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Abstract 
Inventory management is an important part of a good functioning logistic. Nearly all the 
literature on optimal inventory management uses criteria of cost minimization and profit 
maximization. To have a well functioning forecasting system it is important to have a balance 
in the inventory. But, it exist different factors that can results in uncertainties and difficulties to 
maintain this balance. One important factor is the customers’ demand. Over half of the stocked 
items are in stock to prevent irregular orders and an uncertainty demand. The customers’ 
demand can be categorized into four categories: Smooth, Erratic, Intermittent and Lumpy. 
Items with a lumpy demand i.e. the items that are both intermittent and erratic are the hardest to 
manage and to forecast. The reason for this is that the quantity and demand for these items 
varies a lot. These items may also have periods of zero demand. Because of this, it is a 
challenge for companies to forecast these items. It is hard to manage the random values that 
appear at random intervals and leaving many periods with zero demand.  

Due to the lumpy demand, an ongoing problem for most organization is the inaccuracy of 
forecasts. It is almost impossible to predict exact forecasts. It does not matter how good the 
forecasts are or how complex the forecast techniques are, the instability of the markets confirm 
that the forecasts always will be wrong and that errors therefore always will exist. Therefore, 
we need to accept this but still work with this issue to keep the errors as minimal and small as 
possible. The purpose with measuring forecast errors is to identify single random errors and 
systematic errors that show if the forecast systematically is too high or too low. To calculate 
the forecast errors and measure the forecast accuracy also helps to dimensioning how large the 
safety stock should be and control that the forecast errors are within acceptable error margins. 

The research questions answered in this master thesis are: 
· How should one calculate forecast accuracy for stocked items with a lumpy demand? 
· How do companies measure forecast accuracy for stocked items with a lumpy demand, 

which are the differences between the methods? 
· What kind of information do one need to apply these methods? 

 
To collect data and answer the research questions, a literature study have been made to 
compare how different researchers and authors write about this specific topic. Two different 
types of case studies have also been made. Firstly, a benchmarking process was made to 
compare how different companies work with this issue. And secondly, a case study in form of a 
hypothesis test was been made to test the hypothesis based on the analysis from the literature 
review and the benchmarking process.  
The analysis of the hypothesis test finally generated a conclusion that shows that a combination 
of the measurements WAPE, Weighted Absolute Forecast Error, and CFE, Cumulative 
Forecast Error, is a solution to calculate forecast accuracy for items with a lumpy demand. 
 
The keywords that have been used to search for scientific papers are: lumpy demand, forecast 
accuracy, forecasting, forecast error. 
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1 Introduction 
This introductory chapter will first of all describe the background for the thesis. Then the 
problem description will be presented as a result of the purpose and research questions. And 
finally, the project limitation for the thesis will be clarified.  
 

1.1 Background 
Oskarsson et.al. (2006) say that during the last twenty years logistics has grown. From the 
beginning, logistics were about storage and transportations but today logistics is an important 
part for companies’ strategies for competitiveness. Today you can find many companies that 
have created and increase their competitiveness by smooth and good functioning logistics.  
 
Inventory management is an important part of a good functioning logistic. Koumanakos 
(2008) says that nearly all the literature on optimal inventory management uses criteria of cost 
minimization and profit maximization. The inventory manager’s goal is to minimizing the 
costs and maximizing the profits while satisfying the customers’ demand.  To do so it is 
important to have a low inventory cost and at the same time be able to deliver what the 
customers want. Lumsden (1998) explains that you need a balance between availability of 
stocked items, low tied up capital and low processing cost and he calls it the “logistic 
goalmix”. 
Oskarsson, et.al. (2006) write about delivery service elements and one of them is availability 
in stock. They describe availability in stock as the number of orders or order lines that can be 
deliver on the customers’ requirements. Koumanakos (2008) explains how much inventory a 
company should have since the inventory is both an access and a debt. He mentions that too 
much inventory requires space, creates a financial burden, and increases the possibility of 
damage, spoilage and loss. It also results in poor forecasts and haphazard scheduling. He 
clarifies that, at the same time as it is important to satisfy the customers’ demand by 
maintaining the availability in stock, it is also important avoid excessive stock.  
 
Davis (1993) writes about supply chain management and different factors that can results in 
uncertainties in the supply chain. One important factor he mentions is the customers’ demand.  
He declares that over half of the stocked items are in stock to prevent irregular orders. The 
customers’ demand creates a large uncertainty in the supply chain. Bartezzaghi et.al. (1999) 
explain that managing uncertain demands always have been a major concern in manufacturing 
planning and control systems, specially in master production scheduling, MPS. In particular if 
the items are irregular, with a roughened volume of an irregular demand pattern. 
Syntetos et.al. (2005) write about categorizing of demand patterns and divide the demand 
patterns into the four following categories:  

· Smooth. 
· Erratic (in terms of demand sizes, but not very intermittent). 
· Intermittent (in terms of intervals having no demand occurrences, but not very erratic). 
· Lumpy (intermittent and erratic). 
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According to the authors, the items with a lumpy demand i.e. the items that are both 
intermittent and erratic are the hardest to handle and to forecast. Due to the variation in the 
demand for items with a lumpy demand, it is a challenge for companies to forecast these 
items. It is hard to handle the random values that appear at random intervals and leaving many 
periods with zero demand.  
 
Hågeryd et.al. (2002) say that inventory management consists of both inventory order 
production and customer order production. The inventory production is based on forecasts i.e. 
the number of products that are expected to be sold. The forecasting is important since the 
future demand is important to the production planning and inventory management. Robeson 
(1994) and Chopra and Meindl (2001) say that different companies use different methods to 
calculate the most optimal forecasts, depending on different parameters, as for instance the 
demand patterns. According to Ghobbar (2004a) a common goal when you choose a forecast 
method is to minimize the errors in the forecasts. The errors are defined as the difference 
between the actual value and the forecasted value during one period. Mattsson and Jonsson 
(2003) mention that forecasts always are incorrect in relationship to the actual outcome and 
that forecast errors hence always will exist. Therefore it is important to continuously calculate 
the forecast errors, to control that the forecasts are within the acceptable error margins. The 
authors’ conclusion is that continuous measurement of forecast errors should be a natural part 
of all forecasting systems. By calculations of the forecast errors Ghobbar (2004a) explains 
that a forecast method’s performance and accuracy can be evaluated. Mattsson and Jonsson 
(2003) mention that forecast errors must be measured per period to identify the items that 
have the largest errors and to identify any systematic errors i.e. if a forecast systematically is 
too high or low. They also mention that the outcome of the measured forecast errors are used 
as a base to decide the safety stock to ensure the availability in stock and thereby ensure a 
high service level to the customers.  
 

1.2 Problem formulation 
The above mentioned is a complex situation. A company needs to have a high service level 
and meet the customers’ uncertain demand. To achieve this you need to have a safety stock, 
but it costs money to keep a stock. Therefore it is important that companies have a good 
balance in their inventories. To achieve this they need to have an optimal forecast method. 
The purpose with forecasting is to increase the knowledge about the future demand by 
planning in advance. But, to predict a precise forecast is not easy, especially not when the 
demand has large variations, as items with a lumpy demand have. Forecast errors, i.e. the 
difference between the forecast demand and the actual demand during one period, will always 
exist for companies that use forecasts. It does not matter how good the forecast are or how 
complex the forecast methods are, the instability of the markets confirm that the forecasts 
always will be incorrect in relation to the actual demand, and therefore the forecast errors 
always will exist. Thus, forecast errors are something that one needs to accept and work with 
to keep the errors as minimal and few as possible. It is important to continuously calculate the 
forecast errors and ensure that the forecasts are within the acceptable error margins.  
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There are several methods to calculate forecast errors. But a big challenge is to calculate 
forecast errors and forecast accuracy for items with a lumpy demand. What you need to take 
into account is inter alia extremely irregular demand and periods with zero demand, which 
makes this task even more complex. 
 

1.3 Purpose and research questions 
By continuously analyze the forecasts in relation to the actual demand companies can monitor 
the forecasts to minimize the risks of forecast errors. The purpose with this thesis is to 
identify methods to calculate forecast errors for stocked items with a lumpy demand. A tool to 
calculate forecast errors will be developed to help companies to continuously monitor their 
forecasts and evaluate the forecasts accuracy.  
 
Thus, the thesis shall answer the following questions: 
 

· How should one calculate forecast accuracy for stocked items with a lumpy demand? 
· How do companies measure forecast accuracy for stocked items with a lumpy demand 

which are the differences between the methods? 
· What kind of information do one need to apply these methods? 

 

1.4 Thesis limitations 
The time interval for this thesis is from 2015-08-31 to 2016-01-17. The short time interval 
results in, firstly, limitations in the data collection, both the collection of literature and the 
execution of interviews. Secondly, the test of hypothesis is limited to one company, Alfa 
Laval, and to one distribution centre, to Alfa Laval’s centre in Tumba.  
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2 Approach and methodology 
This chapter describes the methodology used through the work. First, a general description 
about the requirements for a research study will be presented. Then the research process, step 
by step, will be clarified for the understanding of the methodology and the approach for the 
research process. A short presentation of the different methods used for the data collection 
will be given. And finally, the difference of qualitative and quantitative research is explained 
and the concepts validity and reliability is clarified. 
 

2.1 General about research study 
To simplify it, the method is how you achieve the purpose of the report. The method should 
describe the different choices made to achieve the purpose (Paulsson, 1999). Different authors 
write about what research actually means and what an academic report must include.  
 
According to Paulsson (1999) an academic report shall have the following requirements: 
 

· The study must show that the author knows about the existing theories, models and 
data. 

· The study is based on already existing methods, models and data. 
· The result for the study must be anchored in the existing academic knowledge by 

discussing the conformity of the results with already existing theories, models and 
data and also by discussing the generalizability of the results to other types of 
organizations.  

 
According to Kumar (2011) you claims, by undertaking a research study to answer a question, 
that the process: 
 

· Is being undertaken within a framework of a set of philosophies, i.e. within a 
qualitative, quantitative and academic discipline in which you have been trained.  

· Uses procedures, methods and techniques with tested validity and reliability. 
· Is designed to be unbiased and objective. 

 
According to Ejvegård (2003) a scientific work should be:  
 

· Factual  – the information that is being used is correct. 
· Balanced – the work should have a balance between facts and how you apply the facts.  
· Objective – all information should be neutral, fair and without personal influences. 

 
All the above mentioned requirements of a scientific work have been taken into account 
through the whole process, and in all aspects, of this thesis. 
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2.1.1 Overall approach  
Based on what different authors say about the requirement of a scientific work, the work 
process and method used in this thesis is the one described by Kothari (2004). He describes 
the process like a flow chart where every step in the process can be illustrated. These 
following steps have been followed through this thesis: 
 

1. Formulating the research problem. 
2. Extensive literature survey. 
3. Developing the hypothesis. 
4. Preparing the research design.   
5. Determining sample design. 
6. Collecting the data. 
7. Executing of the project. 
8. Analysis of data.  
9. Hypothesis testing.  
10. Generalizations and interpretation.  
11. Preparation of the report or presentation of the results. 

(Kothari, 2004, p. 12-20) 
 

2.2 Data collection 
The data collection is the base for the whole work. To collect data a literature study have been 
made to compare how different researchers and authors write about this specific topic. Two 
different types of case studies have also been made. Firstly, a benchmarking process was 
made to compare how different companies work with this issue. And secondly, a case study in 
form of a hypothesis test was been made to test the hypothesis based on the analysis from the 
literature review and the benchmarking process.  

2.2.1 Literature review 
According to Ejvegård (2003) the literature review handles, for research, all relevant printed 
information. It can be for example articles, books and reports. Databases are one alternative to 
find articles, electronic books etc. for a literature review. When you search in databases it is 
important that you have selected keywords. The keywords shall ensure that you find relevant 
information. The purpose of the literature review is to give a broader knowledge about the 
specific topic and to clarify strengths and weaknesses in previous studies. The advantages 
with a litterateur review are that it clarifies the focus on your research problem and it 
improves your method. The literature review also gives a context to your final results 
(Kothari, 2004; Dawson, 2002). 
 
In order to study what other authors have written about the specified topic, for the 
understanding of forecast accuracy and to identify possible methods to calculate forecast 
errors for stocked items with a lumpy demand, a literature review has been made for this 
thesis. The primary source has always been located to ensure the reliability of the study. The 
reliability of the study will be discussed below in chapter 2.4 on page 11.  
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The literature review is based on scientific articles, books and journals within the chosen 
topic; calculation of forecast accuracy for stocked items with a lumpy demand. By using 
databases as Google Scholar, Emerald, Discovery and DiVA and Stockholm and Mälardalen 
University Library, relevant scientific papers and books have been found. The scanning of 
scientific articles and books gave a broader knowledge of the chosen topic and clarified 
previous research conclusions and studies in this area. To see how this topic has been dealt 
with through the years, it was necessary to have such a wide scope as possible on the research 
articles. To find relevant information a final selection was made. The selection was based on 
the relevance of the content in the articles. The keywords that have been used to search for 
scientific papers are: lumpy demand, forecast accuracy, forecasting, forecast error. 
 
In addition to examination of the scientific articles a benchmarking process has been done.  

2.2.2 Benchmarking  
The art of benchmarking is to be sufficiently lowly to recognize that someone is better than 
you and at the same time be obstinate enough to learn to be equally good or better.  
    (Andersen and Pettersen, 1995, p. 11) 
 
The goal with benchmarking is to develop and create changes and improvements. 
Benchmarking is a complement to the continuous improvement since you will: 
 

· Find new resources for improvements outside your own organization.  
· Find new, innovative methods that benefit the development of the company. 
· Establish goals in line with the best representatives of the industry.  

(Ibid) 
 

Benchmarking is about evaluating the company, quantitative or qualitative, in relation to the 
company that you perceive are the best in the specific business (Codling, 1995; Andersen and 
Pettersen, 1995). To mark up certain parameters, products and strategies to create a 
perspective of the actual performance of the industry benchmarking is used. Benchmarking 
helps the company to compare their strengths and weaknesses with the leaders from their 
industry. From the comparison they develop adjustments and improvements (Codling, 1995). 
Karlöf (2009) considers the following elements as the most important ones for benchmarking: 
 

· A complete and correct description of the value creating processes and activities.  
· A correct and fair comparison with another party – a role model or original.  
· A depth understanding of the causality between work organization, skills etc. that 

describe the difference in performance.  
 (Karlöf, 2009, p. 13) 
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Different authors describe the benchmarking process in different ways. Andersen and 
Pettersen (1995) describe the steps in benchmarking as follows: 
 

· Planning – Chose and document the process that should be studied. 
· Search – Identify who should do the process. 
· Observe – Map and analyze how the benchmarking partners do the process. 
· Analyze – Study the causes for the difference in the execution. 
· Customize – Implement improvements based on the analyze. 

 
All stages are important. But to eliminate the waste of time it is important to spend time on 
the planning stage. In the end of the benchmarking process the review is important to 
interweave the whole process (Codling, 1995). 
 
Benchmarking can be divided into three perspectives:  
 

· Internal.  
· External. 
· Best practice. 

 
Internal benchmarking is when you evaluating something by studying something within the 
company. You can for example identify and compare different processes between different 
departments at the company. Comparing two departments in a company to identify the 
strengths and weaknesses and thereby develop adjustments and improvements can constitute 
an internal benchmarking. External benchmarking is when you study an external party. It can 
be companies from different industries or from the same industry. Its can be an advantage to 
study a company that produce different products since you can learn new things and see 
situations from a new perspective. Best practice benchmarking is when you study the leading 
company in a certain industry or process. This can be essential to be successful in your 
business (Ibid). 
 
A case study has been made in form of a benchmarking process. For more information about 
case studies, see further below, in section 2.2.3. The benchmarking process was conducted at 
four different companies to compare how they measured forecast errors and forecast 
accuracy. The four companies are not competitors, they manufacture different products, but 
they are all working with inventory management and manage stocked items with a lumpy 
demand. They work under similar conditions and are exposed to similar challenges. 

2.2.2.1 Interviews 
Andersen and Pettersen (1995) mention that it exist different methods to collect data in a 
benchmarking process and that one is to do interviews.  Interviews can be done in different 
ways. Edvardsson and Thomasson (1993) mention four different kind of interviews; 
interviews by visiting, interviews by phone, deep interviews and interviews in groups. They 
mention that the purpose of the survey should determine the design and approach of the 
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interviews. Hartman (2004) say that the reason for a person being interviewed is that someone 
wants to learn about the respondent’s knowledge.  
 
It is important to choose relevant persons to interview since it takes time to do the interviews 
and to interview an irrelevant (for the survey’s purpose) person it is a waste of time. To 
remember what the respondent says one could take notes and, if the respondent agrees, the 
interview can be recorded. It is important to have in mind that the recording may be a 
disincentive to the respondent. To ensure that the respondent feels comfortable, key words 
can be noted during the interview and afterwards, the respondent can be given opportunity to 
elaborate on the answers and then finally approve the draft of the interview (Ejvegård, 2003).  
 
The benefits with interviews by phone are inter alia that you can collect a lot of data at a low 
cost, the respondent can answer when he or she have time and the respondent can give honest 
answers. The disadvantages are the risk of poor answers and that the researcher has no control 
of who the respondent is. The benefits with interviews by email are inter alia that it is a quick 
method, it is a more flexible method and you can go deeper into specific questions. The 
disadvantages are inter alia a risk of higher costs and that the interviewer can influence the 
answers by mistake (Kothari, 2004; Dawson, 2002). 
 
Kvalie (1997) says that the quality of the interview is essential for the quality of the analysis 
and the report. Thus, it is important that the questions are as neutral and objective as possible, 
since a subjective question will influence the answer and therefore the quality of the 
interview. Andersen and Pettersen (1995) say that an interview should be more like a 
conversation rather than a questioning. But they also mention that it is important to have an 
overview for the topics of the interview, like a guide for the interview.  
 
The benchmarking process in this thesis was essentially conducted by empirical and 
qualitative studies in the form of interviews at the four different companies. The interviews 
were mainly conduct by email, but two of the companies were also interviewed by a visit. 
These interviews were conducted verbal through an open dialogue and were semi structured, 
i.e. one person at the time was interviewed. And the email interviews were based on neutral 
questions.  

2.2.2.1.1 Questionnaire design  
Both the interviews by email and by visiting were based on four prepared main questions. The 
reason for the prepared questions was to ensure that every interview was carried out in the 
same way, whether the interviews were conducted by a visit or email. During the interviews 
conducted by a visit, these four questions were more like a guideline to ensure that each 
interview proceeded smoothly and structured. For qualitative interviews it is a benefit to have 
a standard approach and a prepared structure to ensure that every interview followed the 
pattern. Since the quality of the analysis and report is depending on the quality of the 
interviews, the questions were kept as objective as possible and questions leading the 
respondent to a certain answer was avoided. In order to achieve a clear and good result from 
the interviews, the questionnaire was based on the main questions and purpose of this thesis.  
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2.2.2.1.2 Sample design 
The interviews were conducted with four persons working at the four companies that 
participated in the benchmarking process. The companies manufacture dissimilar products but 
they all are working with inventory management and manage stocked items with a lumpy 
demand. The interviewed persons were persons who work with forecast, monitoring of 
forecasts and inventory control on a daily basis and their responsibility was to maintain an 
optimal forecast. 

2.2.3 Hypothesis test 
After the literature review and the benchmarking process that showed how different 
companies are working with this issue, a case study in form of a hypothesis test was made. 
The hypothesis test is conducted to verify the hypothesis, which was formed based on the 
analysis from the literature review and the benchmarking process. 
 
A hypothesis test is a kind of a case study. Merriam (1988) explains that case studies are not 
something new. Case studies got a lot of support and attention in the US during the late 1960s 
and the early 1970s. A case study should give a deeper and more detailed knowledge of the 
specific area and analyzes a phenomenon in its real context. Kvale (1997) says that the 
analysis is an important part of a study. Therefore it is important that the researcher in an 
early stage has figured out what he or she wants to achieve with the collection of the data. 
Ejvegård (2003) says that the purpose of a case study is to describe a specific case and not a 
whole process. It is important to keep this in mind when you analyze the case study, and to 
not try to fit in the whole process into the case study since it may result in incorrect 
conclusions. Yin (2003) says that a case study is one of several methods to do a social science 
research, other methods are for example experiments, surveys and analysis of archival 
information. He explains that case studies are used in many situations to contribute to our 
knowledge of individual, group, organizational, social, and political phenomena. He explains 
further that a case study is an empirical study that investigates a contemporary phenomenon 
within its real-life context, especially when boundaries between phenomenon and context are 
not clearly evident (Yin, 2003, p. 13). 
 
According to Gilgun (1994) and Ghauri and Gronhaug (2002) case studies has been a 
common research strategy in different environments for example political science, business 
and community planning. Merriam (1988) says that a case study is an investigation of a 
specific phenomenon. 
 
In addition to the literature review and the benchmarking process, a case study in form of a 
hypothesis test was made at the company Alfa Laval in Stockholm, Tumba. Alfa Laval is a 
very suitable company to conduct this kind of hypothesis test at. They have many stocked 
items with a lumpy demand and they require a tool to calculate forecast errors to be able to 
continuously measure how accurate their forecasts are. To conduct the hypothesis test, a tool 
was developed which calculate the forecast errors. The tool was formed based on the 
hypothesis.  
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The test was conducted by downloading historical data on Alfa Laval’s stocked articles from 
their order system, in order to verify whether the tool was able to identify the large forecast 
errors that Alfa Laval earlier had experienced and was aware of. In this way, the hypothesis 
test was completed in the most optimal way. 
 

2.3 Qualitative and quantitative research 
A research can be qualitative or quantitative, or a combination of both. 

2.3.1 Qualitative research 
Dawson (2002) describes qualitative research and explains that qualitative research explores 
attitudes, behavior and experiences through methods as interviews or focus groups. Since 
attitudes, behavior and experiences are most important in a qualitative research, few persons 
should participate, but the contact with these persons should be longer and deeper. Patel and 
Davison (2011) say that qualitative research should focus on soft values, through qualitative 
interviews and interpreted analysis. Saunders et.al. (2007) describe qualitative data as a non 
numeric data that have been quantified and can be a product of several research strategies. 
The collection methods when you do a qualitative research can be either notifications from a 
deep interview or a short list with open questions in a formula. When you have collected the 
data it is important that you analyse the data to make it useful for the research’s conclusions.  
 
To get a good overview of how Alfa Laval works with forecasts and measures forecast errors 
today, open and qualitative interviews was conducted by visiting and summarized by notes. 
To examine and compare how other similar companies measures forecast errors, questions 
was sent to other participating companies by email and two of them also by visiting. 
Respondents from each company received the same open questions, which they replied by 
email and in person. Based on this data, this research is first of all a qualitative research since 
the collected data was collected by both open and deep interviews questions. To ensure that 
all interviews were conducted in the same way, both the deep interviews and the open 
questions emailed to the respondents were based on the same four questions. These four 
questions were used as guidelines for the deep interviews and as concrete open questions for 
the respondents answering by email.  

2.3.2 Quantitative research 
Regarding quantitative research, Dawson (2002) says that quantitative research should be 
conducted by collecting statistics through large-scale survey research, using methods such as 
questionnaires or structured interviews. In a quantitative research many persons should 
participate, but the contact with these persons is quicker and shorter than in a qualitative 
research. Quantitative research is a research method where statistical and quantifiable results 
are sought. Patel and Davison (2011) say that within the quantitative method the research 
includes measurement from data collections and statistics process and analyses methods. 
Saunders et.al. (2007) explain that quantitative data is raw data that not has been processed or 
analysed. To make the collected data useful, you must analyse it. Graphs, carts and statistic 
can be useful to analyse, explore, examine, compare, describe and present the collected data.  
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In this thesis four different items was studied to examine and compare how the historical 
demand had vary over time. The historical data was collected to measure and obtain 
information about the items’ demand and to illustrate how the demand pattern over time. This 
data is stored in Alfa Laval’s computer system, from which information about for example the 
forecast, the actual demand and the ABC-classification can be downloaded. Thereafter was 
measurement of the historical data conducted. The data, in form of statistic, was analysed and 
a documents was completed to use as a tool that quickly and easily could analyse and present 
the historical data. Thus, the research has also been quantitative. So, to summarize, the study 
was both qualitative and quantitative. 
 

2.4 Validity and reliability  
Paulsson (1999) mentions three central key approach concepts when you choose method for a 
research. The three concepts are validity, reliability and objectivity. Below the concept 
validity and reliability will be described. 

2.4.1 Validity 
Paulsson (1999) explains that validity represents the extent of what you are planning to 
measure in the study. Wallén (1996) gives another definition of validity and describes that 
when you do a model/theory, you must have no bias, i.e. any systematic deviation, to ensure 
the validity of the model. Further he explains that the validity can be divided into theoretical 
and empirical validity. Wallén (1996) and Ejvegård (2003) explain that to ensure high validity 
from a theoretical perspective you need to use relevant parameters in the model. The 
empirical validity shall be investigated by studying the model's ability to predict outcomes. 
Ejvegård (2003) stresses the importance of measuring the right parameters in order to achieve 
a useful result when the analysis is completed. He also says that it is important to know what 
the measurement stand for and how the measurement should be used.  
 
For the validity of the study it is important to measure the right objects and facts for the study. 
The purpose of this study is to review the forecast accuracy and therefore it is important to 
measure objects and facts related to forecast accuracy. To compare how companies works 
with this specific topic it was important to ask questions related to the purpose. The questions 
asked was questions about forecast accuracy and intended to examine how companies 
measured forecast accuracy. To obtain a useful result for the analysis it was important to 
figure out how the companies work with this issues and which method they used.  
 
To measure forecast accuracy you need to measure forecast errors. The methods used to 
measure forecast errors are methods that have been developed by different authors, for 
example Ghobbar (2004a), Chopra and Meindl (2001) and Chase (2013). The methods 
illustrate how this issue has been dealt with historically. To ensure the validity of this study, 
the choice of methods to measure forecast errors was based on the methods developed by 
these authors. Thus, the forecast errors were measured with methods that had been tested for 
their validity through the years. The study is therefore conducted by measuring relevant 
objects and facts to achieve a high validity.  
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The measures used in the tool are scientific tested and verified, as they must, to ensure a high 
validity of the result. The tool shows a result that corresponds to the purpose of the study. In 
this light, the study shall have a high validity. To further ensure a high validity in this case, 
the model was tested during a long period of time. It is not until the model has been used for a 
while, as you can identify benefits with the model, if the model generates improvements and 
if the model has any bias. 
 
The collection of historical data on Alfa Laval’s articles was chosen to ensure a high validity 
of the study. Different books and articles were used to obtain broad background for the 
analysis and to obtain a high validity. It is always possible to obtain a higher validity by using 
more literature and complete more interviews, but because of the time limitation for the study 
no more interviews and literature reviews was possible to conduct. By analysing the results of 
both the literature and the interviews, formulating a hypothesis and then test the hypothesis at 
a company that worked with forecasts and managed items with a lumpy demand, the study 
achieves a high validity. Especially the hypothesis test is something that increases the validity 
of the study; since the test was conduct at an optimal company that managed items with a 
lumpy demand and the results proved to be valuable and useful for the company. Thus, the 
combination of the litterateur review, the benchmarking process and the hypothesis test, the 
study achieves high validity. 

2.4.2 Reliability 
Paulsson (1999) and Eriksson and Wiederheim-Paul (1999) explain that the degree of a 
study’s reliability shows in which extent one would obtain the same result if one repeated the 
study or task. In other words, if someone conducts the same study or task, with the same 
methodology, he or she should get the same result. Wallén (1996) give a more general 
definition and explains that reliability shows whether the measure is free from random errors.  
Ejvegård (2003) says that reliability indicates the accuracy of a tool. He further says that 
when a scientist does measurements he or she often develop a tool for the task. If another 
person tries to do the same measurement the person must be aware of the fact that the tool that 
was used in the first place may be different from the person’s own tool. This deferens can lead 
to different results. Patel and Davidson (2011) write about the reliability when interviews and 
observations are used in a study. If interviews and observations are used, the reliability 
depends on the interviewing person’s ability to interpret the collected information. The 
reliability is higher if the interviewer is trained and experienced and the interviews are 
structured.  
 
The literature review is based on several articles and books. To ensure the reliability of the 
presented information in this study, the information was verified by reviewing several 
authors’ opinion on this topic and issue. The analysis takes into account various authors’ 
opinion to make the conclusions as reliable as possible. In this light, the reliability of the 
study is high. 
Interviews and surveys is also an important part for the result and the conclusions in this 
thesis. The reliability of data from interviews is complex. The interviewer’s ability to interpret 
and experience could be essential. It is important that the interviews are structured. Since the 
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interviews have been based on the same questions and guidelines the reliability of the 
interview data should be high. The experience achieve from conducting the literature review 
was useful to the interviewer when preparing questions and guidelines and during the 
interviews. Moreover, the interviews were conducted based on four questions that were open-
generated and resulted in concrete answers. The concrete answers gave an objective result.  
Regarding the reliability of the measurements the following could be noted. If someone would 
do the same measurements, he or she would probably come to the same result. The reason for 
this is that the benchmarking process and the literature review showed that the applied method 
was the best alternative to calculate forecast accuracy under the current conditions. But if the 
conditions would change, it might exist a better alternative. The tool was carefully based on 
several methods and theories. The tool was developed to ensure a high reliability and to not 
generate random errors. However, random errors might occur when the tool has been used 
during a longer period of time. In this light, the reliability of the study should be high.  

  



 

 14 

3 Theoretical framework 
In this chapter, the theoretical framework, which is one part of the underlying basis to 
supports the results of the thesis, is presented. The chapter begins with a description of basic 
theories about logistic and how different authors describe the concept of logistic and logistic 
systems. Then a description follows on how companies should work with customers’ demand 
and inventory to achieve profitability. Thereafter, an explanation follows on the importance of 
a good forecast and a forecast method to meet the demand, and further how the choice of 
methods depends of the categorization of customers’ demand. Finally, uncertain demand is 
discussed and the different types of accuracy measures techniques are presented.  
 

3.1 Logistic and the logistic system 
Logistic is the process of strategically managing the procurement movement and storage of 
materials, parts and finished inventory (and the related information flows) through the 
organization and it’s marketing channels in such way that current and future profitability are 
maximized through the cost-effective fulfillment of orders.  

(Christopher, 2005, p. 4)  
 
The definition of logistic varies depending on which author you ask. According to Lumsden 
(2012) logistic is about controlling the material flows in an effective way. He says that 
logistic is about controlling the material flows together with associated the activities and 
systems. According to Fredholm (2013) logistic is defined as the activities that intend to 
provide the right product or service at the right place at the right time and in the right quantity 
at the lowest possible cost.  
 
Oskarsson et.al. (2006) describe that the material flow into, through and out of a company is 
called a company’s logistics system. The key for higher profitability and competitiveness is to 
work with the efficiency of a company’s logistic system. They also explain, as Fredholm 
(2013) do too, that the goals for the logistic is that all customers should receive the products 
they demand at the right place and at the right time to the minimum cost.  Oskarsson et.al. 
(2006) further explains that the most important with logistics is to strive for the lowest 
possible total logistics costs and still maintain the highest possible delivery service. They 
stress that from the customer’s perspective these requirement are realistic. But from the 
producers perspective it is more complicated. To meet these requirements companies need to 
have a better delivery service and at the same time they need to reduce the costs. To achieve 
this the companies need to coordinate a well-functioning distribution, production and supply 
of materials. 
 
Thus, based on Fredholm (2013) and Oskarsson et.al. (2006) definitions of logistic, logistic is 
about providing the right products or service at the right place at the right time, with the right 
quantity and at a minimum cost and to achieve this you need to, as Lumsden (2012) explains; 
control the material flows in an effective way.  
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Lumsden (1998) describes the “logistic goalmix”. It is a model that shows the connections 
between the basic objectives that the logistic is based on. The three objectives are that the 
supplier want to have a high service level by having high stock availability and quick 
deliveries, the tied up capital should be as low as possible with short cycle times and the 
processing cost should be as low as possible. It is important that the three different objectives 
have a balance between each other. See figure 1. 
 

 

3.1.1 Inventory and working capital 
Depending on which person in a company you ask they would have a different opinions on 
the inventory and the quantities in the inventory. Oskarsson et.al. (2006) explain that if you 
ask the person that is responsible for the economy, he or she would like to have the lowest 
inventory possible to avoid to tie capital. If you ask the person that is responsible for the 
marketing, he or she would like to have high availability on the items, and therefore a high 
inventory levels to ensure the deliveries to the customers. They say that a producer should 
strive for a low total costs and to keep an inventory costs money. Both Lumsden (1998), 
Oskarsson et.al (2006) and Koumanakos (2008) are examples on authors that describe the 
inventory as a cost for the logistic system. As an example on costs for the logistic system, 
Oskarsson et.al (2006) describe the inventory carrying costs as necessary a costs to keep 
stocked items. They explain that the inventory carrying costs equals the value of the stocked 
items. They also describe the risks associated with keeping stocked items because of: 
 

· Obsolescence. 
· Wastage and scrape. 
· Insurance. 

 
The costs associated to these the risks depend on the size of the inventory, more products in 
inventory results in higher risks that sometimes occurs (Oskarsson et.al. 2006). 
 
Koumanakos (2008) mentions disadvantages to have an inventory and says that too much 
inventory: 
 

· Brings up space. 
· Creates a financial burden. 
· Increases the possibility of damage, spoilage and loss.  

Delivery service 

Tied up capital Processing cost 

Figure 1 - The logistic goal mix (Lumsden, 1998, p. 226) 
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Oskarsson et.al. (2006) give an example and explain that we can see the items that are in 
stock as bundles of cash. If the number of bundles decreases, capital are released and can be 
used for example investments.  

3.1.2 Delivery service  
One can ask why we need to keep inventories. But Davis (1993) writes that the reason why 
we keep inventories is simple. Davis (1993) says that inventory is insurance in an uncertain 
world. To meet the uncertainty demand we need to keep an inventory like insurance. 
Lumsden (1998) explains that the goal for a producing company is to meet the customers 
demand and to ensure that the company has to keep an inventory. 
 
Both Oskarsson et.al. (2006) and Davis (1993) mention that the customers’ demand is 
uncertain and not predictable and that the customers’ demand marks a source of uncertainty in 
the supply chain. Davis (1993) say that to meet the objectives for the customer service and to 
ensure the delivery to the customer even if something goes wrong or if the demand is 
uncertainty, companies keep a little bit extra material around. The extra material is called 
safety stock. The more variable the orders are, the more safety stock is required to constantly 
meet the customers’ demand. Davis has made a pie chart that shows that the main reason why 
companies keep inventory and safety stock is the variance in the demand. See figure 2. 
 

 
To ensure the customer service level it is very important to be able to meet the demand when 
it increases. If something goes wrong in the production or if a supplier does not deliver on 
time the customer service level will decrease. This is the reason why for companies, that 
manage uncertain demands, have safety stocks. When everything goes according to plan 
Oskarsson et.al. (2006) explain that the safety stock is not necessary, but when something 
unexpected happens, for example delayed incoming deliveries, defects in incoming deliveries 
or increased in demand, the safety stock will ensure that the company can deliver and 
maintain a high customer service level.  

Demand variance 

Process variance 

Supply variance 

Minimum stock 
(Review periods etc.) 

Figure 2  - The root causes of inventory (Davis, 1993, p. 44) 
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Regattieri et.al. (2005) write about an example when inventory management becomes 
important. Their example is about management of aircraft fleets and explains that in these 
cases, the inventory management of spare parts is essential. In their study they explain that 
when it comes to spare parts, you need to keep a large stock. It costs money when an aircraft 
is out of service and therefore it is important for airlines to have a policy for handling with 
surprising mechanical problems when their aircraft’s are away from the home base. In this 
context the spare part inventory management becomes important. They explain that it is, in 
these cases, important that you quickly can handle the surprising mechanical problems so the 
aircraft can become active again and not cost money for the company.  

3.1.3 ABC-classification 
A constantly used term in logistic is ABC-classification. ABC-classification helps companies 
to prioritize. A company usually has a lot of articles to manage, and to do so the ABC-
classification can be useful to divide the articles in different product groups based on the 
article’s profitability for the company. The classification is done by dividing all articles in the 
assortment into three groups: A, B and C. Group A is the most important articles. These 
articles have a high volume value and generate most profitability for the company. Group A 
usually consists of few but important articles. Group B is usually consists of a larger number 
of articles but the items do not generate as much profitability for the company as the group A-
articles, i.e. the volume value is lower. Group C consists of the least important articles. These 
articles have the lowest volume value and generate lowest profitability for the company. A 
general rule for this type of classification is the 80/20 rules, which means that 80 % of the 
revenue shall be derived from 20 % of the articles (Oskarsson et.al. 2006; Lumsden, 1998). 
Figure 3 illustrating the ABC-classification. 
 

 
 

 
 
 
 

A B C 

Volume value 

Article 
Figure 3 - ABC-classification based on volume value (Lumsden, 1998, p. 386) 
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3.2 Forecasting 
Mattsson and Jonsson (2003) describe that forecasts can be defined as an implementation of a 
future assessment. Olhager (2000) says that the purpose with forecasting is to increase the 
knowledge about the future demand by planning in advance and explains that the knowledge 
about the future demand can lead to shorter lead-times, smoothing exploitation of products 
and secured access to the products. Segerstedt (2008) mentions that all decisions are based on 
a forecast, consciously or unconsciously. If a forecast for example is wrong, you will in the 
future correct the forecast and hence is the decision to correct the forecast based on a forecast. 
 
Mattsson and Jonsson (2003) describe that forecasts in a company may concern of both 
strategically, tactical and operational decisions. Forecasts are about future conditions related 
to a company’s future demand of different products. In their article they clarified what needed 
to be forecasted and said that everything delivered to the customer within a shorter time than 
the production or procurement time need to be forecasted. Thus, in these cases you need to 
measure the previously demand. Oskarsson et.al. (2006) also describe that to make strategic, 
tactical and operational decisions you need information about the customers’ future demand, 
i.e. how much the customers will demand of each product. They explain that the goal with 
forecasting is to predict the future to be able to stock the right products with right quantity at 
the right time. Robeson (1994) explains that the forecast is based on three different types of 
data:  

· Methods based on causation. 
· Assessments by experts and historical. 
· Data based methods. 

Mattsson and Jonsson (2003) say that the choice of material planning methods depends on the 
forecasted articles. They explain that to choose a suitable forecasting method, the customers’ 
demand and the demand pattern is of great interest. Krajewski and Ritzman (2005) agree with 
them and say that the responsibility for the person that calculates the forecast is to calculate a 
forecast that suits the demand pattern best. They finally mention that a forecast often is build 
on a smooth demand pattern, but that an article often have a variation in the demand and 
therefore it is extra important to clarify which demand pattern the different articles have. 

3.2.1 Modeling and categorizations of demand 
According to Axsäter (1991) it is common that forecasts are based on historical data. 
Therefore to choose a suitable method to calculate the forecast, knowledge about the demand 
pattern is needed. Olhager (2000) illustrate the most common demand patterns, see figure 4 to 
8. 
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Demand 

Time 
Figure 4 - Trend demand (Olhager, 2000, p. 154) 

Demand 

Time 
Figure 5 - Season demand (Ibid) 

Demand 

Time 
Figure 6 - Cycle demand (Ibid) 

Demand 

Time 
Figure 7 - Level demand (Ibid) 

Demand 

Time 
Figure 8 - Random variety demand (Ibid) 
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Mattson and Jonsson (2003) explain that the random variety demand is the most difficult to 
meet and respond to when it comes to forecasting.  
 
When you have a lot of different articles with different demand patterns, it is important to 
categorize them. Lengu et.al. (2014) are some of the authors that write about categorization of 
articles. In this case they do not refer to ABC-classification based on volume value and 
profitability for the company, cf. section 3.1.3. In this case they refer to classification based 
on demand, i.e. depending the level and variations in the demand. The demand classification 
is an important operational issue when managing stocked spare parts. Demand classification 
is useful when making decision regarding forecasting and inventory control issues. Syntetos 
et.al. (2005) describe categorizing of demand patterns and divide the demand patterns into the 
four following classes: 
 

· Smooth. 
· Erratic (in terms of demand sizes, but not very intermittent). 
· Intermittent (in terms of intervals having no demand occurrences, but not very erratic). 
· Lumpy (intermittent and erratic). 

Both Williams (1984) and Syntetos et.al. (2005) describe the variation in the demand and 
when the demand occurs. Williams (1984) mentions that the demand pattern and the 
variations is the most interesting when you review forecasts and categorize items. Syntetos 
et.al. (2005) explain that the categorization of the items is controlled by the cut-off values 
CV2 = 0,49 and ADI = 1,32. Where: 

· CV2  is the coefficient of variation of demand. 
· ADI is the coefficient of inter-demand interval.  

According to Williams (1984) and Syntetos et.al. (2005), these two coefficients will decide in 
which category the items should be. This categorization of the demand has been done in many 
other studies. Ghobbar and Friend (2003) and Boylan et al. (2008) are two examples that used 
this categorization and these cut-off values in theirs studies about intermittent and lumpy 
demand. See figure 9 for an illustration of the demand classification. 
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To describe the demand classification more in detail see the following description made by 
Ghobbar (2004a):  

· If the “𝐴𝐷𝐼 ≤ x, 𝐶𝑉!≤ y” condition exist, it is an item with a smooth demand. It means 
that it is not so much variation in the demand and the demand occurs at regular 
intervals, i.e. periodically.  This is the category for items that are not very intermittent 
and erratic. The demand pattern for these items does not result in any forecast or 
inventory control troubles.  

· If the “𝐴𝐷𝐼 ≤ x, 𝐶𝑉!> y” condition exist, it is an item with erratic but not very 
intermittent demand. This means that there are variations in the demand, i.e. the 
quantity of the demand has a variation, but the demand occurs at regular intervals, i.e. 
periodically. Thus, the challenge with these items is to meet quantitative variation 
since the items are erratic but not very intermittent.  

· If the “𝐴𝐷𝐼 > x, 𝐶𝑉!≤ y” condition exist, it is an item with intermittent but not very 
erratic demand. This means that there are small variations in the demand i.e. the 
quantity of the demand is more constant, but the demand occurs at irregular intervals. 
Thus, the challenge with these items is to meet the variations in the demand when it 
occurs since the demand size is not very erratic.  

· If the “𝐴𝐷𝐼 > x, 𝐶𝑉!> y” condition exist, it is an item with lumpy demand. These 
items generate the greatest challenge for companies. These items have a big difference 
between each period, i.e. the quantity of the demand varies a lot. These items have 
periods with zero demand and periods with demand, so it is a challenge to meet the 
highly irregular demand both quantitatively and with various interval.  

  

 
Erratic  

but not very 
intermittent 

 
´Lumpy´ 
demand 

 
Intermittent 
but not very 

erratic 

 
´Smooth´ 
demand 

CV2 = 0.49 

ADI = 1.32 

Figure 9 - Categorization of demand (Ghobbar, 2004a, p. 11 and Regattieri et.al. 2005, p. 428) 

 



 

 22 

3.2.2 Forecasting methods  
It is important to have a well functioning forecasting system to have a balance in the 
inventory and purchase at all time (Mattsson and Jonsson, 2003). It is important to have a 
appropriate spare parts inventory level that meet the customers demand and still not create an 
overloaded inventory level. To determine appropriate spare parts inventory levels, you must 
know the maintenance and parts forecasting that feed the material replenishment planning, 
MRP, system (Ghobbar and Friend, 2003). Ghobbar (2004b) studied a small number of 
companies and their inventory forecasting systems. 9% of these companies had issues in the 
forecast demand for parts and some of these companies therefore searched for better 
forecasting systems. Axsäter (1991) explains that a good forecasting system shall indicate 
when an inventory should be loaded and how much quantity the inventory shall be loaded 
with. The inventory shall ensure that the demand shall be satisfied without the risk of lacking 
items in the inventory. At the same time a good forecasting system shall minimize the 
working capital costs. Different companies use different methods to calculate and get the most 
optimal forecast based on the variance in the demand pattern. Chopra and Meindl (2001) and 
Mattsson and Jonsson (2003) describe the most common forecast methods that are: 
 

· Moving average. 
· Simple exponential smoothing. 
· Trend- Corrected exponential smoothing.  
· Trend- and Seasonality- Corrected Exponential Smoothing.  

 
Chopra and Meindl (2001) explain that the goal of all forecasting methods is to forecast the 
systematic component of demand and guess the random component. All the different methods 
have its benefits and disadvantages and takes different factors into account depending on, for 
example, customers’ demand.  Ghobbar and Friend (2003) explain that the variation in the 
demand constitutes a problem for companies when they decide forecasts. The intermittent 
demand produces a series of random values that appear at random intervals and leaving many 
time periods with no demand. The demand pattern from the customers’ demand should 
determine the most appropriate method to gain greatest benefits. 

3.2.2.1 Moving average 
Mattsson and Jonsson (2003) explain that the moving average method calculates the average 
of the actual demand over a number of periods backwards. When you are using moving 
average you replace the oldest periods of the demand value and replace it with the last periods 
demands value. Moving average method fulfills high requirements on stability and also 
fulfills high stability against random fluctuations if many periods of demand are included. The 
number of periods that should be included in the moving average calculation is determined in 
each case and depends on the specific situation and demand scenario. The choice of periods 
often depends on the period lengths and the demand variations. Mattsson (2010) gives a 
guideline when you choose an appropriate number of periods and explains the following: 
 

· Few periods result in better contouring for example if it is a trend or a seasonal 
changes in the demand. 
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· Many periods result in a more stable the forecast, which will not be affected by 
random variations. 

· If there are periods of seasonal random variations an equal number of periods should 
be chosen.  

 
He also illustrate a table that describes how many months back you should include when you 
calculate the mean average, based on different demand scenarios. See table 1.  
 
Table 1 – Guidelines for the number of periods when using moving average 

Demand scenario  Number of periods in the moving average 
Random demand with moderate variations 18 
Random demand with large variations 18 
Demand with a trend and moderate variations 6 
Demand with a trend and large variations 18 
Seasonal varied demand 12 

 
     (Mattsson, 2010, p. 258) 
 
But the consequences of Mattsson’s instructions are they reduced the ability to see trends and 
other systematic changes. According to Chopra and Meindl (2001) moving average methods 
should be used when the demand has no natural trends or seasonality.  

3.2.2.2 Simple exponential smoothing 
Mattsson and Jonsson (2003) explain that when you are using the moving average as a 
forecast method all the demands values give the same weight in the calculations, regardless of 
age. Simple exponential smoothing method instead takes higher information value on the 
most fresh demand value. So the most fresh demand values results in higher weight than the 
older demand values. Chopra and Meindl (2001) say that this method counts in 𝛼, smoothing 
constant, which weighing the freshest values higher than the older demand values. The 
smoothing constant will fluctuate between zero and one.  

3.2.2.3 Trend-corrected exponential smoothing  
Trend-Corrected Exponential Smoothing is appropriate when the demand is expected to have 
a level and a trend in the systematic component but no seasonality (Chopra and Meindl, 
2001). Mattsson and Jonsson (2003) describe that it is especially important to take the trends 
into account if the forecast not only refers to the next following period but also for a long time 
to come. It is especially important to use this method if you should produce a production plan.  

3.2.2.4 Trend- and Seasonality- Corrected Exponential Smoothing  
Trend-Corrected Exponential Smoothing is appropriate when the systematic component of 
demand is expected to have a level, trend and seasonal factor (Chopra and Meindl, 2001).  
Mattsson and Jonsson (2003) write about the variations that depend on seasons. In this case 
you need to take the seasonal variations into account when you calculate and determine the 
forecast. To do this, you need to determine the so-called seasonal index, which is expressed 
by the size of the seasonal variation. This method is similar to the trend-corrected exponential 
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smoothing method when you take the trends into account. But, in this case you take the 
seasonal index into account instead.  

3.2.3 Forecast errors and forecasts monitoring 
A common goal when you decide a forecast method is to minimize the errors in the forecast. 
The definition on a forecast error is the difference between the forecast demand and the same 
period’s actual demand (Mattsson and Jonsson, 2003; Olhager, 2000). In other words, 
Ghobbar (2004a) describes it as the difference between the actual value and the value that was 
predicted. Mattsson (2003) describes that the greater the forecast errors are the worse are the 
forecast quality. 
 
Olhager (2000) describes five characteristics of a forecast. These characteristics are important 
to understand to get an effective forecasting organization and these are the following: 
 

· A forecast is usually wrong. The errors are hard to avoid but important to follow up. 
· A good forecast is more than a single number. Since the forecast often is wrong, the 

companies should take the errors into account. A good forecast should have a measure 
on expected forecasting errors. 

· Aggregated forecasts are better since the sum of number of independent products 
shows a more safe and reliable forecast than a forecast for the single product. 

· The forecast accuracy is better over the forecast horizon. The forecast accuracy is 
betters over time since the cumulative sum of forecast errors can cancel out each 
other. 

· Forecasts should not replace known information. Even thought the system shows good 
forecasts it is important to take known information into account, for example a known 
upcoming promotion that will increase the sales volume. 

3.2.3.1 Forecast will always be wrong, why? 
Both Silver et.al. (1998), Christopher (2005) and Mattsson and Jonsson (2003) describe 
forecast uncertainty and that the forecast probability always will be wrong. Mattsson and 
Jonsson (2003) also say that forecast per definition is wrong. Christopher (2005) says that an 
ongoing problem for most organization is the inaccuracy of the forecasts. Silver et.al. (1998) 
say that a forecast will be wrong and errors will occur. What they mean is that is almost 
impossible to predict exact forecasts. Both Christopher (2005) and Mattsson and Jonsson 
(2003) mention that it does not matter how good the forecasts are or how complex the forecast 
techniques are, the instability of the markets confirm that the forecasts always will be wrong 
and that errors therefore always will exist. The authors explain further why these errors occur 
and Christopher (2005) and Mattsson and Jonsson (2003) describe two examples. Mattsson 
and Jonsson (2003) say that since the forecast represent a calculation of a future demand, it 
will basically never be fully in line with the actual demand. We need to accept this but still 
work with this issue to keep the errors as minimal and small as possible. The authors mention 
the following as different reasons for why forecast errors exist and become unacceptably 
large: 
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· Lacking in the forecasting methods. 
· Lacking in the forecast basis. 
· Lacking in the interaction between automated forecasting and manual calculations. 
· Lacking in the forecasting responsibility and forecast checking. 

 
Christopher (2005) further describes lead-time and that the lead-time can be the reason for 
forecast errors. Many forecast errors are the result of inappropriate forecast methods. The 
main cause of these problems is that the forecast errors increase when the lead-time increases. 
In other words, the further ahead the forecast horizon is, the greater the error is. See figure 10. 

 

Mattsson (2003) explains that the variation in the demand is natural and occurs due to 
randomly emerging needs. He also mentions that it is both impossible and unreasonable to 
predict them.  

3.2.3.2 Uncertainty and lumpy demand 
Lumsden (2012) say that one of the biggest problems in the logistic is to handle the 
uncertainty in different parameters. As an example he gives the uncertainty in the demand. 
Both Ghobbar and Friend (2003), Willemain et.al. (2004) and Ghobbar (2004a) write that 
forecast errors and uncertainty exist due to items with a lumpy demand. The reason for this is 
that the quantity and demand for these items varies a lot. These items may also have periods 
of zero demand. Hence, it is a challenge to meet the highly irregular demand both 
quantitatively and at each occasion.  

Syntetos et.al. (2005), Mukhopadhyay et.al. (2012), Willemain et.al. (1994) and Syntetos and 
Boylan (2001) are examples on authors that write about items with lumpy demand. Syntetos 
et.al. (2005) for example say that the demand is classified as lumpy when CV2 > 0,49 (when 
the variation of the demand is bigger than 0,49) and ADI > 1,32 (when the inter-demand 
interval is bigger than 1,32), see top right corner of figure 9 above. Items with an intermittent 
or a lumpy demand have been observed in different areas, in both manufacturing and service 

Forecast error 

Time 

Figure 10 - Forecast error and planning horizons (Christopher, 2005, p. 149) 
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environments. Willemain et.al. (2004) write that items with a lumpy demand exist in both 
manufacturing and service environments. They write that intermittent or lumpy demand has 
been observed in electrical equipment, jet engine tools and veterinary health products. 
Syntetos and Boylan (2001) write that intermittent or lumpy demand has been observed in the 
automotive industry. Teunter et.al. (2010)1 write that intermittent or lumpy demand has been 
observed for maintenance parts for both commercial and military aircrafts. This shows that 
lumpy demand is a current topic that affects many different areas. They also mention that the 
items with intermittent or lumpy demand complicate the challenge of inventory management.   

As Lumsden (1998) mentions when he describes the “logistic goalmix” you need to have a 
balance in the inventory with the holding costs to achieve a good inventory management. To 
achieves balance in the inventory Regattieri et.al. (2005) explain that the methods require that 
forecast errors and accuracy can be measured.   

3.2.3.3 Why measuring errors 
Mattsson and Jonsson (2003) explain that forecast errors are something that we need to accept 
and work with to keep them as minimal and small as possible. Since a forecast always is 
wrong it is important to calculate the forecast errors. If a company is using automatic 
forecasting it is also important to control the forecasts output. The purpose in this case is to 
signal if and when intolerable forecast errors occur so manual adjustment can be made. The 
purpose with measuring forecast errors is to identify single random errors and systematic 
errors that show if the forecast systematically is too high or too low. A forecast methods 
performance can be evaluated by calculate the number of measured forecast errors (Ghobbar, 
2004a). Axsäter (1991) also explains that you need to calculate the forecast errors and 
measure the forecast accuracy to dimensioning how large the safety stock should be.  

Both Chopra and Meindl (2001), Silver et.al. (1998) and Olhager (2000) argues for why you 
should measure forecast errors. Chopra and Meindl (2001) mention the following two 
different reasons why managers do error analysis on forecasts:  

1. Error analysis can be used to determine whether the current forecasting method is 
accurately predicting the demand. If the forecast method for example always results in 
a positive error, the manager easily can see that the forecasting method is over 
predicting, and take the right actions thereafter. 

2. The contingency plan must take the errors into account. An example is reported that 
describes a scenario between two different suppliers. The first supplier is located in 
Asia and has a lead-time on two months and the second supplier is a local supplier and 
has a lead-time on one week. Today a company has the supplier in Asia since it is 
cheaper. But if the demand exceeds the quantity the Asia supplier provides, the 
company needs to have a second opinion with a shorter lead-time. Thus, the size of 
forecast error gives a hint about the contingency plan.  

 

                                                
1 Basic source not found  
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Silver et.al. (1998) say that companies need to follow the statistic of errors for two important 
reasons: 

1. The service provided to customers will depend on the distribution.  
2. The choice of forecast model depends on the measure of bias in recent forecast. 

Olhager (2000) says that the forecast errors are examined for two reasons:  
 

1. To control that the forecast method gives an acceptable estimation of the demand. 
2. To dimension a proper safety stock. 

 
Both Wemmerlov (1989) and Zhao and Lee (1993) clarify that forecasting errors increase the 
total costs and reduce the service level in the MRP systems. Regattieri et.al. (2005) clarify 
that good forecasts of consumption are important and influence both performance and 
economic returns on capital. Thus, based on what Wemmerlov (1989),  Zhao and Lee (1993) 
and Regattieri et.al. (2005) say, there are good reasons to measure the forecast errors and 
forecast accuracy. 
 
Mattsson and Jonsson (2003) say that since forecast errors always will exist it is important to 
calculate the forecast errors to control that the forecasts are within the acceptable error 
margins. They also mention that it is very important to measure forecast errors if you use 
moving average method or simple exponential smoothing method to calculate the future 
forecasts. As an example, when you use moving average method and take the average for a 
number of periods back, the forecast will not respond on large variations during a long time 
and eventually then it may be too late to adjust the forecast and the inventory levels. 

3.2.3.4 How to work with forecast errors  
Chopra and Meindl (2001) write that as long as observed errors are within historical error 
estimates, company can continue to use their current forecasting method. If you observe an 
error that is well beyond historical estimates, these findings may indicate that the forecasting 
method used is no longer appropriate. When you review and follow up the forecast quality 
Mattsson (2003) explains that it is more important to understand the systematic forecast errors 
than to understand individual fluctuations in demand. He shows an example that describes 
two different scenarios. In both scenarios below, the forecast is the same but the actual 
demand is different. See figure 11.  

Forecast error 

1. 2. 

Demand Forecast 
Figure 11 - How the demand can variety verses systematically forecast errors (Mattsson, 2003, p. 2) 
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Figure 11 above shows that the forecast error, which is measured by the difference between 
the forecast and the actual demand, is larger in case 2 than 1. But Mattsson (2003) explains 
that this is not enough to be able to determine that the forecast error is larger in case 2 than 1. 
If you calculate the mean value of the actual demand over time, it is the same as the mean 
value of the forecast in case 2. So the forecast is exactly correct over a number of periods for 
this scenario. But, the forecast in case 1 is systematically too high and thus must be 
considered to be more incorrect than in case 2. To measure systematically forecast errors he 
says that you need to review the variations over a number of periods. For example you can 
measure the forecast errors by comparing a rolling four-month forecast average with a rolling 
four-month moving average of actual demand. How many months you should review depends 
on how the demand pattern look like. Large variations from period to period indicate that you 
need to review more periods. And if you see that trends exist you may review a smaller 
number of periods. To measure and compare the average of the forecast with the average of 
the actual demand over a number of period, you can apply the same calculation as when 
calculating the rolling average value of the forecast error during the same period. 

Arnold et.al. (2008) listed four principles regarding forecasts. Two of the four principles show 
that you should calculate on forecast errors: 

· Forecasts are about the future and will in some degree show errors.  
· Forecasts shall include an estimate on errors in percent.  

Mattsson and Jonsson (2003) also say that it is common, when following up forecasts and 
forecast errors that we calculate both the average of the forecast errors and the average of the 
forecast in absolute number. Arnold et.al. (2008) explain that the whole point to measure 
forecast errors is to be able to react on forecast errors by planning. When an unacceptable 
error occurs, the error should be observed and an investigation on why the error exists needs 
to be done. Chopra and Meindl (2001) also say that forecast errors must be analyzed 
carefully. 
 
Mattsson and Jonsson (2003) also talk about planning for the future based on forecast errors. 
Since forecasts have errors, big or small, it is important to study the uncertainty that is 
connected with the forecast when planning for the future. It is important that a forecast consist 
of the two following numbers: 
 

· One forecast value. 
· One margin of error.  

 
If you have those values you have a basis to analyze different scenarios and to create a 
document/tool to prepare for the event that the actual demand differs from the forecast in any 
direction. In this way margins should be determined that clarifies how large errors can be, and 
the forecast errors should constantly be measure to ensure that the forecast errors are within 
the margins for the acceptable errors (Ibid). 
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Mattsson (2003) explains that for forecast quality and follow up of forecasts, it is 
uninteresting to measure differences between forecasts and actual demand during short 
periods. These differences are random variations that cannot be predicted. These random 
variations need to be handled by the safety stock and other buffers. Hence, the difference 
between forecast and actual demand during individual periods should not be regarded as a 
forecasting error. The forecast from period to period cannot be predicted. Instead you need to 
build up preparedness in form of safety stock, alternatively, improve flexibility to handle the 
variations and review the forecast over time. 

Bartezzaghi and Verganti (1995) explain that a lot of methods and techniques have been 
developed to manage the uncertainty of the demand of MPS units. But there is a lack of 
methods to handle uncertainty when demand is lumpy. It is important to in an effective way 
handle the items with lumpy demand since this will result in competitive benefits. Gutierreza 
et.al. (2008) describe that the future demand plays a very important role in the production 
planning and inventory management, therefore a fairly accurate forecast is needed.  

3.2.4 Accuracy measuring techniques 
As mentioned a forecast is always wrong and therefore you need to measure the forecast 
errors. When you calculate the forecast errors the errors could be divided into random and 
systematic errors. An example on a systematic error is that the forecast is constant too low or 
high. This kind of error may occur if you do not study the forecast carefully enough. The 
random error is a result of unpredictable factors, which result in that these errors are hard to 
handle with (Krajewski and Ritzman, 2005).  
 
Since you know that the forecast will be wrong, it is of interest to see how much and if the 
error is positive or negative (Arnold et.al. 2008). The persons working with forecasts and 
forecast errors always try to minimize the effect of random and systematic errors. Before you 
can minimize the errors, you need to know how you measure forecast errors (Krajewski and 
Ritzman, 2005). The measuring method should be easy to use, easy to interpret, time effective 
and cost effective (Carbone and Armstrong, 1982; Mentzer and Kahn, 1995). 
 
Guenzi and Geiger (2011), Makridakis et.al. (1998), Ghobbar (2004a), Lumsden (2012), 
Chopra and Meindl (2001) and Mattsson and Jonsson (2003) are examples of authors that 
clarify different techniques to measure forecast accuracy. Makridakis et.al. (1998) say that 
most forecast errors measures can be divided into two groups which are standard and relative 
error measures. Guenzi and Geiger (2011) and Chopra and Meindl (2001) clarify the standard 
absolute measures as: 
 

· Cumulative sum of forecast errors. 
· Mean error. 
· Mean absolute deviation. 
· Sum of squared errors. 
· Mean squared error. 
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And the relative measures as: 
 

· Mean percentage error. 
· Mean absolute percentage error. 

3.2.4.1 General about forecast errors 
Ghobbar (2004a) clarifies the common accuracy measures based on the description from 
Makridakis et.al. (1998). They explain that if 𝐷! is the actual value for time period 𝑡 and 𝐹! is 
the forecast for the period 𝑡, the forecast error for that period is the difference between the 
actual value and the forecast as following: 

𝐸! =   𝐹! − 𝐷! 

Chopra and Meindl (2001) explain the forecast error in the same way and mention that the 
error in the period 𝑡 is the difference between the forecast for period 𝑡 and the actual demand 
for period 𝑡. Silver et.al. (1998) and Ghobbar (2004a) both illustrate the measures of forecast 
errors and Ghobbar (2004a) say that when you evaluating performance for multiple 
observations, say 𝑛, there will be 𝑛 error terms. Mattson and Jonsson (2003) say that if the 
forecast error is positive, the forecast is too high and if the forecast error is negative the 
forecast is too low.  

3.2.4.2 Cumulative sum of Forecast Errors, CFE 
Chopra and Meindl (2001) explain that to determine whether a forecast method consistently 
over- or underestimates the demand, you can use the sum of errors to evaluate the bias. 
Krajewski and Ritzman (2005) call it CFE and illustrate the formula as following: 

𝐶𝐹𝐸 = 𝐸!

!

!!!

 

They mean that when you measure the forecast error over a longer period, this formula is 
more interesting. CFE will illustrate whether the forecast tend to be higher or lower than the 
actual demand. It is the sum of all errors in the given period; n. Chopra and Meindl (2001) say 
that it will fluctuate around 0 if the error is truly random and not biased one way or the other. 
Krajewski and Ritzman (2005) say that if the forecast have no systematic errors, large 
positive errors can become large negative errors in the CFE-measurement. But if a forecast 
always is too low related to the actual demand, the CFE-measurement will continue to 
increase, and this will result in a systematic error in the forecast. Harrison and Davies (1964) 
say that to examine and see if clear tendencies exist for under- or over-forecasting you should 
plot CFE in a graph or calculate how forecast errors runs over time.  

3.2.4.3 Mean Error, ME 
The ME is the sum of all the forecast errors, 𝐸! ,  divided with the number of observations. 
Krajewski and Ritzman (2005) say that it is the average of the forecast error. Ghobbar (2004a) 
and Krajewski and Ritzman (2005) clarify the formula for the average percent error as 
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following: 
 

𝑀𝐸 =
𝐸!
𝑛

!

!!!

 

3.2.4.4 Mean Absolute Deviation, MAD 
Chopra and Meindl (2001), Axsäter (1991), Ghobbar (2004a), Makridakis et.al. (1998), 
Krajwski and Ritzman (2005) and Lumsden (2012) define MAD. MAD clarifies the average 
of the absolute deviation over all periods and is given by: 

𝑀𝐴𝐷 =   
𝐸!
𝑛

!

!!!

 

MAD illustrates the average errors over a number of periods without respect to under or over 
forecasting. To calculate MAD is the same principle as ME, but the sum of all forecast errors, 
𝐸! ,  is specified in the absolute amount. Thus, in this case you clarify the error regardless of 
whether the forecast was to low or high in relation to the actual demand. It is the 
miscalculation, regardless of whether the forecast was too high or low, that is summed 
(Mattsson and Jonsson, 2003). Silver et.al. (1998) say that this measure from the beginning 
was recommended because of its simplicity.  
 
Krajewski and Ritzman (2005) say that if the MAD value is small the forecast is close to the 
actual demand and large MAD values indicate that there are large forecast errors. Mattsson 
(2003) writes about MAD as follows. He explains that companies use safety stocks to ensure 
to meet unavoidable forecasting errors and demand variations. The safety stock is 
dimensioned by a measure that calculates the actual demand distribution. MAD is a measure 
that calculates this and it stands for the average of the absolute difference between the actual 
demand and the average of the demand during a number of periods. The interesting when you 
measure MAD is the distribution of the difference between the forecast and the actual 
demand, i.e. the forecasting distribution. He also mentions some disadvantages with MAD. 
He illustrate a figure, see figure 12. 
 

 

A. B. 

Demand Forecast 
Figure 12 - Disadvantages with MAD (Mattsson, 2003, p. 4) 
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In figure 12 he explains that MAD obviously is larger for product B than product A. This 
situation should result in a larger safety stock for product B than product A. At the same time 
you can see that the forecast systematically is too high for product B in relation to the actual 
demand. The order point for product B is probably too high in this situation. To calculate 
MAD based on forecast errors is correct if the average of the forecast is included in the MAD-
calculations, i.e. no systematic deviations or errors are expected. The MAD-calculations 
cannot be used to cover up the systematic deviations or errors. Systematic deviations need to 
be identified by following up the average of the forecast error and when it has been identified 
result in an adjustment of the forecast value (the order points and/or the lead times 
consumption). 
 
Mattsson (2003) also mention that with respect to inventory costs, order costs and lack costs 
is more important to provide corrected forecasts during the lead time, instead of achieve 
corrected estimates of the demand variations standard deviation. Grant et.al. (2006) also 
describe benefits and disadvantages related to MAD. The benefit is are that the errors do not 
over or underestimates each other, i.e. positive errors and negative errors do not cancel each 
other. The disadvantage is that all forecast errors are equally weight. According to Hyndman 
and Koehler (2006) you need a number of forecasts in a series to calculate MAD. You cannot 
measure MAD based on only one sample.  

3.2.4.5 Sum of Squared Error, SSE 
Ghobbar (2004a) explains SSE, which is the sum of the basic forecast raised to two and it is 
calculated as follows:  
  

𝑆𝑆𝐸 = 𝐸!!
!

!!!

 

3.2.4.6 Mean Square Error, MSE 
Silver et.al. (1998) explain that MSE often is used to measure the forecast accuracy. MSE is 
directly related to the standard deviation. The MSE is directly related to 𝜎. According to 
Lumsden (2012), 𝜎 is the traditional standard deviation, a measure to show the amount of 
distribution forecasting errors. 

Chopra and Meindl (2001), Ghobbar (2004a), Krajewiski and Ritzman (2005) and Lumsden 
(2012) say that MSE estimates the variance of the forecast error and is given by: 

𝑀𝑆𝐸 =
1
𝑛 𝐸! !

!

!!!

=   
𝐸! !

𝑛

!

!!!

 

Krajewski and Ritzman (2005) say that large forecast errors result in larger weight when you 
calculate MSE since the forecast error is squared. Hyndman and Koehler (2006) explain that 
MSE is popular because of its relevance in statistical models.  They say that MSE is useful 
when you comparing different methods used on the same data, but MSE is not useful when 
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you compare different data sets in different scales. 

3.2.4.7 Mean Percentage Error, MPE 
MPE calculate an average value of errors in percent. According to Ghobbar (2004a) MPE is 
given by:  

𝑀𝑃𝐸 =
𝑃𝐸!
𝑛

!

!!!

 

𝑃𝐸! is given by two different calculations depending on the forecast demand value and the 
actual demand value. If the actual demand is larger that zero, one formula should be used and 
if the actual demand is exactly zero, another formula should be used. Ghobbar (2004a) 
clarifies Sander’s (1997) illustration for 𝑃𝐸 as follows:  

𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

3.2.4.8 Mean Absolute Percentage Error, MAPE 
MAPE calculates the relation between the forecast error and the actual demand and is useful 
when you should calculate the forecast’s accuracy (Krajewski and Ritzman, 2005). MAPE is 
the same as MPE, but shown in an absolute amount. According to Sanders (1997) and 
Tayman and Swanson (1999), MAPE is the most popular error measures for both practitioners 
and academicians and it is the most used summary measure. Ahlburg (1995), Silver et.al. 
(1998), Chopra and Meindl (2001) and Isserman (1977) are also authors that describe that 
MAPE is the most common techniques to measure forecast errors and forecast accuracy. 
Makridakis (1993) explains that MAPE is a relative measure that includes the best 
characteristics among the various accuracy criteria. MAPE can be used for both to evaluate 
large-scale empirical studies and to present specific results. Chopra and Meindl (2001) and 
Krajewski and Ritzman (2005) clarify that MAPE is an average value of the errors in absolute 
amount, in percentage and illustrate MAPE as following: 
 

𝑀𝐴𝑃𝐸 =
1
𝑛

𝐸!
𝐷!

  ×  100 

Ghobbar (2004a) illustrates MAPE as follows: 

𝑀𝐴𝑃𝐸 =
𝑃𝐸!
𝑛

!

!!!

 

In this case PE is stated as Absolute Percentage Error, APE, as the following: 



 

 34 

𝑃𝐸 = 𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝑃𝐸 = 𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

Tayman and Swanson (1999) describe that MAPE has a several attractive benefits:  

· It is well known. 
· It is widely used. 
· It provides an easy and intuitive way of judging the extent of errors; most people 

understand the concept of a percentage difference or percentage error.  

Grant et.al. (2006) also explain that MAPE is to prefer since MAPE allows comparisons 
between different series. Hyndman and Koehler (2006) describe that MAPE definitely is to 
prefer if you have data that is positive larger than zero. MAPE is recommended in most 
literature since the percent error is scaled independent, i.e. regardless of whether the forecast 
is under or over the actual demand.  
Carbone and Armstrong (1982) examined in a study which type of measures academicians 
use to calculate a forecast performance and the forecast accuracy. 42 % of the academicians 
used MSE when they calculate forecast error and forecast accuracy, and only 21 % that used 
MAPE. Thirteen years later, a study conducted by Mentzer and Kahn (1995). Their result 
showed that 52 % of the academicians used MAPE and only 10 % used MSE. Even though 
many authors explain that the MAPE is the most common and the most popular measure to 
calculate forecast errors and forecast accuracy, and even though studies shows that the use of 
MAPE has increased, several authors has described that MAPE has disadvantages. 
 
Chase (2013), Armstrong and Collopy (1992), Silver et.al. (1998) and Sanders (1997) 
describe that MAPE can show misleading measure of accuracy and is not appropriate if 
demand values are very low. Therefore, Gutierreza et.al. (2008) explain that MAPE can fail 
when it comes to measuring forecast errors for items with a lumpy demand, since items with a 
lumpy demand involves periods of zero demand. As an example, when the actual demand is 
zero, the value in the denominator will be zero, which will result in a error. Further, when the 
demand is close to zero the value can simply explode to enormous number. Silver et.al. 
(1998) give an example and explain that if the actual demand is two and the forecast is one, 
the percent error is 100 %. Although it is only a one unit error, MAPE shows a large percent 
error. Hyndman and Koehler (2006) agree and explain that MAPE tends to be infinite and 
therefore it is difficult to define if the forecast error are zero or close to zero. MAPE will add 
more weight on positive errors than on negative errors. 
 
Different actions have been developed to correct these disadvantages with MAPE. To correct 
the deficiency when the actual demand is zero, Ghobbar (2004a) solves the issue with PE, 
which results in that the formula does not turn in error. Makridakis (1993) also gives an 
example of solutions that can corrected the disadvantages with MAPE and explain: 
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· That you should ignore the series that have values from the average of absolute 
percentage errors that are less than one. 

· That you should report the MAPE value with and without errors that is extremely 
large and misrepresent. In this way you can avoid that absolute percent error becomes 
extremely large and misrepresents the forecast. 

Instead of ignoring the method MAPE and search for alternatives, you should find ways to 
correcting the deficiencies. Chase (1995) describes the disadvantages with MAPE. MAPE 
gives equal weight to each period. And this is acceptable when you measure errors across 
different periods, but not when you measure errors between stocked items for one period. 
Therefore, he suggests that you use Weighted Absolute Percentage Error, WAPE. 

3.2.4.9 Weighted Absolute Percentage Error, WAPE 
Chase (1995) explains that when you measure mean forecast error across a group of items for 
a given period, it is important that you use a method that take every items weight in 
relationship to the total into account. A method that takes this into account is weighted 
average percent error, WAPE, and several authors illustrate the method. Chase (1995) 
illustrates WAPE as following: 
 

𝑊𝐴𝑃𝐸 =

𝑋! − 𝐹!
𝑋!

×    𝑋!   ×  100!
!!!

𝑋!!
!!!

 

 
𝑋! = The actual demand for period i 
𝐹! = The forecast demand for period i 
 
Chase (2013) and Chockalingam, M. (2009) describe WAPE as a beneficial way to calculate 
forecast errors. WAPE is beneficial to use since WAPE take each item into account by 
weighting each item’s actual demand in relation to the total actual demand. Thus, WAPE 
relates the difference between the actual value and the forecast value. Chase (2013) explains 
that WAPE is an improved method of measuring accuracy and that WAPE is to prefer over 
MAPE since MAPE can result in misleading values. WAPE on the other hand, by weighting 
the extreme values depending on the actual demand, shows a more fair result. Louhichi, et.al. 
(2012) also mention that WAPE is a beneficial method to use to calculate forecast accuracy 
and is most optimal when WAPE is close to zero.  
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4 Benchmarking 
In this chapter, a descriptive study is presented which describes how four different companies 
work with forecast accuracy. These companies are all working with aftermarket items and 
manage items with a lumpy demand, but for different industries. The benchmarking process 
was based on four main questions; how do you work with forecast accuracy? How do you 
measure forecast accuracy and why? Do you see some advantages or disadvantages with the 
measurement you use and, how do you deal with these? And finally, how often do you 
measure forecast accuracy? 
 

4.1 Data collection  
The data collection in the benchmarking process was conducted at four different companies 
that all are working with inventory management and manage items with a lumpy demand. The 
four companies are not competitors, they produce different products for different markets but 
since they are all managing items with a lumpy demand, they are all working under the same 
conditions and difficulties. 

4.1.1 Company one  
Company one uses MAPE in accordance with the following formula: 
 

𝑀𝐴𝑃𝐸 =
1
𝑛

𝐴! − 𝐹!
𝐴!

!

!!!

 

 
The formula calculates the forecast errors for 𝑛 number of observations, where: 
 𝐴! = Actual demand for period t 
  𝐹! = Forecasted demand for period t 
 
Company one also work with something that they call weighted forecast error. It means that 
they weights different materials different, based on the predicted forecast. As an example, if 
the forecast for one material, material X, is 1000 items and the forecast for another material, 
material Y, is 100 items. In this case, material X with the forecasted 1000 items is weighted 
ten times higher than material Y with the forecasted 100 items. 
 
This measurement is conducted once a month and Company one measure forecast accuracy 
on both sales and purchases. Company one check and review the articles with a low forecast 
accuracy, in order to find the root causes of why this deficiency has occurred. In some cases 
they adjust the forecasts. The reason why Company one use MAPE with the addition of 
weighting are that they have a lot of articles with a low frequency, i.e. articles with low or 
zero demand during some periods. In this case, if the forecast for an article is 1 and the actual 
demand is 0, the forecast accuracy shows an error on 100 %, which results in a fault 
indication.  If they have a lot of articles that have patterns like this, the total error becomes 
enormous even though they missed only one item.  
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An example is illustrated, see table 2.  
 
Table 2 – How Company one calculates forecast errors 

Article Actual demand Forecast demand Forecast error Weighted forecast error 
A 9 10 11 % 10,1 % 
B 0 1 100 % 9,1 % 
Total   56 % 19,2 % 

  
To see the calculation in each table box, see table 3. 
 
Table 3 – The formulas Company one uses 

Article Actual demand Forecast demand Forecast error Weighted forecast error 
A 9 10 ABS ((9-10)/9) = 11 % (10 × 11 %) / 11 = 10,1 % 
B 0 1 ABS ((1-0)/1) = 100 % (1 × 100 %) / 11 = 9,1 % 
Total   (11 %+100 %) 2 = 56 % WF A + WF B = 19,2 % 

 
The benefits by using this type of method is that it’s generate a more equitable calculation and 
more equitable description of the their business’s situation. Company one also says that the 
disadvantage with their method is that they have deviated from how one should use this 
measurement according to the literature.   

4.1.2 Company two  
Company two uses the sales volume, actual demand, in relationship to the forecast, in order to 
calculate the forecast errors. The formula for the calculation is the following:  
 

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑒𝑟𝑟𝑜𝑟 =   
𝐴𝑐𝑡𝑢𝑎𝑙  𝑑𝑒𝑚𝑎𝑛𝑑
𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑑𝑒𝑚𝑎𝑛𝑑 

 
Company two’s forecast is calculated on a monthly basis and thus also the forecast errors.  
The reason why Company two uses this method is that they want to be able to see the total 
errors over time and to evaluate the accuracy of their forecasts over time. An example of how 
Company two calculates forecast errors and for an illustration of their forecast accuracy over 
time, see table 4. Note that this is a fictive example.  
 
Table 4 – How Company two calculates forecast errors 
Month Forecast demand Actual demand Forecast error % 
January   15,02 20 1,331557923 133 % 
February 13,01 18 1,383551115 138 % 
March    10,00 5 0,5 50 % 
April       13,01 3 0,230591852 23 % 
 
You have the most optimal forecast when the forecast error is calculated to 100 %. In such 
case, you have a forecast that equals the actual demand. Every percentage over 100 % means 
that the forecast is too high, and every percentage under 100 % means that the forecast is too 
low. As an example from table 4 above, in January the forecast error is 133 %. This forecast 
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error shows that the forecast is 33 % too high in relation to the actual demand. In February, in 
the same table, the forecast error is 138 %. This forecast error shows that the forecast is 38 % 
too high in relation to the actual demand. In March the forecast error is 50 %. This forecast 
error shows that the forecast error is 50 % (100 % - 50 %) too low in relation to the actual 
demand. And finally, in April the forecast error is 23 %. This forecast error shows that the 
forecast is 77 % (100 % - 23 %) too low in relation to the actual demand. Then, to see the 
forecast errors over time, see table 5.  
 
Table 5 – How Company two calculates forecast errors over time 

Over time Formulas Forecast error over time % 
Two months (20 + 18) / (15,02 + 13,01) 1,355690332 136 % 
Three months (20 + 18 + 5) / (15,02 + 13,01 + 10,00) 1,1306863 113 % 
Four months (20 + 18 + 5 + 3) / (15,02 + 13,01 + 10,00 + 13,01) 0,901253918 90 % 

 
Over two months in this example the forecast is 36 % too high. But over three months, the 
forecast is only 13 % too high and over four months the forecast is 10 % too low. Company 
two explains that the errors cancel each other over time in these cases.  
 
Company two declares that they are aware of that MAPE is the most common method but the 
reason why they do not use MAPE is that they want to be able to see the total errors over 
time, which Company two explains that this method shows. Company two says that they have 
not analyzed the results and taken actions yet, and therefore they have only the results from 
measurements. Hence, they cannot describe the disadvantages and advantages related to the 
used method, but they consider the low frequency articles as a difficulty. They have many 
articles with a forecast between 0,01 and 0,99, which is a result of several previous months 
with zero demand. These values generate difficulties for Company two’s measurements of 
forecast errors and forecast accuracy. Company two considers that they have difficulties to 
measure the forecast accuracy in a good way. 

4.1.3 Company three  
The third company has a number of items with a lumpy demand. These items have a big 
variation in the demand and can vary from, for example, zero to two hundred. Company 
three’s forecasts are calculated with moving average and the number of month included in the 
calculation for moving average depends on the demand patterns. Company three does not 
measure forecast accuracy or forecast errors at all, but only calculates the precious annual 
demand. 

4.1.4 Company four  
The fourth company has created a special function for these tasks in early 2013. The name of 
this function is Demand and inventory planning, and it is working with forecast management 
and analyzes and adjustments of the forecasts. With this function, Company four monitors the 
automatic forecast calculations, adjusts the stock levels for articles manually before seasonal 
sales etc., evaluates campaign results and so on. The purpose with this function is to support 
the company to generate the best possible forecasts. 
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Company four does not have a concrete measure for measuring forecast errors. Instead they 
use a measurement that they call Forecast quality, FCQ, which is based on each single item’s 
forecast quality. The FCQ is measured every month and it is conducted by reviewing last 
three months forecast errors to calculate the future forecasts. When Company four calculate 
their forecasts they use moving average based on twelve month. The measurement, FCQ, 
compares the article’s forecast during the last three months with the actual sales during the 
same period. Thus, when Company four calculates their forecasts they use moving average 
based on twelve months but with extra importance to the last three months. As an example, if 
the moving average shows a forecast for the next month on 50 items and the last three months 
forecasts has showed an average on 20 items too little, Company four would increase the next 
month’s forecast by 20 items despite that the moving average propose a forecast on 50 items. 
See calculation for April in table 6. 
 
Table 6 – How Company four works with forecast errors  

Period Forecast demand Actual demand Forecast error 
January          80 100 20 
February       79 101 22 
March            60 78 18 
April              50 + 20 = 70   

 
The advantage with this method is that it provides a good picture of the average forecast 
quality. The method shows improvements over time and is a relative easy and simple. 
Company four also mentions that FCQ is globally implemented, which is an advantage when 
Company four conducts benchmarking processes between regions, groups or way of working. 
The disadvantage is that since the measurement not is done in a system, but by a manually 
conducted calculations with data from Company four’s data system, which not always is  
100 % accurate, the measurements will not always be accurate. It is also hard to work with 
low frequent articles with zero demand. 
 

4.2 The summary of the benchmarking 
Four different companies were included in the benchmarking process. Three of the companies 
measure forecast errors and forecast accuracy but in different ways and extent, and the fourth 
company does not measure forecast errors and forecast accuracy at all. To summarize the 
results from the benchmarking process a table follows below to give a clear overview of how 
the companies work with this specific issue and what the advantages and disadvantages is 
with each method, see table 7.   
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Table 7 – Summary of the benchmarking process 
Case company Used method Advantages and disadvantages 

 
 
 

1 

 
Weighted forecast error based on 
MAPE: 

𝑀 =
1
𝑛

𝐴! − 𝐹!
𝐴!

!

!!!

 

The company calculates MAPE per 
article every month. Then it will be 
weighted per material level. 
The weighting of MAPE is done by 
multiply MAPE by; 
The forecast for the specific item 
divided with the sum of the forecast 
for all items same period 

 
 
Advantages 

· Gives a more equitable 
calculation and a more equitable 
description of the business’s 
situation. 

 
Disadvantages 

· The company has deviated from 
how one should use this 
measurement according to the 
literature.  

 
 

2 
 

 
 
 

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑒𝑟𝑟𝑜𝑟 =   
𝐴𝑐𝑡𝑢𝑎𝑙  𝑑𝑒𝑚𝑎𝑛𝑑
𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑑𝑒𝑚𝑎𝑛𝑑

 

 
Advantages 

· Shows the total error over time. 
 
Disadvantages  

· It is difficult to manage low 
frequency items. 
 

 
 

3 
 

 
 
 
The company only calculates an 
annual demand, which is a 
summary of the actual demand. 
 

 
Advantages 

· None, since the company does 
not measure forecast errors or 
accuracy. 
  

Disadvantages  
· None, since the company does 

not measure forecast errors or 
accuracy.  
 

 
 
 

4 

 
 
The company measures forecast 
errors for the last three months. 
Based on a weighting of the 
forecast errors for the last three 
months and a moving average for 
last twelve month they calculate 
their future forecasts. 
 
 
 
 

 
Advantages  

· Provides a good picture of the 
average forecast quality. 

· Relative easy and simple 
method for measurements. 
 

Disadvantages 
· Do not always corresponds with 

reality to 100 %. 
· Hard to work with low frequent 

articles with zero demand. 
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5 Analysis  
In this chapter, an analysis of the solutions will be presented. In the light of the literature 
review and the benchmarking process, the questions for this thesis will be answered. By look 
at similarities and differences between the theoretical framework and the benchmarking 
process, an analysis for the most optimal way to calculate forecast accuracy will be 
presented. The analysis will result in a hypothesis.  
 
The “logistic goalmix” that Lumsden (1998) described showed the connections between three 
the basic objectives for logistic. The first objective was that the supplier wants to have a high 
service level. High service level is achieved by ensuring availability in stock and quick 
deliveries. The second objective was that the tied up capital should be as low as possible and 
with short cycle times. The third and final objective was that the processing cost should be as 
low as possible. It is important that there is balance between these three objectives. However, 
this is not as simple as it might seem.  
 
Something that we can say for sure is that the service level and the delivery service is 
important for the customer. Oskarsson et.al. (2006) and Fredholm (2013) are just few of 
several authors that confirm this. To meet the customers demand and achieve a high service 
level you need to have a safety stock, especially when the demand is uncertainty and 
unpredictable. Davis (1993) showed a model that illustrated why companies have safety 
stocks. The main reason for why companies had safety stocks was the variable and 
unpredictable demand. However, a safety stock does not only generate benefits. In fact, the 
inventory is a cost for the logistic system and for the companies. Therefore it is important that 
you do not have an over-loaded inventory, but not either an under-loaded inventory, i.e. it is 
important to have a balance in the inventory. To have a balance in the inventory, Mattsson 
and Jonsson  (2003) describe that you need to have a well functioning forecasting system.  
 
The purpose with forecasting is to increase the knowledge about the future demand by 
planning in advance. The purpose is to anticipate the future so the right products, with the 
right quantity are in inventory at the right time, neither too late nor too early. In this way you 
can achieve shorter lead times, a smoother exploitation of the products and to also ensure the 
access to the products (Olhager, 2000; Mattson and Jonsson, 2003). In other words you will 
achieve the objectives for the “logistic goalmix”.  
 
There are several methods to calculate forecasts for future demand. One of them is moving 
average. Moving average is for example useful when the companies have different demand 
pattern that they need to take into account. But, based on how the demand patterns look like, 
the challenge can be harder than anticipated to calculate the forecasts. Christopher (2005) and 
Mattsson and Jonsson (2003) are examples of authors that mentioned that it does not matter 
how good the forecast are or how complex the forecast techniques are, the instability of the 
markets confirm that the forecasts always will be wrong and that forecast errors therefore 
always will occur.  
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Lumsden (2012) and Ghobbar (2004a) are examples of the authors that describe that the 
random variety of the demand is the most difficult to manage. For this reason it is also 
challenging to meet the customers’ demand and maintain a high service level. According to 
example Syntetos et.al. (2005) items can be categorized in four different demand patterns: 
 

· Smooth. 
· Erratic (in terms of demand sizes, but not very intermittent). 
· Intermittent (in terms of intervals having no demand occurrences, but not very erratic). 
· Lumpy (intermittent and erratic). 

Both the erratic, intermittent and lumpy demand is demand patterns with random variety. But, 
items with a lumpy demand mean that the item’s demand has variations in both the quantity 
and the time intervals. Items with a lumpy demand are both intermittent and erratic and 
therefore very unpredictable and very hard to forecast. That this is a hard challenge is 
confirmed both by the literature, for examples Mattson and Jonsson, (2003) and Ghobbar 
(2004a), and by the companies from the benchmarking process. Four companies were 
interviewed under the benchmarking process. Two of the companies reviewed and followed 
up their forecasts in different ways. Both companies experienced difficulties to manage items 
with a lumpy demand, i.e. low frequency items with periods with zero demand. 
 
Further, forecast errors will always occur due to the variations in the demand and the main 
reason for forecast error is the items with a lumpy demand (Ghobbar and Friend, 2003; 
Willemain et.al. 2004, and Ghobbar, 2004a). Forecast errors, i.e. the difference between the 
forecast demand and the actual demand during one period, are something that always will 
occur for companies that works with forecasts. In the light of this, it is important to follow up 
forecast errors and to not ignore them.  
 
To work with and to minimize the forecast errors, you need to measure and calculate the 
forecast errors. The purpose of measuring forecast error is to identify single random errors 
and systematic errors that show whether the forecast systematically is too high or too low. 
Other purposes are to review and control that the forecast method gives an acceptable 
estimation of the demand, and to dimension a proper safety stock (Ghobbar, 2004a, and 
Mattsson and Jonsson, 2003).  
 
To measure forecast error is not easy, especially when the items have a lumpy demand. 
According to Bartezzaghi and Verganti (1995) it is hard to find a method that can manage 
items with a lumpy or uncertain demand. 
 
There are various ways and methods that can be used to calculate forecast accuracy and they 
can be divided into two different groups, standard absolute measures and relative measures.  
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The standard absolute measures are:  

𝐶𝐹𝐸 = 𝐸!

!

!!!

 

 

𝑀𝐸 =
𝐸!
𝑛

!

!!!

 

 

𝑀𝐴𝐷 =   
𝐸!
𝑛

!

!!!

 

 

𝑆𝑆𝐸 = 𝐸!!
!

!!!

 

 

𝑀𝑆𝐸 =
1
𝑛 𝐸! !

!

!!!

=   
𝐸! !

𝑛

!

!!!

 

 
 
The relative measures are:  

𝑀𝑃𝐸 =
𝑃𝐸!
𝑛

!

!!!

 

 
Where:  
 

𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

𝑀𝐴𝑃𝐸 =
𝑃𝐸!
𝑛

!

!!!

 

Where:  

𝑃𝐸 = 𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝑃𝐸 = 𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 
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Every method for measuring forecast error have their advantages and disadvantages. The 
basic principle when measuring forecast errors is to calculate the difference between the 
forecasted demand and the actual demand for the same period. If the forecast error is positive, 
the forecast is too high, and if the forecast error is negative, the forecast is too low.   

To see if a forecast constantly too high or low you need to review how the forecast errors runs 
over time. The method for this is illustrated by Mattsson (2003). An item that have large 
forecast errors from period to period, can have a correct forecast over a number of periods due 
to that negative and positive forecast errors equalizes each other, see figure 11. The items that 
constantly have the smallest forecast errors can in fact have an incorrect forecast with a 
systematic error, which is not shown by reviewing each single period. Hence, it is important 
to review the forecast error over time. Too see if a forecast constantly is too high or too low 
you need to calculate CFE. If the forecast for example is too low during a long time, the CFE 
will continue to increase and indicate that the forecast should be reviewed and recalculated. 
But if the CFE fluctuates around zero, it illustrates that the forecast errors cancel out each 
other and that the forecast is correct over time. To calculate ME is also a method to see how 
accurate a forecast is over time. ME is the mean of CFE, which should be as close to zero as 
possible to ensure that the forecast is as accurate as possible. 

Items with a lumpy demand mean periods with large variations and periods with zero 
demand. After reviewing an abstract for four different articles, from one of the companies in 
the benchmarking process, one can see that an item with a lumpy demand can vary from 0 one 
month to 135 another month, see appendix 1 how the demand for the items can fluctuate. This 
is an example of a fluctuation that not can be forecasted. This is confirmed by Mattson (2003) 
that explains that it is impossible to predict large unexpected variations.  In this case a study 
of the forecast error over time will generate more value.  By studying CFE you will see how 
the forecast errors moves over time and whether the forecast errors cancel out each other, 
alternatively if the forecast errors increase and that the forecast therefore either are constantly 
too low or too high. A manual correction should be made to solve the issue if the forecast is 
constantly too low or too high, i.e. to cancel the systematic forecast error.  

To calculate SSE and MSE were shown to have a low priority and were not considered useful 
for items with a lumpy demand. The reason for that is that MSE is directly related to σ, which 
measures how much the distribution of the forecast error shows. Hyndman and Koehler 
(2006) also say that MSE is useful when you compare different methods used on the same 
data set but not when you compare different data sets with different scales. Since different 
data sets with different scales are to be solved in this thesis, MSE will not be useful.  
 
The MAD measure was from the beginning recommended due to its simplicity. MAD is not 
to recommend when calculating forecasts for items with a lumpy demand. MAD calculates 
the average error over a number of periods without respect to under- or over-forecasting. This 
can be problematic in a scenario like the one that Mattsson (2003) described, when a forecast 
can be correct over time even though the forecast errors are large from period to period. In 
such cases it is important to see whether the forecast error is negative or positive, i.e. if the 



 

 45 

forecast is under- or over-forecasted. MAD does not show this information. To analyze it 
further, a too high forecast will result in a too high order point. This will in turn result in a 
higher safety stock than necessary. A too high safety stock will in turn result in higher costs 
and more bound capital than necessary for the company. The “logistic goalmix” is in a case 
like this not balanced and therefore not optimal. According to Mattsson (2003), MAD is 
useful if you do not expect any systematic deviations or errors, but since lumpy demand mean 
systematical errors, MAD is not beneficial to use when managing items with a lumpy 
demand. 
 
The relative error measures, which are given in percent, are beneficial to use for analyzing the 
forecast accuracy. This is confirmed by for example Krajewski and Ritzman (2005). 
According to several authors, as for example Ahlburg (1995); Isserman (1977); Makridakis 
(1993); Chopra and Meindl (2001) and Silver et.al. (1998), MAPE is considered to be the 
most common and popular method to measure forecast errors for both practitioners and 
academicians. During the years, MAPE seems to become more commonly used. A study 
made by Mentzer and Kahn (1995) showed that 52 % percent of the respondents used MAPE 
to measure forecast errors, compare to a study made by Carbone and Armstrong (1982) when 
only 21% used MAPE. Thus, between the year 1982 and the year 1995, the usage of MAPE 
increased with 31%. MAPE considered beneficial since it is well known, widely used and 
most people understand the concept of a percent error. Hyndman and Koehler (2006) are one 
of the literatures that explain that MAPE is to prefer when you have positive data.  But, items 
with a lumpy demand do not only have positive data, on the contrary, items with a lumpy 
demand have large variation between periods, i.e. the quantity of the demand varies a lot, 
even with periods with zero demand.  

According to Chase (2013), Armstrong and Collopy (1992), Silver et.al. (1998) and Sanders 
(1997) MAPE gives a misleading measure of accuracy and is not suitable when the demand 
values are very low. Therefore, Gutierreza et.al. (2008) explain that MAPE can fail when 
measuring forecast errors for items with a lumpy demand since lumpy demand means periods 
with zero demand. As an example, when the actual demand is zero, the denominator is zero, 
which will result in an error. Further, when the demand is close to zero, the value can simply 
explode to enormous number and show an inaccurate image of the magnitude of errors. 

MAPE is the mean of APE. As mentioned MAPE can fail when it comes to items with a 
lumpy demand due to the periods of low or zero demand. If the denominator is zero, the 
formula will show error. However, there is a solution for this problem. Gutierreza et.al. 
(2008), for example, describe how APE in MAPE can be calculated to be able to manage the 
periods with zero demand and the formulas are illustrated as the following: 
 

𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 



 

 46 

However, there are disadvantages of MAPE that is harder to solve. As mentioned, the value 
can simply explode to enormous number and show an inaccurate image of the magnitude of 
errors when the demand is close to zero. To illustrate the issue, if a forecast error for a item is 
1 unit, it can generates larger forecast errors than a item that have a forecast error on 20 units 
since the forecast, probably, is smaller for the item that had an error on 1 unit. Three different 
examples follow for the understanding of the complex situation. The three examples are three 
different items from the same period. 
 
If a forecast for one item is two units and the actual demand is one unit, MAPE will show a 
mean absolute percent error on 100 %.  
 

𝑀𝐴𝑃𝐸 =

𝐷! − 𝐹!
𝐷!
𝑛

!

!!!

  ×  100 =
1− 2
1
1   ×  100 = 100  % 

 
If a forecast for one item is 100 units and the actual demand is 80 units, MAPE will show a 
mean absolute percent error on 25 %.  
 

𝑀𝐴𝑃𝐸 =

𝐷! − 𝐹!
𝐷!
𝑛   ×  100 =

80− 100
80
1   ×  100 = 25  %

!

!!!

 

 
If a forecast for one item is 10 units but the actual demand is 0 units, MAPE will show a mean 
absolute percent error on 100 %.  
 

𝑀𝐴𝑃𝐸 =

𝐹! − 𝐷!
𝐹!
𝑛   ×  100 =

10− 0
10
1   ×  100 = 100  %

!

!!!

 

 
These calculations of MAPE will probably result in an inaccurate priority of the items. The 
item that should be prioritized is the one with an error on 20 units, even though MAPE only 
showed an forecast error on 25 %. The other two items should not be prioritized since the 
forecast was only miscalculated with 1 and 10 units, but the MAPE showed a forecast error 
on 100 % for both these items. MAPE generates a misleading result. It should also be stressed 
that the last two items both had a forecast error on 100 % but the number of units was 
dissimilar, 1 to 10. To summarize, MAPE is not to prefer when measuring forecast errors for 
items with a lumpy demand since lumpy demand means period with low or zero demand (low 
frequency items). But, instead of ignore MAPE, Makridakis (1993) mentions that you should 
search for alternatives to correct the disadvantages of MAPE. To do so he mentioned WAPE. 
 
WAPE is, yet, a method that has not been explored and evaluated in the literature in any 
greater extent. Louhichi, et.al. (2012) are some of the authors that have evaluated WAPE and 
they explain that there are benefits with WAPE when calculating forecast accuracy for items 
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with low or zero demand and that WAPE is the best and most optimal method when the 
demand is close to zero. Chase (2013) describes WAPE as a beneficial method to calculate 
forecast errors. The benefit is that WAPE calculates each item separately to influence to the 
total errors by weighting the impact of the individual item value of each item within the 
article group in relation to the total. Thus, WAPE connects the ratio between the actual value 
and the forecast value. 

Chase (1995) illustrates the formula as the following: 

𝑊𝐴𝑃𝐸 =

𝑋! − 𝐹!
𝑋!

×    𝑋!   ×  100!
!!!

𝑋!!
!!!

 

Where: 
𝑋! = The actual demand for period i 
𝐹! = The forecast demand for period i 
 
In the formula from Chase (1995), a connection can be identified to the following illustration 
of APE described by Gutierrez et.al. (2008): 

𝑋! − 𝐹!
𝑋!

  ×  100 = 𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

In the light of this, it is possible to manage items with zero demand when 𝐷! = 0 as follows: 

𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

The weighting that Chase (1995) illustrates is a weighting of the current actual demand. 
However, this is something that will be challenged and elaborated below. 

The benchmarking process showed that the company that measured forecast errors used 
WAPE. But, unlike from what the literature study showed, the company weighted the 
forecasts instead of the current actual demand. The company explained that the benefit with 
weighting of forecast was that it resulted in a more accurate picture of the situation of how 
their business looked like. The disadvantage was that they thought they had deviated from 
how you should apply WAPE in the theory. One of the other three companies from the 
benchmarking process did not measure forecast errors at all. The other two companies thought 
it was difficult to manage low frequency items, i.e. items with a lumpy demand, and had not 
established a method to measure forecast errors for items with a lumpy demand.  

The question is what is best, for companies that manage items with a lumpy demand, to 
weighting with; the forecast or the actual demand? The answer should be the forecast, and the 
reason for this will be elaborated below.  

To illustrate, if a forecast for one item is 2 units and the actual demand is 1 unit, MAPE will 
show a mean absolute percent error on 100 %.  
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𝑀𝐴𝑃𝐸 =

𝐷! − 𝐹!
𝐷!
𝑛

!

!!!

  ×    100 =
1− 2
1
1   ×  100 = 100  % 

 
 
A weighting with the actual demand will result in the following:  
 

𝑊𝐴𝑃𝐸 = 100  %    ×   
1

1+ 80+ 0 = 1,23  % 

 
 
A weighting with the forecast will result in the following:  
 

𝑊𝐴𝑃𝐸 = 100  %    ×   
2

(2+ 100+ 10) = 1,79  % 

 
 
Further, if a forecast for one item is 100 units and the actual demand is 80 units, MAPE will 
show a mean absolute percent error on 25 %.  
 
 

𝑀𝐴𝑃𝐸 =

𝐷! − 𝐹!
𝐷!
𝑛   ×  100 =

80− 100
80
1   ×  100 = 25  %

!

!!!

 

 
 
A weighting with the actual demand will result in the following:  
 

𝑊𝐴𝑃𝐸 = 25  %    ×   
80

1+ 80+ 0 = 24,69  % 

 
 
A weighting with the forecast will result in the following:  
 

𝑊𝐴𝑃𝐸 = 25  %    ×   
100

(2+ 100+ 10) = 22,32  % 

 
 
Further, if a forecast for one item is 10 units but the actual demand is 0 units, MAPE will 
show a mean absolute percent error on 100 %.  
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𝑀𝐴𝑃𝐸 =

𝐹! − 𝐷!
𝐹!
𝑛   ×  100 =

10− 0
10
1   ×  100 = 100  %

!

!!!

 

 
A weighting with the actual demand will result in the following:  
 

𝑊𝐴𝑃𝐸 = 100  %    ×   
0

1+ 80+ 0 = 0  % 

This result on 0 % is very misleading. If you weight the forecast instead of the actual demand, 
the results will be the following: 

𝑊𝐴𝑃𝐸 = 100  %    ×     
10

(2+ 100+ 10) = 8,93  % 

This result on 8,93 % is more accurate. 

Items with a lumpy demand have many periods when the actual demand is zero. But, the 
forecasts for these items are often larger than zero, see for example appendix 1. The 
companies often use moving average to decide their forecasts (since their items have various 
demand pattern) and therefore it takes at least 12 periods in a row for the result of calculation 
of the forecasts to be zero. It is not common that the actual demand is zero over 12 
consecutive periods. Since items with a lumpy demand often mean periods with zero demand, 
it is more beneficial to weight the forecasts instead of the actual demand.  

Both Lumsden (1998), Oskarsson et.al. (2006) and Fredholm (2013) confirms that the service 
level for the customers is important. The articles with highest forecast are therefore the most 
important articles to maintain a high service level towards the customers. It is these articles 
that satisfy the most of the customers’ demands. WAPE is weighting the ratio between the 
actual value and the forecast value, which results in that the high frequency items are 
weighted heavier. The weighting is done for each item and each period. Thus, for each item 
you divide the forecast with the sum of all forecast. Then you multiply the result with APE, 
which is different calculated depending on whether the demand is zero or not. Thus, the more 
items you have, the larger will the sum for the division become (the denominator). The high 
frequency items are weighted heavier than the low frequency items. Hence, the items will be 
appropriate weighted. By combining the advantage with APE, which take the periods with 
zero demand into account, with the weighting described above, which ensures the items’ 
forecast errors are prioritized in an accurate order, then you have created a proper method to 
calculate forecast errors for items with a lumpy demand, and a method which also measures 
the forecast accuracy. The formula is illustrated as following: 

𝑊𝐴𝑃𝐸 = 𝐴𝑃𝐸  ×   
𝐹!
𝐹!!

!!!
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Where: 
 

𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

𝐹! = The forecast demand for period t 
 
To illustrate, if a forecast for one item is 2 units and the actual demand is 1 unit, APE will 
show an absolute percent error on 100 %.  
 

𝐴𝑃𝐸 =
𝐷! − 𝐹!
𝐷!

  ×  100 =
1− 2
1   ×  100 = 100  % 

 
But WAPE will show an error on 1,79 %. 
 

𝑊𝐴𝑃𝐸 = 100  %    ×   
2

(2+ 100+ 10) = 1,79  % 

 
Further, if a forecast for one item is 100 units and the actual demand is 80 units, APE will 
show an absolute percent error on 25 %.  
 

𝐴𝑃𝐸 =   
𝐷! − 𝐹!
𝐷!

  ×  100 =
80− 100

80
1   ×  100 = 25  % 

 
But WAPE will show an error on 22,32 %. 
 

𝑊𝐴𝑃𝐸 = 25  %  ×   
100

(2+ 100+ 10) = 22,32  % 

 
And finally, if a forecast for one item is 10 units and the actual demand is 0 units, APE will 
show an absolute percent error on 100 %.  
 

𝐴𝑃𝐸 =   
𝐹! − 𝐷!
𝐹!

  ×  100 =
10− 0
10
1   ×  100 = 100  % 

 
But WAPE will show an error on 8,93 %. 

𝑊𝐴𝑃𝐸 = 100  %    ×   
10

(2+ 100+ 10) = 8,93  % 
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In the light of this, you would probably prioritize the item that had an error on 20 units, then 
the item that had an error on 10 units, and finally the item that only had an error on 1 unit. 
Thus, this method would help you to do a more beneficial priority.  

According to the company that measured WAPE and authors that have studied WAPE, as for 
examples Chase (2013) and Louhichi et.al. (2012), WAPE with weighting of forecasts is 
considered to be the best method to calculate forecast accuracy for items with a lumpy 
demand. 

5.1 Formulation of a hypothesis 
The service level towards the customers is important. The purpose with forecasting is to 
increase the knowledge about the future demand by planning in advance. But, to predict a 
precise forecast is not easy, especially not when demand has large variations. The items with 
a lumpy demand make it even more difficult for companies to achieve a high service level 
towards the customers. The large variations can never be predicted, it does not matter how 
good the forecasts are or how complex the forecast techniques are, the instability of the 
markets confirm that the forecasts always will be wrong and that errors therefore will occur. 
Forecast errors are therefore something that we need to accept and manage to keep them as 
minimal and small as possible. 
 
Since you never will able to predict large, unexpected variations from period to period, you 
need to review the forecast errors over time. In this way, you will be able to can see if a 
forecast systematically is too high or too low, that the order point is correct and that you have 
a proper safety stock. To prioritize the items in right order, you need a method, a 
measurement that illustrates the forecast accuracy. MAPE has over the last years been a 
common method to calculate forecast errors, but the result is misleading for low frequency 
articles, i.e. items with a lumpy demand. MAPE will therefore result in a wrong priority when 
managing low frequency items. WAPE, on the other hand, is a method that should result in a 
correct priority, based on the items that have the largest errors and thus the highest forecast 
errors in percent. 
 
In the light of this, a hypothesis is formulated which claims that WAPE should be used to 
calculate forecast errors for items with a lumpy demand. WAPE should provide a more 
correct priority. Further, CFE should be used to show how the forecast error runs over time, 
and if a forecast systematically is too high or too low. By constructing a tool that constantly 
applies these two measurements and analyzes the forecasts in relation to the actual demand, 
companies should be able to monitor the forecasts in order to minimize the risks for forecast 
errors and non-availability of stocked items.  
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6 The company Alfa Laval 
In this chapter, the company is presented at which the cases study was conducted. A 
description follows for the understanding of how the company works with inventory 
management and inventory maintenance. 
 
Alfa Laval is today a world leader within the key technology areas of heat transfer, separation 
and fluid handling. They have developed products since 1883. Their products are involved in 
treating water, reducing carbon emissions and minimizing water and energy consumption, as 
well as heating, cooling, separating and transporting food. Alfa Laval, Product Group Parts, 
PGP, manages the sale of spare parts to customers for these products through distribution 
centers, DC. The main distributions centers are located in Sweden and Denmark, USA, India, 
Singapore, China and Japan. Currently they manage around 200 000 active part numbers 
through the distribution centres, and about 25 000 of these are stocked items. Remaining 
items are bought on customer’s request. A majority of the stocked items have a lumpy or 
erratic demand pattern, which means that they have a large variation in monthly sold quantity. 
 
Alfa Laval PGP has good methods for how they work with the forecasts for their products. 
They work hard with ABC-classification and categorization of demand. When it comes to 
study the forecast and review the forecast errors they are not as good. They review the annual 
demand every month which is a summary of forecasted and actual demand from the material 
plan, but that is it. They do not calculate the forecast errors or forecast accuracy for their 
items and therefore they do not know whether the items are within the acceptable error 
margins. In the light of this, Alfa Laval PGP is very suitable for a case study like this one. 
When Alfa Laval is mentioned in the remaining of the report it is referred to Alfa Laval PGP. 
 

6.1 How Alfa Laval works with inventory management 
Alfa Laval works with inventory management in different ways. They work with for example 
re-classification to decide which items that should be stocked items or not, ABC-classification 
and classification of the demand.  

6.1.1 Re-classification 
Alfa Laval does a re-classification to decide which items that should be stocked items or not. 
The re-classification is made on their stocked items twice a year. The objectives for the re-
classification is to ensure that what the customer want is what the company has in stock and 
also to reduce the risks for redundant and obsolescence in the stock.  
 
The re-classification process for product group parts is based on a percentage of all order lines 
as a limit for what should be stocked items or not, which Alfa Laval calls service level. This 
means that if their customer demand pattern change, the number of stocked items will change 
also will changes. The number of stocked items also varies with the size of their market, so if 
the customers for example place 90 percent of their orders on ten different items, Alfa Laval 
will only have these ten items as stocked item. Thus, if the customers place their orders on a 
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wide range of items, for example 90 percent of all order lines might cover 30 000 different 
stocked items, 30 000 different items will be stocked items.  
 
Alfa Laval has a wide range of products for different markets. To ensure that customers from 
different markets experience the same service level, Alfa Laval has set a percentage per 
business. The purposes are to avoid and make sure that not only the high frequent products 
are stocked items since they stand for a large percent of all their order lines, instead a percent 
for each business area is set. 
 
To decide what items that should be a stocked item or not, Alfa Laval reviews the items for 
each business area separately. As an example, for business area X, the global customer 
service level year 2013 was 95 percent. To calculate the global order line limit for the last 24 
month, L24M, Alfa Laval reviews the number of order lines for each item relative to the total 
number of order lines the same year. When the accumulated number of order lines comes up 
to 95 percent, they have got the global order line limit L24M. 

6.1.2 ABC-classification 
For the stocked items an ABC-classification is made four times per year and it is made 
separately per warehouse and assortment. The stocked items are divided into five groups 
based on the number of order lines during the last twelve months. 
 
The five groups are the following: 
 

· A, which is the 6 percent of top number items in DC. 
· B, which covering 80 percent picks. 
· C, which covering 15 percent picks. 
· D, which covering 5 percent picks.  
· E, which is the items with the number of picks that are less than order line limit per 

assortment. 

6.1.3 Categorization of demand  
Twice a year Alfa Laval reviews the demand patterns for their items, in this process they only 
reviews the stocked items. This method is relatively new to Alfa Laval. The demand patterns 
are defined by demand variation and time between the demands. By looking at demand 
variations relative to time between demands you can see if an article are stable, erratic, 
intermittent or lumpy. When they review demand patterns data from last 24 months is used. 
 
To calculate the demand variations, Alfa Laval take the standard deviation divided to average 
demand. If the ratio is less than 0,5 the demand variation is low. If the ratio is higher that 0,5 
the demand variation is high. To calculate the time between demands they look at the number 
of zero demands periods. If it is less than six zero demand periods, the time between demands 
is low. If it is more than six zero demand periods, the time between demands is high, see 
figure 13. 
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Globally, Alfa Laval today has 11 000 items that are erratic, 11 000 items that are lumpy and 
3000 items that are stable.   

6.1.4 Forecast 
Every month Alfa Laval conducts a process to update forecasts and other inventory 
management parameters for stocked items. Every first Monday of each month they start with 
a run and sums up the sold quantity of each item during the previous month. This process is 
made for all the items, both stocked items and non-stocked items. The forecast is calculated 
every month with the formula moving average for the last 12 months. The input is the order 
intake during the last 12 months. Thus, the items are forecasted on part number level and the 
forecasts are based on historic demand. However, for items with lumpy high volume value 
there is an exception. Items with lumpy high volume value have forecasts calculated with 
moving average for the last 18 months. The forecasts are made for the next coming 12 months 
on a monthly basis. The calculated forecasts are the basis for when Alfa Laval has to order 
their stocked items, therefore it is important that the forecasts are reviewed and constantly 
followed up.  
 
For this chapter, examples from four different stocked items were reviewed in order to see 
how the forecasts can look like relative to the actual demand and how the actual demand can 
look like and vary, see appendix 1. The first column in each table with the title “Month” 
clarifies which year and month the forecast refers to. For example 1301, refers to year 13 
(2013) and month 01 (January) and the next, 1302, refers to year 13 (2013) and month 02 
(February) and so on. The second column in each table with the title “Demand quantity” 
refers to the actual demand the specific month, i.e. the total quantities that have been ordered 
that month. The third column in each table with the title “Forecast quantity” is the forecast 
that Alfa Laval calculated, in other words, the expected quantity based on the formula moving 
average for the last 12 months (18 months for low frequency items). 
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Figure 13 - Categorization of demand (Essén, 2015) 
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6.1.5 Annual demand 
Today Alfa Laval does not know how accurate their forecast are or how to calculate the 
forecast accuracy. They only review at the annual demand once a month. The annual demand 
is a summary of forecasted and actual demand from the material plan. This summary is only 
made on the stocked items.  
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7 Hypothesis testing 
By the analysis, a hypothesis was formulated. The case study, in form of a hypothesis test, 
which was conducted at Alfa Laval is presented in this chapter. Alfa Laval is an appropriate 
company for the case study since they manage a large number of items and some of them has 
a with lumpy demand. The presentation will begin with a description of how the tool for the 
hypothesis test was developed. Then, a description of how to use the tool and for what 
purposes is described, i.e. what results the tool generates. Finally, the results of the 
hypothesis test will be presented. 
 
Alfa Laval has today good methods to work with the inventory management for their 
products. They work hard with ABC-classification and categorization of demand. They also 
work with re-classification to ensure that what the customers order, is what the company has 
in stock and also to reduce the risks for redundant and obsolescence in the stock for these 
items. But, when it comes to study the forecasts and to review the forecast errors Alfa Laval 
have not the same routines and implemented methods. They do review the annual demand on 
a monthly basis, a summary of the forecasted and the actual demand from the material plan, 
but that is all. They do not calculate the forecast errors and do not know their forecast 
accuracy for their sold items and thus they do not know whether their forecasts are within 
acceptable error margins or not. Alfa Laval today manage around 25 000 part numbers as 
stocked items. Of these part numbers, 11 000 items has an erratic demand, 11 000 items has a 
lumpy demand and only 3000 items has a stable demand. Thus, the majority of the item’s 
demand has a large variation. In the light of this, Alfa Laval is a very suitable company for 
this case study and hypothesis test. 
 

7.1 Developing of the tool 
It takes time to manage around 25 000 part numbers, which is the number of items that Alfa 
Laval today has as stocked items, therefore it is important that the tool is effective, simply to 
use, and that it is able to prioritize chosen part numbers to study in the tool. The tool should, 
in an effective way, show what items that have largest forecast errors and also show how the 
forecast errors for the items run over time. The biggest challenge when developing the tool is 
to manage the items with a lumpy demand.  
 
The tool was designed in the program Microsoft Office Excel 2011. The program was chosen 
mainly due to that the majority of the companies around the worlds have access to the 
program. The most people are also accustomed to work with the program. According to Elop 
(2008), over 120 million copies of Microsoft Office 2007 have been sold over the world. This 
is a number that today, eight years later, probability have continued to increase. This shows 
that Microsoft Office is spread all over the world and that many people and companies have 
access to the program.  
 
The tool is structured with pivot tables due to the large amount of data to be managed. 
According to Dodge and Stinson (2007) a pivot table is a special kind of table that 
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summarizes information from a selected field of a data source. The source can be for example 
a Microsoft Office Excel list or a relational database file. They explain that when you create a 
pivot table you can specify which table that you are interested in, how the table should be 
organized and what kind of calculations you want the table to perform. When the pivot table 
is built, you can reorganize it to view your data from different perspectives. The pivot table 
are linked to the data from which they are derived and you can refresh it whenever you want. 
 
The pivot tables are based on a sheet with a basic data, which is the first sheet in this tool. 
This is the sheet from which the data in the pivot tables are derived from and the data that you 
can refresh whenever you want. The data in this sheet is downloaded from Movex M3, which 
is the program at Alfa Laval, where any form of planning is made. It is in Movex M3 that 
they can, for example, see their historical demand and future forecasts. Alfa Laval writes a 
definition on what data they want to export from the program Movex M3. The data is then 
downloaded to Microsoft Office Excel and into the tool. The downloaded data can then be 
updated by a push on a button. In this way they can constantly update the data with recent 
data and monitor the current forecasts. 
 
In this case the following data is downloaded from Movex M3: 
 

· DC-Item number.  
· DC. 
· Item number. 
· Registration date. 
· Business area. 
· Annual demand. 
· Period. 
· Demand. 
· Forecast. 
· ABC class volume value. 
· ABC class frequency. 
· Forecast method. 

 
This data, which is organized in the first sheet, column A-L, is updated every month. The first 
sheet consists of three extra columns, column M-O, for the tool’s calculations. The three 
columns are the following: 
 

· Forecast error. 
· Absolute percent error, APE. 
· Weighted absolute percent error, WAPE. 

 
The forecast error is given by: 
 
𝐸! =   𝐷! − 𝐹! 
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If the forecast error is positive, the forecast was too high, and if the forecast error is negative, 
the forecast was too low. But if the forecast error is zero, the forecast was exactly what the 
actual demand was.  

The absolute percent error is given by: 
 

𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

 
The absolute percent error is a ratio of the absolute error and the demand or the forecast, 
depending on whether the demand was zero or not. It occurs periods when the demand is zero 
and it is important to take this into account when you calculate the absolute percent error.  
 
The formula in the tool also takes into account the scenario where both the forecast and the 
actual demand is zero. In such case the tool will show an APE on “0.00 %” since there is no 
forecast error. APE is calculated for each single item and period. 
 
The weighted forecast error is given by: 
 

𝑊𝐴𝑃𝐸 =
𝐴𝑃𝐸  ×    𝐹!  ×  100!

!!!

𝐹!!
!!!

 

 
Where 𝐹! is the forecast for the period t.  
 
The weighted forecast error is a weighting of the absolute percent error calculated for each 
item and each month. Thus, for each item you take the ratio between the forecast for the 
specified item the specific period and the sum for all forecast the same period, for example 
January. Therefore, that more material you have, the bigger will the total sum of all forecasts 
become, i.e. the sum that you are weighting against. It is usually the items with the highest 
forecasts that are the most important from a customer perspective. It is therefore important to 
weight the most sold items heavier, and this is exactly what this formula does. 
 
Based on the basic sheet, where the data constantly can be updated, two pivot tables have 
been created. In the first pivot table, WAPE is shown for each item and each period. In the 
first table you can choose what items and periods you want to review. The pivot table will 
calculate the average of WAPE for the items and periods that you choose. You can also 
filtrate the items with help of ABC-classification in order to prioritize, for example, the items 
with the highest profitability. You can also filtrate the items depending on how frequent the 
items are, in order to prioritize the items that generate, for example, the most profitability for 
the company. 
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By sorting the WAPE values in the pivot table from the highest to the lowest you can see the 
items with the largest forecast errors and therefore, what items that should be reviewed and 
possibly adjusted. When you have identified the items with the largest forecast error, then it is 
time to review the second pivot tables. 
 
The second pivot table shows the CFE. In this sheet you will see how the forecasts runs over 
time and, for example, see if a forecast constantly is too high or low. As an example, if a 
forecast is too low during a long period, the CFE will continue to decrease, and hence, if the 
forecast is too high during a long period, the CFE will continue to increase. In both cases, the 
forecast should be reviewed. If the CFE instead fluctuates around zero, it illustrates that the 
forecast errors cancel out each other and that the forecast is more correct over time.  
 
This second sheet also has a column that illustrates the annual usage, since the errors should 
be analyzed in relation to number of sold items in one year i.e. the annual usage. You can 
choose, with the same filter as when you calculate average of WAPE, what items you want to 
review. This might be useful when you, for example, want to prioritize certain items in order 
to review the most profitable items for the company. 
 

7.2 How to use the tool 
By download data from the planning program that the company uses (Movex M3) to the tool, 
the following columns will be automatically filled in: 
 

· Forecast error. 
· Absolute percent error, APE. 
· Weighted absolute percent error, WAPE. 

 
The second sheet, first pivot table, calculates WAPE for each item and each period. The 
periods you choose to calculate the average of will be automatically calculated in the column 
far to the right. This column shows the average of WAPE for the periods you chosen and you 
can then sort the WAPE values from the highest to the lowest in order to identify the items 
with the highest forecast error. When you have identified the items with the highest forecast 
errors, i.e. the items with the highest WAPE value, you may switch to the next sheet, the third 
sheet and second pivot table, which illustrates the CFE. In this sheet you will see if the 
forecast constantly is too low or high, and therefore if a systematically error exist. If the CFE 
increases or decreases over time, you should review the item’s forecast. But, if the CFE 
fluctuates around zero, the forecast errors cancel out each other over time and the forecast is 
therefore more correct. 
 
In the two pivot tables, you can filtrate what items you want to review based on ABC-
classification both depending on volume value and frequency. In this way you can prioritize 
right items and choose what items you want to review closer. 
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7.3 The results of the hypothesis test 
Now, after describing how the tool has been developed and how the tool should be used, a 
description will follow about how the hypothesis test was conducted and what the result 
became.  

7.3.1 The hypothesis 
The hypothesis was that WAPE should be use to calculate forecast error for items with lumpy 
demand, where APE is calculated as: 
 

𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

 
The weighting ensures that the items with the highest forecast, i.e. the items with highest 
distribution, are weighted heavier. This is an advantage from the customer perspective since 
the items with the highest forecasts are the items that satisfy the larger amount of the 
customers’ demand. WAPE also fix the disadvantages with MAPE, which is a very common 
measurement, as for example, WAPE ensures that no extreme values are calculated. WAPE 
shows and prioritizes the items in the right order in relation to the forecast errors. CFE should 
also be used to see if systematical forecast errors exist i.e. if the forecast constantly is too high 
or low. If there is a systematical forecast error, an adjustment should be made in order to 
achieve the best possible inventory level. 

7.3.2 How the hypothesis test was performed 
Today, Alfa Laval has a tool with which they can review the availability for their stocked 
items during the last 25 weeks, below called the availability tool. They can see how well they 
have succeeded in delivering their stocked items to the customers, i.e. if they had the item in 
stock when the customer ordered the item. If the items were not in stock, the items got a so 
called availability hit. To test the hypothesis, Alfa Laval reviewed the connection between 
what the availability tool showed and what the newly developed tool showed. For an extract 
of the availability report, see appendix 2. 
 
The items elected to be reviewed in this test were the items with volume value A, which today 
is 15 % of all Alfa Laval’s, DC Tumba, stocked items and these amounts to 1472 items.  

7.3.3 The result 
Alfa Laval first reviewed the connection between the items with availability hits in the 
availability tool and the CFE in the newly developed tool. The CFE was based on forecast 
data from four months and Alfa Laval concluded that of the 1472 reviewed items with volume 
value A: 
 

· 648 items were forecasted too low, i.e. the cumulative sum of forecast error is 
negative, which correspond 44,02 % of the items. 
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· 824 items were forecasted too high, i.e. the cumulative sum of forecast error is 
positive, which correspond 55,98 % of the items. 

 
Alfa Laval the reviewed the availability tool and concluded that 416 items had availability 
hits and that of these: 
 

· 289 items were forecasted too low. 
· 127 items were forecasted too high. 

 
Alfa Laval then reviewed the number of the items that forecasted too low and respectively too 
high with the CFE measure and had availability hits in the availability tool, and concluded 
that: 
 

· Of the total 648 items forecasted too low during the last four month, 44,60 % got 
availability hits. 

· Of the total 824 items forecasted too high during the last four month, 15,41 % got 
availability hits. 

 
Alfa Laval finally review the total number of availability hits, which amounted to 2786 and of 
these hits: 
 

· 1993 had a negative forecast, i.e. these items were forecasted too low. 
· 793 had a positive forecast, i.e. these items were forecasted too high. 

 
For a summary of the analysis of the hypothesis, see table 8.  
 
Table 8 – The analysis of the hypothesis test 

 
 
Alfa Laval also reviewed the number of periods when the forecast were negative. The 
conclusion from that review was that the average of availability hits increased with the 
number of periods when the forecast were negative, i.e. too low. This also proves that there is 
a connection between long periods with negative CFE and availability of items, see table 9. 
 
Table 9 – The connection between negative CFE and availability  
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In the light of the above, it is confirmed that there is a connection between the availability 
data during the last 25 weeks and the calculations of CFE. This shows that CFE can be used 
to prevent forecast errors and that CFE is a good measurement to clarify how the items are 
forecasted. Alfa Laval has also reviewed items with availability hits and WAPE in order to 
identify a connection between these, but no connection could be found. But Alfa Laval 
mentioned that they considered that WAPE was a good measurement for benchmarking of 
forecast methods with other companies.  
 
For an extract of the developed tool, see appendix 3, and for a manual for how to use the tool, 
see appendix 4.  
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8 Conclusions and discussion  
In this chapter, a summary of the study and the results thereof are presented. The conclusions 
from the findings are also presented. Additionally, more studies are proposed to increase the 
knowledge of field of the study. 
 
By this study, methods have been identified regarding how to calculate forecast errors for 
stocked items with a lumpy demand. Items with a lumpy demand mean items with differences 
both when it comes to the time interval between each request and also the number of periods 
with zero demand, i.e. demand with both fluctuations in the quantity and when the demand 
occurs. Even though several authors argued that MAPE is the most common measurement to 
calculate forecast errors and forecast accuracy, MAPE was not used for this hypothesis and 
thesis due to its disadvantages. For low frequency items or items with periods of zero 
demand, authors mentioned that MAPE generated disadvantages in form of miscalculations 
and extreme values. Since items with a lumpy demand includes both low frequency items and 
periods with zero demand, it was important to search for and examine other alternatives. 
WAPE proved to be a measurement that could manage low frequency items and items with 
zero demand. 
 
The benchmarking processes strengthened the hypothesis regarding WAPE, and showed that 
WAPE would probably be the most optimal measure for these considerations. The company 
that worked the most with forecast errors and measured forecast accuracy used WAPE and 
they explain that they did not have any difficulties with managing items with a lumpy 
demand. The other companies that did not used WAPE explain that there was disadvantages 
with the measure method they used. They had difficulties with managing low frequency items 
and the results of their calculations did not always the reflect reality.  
 
In the light of the literature review and the benchmarking processes a hypothesis was 
formulated. The hypothesis was that WAPE and CFE should be used to calculate forecast 
errors for items with a lumpy demand. WAPE would provide a correct prioritizing order 
where the items with the largest errors showed the largest WAPE and would also be able to 
manage low frequency items and periods with zero demand. CFE would illustrate how 
forecast errors run over time, and for example, show if a forecast systematically is too high or 
too low. If there is a systematically forecast error, an adjustment should be made in order to 
achieve the best possible inventory level. WAPE does not take into account whether the 
forecast is too low or too high. WAPE do not either illustrate whether the forecast is positive 
or negative i.e., if the forecast is too low or too high. Thus, a part of the hypothesis was that 
CFE and WAPE would be a complement to each other. 
 
After the hypothesis was defined, a tool was developed in order to calculate forecast errors 
with WAPE and CFE. A filter function was also developed in the tool in order be able to 
prioritize the right items and to limit the selection of items to review. The filter can choose 
what items to be reviewed based on the items frequency and volume value. As an example, it 
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could be beneficial to manage the items with highest volume value first since these generate 
the highest profits. The tool was developed in order to test the hypothesis and hopefully be a 
part of the thesis’s result. When Alfa Laval tested the tool and analyzed the results they 
searched for connections between availability hits, i.e. the items were not in stock when the 
customers ordered the items, and both WAPE and CFE.  
 
Alfa Laval reviews the availability for theirs stocked items during the last 25 weeks to see 
how well they have succeeded in delivering their stocked items to the customers. If an item is 
not available upon request during a specific period, this item gets an availability hit for that 
period. The hypothesis test showed a connection between CFE and availability hits. First of 
all, Alfa Laval saw that the number of periods when the forecast was negative generate an 
increasing average of availability hits. So the availability hits increased with the number of 
periods when the forecast was negative, i.e. when the forecast was forecasted too low. 
Secondly, of the total 648 items that were forecasted too low last during four months in the 
newly developed tool, 44,60 % of these got availability hits, i.e. the items was not in stock 
when the customers ordered the items. Further Alfa Laval concluded that, of the total 2786 
availability hits, 1993 had a negative forecast, i.e. these items were forecasted too low. Hence, 
CFE is a measurement that has proved to be beneficial. By studying CFE for items, 
companies can see if a forecast constantly is too high or too low, i.e. if there is a 
systematically error that results in an inaccurate forecast. 
 
No connection was found between items with availability hits and WAPE. The reason for this 
is should be explained as follows. Items with availability hits are forecasted too low in 
relation to the actual demand. Thus, when you review the items with availability hits, you will 
automatically exclude the items with too high forecasts since these items will not get 
availability hits. The WAPE values give an absolute value of the error in percent. An absolute 
value does not take into account whether the forecasts are too high or too low. WAPE only 
provides the absolute percent error by a weighting. The result is therefore that the items with 
the largest WAPE value can either be forecasted too high or too low. WAPE will not clarify 
this. Hence, no connection between WAPE and items with availability hits can be identified 
since items with the largest WAPE value might be over forecasted. 
 
CFE can be used to prevent availability hits, i.e. lack of items for delivery. CFE is also a good 
measurement to clarify how the items are forecasted and to use to work proactively with 
forecasts. WAPE is a good measurement for benchmarking of forecast methods with other 
companies that also manage items with a lumpy demand. Further, WAPE is beneficial when 
working with items that is over forecasted and causes high inventory levels. The customer 
satisfaction will always be the most important for companies, but to have high inventory 
levels is also costly. Over stock is not measured in the same way as availability, but in a 
longer perspective, even these items should be reviewed in order to maximize the profits. 
WAPE is useful for that kind of review since WAPE can take items with a lumpy demand 
into account. To summarize, WAPE and CFE are proven to be the best ways to calculate 
forecast errors and forecast accuracy for items with a lumpy demand. 
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The companies, no matter industry, that would use these measurements will be able to 
improve their forecast accuracy. Due to irregular demand patterns, the forecasts always will 
be wrong in relation to the actual demand. The forecast errors will in turn results in either 
over stock or under stock, which is very costly for companies. No matter industry, you want 
to have an adequate stock levels in order to minimize the costs but still ensure high service 
levels to the customers. Therefore, it is important that companies review their forecasts and 
calculate the forecasts’ accuracy. In this way, they can minimize the risk of forecast errors, 
they can dimension an adequate safety stock and they can ensure that systematic errors do not 
exist. This will in turn result in a more efficient use of the company’s capital.  
 

8.1 Recommendations for further research 
This master thesis answers research questions that are of interest today for all industries that 
in some way work with forecasts. The master thesis shows two measurement that were 
advantageous when it comes to calculating forecast errors for items with a lumpy demand. 
The designed hypothesis test showed that items that had been forecasted too low during a 
long time are at a large risk for lack of items and by acting on these under forecasted items, 
you can minimize the risk of lack of items. 
 
During the process with the master thesis the following new interesting research questions has 
been noticed: 
 

· What is the economic effect when the forecasts are too high or too low? 
· What measures are advantageous to use when a more even pattern of demand exists? 

 
Finally, an issue that was noted during the process with the thesis was the difficulties to 
managing random errors. The random errors are a result of unpredictable factors and therefore 
are these items hard to manage and the random errors need to be ignored. But, it would be 
interested to closer examine what the random errors depend on. So another research question 
that has been noticed is: 
 

· Is it possible, to determine an item’s demand, using the item’s lifetime? 
 
Alternative methods, in order to achieve a different or better results and conclusions, are to: 
 

· Conduct more case studies. 
· Make sure to follow up the calculated forecast errors and the adjustments made due to 

the calculations in order to verify whether the forecast accuracy were improved.  
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Appendices 
Appendix 1 - Extract of demand vs. forecasts for four items 
 

  

Example 1: Part number A 
Month Demand 

quantity 
Forecast 
quantity 

1301 12 5,25 
1302 0 4,333 
1303 6 2,667 
1304 12 6 
1305 6 7,5 
1306 0 7 
1307 33 4 
1308 6 9,5 
1309 12 7,25 
1310 1 9,281 
1311 0 7,833 
1312 6 4,333 
1401 12 4,808 
1402 0 6,167 
1403 9 4,5 
1404 0 5,438 
1405 0 4,5 
1406 0 3 
1407 0 6,583 
1408 2 3,833 
1409 0 3,5 
1410 13 2,5 
1411 0 3,5 
1412 8 3,5 
1501 18 3,667 
1502 0 4,167 
1503 25 4,167 
1504 6 5,5 
1505 6 6 
1506 0 6,5 
1507 6 6,5 
1508 0 7 
1509  6,833 

Example 2: Part number B 
Month Demand 

quantity 
Forecast 
quantity 

1301 49 81 
1302 0 58,25 
1303 36 58,25 
1304 54 37,463 
1305 270 55,05 
1306 0 81,8 
1307 0 75,444 
1308 24 60 
1309 180 30,956 
1310 60 51 
1311 0 88 
1312 0 52,8 
1401 135 44 
1402 24 74,333 
1403 144 53 
1404 181 78,094 
1405 0 116,333 
1406 24 80,667 
1407 25 64,333 
1408 12 66,417 
1409 0 65,417 
1410 0 50,417 
1411 0 45,417 
1412 0 45,417 
1501 2 45,417 
1502 0 34,333 
1503 0 32,333 
1504 0 20,333 
1505 0 5,25 
1506 0 5,25 
1507 0 3,25 
1508 72 1,167 
1509   6,833 



 

 

 

 
  

Example 3: Part number C 
Month Demand 

quantity 
Forecast 
quantity 

1301 171 384 
1302 286 330,75 
1303 434 298,488 
1304 203 337,917 
1305 610 273,5 
1306 622 337,778 
1307 244 478,333 
1308 268 373,556 
1309 229 330,063 
1310 367 299,575 
1311 403 390 
1312 167 355,5 
1401 272 286,8 
1402 197 284,333 
1403 178 249,744 
1404 156 215,667 
1405 295 200,75 
1406 154 283,167 
1407 526 244,167 
1408 123 267,667 
1409 243 255,583 
1410 363 256,75 
1411 387 256,417 
1412 200 255,083 
1501 199 257,833 
1502 247 251,75 
1503 432 255,917 
1504 157 277,083 
1505 212 277,167 
1506 282 270,25 
1507 445 280,917 
1508 95 274,167 
1509   271,833 

Example 4: Part number D 
Month Demand 

quantity 
Forecast 
demand 

1301 12 6,667 
1302 14 6,917 
1303 10 10,469 
1304 0 6,909 
1305 3 6,93 
1306 0 3,638 
1307 8 3,469 
1308 4 5,833 
1309 8 3 
1310 3 6,556 
1311 2 4,333 
1312 4 4,167 
1401 5 4,833 
1402 6 4,729 
1403 4 4,417 
1404 4 4,2 
1405 1 4,167 
1406 15 4 
1407 6 5,333 
1408 7 5,167 
1409 13 5,417 
1410 5 5,833 
1411 3 6 
1412 6 6,083 
1501 8 6,25 
1502 16 6,5 
1503 3 7,333 
1504 10 7,25 
1505 6 7,75 
1506 3 8,167 
1507 3 7,167 
1508 4 6,917 
1509 1 6,667 



 

 

Appendix 2 - Extract from the availability report 
 

Item Number of Hits Share of Total Hits 
56636501 82 0,01688 
56702002 80 0,01647 
54666910 80 0,01647 
6120367110 77 0,01585 
56491701 69 0,01421 
54666909 62 0,01277 
56385901 53 0,01091 
901552305 44 0,00906 
7406700 44 0,00906 
56527901 43 0,00885 
3868500 41 0,00844 
56702106 39 0,00803 
58988102 38 0,00782 
6124386230 38 0,00782 
54361980 37 0,00762 
55461001 36 0,00741 
54667008 35 0,00721 
54317001 32 0,00659 
26016952 32 0,00659 
54587101 31 0,00638 
180010862 30 0,00618 
900549601 29 0,00597 
56356301 29 0,00597 
3183062451 28 0,00576 
6124206630 27 0,00556 
54815301 27 0,00556 
56249301 25 0,00515 
55392101 24 0,00494 
6124131030 23 0,00474 
176644401 22 0,00453 
176197480 22 0,00453 
56637504 22 0,00453 
6123193730 22 0,00453 
54805105 21 0,00432 
58988101 21 0,00432 
1192813103 21 0,00432 
54667022 20 0,00412 
1194792103 20 0,00412 
56702003 19 0,00391 

 
  



 

 

Appendix 3 – Extract from the developed tool 

  



 

 

 



 

 

 

  



 

 

Appendix 4 - The manual to the developed tool  
 
 
 
 
 
 
 
 
 
 
 
 
 

FA - tool 
 

A manual to calculate forecast accuracy 
 
 
 
 
  



 

 

 
 
This manual is developed as a part of a master thesis that was performed during the autumn of 
2015 at Alfa Laval, Product Group Parts, in Tumba, Stockholm, Sweden. 
 
The master thesis is performed by: 
 
Elsa Ragnerstam 
Engineering student in Production and Logistic, Mälardalens University 
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1 Background  
The purpose with forecasting is to increase the knowledge about the future demand to be able 
to plan in advance. To predict a precise forecast is not easy, especially not when the demand 
has large variations. Forecast errors, i.e. the difference between the forecast demand and the 
actual demand during a period, are something that always will occur for companies that are 
working with forecasts. It doesn’t matter how good the forecasts are or how complex the 
forecasts techniques are, the instability of the markets confirm that the forecasts always will be 
incorrect in relation to the actual demand, and therefor will the forecast errors always occur. 
Forecast errors are therefore something that we need to accept and work with to make them as 
few and small as possible. 
 
This tool will help Alfa Laval to take control over the forecast errors for their around 25 000 
stocked items. By using a measurement called Weighted absolute forecast error, WAPE, and a 
measurement called Cumulative sum of forecast error, CFE, one can see which of Alfa Laval’s 
articles that have the largest forecast errors and also see how the forecasts for the stocked items 
runs over time.  
 
By continuously working with this tool and analyze the forecasts in relation to the actual 
demand one can monitor the forecasts to minimize the risks for forecast errors. 

  



 

 

2 Description of the tool 
The tool consists of the three following sheets, see figure 1: 
 

· Basic data – The sheet for all the information that the tool is built upon. In this sheet 
all the updates and changes are made. 
 

· Average WAPE – In this sheet one can see, in chronological order, which items that 
have the largest forecast errors, regardless whether the forecast is under-forecasted or 
over-forecasted. 

 
· CFE – In this sheet one can see the variations in different forecasts, for different items 

and different periods.  
 

 
2.1 The basic data sheet 
In the basic data sheet all the updates and changes are made. This is the sheet that the two other 
sheets are derived from and it is in this sheet that you can refresh the data. The data in this 
sheet is downloaded from Movex M3, which is the program that Alfa Laval is using for all 
form of planning. From the program Movex M3 you are writing a definition on what you want 
to take out from the program. The definitions that you shall use to specify which data you want 
to take out shall be based on period and DC. The data you want to take out you download in 
this tool. The name of query that you shall use to take out the data is AEN_FCS001 and the 
library is SETIUM.  
The data you shall download from Movex M3 are: 
 

· DC-Item number.  
· DC. 
· Item number. 
· Registration date. 
· Business area. 
· Annual demand. 
· Period. 
· Demand. 
· Forecast. 
· ABC class volume value. 
· ABC class frequency.  
· Forecast method.  

 
This data, that you download, ends up in column A-L in the basic sheet. See figure 2. 

Figure 1 – The tools´ three sheets  

Figure 2 – The data downloaded from Movex M3 



 

 

This sheet consists of three extra columns, columns M-O. These columns are filled in 
automatically after the downloading from Movex M3, see figure 3, and are named: 
 

· Forecast error. 
· Absolute percent error, APE. 
· Weighted absolute percent error, WAPE. 

 

 
It is these columns as the remaining tool is based on. See below for a more detailed description.  
 
2.1.1 Forecast error  
The forecast error is given by: 
 
𝐸! =   𝐹! − 𝐷! 
 
Where: 
𝐹! = The forecast for period t 
𝐷! = The actual demand for period t 
𝐸! = The difference between the forecast and the actual demand i.e. the forecast error for period t.  
 
If the forecast error is positive, the forecast is too high. If the forecast error is negative the 
forecast is too low. And finally if the forecast error is zeroing the forecast is exactly what the 
actual demand resulted in.  

2.1.2 Absolute percent error, APE 
The absolute percent error, APE, is given by: 
 

𝐴𝑃𝐸 =
𝐷! −   𝐹!  
𝐷!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! > 0 

𝐴𝑃𝐸 =
𝐹! −   𝐷!  
𝐹!

  ×  100  𝑓𝑜𝑟  𝑎𝑙𝑙  𝐷! = 0 

 
The absolute percent error is a ratio of the absolute error and the demand or forecast, depending 
on whether the demand is zero or not. Since it exists periods when the demand is zero, it is 
important to take this into account when the calculation of the absolute percent error is 
performed. APE is calculated for every item, every period. 
 
2.1.3 The weighted absolute forecast error, WAPE 
The weighted absolute forecast error, WAPE, is given by: 
 

Figure 3 – The automatically columns 



 

 

𝑊𝐴𝑃𝐸 =
𝐴𝑃𝐸  ×    𝐹!  ×  100!

!!!

𝐹!!
!!!

 

 
The weighted forecast error is a weighting of the absolute percent error that have been 
calculated for every item and every period. The weighting is based on the forecast for the items 
and it is also calculated per article and per period. Thus, for every article the ratio between the 
forecast for the specified item during the specific period and the sum for all forecasts for all 
items that period is calculated. This results in that the more material you have, the sum that you 
are weighting with will increase. At a company it is usually the items with the highest forecast 
that are the most important from a customer’s perspective. This formula ensures that the items 
with the highest forecasts are weighted heavier than items with lower forecasts. 

 
2.2 The average WAPE sheet 
Based on the basic data sheet where the data continuously can be updated from Movex M3, 
two pivot tables have been created and one of them are named average WAPE. The average 
WAPE calculating exactly what it sounds like, the average of the weighted absolute percent 
error. In this sheet the WAPE for the items, for every period, are illustrated. And based on 
which period you choose in the pivot table the average of these periods will be shown. See 
figure 4. 
 

 
 
You can also filter the shown information based on the items volume value and frequency. This 
means that you can prioritize, for example, the items with the highest profit and/or are most 
frequency. Thereby you can minimize the number of items to review and focus at the most 
important items from a profitable perspective, see figure 5. 
 

Figure 4 – To choose periods 



 

 

 
 
By sorting the average WAPE values, from the highest to the lowest, in the column far to the 
right, you can see which items that have the largest errors. In this way you get the items that 
have the highest forecast error illustrated on the top of the sheet and the items that have less 
forecast errors further down the rows, see figure 6. 
 
It is important to know that this measurement does not take into account whether the forecast 
error is negative or positive, i.e. the measurement does not show if the forecast is under- or 
over-forecasted.  
 

  
 If you also would like to check the WAPE value, for one or several specific articles, you can 
choose that by filtering, see figure 7. 
 

 
 

Figure 5 – To choose volume value class and frequency class 

Figure 6 – To sort the average of WAPE 

Figure 7 – To choose a specific article 



 

 

 
2.3 The CFE sheet 
The second pivot table shows the CFE, the cumulative sum of forecast errors. By selecting the 
periods you want to look at, you can see how the forecast errors runs over time for these 
periods, see figure 8. 
 

 
Based on CFE you can see if a systematically error exist i.e. if a forecast constantly is too high 
or low. If the forecast for example is too low during a long time, the CFE will continue to 
decrease. And in the opposite case, if the forecast is too high during a long time, the CFE will 
continue to increase. In both cases forecast should be reviewed. If the CFE instead fluctuates 
around zero, it shows that the forecast errors cancel out each other and is, over time, more 
correct.   
This sheet also has a column that illustrates the annual usage, since the errors should be 
analyzed related to how much items that runs in one year i.e. the annual usage, see figure 9. 
 

 
With the same filter as in the average WAPE sheet, you can choose which articles you want to 
review so you can prioritize, based on the items volume value and frequency, to review the 
most profitable articles for the company. You can also choose to review a specific article. See 
figure 10. 

 
 
 

Figure 8 – How the forecasts run over time 

Figure 9 – The annual demand 

Figure 10 – How to filter articles 


