the demand estimator consists of the observed demand 
and there is no uncertainty 

D 1=01 
The most complicated is the imperfect advance demand information. Often im
perfect advance demand information is referred to as information that indicates 
an order may come. Such as visits to the website of an internetshop or vouchers 
that were given away to potential customers [43]. For DMV imperfect ADI oc
curs when a customer has placed some orders for a month, but it is uncertain 
that this will be all the orders for the month concerned. Because demand lead 
times for customers are not constant, advance demand information for a given 
period is defined as imperfect when orders are received for that period, but not 
for the period thereafter and the customer has received more orders per period 
in the past than the current number of orders received . 

In this case the right tail binomial method is used for a demand estimator based 
on the observed ADI. This method estimates demand by taking into account the 
forecast errors in the past. When W is the average forecast error plus the differ
ence between Ot and Ft for all periods where the forecast error is larger than 
Ot - Ft the demand estimator is 

' w 
D , =0 1 + - 1 

t- l 

Hereby a demand estimator can be formulated for all possible classes of advance 
demand information. It should be noticed that the forecast is only made once 
every month, but the available ADI changes continuously. This means the de
mand estimator can be updated continuously as well. The variable nature of ADI 
is not suitable for all processes, for some it is best not to make use of ADI. 
Which processes better work with the forecast and which with the ADI based 
demand estimator will be dealt with in chapter 8. 
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Figure 24 Forecasting process and advance demand information 
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7. 7 ADI performance 

To test the performance of the inte
grated approach to ADI, the approach 
is tested on the same sample as was 
used to test the statistical forecasting 
tool except for the restgroup. These 
32 product/customer combinations 
are analyzed for six months. Of these 
192 datapoints there was: 

• 78 times no ADI 
• 65 times perfect ADI 
• 49 times imperfect ADI 

The exact ADI values are displayed in 
appendix 14. They show that for most 
of the product/customer combina
tions there is one ADI class that can 
be observed most of the periods. 
There are very few combinations 
where all three classes can be ob
served . 

The performance per prod
uct/customer combination is ex
pressed the same way as forecasting 
tool performance was expressed. The 
performance of both the tool and the 
ADI approach is listed in table 20. It 
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table 20 ADI petformance 

Product/customer p forecast p AD I p ADIASM 

Overall 
-12% -25% -37% 

oerformance 
42411-9156/51645 -18% -50% -50% 
47654-9120/50582 -18% -35% -38% 
46663-5367 /58880 -24% -24% -31 % 
41639-4841 /51032 67% 46% 29% 
41610-4879/50291 -50% -50% -50% 
46604-5399/51137 0% -9% -16% 
42022-5342/50669 4% -68% -67% 
42030-5319/51245 -57% -100% -100% 
42024-5346/50842 -6% -39% -39% 
42022-5342/50881 -27% -24% -24% 
41500-5316/50130 -28% -45% -46% 
96677-5301/51085 -41 % -45% -50% 
42301-7356/50713 31 % -83% -83% 
43437-5350/54520 -26% -100% -100% 
42023-5383/57255 -94% -100% -100% 
42066-5365/50660 17% -25% -31 % 
41509-5317/50159 -49% -53% -57% 
41509-5317 /50453 2% 2% -7% 
12072-9010/51552 44% 44% 31 % 
4 7105-9158/50051 25% 25% 18% 
42024-5346/50669 19% -100% -100% 
42065-9115/50524 -99% -99% -99% 
43136-5383/50018 23% 10% 8% 
41500-5316/51187 -13% -41 % -44% 
42024-5346/50506 -14% -70% -70% 
42027-5343/50658 0% 0% -9% 
42411-9156/58890 7% -44% -49% 
42411-9090/51611 -3% -57% -57% 
42411-9095/50627 -6% -6% -14% 
43437-5350/52250 -9% -7% -13% 
41509-5317/51130 -45% -46% -50% 

46057-5334/50130 13% -5% -7% 

shows that in general the estimator improves, as could intuitively be expected. 
For some combinations performance remains the same, because there was no 
advance demand information . For three product/customer combinations the 
performance gets worse. In these cases there was imperfect information in some 
months. In general the estimator for imperfect advance demand information 
performs better than the statistical forecasting tool. 

For the ADI approach the impact on the total safety stock level for the sample 
was calculated. The overall safety stock reduction increases 12% to 25% . This 
reduction can be realized when the ADI method is included in the articlemix 
planning tool, so the articlemix planning is based on a better estimator. When it 
is presumed that the ASMs decrease the forecast error with 9%, the safety stock 
requirements reduce 37%. 
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Advance demand information consists of orders that are placed in advance. For 
the business unit pharma 57% of the orders is known at the end of the previous 
month. This ADI can be used to improve the demand estimator. Perfect ADI can 
replace the forecast and imperfect ADI can be used to make a demand estimator 
better than the original forecast. When using the available ADI, together with 
the forecasting tool, a safety stock requirements reduction of 25% can be ob
tained. When the ASMs realize the expected forecast error reduction of 9% the 
reduction increases to 37% . 

The use of advance demand information results in a demand estimator that 
changes when new demand is observed . When no demand is observed, it is es
timated by the forecast that changes once per month. The estimator based on 
ADI changes as soon as a new order is booked in the system. 

This chapter illustrates the benefits that can be obtained by using advance de
mand information in practice. There is only little literature about the use of ADI 
in practice and also the development of methods for handling ADI is at the be
ginning. This chapter has shown how ADI can be classified into perfect and im
perfect ADI and how both classes can be used as demand estimator. Especially 
the class of imperfect ADI is an interesting field where the development of good 
estimators is challenging. The methods developed in this report deserve further 
testing on demand data. 
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This chapter deals with the implementation of the designed new approach. First 
the willingness for change of the organization is discussed. Then subsequently 
the implementation of the new approach to forecasting and the use of advance 
demand information are discussed . Due to the differences in nature of these two 
topics it is best to implement those in separate projects. 

8. 1 Positive momentum for change 

Within DMV there are several departments that will benefit of implementation 
of the new approach to forecasting. The sales department will not be bothered 
anymore with long lists to fill in where errors are easily made. And the supply 
chain department will have a more accurate forecast as in the present situation, 
so they are better able to synchronize production with demand. Not only does 
the work become more comfortable, also savings can be made on safety stocks. 

Communicating the benefits of the new approach can overcome the resistance 
to change that is usually found in organizations. Furthermore there are people 
that are unsatisfied with the current forecasting system. These are the majority 
of the sales managers that have to fill in the input sheets, but also the controllers 
in the finance department that use the forecast as input for their financial ex
pectations. Also the purchasing department is experiencing the negative conse
quences of forecast errors. They have to ask suppliers of ingredients and pack
aging materials for rush orders regularly . Forecast accuracy is also related to the 
price DMV can buy for. Suppliers give a discount when DMV buys the volume 
that was agreed on in the beginning of the year. When the forecasted volume 
was higher than the realized sales, DMV does not get the discount it expected. 

It is clear that there are many stakeholders for an improved forecast. Especially 
the dissatisfaction with the current system leads to a positive momentum for the 
new approach to forecasting. Thereby an important condition for a successful 
implementation is satisfied, the creation of support for a new system. 

8.2 Forecast implementation 

It has been decided that the proposed approach to forecasting will be imple
mented. The major part of the implementation will take place after the gradua
tion project. To make sure the implementation will happen, one of the supply 
chain coordinators is appointed as project owner. He will lead the implementa
tion. 

Before the implementation is rolled out it is important first to have a uniform 
understanding within the company about what the forecast is . Is it a commit
ment from the sales managers about how much they will sell at least? Is it the 
quantity that is expected to be invoiced? Is it an indication of how much will be 
shipped from the Veghel plant? Or from the Veghel plant and warehouses in 
Japan and the United States? These are all different opinions with various ad
vantages and disadvantages. None of them is really best from a multidisciplinary 
point of view, but it is very important that all users of the system have an identi 
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cal interpretation of the numbers. This is not something that requires a lengthy 
discussion, but it does require input from all the departments involved. The proj
ect owner should put this topic on the agenda of one of the existing multidisci
plinary meetings. Another topic that has to be decided upon is how much time 
the area sales managers and supply chain coordinators will get to review the 
forecast. Reducing this time to one week brings an additional five percent de
crease of safety stock levels. This is difficult for traveling ASMs, but not impossi
ble since their sales desk can help them. Facilities can be created to help the 
ASM give input while on the road. The benefits of shortening the review period 
allow an investment in system access. The decision on the review period should 
be taken before the software is made, because it requires fitting of methods 
over another horizon. 

The best way to ensure the forecasting tool will be professionally maintained 
and integrated in working processes is to integrate it in the ERP system. This 
way the application engineers will maintain the tool and it will not become ob
solete. Furthermore integration in the ERP system forces integration in the 
workflow and thereby standardization of working processes. To integrate the 
generation of a statistical forecast on the required aggregation level in the ERP 
system, support from an ERP consultant needs to be bought. A consultant was 
invited in January 2005 to explore the possibilities for integration in the ERP 
system. The forecasting process was summarized and the software requirements 
were summed up in a presentation given to one of the SAP application control
lers and the supply chain coordinator that is project owner. 

Once the software part of the assignment is tested and completed, the approach 
can be rolled out into the company. Due to the graduation project, most of the 
people concerned are already informed that a change in the forecasting system 
is coming up. The change has the biggest impact on the supply chain coordina
tors and the area sales managers. Their work, concerning the forecast, changes. 
To inform them about the new method, a training session should be organized . 
To emphasize forecasting is a multidisciplinary art, this session should be held for 
a mixed audience of supply chain coordinators, area sales managers, application 
controllers. Other users, such as from the purchasing- and financial department 
and customer service desk can be invited to this session to. Although they are 
not involved in creating the forecast, they relay heavily on it in their work. 

In this training session the whole forecasting process can be explained, with spe
cial attention for the role of the supply chain coordinator and the area sales 
manager. Special attention should be paid to ownership. It should agreed upon 
that the area sales manager is the owner of the forecast. Accuracy of the fore
cast is his responsibility . Because ASMs have no SAP access, the supply chain 
coordinators facilitate by creating the statistical forecast end downloading it 
from SAP. This is only a facilitating role, the ASM is the owner of the process. 

Furthermore three work instruction sheets should be made. One for the area 
sales managers, one for the supply chain coordinators and one for the people 
from other departments that need to extract information from the forecast. In 
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this session the month were the forecast is generated the new way can also be 
announced. Taking into account that although a solid preparation, things regu
larly go wrong when people do something that is new to them, the first months 
it may be best to run both forecast methods in parallel. Supply chain coordina
tors can use the new method as input for their articlemix planning, but keep the 
other forecast as a backup. 

During the month wherein both forecast methods are used, it can be decided 
whether the parallel period has to be prolonged. After the implementation of 
the new forecasting method, the new method should be evaluated. Not only 
the forecast accuracy should be evaluated, but also the experiences of the users 
of the system. They may come up with valuable suggestions for further im
provement, or it may become clear that there are still misunderstandings con
cerning the forecast. A suggested time schedule for the steps lined out above 
can be found in appendix 15. 

8.3 ADI implementation 

The implementation of the new forecasting method is an application of tech
niques that have proven their value in the academic and practical field . Aca
demical material has been developed since the 1950s (44] and many field stud
ies are available as well (11] (12]. The use of advance demand information is not 
seen much in practice and not much is published about it as well, the first seri
ous publication dates from 1995 (33] and no proven standard methods exist. 
The pioneering nature of this work has consequences for implementation. No 
standard software solutions or implementation studies are available to use or 
benchmark. 

The application of ADI will only improve the first two months of the forecast. 
Because of this short term improvement and the consequences of the pioneering 
nature of the work it is best to implement the use of advance demand informa
tion not in the ERP system, but in the articlemix planning model. This model is a 
spreadsheet application that's easy to extend. As figure 25 shows, it already has 
a w~ekly breakdown feature that divides the forecast the weeks. 

week ."5 ·"" ,,,_~ .. .?t? ."!l .7{1 .?/ .?.• 

47105·9158 8 beginvoorraad 7 313 288 279 269 .'I 244 234 337 312 

forecast 77 19 19 19 19 89 22 22 22 22 
31304.0056 galrest .fc 69 24 10 10 25 84 10 49 25 0 

produktieplan 152 152 
interne verw . 

pragnr. eindvoorr .plan 289 430 269 244 234 185 312 312 
installatie eindvoorr .wer . 288 279 269 244 234 337 312 295 

7,5 -10/. -SX 

Runlengte E3c 160 3,0 

figure 25 example of artixlemix planning sheet 

The main aspect of the implementation will consist of the alteration of the 
spreadsheet application. The introduction to the organization is a minor part, 
since the only department involved is supply chain management and no working 
processes are changed . The supply chain coordinators will be provided with a 
more reliable estimator of demand. This estimator will replace the line forecast in 
figure 25 . 
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The alteration of the spreadsheet application consists of including of an extra 
worksheet. On this worksheet the values for the forecast line are calculated. The 
forecasted values and advance demand information are downloaded from the 
ERP system on the aggregation level on which the forecast is made. Then the 
approach in paragraph 7.6 is followed to constitute a better demand estimator. 
In the articlemix planning sheet the forecast on product level is used. Therefore 
the demand estimators for the selected product/customer combinations as well 
as the restgroup have to be added up. This demand estimator is then copied to 
the worksheet displayed in figure 25 where the articlemix planning is made. For 
operational simplicity it may be better to update the demand estimator with new 
ADI on a weekly basis instead of real time, this ensures a more stable system 
and is less complex to implement in the software. 

The only difficulty when creating the ADI based demand estimator in a spread
sheet application is the fitting of the binomial distribution for the number of or
ders in the past. This is not supported in most spreadsheet applications, but can 
be done in other software programs For most product/customer combinations 
the number of deliveries in a month will be no more than five. 
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This chapter will summarize the most important conclusions drawn in this master 
thesis. The conclusions from the executed research are listed, as well as recom
mendations about what to do with the results of the research. This chapter ends 
with a suggestions paragraph, it contains suggestions to DMV about topics that 
are not or barely related to this research, as well as suggestions for further re
search. 

9. 1 Conclusions 

The conclusions will summarize the outcomes of what has been done to obtain 
the following research objective: 

Develop an approach to forecasting that reduces the forecast error and im
proves the forecast process. 

9.1.1 Regarding the current forecasting method 

There is room for improvement for DMVs forecasting accuracy. Several factors 
were identified that have a negative effect on the current forecasting accuracy. 

Information 
• The ASMs are asked to give input about order patterns. This is not the 

kind of information they receive from the customers 
• Data of available orders are not used in the forecast 

Level of detail 
• The forecast is made on a more detailed level than the information is re

quired. 
• The high level of detail requires a lot of product/customer combinations 

to be forecast. Resulting in the ASM loosing overview. 

Feedback 
• The ASM receives no feedback on his forecasting accuracy, so he can not 

learn. 
• Past demand data are not analyzed. 

Definition 
• Various definitions of forecast are adopted in the organization. 

9.1.2 Regarding the designed approach 

The designed approach is aimed at delivering a more accurate estimate of de
mand at product level than the current system. To reach this goal the following 
design choices where made: 

Dual Input 
• Statistical methods to distinguish patterns from past demand data 
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• Input from area sales managers to forecast events breaking the estab
lished pattern. 

Two aggregation levels 
• Product/customer level for the 1000 product/customer combinations 

with the largest impact on inventory cost. These combinations are re
viewed by the ASMs. 

• The other customers aggregated to product level, reviewed by the region 
manager. Reviewing these customer/product combinations individually 
does not contributes marginally to forecasting accuracy, but increases the 
workload exponentially. Furthermore the statistics produce better fo re
casts for larger volumes. 

Monitor accuracy 
• The forecast is evaluated on product level to monitor the accuracy of the 

method 
• ASMs receive feedback on their input, so they know the quality of their 

input and can improve it. 

Advance demand information 
• 57% of the orders of the business unit pharma are known at the end of 

the previous month . 
• Advance demand information for a product/customer combination is 

considered perfect when there are also orders for the month after the 
month concerned or when the maximum number of deliveries in a month 
ever is ordered. 

• Perfect advance demand information can replace the forecast, imperfect 
advance demand information can be used as a more accurate estimator 
for demand than the forecast. 

9.1.3 Regarding the results 

The new approach to forecasting consists of a qualitative better process. The 
task of the forecast owner, the area sales manager is now well fit to human ca
pacities. Furthermore he is better equipped to deliver a more accurate forecast. 
A more accurate forecast will result in more accurate financial expectations. 
Furthermore it will result in more accurate raw material requirements and better 
IMA planning input. Also the safety stock requirements, caused by forecast er
rors, decrease. The following measures lead to these safety stock requirement 
reductions: 

• Forecasting with statistical methods: 12 % 
• Forecasting with statistical methods and reducing ASM review time: 17% 
• Use statistically generated forecast and ADI: 25% 
• Forecasting with statistical methods and ASM review for events: 29% 
• Statistically generated forecast, reviewed by ASM and enhanced with 

ADI: 37% 
Current safety stock value is€ 12.500.000,-
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To profit from the benefits of the developed approach, it should be imple
mented. Chapter 8 is dedicated to the implementation issue. Furthermore a 
project owner is appointed who is well informed about this project and will lead 
the implementation. Three topics that are important for the improvement of 
demand estimation will be discussed here. 

9.2.1 Safety stock levels 

In this report the benefits in accuracy where quantified by the difference in fore
cast requirements. For these benefits to take effect it is recommended that DMV 
sets safety stock levels according to the in literature usual approach . Currently a 
safety stock of three weeks of demand is held as rule of thumb. When this rule 
of thumb is still used when the new approach to forecasting is implemented, no 
change in forecast levels will be observed. 

Currently for the budget process the safety stock requirements are calculated 
once a year. It is recommended to do this more often when the new approach is 
implemented the safety stock levels should be reviewed more often. It is ex
pected that forecast accuracy will improve within a while after implementation, 
due to the learning effect of the ASMs. 

9.2.2 Ownership 

An important issue is the issue of ownership. It should be clear to all parties 
what the responsibilities in the forecasting process are. The area sales manager 
could be under the impression that forecasting has become a task of the supply 
chain department, since he receives a statistical proposal from this department. 
It is recommended that the area sales manager stays responsible for the data 
that are in the forecast, he is DMVs connection with the market. Once the ASM 
has submitted his forecast the supply chain department comes into play. It is 
their task to check whether it is feasible to deliver the forecasted sales. 

9.2.3 Collaborative forecasting 

As was seen in chapter 4, it is the customer that is able to forecast the most ac
curate. The customer will always have better information about his future plans 
than DMV can guess. It is important that DMV has a good forecasting tool in 
place, but the best results can be obtained when DMV asks the customers for a 
forecast. Therefore it is recommended that area sales managers are encouraged 
to discuss these issues with the customer and see what can be done to receive a 
forecast from the customer. A possible project can be the development of a VMI 
service that's offered to customers in exchange for forecast information. An
other option is to facilitate customers to enter their orders and forecast directly 
into the ERP system 
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In the course of the project, several issues where noticed within OMV, that 
where not enough related to the project to incorporate them. Nevertheless, they 
are too important to be forgotten . The same goes for the research aspects of 
this project. Subsequent research can build on the insights gained in this project. 

9.3.1 Suggestions to OMV 

While speaking to several people in the organization, several ideas came up that 
were could not be incorporated in the project, but nevertheless are valuable . It 
are observations of things that can be improved and worth thinking about. 

One area of improvement is how growth in non-western countries is realized. In 
several countries OMV has a strategy for growth. Growth in these countries will 
mainly be realized in bulk products, since the applications of the customers are 
mostly not advanced. The process of acquiring a new customer is a very per
sonal and subjective process in these countries. Due to the nature of this process 
it is very uncertain when a first order will be placed. Once an order is placed, the 
loyalty is high and forecasting is not very difficult. Before the first order how
ever, forecasting is difficult. It happens regularly that the ASM forecasts the 
moment that a new customer starts buying too late. The first message the ASM 
has to bring is then that OMV can not deliver, this leaves a very bad impression 
and the customer can be lost again . This can be prevented by reserving a quan
tity of bulk products for new customers in these countries. In shortage periods 
the choice is made to give all the available stock away. When OMV says it pri
oritizes world wide growth, it would be good to facilitate this by reserving stock 
for these situations. 

On the field of bulk products there is another area of improvement. The casein
ate market has a cyclical pattern. For OMV the caseinate quantity produced can 
only be varied within a certain bandwidth. This means that every few years large 
quantities are sold against dump prices, because the market is satisfied. In other 
periods, this can be six months later, OMV has to reject customers that are will
ing to pay high prices because no material is available. The product that was 
sold six months earlier because stock levels were rising above budgeted quanti
ties. The product has an expiry period of two years. Big profits can be made 
when some of the excess stock can be marked as speculation stock. A price in
crease of €2 per kg outweighs the extra storage cost by far. 

9.3.2 Suggestions for further research 

The topic within this project, where most can be added to is the use of advance 
demand information. This research has assessed the improvement of the de
mand estimator when ADI is used. More field research could be conducted to 
get a more general indication of the size of the benefits. 
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Furthermore research can focus on the classification in perfect and imperfect 
demand. Which criteria can be formulated, besides the ones formulated in this 
research to classify advance demand information? Are there perhaps more 
classes that should be treated different? 

Another interesting field of research is the development of estimators, based on 
imperfect ADI. Imperfect ADI has the characteristic that there is information 
available, but bringing this information to value is a challenging task. Develop
ment and testing of more estimation methods can lead to a better way of deal
ing with imperfect ADI. 
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Appendix 1: Safety stocks for proteins products 

Table 21 Saf ety stocks for proteins products 

Demand #Weeks Safety 
Product Jan-Ju/'03 Safety stock Stock 

1 7.014 1101 4,8 
2 3.049 235 2,3 
3 2.406 326 4, 1 
4 1.985 266 4,1 
5 1.693 201 3,6 
6 1.260 180 4,3 
7 685 107 4,7 
8 647 99 4,7 
9 500 59 3,6 

10 436 139 9,7 
11 387 25 1,9 
12 387 35 2,8 
13 321 53 5,0 
14 239 65 8,2 
15 218 96 13,3 
16 179 29 4,9 
17 179 50 8,5 
18 173 25 4,5 
19 123 31 7,6 
20 117 57 14,6 
21 115 123 32,6 
22 102 16 4,9 
23 98 13 4,0 
24 68 16 6,9 
25 50 39 23,4 
26 47 12 7,7 
27 37 4 3,2 
28 37 22 17,6 
29 35 5 4,6 
30 31 19 18,6 
31 27 11 12,5 
32 23 10 13, 1 
33 9 7 23,7 

II 

Safety stock calculations are based on forecast error- and demand data over the 
first seven months of 2003 . Demand and safety stock are expressed in tons. To 
calculate the safety stock a k factor of 2,05 corresponding to 98% delivery reli 
ability was used. Data were kept by a supply chain coordinator to determine the 
budget stock for 2004. 

Safety stock is calculated using the formula in paragraph 2.2 . This formula as
sumes demand is distributed according to the normal distribution. This explains 
the high safety stocks for small volume products (< 150 t). Products w ith small 
volume tend to be uniform distributed or random. Because demand is non
stationary (see paragraph 4.2.2), the distribution of demand is not constant over 
time. 
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Appendix 2: Table of product characteristics 

Table 22 

Product (non)dairy Volume Region Drill-down 
(tons/month) 

1 Dairy > 500 Worldwide Total product, 
per ASM 

2 Dairy 100-250 Asia Pacific 1 ASM, per 
customer 

3 Non-dairy <10 Non(western) 2 customers 
4 Dairy 10-50 Europe Largest 

customer 
5 Non-dairy 10-50 Europe Largest 

customer 

Product 1 is sold by almost all ASMs, therefore it is suitable to test differences in 
accuracy per ASM. Several customers buy product 2 from the selected ASM, the 
three largest customers are about equal in size and therefore differences in ac
curacy per customer can be measured. 
Product 3 is selected because it is sold by an ASM that sells in western and non
western countries. Two customers of about the same size are selected, customer 
a is from a western country, customer b from a non-western country. 
Product 5 is sold to one single customer and delivered almost every month . The 
forecast is made by the ASM. Product 4 is sold to by the same ASM, but in this 
case the customer makes the forecast. 
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Appendix 3: Visual exploration of demand 

Product 1 Product 2, ASM Asia.Pacific 
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Figure 26 Demand pattern product I on product level Figure 27 Demand pattern product 2 on ASM level 

When looking at demand for product 1 it is hard to recognized very clear pat
terns. Between August 2001 and June 2003 demand varied almost all the time 
between 600 and 800 tons per month. Before and after that highs and lows can 
follow up each other. All the peeks since 2003 could be caused. The large peek 
in the summer'03 is caused by selling large quantities, because stock levels were 
too high. The demand drop and peek round January '04 is caused by problems 
with the governmental inspection. The quantity produced of product 1 depends 
on the milk supply, changes in milk supply are not reflected in the sales pattern . 
It can be found in the stock levels. 

Product 2 was examined at ASM level. The total forecast for the ASM for prod
uct 2 has an irregular pattern. When zooming in to customer level, the pattern is 
recognized better. Customer 1 has ordered for two periods (Jun'02-Dec'02 and 
Dec'03 - Jun'04) and monthly demand is almost always a multiple of 60 tons. 
The same holds for customer 2 that always orders 26 tons per month, when he 
orders. Customer 3 has a less constant pattern that can only be known when 
contacting the customer. 

Product 3 Product 5 
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Figure 28 demand pallern product 3 on customer level Figure 29 demand pattern product 5 on customer level 

The two customers that buy product 3 have different demand patterns. The 
western customer (3a) buys with a very constant pattern and little fluctuations. 
The non-western customer is more irregular and changes in behavior can be 
recognized. The second half of 2003 there were deliveries every month . In 2004 
demand occurred bimonthly in a double amount. Apparently it was decided to 
call of larger amount at once. This change was not reflected in the forecast. 

Demand for product 5 is very constant. When there is demand in a month the 
quantity is almost always 12 tons. Sometimes there is no demand in a month . 
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This reduces the task of the ASM to forecasting whether there will or will not be 
a delivery that month, because the quantity is fixed . 

Seasonal 
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Figure 30 demand pallern seasonal produc/ 

The products that were explored until now did not show very clear trends or 
seasonal patterns. There are products that are processed by the ice industry that 
have seasonal patterns. There are very recognizable drops in demand during the 
winter months. Linear trends could not be observed during the analysis phase. 
When the average demand level changes, it occurs stepwise caused by the gain 
or loss of a customer. 

Product2 
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Figure 31 demand pallern producl 2 on product level Figure 32 demand pallern product 3 on producl level 

Figures 26 and 27 showed demand for product 2 and 3 on ASM respectively 
customer level. On product level both products show interesting patterns. Prod
uct 3 shows a seasonal pattern with a period of roughly six months. The period 
is not very constant. There is an extra peek in September'03 and the increase of 
demand in May and June'04 is not as steep as in other periods where demand 
increased. This may either mean the seasonal pattern is flattened or got a longer 
period . 

Product 2 shows a trend break in the last months of 2001. Where demand first 
is around 500 tons per month, the average demand level rises to 700 tons in the 
beginning of 2003 and in the third quarter of that year another jump is made to 
almost 1000 tons per month. The same changes of average demand level are 
seen for product 1 in June'01 and September'03 . These moments indicate a new 
customer started ordering and thereby causes a significant change in the de
mand pattern. 

The demand pattern of product 4 was not explored in this appendix. It can be 
found in paragraph 4.2.1. 
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Appendix 4: Analysis of stationarity from residual plot 
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Figure 33 Residual plot product I 
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Figure 34Residual plot product 4 

Figure 33 shows the residuals for product 1. Until period 18 the residuals are on 
average below zero. At period 18 there is a large peek after which the average 
of the residuals lies around the zero value. From period 19 to 31 the residuals 
show a repeating pattern that is broken after this period. All these characteristics 
show the residuals are not white noise, so also product 1 is non-stationary. 

Figure 10, in the main work, shows the residuals for product 2. Here there are 
differences in the size of the peeks. The signal looks like white noise from peri
ods 19 to 30, but therefore and thereafter the patterns are different. Pointing 
out non-stationarity in the time series. 

Figure 35 shows the residuals for 
the fitting of product 3. The pattern 10oo:i0 

is incomplete since there were only 
24 datapoints. This is too little to 
attach conclusions to the graph. 
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Figure 35 Residual p lot product 3 
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Appendix 5: delivery progress per business line 
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Figure 36Distribution of deliveries over month /or business line pharma with 95% confidence interval 
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Figure 37 Distribution of deliveries over month/or business line food with 95% confidence interval 
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Figure 38 Distribution of deliveries over month/or business line proteins with 95% confidence interval 
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The delivery pattern graphs contain cumulative data, therefore the size of the 
confidence intervals looks small. Figure 39 shows the bandwidth of the confi 
dence interval for the three business lines on the days of the month. 

Bandwidth 95% confidence interval 
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Figure 39 Bandwidth of the confidence interval of delivery distributions 
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The confidence interval start and end small because every month starts with 0% 
and ends with 100% . The first and last three days can therefore not be used to 
estimate monthly demand. The bandwidth varies round 20%, this means that 
the percentage of monthly demand found will with 95% confidence be less 
than 10% higher or lower than the found percentage. At the 7th and 14th day 
the bandwidth decreases to approximately 10% respective 15 % , allowing an 
accurate estimate of demand in that month. 
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Mechanical integration can be done in a few different ways. A straightforward 
way is that of combining the judgmental- and statistical forecast with use of a 
(weighted) average. More complicated is the technique that uses multiple linear 
regression to build a model of a judge's decisions. This technique is called boot
strapping and based on the assumption the judge decides on the forecasted 
quantity based on the values of certain external parameters. For DMV this 
method is not applicable, since the an important part of the judges decisions are 
driven by implicit parameters, such as customer contact or "fingerspitzenge
fUhl" . The last method of mechanical integration is that of correction for bias. 
Many judges tend to have a structural bias in their forecast. By analyzing fore
cast errors from the past, this error can be found and the input from the judge 
may be corrected. 

For DMVs situation mechanical integration is not suitable. The judgmental fore
cast as it is made now, still has to be made. The amount and quality of this work 
does not change. Once the forecast is made it undergoes a mathematical proce
dure such as averaging with a statistical forecast or removing the bias. When the 
forecast from the ASM is manipulated and then used, the agreement on the 
quantities to sell is also lost. This can be resolved by including a feedback loop 
where the ASM can make his remarks on the manipulated forecast. The ASM 
will not be happy with this solution, since it costs him extra time and the fact his 
forecast will be changed can be understood as a sign that his expert opinion is 
not trusted, this will make the ASM less eager to cooperate. 

Voluntary integration 
Bunn and Wright [13] indicate voluntary integration methods generally improve 
accuracy, but are hard to justify to others and may undermine the credibility of 
the forecast. The credibility can be improved by creating a structure for the 
judgmental input. 

Webby and O'Connor [24] describe two different ways of voluntary integration. 
Integration by judgmental adjustment is done by supplying the judges with a 
statistical forecast. The judges are asked to update the forecast with contextual 
information that was not used in the statistical model. Judgmental decomposi
tion is an extension to judgmental adjustment. In a judgmental decomposition 
method the past data that are used to create the statistical forecast are first 
screened for unusual event and data are cleaned from any unusual data. The 
cleaned data are used to make a statistical forecast that undergoes the same 
treatment as in the judgmental adjustment method. 

Goodwin [16] states that judgmental adjustments not always increase forecast 
accuracy. Forecast accuracy does increase in general when the judge may only 
adjust the forecast when he makes a request for it. When the judge has to state 
a reason for the request and all the requests are recorded and evaluated, accu
racy even increases further. 
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., 
Neerincx and Griffioen identified four guidelines for harmonising the task de
mands with the capacities of the task performer. In these guidelines Rasmussens 
three levels of information processing, skill-, rule- and knowledge-based, play an 
important part. 

The skill-based level represents routine actions that take place as automated and 
highly integrated patterns of behaviour. The rule-based level represents prob
lem-solving actions in which the solutions are governed by stored rules of the 
type if ... , then ... The knowledge-based level is used in novel situations for 
which actions must be planned. 

Four guidelines are presented for harmonising the task to human capacities 
1. The total number of actions in a period should have an upper and a lower 

limit so that there is sufficient time to carry out these actions. 
2. The task must call for several levels of information processing. Skill-based ac

tions are barely cognitively demanding; the ideal rations between rule- and 
knowledge-based actions in cognitive tasks has an upper and a lower limit. 

3. There should be no long-term period in which only one sort of action is 
performed continuously. 

4. There should be no momentary overloading: several knowledge-based ac
tions do not have to be performed in rapid succession within a short period 
of time. 

The task analysis consists of describing the task and its subtasks. On the sub
tasks a time-line analysis is performed. The outcomes of the time-line analysis 
are compared to the four guidelines. Based on this comparison the task is ad
justed. 

The forecasting task consists of 6 steps 
1) Open forecast input sheet, ERP system and collected demand information 

folder. 
2) Look at last forecasting level for combination at hand. 
3) Check current forecasted level against past demand in ERP system. 
4) Check forecasted level against collected demand information 
5) Adjust the forecast. 
6) Repeat steps 2-6 for next combination. 

Level Step 
Knowledge ••••••• ·-------

·-------Rule 2,3,4,5 

Skill 1 

Figure 40 action chart forecasting 
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Figure 40 represents the action chart for the forecasting task. Guideline one 
states that enough time should be available for the number of tasks that has to 
be performed . ASMs take about one to four hours to make the forecast, one can 
reasonably expect from an ASM to reserve two hours on a monthly basis. To 
determine whether the ASM has enough time for the task, the time required for 
the forecasting task has to be measured . 

The duration of these steps could not be tested by observing ASMs when mak
ing their forecast, because every ASM currently forecasts in a different way. 
Most ASMs don't carry out step 3 and step 4 is carried out in many different 
ways. Therefore a test person was instructed to perform the task and repeat 
steps 2-6 twenty times. Step 1 takes 4 minutes and steps 2 - 5 take 1 minute 
and 15 seconds. In two hours step one can be carried out and steps two to five 
can be repeated ninety times. 

The second guideline indicates there should be variety in the levels of informa
tion processing used. After beginning the forecasting task, the forecaster is only 
working on the rule based level. This causes boredom, that leads to a lesser 
achievement. Neerincx and Griffioen [25] advise to enrich the task with activities 
that are performed on other levels of information processing. Enriching the fore
casting task with knowledge-based activities does not make sense. The ASM has 
a lot of other activities that take place on knowledge-based level, such as nego
tiations with customers. By alternating working on the forecast and working on 
other tasks, the ratio between rule-based and knowledge-based can be im
proved. 

The third guideline states that no longer-term, continuous execution of one type 
of action may occur. This can be solved by the same suggestion as for guideline 
two, by alternating working on the forecast with other tasks. The guideline does 
not give a guideline for how long a person can work on the same task, before 
there is a need to change of activity. 

During execution of the forecasting task no momentary overloading takes place. 
The nature of the task is a monotone repetition of the same rule-based actions, 
no sudden rise of forecast related knowledge-based actions is likely to occur. 
Due to the nature of the job of the area sales manager momentary overloading 
may occur while carrying out the forecasting task. The phone may ring continu
ously and colleagues may come to his desk. This interference lowers the speed 
of the forecasting process. 

Task redesign 

When the area sales manager would not be bored and fatigued from the re
peating task, he would be able to forecast ninety combinations in two hours. 
This is not a realistic scenario, so the area sales manager should work on the 
forecast for a shorter period of time, but may work a few times on it. The area 
sales manager gets two weeks to send the forecast back to the supply chain co
ordinator. During these two weeks, the ASM is likely to be in the office for at 
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least three days (this differs per ASM), so he can work on the forecast on three 
different days. 

For reasons given previously there are no guidelines for how long the ASM 
should optimally work on the forecasting task. ASMs indicate in interviews that 
they think they will be able to work on the forecast concentrated for about half 
an hour. In this period the ASM should be able to forecast 20 combinations. 
When the ASM takes three times 30 minutes to forecast he can do 60 combina
tions. 

For the business lines pharma, food and proteins there are 24 area sales manag
ers, that have portfolios that differ considerably. When all ASMs are asked to 
forecast their 60 most relevant combinations this would result in the selection of 
combinations that are not very relevant, considering the total product mix. In 
other words, when the ASMs with a smaller portfolio where to forecast 60 com
binations, this would be a waste of their time. By asking for the 1000 most im
portant combinations the workload for all ASMs is acceptable and the volume 
forecasted individually exceeds 85% of total product volume. 
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This appendix introduces the various models that are used in the statistical fo re
casting tool. 

Moving Average 

Moving average models can be used to model demand under the assumption 
that it is stationary. Simple moving average takes the average of the last n ob
servations as a forecast for the next. A simple moving average (3) model is ex
pressed by 

3 

LX1-i 
F = _;;_i __ 
t,t+1 3 

Exponential smoothing 

This forecasting procedure emerged during the 1950's. It is only suitable for 
non-seasonal time series without any trend. Gardner [4] gives a review of vari 
ous applications of exponential smoothing and extensions to the model to cope 
with seasonal and trend effects 
The principle of exponential smoothing is that Xn+1 in a non-seasonal time series 
without systematic trend can be estimated as a weighted sum of past observa
tions. The most recent information is considered the most accurate and receives 
the highest weight. This leads to this equation 

Ft+1 = aX1 + a(1-a) Xt_1 + a(1-a)2 + ... 

By rearranging Ft+1 can be written as 

Ft+1 = aX1 + (1-a) Ft 

This equation shows that forecast updating in exponential smoothing is taking a 
weighted average of the last forecast and the new observation. The parameter 
of the weight factor is optimized to cause minimal error. 

Holt-Winters Exponential Smoothing 

The Holt-Winters exponential smoothing model is a model that consists of a 
level, a trend an a seasonal parameter that all are updated by exponential 
smoothing. The method is straight forward and is widely used in practice. The 
forecast is based on the following formula: 
Ft.k = (Lt + kTt) lt-12+k 

Where Ft.k is the forecast made in period t, k periods in advance. L is the level 
parameter, T is the trend parameter and I is the seasonal parameter. The fol
lowing formulas can be used to express L, T and I when the seasonal influence 
has a period twelve . 
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The three variables a, p, 'A can be estimated by minimizing ~et over a suitable 
fitting period, where et is the forecast error in period t. Xt is the realized demand 
in period t. 

Holt linear trend model 

The Holt linear trend model is similar to the Holt-Winters Exponential smoothing 
method. It also consists of a level and linear trend parameter that is updated by 
exponential smoothing, but has not seasonal parameter. When demand is not 
influenced by a seasonal pattern, the seasonal parameter in the Holt-Winters 
model is modeling noise and thereby increasing the error of the model. The 
forecasting function is given by 
Ftk = (Lt + kTt) 

Where 

The variables a and p are estimated by fitting the model over past data, opti
mizing for a minimal error. 

ARIMA Model 

ARIMA is the abbreviation of AutoRegressive Integrated Moving Average 
model. Due to the integration steps the model is able to cope with non
stationary data. Chatfield [23] indicates usually one integration step is enough 
to remove non-stationarity for from non-seasonal data. Chatfield can also be 
consulted for a more detailed introduction to ARIMA and related models. 
ARIMA (p,d,q) models of maximum order (2,1,2) will be fitted to the data. An 
ARIMA (2,1,2) model has the form 

Where 
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The parameters of the model are again determined by fitting on past data. 
When a parameter is close to zero this indicates the order of the ARIMA model 
is lower than (2, 1,2). In contrast to the Holt Winters exponential smoothing 
model, the ARIMA model has no parameter for seasonal patterns. Its strength is 
the ability to pick up the pattern in the variation around a certain level or trends, 
that are not necessarily linear. 

The forecasting equation is 

k /\ 

F t.t+k = x t + Iw 
m=l t+m 

where 
I\ /\ I\, I\ I\ 

W1+m =a1W t+m- i +a2 W1+m- 2 + /J
1

Z 1+m-1+ /J
2

Z 1+m- 2 

Z t+m- a = W t+m - a + W t+m- a- 1 

~ and Z1 are estimators for resp. Wt and Zt. For all t's where Wt and Z1 are 

known ~ and Z1 are equal to Wt and Zt. 

ARMA model 

The ARMA model is similar to the ARIMA model, but does not include the inte
gration step. Integrating is a way to cope with a non-stationary pattern. The 
price for being able to cope with non-stationarity is some loss in accuracy [23]. 
When data are locally stationary it is well possible that the results of an ARMA 
model are more accurate than those of an ARIMA model. The forecasting func
tion of an ARIMA model is: 

x t = a1 x t-1 + a2 x t-2 + P1 z t-1 + P 2 z t-2 

Parameters are fitted similar to the ARIMA model. The forecasting equation is 
" 

F11+k = X 1+k 

where 
/\ /\ /\ I\ /\ 

Xt+k =a1X t+k- 1+a2X1+k- 2 + f31Z t+k- 1+ f3 2 Z t+k - 2 

X1+k is an estimator for X1+k· For all known Xt+k the estimator is defined as equal 
to the observation. 
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All methods discussed previously have difficulties forecasting intermittent de
mand. When in half or more of the periods no demand occurs, this is called 
sporadic, or intermittent demand (31] . Crostons method uses separate estimates 
for the order quantity and the inter arrival interval. These estimates are updated 
by exponential smoothing in the periods where there is demand. The inter arri
val interval (p) is estimated by: 

A A 

Pr =Pr-1,Xr =O 

where q is the interval between demand in period t and the previous period. The 
parameter for the order quantity (Y) is estimated in a similar way 

A A 

Yr =Y1-1,X
1
=0 

Yr= /JY1-1+(1-/J)• X
1
,X

1
:;t:0 

The forecast in period tis then Y1 when demand is expected and zero during the 
inter arrival interval. 

F =Yr,i=t- j+n.p 1 1,1 

F =O,t:;t:t-J+n.pr r,1 

where j is the number of periods passed since the last time demand was not 
equal to zero. 
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The 40 values of P were analyzed with help of the Arena input analyzer. This 
appendix will show the result of the analysis. For all the tested data it will give 
the histogram, as well as a plot of the fitted distribution and the parameters of 
the fitted distribution. P is normally distributed, as well as the forecast error 
terms over the available periods of five different product/customer combina
tions. 

p 

Figure 41 Histogram of P 

Distribution: Normal 
Expression : NORM(-1.01 e+003, 3.76e+003) 
Square Error: 0.005536 
Number of Data Points = 40 

Chi Square Test 

Number of intervals 
Degrees of freedom 
Test Statistic 
Corresponding p-value 

41639-4841/51032 

Figure 42 histogram of 41639-4841151032 

Distribution: Normal 

=4 
= 1 
= 1.12 
= 0.31 

Expression: NORM(1.72e+003, 2.81e+004) 
Square Error: 0.005674 
Number of Data Points = 43 

Chi Square Test 
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Number of intervals 
Degrees of freedom 
Test Statistic 
Corresponding p-value 

47654-9120/50582 

./ 

Figure 43 Histogram of 47654-9120150582 

Distribution : Normal 

=4 
=1 
= 0.513 
= 0.483 

Expression: NORM(-409, 1.88e+004) 
Square Error: 0.014715 
Number of Data Points = 44 

Chi Square Test 

Number of intervals 
Degrees of freedom 
Test Statistic 
Corresponding p-value 

41500-5316/50130 

Figure 44 Histogram of 4 1500-53 16150130 

Distribution: Normal 

=4 
=1 
= 2.93 
= 0.0902 

Expression: NORM(-3 .94e+003, 1.55e+004) 
Square Error: 0.026140 
Number of Data Points = 33 

Chi Square Test 

Number of intervals 
Degrees of freedom 
Test Statistic 

=4 
=1 
= 2.91 
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Corresponding p-value = 0.0912 

42411-9095/50627 

Figure 45 Histogram of 4241 1-9095150627 

Distribution: Triangular 
Expression: TRIA(-1.47e+005, -3.96e+004, 2.92e+005) 
Square Error: 0.015361 
Number of Data Points = 43 

Chi Square Test 

Number of intervals 
Degrees of freedom 
Test Statistic 
Corresponding p-value 

46057-5334/50130 

Figure 46 Histogram of 46057-5334150130 

Distribution: Normal 

=4 
=2 
= 2.94 
= 0.236 

Expression: NORM(-953, 6.07e+003) 
Square Error: 0.006827 
Number of Data Points = 43 

Chi Square Test 

Number of intervals 
Degrees of freedom 
Test Statistic 
Corresponding p-value 

=4 
=1 
= 1.66 
= 0.214 
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Appendix 10 Forecast performance testing data 

This appendix contains the data that were used to calculate the performance of 
the statistical forecasting tool. Each table shows demand and the forecasts from 
the tool and the ASM for the months February until July 2004. 

42411-9156/51645 Product/cust February March April May June July -18% 
demand 240000 264000 312000 216000 288000 192000 p -0, 1809279 
ASM forecast 336000 336000 336000 288000 288000 288000 RMSE 69971,4227 
Stat. forecast 331257 302382 355312 242307 260682 273194 RMSE 57311,6398 

!Stat. forecast + 1 319589 316493 242484 257233 255140 268204 RMSE I 61250,01731 

4 7654-9120/50582 Product/cust February March April May June July -18% 

demand 108800 88800 102400 76000 88800 112800 p -0 , 1826845 
ASM forecast 76800 96000 76800 96000 76800 76800 RMSE 24396,7211 
Stat. forecast 83581 87033 82093 92511 104716 84372 RMSE 19939,8172 

!Stat. forecast +1 83295 86916 81826 92948 105111 83083 RMSE I 20468,381 

46663-5367 /58880 Product/cust February March April May June July -24% 

demand 22000 66000 44000 88000 66000 44000 p -0,2370106 
ASM forecast 44000 22000 44000 22000 44000 22000 RMSE 35925,8496 
Stat. forecast 55836 43123 40408 39837 45240 52741 RMSE 27411 ,0432 

!Stat. forecast +1 38883 41407 40817 45968 53168 52415 I 21992,96971 

41639-4841/51032 Product/cust February March April May June July 67% 
demand 37440 56160 56160 50240 50360 57600 p 0,66574635 
ASM forecast 65000 65000 52000 52000 52000 52000 RMSE 12193,9329 
Stat. forecast 72542 61597 25742 60573 61693 64900 RMSE 20311 ,9992 

!Stat. forecast + 1 67687 23456 60573 61693 64900 59854 RMSE I 19797,18211 

41610-4879/50291 Product/cust February March April May June July -50% 
demand 36480 37120 44800 37760 37780 44800 p -0,4970792 
IASM forecast 49000 49000 38000 38000 38000 38000 RMSE 8067,12258 
Stat. forecast 37760 39028 38745 42115 40185 39137 RMSE 4057,12353 
!Stat. forecast + 1 37586 38748 40548 40958 38952 38594 RMSE I 3465 ,745421 

46604-5399/5113 7 Product/cust February March April May June July 0% 
demand 31000 17000 37000 26000 15000 0 p -0 ,0005511 
IASM forecast 25000 25000 25000 25000 25000 25000 RMSE 12714,8207 
Stat. forecast 16511 20000 20000 20000 20000 20000 RMSE 12707,8134 

Stat forecast+1 20000 20000 20000 20000 20000 20000IRMSE I 12110,60141 

42022-5342/50669 Product/cust February March April May June July 4% 
demand 20000 60000 20000 38175 0 40000 p 0,04033261 
ASM forecast 20000 20000 40000 20000 40000 40000 RMSE 25594,0443 
Stat. forecast 23957 6657 25391 17570 26119 23975 RMSE 26626 ,319 

!Stat forecast+1 21542 19475 19730 26119 31114 30421IRMSE I 21794,15691 
P1 -0 , 1484676 

42030-5319/51245 Product/cust February March April May June July -57% 
demand 54800 0 0 0 98150 0 p -0,5708445 
ASM forecast 60000 0 0 100000 100000 0 RMSE 40886,9631 
Stat. forecast 95920 0 0 0 85640 0 RMSE 17546,8634 
!Stat forecast+1 95920 0 0 0 85640 OIRMSE I 17546,86341 
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42024-5346/50842 Product/cusl 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

42022-5342/50881 Product/cusl 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

41500-5316/50130 Product/cusl 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

96677-5301/51085 Product/cusl 
demand 
IASM forecast 
Stat. forecast 
!Stat. forecast +1 

41509-5317/51130 Product/cusl 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

42301 -7356/50713 Product/cus 
demand 
IASM forecast 
Stat. forecast 
!Stat. forecast +1 

43437-5350/54520 Product/cus 
demand 
IASM forecast 
Stat. forecast 
!Stat. forecast +1 

42023-5383/57255 Product/cusl 
demand 
IASM forecast 
Stat. forecast 
!Stat. forecast +1 

February March April May June July -6% 
34000 29000 9000 28000 19000 19000 p -0,0580247 
10000 24000 10000 24000 10000 12000 RMSE 11165,4228 
19071 14814 11518 14539 26049 20539 RMSE 10517,552 
7478 34512 7056 15979 34754 10771 RMSE I 14130,26991 

February March April May June July -27% 
20000 20000 20000 10000 10000 20000 p -0,2655892 
10000 0 10000 10000 10000 10000 RMSE 10801 ,2345 
9888 11200 10121 9508 10149 10000 RMSE 7932,5432 

11200 10121 9615 10239 10000 10000 RMSE I 7988,950571 

February March April May June July -28% 
6000 14000 7000 12000 25000 38000 p -0,2762085 

17000 17000 11000 11000 11000 6000 RMSE 15094,149 
14694 17294 22794 6998 13930 53254 RMSE 10925,0166 
17205 9095 27344 13937 15172 58900 RMSE I 13544,00811 

February March April May June July -41% 
3000 10000 16000 6000 16000 14000 p -0,4069249 
7000 7000 7000 7000 0 0 RMSE 9652,28816 

991 7760 6052 6833 8454 8435 RMSE 5724,53222 
5239 5878 6632 8198 8186 14957 RMSE I 5424,774621 

February March April May June July -45% 
32000 63800 44000 0 0 0 p -0,445999 
27000 200000 98800 18800 18800 0 RMSE 60944,4556 
24000 41944 41426 51380 60428 0 RMSE 33763,2882 
37799 39293 49888 48513 60523 RMSE I 33380,22041 

February March April May June July 31% 
5200 5200 29100 0 0 19200 p 0,30597622 

12000 12000 12000 12000 0 0 RMSE 12230,6309 
6189 5838 5611 5543 28684 8056 RMSE 15972,9132 
5838 5611 5543 35317,95 8056 26870 RMSE I 17919,23431 

February March April May June July -26% 
0 0 0 32000 0 OP -0,2611585 

16000 32000 16000 32000 16000 32000 RMSE 21664,1024 
0 16008 16030 0 0 0 RMSE 16006,3371 
0 0 0 16030 0 0 RMSE I 6519,72521 

February March April May June July -94% 
0 0 0 15000 0 0 p -0,9419578 

3000 3000 3000 3000 0 0 RMSE 5338,53913 
0 0 0 14241 0 0 RMSE 309,860452 
0 0 0 14241 0 0 RMSE I 309,8604521 
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42066-5365/50660 Productlcusi 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

41509-5317/50159 Productlcus 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast + 1 

41630-4841 /rest Productlcus 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

41509-4871/rest Productlcusl 
demand 
IASM forecast 
Stat. forecast 
!Stat. forecast +1 

42025-5344/rest Productlcus 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

46682-5314/rest Productlcusl 
demand 
IASM forecast 
Stat. forecast 
!Stat. forecast + 1 

Dit is 42033-7309/rest 
42033-7309/51189 Productlcus 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast + 1 

13362-5350/rest Productlcus1 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast + 1 

February March April May 
14000 0 0 10000 
10000 10000 10000 10000 

0 0 0 10449 

June 
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July 17% 
17000 3000 p 0,16520243 
5000 5000 RMSE 7788,88096 

0 0 RMSE 9075,62304 

13131 0 0 10449 10449 0 RMSE I 2968,51151 

February March April May June July -49% 
1000 16000 1000 22000 0 1000 p -0,4856932 
2000 18000 18000 18000 32000 0 RMSE 14916,4339 

0 7588 5958 8469 6601 6488 RMSE 7671,62319 

7588 0 0 0 6488 7166 RMSE I 12003,57891 

February March April May June July -19% 
1280 12920 17280 36200 18720 7520 p -0, 1858269 
4000 3400 4000 12600 5600 10600 RMSE 12993,3829 
4900 15956 14091 13248 12255 15910 RMSE 10578,8629 

15956 14091 13248 12411 15910 17600 RMSE I 12304,68921 

February March April May June July 39% 
19320 50240 50200 17100 30800 25160 p 0,38538857 
16000 17000 37000 20000 19000 17000 RMSE 15834,5382 
21132 20574 21237 20545 37951 58359 RMSE 21936,9882 
20340 20268 11455 32909 29020 59824 RMSE I 25348,31351 

February March April May June July 52% 
36500 19000 13000 18900 16000 24000 p 0,52472404 
15408 16158 20408 29658 21408 24658 RMSE 10434,2536 
55733 18738 46516 17178 14854 28590 RMSE 15909,3573 
16941 46135 18509 7459 29284 18131 RMSE I 15763,97841 

February March April May June July 37% 
15700 23500 14725 31600 38900 20200 p 0,37405991 
24550 24550 19550 24550 19550 27550 RMSE 9839,14906 
14351 13336 13094 14027 13367 14895 RMSE 13519,5803 
13834 13581 14454 14091 15254 18227 RMSE I 12724,86471 

February March April May June July 14% 
0 2000 0 0 2000 OP 0,14404573 

400 400 400 400 400 400 RMSE 979,795897 
0 0 1879 0 1909 0 RMSE 1120,93131 

0 0 0 0 1909 0 RMSE I 817,341321 

February March April May June July -66% 
10650 12352 10050 10500 8700 13025 p -0,6611495 
16625 15800 23825 20400 12625 15375 RMSE 7705,82117 
8700 8700 8700 8700 8700 8700 RMSE 2611 ,12137 
8700 8700 8700 8700 8700 8700 RMSE I 2611 ,121371 
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41509-5317/50453 Product/cusl February March April May June July 2% 
klemand 267200 147200 202300 260000 231200 187800 p 0,02346118 
li\SM forecast 120000 120000 120000 120000 120000 120000 RMSE 104676,685 
$tat. forecast 101237 183506 232137 404647 348027 255186 RMSE 107132,523 
!Stat. forecast +1 170633 97588 317138 392837 238443 254452 RMSE I 88614,25861 

12072-9010/51552 Product/cusl February March April May June July 44% 
klemand 275100 324660 391940 374920 424380 473800 p 0,43702448 
li\SM forecast 250000 250000 350000 400000 450000 400000 RMSE 49488,9213 
$tat. forecast 250000 245157 376577 501245 495084 520723 RMSE 71116,7912 
!Stat. forecast +1 250000 237397 441045 486553 493958 508786 RMSE I 69741 ,41191 

47105-9158/50051 Product/cus February March April May June July 25% 
klemand 48000 60000 47996 43000 79000 76000 p 0,25078471 
li\SM forecast 60000 60000 60000 60000 60000 60000 RMSE 14107,3032 
$tat. forecast 38085 80000 74566 60366 65335 62751 RMSE 17645,1991 
!Stat. forecast +1 26314 80000 59885 59235 64220 67583 RMSE I 16147,75751 

42023-5383/rest Product/cus1 February March April May June July -80% 
demand 37000 30025 20700 39000 11475 29000 p -0,7973208 
li\SM forecast 42333 80833 71333 41833 80533 55483 RMSE 42134,6591 
Stat. forecast 40397 24495 30274 27707 24483 26345 RMSE 8539,81775 
!Stat. forecast +1 41877 23828 30643 24929 18566 28046 RMSE I 8268,782911 

46604-5399/rest Product/cus February March April May June July -9% 
demand 38500 30000 53625 49000 59525 28000 p -0,0922735 
ASM forecast 57250 46250 50250 43250 47500 60250 RMSE 17534,4482 
Stat. forecast 33611 34727 33436 32896 33736 39906 RMSE 15916,4838 
!Stat. forecast +1 342721 334361 32896 32732 39906 45509 RMSE I 15359,53331 

42065-9115/50524 Product/cusl February March April May June July -99% 
demand 0 0 32400 0 0 32400 p -0,9864209 
ASM forecast 0 0 0 0 0 0 RMSE 18706,1487 
Stat. forecast 0 0 32898 0 0 32773 RMSE 254,012139 
!Stat. forecast +1 o 0 32898 0 0 32773 RMSE I 254,0121391 

43136-5383/50018 Product/cus February March April May June July 23% 
demand 11000 24000 24000 24000 48000 48000 p 0,22800705 
ASM forecast 30000 30000 30000 30000 30000 30000 RMSE 13644,2906 
Stat. forecast 23224 26744 33590 20263 20643 22055 RMSE 16755,285 
!Stat. forecast +1 36166 16203 35553 16576 22339 31384 RMSE I 17403,48011 

46057-5334/50130 Product/cusl February March April May June July 13% 
klemand 23400 21400 32000 10400 27000 42000 p 0,12899716 
li\SM forecast 25000 25000 25000 25000 25000 25000 RMSE 9752,60649 
~tat. forecast 26113 24726 21297 19774 22602 19927 RMSE 11010,665 
!Stat. forecast + 1 24397 23090 19974 22602 19927 22436 RMSE J 11031 ,32671 
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42024-5346/50669 
demand 
IASM forecast 
Stat. forecast 

!Stat. forecast +1 

41500-5316/51187 
demand 
IASM forecast 
Stat. forecast 

!Stat. forecast +1 

42024-5346/50506 
demand 
IASM forecast 
Stat. forecast 

!Stat. forecast +1 

42027-5343/50658 
demand 
IASM forecast 
Stat. forecast 
IStat. forecast +1 

42411-9156/58890 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

42411-9090/51611 
demand 
ASM forecast 
Stat. forecast 

!Stat. forecast +1 

42411-9095/50627 
demand 
ASM forecast 
Stat. forecast 
!Stat. forecast +1 

43437-5350/52250 
demand 
IASM forecast 
Stat. forecast 

!Stat. forecast +1 

technische 
universiteit 
eindhoven 

Product/cust 

Product/cust 

Product/cus 

Product/cus 

Product/cus 

Product/cus 

Product/cusi 

Product/cusl 

February March 
40000 80000 
40000 40000 
11755 66969 
51460 55458 

February March 
30000 32000 
20000 20000 
22652 19724 
19724 22091 

February March 
24000 0 

0 0 
16116 0 
16116 0 

February March 
10000 20000 
10000 10000 
10000 10000 
10000 10000 

February March 
0 0 
0 72000 

88431 
43674 

February March 
121320 95140 
128000 128000 
102411 101617 

April May 
80000 40000 
80000 40000 
24165 22374 
8462 48376 

April May 
30000 34200 
18500 18500 
22091 20000 
20000 26309 

April May 
20000 0 

0 20000 
0 15087 

0 0 

April May 
10000 10000 
10000 10000 
10000 10000 

10000 10000 

April May 
123000 120000 
168000 168000 
123304 84554 
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June July 19% 
60000 60000 p 0,19130039 

100000 40000 RMSE 24494,8974 
48256 36013 RMSE 29180,7808 

36772 11168 RMSE I 38396, 15521 

June July -13% 
28000 50000 p -0,1283938 
35000 25000 RMSE 14701 , 1337 
26309 27342 RMSE 12813,5996 

27342 32117 RMSE I 10694,91311 

June July -14% 
14000 OP -0,1434799 

0 0 RMSE 16186,4141 
0 16355 RMSE 13863,9884 

0 16355 RMSE I 12420,7051 

June July 0% 
10000 10000 p 0 
10000 10000 RMSE 4082,4829 
10000 10000 RMSE 4082,4829 
10000 10000 RMSE I 4082,48291 

June July 7% 
120000 216000 p 0,07240538 
168000 168000 RMSE 48512,8849 
172548 149652 RMSE 52025,4785 

55683 180565 102661 151564 RMSE I 49260,79411 

April May June July -3% 
0 31420 125440 153580 p -0,0317504 
0 128000 75000 138000 RMSE 46973,4471 
0 111605 94462 85588 RMSE 45482,0195 

98192 106370 0 92005 83718 93935 RMSE I 40062,05771 

February March April May June July -6% 
863780 1015120 655320 862680 776740 810300 p -0,0600087 
980000 980000 980000 980000 900000 750000 RMSE 159557,046 
651690 758465 768730 882731 839678 893300 RMSE 149982,232 
747963 777471 885640 843785 893300 837839 RMSE I 151459,3341 

February March April May June July -9% 
50000 18000 0 50000 43000 36000 p -0,0942736 
40000 20000 40000 20000 40000 20000 RMSE 21867,0224 
37586 30987 41539 37014 31389 34641 RMSE 19805,54 

13600 40183 36245 30931 34064 35824 RMSE I 24407,15521 
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By increasing and decreasing the forecast error of the forecast generated by the 
statistical forecast model, the input from the ASMs was modeled. Positive and 
negative changes in forecast error up to 30% were generated, these are repre
sented by the factor K. Table 23 shows the performance for the selected sample 
of product/customer combinations, as it varies with different values of k. Table 
24 shows how the mean square error develops. 

Table 23 Pe1formance of forecast model fo r v01ying k 

K 0,3 0,2 0,1 0 -0,1 -0,2 -0,3 
Product/customer p p p p p p p 

42411-9156/51645 6% -2% -10% -18% -26% -34% -43% 
4 7654-9120/50582 6% -2% -10% -18% -26% -35% -43% 
146663-5367 /58880 -1% -8% -16% -24% -31% -39% -47% 
41639-4841/51032 117% 100% 83% 67% 50% 33% 17% 
41610-4879/50291 -35% -40% -45% -50% -55% -60% -65% 
46604-5399/51137 30% 20% 10% 0% -10% -20% -30% 
42022-5342/50669 35% 25% 14% 4% -6% -17% -27% 
42030-5319/51245 -44% -49% -53% -57% -61% -66% -70% 
42024-5346/50842 22% 13% 4% -6% -15% -25% -34% 
~2022-5342/50881 -5% -12% -19% -27% -34% -41% -49% 
141500-5316/50130 -6% -13% -20% -28% -35% -42% -49% 
96677-5301/51085 -23% -29% -35% -41% -47% -53% -58% 
42301-7356/50713 70% 57% 44% 31% 18% 4% -9% 
4343 7 -5350/54520 -4% -11% -19% -26% -34% -41% -48% 
42023-5383/57255 -92% -93% -94% -94% -95% -95% -96% 
42066-5365/50660 51% 40% 28% 17% 5% -7% -18% 
41509-5317/50159 -33% -38% -43% -49% -54% -59% -64% 
41509-5317 /50453 33% 23% 13% 2% -8% -18% -28% 
12072-9010/51552 87% 72% 58% 44% 29% 15% 1% 
47105-9158/50051 63% 50% 38% 25% 13% 0% -12% 
42024-5346/50669 55% 43% 31% 19% 7% -5% -17% 
142065-9115/50524 -98% -98% -99% -99% -99% -99% -99% 
43136-5383/50018 60% 47% 35% 23% 11% -2% -14% 
41500-5316/51187 13% 5% -4% -13% -22% -30% -39% 
42024-5346/50506 11% 3% -6% -14% -23% -31% -40% 
42027 -5343/50658 30% 20% 10% 0% -10% -20% -30% 
42411-9156/58890 39% 29% 18% 7% -3% -14% -25% 
42411-9090/51611 26% 16% 7% -3% -13% -23% -32% 
42411-9095/50627 22% 13% 3% -6% -15% -25% -34% 
43437-5350/52250 18% 9% 0% -9% -18% -28% -37% 
41509-5317/51130 -28% -34% -39% -45% -50% -56% -61% 
46057-5334/50130 47% 35% 24% 13% 2% -10% -21% 
42025-5344/rest 98% 83% 68% 52% 37% 22% 7% 
46682-5314/rest 79% 65% 51% 37% 24% 10% -4% 
42033-7309/rest 49% 37% 26% 14% 3% -8% -20% 
13362-5350/rest -56% -59% -63% -66% -70% -73% -76% 
41630-4841 /rest 6% -2% -10% -19% -27% -35% -43% 
41509-4871 /rest 80% 66% 52% 39% 25% 11% -3% 
42023-5383/rest -74% -76% -78% -80% -82% -84% -86% 
46604-5399/rest 18% 9% 0% -9% -18% -27% -36% 
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Table 24 mean square error of forecast model for varying k 

K 0,3 0,2 0,1 
Product/customer MSE MSE MSE 
42411-9156/51645 5,551E+09 4,730E+09 3,974E+09 
4 7654-9120/50582 6,719E+08 5,725E+08 4,811E+08 
46663-5367158880 1,270E+09 1,082E+09 9,092E+08 
41639-4841/51032 6,973E+08 5,941E+08 4,992E+08 
41610-4879/50291 2,782E+07 2,370E+07 1,992E+07 
46604-5399/51137 2,729E+08 2,325E+08 1,954E+08 
42022-5342/50669 1,198E+09 1,021E+09 8,578E+08 
42030-5319/51245 5,203E+08 4,434E+08 3,725E+08 
42024-5346/50842 1,869E+08 1,593E+08 1,338E+08 
42022-5342/50881 1,063E+08 9,061E+07 7,614E+07 
41500-5316/50130 2,017E+08 1,719E+08 1,444E+08 
96677-5301/51085 5,538E+07 4,719E+07 3,965E+07 
42301 -7356/50713 4,312E+08 3,674E+08 3,087E+08 
43437-5350/54520 4,330E+08 3,689E+08 3,100E+08 
42023-5383/57255 1,623E+05 1,383E+05 1,162E+05 
42066-5365/50660 1,392E+08 1, 186E+08 9,966E+07 
41509-5317/50159 9,946E+07 8,475E+07 7, 121 E+07 
41509-5317/50453 1,940E+10 1,653E+10 1,389E+10 
12072-9010/51552 8,547E+09 7,283E+09 6,120E+09 
47105-9158/50051 5,262E+08 4,483E+08 3,767E+08 
42024-5346/50669 1,439E+09 1,226E+09 1,030E+09 
42065-9115/50524 1,090E+05 9,291E+04 7,807E+04 
43136-5383/50018 4,744E+08 4,043E+08 3,397E+08 
41500-5316/51187 2,775E+08 2,364E+08 1,987E+08 
42024-5346/50506 3,248E+08 2,768E+08 2,326E+08 
42027-5343/50658 2,817E+07 2,400E+07 2,017E+07 
42411-9156/58890 4,574E+09 3,898E+09 3,275E+09 
42411-9090/51611 3,496E+09 2,979E+09 2,503E+09 
42411-9095/50627 3,802E+10 3,239E+10 2,722E+10 
43437-5350/52250 6,629E+08 5,649E+08 4,746E+08 
41509-5317/51130 1,927E+09 1,642E+09 1,379E+09 
46057-5334/50130 2,049E+08 1,746E+08 1,467E+08 
42025-5344/rest 4,278E+08 3,645E+08 3,063E+08 
46682-5314/rest 3,089E+08 2,632E+08 2,212E+08 
42033-7309/rest 2,123E+06 1,809E+06 1,520E+06 
13362-5350/rest 1,152E+07 9,818E+06 8,250E+06 
41630-4841 /rest 1,891E+08 1,612E+08 1,354E+08 
41509-4871 /rest 8,133E+08 6,930E+08 5,823E+08 
42023-5383/rest 1,232E+08 1,050E+08 8,824E+07 
46604-5399/rest 4,281E+08 3,648E+08 3,065E+08 
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0 
MSE 

3,285E+09 
3,976E+08 
7,514E+08 
4,126E+08 
1,646E+07 
1,615E+08 
7,090E+08 
3,079E+08 
1,106E+08 
6,293E+07 
1,194E+08 
3,277E+07 
2,551E+08 
2,562E+08 
9,601E+04 
8,237E+07 
5,885E+07 
1,148E+10 
5,058E+09 
3,114E+08 
8,515E+08 
6,452E+04 
2,807E+08 
1,642E+08 
1,922E+08 
1,667E+07 
2,707E+09 
2,069E+09 
2,249E+10 
3,923E+08 
1,140E+09 
1,212E+08 
2,531E+08 
1,828E+08 
1,256E+06 
6,818E+06 
1,119E+08 
4,812E+08 
7,293E+07 
2,533E+08 
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-0,1 -0,2 -0,3 
MSE MSE MSE 

2,661E+09 2,102E+09 1,609E+09 
3,221E+08 2,545E+08 1,948E+08 
6,086E+08 4,809E+08 3,682E+08 
3,342E+08 2,640E+08 2,022E+08 
1,333E+07 1,053E+07 8,066E+06 
1,308E+08 1,034E+08 7,913E+07 
5,743E+08 4,537E+08 3,474E+08 
2,494E+08 1,971 E+08 1,509E+08 
8,960E+07 7,080E+07 5,420E+07 
5,097E+07 4,027E+07 3,083E+07 
9,668E+07 7,639E+07 5,848E+07 
2,654E+07 2,097E+07 1,606E+07 
2,067E+08 1,633E+08 1,250E+08 
2,075E+08 1,640E+08 1,255E+08 
7,777E+04 6,1 45E+04 4,705E+04 
6,672E+07 5,271E+07 4,036E+07 
4,767E+07 3,767E+07 2,884E+07 
9,297E+09 7,346E+09 5,624E+09 
4,097E+09 3,237E+09 2,478E+09 
2,522E+08 1,993E+08 1,526E+08 
6,897E+08 5,450E+08 4,172E+08 
5,226E+04 4,129E+04 3,162E+04 
2,274E+08 1,797E+08 1,376E+08 
1,330E+08 1,051E+08 8,045E+07 
1,557E+08 1,230E+08 9,418E+07 
1,350E+07 1,067E+07 8,167E+06 
2,192E+09 1,732E+09 1,326E+09 
1,676E+09 1,324E+09 1,014E+09 
1,822E+10 1,440E+10 1,102E+10 
3, 177E+08 2,510E+08 1,922E+08 
9,234E+08 7,296E+08 5,586E+08 
9,820E+07 7,759E+07 5,941E+07 
2,050E+08 1,620E+08 1,240E+08 
1,481 E+08 1,170E+08 8,956E+07 
1,018E+06 8,042E+05 6,157E+05 
5,523E+06 4,363E+06 3,341E+06 
9,065E+07 7,162E+07 5,484E+07 
3,898E+08 3,080E+08 2,358E+08 
5,907E+07 4,667E+07 3,573E+07 
2,052E+08 1,621 E+08 1,241E+08 
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Appendix 12 Order lead time 
To get insight in the available advance demand information the order lead time 
of the orders placed from January to September 2004 was plotted in . 
The underlying data are displayed in table 25. The lead time is expressed in 
days, frequency is the number of times an order in the lead time class concerned 
is observed. 
table 25 distribution of order lead time business unit pharma 

Lead time Frequencv % Cumulative % 
0-7 1940 24,97% 24,97% 

8-14 1696 21,83% 46,80% 
15-21 1104 14,21% 61,00% 
22-28 670 8,62% 69,63% 
29-35 411 5,29% 74,92% 
36-42 383 4,93% 79,85% 
43-49 336 4,32% 84,17% 
50-56 243 3,13% 87,30% 
57-63 158 2,03% 89,33% 
64-70 207 2,66% 91 ,99% 
71-77 142 1,83% 93,82% 
78-84 152 1,96% 95,78% 
85-91 81 1,04% 96,82% 
92-98 60 0,77% 97,59% 

99-105 48 0,62% 98,21% 
106-112 12 0,15% 98,37% 
113-119 18 0,23% 98,60% 
120-126 37 0,48% 99,07% 

>126 72 0,93% 100,00% 
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Appendix 13 Testing methods for handling imperfect ADI 

This appendix shows the results of the test to select the best approach to im
perfect ADI. The four tables list the estimators for demand in the months July -
December 2004 when available. The months with ADI are highlighted green, 
the lowest MSE per product/customer combination shows up bold. For all four 
product/customer combinations, another method performs best. When averag
ing the ranks of the four methods over the combinations, the binomial method 
performs best. 

42424-5375/50291 

Demand 
ADI 
Forecast 53.253 53.355 56.679 61 .432 74.856 95.796 301 .635.647 
Basic 53.253 53.355 60.000 61 .432 74.856 95.796 273.231 .673 
Binomial 55.578 59.245 76.578 70.578 64.245 72 .546 145.290.411 

orders 64.942 59.314 79.377 80.960 64.052 67.274 111.371.070 
right tail 53.253 53.355 60.838 56.806 74.856 95.796 312.719.210 
r.t. non-stationa 55.659 54.677 65.464 65.506 75.689 95.158 185.596.938 

42024-5346/50667 July August September October November December MSE 
Demand ;2~~ 10.000 }!'. ,y,; i'3:060 
ADI 8.000 
Forecast 8.667 14.472 13.839 28.802.021 
Basic 8.667 14.472 13.839 28.802 .021 
Binomial 9.784 14.472 13.296 24.315.941 
I# orders 8.000 14.472 13.000 31 .500.107 
right tail 10.133 14.472 13.600 23.075.388 
r.t. non-stationary 9.777 14.472 14.871 24.909.192 

42424-5375/50106 
Demand 
ADI 
Forecast 7.605 7.481 7.356 7.591 7.484 6.441.004 
Basic 7.605 7.481 7.356 7.591 7.484 6.441 .004 
Binomial 7.605 7.481 8.777 6.308 8.777 5.143.369 

orders 7.605 7.481 7.700 5.000 8.481 5.498.258 
right tail 7.605 7.481 7.356 7.591 7.484 7.377 6.441 .004 
r.t. non-stationa 7.605 7.481 7.918 8.080 8.002 7.391 6.921 .899 

44000-7356/62335 November December MSE 
Demand 0 
ADI 
Forecast 4.358 3.731 3.521 3.675 1.305.799 
Basic 4.358 4.800 3.521 3.675 1.115.338 
Binomial 3.033 5.295 3.833 2.233 3.371 .507 

orders 2.892 4.800 3.565 3.080 2.770.069 
right tail 4.358 4.990 3.521 3.675 1.121.355 
r.t. non-stationa 4.855 5.540 4.320 4.160 1.171 .771 
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The sample of customer/product combinations, that was used to estimate the 
performance of the forecasting model, was also used to estimate the perform
ance of the ADI model. Table 26 shows the available advance demand informa
tion for the sample. The values shown, are the ADI observed for the month in 
the column on the last day of the month before. Bold numbers mean perfect 
ADI, normal numbers mean imperfect ADI. When there is no number for a cer
tain month, there is no ADI. In this case the statistical forecast is used . 

Table 26 Advance demand information 

Product/customer M Feb March April May June July 

42411-9156/51645 12 ZIRIUUO 19ZUU\I 
4 7654-9120/50582 5 89613 64000 25600 19200 45600 
46663-5367/58880 3 "'' 44000 - -
41639-4841/51032 4 37440 18720 18720 32000 
41610-4879/50291 5 21120 17280 ><•'24960 18560 11160 19840 
46604-5399/51137 3 31000 17000 
42022-5342/50669 2 20000 60000 20000 38175 2000C 
42030-5319/51245 1 54800 98150 
42024-5346/50842 3 34000 16000 0 28000 9000 
42022-5342/50881 2 10000 20000 10000 20000 10000 10000 
41500-5316/50130 4 3000 2000 8000 16000 
96677-5301/51085 2 7000 
42301-7356/50713 2 0 5200 29100 0 0 192~ 
43437-5350/54520 1 0 0 0 32000 0 0 
42023-5383/5n55 1 0 0 0 15000 0 ~ 
42066-5365/50660 2 17000 
41509-5317150159 1 1000 1000 
41509-5317 /50453 error 
12072-9010/51552 10 exception. >5 deliveries J:!er month 
4 7105-9158/50051 5 24068 24039 24029 
42024-5346/50669 2 40000 80000 80000 40000 60000 60000 
42065-9115/50524 1 
43136-5383/50018 2 11000 24000 
41500-5316/51187 5 10000 10000 18000 20000 
42024-5346/50506 1 12000 0 20000 0 14000 0 
42027 -5343/50658 1 10000 10000 10000 10000 
42411-9156/58890 5 0 0 123000 120000 120000 
42411-9090/51611 5 121320 95140 31420 157120 121900 
42411-9095/50627 18 exce~tion, > 5 deliveries per month 
43437-5350/52250 3 20000 18000 70000 43000 18000 
41509-5317/51130 3 32000 44000 44000 
46057-5334/50130 5 11000 15000 16000 
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The available ADI is used to estimate demand. Table 27 shows the demand es
timators based on ADI. Bold is perfect ADI and Bold italic is a demand estimator 
based on imperfect ADI. For the other periods, demand is estimated by the fore
casting tool. 

Table 27 Demand estimators based on ADI 

Product/customer Feb March April May June July 

42411-9156/51645 288000 240000 264000 264000 288000 192000 
4 7654-9120/50582 89613 94248 89309 83745 97548 84372 
46663-5367158880 55836 43123 40408 39837 45240 50245 
41639-4841/51032 66028 55083 25742 55449 61693 58753 
41610-4879/50291 38055 39323 39040 42410 40480 39432 
46604-5399/5113 7 31419 24748 20000 20000 20000 20000 
42022-5342/50669 20000 60000 20000 38175 20000 36986 -42030-5319/51245 54800 0 0 0 98150 0 
42024-5346/50842 34000 22503 0 28336 31294 20539 
42022-5342/50881 10000 20000 10000 20000 10000 10000 
41500-5316/50130 9888 11200 18300 13363 13095 48760 
96677-5301/51085 991 7760 6052 6833 8454 12848 
42301-7356/50713 0 5200 29100 0 0 19200 
43437 -5350/54520 0 0 0 32000 0 0 
42023-5383/57255 0 0 0 15000 0 Cl 
42066-5365/50660 0 0 0 10449 17000 0 
41509-5317150159 0 7588 1000 8469 6601 1000 
41509-5317 /50453 101237 183506 232137 404647 348027 255186 
12072-9010/51552 250000 245157 376577 501245 495084 520723 
4 7105-9158/50051 37215 75482 74566 60366 60817 62751 
42024-5346/50669 40000 80000 80000 40000 60000 
42065-9115/50524 0 0 32898 0 0 32773 
43136-5383/50018 28638 26744 33590 20263 31824 22055 
41500-5316/51187 22652 19724 33105 31014 37323 38356 
42024-5346/50506 12000 0 20000 0 14000 0 
42027 -5343/50658 10000 10000 10000 10000 10000 10000 
42411-9156/58890 0 0 123000 120000 120000 149652 
42411-9090/51611 131512 119105 0 31420 158009 127180 
42411-9095/50627 651690 758465 768730 882731 839678 893300 
43437-5350/52250 38886 33053 41539 70000 43336 36098 
41509-5317/51130 34309 48377 48118 51380 60428 0 
46057-5334/50130 26113 28352 25437 19774 22602 24462 
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Appendix 15 Timeline implementation forecasting method 

January 

February 

March 

April 

May 

Decide what is going to be forecasted 

Explore possibilities with ERP consultant 

Decide on review period 
Decide how forecast method is implemented in software 
Development and integration of forecasting software 

Pilot project 

Training session 

June Parallel period 

July 

August 

Septembivaluation of new forecasting method 
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