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The purpose of this thesis was to study the design of demand forecasting 

processes. A literature review in the field of forecasting was conducted, including 

general forecasting process design, forecasting methods and techniques, the role 

of human judgment in forecasting and forecasting performance measurement. The 

purpose of the literature review was to identify the important design choices that 

an organization aiming to design or re-design their demand forecasting process 

would have to make. 

 

In the empirical part of the study, these choices and the existing knowledge 

behind them was assessed in a case study where a demand forecasting process 

was re-designed for a company in the fast moving consumer goods business. The 

new target process is described, as well as the reasoning behind the design choices 

made during the re-design process. As a result, the most important design choices 

are highlighted, as well as their immediate effect on other processes directly tied 

to the demand forecasting process. Additionally, some new insights on the 

organizational aspects of demand forecasting processes are explored. The 

preliminary results indicate that in this case the new process did improve 

forecasting accuracy, although organizational issues related to the process proved 

to be more challenging than anticipated. 
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Tutkimuksen tarkoituksena oli tarkastella kysynnän ennustamisen prosesseja. 

Työn kokeellisen osan avuksi tutkittiin ennustamiseen liittyvää kirjallisuutta 

ennusteprosessien suunnittelun, ennustemenetelmien, ihmisten päätöksenteon 

roolin ennustamisessa ja ennustamisen suorituskyvyn mittaamisen alueilta. 

Kirjallisuuskatsauksen tavoitteena oli löytää ennustamisprosessin suunnitteluun 

liittyviä valintoja, joita ennusteprosessiaan kehittävän tai uudistavan yrityksen on 

tehtävä. 

 

Työn kokeellisessa osiossa näitä valintoja ja niiden taustalla olemassa olevaa 

tietämystä arvioitiin case-tutkimuksessa, jossa päivittäistavarakaupan alalla 

toimivalle yritykselle suunniteltiin uusi ennusteprosessi. Kokeellisessa osassa 

kuvataan suunniteltu tavoiteprosessi sekä siihen liittyvien valintojen taustat. 

Lopputuloksena on nähtävissä miten eri valinnat kytkeytyvät ennusteprosessiin 

välittömästi liittyviin muihin prosesseihin, sekä miten jotkut valinnat ovat toisia 

merkittävämpiä. Lisäksi, joitain uusia johtamiseen liittyviä näkökulmia nousee 

esiin. Alustavien tuloksien mukaan tutkittavana olleessa yrityksessä 

ennustetarkkuus on parantunut uuden prosessin käyttöönoton myötä, tosin uusia 

prosessin johtamiseen liittyviä haasteita on ilmennyt. 
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1 INTRODUCTION 

 

Controlling the physical inventory of goods is one of the most basic tasks required 

from any organization involved in purchasing, manufacturing or distribution of 

tangible goods as a part of their business. Despite increased importance of 

services in economic activity, most organizations have to deal with physical goods 

in one way or another, even if it is not a part of their core business. And for a 

large number of organizations, ensuring that they have the necessary supply to 

answer to the demand from their customers is a vital part of the business. 

 

Forecasting is a common tool to help organizations manage their operations. In 

practice, forecasting means estimating the future events that are not controlled by 

the organization itself (Kerkkänen, 2010). Unless the organization has the luxury 

of operating in an environment where it knows all its future demand, some sort of 

forecasting has to be done to support decisions in purchasing, production and 

inventory management. To support these decisions that often have major 

monetary implications, the field of forecasting offers tools to manage the process 

of forecasting demand. 

 

1.1 Background of the research topic 

The field of forecasting contains a large number of different things that are 

regularly forecasted. Economists forecast economic indicators such as inflation, 

while meteorologists forecast the weather on a constant basis. In addition to 

demand, companies might forecast raw material prices, financial key figures and 

competitor actions. If these activities are done in a regular fashion, they will have 

some sort of process. How this process is carried out naturally has an important 

impact on the results it provides, with a direct link to the performance of the 

activities that are driven by the forecasting process. 

 

The literature in the field of forecasting has been mainly focusing on the 

development of forecasting methods (Moon et al., 2003). There are a large variety 

of methods suitable for different types of problems (Armstrong, 2001) that range 
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from simple to mathematically very complex. Testing and comparing the 

statistical methods have been one of the key contributions of the academic world 

to the field (see e.g. Makridakis & Hibon, 2000). 

 

However, there have been calls to attention regarding the application of 

forecasting, i.e. the forecasting process (Moon et el., 2003, Kerkkänen, 2010). 

Aside from a few works (Winkelhofer et al., 1996, Mentzer, Bienstock & Kahn, 

1999) there have been very few attempts to provide a framework for the 

forecasting process. Furthermore, a large interview study (Davis & Mentzer, 

2007) reported that organizational issues play a key role in the performance of the 

forecasting process. 

 

To summarize, there is a need to look at forecasting as a process and consider all 

the aspects that constitute the process. This serves the academic world by 

highlighting relevant research topics for forecasting research, as well as 

practitioners by increasing the applicability of the methods already developed. 

 

1.2 Research scope and limitations 

In the field of forecasting, this study is purely concerned with the forecasting of 

demand. However, demand forecasting is not seen as an isolated task, but its 

linkages to other processes such as purchasing, production and financial planning 

are discussed when relevant. 

 

This study is mainly concerned with designing and managing the demand 

forecasting process as a whole. The designing of a process involves making 

certain choices, consciously or not, that affect the end result. In a given context, 

there should be a set of choices that are more or less always present when 

designing a process in that context. To that end, the first research question is: 

 

RQ1: What kind of design choices can be found that are relevant to most 

demand forecasting processes? 
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It is likely that there are numerous choices that have to be made when designing a 

demand forecasting process. Therefore, it is necessary to establish their relative 

importance and effect on the end result. 

 

RQ2: How do these choices affect the resulting forecasting process and which 

of them are the most important? 

 

By seeking answers to these questions this study aims to contribute to research by 

testing the relevant theories – found from literature to answer RQ1 – in practice. 

Answering RQ1 also provides contribution to practice by summarizing the 

important choices practitioner have to be prepared to make when designing a 

forecasting process in their organization. Finally, answering RQ2 contributes both 

to research and practice by attempting to find the most important choices and their 

effect on the resulting forecasting process. 

 

1.3 Research methods 

The research method used in this study is case study research. A case study is an 

empirical enquiry that investigates a phenomenon in its real-life context where the 

boundaries of between the phenomenon and its context are not evident. An 

advantage of the case study method is that it allows the researcher to test theories 

in a real-life situation, providing deep insight into how the theory holds up in 

practice. (Mayers, 2009) 

 

In this study, the research method was also influenced by the ability of the author 

to take part in designing a demand forecasting process in the case company. 

During the time of the writing, the author was employed in the case company and 

a part of the project team that was tasked to re-design the Sales and Operations 

Planning (SOP) process of the case company. The project started in August 2012 

and the first part of the implementation project that concerned two monopoly-

market countries was closed in April 2013. The second part of the project 

concerning open market countries is still in progress at the time of writing this 

study. 
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1.4 The outline of the study 

The study is comprised of two main parts seen in Figure 1: a review of the 

forecasting literature and empirical study detailing the design of a forecasting 

process in the case company. Chapter 1 presents the introduction, background of 

the research study, research methods and this outline. Chapter 2 contains a short 

introduction of the case company.  

 

Figure 1: Outline of the study 
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Chapters 3–7 contain the literature review. Chapter 3 starts with the literature on 

general forecasting process design, while chapter 4 discusses the various 

forecasting methods and techniques more in detail. The role of human judgment 

in forecasting is discussed in chapter 5 and chapter 6 presents the various ways of 

measuring the performance of a forecasting process. Chapter 7 contains a 

summary of design choices found in the literature. Chapter 8 contains the 

empirical part of the study, detailing the choices made in the case project. Chapter 

9 summarizes and evaluates the results from the empirical study. Finally, chapter 

10 concludes the study and suggests topics for further research. 
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2 CASE COMPANY DESCRIPTION 

 

Altia is a wine and spirits company that operates in the Nordic and Baltic 

countries. It produces, imports, sells and exports wines and spirits in the region. 

Altia’s history starts from 1888 when the first spirits and yeast plant was 

established at Rajamäki. When the prohibition was lifted in 1932 and the Finnish 

national alcohol monopoly Alko was created, alcohol beverage production was 

officially started in Rajamäki and the plant belonged to Alko. (Altia, n.a) 

 

In the 1990s Finland was applying to the European Union, which meant that the 

national monopoly in production, import and sales enjoyed by Alko was in 

question due to the anti-monopoly stance of the EU. In the end, Alko got to keep 

the retail monopoly, but production and part of the import business was separated 

into what eventually became Altia. Since then, Altia has expanded to surrounding 

countries with acquisitions of new brands as well as another production plant in 

Svendborg, Denmark and a smaller one in Tabasalu, Estonia. Today, Altia 

Corporation encompasses the following sales companies seen in Table 1: 

 

Table 1: Sales companies within Altia Corporation 

Country Sales company 

Finland Alpha Beverages 

 

Wennerco 

 

Altia Finland 

 Travel Trade (operates also in Estonia and Denmark) 

Estonia Altia Eesti 

Latvia Altia Latvia 

Sweden Altia Sweden 

 

Bibendum 

 

Philipson & Söderberg 

Denmark Altia Denmark 

Norway Ström 

 

Best Buys 

 

Bibendum 

  Interbev 
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2.1 Strategy 

Altia has a three wave strategy, shown in Figure 2. There have been major 

restructuring efforts in the company, with the specialization of the Svendborg 

plant to wines and Rajamäki plant to spirits being one of the major projects. The 

harmonization of demand forecasting process detailed in this study is part of this 

first wave of execution. The next phases involve penetrating the home markets 

with organic growth and acquisitions and ultimately expanding geographically to 

new markets. The underlying theme in the strategy is growth, and this is reflected 

in all of the larger initiatives in the company. 

 

 

Figure 2: Altia strategy (Altia, n.a.) 

 

Figure 3 shows Altia’s supply chain strategy. The project presented in the 

empirical part of this study is closely linked to the second wave of the strategy. 

More specifically, one of its key goals is to implement unified processes and tools 

in the supply chain. 
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Figure 3: Altia supply chain strategy 

 

Altia has defined a distinct operating model, shown in Figure 4. The three 

cornerstones of the operating model are own brands, partner brands and business-

to-business services. Here, own brands refer to trademarks that Altia owns and are 

produced mainly in its own plants. Partner brands are finished products imported 

from overseas. Additionally, Altia offers services such as production and 

warehousing to other businesses. For example, the Finlandia Vodka brand is not 

owned by Altia, but still produced and stored in Rajamäki for the owner of the 

brand Brown-Forman. Logistics, bottling services and sourcing are shared 

between these three cornerstones, so capacity can be used more effectively. The 

larger volumes brought in by this operating model also give economies of scale, 

thus lowering the costs for all products. 
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Figure 4: Altia operating model (Altia, 2012) 

 

2.2 Key financial figures 

Table 2 shows the key financial figures of Altia from 2009 to 2011. A notable 

event shown in the financials is the acquisition of the Svendborg plant in 2010. 

Overall, Altia has grown steadily in the last three years and managed to increase 

profit along with net sales. Preliminary results from 2012 indicate, that a similar 

pace of growth was not maintained in 2012 with net sales decreasing from 2011. 

However, the company still maintains its strong growth ambitions set in the 

strategy. 

 

Table 2: Altia key financial figures (Altia, 2012) 

Key figure 2011 2010 2009 

Net sales, EUR million 524,8 487,9 407,3 

Operating profit, EUR million 34,4 32,6 15,6 

(% of net sales) 6,6 6,7 3,8 

Profit before taxes, EUR million 31,1 29,6 9,4 

(% of net sales) 5,9 6,1 2,3 

Profit for the period, EUR million 21,3 25,7 5,3 

(% of net sales) 4,1 5,3 1,3 

Statement of financial position, 

EUR million 586,8 581,1 398,4 

Return on equity, % 11,6 17,2 4,3 

Return on invested capital, % 8,4 10,0 4,2 

Capital expenditure, EUR million 6,1 106,4 6,7 

Average number of personnel 1 178 1 122 1 042 
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2.3 Supply chain 

An overview of Altia’s supply chain can be seen in Figure 5. The Koskenkorva 

plant in Finland produces raw ethanol from locally sourced barley, as well as 

starch and animal feed to be sold to industrial customers and farmers respectively. 

Raw ethanol is transported to Rajamäki for beverage production, where it is 

mixed with local pure water and other raw materials to produce the end products. 

Finished goods are stored in the warehouse or sent into Årsta in Sweden or 

Svendborg in Denmark to serve those local markets. Some products are also sent 

into Tabasalu in Estonia for packing into multipacks to local markets. 

 

 

Figure 5: Altia's supply chain 

The plants in Tabasalu and Svendborg operate similarly, although they do not 

have an in-house source of raw ethanol. Svendborg is specialized into wine 

production, so the most important raw material is bulk wine, which is sourced 

globally. Merlet is a Cognac-house owned by Altia and it naturally operates in 

Cognac, France. Merlet supplies its products to local warehouses and also directly 

to some customers. In Norway, Altia has no production and its logistics are 

outsourced to a third-party operator so Norway will not be examined further in 

this study. 
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2.4 Demand forecasting in Altia 

In 2008 Altia started the formal use of demand forecasts as a part of a Sales and 

Operations Planning –process (SOP). The SOP process runs in a monthly cycle 

with predetermined deadlines for forecasts and a monthly SOP meeting for each 

sales company. The monthly process in Finland is outlined in Figure 6. 

 

 

Figure 6: SOP process in Finland 

The process begins at the start of the month when sales figures from the previous 

month become available. The SOP Manager prepares Excel-files with forecasts 

and past sales as well as some supporting information such as lead time, current 

stock and days of supply. These files are prepared for each sales company and 

usually divided to each Brand Manager. In the case of trading goods, i.e. goods 

purchased from outside suppliers, the purchasing system offers a baseline 

statistical forecast. For finished goods of own production, the previous month’s 

forecast is used as a baseline so the process is fully manual. Brand Managers then 

have roughly a week to go through forecasts for their products and make changes 
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and updates. Brand Managers base their updates on past sales, end customer sales 

performance, personal experience and signals they receive from the market. 

 

The forecasts are then discussed in a SOP meeting, where in addition of Brand 

Managers, people from purchasing and production also attend. The agenda for the 

SOP meeting contains key performance indicators, (forecasting accuracy, 

inventory turnover and number of SKUs in case of Finland), the forecasts 

themselves as well as life-end products (discontinued products where the 

remaining stock needs actions). The SOP meeting is chaired by the Managing 

Director of the sales company, who ultimately accepts the forecast, so the 

financial responsibility belongs to the sales company. 

 

For trading goods, the buyers take the modified Excel-files and input the changes 

into the purchasing system. For finished goods, the SOP Manager transforms the 

forecasts into a suitable form for upload to production planning. Forecasts of 

products that are bottled in Rajamäki are uploaded by Rajamäki personnel, all 

other finished goods forecasts are uploaded by a planner in Denmark into SAP. 

 

An additional layer of complexity is added by the fact that production planning in 

Rajamäki runs in a different system altogether, called Lean. Therefore the demand 

from Sweden, Denmark, Norway, Estonia and Latvia needs to be passed into 

Lean. This is done by the Finnish SOP Manager manually at the last week of each 

month by taking the relevant forecasts out of SAP, adding them up and 

transforming to the appropriate format.  
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3 DEMAND FORECASTING PROCESS DESIGN 

 

3.1 Forecasting process models 

A single, established way of describing the forecasting process cannot be found in 

the literature. What can be found in some works (Winklhofer, Diamantopoulus & 

Witt, 1996; Moon, Mentzer & Smith, 2003) is a framework of forecasting 

practices, or more specifically, how to develop or assess them. Summarizing the 

empirical literature on forecasting practice, Winkelhofer et al. (1996) present the 

framework in Figure 7. The first category focuses on design issues, that is, the 

design of the forecasting process. Some of these issues, like forecast level and 

time horizon, are discussed more in depth in this chapter, others rise in the 

empirical part of this study. The second category concerns primarily the selection 

of forecasting methods or techniques. Selection of methods will be discussed in 

chapter 3.4 in detail. Finally, the third category comprises of issues related to 

performance measurement, which is discussed in chapter 7. 

 

 

Figure 7: Framework for organizational forecasting practice (Winklhofer et al., 

1996) 
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When developing their sales forecasting audit process, Moon et al. (2003) 

reviewed frameworks in the literature and found the one from Mentzer et al. 

(1999) to be the most comprehensive. They proposed that the forecasting process 

should be investigated along the following dimensions: 

 

Functional integration 

 Degree of communication, coordination, and collaboration between 

forecasting group and other functional areas 

 Organizational location of the forecasting group 

 Existence and form of consensus forecasting meetings 

 Recognition of forecasting needs of various functional areas 

 Accountability/performance rewards for personnel involved in developing 

the forecasts 

 

Approach 

 Relationship between forecasts and plans 

 Orientation of the forecasting approach (top-down or bottom-up) 

 What is forecast in the supply chain? 

 Forecasting segmentation of products by importance 

 Use of quantitative and qualitative forecasting techniques 

 Training in technique usage 

 

Systems 

 Intra-company and supply chain electronic links 

 Information availability (reports and performance metrics) 

 Degree of systems knowledge in the organization 

 

Performance measurement 

 Measurement and use of accuracy 

 Recognition of the impact of external factors on accuracy 

 Measurement and use of other performance measures (costs and customer 

service) 
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There is considerable overlap between the two frameworks. Design and selection 

issues are grouped into the approach category in the latter model and both have a 

separate category for performance measurement. What is different in the approach 

of Mentzer et al. (2003) is the inclusion of systems and functional integration. 

Discussion related to forecasting systems in this study will be limited to the 

systems in use and already chosen to be implemented. Issues related to functional 

integration will be discussed next when tackling the organizational issues related 

to demand forecasting. 

 

3.2 Organizational issues 

The demand forecasting process is not only required to produce accurate and 

timely forecasts, but it must also fit within other processes in the company. 

Forecasting often involves people from sales, marketing, production, finance and 

logistics and involves negotiation between these parties, who often have different 

and sometimes conflicting goals (Mentzer et al., 1999). Individuals and functional 

areas are biased (intentionally or not), which affects the forecasting process, so the 

process must be able to manage the organizational politics surrounding it (Oliva & 

Watson, 2009). 

 

Regardless of the advancement of statistical methods, salespeople often play a 

large role in forecasting (Kahn & Mentzer, 1995). This is because they are 

expected to have the latest information concerning customers and the market. 

Overlooking this information can be costly, so ensuring sales force motivation in 

the forecasting process is important. Based on their survey study, Byrne, Moon & 

Mentzer (2011) argued for the following environmental signals that affect sales 

force motivation: 

 

 Compensation and performance evaluation: Having to spend time and 

effort forecasting when the efforts are not measured or rewarded in any 

way is frustrating. 
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 Use of environmental conditions: Having to forecast without sufficient 

information (e.g. pricing, product launches) led to frustration and less 

effort in forecasting. 

 Use of judgmental input: Salespeople consider that they are able to 

contribute to the forecast with their judgmental input. However, game-

playing, i.e. underforecasting to influence quotas or overforecasting to 

secure supply affects the judgmental input. 

 Forecasting training: Salespeople are often asked to provide forecasts 

without any training on how to forecast. Additionally, they frequently 

don’t know how their forecasts are used, so they are also unaware why to 

forecast. 

 Feedback on forecasting performance: Very few of the companies in the 

study provided feedback on forecasting performance on the salesperson 

level. 

 Knowledge of how the forecast is used throughout the organization: A 

cultural disconnect between demand and supply sides existed in 

companies that did not have SOP meetings or something similar, resulting 

in salespeople disregarding the use of their forecasts. 

 Access to a forecasting computer program: Access to a formal forecasting 

program instead of manually dealing with multiple spreadsheets was found 

helpful with motivation. 

 Level of other’s seriousness placed in the salesperson’s forecast: The 

forecasts done by salespeople were not always taken seriously, whether 

because of perceived lack of accuracy or politics. This makes salespeople 

reluctant to spend time and effort on forecasting. 

 

Some of these issues can be mitigated with the design of the forecasting process 

and some might require more comprehensive changes in management. To combat 

these kinds of organizational issues in the forecasting process, Oliva & Watson 

(2011) suggest identifying intentional and unintentional biases of the participants 

and designing the process to mitigate these and reinforce the positive behavioral 

influences to forecast accuracy. Intentional biases are created by incentive 
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misalignment and disposition of power within the organization while 

unintentional biases are the result of blind spots, i.e. “unaware ignorance in 

specific area” (Oliva & Watson, 2011). They present a forecasting process from a 

case study, shown in Figure 8. 

 

Figure 8: Consensus forecasting process (Oliva & Watson, 2011) 

 

This process mitigates biases and blind spots in several ways. The Business 

Assumptions Package contains information relevant to forecasting gathered from 

different sources in the organization and with information sources explicitly 

labeled. Thus, it provides a neutral and common starting point. The forecasts are 

combined from three separate forecasts according to their previous track record: 

top-down forecasts from product management, statistical forecasts from demand 

management (forecasting professionals) and bottom-up forecast from sales. 

Additionally, sales forecasts receive more weight in the short-term and product 

management in the long-term. Finally, the forecast makes a round in finance and 

is approved in a consensus meeting. (Oliva & Watson, 2011) 

 

This kind of process design no doubt mitigates a lot of the game-playing and blind 

spots (see Oliva & Watson, 2011 for more detailed reasons), but the authors admit 

that designing a process to mitigate certain effects always introduces fertile 

ground for new biases and blind spots over time. This creates a loop where the 

process is adjusted again to compensate, which if done continuously, can be more 

harmful. 
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3.3 Forecasting level and aggregation 

Demand forecasting involves forecasting a future demand for a product over a 

given time in a certain location. However, the definitions of these three 

dimensions constitute a major decision (Zotteri, Kalchschmidt & Caniato, 2005). 

This decision is present in both of the frameworks discussed in the last chapter: 

Winklhofer et al. (1996) mention forecasting level and time horizon and 

frequency of forecast preparation and Mentzer et al. (1999) talk about orientation 

of the forecasting approach. Here, we shall follow Zotteri and Kalchschmidt 

(2007) and define the three dimensions as follows: 

 

 Location: A manufacturer might want to forecast demand at the country 

level while a retailer will probably need forecasts at the store level. 

Obviously the latter is more difficult. 

 Product: An apparel retailer might have different SKUs for each style, 

color, size and packaging type; forecasting at this level is bound to be 

hard. 

 Time: The time bucket of a forecast refers to the length of time that the 

forecast refers to, e.g. year, quarter, month etc. Forecasting in daily level is 

much harder than in a yearly level. Additionally, forecasting for tomorrow 

is easier than six months into the future; we call this the forecasting 

horizon. 

 

This is usually referred as the level of aggregation in forecasting and can have a 

significant effect on forecast accuracy (Zotteri & Kalchschmidt, 2007). In this 

context, a top-down process refers to making aggregate forecasts that are then 

automatically broken down more detailed forecasts. A bottom-up process refers to 

making detailed forecasts that are aggregated to a more general level. For example 

a distribution center might want to do bottom-up forecasts for each of the stores it 

serves, but a manufacturing plant only cares about the total demand for the 

country. Here we see how the level of aggregation of the forecasting problem is 

defined by the level of aggregation of decision making (Zotteri & Kalchschmidt, 

2007). However, Zotteri & Kalchschmidt (2007) argue, that the level of 
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aggregation of the forecasting process can be different. That is, the process and 

the decision making can happen in one level and the forecasts can then be 

aggregated or disaggregated to the appropriate level automatically, without human 

intervention. 

 

The trade-off between bottom-up and top-down approaches is a trade-off between 

“the ability to capture difference in demand versus the ability to accurately 

estimate that difference” (Zotteri et al., 2005). The proper position depends on the 

availability of information (sufficient data at the disaggregate level to make 

reliable forecasts) and the degree of difference between products and locations. A 

general principle is that following conditions favor the bottom-up approach: 

 

 Low demand variability 

 Small number of locations 

 Heterogeneous demand 

 Large sample of previous data (Zotteri & Kalchschmidt, 2007) 

 

To this end, it is useful to define the concept of a Demand Forecasting Unit (DFU) 

in addition to the commonly known SKU. Here we define DFU as the lowermost 

unit that a forecast is produced by statistical means. To define a DFU, all of the 

above mentioned three dimensions have to be defined. An acute observer might 

point that DFU is just another way of talking about the forecasting level, which is 

essentially true. However, with the concept of DFU, we can make estimations 

about the workloads associated with the forecasting level choices. For example, 

by calculating the number of rows in a given sales data set at country level and 

customer level, we can estimate the number of DFU’s – and thus rows – that need 

to be handled in each forecasting cycle. This is naturally correlated with the 

number of people needed to run the forecasting process. 

 

3.4 Demand decomposition 

To effectively understand the characteristics of a time series – which in the case of 

demand forecasting means past values of sales data – decomposition methods are 
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commonly applied. The general idea behind decomposition is that a time series 

can be broken down into three components: seasonal, trend-cycle and irregular. 

Mathematically this expressed in Equation 1 (Makridakis et al., 1998): 

  

                (1) 

 

In equation 1 Yt is the time series value, St is the seasonal component, Tt is the 

trend-cycle component and Et is the irregular component, all at period t. The most 

common ways of using equation 1 are to either assume an additive or a 

multiplicative relationship, presented in Equations 2 and 3 respectively 

(Makridakis et al., 1998): 

 

             (2) 

 

             (3) 

 

Starting from the actual values of the time series, we can estimate seasonal and 

trend-cycle components using various techniques and eliminate them, thus leaving 

only the irregular component. In the end we have all the different components 

decomposed and can gain better understanding of the data. Figure 9 shows a 

sample decomposition done to three years of monthly sales data of a product from 

the case company using the X-12 Seasonal Adjustment Program (U.S. Census 

Bureau, 2012). Here we can see that the decomposition has smoothed the trend-

cycle data to a smooth line and there is a positive trend at the end of the time 

series. The product shows strong signs of seasonality, with demand spikes at the 

end of the year (months 12, 24 and 36). Finally there is the irregular component, 

which is mostly random fluctuation around zero. Making any of the above 

mentioned conclusions would have been very difficult just by looking at the 

original series. 
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Figure 9: A sample decomposition of a product from the case company 

 

Detailed discussion about the methods used in calculating the trend-cycle 

component is outside the scope of this study (refer to Shiskin, Young & 

Musgrave, 1967 for original work on the Seasonal Adjustment Program). 

However, the basic principle of decomposition is not complex: first, the trend-
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cycle is calculated with the use of various moving averages or local linear 

regression. This is usually an iterative process and the aim is to get a smooth 

trend-line like the one shown in Figure 9. Then the seasonal component is 

estimated, the simplest way to do it being just taking the average of all values of 

the same month, week etc. Finally, since only the irregular component is not 

known, it can be calculated by simply subtracting the trend-cycle and seasonal 

components from the original series. (Makridakis et al., 1998) 

 

Decomposition has received most attention in the field of economics, since 

economists like to have their time series seasonally adjusted (i.e. with the 

seasonality removed). However, understanding the time series is vital to any 

forecasting process so decomposition should not be overlooked in the demand 

forecasting domain. For example, distinguishing between additive and 

multiplicative trends and seasonality is relevant when choosing an exponential 

smoothing method (Gardner, 2006). 

 

3.5 Selecting forecasting methods 

There is no shortage of methods available for a forecaster today.  A substantial 

part of the forecasting literature is focused in developing and testing new 

quantitative and qualitative methods. However, time after time, more complex 

forecasting methods have not been able to produce more accurate forecasts than 

simple ones, as the three M-Competitions have shown (Makridakis et al., 1982; 

Makridakis et al., 1993; Makridakis & Hibon, 2000). 

 

Makridakis and Hibon (2000) conclude when commenting the latest M-

Competition that their original conclusions from the first competition still hold: 

 

1. Statistically sophisticated or complex methods do not necessarily produce 

more accurate forecasts than simpler ones. 

2. The rankings of the performance of the various methods vary according to 

the accuracy measure being used. 
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3. The accuracy of the combination of methods outperforms, on average, the 

specific methods being combined and does well in comparison with other 

methods. 

4. The performance of the various methods depends upon the length of the 

forecasting horizon 

 

While the discussion on why exactly the results are like this is beyond the scope of 

this study, they offer some solid guidelines for the practitioner. Firstly, the 

complexity of the model is unlikely to be the limiting factor to forecast accuracy. 

Secondly, the performance measurement of forecasting plays a crucial role all the 

way up to the selection of the method. Thirdly, combining methods is an attractive 

option if there is a possibility to obtain forecasts from multiple sources. And 

finally, forecasting for the long term is a different exercise than forecasting for the 

short term. 

 

While forecasting accuracy is usually the top criteria when selecting a forecasting 

approach, others such as ease of interpretation and ease of use are rated almost as 

important by managers (Yokum & Armstrong, 1995). The choice of forecasting 

methods is also often limited by software available and the organizational setting 

in which forecasting takes place. 

 

Armstrong (2001) considers six different ways of selecting a forecasting method: 

convenience, market popularity, structured judgment, statistical criteria, relative 

track records and guidelines from previous research. Of these, the first two are not 

really recommended in any serious forecasting problem. He finds structured 

judgment promising, as long as it actually is structured. Statistical criteria can be 

convincing, but are prone to misinterpretation and can be too narrow. Relative 

track records can be useful, but may also be hard to find and expensive. Finally, 

guidelines from previous research are mostly free, but require a lot of work. 

 

Summarizing the previous research, Armstrong (2001) presented the method 

selection tree, of which an updated version is shown in Figure 10. 
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Figure 10: Selection tree for forecasting methods (Armstrong & Green, 2010) 

The forecasting selection tree considers a very large variety of forecasting 

problems and contains a large number of different methods. Most demand 

forecasting problems would go through sufficient objective data, no good 

knowledge of relationships, time series data and no good domain knowledge to 

end up in extrapolation/neural nets. The framework does not contain any further 
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advice for actually selecting between the various time extrapolation methods, so 

its usefulness can be limited in some cases. However, it forces the reader to re-

examine the forecasting problem all the way from the fundamentals. If a certain 

method is already chosen for a forecasting problem, but the answers to the 

questions posed by the framework do not lead to that particular method, re-

thinking the whole problem is most likely advisable. 

 

Additionally, not all demand forecasting problems follow the above mentioned 

path to time series and extrapolation methods. Forecasting the demand for a new 

product, for example, poses a different kind of problem. Sufficient objective data 

does not exist and large changes are expected depending on whether the launch is 

successful and sales pick up or not. In this case, qualitative methods found in the 

left-hand side of the selection tree are most relevant and finding the correct 

method is by no means trivial. 
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4 FORECASTING METHODS AND TECHNIQUES 

 

This chapter will provide more detail into the forecasting methods that are 

commonly used in practice. While we know that more complex methods do not 

necessarily provide better results, a basic knowledge of the available methods is 

required to understand their strengths and weaknesses. 

 

A common way to classify methods is first divide them into quantitative and 

qualitative ones (Makridakis, Wheelwright & Hyndman, 1998; Mentzer & Moon, 

2005). Quantitative methods can then be further divided into time series methods 

that use historical data and explanatory methods that attempt to understand how 

explanatory variables such as prices affect demand. 

 

4.1 Time series methods 

Time series methods make no effort to understand the system being forecasted, 

but rely on the past values of a variable or its past forecasting errors. This 

approach may prove to be advantageous if the system is so complex that 

attempting to take into account every single variable affecting the outcome is too 

difficult. Rather than attempting to understand the system, the objective of time 

series forecasting is to understand the pattern in historical time series and 

extrapolate that into the future. (Makridakis et al., 1998) 

 

The simplest of all forecasting methods is the Naïve method. It simply takes the 

previous actual value and uses it as the one-step-ahead forecast. The Naïve 

method has little practical use in actual forecasting, but it serves as a common 

benchmark when comparing different methods (see e.g. Makridakis & Hibon, 

2000). 

 

4.1.1 Exponential smoothing methods 

Exponential smoothing methods have been very popular among practitioners for a 

long time (Kahn & Mentzer, 1995) despite suffering some momentary lack of 

interest within the academic circles (Gardner, 2006). Nevertheless, the interest has 
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returned since they have performed consistently well in the M-competitions 

(Makridakis & Hibon, 2000). If we denote the forecast at time t with Ft and the 

actual value with Yt, then the one-step-ahead forecast of Ft+1 is given by Equation 

4: 

                  (4) 

 

where α is a constant between 0 and 1. This is called simple exponential 

smoothing. The forecast consists of the most recent actual value Yt and the last 

forecast Ft, both weighted using the smoothing constant α. If we replace Ft with 

its components from the previous rounds of smoothing, the exponential nature of 

the method becomes apparent in Equation 5: 

 

                                           

                                    
(5) 

 

So the forecast is a weighted moving average of all past actual values. The 

weights diminish exponentially, so most recent actual values carry the most 

weight. Adjusting the smoothing parameter α determines how rapidly the forecast 

will react to changes in the actual values. If α is close to 1, the model reacts 

swiftly, while with a small value of α will provide a lot of smoothing by making 

the model react slowly. (Makridakis et al., 1998) 

 

Numerous important additions to the base model have been made during the 

course of history. Holt (1957, republished in Holt 2004) extended the method to 

take into account a linear trend and Winters (1960) added seasonality. Additional 

contributions have been made by different authors (see Gardner, 2006 for up to 

date taxonomy), but trend and seasonality remain the basic dimensions that 

always need to be addressed when talking about an exponential smoothing model. 

 

An important question when considering an exponential smoothing model is 

whether the trend and/or seasonality should be additive or multiplicative. 

Multiplicative, non-linear relationships have traditionally been applied to 
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seasonality (Pegels 1969), but also recently into the trend component as well 

(Taylor 2003). An additional issue is whether to employ some sort of dampening 

to further reduce erratic behavior (Gardner & McKenzie, 1985; Taylor, 2003). 

 

With both additive and multiplicative models available for both seasonality and 

trend, as well as the question of whether to use dampening, selecting the best 

model is by no means easy. From the M3-Competition results Fildes (2001) 

concluded that compared to choosing a simple damped trend exponential 

smoothing model for all time series, determining best models for individual series 

gives little benefit. Examining the different options for finding the best model, 

Gardner (2006) supports this view and concludes that the research on model 

selection is inconclusive.  

 

4.1.2 Croston’s method 

Intermittent time series, where there are a large number of zeroes present a unique 

challenge to forecasting. An intermittent demand does not automatically mean 

that demand for that item is low, just that it occurs infrequently (Boylan, Syntetos 

& Karakostas, 2008). This kind of demand occurs mostly in industrial context, 

where payment terms, quantity discounts and flat transaction fees motivate 

customers to order infrequently (Chatfield & Hayya, 2007). A widely used 

method to forecast intermittent demand series was presented by Croston (1972). 

 

Croston’s method splits the time series into two: one series containing the 

numbers of periods between demand occurrences and one with all the positive 

demands. Then it forecasts based on the former series if there is a demand 

occurrence to be expected at the next period. If there is, it uses the latter series to 

forecast the volume. The actual methods to do the forecasts are up the user, but 

usually either moving averages or simple exponential smoothing are used. (for a 

formal definition, see Chatfield & Hayya, 2007)  
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4.1.3 ARIMA models 

Autoregressive integrated moving average (ARIMA) models were popularized by 

Box and Jenkins (1970) in the early 1970s and the method used in selecting the 

appropriate ARIMA model is commonly known as the Box-Jenkins method. The 

Box-Jenkins approach consists of three phases: identification, estimation and 

testing and application. Such a structured approach is needed, because there are a 

huge variety of ARIMA models and identifying the best is crucial. (Makridakis et 

al., 1998) 

 

Detailed analysis of the ARIMA models is outside the scope of this study, since 

they are not relevant in the empirical part due to existing software limitations. 

Furthermore, ARIMA models have not displayed any better performance when 

compared to simpler exponential smoothing methods (Makridakis & Hibon, 2000) 

so their added complexity is unlikely worth the extra effort. Nevertheless, the 

basic guidelines offered by the Box-Jenkins method for model selection are still 

useful where applicable. 

 

4.2 Explanatory methods 

While time series methods rely on the past observations of data to forecast, 

explanatory methods seek to construct an equation where the variable to be 

forecasted has an explanatory relationship with one or more independent 

variables. In another words, if we know the values of the independent variables, 

we can derive the value of the variable to be forecasted. The purpose of the 

explanatory model is to find the relationship between forecasted and independent 

variables and use it to forecast future values of the forecast variable. Explanatory 

methods rely on regression to find these relationships and provide forecasts. 

(Makridakis et al., 1998) 

 

For demand forecasting, the problem is to find an indicator that correlates well 

with demand and occurs before demand (Kerkkänen, 2010). In other words, the 

indicator needs to be observed reliably before demand to be included in the 

model. While such indicators are not impossible to find, regression methods are 
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out of the scope of this study due to practical software restrictions in the empirical 

part. 

 

4.3 Qualitative methods 

The left-hand side of Figure 10 presents a number of qualitative methods that can 

be used when sufficient objective data is not available. The term judgmental 

forecasting is commonly used when describing forecasting with qualitative 

methods (Kerkkänen, 2010). The actual methods used in employing judgment 

range from informal (i.e. pure intuition) to structured approaches, up to modeling 

approaches that attempt to replicate human decision making. Chapter 5 will 

describe these methods more in detail and summarize relevant literature on how to 

best take advantage of human judgment. 

 

4.4 Combining forecasts 

Combining forecasts have been found to be a good method to increase forecast 

accuracy. Armstrong (2001) summarized 30 comparison studies found that on 

average, combining reduced forecast errors by 12,5 % and a forecast combined 

from three exponential smoothing methods did very well in the latest M-

Competition (Makridakis & Hibon, 2000). Makridakis et al. (1998) list four 

factors that increase the error of individual methods, but are averaged out when 

combining forecasts: 

1. Measuring the wrong thing: In the case of demand forecasting, the actual 

demand data is rarely available. Instead we measure sales orders, 

shipments or something else that is hopefully related to demand. However, 

these are never perfect measures of demand, so forecast accuracy is 

decreased. 

2. Measurement of errors: There are always measuring errors, no matter 

what we try to measure. These can be substantial in size and systematical. 

3. Unstable or changing patterns or relationships: Statistical models assume 

that the patterns and relationships they describe are constant. This is 

obviously not the case in the real world. 
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4. Models that minimize past errors: Models are fitted into data using a 

procedure that minimizes one-step-ahead forecasting errors. However, 

usually we need to forecast further than that, so the model is no longer 

optimally fitted. 

 

Combining can be used regardless of whether the methods are quantitative or 

qualitative. So in addition to averaging out the weaknesses of individual statistical 

methods, it allows the integration of quantitative and qualitative methods. It is to 

be noted, that there is a distinctive difference between combining qualitative and 

quantitative forecasts and judgmentally adjusting quantitative forecasts. The 

former is done by a formal procedure and the result is not changed when it is 

final. In the latter, a human decision maker has the final word, and it is discussed 

more in depth in chapter 5. 

 

Armstrong (2001) offers some practical suggestions about using combined 

forecasts: 

 Combine forecasts from several methods when you are uncertain about the 

forecasting situation and/or which method is the most accurate: 

Combining is powerful when there is great uncertainty, such as in the case 

of new products. 

 Use different data or different methods: combination is unlikely to produce 

any improvement if all the forecasts to be combined contain the same 

information. 

 Use at least five forecasts when possible: Makridakis and Winkler (1983) 

plotted the reduction in errors when more methods were added and found 

that after five different forecasts, the additional gains were negligible. 

 Use formal procedures to combine forecasts: Equal weighting is a good 

way to start, since it is simple and easily described. In any case, combining 

should be done mechanically and the process should be well described. If 

judgment is used in the combining process, its used should be structured 

and fully documented. Otherwise, judgmental biases start to appear. 
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 Use equal weights unless you have strong evidence for unequal weights: 

Unless there is strong evidence that one method used in the combination 

performs consistently better than another, it is best to use equal weights. 

 Use the track record of methods or domain knowledge to vary weights if 

evidence is strong: Conversely, when there is strong evidence that some 

methods used in the combination are more accurate than others, they 

should be weighted accordingly. Past relative performance of the methods 

is one way to supply that evidence. Domain knowledge can also be used, 

but with caution since it can be biased. 

 

One final note has to be made about combining forecasts. Fildes (1991) notes that: 

“combining inadequate forecasts (however optimally) still produces inadequate 

forecasts.”  So combination does not automatically make bad forecasts better. Its 

power lies in the ability of different forecasts to nullify or reduce each other’s 

errors, which of course requires the forecasts themselves to be of decent quality. 
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5 JUDGMENTAL FORECASTING 

 

The quantitative methods described in chapter 4 allow us to extrapolate existing 

patterns and relationships into the future. Therefore they carry the explicit 

assumption that these patterns will not change during the forecast horizon. 

However, in the real world sudden and dramatic changes will happen and when 

they do, human judgment is needed to take them into account in forecasting 

(Makridakis et al., 1998). 

 

5.1 The role of judgment in forecasting 

Human judgment will always have a role in forecasting. Three levels of 

involvement can be identified: 

1. The forecast is decided judgmentally 

2. A statistically generated forecast is adjusted judgmentally 

3. Judgment is used in building the quantitative model. 

 

Naturally, if judgment is used only for model building its role is not very visible. 

Goodwin (2002) argues that maintaining at least some sort of role for judgment in 

the forecasting process may help with some of the behavioral objections that 

relying purely on statistically generated forecasts tends to generate. That is, the 

process is more acceptable when relevant people have some means of influencing 

the final forecast. 

 

In the demand forecasting context, where the number of forecasts to be generated 

can be very large, generating each and every forecast judgmentally is not really a 

feasible solution. When faced by such tasks, people resort to heuristics, such as 

basing the forecast on the previous forecast (Goodwin, 2002). Such a process is 

essentially the naïve method with judgmental adjustment and since practically all 

statistical methods can outperform naïve (Makridakis & Hibon, 2000), it makes 

sense to focus on judgmental adjustment of statistically generated forecasts. 
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5.2 Performance of judgmental forecasting 

Evidence regarding the performance of judgmental forecasting is mixed. The 

common theme throughout different studies is that judgmental adjustments of 

statistical forecasts lead to better forecast accuracy when adjustments are based on 

important information not captured in the statistical model (Fildes et al., 2009; 

Goodwin, 2002; Kerkkänen, 2010; Sanders & Ritzman, 2001). Such information 

can be promotions, competitor actions, public policy changes etc. that 

dramatically alter the situation. However, forecasters make unnecessary 

adjustments to statistical forecasts even when they have no additional information 

because they see patterns in the randomness or distrust statistical methods (Fildes, 

2009). 

 

Why do judgmental adjustments prove to be inaccurate? Reimers & Harvey 

(2009) lists four reasons for bias in judgmental forecasts: 

 Damping trends when forecasting from noisy series: if the series has a lot 

of randomness, trends are hard to see and forecasts tend to lie below 

upward trend lines and above downward lines. 

 Forecasts for untrended series are too high: most forecasts deal with 

quantities where higher numbers are better, resulting in bias caused by 

optimism. 

 Adding random noise to series: people add random noise to forecasts to 

make them look like the series they are forecasting. 

 Perceived autocorrelation in uncorrelated series: people are used to series 

with autocorrelation (i.e. correlation between the successive values of the 

series) and assume autocorrelation in uncorrelated series as well, resulting 

in forecasts that depend on the last data point when they should not. 

 

Biases can be corrected to certain degree (Goodwin, 2002) but it is better to either 

avoid them if possible or minimize their effect. Therefore, the process of 

judgmentally adjusting forecasts should be structured to mitigate the effect of 

human behavior (Goodwing, 2002; Sanders & Ritzman, 2001). 
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5.3 Guidelines for utilizing judgment effectively in forecasting 

The question then becomes when and how to adjust. Defining principles that help 

answer these questions is a major focus of the literature, but strict rules that apply 

regardless of context are hard to come by. Nevertheless, they are needed; Sang 

and O’Connor (1995) found that even when forecasters were shown a message on 

the lines of “Please be aware that you are 18,1 % LESS ACCURATE than the 

statistical forecast provided to you” people still continued to rely on their own 

judgment. 

 

As mentioned before, judgmental adjustment should be done only when there is 

important domain knowledge available (Sanders & Ritzman, 2001). A common 

analogy is the “broken-leg-cue” that refers to modeling a person’s movement 

differently upon learning that the person has just broken a leg. Thus, if 

adjustments are made, they should be significant. Fildes et al. (2009) suggested 

that small adjustments are usually ineffective because they were made when 

information regarding the change was unreliable, the anticipated effect was small 

or when forecasters incorrectly saw patterns in noise and adjusted for that. 

 

Another insight from Fildes et al. (2009) is that positive adjustments tended to 

reduce forecast accuracy while negative adjustments were fairly effective in 

improving accuracy. A common cause for this is optimism regarding the effect of 

marketing campaigns or product launches in terms of sales. On the other hand, 

negative adjustments tend to be based on realistic information and made without 

too much bias. Fildes et al. (2009) tested strategies to mitigate these effects, but 

their results for avoiding small adjustments were not encouraging, partly because 

the problem was large positive adjustments. Damping positive adjustments on the 

other hand proved to be effective just for that reason. A key takeaway from their 

study is that the common causes for forecasting errors need to be identified before 

implementing hard rules for judgmental adjustment. 

 

Another possibility is to mechanically combine statistical and judgmental 

forecasts (Sanders & Ritzman, 2001). As described in chapter 4.4, combining 
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forecasts have been found to increase accuracy on many cases. According to 

Goodwin (2002), a simple average has worked very well, although the added 

benefit of combining is highly dependent on the fact that forecast errors from the 

methods are not correlated. That is, each method has to bring some new 

information to the table. Combining can also be organizationally hard to 

implement. If the judgmental forecaster gets to see the statistical forecast before 

making an adjustment and that adjusted forecast is then combined with the 

original, the end result is merely a dampening effect of 50 % for the judgmental 

adjustment (Fildes et al., 2009). So to truly use combination, separate statistical 

and judgmental forecasts have to be made and mechanically combined, which of 

course takes the decision away from the judgmental forecaster. 

 

Finally, there is one principle that the literature unanimously agrees: the 

judgmental adjustment process should be structured (Fildes, 2009; Sanders & 

Ritzman, 2001). The exact structure of the process is debatable, but ad hoc 

adjustments are not advisable. One way of implementing this is requiring reasons 

for adjustments, thus making forecasters state their assumptions for adjusting. 

Goodwin (2002) reports positive results from this practice but states that a large 

number of damaging adjustments were still made. In any case, judgmental 

adjustments should be documented and their effect on accuracy regularly 

examined (Sanders & Ritzman, 2001). This way forecasters can see the effect of 

their adjustments and examine what types of adjustments were successful. Good 

feedback has been shown to improve learning and thus the performance of 

estimation tasks such as forecasting (O’Connor, 1989) 
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6 FORECASTING PERFORMANCE MEASUREMENT 

 

Like any process within an organization, the demand forecasting process needs to 

be measured. Most of the forecasting literature is focused on measuring forecast 

accuracy, with the perhaps sole exception of Moon et al. (2003) presenting a 

guidelines for conducting a sales forecasting audit. They build the audit on the 

work of Mentzer et al. (1999), which was discussed in chapter 3. When it comes 

to performance measurement, a key contribution of the both papers is the 

description of four stages of effectiveness within each dimension (functional 

integration, approach, systems and performance measurement). These descriptions 

are provided in Appendix 1 and can be used to assess the state of forecasting as a 

process. 

 

Nevertheless, the selection and use of forecasting accuracy measures is an 

important task. Recalling the conclusions of the M-Competitions (Makridakis & 

Hibon, 2000), we know that it influences the selection of forecasting methods. 

Additionally, the job of the error measure is to give feedback to the forecaster. To 

this end, the error measure(s) used must not only produce findings that agree with 

other measures (construct validity), but also make sense to people who use them 

(face validity) (Armstrong, 2001). 

 

For the discussion about error measures, recall that we define Yt as the actual 

value of the time series at period t and Ft as the forecast for that period. The 

forecast error is then defined as et = Yt – Ft. Finally, we use the notation mean(xt) 

to express the sample mean of series xt over the period of interest to save space 

and improve readability. Similarly, we use median(xt) and gmean(xt) to denote 

medians and geometric means of series xt.  
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6.1 Absolute accuracy measures 

The most commonly-used and basic error measures are presented in Equations 6–

9: 

                                
   (6) 

                               √    (7) 

                                      (8) 

                                           (9) 

 

MSE and RMSE are popular, because squared errors are convenient for statistical 

calculations. Additionally, RMSE is in the same scale as the data, so it is easier to 

interpret. The downside of these measures is that they are influenced by the scale 

of the data and outliers (i.e. single, dramatically different values in the series) so 

they are unsuitable for comparing between time series (Armstrong, 2001). For 

example, if comparing the results of forecasting multiple series, one series with 

large numbers can dominate the error measures. 

 

To deal with scale, we can use percentage error measures. The percentage error is 

given by            ⁄ and we can use it to define the following measures in 

Equations 10-14: 

                                      

            
(10) 

                                         

              
(11) 

                                        

 √        
    

(12) 

                                             

 √          
    

(13) 

 

MAPE is probably the single most used error measure when comparing different 

methods or time series due to being independent of scale but still having good 
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face validity. “This forecast is 5 % off, on average”, is a statement that can be 

easily understood and requires no further explanation. However, MAPE and its 

kin have weaknesses. If Yt = 0, none of the measures can be defined, making them 

useless for intermitted series. Additionally, they have a skewed distribution when 

Yt is close to zero, thus producing very large errors (Hyndman & Koehler, 2006). 

Another issue is that MAPE and MdAPE penalize positive errors more than 

negative errors. For example, if forecast is 100 and actual is 50, MAPE will be 

100%, while if forecast is 50 and actual is 100, MAPE will be 50%. In both cases 

the absolute error is 50. 

 

To address these concerns, Makridakis (1993) used a symmetric MAPE in the 

M3-Competition, defined as follows in Equation 14: 

 

                                                 

     (
       

         
)      

(14) 

 

However, Goodwin & Lawton (1999) have shown that sMAPE is not actually as 

symmetric as it seems, resulting in problems that standard MAPE does not have. 

 

6.2 Relative accuracy measures 

Another way of measuring forecast accuracy is to compare the error from the 

method used with an error from a benchmark method. Usually the benchmark 

method is the naïve method so any method that fails to beat it can be considered 

waste of time. If the data contains strong seasonality, naïve2, a seasonally 

adjusted naïve method can be used (e.g. Makridakis & Hibon, 2000). If we define 

rt = et / et
*
 where et

*
 is the forecast error of a benchmark method, we can define 

the following error measures presented in Equations 15-17: 

 

                                    

            
(15) 
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(16) 

                                               

             
(17) 

 

Another commonly used relative accuracy measure is Theil’s U-statistic (Theil, 

1966), shown in Equation 18: 

 

  √
∑(

         

  
)
 

∑(
       

  
)
  (14) 

 

Note that for a point forecast, Theil’s U is exactly the same as a simple relative 

absolute error. However, summed over a number of forecasts, this is not the case. 

Theil’s U, like all the relative accuracy measures, works so that its interpretation 

can be explained using the following rules: 

 U = 1: The benchmark (naïve) method is as good as the forecasting 

method being used 

 U < 1: The forecasting method used is better than the benchmark; smaller 

values indicate better results 

 U > 1: The forecasting method used is worse than the benchmark method. 

If the benchmark is naïve, there is no point using the method since naïve 

provides better results with no effort. (Makridakis et al. 1998) 

 

Armstrong & Collopy (1992) recommend the different versions of RAE for 

comparing methods and especially GMRAE for model fitting. Relative measures 

are vulnerable to outliers too (Hyndman & Koehler, 2006) and Armstrong & 

Collopy (1992) recommend winsorizing, which replaces extreme values with 

certain limits. This is no doubt effective, but requires the determination of correct 

limits, for which the authors do not offer any advice. 
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6.3 Selecting suitable measures 

A key tradeoff in selecting forecast accuracy measures is between objective and 

accurate measurement of accuracy and the ability to communicate that 

information and use it in decision making. In another words, simple error 

measures are easy to understand, but have fundamental flaws that restrict their 

objectivity, such as dependence on the scale of data. Complex measures address 

this issue, but are much harder to explain to users of the forecast, thus losing the 

intuitive appeal. 

 

When choosing between error measures, Armstrong (2001) advices to avoid error 

measures that are affected by scale or are highly sensitive to the difficulty of the 

forecasting task. High sensitivity to outliers is also in his list of things to avoid. 

When hunting for a single measure to compare forecasting methods or time series 

against each other – as the focus of the literature is – these are no doubt important 

concerns. However, thinking about the reality of demand forecasting that 

practitioners operate in, this is hardly the whole truth. Forecasting error 

measurements, like any other performance measurement, are used in decision 

making and feedback, so the results need to be communicated and understood. 

Following Armstrong & Collopy (1992) and Armstrong (2001) we must conclude 

that no single measure can satisfy all the needs that a forecasting process places 

on performance measurement. 
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7 SUMMARY OF LITERATURE REVIEW 

 

Since the forecasting process does not lend itself very well to being described by 

sequential process models where one step follows another, a different approach is 

required. Following on the lines of process models introduced in chapter 3.1, the 

approach here is to present the design of a forecasting process as a series of 

choices. These are choices that have to be made when designing the process and 

thus it is necessary for the designer(s) to be aware of them. Otherwise, these 

choices will be made without the conscious knowledge of the designer(s) and 

alternatives are most likely not thoroughly assessed. 

 

Tables 3–6 present these choices organized into their corresponding categories. 

These tables are by no means exhaustive; they are specifically made for the case 

discussed in this thesis. Thus, if generalizing to other cases, they should be 

evaluated alongside the frameworks presented in chapter 3.1 to take into account 

other design choices omitted here because of the context. 

 

Table 3: Process design choices 

Process design Notes 

Organizational issues 

Mitigate biases with process design How to forecast? 

Why to forecast? 

 Feedback & measurement 

 

  Level & aggregation 

 Location Heuristics available, but analytically hard to 

optimize. Simulation a possibility? Product 

Time 
 

  Decomposition 

A key point in understanding many statistical 

methods 

Use in forecasting 

Use in training 

  DFU classification based on: 

 demand profile E.g. n groups for n big customers, 1 for the rest 

supply chain structure 
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Table 4: Methods and techniques -related choices 

Methods & Techniques Notes 

Accuracy measure used in selection Affects method superiority 

ES* method selection (season/trend/damping) 

No definite method in 

literature 

ES* parameter optimization 

 Time horizon for optimization How many step-ahead forecast 

to optimize? 

 SKU classification for general method 

selection Based on demand 

profile/supply chain structure 

 

 Generally improves accuracy, 

but requires multiple different 

sources of forecasts 

Use of combination 

 

 *Exponential smoothing 

 

Table 5: Judgmental forecasting choices 

Judgmental forecasting Notes 

Use of judgment: 

Adjust only when there is significant 

information not included in the model 

Adjust or combine? 

When to adjust? 

How to adjust? 

  Role of feedback Use feedback to learn from adjustments 

 
 

Structured judgment for new 

products  

  

Table 6: Performance measurement choices 

Performance measurement Notes 

Measurement of forecasting process Maturity model 

  Measures of forecasting accuracy in: 

Tradeoff between ability to objectively 

measure and easily communicate accuracy 

optimization 

feedback 

overall view 

  Outlier protection 

How to handle extraordinary values? 

 Role of accuracy in feedback   
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8 EMPIRICAL STUDY 

 

The following section contains the empirical part of this thesis. The author was 

employed in the case company with the responsibilities of a SOP Manager for the 

duration a year, during which Altia implemented a new demand and purchasing 

planning process as well as a new software to support that process. The project to 

design and implement a new process and the software to support it started in 

August 2012 and continued throughout the following year. 

 

The software chosen to support the new processes was from a Finnish company 

called Relex, with their software bearing the same name. The selection process of 

the software was carried out before the author joined the company, so it will be 

out of the scope of this study. 

 

Following the general implementation framework suggested by Relex, the first 

step was to define the demand and purchasing planning processes before carrying 

out the technical configuration, end user training, piloting and transition from old 

systems and process. To this end, a series of full-day workshops were held with 

participants from Relex and various parts of Altia organization such as supply 

chain, IT and sales companies. The following chapters aim to detail the target 

process that was designed in these workshops as well as highlight some of the 

choices that were made regarding the target process and the reasoning behind 

them. 

 

8.1 Target process overview 

Figure 11 shows the target process designed in the workshops. The process 

consists of steps (in yellow), that are influenced by inputs (in green), and outputs 

(in dark red). The process starts with the correction of campaigns and lost sales in 

the sales data. This is done to ensure that such events, that are not expected to 

happen again, do not influence the future forecasts. Next step is for the system to 

calculate the baseline statistical forecast based on the forecasting model built in it. 
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Then the forecasts are analyzed by the demand planner or SOP Manager together 

with the brand manager. Here, the job of the demand planner is to utilize the 

system to highlight products that need attention with the aid of a series of 

exception reports based mainly on past forecasting accuracy. The responsibility of 

the brand manager is to bring the marketplace information – such as marketing 

campaigns, new customer listings, price changes etc. – the system cannot possibly 

know from historical data. The end result of these demand meetings is a demand 

plan, i.e. the updated forecasts of the full product assortment.  

 

Figure 11: Target process for demand and purchasing planning 

The demand plan is then released into purchasing planning on a given date of the 

month, where the system will calculate updated purchase order proposals for the 

purchase planners to analyze. Order proposal calculation is naturally based on set 

parameters such as planned safety stock levels, lead time, current inventory and 

open orders. The SOP meeting is where demand and purchasing planning come 

together to discuss the major issues that require the input of multiple people and 

agree on necessary actions in case of problems. Finally, purchase planners turn the 

order proposals into purchase orders that are sent to the vendors. Naturally, this is 

more of a continuous process that takes place constantly throughout the month. 
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Set in the timeframe of one month, the process progresses as follows: 

 

Week 1: 

 Prepare for demand meeting (preview critical products, gather 

related info) 

Week 2: 

 Demand meetings  

 Demand Plan ready for all countries 

Week 3: 

 Capacity verification (Procurement & Production) 

 SOP-meeting  

Week 4: 

 Manage exceptions 

 Report high-level KPI’s 

 Clean sales data & fine tune rules 

 

 

A major discussion point related to the target process was that of roles and 

responsibilities. Previously, in the case of trading goods, the purchasing planner 

had been mainly in charge of demand planning as well. In the other hand, since 

there was no forecasting system for finished goods, the forecasting was done 

solely by the brand manager. The new process meant a much more active role for 

the SOP Managers, who would act as demand planners as well as a more clearly 

defined division between demand and purchasing planning. But it also meant that 

now there would be a group of people focused solely on demand planning 

allowing the company to go deeper into forecasting. 

 

8.2 Performance measurement 

Systematically measuring and following forecast accuracy was already a part of 

the SOP process in Altia when the project started. Forecasting accuracy was 

measured with lead time taken into consideration, since significant part of the 
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trading goods assortment came from overseas with lead times as long as three 

months. For example, for a product with three months lead time, the forecast 

made in January for April was compared to April actual sales, since the 

purchasing planning for April had to be done already in January. Defining l as the 

lead time, Equation 15 displays how forecasting accuracy was calculated 

previously: 

 

                         
         

  
       

 

(15) 

Note that the formula is essentially 1 – MAPE, except that here the absolute error 

is compared to the forecast instead of sales. 

 

Considering the accuracy measure for the new process, it was decided that the 

lead time dependency was important to keep, since it made the measure reflect the 

accuracy of data that purchasing planning had in use when making the actual 

purchase decisions. However, the method for calculating MAPE, i.e. whether to 

compare absolute error to sales or forecast, sparked discussions. The two 

possibilities are both viable, and mirror the other in behavior. Figures 12 and 13 

show how the two ways of measures behave with a fixed actual sales figure of 

1000 and forecasts ranging from 700 to 1300 with a spacing of 100. In Figure 12, 

MAPE grows symmetrically when moving into either direction from zero error, 

while in Figure 13 the error grows slower when moving to the right 

(overforecasting) and faster when moving to the left (underforecasting). 
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Figure 12: MAPE compared to actuals 

 

 

Figure 13: MAPE compared to forecast 

 

If we were to fix the forecast and change the actual sales figures, we would see 

exactly the opposite behavior: MAPE compared to forecast would be symmetrical 

and compared to sales would grow faster when overforecasting etc. One can argue 

either way, but the key takeaway here is, that comparing to sales punishes more 
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from overforecasting and comparing to forecast punishes more from 

underforecasting in relation to each other. That also means that figures obtained 

from one method are not directly comparable to the other. In the end, MAPE 

compared to actual sales (with lead time taken into consideration) was picked as 

the main Key Performance Indicator (KPI) for the demand planning process for a 

couple of reasons. Firstly, there is a systematic tendency to overforecast (see e.g. 

discussion about judgmental forecasting in chapter 5) in the process. Secondly, 

comparing to actuals seems to be the standard method in literature, making it 

easier to benchmark results against other organizations if figures can be obtained. 

 

Some additional measures are used alongside the main KPI in the new process. 

Most notable of them is forecast bias and bias %, defined in Equations 16 and 17: 

 

                     (16) 

                 
  

  
       (17) 

 

Here the time period t is important. Measuring bias and bias % for single time 

period is not very informative, but the idea for these measures is to use multiple 

time periods. That way, the measures become a sort of cumulative indicators that 

display systematic error over a set time span. Figure 14 displays a situation where 

forecasts are first 30 units under the actual for three period and then 30 units over 

the actual for three periods. Cumulatively, over these seven periods, forecast bias 

is zero, since the periods of overforecasting and underforecasting cancel each 

other out. 
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Figure 14: Forecast bias behavior 

 

This behavior of the bias measures has the advantage that it can take out the 

random noise that is always present in the time series, allowing us to look for 

systematic errors that can only be evaluated over a period of time. How these 

measures are utilized as part of the process in the demand meetings is discussed in 

the next chapter. 

 

8.3 Demand meeting practices 

The aim of the demand meeting is to focus the forecasting work that can be done 

one-on-one by the demand planner or SOP Manager and the brand manager. 

Previously, when changes to forecasts were discussed in the SOP meetings, a lot 

of time was spent with one person talking about the forecasts with the rest of the 

brand managers just waiting their turn. Additionally, most of the changes did not 

really require any decisions or actions by other parties. Thus, the aim of the 

change was to bring into SOP meetings only issues that need input from wider 

audience such as the sales manager or sales company managing director. 

 

As mentioned before, in the demand meeting the role of the brand manager is to 

bring the market information and the demand planner or SOP Manager’s role is to 

-40

-20

0

20

40

60

80

100

120

140

1 2 3 4 5 6 7

Forecast

Actual

Absolute error

Bias



51 

 

bring the system and forecasting knowledge. Also, by working with multiple 

brand managers, the demand planners can see general trends that are happening 

across the portfolios of different brand managers, such as changing sales in a 

channel or trends in a certain product groups. 

 

The basic principle behind demand meeting practices is that the work should be 

based on exceptions. That is, not all the products should be viewed every month 

since especially the large volume monopoly products can be forecasted reasonably 

well by statistical methods. To this end, a selection of exception reports was 

developed based on forecasting accuracy to be used in the demand meetings. Two 

reports for systematically overforecasted and underforecasted items form the 

backbone of the demand meeting. The report for overforecasted items works by 

looking at the forecast bias percentage of products from the previous two months. 

As described earlier, this allows us to find products where the cumulative forecast 

for a number of periods is under the actual sales, while hopefully avoiding items 

that just have random noise and fluctuate up and down. Additionally, the report 

uses forecast bias in pieces to filter out small products where the percentage 

measure easily gets a large value for small errors in pieces. The starting values for 

this report were chosen to be 15 % and 150 pieces of over forecast in two months. 

These values were chosen because generally the more easily forecastable items 

tend to have forecasting error somewhere between 10 % and 20 %. The report for 

underforecasted items mirrors the overforecasted report and has exactly the same 

parameters. 

 

8.4 Forecasting levels 

The question of forecasting levels already discussed in chapter 3.3 proved to be 

challenging to tackle. Here the differences between monopoly and open markets 

became evident. In monopoly markets, if a product is listed in the monopoly, the 

monopoly sales dominate the sales data almost always. Therefore it does not make 

sense to forecast separately even for different customer groups, since anything 

else than monopoly sales will be lost in the random noise. The natural Demand 

Forecasting Unit would then be SKU in a given country. The time bucket was 
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commonly agreed to be one week, since it was identified that during peak seasons 

the split into weekly forecasts gave valuable additional information for purchasing 

and production. Additionally, monopoly customers consist of hundreds of stores 

that order very often so the sales come in a constant stream instead of small 

individual orders meaning that the probability of zero sales weeks is very low for 

monopoly products. 

 

However, in open market countries (i.e. no legal retail monopoly) there is no such 

dominating customer. Therefore, it may be possible to divide the customers into 

groups that behave similarly. This condition would favor a slightly more bottom-

up approach with the DFU being SKU in a given customer group. The prime 

example of this approach was Denmark, where forecasting for the most important 

items were done separately for a number of customer groups. Now this is 

naturally largely dependent on whether meaningful groups can be formed, where 

customers within a group are homogenous, but behave differently than the 

customers in other groups. 

 

Finally, financial planning brought its own twist into these decisions. Products are 

priced differently for different customer groups and calculating the prices requires 

controllers to somehow split the SKU-level forecasts into different customer 

groups. This also applies to the corporation-level budget that is prepared on a 

yearly basis. This is always more or less guesswork, so from a financial planning 

perspective receiving forecast in the customer group level would be very 

convenient. Currently the financial plan is made once a year and takes a great deal 

of work, so updating it more frequently is out of the question if the SKU-level 

forecasts need to be manually divided into customer groups. This applies in all 

countries, so even though forecasting on the SKU-level is a fairly obvious choice 

in the monopoly markets, the needs of financial planning question this decision. 

 

Adding to the difficulty of the decision is the already mentioned fact that 

modeling the tradeoff between different forecasting levels is quite hard. Zotteri & 

Kalchschmidt (2007) offer some analytical basis on how to carry out this, but the 
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applicability of their model is uncertain in this case and the project did not have 

enough resources to fully tackle the problem through modeling. The project teams 

were unable to resolve this question in a satisfactory manner within the initial 

workshops, so a pilot was set up to be conducted in Denmark where two 

forecasting level choices would be evaluated not only quantitatively using 

forecasting and financial planning accuracy, but also qualitatively in terms of 

workload, process impact and fit to the rest of the organization. The pilot is 

discussed more in detail in chapter 8.6. 

 

 

8.5 Forecasting model optimization 

At the heart of the Relex forecasting system lays the optimization engine that 

attempts to find the best possible forecasting models according to user defined 

rules. The system contains a standard set of forecasting models including 

exponential smoothing models with additive or multiplicative season and trend 

components. To assign a model for each of the time series, the system first 

performs a set of diagnostics to classify the products based on their time series 

characteristics. Figure 15 shows the decision tree used to classify time series. 
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Figure 15: Time series classification 

 

First, the system tests for low demand, based on average sales within a set period. 

Then tests for seasonality and trend are carried out.  To detect time series with 

intermittent demand, the average time between successive demand occurrences 

are calculated. Based on these test, each time series is assigned a demand class, 

which can be used among other parameters to set up different forecasting models 

for different groups of products. 

 

For the initial part of the project, Relex set up the optimization for all Finnish 

products, since Finland was the first to start piloting the system. The basic idea 

behind the optimization was to automatically detect optimized seasonal models 

for as many of the products as possible. Since Finland is a monopoly country, the 

sales of most products – namely those sold in the monopoly – follow a somewhat 

predictable seasonal pattern. Naturally, the exact seasonality depends on the type 

of product, e.g. white wines peak during summer time and red wines during 
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Christmas. If a seasonal and/or trend model is detected, the system will try all 

possible combinations of smoothing parameters and select the ones that give 

lowest mean absolute error within the time series. The whole demand history is 

used for fitting to utilize as much data as possible. Additionally, the user has the 

option to set lower and upper limits for the smoothing parameters to control the 

reactiveness of the models. 

 

For open markets, the situation is much more challenging. Firstly, customers 

usually order larger batches than single cases with some products ordered only in 

full pallets. This means that there can be a significant number of weeks with no 

sales even if the product is selling more or less stable. Secondly, while the 

monopoly stores mirror consumer demand almost in real time since they have a 

lead time of a few days, open market customers each have their own logic of stock 

control and are much more susceptible to bullwhip effects. Thus, seasonal patterns 

are very hard to find except in products that are very strongly seasonal such as 

mulled wines (glögg) and rosé wines. Furthermore, sales in open markets are 

highly dependent on the marketing activities agreed between customers and Altia, 

meaning that for a given period, sales can vary drastically between years. 

 

The Travel Trade business, which is an individual sales company within the 

company, served as the testing ground for open markets. Travel Trade is 

essentially purely open market, since its customers operate outside of the 

monopoly restrictions even if they are in the monopoly countries. After an 

examination of the sales history, it became evident that automatically identifying 

products with seasonality was not going to work for the above mentioned reasons, 

which was verified when the optimization classified only a handful of time series 

into seasonal within the first attempted optimization runs. The main objective of 

the Travel Trade optimization then was to establish stable models that smooth out 

the quite heavy random noise in the demand data. Seasonal model were mainly set 

manually for products where domain knowledge told that the product is expected 

to have distinct peak season. 
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Another key point in the optimization was the handling of low and intermittent 

demand time series. These types of time series are always very hard to forecast, 

with appropriate stock control equally challenging. Here, forecasting and stock 

control really cannot be separated since the forecasting error for a single time 

period can be very large and often the purchasing batch size (e.g. full pallet) can 

represent the demand for several months. Literature offers very little guidance in 

this respect, with Boylan et. al (2008) perhaps providing the sole exception, and 

even their results are inconclusive. Thus, the categorization was forced to be done 

experimentally in an iterative fashion. With the bulk of the time series having a 

long moving average model of 12 weeks, the products were simply sorted based 

on the average time between sales and by visually examining where the moving 

average model was starting to give too low results, the cutoff point between 

moving average and Croston’s model was established. 

 

Figure 16 shows how the optimization was set for Travel Trade, and ultimately 

other open markets as well. First, the system attempts to find an optimized 

seasonal model by running the seasonality tests, and if successful, attempts to fit a 

seasonal model by minimizing MAE. If this is successful, the fitted model is used. 

The next step is to check if the product is manually marked as seasonal, in which 

case a seasonal model with predetermined smoothing parameters is used. Next, 

new products that have less than six months of sales history are given a moving 

average of three weeks. The reasoning here is that often it is that the start of a 

products life cycle is often characterized by fast changes in demand, so the model 

has to be fairly reactive to keep up. The following step gives items classified as 

low demand a long moving average of 24 weeks. The purpose of this model is to 

hopefully get multiple demand occurrences within the 24 weeks and thus get a 

reasonable average established. Next, time series classified as intermittent demand 

are given Croston’s model. Finally, if a time series has not yet been given any 

model, it will be given a moving average of 12 months. In fact, this is where most 

of the items that have regular sales end up, unless they are forced into a seasonal 

model earlier. 
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Figure 16: Open market optimization 

 

8.6 Pilot project for forecasting level 

As mentioned before, the choice of forecasting level turned out to be fairly 

complex one. Previously, all other countries had done forecasting purely in SKU-

level, except Denmark, where similar customers were grouped into so called 

hierarchies and the top 25 items in terms of volume were forecasted on the 

hierarchy level. The main goal of this arrangement was to ensure that all of the 

planned campaigns – of which there are many – were included in the forecast. The 

rest of the items were forecasted on the SKU-level similarly to other countries. 

 

The aim of the pilot was to compare two possible levels of forecasting: SKU-level 

and customer group level. Here, customer group refers to an already existing 

grouping of the customers into monopoly, retail, wholesale etc. For the Danish 

market, the relevant customer groups were border trade, retail, wholesale and 

HoReCa (hotels, restaurants and catering). This grouping was chosen because it 
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could be extended to other countries with the addition of monopoly customer as 

an own group, and the grouping already existed in the customer data, so each 

transaction could be mapped into one of these groups. 

 

The two main stakeholders in this decision are the demand planners and 

controllers doing financial planning. Purchase and production planning are not 

stakeholders since they have no use for any lower level than SKU-level. The 

implications of the alternatives for demand and financial planning are summed 

below: 

 

SKU-level forecasts 

Demand planning 

 Separate time series for each SKU 

 Approximately 160 time series 

 Contain total sales & forecasts of each customer group 

 

Financial planning 

 Unit price calculation is based on average price for all customers 

 Price changes and changes in customer mix affect unit price;  hard to 

estimate effect of changes 

 Identifying the reasons for deviations is harder 

 

Customer group –level forecasts 

Demand planning 

 Separate time series for each SKU/customer group –combination 

 Four times the time series compared to SKU-level 

 Approximately 650 time series, of which approximately 250 are non-zero 

 Forecasts are calculated on customer group level, but can be viewed on 

higher levels 

 Changes done in SKU-level are updated to lower levels according to 

existing forecast 

 Thus, working on both SKU- and customer group level is possible 
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 New products always require attention at the lowest level to allocate the 

forecast correctly 

 

Financial planning 

 Unit price calculation is based on average customer group price 

 Within a given customer group prices are more homogenous, which 

should lead to more accurate financial planning 

 Easier to analyze deviations from plan 

 

The pilot was started in January 2013 and for each demand planning round, 

forecasts were prepared both in SKU-level and customer group –level. The pilot 

included 15 of the biggest volume items and 5 smaller volume items. In the 

demand planning tool, two different locations were set where the sales data was 

read and forecasts calculated in the corresponding level. The forecasts were then 

handed to a controller who did the financial planning calculations for each set of 

data separately. The results would then be evaluated on a monthly basis, 

according to quantitative and qualitative measures presented at the end of this 

chapter along with the results. 

 

Being an open market, the Danish market was very challenging in terms of 

forecasting model development. Sales are heavily driven by campaigns that are 

done in co-operation with the customers and managing the extra demand from 

campaigns is crucial. Likewise, the sales history is often dominated by campaigns 

that need to be cleaned one way or the other. After going through the pilot SKUs’ 

sales history, two main categories for the large volume items were identified. 

 

Firstly, there are items that have more or less a flat baseline with spikes that 

correspond to campaigns. Figure 17 shows one such time series. For their baseline 

forecast, these items get a moving average of 12 weeks as described in the 

previous chapter. 
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Figure 17: A product with stable baseline demand 

 

Secondly, there are items that have a seasonal baseline, as seen in Figure 18. Here, 

there are usually campaigns that take place during the high seasons, but they are 

not enough to explain the difference in total demand which is evident between 

different months. Normally, such time series would be identified by the 

forecasting tool as seasonal once the campaigns are cleaned, but in this case it was 

not so easy. At best, there was only two full years of sales history, and since the 

forecast is calculated on the weekly level, the weeks do not resemble each other 

enough for the system to automatically detect seasonality. In other words, the 

random noise on the weekly level is too great for the seasonality to be detected. 

With more full years of history, the random noise might be averaged out, but since 

there is no more data, that possibility is irrelevant. 
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Figure 18: A product with a seasonal baseline demand 

 

To include a seasonality, that was not statistically there but obviously present, into 

the models, the sales history for 2012 for each of these items were heavily 

modified by hand to reflect the perceived seasonality. This can be seen in Figure 

19, where the green line represents actual sales and the blue line shows the 

modified sales. Without any possibility to identify campaign sales from the sales 

transactions, this had to be done manually by comparing the large demand spikes 

to planned campaigns at or near a given time period. Forecast model optimization 

was then run again and now all of the products with modified sales history were 

detected as seasonal products and given an exponential smoothing model with 

seasonal component. 
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Figure 19: A modified sales history for seasonal baseline forecast 

 

With the baseline set up, campaign data that is constantly updated by the sales 

people was uploaded into the system and the total forecasts for each time series 

were evaluated again. In some cases, the baseline had to be adjusted down since it 

is after all just approximation based on domain knowledge and visually looking at 

the time series so it can easily be overestimated. Also, when we go further into the 

future, campaigns are not yet agreed, so placeholder campaigns for e.g. Christmas 

season were placed manually to keep the yearly forecast in the correct level. 

 

Table 7 shows the results of the three first months of the pilot. While drawing 

definite conclusions from just three data points is not possible, few observations 

are possible from the figures and from observing the process itself. Firstly, the 

variability of demand that is the reality in open markets makes it very hard to see 

how the process design affects the end result in the short term. Secondly, the 

accuracy seems to be improving over time as forecasters learn to use the new 

system. Also, on average the bias percentage is over 100 %, which means that 

there is a systematic tendency to overforecast. This is the nature of open markets, 
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where supply has to be secured for agreed campaigns, although the customer may 

not end up buying as much as originally planned. Additionally, any mistakes 

made in defining the baseline for an item are multiplied four times per item since 

it has four time series, which in turn explains the high forecast bias especially in 

January and February. 

 

Table 7: Pilot forecasting accuracy results 

  January   February   March   Average   

  SKU 

Cust. 

Gr SKU 

Cust. 

Gr SKU 

Cust. 

Gr SKU 

Cust. 

Gr 

MAPE 32 % 57 % 46 % 66 % 47 % 41 % 42 % 55 % 

Bias % 82 % 148 % 139 % 160 % 142 % 133 % 121 % 147 % 

 

One interim conclusion from the pilot in this stage is that there seems to be no 

notable benefit from going to customer group level. The random noise in the 

demand simply makes it very hard to extract additional accuracy on a total level 

even if the different groups behave differently. Also, financial planning has not 

been able to produce more accurate forecasts for net sales and gross margin from 

customer group level data. At the time of writing, it has been decided that the pilot 

will continue for another three months with SKU-level forecasts used in 

operations for the time being. 

 

8.7 Product life cycle management 

Product life cycle management is something that is not necessarily directly tied 

into the demand forecasting process, but is highly relevant in the wider context of 

a Sales and Operations Planning (SOP) process. After all, the aim of the SOP 

process is to establish and maintain a connection between operations and business, 

or more specifically sales companies and the supply chain organization in this 

case. In a similar way that sales companies have the market knowledge that needs 

to be an input for operations in the form of forecasts, sales companies are the 

drivers to managing the product assortment. Thus, at least in this case, 

incorporating life cycle management into the SOP process was a natural choice. 
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The business in which Altia operates, has some characteristics that are very 

common in terms of life cycle management: a small number of products bring the 

majority of the gross margin while a large number of items contribute very little 

but cause a lot of work. New products are constantly being developed in house as 

well as sourced from around the world. Naturally, the drive to get new products in 

the market is strong, but cleaning up the old ones is not as motivating. In 

monopoly countries, the products that are listed in the monopoly bring the money 

and sales to restaurants etc. are more or less for marketing purposes since the 

HoReCa (hotel, restaurant & catering) sector is viewed as good way to reach 

consumers and build brand awareness. 

 

In Altia’s case, product life cycle management was already a part of the SOP 

process. When revising the forecasts in Excel sheets or talking directly with the 

purchase planner, brand managers would indicate products to be discontinued (i.e. 

not to be ordered or produced any more). Additionally, in the SOP meetings, a list 

of discontinued products were viewed and with actions marked for each product. 

Purchase planners and the SOP Manager would watch for discontinued products 

with zero stock and take appropriate actions to remove them from all relevant 

systems. 

 

With the introduction of the new process and new tool, the need to strengthen the 

process was twofold. Firstly, the new Relex tool would be integrated with SAP so 

any the quality of SAP material master data would be directly linked to what is 

visible in Relex. Previously, this was not the case, especially in the case of 

finished goods which were handled purely in Excel. Secondly, what was missing 

from the process altogether was the monitoring of slow moving products. With 

new items introduced constantly, the “tail” of the assortment, i.e. low selling items 

not otherwise important must be cleaned constantly, otherwise the assortment will 

constantly grow and eventually get out of hands. 
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Figure 20 displays the life cycle management related steps that were developed 

for the new target process. The red and green boxes indicate reports in the system 

that can be used to catch products in various stages of the monthly process. 

 

 

Figure 20: Life cycle management in SOP process 

 

The first step is to check for discontinued products with no stock: these will be 

confirmed from the warehouse and set to a terminated status where they will no 

longer be shown in any reports. Next, when the system calculates the statistical 

forecasts, the products which cannot be put into one of the predetermined demand 

classes receive a fallback model (often a moving average). Filtering for this model 

can help detecting new products. In the demand meeting, there are a number of 

ways to identify new and discontinued products. New products have a specific life 

cycle status in SAP for the first year of their life span, which can be used as search 

criteria. Searching for zero forecasts pulls double duty here: entirely new products 

with no prior sales show up here, as well as products where there have been so 

few sales in the past weeks that the statistical forecast has dropped to zero. Note 

that products that naturally have a multiple consecutive zero sales periods should 



66 

 

have a forecasting model that will not drop to zero, such as Croston’s model or a 

long moving average. 

 

In addition to the zero forecast report, there are two key tools for identifying 

products that maybe should be discontinued. The overforecasted report detailed 

earlier also picks up products where sales have dropped significantly compared to 

forecast, which may serve as a signal to discontinue the product. The overstocked 

SKU’s report picks up products based on two criteria: either the days of supply 

according to forecast is above a set limit, or the average supply (i.e. the days of 

supply in the past) has been above a certain limit. Whether looking ahead or into 

the recent history, the aim is the same: to find products that do not bring the net 

sales to justify their inventory costs. These products would then be discussed with 

wider audience in the SOP meeting alongside discontinued products with stock. 

 

The SOP meeting is where the commercial director of the sales company is also 

present so decisions regarding the company product portfolio can be made. Such 

decisions can be for example deciding to discontinue a product or scrap the 

remaining stock of a product that is not sellable any more. In addition to the above 

mentioned topics, products with limited shelf life are also followed. To 

summarize, the following types of products are followed in the SOP meeting: 

 Slow movers (low inventory turnover) 

 Discontinued with stock remaining 

 Critical best before dates. 
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9 RESULTS 

 

9.1 Summary of results 

The main purpose of the theoretical part of this study was to present the selection 

of choices an organization faces, when attempting to design a demand forecasting 

process. These results are summarized in chapter 7. The objective of the empirical 

part of the study was then to take these findings and test them with the use of a 

case study to evaluate to what extent does the current literature in forecasting help 

organizations with demand forecasting. To summarize the results from a process 

design perspective, Tables 8-11 contain the same design choices presented in 

chapter 7 with notes regarding how they were handled in the case company 

project. 

 

Table 8: Process design choices 

Process design Results 

Organizational issues Ongoing work 

How to forecast? More support for forecasters 

Why to forecast? Forecasting seen as important 

Feedback & measurement New measures in use 

  Level & aggregation One of the hardest topics in the project, pilot 

designed to give insight into the issue Location 

Product 

 Time 

 

  Decomposition 

 Use in forecasting Not supported by tools, outscoped 

Use in training Used in demand planner training 

  DFU classification based on: 
Used to some extent in the Danish pilot 

project, although purely based on domain 

knowledge 

demand profile 

supply chain structure 

 

In process design choices, the level of forecasting proved to be the most 

challenging topic within the project. The issue is fairly complex and always very 

closely tied to the specific characteristics of each market. Furthermore, the choice 

can be affected by other processes such as financial planning. Based on the 
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observations of this project, the decision is best taken with good understanding 

about the specific market and should not be strictly standardized across markets 

too much. 

 

Table 9: Methods and techniques -related choices 

Methods & Techniques Results 

Accuracy measure used in selection Restricted to MAE by software 

ES method selection (season/trend/damping) Selected by software 

ES parameter optimization 

 Time horizon for optimization Default at 1, not investigated 

  SKU classification for general method selection Demand profile utilized in the 

optimization setup 

 Use of combination Multiple sources not available, 

outscoped   

 

Methods and techniques is the category where the chosen software plays a 

significant role. In this case, the software runs a set of statistical tests to detect 

seasonality and trend and then optimizes the model with brute force by 

minimizing MAE. Considering that the literature fails to offer a commonly agreed 

best method, there is no reason to conclude that this simple method should be 

overlooked. What is more interesting, is how SKU’s can be classified by their 

demand profile to select an appropriate model. Especially in the fast moving 

consumer goods industry, where the number of time series can be high and many 

of them do not have large amount of historical data, SKU classification is very 

useful and certainly worth the development resources. 

 

Table 10: Judgmental forecasting -related choices 

Judgmental forecasting Results 

Use of judgment: Fundamentals introduced in the 

project, use in practice ongoing work Adjust or combine? 

When to adjust? 

 How to adjust? 

 

  Role of feedback Tools exist, implementation into the 

process ongoing 

 Structured judgment for new products Outscoped 
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The role of judgment in forecasting is something that every forecasting process 

design has to consciously address. In this case, the first steps have been taken: the 

generation of the statistical forecast is understood and any manual changes can be 

evaluated against it. However, even clear guidelines like the ones presented in 

chapter 5.3 are not easy to implement. Forecasters responsible of the statistical 

forecast, such as the demand planners in this case, carry the burden of proving the 

usefulness of their methods to the rest of the organization, which never happens 

very fast. 

 

Table 11: Performance measurement -related choices 

Performance measurement Results 

Measurement of forecasting process Steps taken in the maturity model 

  Measures of forecasting accuracy in: Main KPI agreed, some new supporting 
measures in use optimization 

feedback 
 overall view 
 

  Outlier protection Outlier protection used in forecasting, but not 
in measurement 

 Role of accuracy in feedback Part of a key feedback loop 

 

Looking at the maturity model, it can be argued that with the project, the case 

company has moved some steps in the model presented in Appendix 1. In 

functional integration, some aspects of stage 3 are present, such as existence of 

forecasting champions and the differentiation of unconstrained and capacity 

constrained forecasts in the process. As for approach, again stage 3 aspects such 

as ABC classification, categorization of products, recognition of subjective input 

and management support can be found. In the systems category, the age of the 

original work is evident, since much of what is described in the higher stages are 

considered normal today and can be found in the case company as well. Finally, in 

the performance measurement category, practically all the characteristics of stage 

3 apply. Forecasting accuracy does indeed have a key role in providing feedback 

to the forecaster by filtering the products that need the most attention. 
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Naturally, all these results mean little if they do not manifest as increased 

forecasting accuracy. Unfortunately direct comparison to old forecasting accuracy 

measures is not possible for two reasons. Firstly, forecasting accuracy calculation 

logic was changed to compare error to actual sales instead of forecast, so the 

accuracy figures are not directly comparable. Secondly, since the main forecasting 

accuracy KPI takes lead time into consideration, actual sales figures are not 

available at the time of writing. What we can examine, however, is how the one-

step-ahead forecasting accuracy has developed since the first go-live with the new 

process. Table 12 presents the results available from the first three months for the 

Finnish domestic market. The results are split into finished goods and trading 

goods, since with larger volumes and more stable demand, finished goods 

generally have better forecasting accuracy. 

 

Table 12: One-step-ahead forecasting accuracy with the new process 

  Dec Jan Feb March 

Finished goods 73 % 80 % 86 % 90 % 

Trading goods 68 % 69 % 71 % 83 % 

Total 72 % 78 % 84 % 88 % 

 

Firstly, December figures are presented as reference. The implementation started 

in December 2012 with a limited set of SKU’s representing roughly 10 % of the 

total number of SKUs. This forecast is then compared against January sales, 

providing the total accuracy of 78 %. In January, a large number of finished goods 

SKUs were added to the pilot alongside with some trading goods. This is seen in 

the February figures, where good accuracy in finished goods improves the total 

significantly. Finally, all of the SKUs were included in the new process in 

February, giving the first full picture in March. 

 

In the overall accuracy there is a nice positive trend that can be observed, which 

also holds for both finished and trading goods. Although it has to be noted that 

December 2012 was a particularly bad month for forecasting accuracy, especially 

for finished goods where sales were significantly lower compared to previous 
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years and current forecasts. January is notorious for having a huge drop in sales 

compared to December, but this was expected and accuracy improved. February 

was again a low performing month in terms of sales, low sales in the recent 

history had lowered forecasts, improving the overall accuracy. In February 

demand planning rounds, the majority of products reviewed were given a slight 

decrease in forecast, resulting in an excellent level of accuracy in March when 

sales recovered slightly. 

 

9.2 Evaluation of results and discussion 

From a practical point of view, the main objective of the project was to re-design 

a demand forecasting process and implement a tool to support it. At the time of 

writing, the new process is in use in two monopoly countries and one open market 

with one additional open market running the pilot for forecasting level. No major 

business disrupting accidents have occurred due to the project. Definite 

comparison in forecasting accuracy with lead time taken into consideration is not 

possible at the time of the writing, but one-step ahead forecasting accuracy is 

showing positive results, as seen above in the previous chapter. 

 

Regarding research question 1, the literature review of this study managed to 

highlight most of the key issues faced during the project. Understanding the 

exponential smoothing methods helped to develop the forecasting model 

optimizations in the system. Literature on forecasting levels and aggregation 

helped to formulate that particular problem, although it could not provide a 

comprehensive answer to it. As for the role of judgment, while literature does 

provide some good guidelines and evidence to support them, their implementation 

into practice is the real challenge. However, it is already evident in the demand 

meetings that as trust with the new system improves over time, forecasters are 

able to rely on it more and more. Finally, understanding the different accuracy 

measures and their behavior enabled their better use as feedback in the process. 

 

What was not evident from the literature – at least in the capacity that can be 

observed from this case – was the organizational aspect regarding the re-design of 
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a forecasting process. Naturally, it can be argued that such issues will be found in 

the re-design of any process and thus are not necessary for the forecasting 

literature to discuss. However, there are design choices related directly to 

forecasting processes that fall under organizational issues and have a major 

impact on the end result. For example, roles and responsibilities, i.e. who does 

what, is a question that will surface in probably any forecasting process. In the 

case company, previously purchase planners and brand managers had the 

forecasting responsibility. Creating the role of demand planners and giving them 

the main responsibility of forecasting was a major change. While it has the benefit 

of dedicating one person almost solely for forecasting – and thus hopefully 

improving accuracy – it also adds one more layer to the process, something that 

can be seen as bureaucratic and slow. In the case project, this trade-off was not 

clearly defined when designing the process, which meant that the choice was not 

made consciously. 

 

Second important learning from the case is that whenever a process like demand 

forecasting – that has many stakeholders – is re-designed, change management is 

going to be one of the major challenges. The new process will have to prove itself 

to its internal customer, in this case the sales companies. One could argue that this 

issue concerns only implementation and not the design of the process itself, but at 

least in this case some choices regarding e.g. brand manager visibility in the 

systems had to be changed later on to establish trust in stakeholders. 

 

As for research question 2, the case project has verified the importance of 

forecasting level and aggregation as a choice. It has demonstrated how it has 

linkages to financial planning processes as well as its obvious effects on 

forecasting accuracy. Additionally, the case project has demonstrated how the 

question of roles and responsibilities has a key role in the forecasting process 

design and thus deserves more attention in the academic research. As for other 

topics summarized from the literature, only few have not been relevant to the case 

project. The use of decomposition in forecasting was outscoped because of no 

support from the forecasting system, although understanding the different 
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components of time series remains an important part of forecasting training. 

Combination of forecasts was outscoped due to the lack of more than one 

different data source, but forecasting processes that receive purchase forecasts 

from their customers may find it useful. Finally, using structured judgment for 

new products was outscoped due to time constraints; its usefulness remains 

unclear. 

 

A topic that does exist in the literature, but proved to be more important in the 

case than anticipated, is the maintenance of the time series data. Outliers are 

discussed in relation to forecasting error measurements (Armstrong, 2001, 

Hyndman & Koehler, 2006), but other than the basic statistical methods to clean 

the most obvious outliers the maintenance of the time series data is not really 

discussed. The case company operates in a business, where the natural seasonality 

of the demand makes for very large demand fluctuations in consecutive time 

periods. Thus, conventional outlier protection techniques that compare values to 

some metric of central tendency (e.g. mean or median) do not function very well 

since single values can in fact have large differences. When and how to correct the 

demand history then becomes a more manual task, that requires substantial 

domain knowledge. A natural result of this observation is that it needs to be 

included in the process itself. Corrections to the demand history was included in 

the target process as the very first step right from the beginning of the project, but 

its effect on the quality of the forecasts has become evident only over time. Thus, 

the methods and tools to effectively carry out this task are only just being 

developed. 

 

A more drastic example of the time series data maintenance is the case of 

Denmark. Here, the demand history has so much random noise that finding the 

seasonality from under that noise would require many years of demand history. 

The solution was then to manually manipulate the demand history so that the 

wanted seasonal profile could be obtained. This process is fairly laborious and 

requires extensive domain knowledge. In fact it can be argued that in Denmark, 

most of the demand planner’s efforts are concerned with time series data 
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maintenance since the campaigns, that are added on top of the baseline forecast, 

are more or less given by the sales people. With this example in mind, it becomes 

evident that time series data maintenance is an important part of the demand 

forecasting process for companies operating in changing markets. Economists 

forecasting long and stable time series might not have these types of issues, but in 

the context of demand forecasting they are important. 

 

Finally, something to consider when designing a demand forecasting process, are 

the links to other processes. The most direct use of the forecasts is usually stock 

control, whether it means production or purchasing in practice. In this context, the 

forecasting and stock control of products with low or intermittent demand raises a 

question that needs a solution fitting both processes. Effectively forecasting these 

items is often very hard and not worth the effort, so simple stock control solutions 

such as using a re-order point or two-bin model can be effective. However, when 

we consider other users of forecasts, such as financial planning, a complete 

picture of the future is always preferred. Furthermore, the ability to produce a 

complete picture of the future in aggregated levels (i.e. business unit, country or 

the whole company) can be an effective managerial tool to see the overall 

direction where the company is heading. These are the most important links found 

in this case study. Undoubtedly their importance is dependent on the context, but 

the issues themselves are generalizable and should not be overlooked when 

designing a demand forecasting process.  



75 

 

10 CONCLUSION 

 

Designing a demand forecasting process is not an easy task for an organization – 

whether it is started from scratch or re-designed to meet the needs of a changing 

business environment. Literature offers a lot of guidance with the methods and 

techniques available for forecasting, but that is only a part of the process design. 

In this study, helpful concepts concerning general demand forecasting process 

design, forecasting methods and techniques, the role of human judgment in 

forecasting and forecasting performance measurement have been identified. 

Together, they form a set of process design choices that an organization has to 

make when developing a demand forecasting process. 

 

In the empirical part of this study, a case study was presented where a new 

demand forecasting process was designed for a company in the fast moving 

consumer goods industry. Here, the concepts were tested in a real life process re-

design project that was carried out along with the implementation of a new 

forecasting system. Some of the choices identified in the literature, such as 

forecasting level and aggregation, were found to be of key importance in the 

process design. Some concepts played a supporting role of building understanding 

in the process design, while some were outscoped due to circumstances specific to 

the case project. Finally, some new topics were identified from the case study, 

such as the role of change management specifically in relation to demand 

forecasting process re-design. 

 

The main limitation of this study is that it is restricted to a single case study. The 

nature of the single case study as a research method means that some amount of 

generalizability is traded for the possibility to gain deep insight from the case by 

studying the phenomena involved in their natural context. In the case presented 

here, the nature of the business the case company operates in has very strong 

influence on the process design. Even within the case, the difference between 

operating in countries with legally established monopolies in retail and open 

markets have a major impact on the forecasting process design. Nevertheless, 
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even though the optimal choices for forecasting processes are likely to vary from 

one business context to another, the choices still stay relevant. That is, the basic 

questions regarding forecasting levels, methods to be used, the role of judgment 

and performance measurement have to be answered regardless of the context in 

which the process is operated. 

 

As for future research, the natural next step is to extend the research into other 

demand forecasting processes in the fast moving consumer goods industry. Such a 

study would establish the aspects that are specific to the alcohol industry, that the 

case presented here represents, and also help verify if the relative importance of 

the main design choices changes based on the context. Another area that would 

benefit from further research is the organizational side of demand forecasting 

process design. This has been already identified by some authors (Kerkkänen, 

2010, Oliva & Watson, 2009) as an underrepresented area in the literature and this 

study supports their findings. In addition to their findings, this study has 

highlighted the importance of examining forecasting process design from the 

viewpoint of roles and responsibilities as well as the change management 

challenges related specifically to forecasting process re-design. In addition to 

filling a gap in the current research, such efforts have great practical relevance to 

organizations willing to have a demand forecasting process.   
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APPENDICES 

 

APPENDIX 1: Forecasting benchmark stages (Mentzer et al., 1999) 

 

Functional integration 

Stage 1 

 Major disconnections between marketing, finance, sales, production, 

logistics and forecasting 

 Each area has its own forecasting effort 

 No accountability between areas for forecast accuracy 

Stage 2 

 Coordination (formal meetings) of marketing, finance, sales, production, 

logistics and forecasting 

 Forecasting located in certain area (typically operations of marketing), 

which dictates forecasts to other areas 

 Planned consensus meetings, but dominated by operations, finance, or 

marketing – no real consensus reached 

 Performance rewards for forecasting personnel only, based on contribution 

to department in which forecasting is housed 

Stage 3 

 Communication and coordination between marketing, finance, sales, 

production, logistics and forecasting 

 Existence of a forecasting champion 

 Recognition that marketing is a capacity-unconstrained forecast and 

operations is a capacity-constrained forecast 

 Consensus and negotiation process to reconcile marketing and operations 

forecasts 

 Performance rewards for improved forecasting accuracy for all personnel 

involved in the consensus process 

Stage 4 

 Functional integration (collaboration, communication and coordination) 

between marketing, finance, sales, production, logistics and forecasting 



 

 Existence of forecasting as a separate functional area 

 Needs of all areas recognized and met by reconciled marketing and 

operation forecasts 

o Finance = annual dollar forecasts 

o Sales = quarterly dollar sales-territory-based forecasts 

o Marketing = annual dollar product-based forecasts 

o Production = production-cycle unit SKU forecasts 

o Logistics = order-cycle unit SKUL forecasts 

 Consensus process recognizes feedback loops (e.g. constrained capacity 

information is provided to sales, marketing and advertising, which can 

drive demand) 

 Multidimensional performance rewards for all personnel involved in 

consensus process 

 

Approach 

Stage 1 

 Plan-driven, top-down forecasting (failure to recognize its inter-action 

with marketing and business planning) 

 Only shipments forecast 

 All forecasted products treated the same 

 Naïve or simple statistical approach, often with little understanding of 

techniques or environment (“Black Box Forecasting”) 

 Failure to see role of forecasting in developing business plan (viewed 

solely as a tactical function) 

 No training of forecasting personnel in techniques or understanding 

business environment; no documentation of forecasting process 

Stage 2 

 Bottom up, SKUL-based forecasting 

 Forecast self-reported demand (recognized by the organization) or 

adjusted demand (invoice keyed) 

 Recognition that marketing efforts and seasonality drive demand 



 

 Recognition of relationships between forecasting and business planning, 

but plan still takes precedence 

 Limited statistics training;  little understanding of business environment; 

limited documentation of forecasting process 

Stage 3 

 Both top-down and bottom-up forecasting 

 Forecast POS demand and back information up supply chain and/or use 

key customer demand information (“uncommitted commitments”) 

 Use of ABC analysis of some other categorization for accuracy 

 Identification of categories of products that do not need to be forecast 

(two-bin items, dependent demand items, make-to-order items) 

 Use of regression-based models for higher-level (corporate to product line) 

forecasts and time-series models for operational (product to SKUL) 

forecasts 

 Importance of subjective input from marketing, sales and operations 

 Forecasting drives business plan 

 Training in quantitative analysis/statistics and environment 

 Strong management support for forecasting process 

Stage 4 

 Top-down and bottom-up forecasting, with reconciliation 

 Vendor-managed inventory factored out of the process 

 Full forecasting segmentation of products (ABC, two-bin, dependent 

demand, make-to-order, product value, seasonality, customer service 

sensitivity, promotion-driven, life-cycle stage, shelf life, raw material lead 

time, production lead time) 

 Understanding of “game playing” inherent in sales force and distribution 

channel (motivation for sales to underforecast and distributors to 

overforecast) 

 Development of forecasts and business plan simultaneously, with periodic 

reconciliation of both (e.g. consideration of capacity constraints as part of 

long-range plan and forecasts) 



 

 Ongoing training in quantitative analysis/statistics and business 

environment; top management support for forecasting process 

 

Systems 

Stage 1 

 Corporate MIS, forecasting software and DRP (distribution requirement 

planning) systems are not linked electronically 

 Printed reports; manual transfer of data from one system to another; lack 

of coordination between information in different systems 

 Few people understand systems and their interaction (all system 

knowledge held in MIS) 

 “Islands of analysis” exist 

 Lack of performance metrics in any of the systems or reports 

Stage 2 

 Electronic links between marketing, finance, forecasting, manufacturing, 

logistics and sales systems 

 On-screen reports available 

 Measures of performance available in reports and in the system 

 Reports periodically generated 

Stage 3 

 Client-server architecture that allows changes to be made easily and 

communicated to other systems 

 Improved system-user interfaces to allow subjective input 

 Common ownership of databases and information systems 

 Measures of performance available in reports and in the system 

 Reports generated on demand/performance measures available online 

Stage 4 

 Open-system architecture means all affected areas can provide electronic 

input to the forecasting process 

 EDI linkages with major customers and suppliers to allow forecasting by 

key customer and supply chain staging of forecasts (real time POS 

forecasts to plan key customer demand ahead of supply chain cycle) 



 

Performance measurement 

Stage 1 

 Accuracy not measured 

 Forecasting performance evaluation not tied to any measure of accuracy 

(often tied to meeting plan, or reconciliation with plan) 

Stage 2 

 Accuracy measure, primarily as MAPE, but sometimes measured 

inaccurately (e.g. forecast, rather than demand, used in the denominator of 

the calculation) 

 Forecasting performance evaluation based on accuracy, with no 

consideration of the implications of accurate forecasts on operations 

 Recognition of the impact on demand of external factors (economic 

conditions, competitive actions) 

Stage 3 

 Accuracy still measured as MAPE, but more concern with measuring 

supply chain impact of forecasting accuracy (lower acceptable accuracy 

for low-value products, recognition of capacity constraints in supply chain 

and their impact on forecasting and performance etc.) 

 Graphical and collective (throughout the product hierarchy) reporting of 

forecasting accuracy 

 Forecasting performance evaluation still based on accuracy, but with more 

recognition that accuracy affects inventory levels, customer service and 

marketing and financial plans 

Stage 4 

 Realization that exogenous factors affect accuracy and that unfulfilled 

demand is partly a function of forecasting error and partly of operational 

error 

 Forecasting error treated as indication of the need of problem search (e.g. 

POS demand was forecast accurately, but plant capacity prevented 

production of the forecast amount) 



 

 Multidimensional metrics of forecasting performance: performance 

evaluation tied to the impact of accuracy on achieving corporate goals (e.g. 

profitability, supply chain costs, customer service) 


