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Abstract 

In many industries forecasting is used in an attempt to foresee the future and improve a 
company’s standing on the market. In the field of aviation forecasting is used, among other 
things, to determine the number of passengers to expect for each flight. This is beneficial in the 
practice of revenue management, as the forecast is used as a base when setting the price for each 
flight. As such, it is of great interest to know whether these forecasts are accurate, in order to 
maximize profit. In this study, a forecast evaluation has been done on seven different routes with 
a total of 61 different flights, using four different methods. These are: Mean Absolute Scaled 
Error (MASE), Mean Absolute Percentage Error (MAPE), Tracking Signal, and a goodness of fit 
test to determine if the forecast errors are normally distributed. The MASE has been used to 
determine if the passenger forecasts are better or worse than a naïve forecast, while the MAPE 
provides an error value for internal comparisons between the flights. The Tracking Signal and 
the normal distribution test have been used in order to determine whether a flight has bias or not 
towards under- or overforecasting.  
 
The results point towards a general underforecast across all studied flights. The forecasts do 
seem to be better than the naïve forecast however, indicating there is value to the forecasting 
process. A total of 89 % of the forecasts perform better than the naïve forecast, with an average 
MASE value of 0,78. As such, the forecast accuracy is better than that of the naïve forecast. 
There are however large error values among the observed flights, affecting the MAPE average. 
The MAPE average is 38,53 % while the median is 30,60 %. These values by themselves do not 
say very much about the forecast accuracy as there is nothing to compare them to. However, the 
measure can be used for internal comparisons, and one such way is to use the average value as a 
benchmark in order to focus on improving those forecasts with a higher than average MAPE. 
  
The authors have found that the MASE and MAPE are useful in measuring forecast accuracy and 
as such the recommendation of the authors is that these two error measures can be used together 
to evaluate forecast accuracy at frequent intervals, in order to determine if the forecasts need 
improvement. In addition to this there is value in examining the error distribution in conjunction 
with the Mean Error when searching for bias, as this will indicate if there is systematic error 
present.  
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1. Iﾐtroductioﾐ 

In this chapter the background and aim of the study is presented. 

1.1 Background 

In the airline industry, the line between profit and loss is often thin. To maintain positive 
margins, it has become common practice among airlines to use extensive revenue 
management in order to bring in greater revenue. This is especially common among legacy 
carriers; airlines that were operational before the deregulation of the airline industry at the end 
of the 20th century. With the deregulation, low cost airlines emerged and took market shares 
from the legacy carriers. As such, the legacy carriers were forced to increase their revenue to 
stay in business, leading to the introduction of revenue management into the industry 
(Abdelghany & Abdelghany, 2013). An increase in revenue is achieved by optimizing the 
pricing of each seat on each flight, with the goal being to make as much money as possible. In 
order to be effective at revenue management a good grasp on external factors such as 
competitors and international events is required. It also requires a large amount of historical 
data in order to create forecasts that will be the basis for the pricing. 
 
Scandinavian Airlines is an airline based in Sweden, and they use revenue management. They 
have forecasts for, among other things, number of passengers per flight. However, they do not 
currently have a standardized method of evaluation of these forecasts. Therefore, it is of 
interest to SAS to evaluate how accurate these forecasts are, and what methods of comparison 
exist. In this study the accuracy of forecasts is called forecast accuracy. An evaluation of 
forecast accuracy is an important part of forecasting, as a forecast almost always contains 
forecasting errors (Mattsson, 2010). As such, it is important to ensure that these errors are as 
small as possible (Mattsson, 2010). It is especially important to examine if the forecasts tend 
to over- or underestimate the demand (Mattsson, 2010). Through proper forecast evaluation 
forecasting errors can be identified and partly eliminated, ensuring a more accurate forecast 
for the revenue management to be based on. 
 

1.2 Aim of the Study 

The aim of the study is to investigate which forecasting evaluation methods that would be 
useful for SAS passenger demand forecasts, and how these should be applied. 

1.3 Research Questions 

These questions will provide answers that will contribute to fulfilling the aim of the study. 
 

• What methods for evaluation of forecast accuracy are there? 
• What methods for evaluation of forecast accuracy can be recommended to SAS? 
• How can the recommended methods for evaluation of forecast accuracy be applied? 

 

1.4 Limitations 

The study is limited to only look at the forecasts for number of passengers. Data received 
from SAS included the majority of flights for several routes for the months of November and 
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December of 2016 and January of 2017. Due to reasons of simplification in data and missing 
data the study has only looked at data from the 17th of November to the 14th of December and 
from the 8th of January to the 31st of January. The second half of December and the beginning 
of January have been disregarded as some of the data is missing. This was also a request from 
SAS as the actual number of passengers for each flight during these dates vary a lot due to the 
holidays and there is little to gain from analyzing these numbers. The first half of November 
has been disregarded because the forecast data for these dates is missing.   
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2. Methodology 

The study is mainly of a quantitative kind. Through SAS, data has been collected regarding 
their forecasts and the actual number of passengers, and analysis of this data has been done 
using different methods for forecast evaluation. Literature has been collected regarding both 
revenue management and forecasting in order to create a literature base for the study. 

2.1 Theories in Methodology 

2.1.1 Quantitative Methodology 

Bryman (2008) lists 11 steps that quantitative studies consist of: 
 

1. Theoretical framework 
2. Hypothesis 
3. Study design 
4. Construction of study approach 
5. Choice of places to conduct the study 
6. Choice of people to conduct the study on 
7. Application of chosen method of data collection 
8. Processing of data 
9. Analysis of data 
10. Results and conclusions 
11. Formulation of results and conclusions 

 
Step 1 and 2 of the quantitative study are linked. A hypothesis can often be acquired from the 
existing theoretical framework, but it is also possible to skip the hypothesis and simply extract 
an idea from the theoretical framework. The study design is the search for the method the 
study will use. In step 4 the method and approach of the study is decided. Step 5 decides 
where the study will be conducted, and step 6 who, if any, will take part in it. In step 7 the 
information required for analysis is collected, and step 8 transfers the collected data through 
the use of different theories, while step 9 analyzes the data. This will create a result for step 
10, and when this is formulated into a scientific report step 11 is done. This means that these 
steps are of a cyclical nature, as the last step adds new information to the already existing 
theoretical framework. (Bryman, 2008) 
 
A quantitative methodology often consists of model building. These models can be of two 
different types; descriptive and prescriptive (Brandimarte, 2011). A descriptive model 
attempts to reveal relationships between different variables or the performance of parts of a 
system, and it produces information that can be used in decision-making (Brandimarte, 2011). 
In revealing relationships between different variables patterns between them can be found, 
and correlations can reveal the connections between different variables, while not saying 
anything about how variables influence each other (Blaikie, 2003). A prescriptive model is a 
model that attempts to find a solution, and it is generally more ambitious than a descriptive 
model (Brandimarte, 2011). An example of a descriptive model is a time series forecasting 
model while an example of a prescriptive model is the Wilson formula of order quantity.  
A quantitative model carries with it a certain number of limitations. For instance, it often 
consists of estimates and uncertain data. These aspects of the model can be countered through 
processes such as sensitivity analysis and model validation. Model validation can be done 
through letting an expert judge the model and its simplifications. These limitations lead some 
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to argue that quantitative analysis has no practical applications, as factors such as human 
knowledge and experience might serve better. However, it is useful to combine these aspects 
with the quantitative analysis. (Brandimarte, 2011). 
 

2.1.2 Validity 

Validity is an important aspect of a study. A basic description of the term is that validity refers 
to how appropriate the chosen methodology is. If a study is valid it evaluates what it is meant 
to evaluate (Graziano and Raulin, 2014). For instance, if a scale is supposed to measure 
weight it is valid if it does in fact measure weight. There are four types of validity; Statistical, 
Construct, External, and Internal (Graziano and Raulin, 2014). Statistical validity refers to if 
statistical conclusions drawn in a study are accurate (Graziano and Raulin, 2014). One way to 
lower the statistical validity of a study is by using unreliable methods of evaluation (Graziano 
and Raulin, 2014). As such, it is important to ensure the methods used have a high 
trustworthiness. Construct validity is how well the results of a study fit in with the theory 
behind it, and if the theory chosen is the theory that provides the best explanation of the 
results of the study (Svenning, 2003). In order to ensure good construct validity, the 
theoretical frame of reference must be expansive and clear, as this will provide a solid basis to 
build a hypothesis (Graziano and Raulin, 2014). External validity explains how well a study 
can be generalized to other conditions than the ones that were active when the study was 
conducted (Svenning, 2003). Generalizations from a small sample of a population are 
common, and done in situations such as political surveys (with random samples from the 
population), but generalizations across different other factors, such as times, places, and 
conditions, are more difficult to do (Graziano and Raulin, 2014). In psychology, a process of 
finding out the limits of generalization is used frequently, as many such studies are done 
under specific conditions and settings, meaning it is not possible to generalize freely 
(Graziano and Raulin, 2014). Lastly, internal validity refers to the fact that the variables that 
are supposed to be causing change are the variables that actually do so, rather than some other 
unexpected variables. (Graziano and Raulin, 2014). 

2.1.3 Reliability 

A study has high reliability if the results of the study would be the same even if the study was 
executed by someone other than the original author (Graziano and Raulin, 2014). An example 
of this is a bathroom scale. If the scale always displays the same weight when the same object 
is being weighed this means the reliability is high. Reliability is of great importance as a study 
does not give any useful results if it is unreliable. There are three kinds of reliability; interrater 
reliability, test-retest reliability, and internal consistency reliability (Graziano and Raulin, 
2014). Interrater reliability is important when measures involve the rating of behaviors, and 
during these ratings there should be two or more observers to rate a sample of behavior 
(Graziano and Raulin, 2014). If these raters agree with each other every time this means the 
reliability is very good. Test-retest reliability refers to observations over time (Graziano and 
Raulin, 2014). However, it is only applicable if the relevant variables are stable over time and 
do not change. An example of this is asking a person the same questions more than once, with 
some time between each questioning (Svenning, 2003). Internal consistency reliability is 
generally used when many observations are used as data (Graziano and Raulin, 2014). These 
should then correlate with each other in order to achieve high reliability. Often this means that 
the more observations used the better the reliability (Graziano and Raulin, 2014). A number of 
factors can lead to low reliability. Some of these are; wrong samples and problems of reading 
the data (Svenning, 2003). It can also be a good idea to look at issues from several different 
angles, by using different approaches (Svenning, 2003). 



5 
 

2.2 The Execution of the Study 

This chapter presents how the study has been done. 

2.2.1 Quantitative Methodology 

Applying Bryman’s (2008) method for quantitative methodology on this study reveals that the 
study has begun with step 1. Step 1 and 2 has been done in collaboration between the authors 
and their contacts at SAS, and in this way the aim of the study has been decided. In Step 3 a 
literary study was done in order to gather information regarding different models and methods 
to use in forecast evaluation, in order to identify what methods to use in this study. In step 4 it 
was decided that calculations and analysis of data was to be done in Microsoft Excel, while 
steps 5 and 6 were excluded from the study as they were of no relevance. Step 7 was a minor 
part of the study as data was simply obtained by mail from the contact person at SAS. Steps 8 
and 9 have been a large part of the study as the data obtained has been analyzed using 
different methods determined in step 4. Step 9 has presented a result that has been formulated 
into a report in steps 10 and 11. 

2.2.2 Theoretical Frame of Reference 

The theoretical frame of reference has been obtained mainly through internet searches via 
Linköping University’s library search engine and google. Some references are old course 
books that have been used for the basic information on the topic that they provide, while 
scientific articles have provided a deeper insight into revenue management and forecasting. 

2.2.3 Data Collection and Analysis 

Data used for this thesis has been obtained from SAS by mail from the contact person Johanna 
Arhall. After the data was obtained, Microsoft Excel was used to compile the data. Data 
collected from SAS include forecasts and actual data for several flights both domestic and 
international. The skills required to compile the data in Microsoft Excel was already 
possessed by the authors, and therefore no additional studies in this subject was required. The 
data analysis has been done by creating a model in Microsoft Excel. The model contained 
different formulas, where the data used as input generated comparisons of different forecasts 
as output.  
 
In order to evaluate the forecast accuracy, the data needed for this thesis were SAS passenger 
forecasts and the actual number of passengers on each flight. In order to decide which 
methods to use in evaluating the forecast accuracy a literary study has been conducted. 
Through this study it was decided that the following error measures were to be used: 
 

• Mean Error 
• Mean Absolute Error 
• Mean Absolute Percentage Error 
• Mean Absolute Scaled Error 

  
These error measures have been calculated using input obtained from SAS and using custom 
built formulas in Microsoft Excel. This has produced values for each evaluated forecast. The 
Mean Absolute Error (MAE) has been used as it was needed for the Tracking Signal method.  
The Tracking Signal method is applied to the MAE values, and this reveals if a forecast 
method generates bias (Trigg, D.W. & Leach, A. G., 1967). Bias is an indicator of a 
systematic error, and is as such undesirable. In addition to the Tracking Signal, an error 
distribution fit has been used in order to complement the Tracking Signal, as a set of errors 
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that is normally distributed around a mean of zero generally contains no bias 
(NIST/SEMATECH, 2013a). The error distributions have been found using a computer 
program called EasyFit. As the distribution fit of the errors requires the mean of the errors, the 
Mean Error error measure has been used as well. 
 
The Mean Absolute Percentage Error (MAPE) has been used as it allows for comparison 
between flights and routes of different scales, due to it presenting the errors as percentages. 
The fact that the measure also uses the absolute values of the errors mean all errors are 
accounted for. Mean Absolute Scaled Error (MASE) is an error measure that evaluates itself, 
as its output is put in relation to a naïve forecast. If the value of MASE is greater than 1, the 
forecast performs worse than a naïve method (Hyndman & Koehler, 2006). A naïve forecast is 
a forecast that has been created by assuming that the value for the forecasted time period will 
be the same as the value for the previous time period (Edlund et al., 2011). If a forecast is 
worse than the naïve forecast it might indicate that there is little value to the process of 
forecasting, which can oftentimes be tedious and expensive, as it would save time to simply 
use the naïve forecast (Gilliand et al., 2015). As such, the MASE has been used as it evaluates 
the forecasts in relation to something, and not only by itself. 
 
Through the use of different types of forecast errors, it is possible to identify patterns in the 
forecast errors. Similarities and differences produced from the different forecast errors will be 
identified in order to discover where the forecasts are strong and weak. If for instance all 
methods produce a result for a given flight that point to the forecast being wrong by a large 
margin there might be a correlation between them that can indicate that the forecast is flawed. 
It seems unlikely that only one of the suggested error measures will give any significant 
result, and as such it is a combination of them that will be the result. 
 

2.2.4 Calculations 

The data has been compiled and analyzed using Microsoft Excel. In order to sort the data 
acquired the pivot table function has been used, sorting the data according to Figure 1. In this 
way, the data needed for the calculations has been sorted out. 
 

 
Figure 1 - Pivot Table Sorting 
 
In the pivot table the rows each represent a forecast date, while the columns represent a 
specific flight. The values displayed are the forecast values. Two filters are used, one to filter 
per departure date, and one to filter per origin and destination (Arlanda - Kiruna for example). 
By sorting the data like this the forecasts done on each day for each day of departure and 
flight can be illustrated for each destination, giving the possibility to do general analysis as 
well as analysis of specific flights and routes. 
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2.2.5 Validity 

The four types of validity mentioned in Chapter 2.1.2 are relevant in different types of studies, 
and for the purpose of this study the important types are mainly Statistical, Construct, and 
Internal validity. External validity is not of great concern as a generalization of the results of 
the study is uninteresting, while probably possible. In this study, validity ensures that the 
methods chosen do in fact measure the performance of the passenger forecasts, and nothing 
else. Validity in this report has been ensured through a literature study examining the possible 
ways of evaluating forecasts. It has also been ensured by asking the handlers at SAS for their 
input and opinions. 

2.2.6 Reliability 

The reliability of the study has been ensured by using as much data as possible in the analysis. 
By using all available observations for a route, a large base of input has been created, meaning 
errors because of small sample sizes have been minimized. In addition to this, two different 
flight areas have been examined, in order to have a greater base to stand on during the 
analysis. The reliability has also been ensured by using test data with known results in the 
formulas created for this study. Formulas that produce the same results in as in the examples 
can then be considered to have good reliability. 
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3. Theoretical Fraﾏe of Refereﾐce 

3.1 Revenue Management 

Revenue management can be described as a method to optimize the availability and price of a 
product in order to maximize profit. In simpler terms revenue management is selling the right 
product to the right customer, at the right time, at the right price (Cross, 1997). 
 
Talluri et al (2008) describe revenue management as the methods and systems used in order to 
make decisions based on demand. These decisions are placed in three different categories; 
structural, price related and quantity decisions.  
 
Revenue management was first introduced in the airline industry but has since been applied to 
a number of different industries, for instance the hotel industry and energy industry (Talluri et 
al 2008). In order to put revenue management into a business perspective, Robert Cross 
(1997) describes how implementing revenue management to a barbershop increased revenue 
by 20 % by using dynamic pricing and thus lowering the price on days with low demand and 
vice versa. This led to customers willing to pay a higher fee were prioritized during Saturdays 
and customers without any requirements of a specific day were able to get a cheaper price 
during weekdays.  
 
According to Cross (1997) there are seven requirements that an industry must fulfill in order 
for revenue management to be applicable. Firstly, the product must be perishable, meaning 
that after a specific time, the product loses all value and cannot be sold. Secondly, the demand 
varies depending on season and time. Thirdly, the product has a different value for different 
customer segments, as customer willingness to pay varies for the same product. Additionally, 
product wastage is common, meaning that customers pay for the product but do not use it. 
This means that the product can be sold again. Another requirement is that there is 
competition among different segments for the product. The product is often sold in larger 
quantities with discounts to groups which in turn generate increased amount of product sales 
but decreased profits per sold product. The sixth requirement is that discounts are given in 
order to meet the competition from other companies within the market. The last requirement is 
that the market is of a dynamic nature which means that the conditions are in constant change. 
 

3.1.1 Revenue Management in the Airline Industry 

During the early 60s, American Airlines started examining how they could increase profits by 
using historical data to balance the supply and demand through dynamic pricing (Smith et al, 
1992). Revenue management has since developed and with the introduction of low cost 
airlines in the market, the demand for revenue management has increased (Cross, 1997).  
 
There are two different customer categories in the airline industry; business and leisure. 
Business travelers tend to be less flexible on which date they fly and they are also less price 
sensitive (Abdelghany & Abdelghany, 2013). The time of booking also differs for the two 
categories (Abdelghany & Abdelghany, 2013). People who travel for leisure often book in 
advance while business passengers often book with short notice (Abdelghany & Abdelghany, 
2013). Since these two categories have different demands for flexibility and price the airline 
has to find the optimal mixture of different kind of tickets in order to make sure that people 
with a higher willingness to pay buy the higher priced tickets (Abdelghany & Abdelghany, 
2013). This could be done by for example setting a requirement of Saturday stay at the 
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destination for the cheaper tickets (McGill & Van Ryzin, 1999). Customers traveling for 
business are often not willing to stay the weekend at the destination since they are traveling 
for work and are off duty on the weekends. Another example is to only sell the cheaper tickets 
in great advance meaning that business travelers, who often book with short notice, are not 
able to access the cheaper tickets at the time of their booking (Abdelghany & Abdelghany, 
2013). The airline could also impose cancellation fines on the cheaper tickets which in turn 
will reduce flexibility and therefore be less desirable for business passengers (McGill & Van 
Ryzin, 1999).  
 
The forecasting process in Revenue Management begins when the tickets for a given flight are 
released (Abdelghany & Abdelghany, 2013). The forecasts are continuously updated until the 
day of departure for each booking class (Talluri et al., 2008). Since forecasts are updated often 
it is common to see ticket prices vary from day to day. Therefore, it is vital that these forecasts 
are accurate because they will affect the pricing at each update (Abdelghany & Abdelghany, 
2013). 
 
Forecasts are also used to determine the number of people who have bought and paid for the 
ticket but do not show up for the flight (Abdelghany & Abdelghany, 2013). Henceforth this 
will be called no-shows. One action an airline can take is to sell more seats per flight than 
there are available. This is called overbooking (Coughlan, 1999). This is done in order to 
counter the number of no-shows, and thereby maximize revenue, as the airline wants to fill 
every seat before take-off (Coughlan, 1999). Problems occur when the forecast is not accurate 
enough leading to an over- or underestimation. When overestimating the number of no-shows, 
the airline has to deny boarding for some passengers even though their ticket is valid and paid 
for (Abdelghany & Abdelghany, 2013). This can lead to bad PR and the denied passengers 
must be compensated meaning increased expenditure. Underestimating will lead to empty 
seats and possible revenues lost (Coughlan, 1999). Therefore, the forecasts for no-shows need 
to have high accuracy to avoid increased costs and possible revenue losses. (Abdelghany & 
Abdelghany, 2013) 

 

3.2 Forecasting 

A forecast is an attempt to foresee the future, and is usually represented by the value of a 
variable at a given point in time. An example of this is the number of sold Volvo cars in the 
month of June of aa given year. But a forecast can also be the specific point in time when 
something occurs, such as when sales will overtake production for a product. There are also 
forecasts that attempt to foresee the result of an event, such as a football game. (Edlund et al., 
2011) 
 
Forecasts are an important tool for companies as they can simplify and improve upon the 
decisions a company has to make. This through an in-depth analysis of the available facts in 
order to reduce the insecurity that comes with making decisions about the future (Edlund et 
al., 2011). It is important to note however, that perfect forecast accuracy is not to be expected 
(Gilliand et al., 2015). 
  
When creating a forecast, there are six steps that should be followed. These are: 
 

1. Determination of the decision maker’s forecasting needs 
2. Decide who will be responsible for the data collection and forecasting 
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3. Create routines for data collection 
4. Do the forecast 
5. Report the results to the decision makers 
6. Follow up the result (Edlund et al., 2011) 

 
For step 1 the information needed to make the forecasts is determined, as well as when and 
how it will be used, and variables such as the time horizon of the forecast period and the 
interval of the forecast are determined in this step (Edlund et al., 2011). The time horizon of a 
forecast can be described in three ways; short range, medium range and long range. A short-
range forecast stretches from one to three years, a medium-range forecast from three to five 
years, and a long-range forecast attempts to foresee events five or more years in the future 
(Gilliand et al., 2015). Step 2 decides who will be in charge of the forecasting (Edlund et al., 
2011). This needs to be a person with knowledge about forecasting methodology and with the 
ability to explain this knowledge to the decision makers. During step 3 the method of data 
collection is decided. Generally, data comes from internal sources, and can take the form of 
key numbers such as number of sold products (Edlund et al., 2011). It is of high importance 
that the forecasts are delivered in time, so that they can be used for their intended purpose. 
This can prove problematic when dealing with external or official sources of data, as these are 
often released some time after they were current (Edlund et al., 2011). The data preparation 
process is a time consuming one, where data is looked for, found, and prepared for the 
forecasting model (Gilliand et al., 2015). Step 4 is the choice of a suitable forecasting method 
and the calculation of the forecast using said method (Edlund et al., 2011).  In step 5 the 
forecast, method, data, and limitations are delivered to the decision makers (Edlund et al., 
2011). Finally step 6 is a very important step, as it evaluates the forecast, and it is important to 
be aware how good the forecast is (Edlund et al., 2011). 
 
It is easy to simply let a forecast be when it has been made, ignoring any follow up or 
evaluation, but this is bad practice, as a the performance of a forecast must be observed 
closely (Brandimarte, 2011). All forecasts come with some degree of forecasting errors, and 
this must be noted down (Edlund et al., 2011). It is also important to note down the conditions 
during which the forecast was made, as these might have had an impact (Edlund et al., 2011). 
This can be conditions such as a financial crisis etc.  
 
There are several different methods and formulas that measure how well a forecast matches 
the real outcome. A majority of these methods can be divided into two different categories. 
These are the scale dependent errors and the percentage errors. Scale dependent errors 
measure errors in number of errors, while percentage errors measure the errors in percent. 
(Hyndman & Koehler, 2006) 
 
For example, if the forecast of a flight is 86 and the actual value is 107 the error is 107 – 86 = 
21 while the percentage error is 19.6 %. In this example, we only have one instance of values. 
If we add an additional value, say a forecast of 40 and an actual value of 30 we will get 
different results. The Mean Absolute Error of these two examples is 15.5, while the Mean 
Absolute Percentage Error is 26,45 %. The value of 15.5 provides no information without the 
context of the actual values, and as the actual values are quite different it is hard to determine 
how good or bad the Mean Absolute Error is in general. Meanwhile the percentage error of 
26,45 % is more understandable on its own, and provides a general insight into how good or 
bad the forecasts are. 
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As such, scale dependent errors need to be on the same scale. This means they must use the 
same measurements, for example kilo. Scale dependent errors are common but cannot be 
applied always (Hyndman & Koehler, 2006). However, when errors are measured in 
percentage it is possible to compare between different scales, measurements, and bases, and as 
such it is common to use percentage errors for these types of comparisons (Hyndman & 
Koehler, 2006). Percentage errors have a number of weaknesses however. They are undefined 
when the actual value is 0, and they only apply to measures of quantity (Hyndman & Koehler, 
2006). They are also ambiguous, in that they do not show the size of the error, but rather a 
percentage (Gilliand et al., 2015). Therefore, some argument is made for the replacement of 
percentage errors with scaled error; scaled errors measure errors in relation to a benchmark 
forecast method (Gilliand et al., 2015). A scaled error is described in Chapter 3.2.4. The most 
common measures of scale dependent errors are Mean Absolute Error and Mean Square Error, 
while the most common percentage error is Mean Absolute Percentage Error (Gilliand et al., 
2015). 
 
A forecasting error can be described as the difference between the actual value and the 
forecast value (Gilliand et al., 2015). One thing to note is that because of this a forecast that is 
greater than the actual value will produce a negative error, while a positive error is produced 
from a scenario where the forecast is smaller than the actual value (Gilliand et al., 2015). The 
goal of a forecasting model is to produce as small forecasting errors as possible (Edlund et al., 
2011). Forecasting errors can be of two types. These are random errors and systematic errors, 
and there are a number of expressions that are relevant in discussions of forecast errors 
(Edlund et al., 2011). Accuracy measures how well the forecast and the actual outcome match 
(Gilliand et al., 2015). Good accuracy is signified by frequently forecasting close to the actual 
value (Edlund et al., 2011). Precision measures the amount of random difference in a forecast 
(Edlund et al., 2011). This means that good precision is obtained when forecasts are 
constantly similar, but not necessarily accurate. An example of good accuracy and poor 
precision is an actual value of 100, and two forecasts; one forecast of 95 and one of 105. As 
such, the accuracy of the forecasts is quite good, with a forecast error of 5, while the precision 
of the forecasts is somewhat worse, as one forecast is over and one under the actual value. 
Finally, the systematic error is normally called bias (Gilliand et al., 2015). Bias is achieved 
through low accuracy and high precision, meaning all forecasts are off target, but they are off 
in a similar manner (Edlund et al., 2011). 
 
Measures of forecast errors should fulfill five basic criteria in order to be considered useful. 
These are: measurement validity, reliability, ease of interpretation, clarity of presentation, and 
support of statistical evaluation (National Research Council, 1980). If these five criteria are 
met it means the chosen measure of forecast error serves its purpose well. 
 
A set of errors is generally supposed to be normally distributed with a mean of zero in order 
for there to be no significant errors present (NIST/SEMATECH, 2013a). If a set of errors 
follows a normal distribution it means there are most likely only random errors present, and 
that the errors are not too big (NIST/SEMATECH, 2013a). Therefore, a set of errors that is 
normally distributed will likely not have any significant bias, as the errors will be randomly 
spread around the mean, which should be 0. If a set of errors does not adhere to the structure 
presented by the normal distribution it means there are unknown factors affecting the 
forecasting model, and therefore, it is of importance to identify and counter these factors in 
order to improve the forecasting model (NIST/SEMATECH, 2013a). As such, it is important 
to identify whether a set of errors is described by the normal distribution or not. One such way 
is to use a goodness of fit test. A goodness of fit test is used to find the relationship between a 
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set of data and a pre-existing, theoretical distribution (Massey, F., 1951). Therefore, it is 
possible to use a goodness of fit test in order to identify what distribution a set of data belongs 
to. One goodness of fit test that can be used to test sets of data for a normal distribution is the 
Kolmogorov-Smirnov test (NIST/SEMATECH, 2013b). One advantage of this test is that it 
does not require large sample sizes in order to fit a distribution. Kolmogorov-Smirnov is a 
kind of hypothesis testing, with the hypothesis being that the data set in question does adhere 
to the desired distribution (NIST/SEMATECH, 2013b). If it does not adhere to the 
distribution the hypothesis is rejected. The hypothesis will be rejected if the value obtained 
through the test is larger than a critical value determined by the significance level chosen 
(NIST/SEMATECH, 2013b). The significance level is the chance of the hypothesis being 
rejected even though it is true. The significance level affects the critical values and decides at 
what values the null-hypothesis should be rejected (Körner & Wahlgren, 2015). 
 
An evaluation of the accuracy of a forecast can be useful as it supplies the decision makers 
with information that can be used to change forecasting method, give insight into the 
insecurity of the forecasts, or simplify the follow up of the forecast (Edlund et al., 2011). It is 
one of the more important aspects in practices such as supply chain management, as better 
forecast accuracy can reduce waste and increase revenue (Gilliand et al., 2015). When 
following up a forecast, systematic errors are of interest, as these can point to a flawed model. 
When determining the accuracy of a forecast it is wise not to use all available observations 
from the model (Edlund et al., 2011). This way it is possible to evaluate the forecasts for the 
same time as these observations, and the forecast method can be evaluated with real data 
before it has been used in practice (Edlund et al., 2011). If for example a forecaster has data 
from January to August, it can be wise to exclude the month of August from the data used in 
the forecasts and instead create forecasts for this month as well. This is done in order to 
compare the forecasts for August with the actual value of August, as a means of testing the 
accuracy and precision of the forecasts (Edlund et al., 2011). 
 
According to Edlund et al. (2011) forecast errors emerge for a number of reasons. Some of 
these are: 
 

• Measurement error. Such an error occurs when the variables in the model are wrong. 
Often many variables are partly based on assumptions, and as such they can be 
incorrect. 

• Random variation. If a forecast contains no measurement errors but still produces 
variation that is inexplicable it can be seen as a random error.  

• Wrong forecast model. A model can first of all contain errors in its functions and 
calculations. For instance, if it assumes a linear trend while the trend in reality is non-
linear. Secondly, the model might miss important variables that affect the outcome. 
Thirdly, the relationship between different variables might be interpreted wrong in the 
model, and not reflect reality. An example of this is the price awareness of customers, 
which might change if prices go up. 

• Changed conditions. A final reason for forecast errors is if the conditions on which the 
model is based have changed. For instance, the price of a product might have changed, 
and then this must be updated in the forecast. (Edlund et al., 2011) 

 
Measurements of forecast error are described in the following chapters, most of which have 
been used in the study. 
 



13 
 

3.2.1 Mean Error 

Mean Error, shortened ME, is a measure of the size of the systematic error (Edlund et al., 
2011). If a forecast model only has random errors the value of ME will approach 0 (Edlund et 
al., 2011). An alternative to this is the Mean Percent Error (MPE), and this is suitable when 
the errors are on different scales (Edlund et al., 2011). Percentage errors do not rely on scales 
and can as such be used to compare different kind of data (Swanson et al., 2011). For ME, 
negative and positive errors cancel each other out, which means that it measures only the bias 
of the forecast, and not the accuracy (Brandimarte, 2011). If ME assumes a positive number it 
can indicate a bias of underestimating the demand, while a negative ME can indicate a bias of 
overestimating it (Brandimarte, 2011). This then becomes a valuable thing to learn, as a large 
ME indicates a forecasting model might need change (Brandimarte, 2011). However, a 
smaller one might not indicate that everything is great, as the accuracy is not measured, and 
therefore error measures such as MAE and MSE have been developed.  

M継 =  ∑ 結�券  

 結� = �� − ��∗ 
 t = 血健�訣ℎ建 
 �� = 迎結欠健 �欠健憲結  
 ��∗ = 繋剣堅結潔欠嫌建 �欠健憲結 
 n = 軽憲兼決結堅 剣血 血健�訣ℎ建嫌 
 MP継 =  ∑ 結��� 
 
(Edlund et al., 2011) 
 
The definition of et means that the forecast error assumes a positive number when the forecast 
is lower than the demand, while the error becomes negative when the forecast is larger than 
the demand. This is known as underforecasts and overforecasts. (Brandimarte, 2011). 

3.2.2 Mean Absolute Error 

Mean absolute error (MAE), is not affected by large deviations to the same extent as MSE 
(described in Chapter 3.2.3). MAE also does not differentiate between deviations that are 
positive or negative. Therefore, this method is useful when this factor is irrelevant. Much like 
ME, MAE can be made into a percentage error, called MAPE. (Edlund et al., 2011) 
 
MAPE is very common when evaluating forecasts based on samples, as well as common 
when reporting forecast errors, as when it is presented as percentages it becomes easy to 
understand for many different users (Swanson et al., 2011). However, MAPE has the 
tendency to be affected by extreme values (low or high) leading to it being sensitive to 
outliers (Swanson et al., 2011). It is important to not remove these extreme values from the 
data range however. (Swanson et al., 2011). As such, it is important to be aware of this aspect 
of MAPE. MAPE has a number of potential flaws. For instance, it may be distorted by 
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outliers, and it cannot be compared to naïve models (Woschnagg & Cipan, 2004). It also 
suffers from problems such as instability and asymmetry when values examined are small. 
 M�継 =  ∑ |結�|券  

 M��継 =  ∑ |結�|��  

 
 
(Edlund et al., 2011) 
 

3.2.3 Mean Square Error 

Mean Square Error (MSE) measures the average squared deviation. This is done in order to 
display big deviations more clearly than other methods, as larger deviations become larger 
still through the squaring (Edlund et al., 2011). MSE is an important part of statistical models, 
and is often used in forecast evaluation of a statistical nature, but there is no obvious indicator 
as to what is a good result, as MSE is a scale dependent error (Swanson et al., 2011). It has 
been an important measure historically as it holds relevance in statistical modelling, but it is 
more sensitive to outliers than other measures, due to the nature of squaring numbers 
(Hyndman & Koehler, 2006). The MSE can also be converted into the Root Mean Square 
Error (RMSE), in order to make sure the output is on the same scale as the input, and this can 
make RMSE preferable over the MSE (Hyndman & Koehler, 2006). 

M鯨継 =  ∑ 結�態券  

 
(Edlund et al., 2011) 
 R警鯨継 =  √∑ 結�態券  

(Chai & Draxler, 2014) 
 

3.2.4 Mean Absolute Scaled Error 

Mean Absolute Scaled Error (MASE) is a relatively new forecast error. It was presented in 
2006 and its purpose is to remove the problems that arise when comparing data on different 
scales (Hyndman & Koehler, 2006). It was initially based on the concept of relative error 
measures. A relative measure is an error measure that is put in relation with a benchmark 
forecast (Woschnagg & Cipan, 2004). The most common benchmark forecast is the naïve 
method (Hyndman & Koehler, 2006), but choosing the benchmark forecast is potentially 
difficult (Woschnagg & Cipan, 2004). A naïve forecast is a forecast that has been created by 
assuming that the value for the forecasted time period will be the same as the value for the 
previous time period (Edlund et al., 2011). The naïve forecast is surprisingly difficult to beat, 
and when a naïve forecast is tested against financial experts it is not uncommon for it to prove 
the better forecasting method (Gilliand et al., 2015). As such, it proves a good benchmark for 
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forecast comparison. The results of relative measures are easy to interpret as they are put in 
relation to a benchmark (Hyndman & Koehler, 2006). However, relative measures have a 
number of flaws; for instance, they are only applicable when there are many forecasts per 
series (Hyndman & Koehler, 2006). Therefore, Hyndman & Koehler (2006) introduced the 
Mean Absolute Scaled Error as a scaled relative error. MASE is less sensitive to outliers than 
other measures, and is easy to explain and understand (Hyndman & Koehler, 2006). If MASE 
assumes a value above 1 it means the evaluated forecast is worse than a naïve forecast 
(Hyndman & Koehler, 2006). As such, there are several advantages with MASE compared to 
scale dependent errors and percentage errors. 

M�鯨継 =  ∑ |結�|��=怠券券 − 1 ∑ |�� − ��−怠|��=態  

 
(Hyndman & Koehler, 2006) 
 

3.2.5 Tracking Signal 

In 1959, Robert Brown developed a method for measuring bias in forecast models. By 
dividing the cumulative sum of error with the Mean Absolute Error the method detects if the 
forecast model is systematically over- or underestimating the actual value. Brown states that 
the value of the cumulative error divided by the Mean Absolute Error should not exceed 4 or 
fall below -4. This is equivalent to a little more than three standard deviations. If the value 
falls outside of the interval -4 to 4 the model should be regarded as systemically generating 
forecast bias (Brown, 1967). 
 
Brown´s Tracking Signal has some flaws when used over a time-series of a single product. If 
the forecast model is changed, the cumulative sum of errors has to be reset since these errors 
will still have a major impact of the Tracking Signal and may generate warnings that the 
model is systematically showing bias based on errors generated from the previous forecasting 
model (Li et al,2012). 
 
Trigg and Leach (1967) enhanced Brown´s Tracking Signal with a smoothening algorithm so 
that errors generated from previous models would not have a heavy impact on the Tracking 
Signal of the new model. However, the flaws in Brown’s Tracking Signal are not a factor in 
cases when the forecast model is not changed, and as such the formula created by him works 
fine. 
 T堅欠潔倦�券訣 嫌�訣券欠健 =  ∑ 結�警�継 
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4. Scaﾐdiﾐaviaﾐ Airliﾐes 

Scandinavian airlines was founded in the year 1946 through a merge of the existing 
companies in Norway, Sweden, and Denmark (SAS, 2017a). The company offers a range of 
flights from these three countries to 119 destinations in 35 countries in Europe, North 
America, and Asia (SAS, 2016a). The airline has hubs in the Scandinavian capital cities 
Stockholm, Oslo, and Copenhagen (Star Alliance, 2016a). 
 
SAS has since the financial crisis of 2008 had a stable increase in number of passengers every 
year except 2015 (SAS, 2016b). During 2016 around 28.1 million passengers traveled with 
SAS (SAS, 2016b). SAS offers travel to more destinations than their Scandinavian 
competitors (SAS, 2016c). Together with their partners in Star Alliance SAS flies to more 
than 1300 destinations across the globe (Star Alliance, 2016b). 
 

4.1 Revenue Management at SAS 

The aim of the revenue management department at SAS is to maximize revenue and 
strengthen their market position through proactivity, simplicity and collaboration. These two 
objectives do not always go hand in hand and must be balanced as shown in Figure 2. The 
figure illustrates the different objectives of revenue management. The combination of the 
objectives is highlighted in grey; maximize RASK (Revenue per available seat kilometer) 
while ensuring volumes (maintaining and gaining market shares). Some of the flights at SAS 
are mainly scheduled in order to retain or strengthen market shares, and some flights for 
logistical reasons (Arhall, 2017).  
 
 

 
Figure 2 - The relationship between Market Volume and Revenue. (SAS, 2017) 
 
SAS has four different service classes. Business class is only available on their bigger aircraft 
used for long-haul flights (Seatguru, 2017). The other three service classes are SAS Plus, SAS 
Go and SAS Go Light. SAS plus differs from the other two as it allows for rebooking and 
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cancelling the ticket with refund. SAS plus also allows for an additional bag to be checked in. 
The difference between SAS Go and SAS Go Light is that SAS Go Light does not allow for a 
bag to be checked in (SAS, 2017b).   
 
SAS has several different booking classes for each of their service classes. Figure 3 shows an 
example of the booking classes for the different service classes. The booking class usually 
change over time leading to a higher price as the day of departure comes closer. However, 
since the price is dynamic and dependent on the forecast, the booking class can also change in 
the opposite direction if the forecasts indicate that demand is going to be lower than expected. 
SAS Go and SAS Go Light follows the same booking classes, SAS Go Light is merely a 
discounted version of SAS Go and has the same discount in every booking class (Arhall, 
2017).  
 

 
Figure 3 - Booking Classes. (SAS, 2017) 
 
As stated in Chapter 3, customers with a high willingness to pay usually book their ticket 
close to the day of the departure and therefore a number of tickets have to be protected for 
these customers in order to maximize revenue.  By forecasting the demand with the aid of 
historical data such as booking patterns and amount of actual bookings on each flight, SAS 
can estimate the number of expected tickets sold for each service class and thereby protect 
seats for each service and booking class. (Arhall,2017). 
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5. Results 

In this chapter the results of the study are presented. 

5.1 Calculations 

In this chapter the calculations done in the report are presented. 

5.1.1 Adjustment of Number of Passengers 

For this report the calculations have been done on adjusted data, as the data obtained from SAS 
is confidential. All data for number of passengers has been adjusted by randomizing all values 
in an interval of +- 40 %. 

5.1.2 Creation of Forecasts 

In order to provide forecasts to evaluate for the report a forecast been calculated for all adjusted 
passenger values using the moving average method. This has been done because, as is the case 
with the number of passengers, the existing forecast data is confidential.  

Moving average has been used because it is a fairly straight forward forecasting method that is 
easy to produce using historical data. Moving average is a way of forecasting the value of a 
given time series using the mean of a selected number of previous observations (Hyndman, 
2009). However, in the data obtained, only one year of historical data is present. To calculate 
the moving average despite this, all flights have been filtered down on a weekday level, as it is 
a sound assumption that most flights departing on the same weekday operate under very similar 
circumstances. The moving average calculation has used the mean of three previous departures 
as input. The calculation process is exemplified in Table 1. 

Table 1 – Example of Moving Average 
Date Weekday Nr. of pax Last year Forecast 

2017-05-01 Monday 45 40 - 
2017-05-08 Monday 37 41 - 
2017-05-15 Monday 50 46 42 
2017-05-22 Monday 43 49 45 

In the example presented in Table 1 the forecast for 2017-05-15 is generated. This is done by 
taking (45+37+46) /3 = 42. This means the number of passengers for May 1st and May 8th is 
used, as well as the number of passengers for one year prior to May 15th (more specifically the 
Monday of the same week, which is week 20). With these numbers a forecast is generated using 
flights with similar circumstances. This does not take into account things such as national 
holidays.  

5.1.3 Calculation Examples 

Here a calculation example is presented, in order to display how the Tracking Signal has been 
calculated as well as make sure the mathematical models used in the report contain no errors 
or flaws that provide skewed results. Therefore, an example with simple values has been 
chosen, in order to ease the process of searching for errors. The values in the example are 
fictional, and chosen because they show a quite obvious forecast underestimation. As such, 
the Tracking Signal should display a positive value above 4 if done correctly. Tables 2 and 3 
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display the chosen values and the results respectively. The formula for the Tracking Signal is 
described in Chapter 3.2.5. 
 
 
Table 2 - Example Values Tracking Signal 
Nr. Forecast Actual Error Abs Error 
1 75 100 25 25 
2 76 100 24 24 
3 54 100 46 46 
4 72 100 28 28 
5 51 100 49 49 
6 91 100 9 9 
7 115 100 -15 15 
8 91 100 9 9 
9 45 100 55 55 
10 66 100 34 34 

 
 
Table 3 - Example Results Tracking Signal 
Sum of errors Number of 

observations 
Sum of Abs 
error 

264 10 294 
MAE Tracking signal 

 

29,4 8,979591837 
 

 

As can be observed the Tracking Signal assumes the value of 8,98 in this example, indicating a 
bias of underforecasting. This seems to be reasonable as every forecast but one is an 
underforecast. 

An example of the Mean Absolute Scaled Error is presented in Table 4. For each observation 
in this table there is a value for year one and value for year two, as well as a forecast for year 2. 
In the fifth column, the error value between year two and the forecast for year two is calculated. 
In the sixth column, the absolute error value between the values of year two and year one is 
displayed. The absolute scaled error in the last column is calculated by dividing the forecast 
error in the fifth column with the mean value from the sixth column. 
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Table 4 - Examples of Values MASE 

Table 5 - Results of MASE example 

Number of 
observations 

Abs sum Year 
2-Year 1 

10 51 
MAE Year 1 MASE 
5,1 0,392156863 

In Table 5 the results of the MASE example are given. The MASE value given in this example 
is 0,39, found by taking the average of the ten observations, and this indicates that the forecast 
method is better than the naïve method. This seems to be accurate as the values for the forecast 
are generally closer to the values for year two than the values for year one are. 

 

  

Nr. Value 
Year 1 

Value 
Year 2 

Forecast 
Year 2 

Error year 2 - 
forecast year 
2 

Abs error 
Year 2 - Year 
1 

Absolute 
scaled error 

1 74 78 76 2 4 0,392156863 
2 79 89 84 5 10 0,980392157 
3 88 93 94 -1 5 0,196078431 
4 95 100 99 1 5 0,196078431 
5 68 77 73 4 9 0,784313725 
6 82 85 84 1 3 0,196078431 
7 87 85 89 -4 2 0,784313725 
8 62 67 68 -1 5 0,196078431 
9 99 104 103 1 5 0,196078431 
10 101 104 104 0 3 0 
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5.2 Domestic Flights Result 

In this chapter the results of the examined domestic flights are presented. There are three 
domestic routes: Route A, Route B, and Route C. Route A has ten flights, Route B has ten 
flights, and Route C has 23 flights. The flights are spread over different times of day and 
different week days. 

5.2.1 Tracking Signal 

 

 
Figure 4 – Total Domestic Tracking Signal  
 
Figure 4 shows that all three routes have a Tracking Signal value exceeding 4. Route C has 
the highest total Tracking Signal value of the domestic routes almost reaching 200.   
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Figure 5 – Tracking Signal Route A Domestic 
 
As can be seen in Figure 5, only five of the ten flights have a Tracking Signal value within the 
limits of 4 and -4. Flight 7 has the highest Tracking Signal reaching a value of 22. 
 

 
Figure 6 – Tracking Signal Route B Domestic 
 
The Tracking Signal values for Route B Domestic shows that only two of ten flights stay 
within the limits of 4 and -4 which can be seen in Figure 6. Flight 4 has a value of 0 which 
explains why the bar can´t be seen in the figure. Flight 7 has the highest Tracking Signal value 
at 18,3 followed by Flight 10 at 17,7. 
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Figure 7 – Tracking Signal Route C Domestic 
 
For Route C Domestic, the Tracking Signal values vary a bit more than previous routes. 
Seven of 23 flights have a negative value and 16 have a positive. As can be seen in Figure 7, 
seven of the flights also stay within the limits of 4 and -4. The highest Tracking Signal value 
can be found for Flight 7.  
 

5.2.2 Mean Absolute Scaled Error 

 
Figure 8 – Total Domestic MASE 
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As can be seen in Figure 8, all the three domestic routes have a total MASE value below 1.  
Route C has the highest value with 0,67 and Route A the lowest with 0,59. 
 

  
Figure 9 – MASE Route A Domestic 
 
Figure 9 shows that eight of ten flights for Route A have a MASE value not exceeding 1. 
Flights 1 and 2 both have values exceeding 1. Flight 1 has the highest value at 1,38. 
 

  
Figure 10 – MASE Route B Domestic 
 
None of the flights for Route B Domestic have a MASE value exceeding 1.  
As can be seen in Figure 10, Flight 2 has the lowest MASE value with 0,46 and Flight 3 the 
highest with a MASE value of 0,91.   
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Figure 11 – MASE Route C Domestic 
 
Five of 23 flights have a MASE value exceeding 1. Figure 11 shows that three of them have a 
MASE value exceeding even 2. The three flights with the lowest MASE values are Flights 2, 
7 and 9. 
 

5.2.3 Mean Absolute Percentage Error 

  
Figure 12 – Total Domestic MAPE 
 
Figure 12 shows that Route C has the highest total MAPE value and is the only the one 
exceeding 35%. 
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Figure 13 – MAPE Route A Domestic 
 
As can be seen in Figure 13, Flight 6 has the highest MAPE value for Route A Domestic at 
50% and Flight 7 has the lowest MAPE value with 23%. 
 

   
Figure 14 – MAPE Route B Domestic 
 
Flight 4 has the highest MAPE value of all the flights for Route B Domestic. Figure 14 shows 
that Flight 4 has a MAPE value that is more than ten percenteage units higher than the second 
highest value.  
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Figure 15 – MAPE Route C Domestic 
 
Figure 15 shows that two of 23 flights have MAPE values exceeding 100%. The majority of 
the flights have a MAPE value between 20-40%. 
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5.2.4 Distributions 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 16 – Fitted Distribution for Route A Domestic 
 

 
Figure 17 – K-S Values for Route A Domestic 
 
Figures 16 and 17 show that the null-hypothesis should be accepted at all five tested 
significance levels. As such, this data range can be described as normally distributed. 
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Figure 18 – Fitted Distribution for Route B Domestic 
 

 
Figure 19 – K-S Values for Route B Domestic 
 
As seen in Figures 18 and 19, the Kolmogorov-Smirnov test shows that the null-hypothesis 
should be accepted at all tested significance levels for Route B Domestic. The errors are to be 
considered normally distributed.  
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Figure 20 – Fitted Distribution for Route C Domestic 
 
 

 
Figure 21 – K-S Values for Route B Domestic 
 
 
Figures 20 and 21 show that the errors for Route C Domestic cannot be classified as normally 
distributed. The null-hypothesis can only be accepted at a significance level of 1%.  
 

5.3 International Flights Result 

In the international scene, the study has investigated four routes; henceforth known as Routes 
A, B, C, and D. Route A contains four flights, Route B contains six flights, Routes C contains 
four flights, and Route D contains four flights. The flights depart at different times of day and 
on different weekdays. 
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5.3.1 Tracking Signal 

 
Figure 22 – Total International Tracking Signal 
 
 
In Figure 22 it is clear that the total Tracking Signal internationally is higher than the limit of 
four for all routes. Route B has a significantly higher Tracking Signal than the rest at 108,99. 
 

 
Figure 23 – Tracking Signal Route A International 
 
 
For Route A International only the second flight achieves an acceptable Tracking Signal, 
while the remaining three flights all have values higher than four. This can be seen in Figure 
23. 
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Figure 24 – Tracking Signal Route B International 
 
In Figure 24 the Tracking Signal for Route B International is shown. All flights on this route 
have a poor Tracking Signal, with Flight 1 being the worst at 25,52. 
 

 
Figure 25 – Tracking Signal Route C International 
 
In Figure 25 the Tracking Signal for Route C International illustrates that half the flights on 
this route achieve acceptable Tracking Signal values, while the remaining two are close to the 
limit. 
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Figure 26 – Tracking Signal Route D International 
 
In Figure 26 the Tracking Signal for Route D International is shown. The Tracking signal is 
poor for three out of four flights on this route, with Flight 3 being the worst one at 13,4. 

5.3.2 Mean Absolute Scaled Error 

  
Figure 27 – Total MASE International 
 
Internationally the total MASE is acceptable for all routes. This can be seen in Figure 27. 
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Figure 28 – MASE Route A International 
 
For Route A International the MASE is on an acceptable level for all four flights, as can be 
observed in Figure 28. 
 

 
Figure 29 – MASE Route B International 
 
Figure 29 shows that all six flights on Route B International assume good MASE values, well 
below the limit of one. 
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Figure 30 – MASE Route C International 
 
Figure 30 displays the MASE for Route C International. The MASE is below one for all four 
flights. 
 
 
 

 
Figure 31 – MASE Route D International  
 
In Figure 31 the MASE for Route D International is shown. The figure shows that all four 
flights on Route D have acceptable MASE values. 
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5.3.3 Mean Absolute Percentage Error 

 
Figure 32 – Total International MAPE 
 
Figure 32 shows the MAPE for all international routes. Route A and Route B assume the 
highest values with 36,62 % and 36,83 % respectively. 
 

 
Figure 33 – MAPE Route A International 
 
In Figure 33 it can be seen that the MAPE for Route A International differs quite a bit. Flight 
1 and 2 have a similar MAPE at around 25 % while Flight 3 and 4 are worse at around 42 % 
and 49 % respectively. 
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Figure 34 – MAPE Route B International 
 
In Figure 34 the MAPE for Route B International can be seen. The values for the six flights 
are fairly even in an interval between around 25 % and 35 %. 
 

 
Figure 35 – MAPE Route C International 
 
On Route C International the lowest MAPE value can be found on Flight 3. This can be seen 
in Figure 35.  
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Figure 36 – MAPE Route D International 
 
In Figure 36 the MAPE for Route D International is displayed. The worst MAPE value can be 
found on Flight 4, at 51,76 %. 
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5.3.4 Distributions 

 
 
Figure 37 – Fitted Distribution for Route A International 
 

 
Figure 38 – K-S Values for Route A International 
 
Figures 37 and 38 shows that the errors for Route A International are to be considered as 
normally distributed. The null-hypothesis is accepted at all five tested significance levels.  
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Figure 39 – Fitted Distribution for Route B International 
 

 
Figure 40 – K-S Values for Route B International 
 
As seen in Figures 39 and 40, the Kolmogorov-Smirnov test shows that the null-hypothesis 
should be accepted at four out five tested significance levels. At a significance level of 20% 
the null-hypothesis should be rejected.  
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Figure 41 – Fitted Distribution for Route C International 
 

 
Figure 42 – K-S Values for Route C International 
 
The Kolmogorov-Smirnov test conducted on Route C international indicates that the errors 
can be considered to be normally distributed. As shown in Figures 41 and 42, the null-
hypothesis should be accepted at all five tested significance levels.   
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Figure 43 – Fitted Distribution for Route D International  
 
 

‘  
Figure 44 – K-S Values for Route D International 
 
As can be seen in Figures 43 and 44, the error can be considered normally distributed for 
Route D International. The Kolmogorov-Smirnov test shows that the null-hypothesis should 
be accepted for all tested significance levels.  
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6. Aﾐalysis 

In this chapter the results presented in Chapter 5 are analyzed. 
 

6.1 Analysis of Domestic Results 

This study has examined 43 domestic flights split between three different routes. Out of these 
43 only 13 display a Tracking Signal value within -4 and 4. This is 30,23 %. As such, a 
majority of the flights flown within Sweden that have been examined have a bad Tracking 
Signal value. Out of the 30 flights with a poor Tracking Signal three of them have a Tracking 
Signal below -4, and 27 of them have a Tracking Signal above 4. As such, 90 % of the flights 
with bias have a positive Tracking Signal. A positive Tracking Signal is an indicator of an 
underforecast, due to the nature of taking actual value minus forecast when calculating the 
forecast error. As a significant portion of the Domestic Flights show signs of bias it is a 
possibility that the examined forecasting method does indeed generate many underforecasts. 
For Route A Domestic, which has 187 observed departures, the total error is 1568. Knowing 
that the Mean Error can be calculated by dividing the total error with the amount of 
observations. In this case the ME is 8.39. As Brandimarte (2011) writes, a Mean Error that 
assumes a positive value can be an indication of a bias all by itself, as an even distribution of 
errors should create a Mean Error close to zero as the positive and negative errors will cancel 
each other out. A Mean Error of 8,38 then is an indication that many actual values are higher 
than their respective forecasts, leading to a tendency to underforecast. This is supported by the 
Tracking Signal, which tells us that 27 out of 43 flights domestically are underforecasted. For 
Route A specifically, six out of ten flights are underforecasted. With the same reasoning for 
Route B the Mean Error is 8, indicating a similar situation. For this route, however, the 
amount of underforecasted flights is eight out of ten. Lastly for Route C the Mean Error is 
12,08 and the amount of underforecasted flights is 13 out of 23. 
 
As such, there seems to be some correlation between the Mean Error and the Tracking Signal, 
which does make sense as they both use both the total error and the amount of observations in 
the calculation of their values.  Therefore, the fact that they both point towards the same thing 
can serve as a means of making sure what has been done is correct, as a Tracking Signal that 
is wildly different from a Mean Error could indicate that something is wrong with the 
formulas. 
 
On Route B, Flight 4 has a Tracking Signal of zero. This is because it has a total error of zero, 
as its observations cancel each other out. This mean there is the same amount of positive and 
negative error. In the case of this flight, there are a total of three observations, with the errors 
2, -15, and 13. Therefore, the Tracking Signal of zero can be seen as a product of the low 
amount of observations, as this occurrence becomes less likely the more observations used. It 
can also be noted in this case that even though the Tracking Signal is zero, which is good, 
some of the errors present are quite large. For the error value of -15 the amount of passengers 
observed is 16, and thus the forecast is 31. As such, this is an underforecast of 93.75 %, which 
is significantly bad. From this it is possible to learn that the Tracking Signal alone is 
inadequate, as it only measures one aspect of a forecast.  
 
The distribution fit tests conducted on the domestic routes show that Route A and B both can 
be considered normally distributed. This is somewhat counter intuitive, as a normally 
distributed range should consider no bias, which has been proven not to be the case by the 
Tracking Signal and the Mean Error. However, it is the Mean Error that is of significance in 
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this situation, as a data range needs to be normally distributed to be considered free of bias, 
but it also needs to be spread around a mean of 0. Both Route A and Route B are spread 
around a mean of around eight, and as eight is not zero the normal distribution of these data 
ranges cannot indicate that they are bias-free. This serves to emphasize the fact that both of 
these aspects of the distribution test need to be fulfilled in order for a range of data to be 
considered free of bias. 
 
The Mean Absolute Scaled Error has proven to be good for most of the observed domestic 
flights. 36 out of 43, or 83,72 % of the domestic flights achieve MASE values below 1. This 
indicates that generally the chosen forecasting method is better than the naïve method. This 
makes sense considering the forecast done with moving average is based, in part, in the values 
that make up the naïve method. Therefore, it is interesting to examine why there are seven 
flights where the forecast is worse than the naïve. Part of the answer to this question seems to 
be that there is a lower amount of observations on these flights than most others. These seven 
are listed in Table 6 and are among the ten flights with the lowest amount of observations.  
 
Table 6 – Poor MASE Values Domestically 

Flight MASE Nr. of obs. 
Route A Flight 1 1.377778 4 
Route A Flight 2 1.142857 4 
Route C Flight 15 2.52 7 
Route C Flight 18 1.888889 2 
Route C Flight 19 1.074257 8 
Route C Flight 22 2.338798 13 
Route C Flight 23 2.442308 3 

 
Therefore, it is possible that the MASE does not behave too well in conditions with low 
sample sizes, and this is something that has been stated by Hyndman & Koehler (2006) as 
well. In order to examine this further a close look at Route A Flight 1 has been taken. 
 
Table 7 – MASE Route A Flight 1 Domestic 
Observation Number of 

passengers 
Forecast Naïve Absolute 

error 
Naïve 
absolute 
error 

1 39 44 40 5 1 

2 46 64 43 18 3 

3 55 44 43 11 12 

4 87 59 58 28 29 

Average 56,75 52,75 46 15,5 11,25 

Total 227 211 184 62 45 

 
As can be seen in Table 7 there are four observations for Route A Flight 1. The absolute error 
is the absolute value of the difference between the number of passengers (pax) and the 
forecast. The naïve absolute error is the difference between the number of passengers and the 
naïve (which is the number of passengers last year). As it is the total amount of errors that are 
of interest it is the absolute errors that are of use, as the forecast error gets skewed by the fact 
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that errors can be negative and positive. The naïve absolute error is 11,25, while the absolute 
error is 15,5, and as such it comes as no surprise that the naïve forecast is better than the 
forecast done with moving average, as the naïve absolute error is lower, indicating less total 
forecast errors. 
 
For the remaining 36 flights the relationship between the absolute error and the naïve absolute 
error is reversed, with the absolute error being the lowest one. Therefore, the moving average 
becomes the superior forecast. 
 
The Mean Absolute Percentage Error on its own does not give a definitive answer to the 
question if a forecast is good or bad. However, it does provide decision makers with a 
concrete number to compare with other forecast models, competitors, products, or similar. As 
such, it is in this comparative capacity that the measure is used in this study. In order to find a 
kind of benchmark, to which the MAPE of a forecast can be compared, the average of all 
observed flights can be used. The average MAPE of the domestic flights is 41,38 %. This 
means that the average flight has a MAPE of 41,38 %, and if this is to be used as a benchmark 
this means that flights with a MAPE above this can be considered to have a MAPE that could 
use improvement. With this method forecasts that need extra attention can be singled out, in 
order to work on the improvement of those first and foremost. By this metric, 32 flights have 
MAPE values that can be considered acceptable, while 11 flights have poor MAPE values. 
The fact that this distribution around the average is not even is an indicator that the flights 
with poor values have values that are very poor, as they raise the average despite being fewer 
than those on the better side of the average. The poor MAPE values can be seen in Table 8.  
 
Table 8 – Poor MAPE Values Domestically  

Flight MAPE Nr. of 
obs. 

Route A Flight 2 47.66% 4 
Route A Flight 6 50.06% 22 
Route B Flight 4 46.15% 3 
Route C Flight 5 69.99% 19 
Route C Flight 6 43.28% 19 
Route C Flight 11 52.34% 20 
Route C Flight 15 142.99% 7 
Route C Flight 18 132.73% 2 
Route C Flight 19 99.41% 8 
Route C Flight 22 63.15% 13 
Route C Flight 23 99.39% 3 

 
In Table 8 it can be seen that six of the flights with a worse than average MAPE also had a 
poor MASE. However, among the flights with worse than average MAPE there are several 
with a number of observations that is high, and as such the same correlation between number 
of observations and results as could be seen with the MASE is not as clear in this case. What 
is clear however, is that there are indeed flights with very high MAPE values, driving the 
average up. Four flights are slightly below or above 100 % MAPE. This is an indication that 
what Swanson et al. (2011) describes as the MAPE’s tendency to be affected by extreme 
values is in effect. This tendency is further explored in Table 9, where Route C Flight 15 is 
presented in more detail. 
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Table 9 – MAPE Route C Flight 15 Domestic 
Observation Number of 

passengers 
Forecast Absolute 

error 

1 41 71 30 

2 14 66 52 

3 24 80 56 

4 31 70 39 

5 66 85 19 

6 27 65 38 

7 65 83 18 

 
Table 9 shows the number of passengers, the forecasts done with moving average, and the 
absolute error between these two for the seven observations of Route C Flight 15. As can be 
seen the range of the errors is quite wide, with some that are very large. These large errors 
then are the ones with a greater effect on the MAPE, according to Swanson et al. (2011). As 
such, the MAPE is driven up to its high percentage. This can be an indication of a flaw in the 
forecast model used, as basing the forecast on similar flights from previous weeks is not 
applicable always, due to special days such as holidays. 
 
All flights that have a better than average MAPE also have an acceptable MASE except one: 
Route A Flight 1, which has a MAPE of 26,03 % and a MASE of around 1,38. As has been 
discussed above, this flight had only four observations, which has affected the MASE poorly. 
It does not, however, have any significantly high absolute errors, which is the main reason 
that the MAPE has remained on the better side of the average. A conclusion to be drawn from 
this flight then, is that the forecast in itself is not necessarily bad, but it is still worse than the 
naïve forecast. The fact that all but one of the flights with a better than average MAPE also 
have a good MASE can be an indication of these two measures complementing each other. If 
a flight forecasts better than the naïve, indicated by an acceptable MASE value, and maintains 
a fairly low MAPE, the forecast can be considered good, with no action to change it required. 
If any of these aspects do not hold true however, it could be a sound idea to invest some effort 
into improving the forecast. 
 

6.2 Analysis of International Results 

All of the four International routes have a total Tracking Signal value exceeding 4. This 
means that the sum of error on each route is positive and that forecasts are generally 
underestimating the number of passengers for the majority of flights. As can be seen in Table 
10, the international route with the highest number of forecast without an error is Route C. 
Route C is also the route with the lowest total Tracking Signal value at 17,1. As shown in 
Table 10, both Route B and Route D almost have twice the amount of positive errors than 
negative errors, however the Tracking Signal Value between them is not close to equal. Route 
B has a Tracking Signal value of 109 and Route D only has a Tracking Signal Value of 34. 
The major difference between them is the amount of observations. Route B has more than six 
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times the amount of observations than Route C which leads to a significantly higher sum of 
errors when the difference between the positive and negative errors are great. So, while Route 
B has a higher Tracking Signal value, it does not indicate that the route is actually performing 
worse than Route D in terms of forecasting accuracy. It does however indicate that there is 
bias present in both Route B and D. And with the rule of thumb of the acceptable interval of 
+-4 considered, all the routes have bias towards underforecasting.  
 
 
Table 10 – Amount of Error International 

Route Positive 
error 

negative 
error 

No error 

A International 42 33 0 
B International 131 74 1 
C International 58 47 5 
D International 20 11 1 

 
Only Flight 2 has an acceptable Tracking Signal value for Route A. As stated in the case with 
Route B and D, the number of observations has an impact on the Tracking Signal value if 
there is a large majority of either negative or positive errors. In this case however, the number 
of observations for each of the flights done on Route A is within an interval of 30%. Flight 1 
and 2 have 16 observations and Flight 3 and 4 have 21 and 22 observations respectively. With 
Flight 2 having a much better Tracking Signal value and a small difference in amount of 
observations from the other flights, it is safe to say that forecasts done for Flight 2 are not 
biased while the others are biased towards underforecasting. A quick look at the MAEs for 
Flights 1 and 2 reveals that even though Flight 2 has a better Tracking Signal value, Flight 1 
has a lower MAE with 10 compared to 14 for Flight 2. This indicates that Flight 1 has lower 
errors but more systematic errors while the opposite is true for Flight 2.   
 
All of the Flights for route B are biased towards underforecasting. The lowest Tracking Signal 
value can be found on Flight 2. As in the case with Route A, the amount of observations for 
each of the Flights is quite similar. This indicates that although biased towards 
underforecasting, Flight 2 clearly has a considerably smaller bias than the rest of the flights 
for route B. In this case, Flight 3 has the highest MAE with approximately 36 while the others 
have an MAE of approximately 26. So in terms of MAE Flight 2 performs worst but is still 
less biased than Flight 1 and therefore contains a lower degree of systematic errors.  
Two of four flights on Route C have a Tracking Signal value greater than 4. However, in this 
case the amount of observations on each Flight is only 8 meaning that the Tracking Signal 
values can´t exceed the value of 8. 20 of the total 32 observations made on this route had a 
positive error while only 11 of them were negative and one with no error. A comparison 
between Flight 1 and 2 shows that Flight 1 has a larger sum of errors and a larger MAE, this 
means that the Flight 1 forecasts are further from the actual but they do not contain systematic 
errors to the same degree as Flight 2, as Flight 2 has a higher Tracking Signal value. 
  
Flight 2 is the only flight for Route D that has an acceptable Tracking Signal value. Flight 2 
also has a considerably smaller MAE with 16 compared to approximately 21 for the other 
flights. Since the other flights have about the same MAE, the only difference between them is 
the sum of errors. Flight 1 has the lowest sum of errors and is therefore the flight that is 
closest to a Tracking Signal value indicating an unbiased forecast. 
 
All of the international routes as well as the individual flights on these routes have an 
acceptable MASE value. Due to the method used for the adjusted forecasts, as can be seen in 
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Chapter 5.1.2, this is something that can be expected. In general, the previous year actual 
passenger number for each flight is lower than current year. The method used for generating 
new forecasts contains one third of data from the previous year while the naïve method only 
takes data from the previous year. And since the majority of the current year values are higher 
than the naïve values, the naïve method will underestimate the actual value which in turn will 
lead to lower MASE values than 1. An example of this is Flight 4 on Route A where the 
MASE value is 0,86. The Previous year actual number of passengers are constantly lower than 
this year actual number of passengers. An example of this can be seen in Table 11 which 
shows the values for the Fridays on Flight 4, Route A. 
 
Table 11 – MASE Route A Flight 4 International 

Observation This     
year 

      
Previous 
year 

Difference 

1 81 36       45 
2 39 38 1 
3 53 44 9 

     Sum 173 118 55 

  
In just three observations the difference between this year and previous year is 55 which is 
more than 18 in difference per observation. With the forecast method discussed in Chapter 
5.1.2 used for observation 3, the forecast would be (44+39+81)/3= 54, while the naïve method 
would forecast 44. With the actual value being 53 for observation 3 the absolute error for the 
forecasting method from Chapter 5.1.2 would be 1 and the absolute error for the naïve method 
would be 9. This is just one example of a new forecast having a smaller error than the naïve 
forecast. In general the new forecasts have a lower MAE than the naïve forecasts and since the 
MASE is calculated by putting the MAE of the two forecasting methods in perspective to one 
another, the new forecasts outperform the naïve forecasts.  
 
The route with the lowest MAPE is Route C. Route C is also the route with the lowest amount 
of observations which means that the few observations made generally had a low error. With 
smaller amount of observations the MAPE value differs widely as there is less data. A closer 
look at Route C shows that Flight 2 and 3 are the flights that are pulling down the average. 
The majority of errors for these two flights are low with only a few positive large values. 
Flights 1 and 2 have approximately the same amount of passengers and the same goes for 
Flights 3 and 4. Therefore, there seems to be no correlation between the amount of passengers 
and the MAPE values as the values differ no matter the amount of passengers. A look at the 
naïve values for these flights shows that the naïve values for Flight 1 and 4 are much lower 
compared to Flight 2 and 3. This means that the lower naïve values are creating forecasts on 
Flight 1 and 4 that contain higher errors than on Flight 2 and 3.  
This theory is strengthened by taking a look at Flight 3 and 4 on Route D. Table 12 displays 
the difference between the actual and naïve value for Flight 3 and 4 on Route D.  
 
Table 12 – Total Actual and Naïve Error Route D Flight 3 and 4 International 
 
Flight Sum 

actual 
Sum 
naïve 

Percentage 
Difference 

Flight 3 2061 1465   40.68% 
Flight 4 1934 1084   78.41% 
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The difference between the naïve and the actual value is much greater on Flight 4 than on 
Flight 3. And since the data used to make the new forecasts partially consists of the naïve 
values the forecasts will therefore, in the majority of times, be better when the naïve values 
are closer to the actual values. This phenomenon can be seen constantly when comparing the 
MAPE as well as MASE between two flights. The flight with the lowest difference between 
naïve values and actual values will have a better forecast.   
 

6.3 General Analysis 

The goodness of fit tests conducted on each of the seven routes show that the errors can be 
considered normally distributed in most cases. The results of the tests can be seen in Table 13. 
No route rejects the null-hypothesis of normal distribution on all five significance levels, and 
as such this part of the test could indicate that there are mostly random errors present. 
However, the mean error of all routes is greater than five. As the mean serves as the central 
point of the distributions this in itself can be an indication of bias, as the data is distributed 
normally with a middle point separated from zero. All routes also have a mean that is positive, 
which could serve as an indicator that the bias is positive. 
 
Table 13 – Summary Goodness of Fit 
Route Sample Size Acceptance of null-

hypothesis 
Mean Median 

International A 75 5/5 significance levels 5,52 1 
International B 206 4/5 significance levels 14,88 12,5 
International C 32 5/5 significance levels 13,06 6,5 
International D 110 5/5 significance levels 6,14 1,5 
Domestic A 187 5/5 significance levels 8,38 5 
Domestic B 213 5/5 significance levels 8 6 
Domestic C 506 1/5 significance levels 13,34 8 

 
Table 14 – Summary Tracking Signal 
Route Acceptable total 

TS value 
Acceptable TS value on 
flight level 

Average TS value flight 
level 

International A No 1/4 5.25 
International B No 0/6 18,06 
International C No 2/4 4,14 
International D no 1/4 8,28 
Domestic A No 4/10 7,32 

Domestic B No 2/10 10,87 
Domestic C No 7/23 7,95 

 
A summary of the Tracking Signal can be seen in Table 14. As can be seen the Tracking 
Signal is only acceptable on 17 out of 61 flights, and no route has an average Tracking Signal 
on flight level that is acceptable. As such, this does not agree with the accepted null-
hypotheses from the distribution fit, but it does seem to be related to the conclusion of the 
distribution fit test as a whole, as it agrees with the Mean Errors. All average Tracking Signal 
values assume positive values and are higher than the limit of four in the same way that all 
Mean Errors are positive and separated from zero. Therefore, these two aspects of the two 
methods resonate with each other as the Tracking Signal indicates bias much in the same way 
that the Mean Error for the distribution can. It seems as if the Tracking Signal indicates that 
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there is consistent underforecasting going on, and while the distribution fit does not outright 
indicate bias, as the data is normally distributed, the values of the Mean Errors do. As such, 
the results of the goodness of fit test hints at the same thing as the Tracking Signal. The 
relationship between the Mean Error and the Median Error, as can be seen in Table 13, can 
also serve as a useful tool. As the Median Error is less sensitive to large outliers and large 
error values, due to the nature of how the measurement works, the fact that it is consistently 
lower than the Mean Error for all observed routes can indicate that there are more large error 
values in the positive direction than the negative. This in itself is not an indication of bias 
however, as it is less of an indication of a systematic error and more of an indication of the 
presence of large errors. There does seem to be a systematic tendency for the large error 
values to be positive rather than negative however, and this can be considered a kind of bias. 
This relationship can be explored further by using the data in Table 10. In this table it is clear 
that Route A International, for example, has a fairly even distribution between positive and 
negative errors with 42 positive and 33 negative errors, or 56 % positive and 44 % negative. 
As such, the median of 1 is not that big of a surprise. While the mean of 5,52 indicates that the 
positive errors are also larger than the negative ones. The sum of all positive errors for this 
route is 925, while the sum of all negative errors is -511. From this it can be calculated that 
the Mean Error for the positive errors is 22,02, while the Mean Error for the negative errors is 
-15,48. Through this the relationship between the Mean Error and the Median Error can be 
understood, and the way they can be used to reveal bias can be learned. As the Mean Error all 
by itself can easily be affected by outliers and large error values, the median can be used as a 
means of controlling that this is not the case. A significant difference between the two will be 
an indicator of large error values present, and if the median is negative while the mean is 
positive these two will contradict each other. As such, it can be a good idea to use them both 
when analyzing data in search of bias. It is very important to be able to find bias, as bias as a 
concept is an indication of something going wrong systematically, and such a systematic error 
can be of great consequence for a forecasting model due to its persistent effects on the 
forecasting. 
 
It is of interest to compare the forecast performance in different regions. The regions that have 
been analyzed in this study are international and domestic. If the Tracking Signal is used to 
compare the bias between the two regions 4/18 flights in the international region have an 
acceptable Tracking Signal, while 13/43 flights have an acceptable Tracking Signal 
domestically. This translates to 22 % domestically and 30 % internationally. As such, this is 
fairly similar, with little difference between the two regions, although the Tracking Signal 
appears somewhat better internationally. In comparing the MASE between the two regions the 
average MASE for all flights in each region can be used as a measurement. The average 
MASE for the domestic flights is 0,84, while the average for the international flights is 0,63. 
This indicates that the forecasts for the international flights are, generally, better than the 
forecasts for the domestic flights, when put in relation to the naïve forecast. This can be 
because the naïve is better domestically, which would make it harder to beat. However, both 
regions have an average below 1. 100 % of the international flights achieve a MASE below 1, 
while 83 % do so domestically. As such, it seems that the domestic forecasting is slightly 
worse than the international forecasting in general. The average MAPE for all examined 
flights is 38,53 %, and using this as a benchmark all flights with a higher than average MAPE 
could use improvement. If all flights above this benchmark are improved, this will reduce the 
average, and as such new flights will have a MAPE value above the average and need to be 
improved. Continuing this process can then lead to a continuous reduction of the average. 
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7. Discussioﾐ 

The Tracking Signal has proven to be an unreliable measure under certain conditions.  As 
mentioned before a small amount of observations that are all negative or positive leads to a 
Tracking Signal value identical to the amount of observations (or the negative of amount of 
observations if the errors are all negative). As such, a greater number of observations is 
required. But if there are too many observations the Tracking Signal results in significantly 
higher values, which can be seen in the results of the total Tracking Signal. The total Tracking 
Signal values for all routes generally assume greater values than the Tracking Signal of each 
individual flight. This might be because the more observations you have the higher the chance 
that the total error is further from 0 than if there is a lower amount of observations, while the 
MAE remains roughly the same. This leads to a higher Tracking Signal Value. The Tracking 
Signal is therefore a better measure for analyzing the performance of a forecasting method 
when continually evaluating while the forecast is relevant. In our case the Tracking Signal 
calculations have been done after the flights have departed and not continuously during the 
forecasting process. The Tracking Signal was used as there are few methods measuring bias 
today, and since it has benchmark values for what is an acceptable value it provides the 
forecast analyst with a clear indication of when something is wrong. A Tracking Signal value 
exceeding 4 or under -4 is an indication that bias is present. Other methods such as Mean 
Error does not have a value for what is considered to be a biased forecast, and as such this 
must be used in more of a comparative capacity. However, as this study has found some 
issues with using the Tracking Signal in this way, as described above, it is not recommended. 
 
As the Tracking Signal and the evaluation of normal distributions both measure bias it would 
be ideal if they supported one another in their findings. As the Tracking Signal indicates 
underforecasting and the error is distributed around a mean that is greater than zero the two 
methods appear to agree with one another.  
 
If bias is present, it is important to make further evaluations of the forecasting method in order 
to understand where the problem occurs. One or more of the variables in the forecasting 
method could be of too much importance for the forecasts and must in that case be adjusted in 
order to eliminate bias. An example of this is the historical data, in a case where the ticket 
sales have increased over the last year the importance of the historical data should be 
decreased and the importance of the trend that is currently in effect should be increased. 
 
As mentioned by Gilliand et al (2015), the naïve forecasts are generally hard to beat, and 
therefore the MASE should be a good indicator of how the forecasting method performs. In 
our case, however, the majority of the MASE values are below 1, meaning that most of the 
new forecasts would perform better than naïve forecasts. This is because the naïve method 
generates greater errors than the forecasting method presented in Chapter 5.1.2. The MASE 
can be an indicator that something is seriously wrong if the values exceed 1. A downside with 
MASE discussed by Hyndman & Koehler (2006) is that the MASE is a more reliable tool for 
analyzing with a large amount of data. In our cases the amount of observations range from 32 
to 506. International Route C with only 32 observations could therefore be considered to 
include less reliable MASE values as the observations are fewer than the observations made 
on each one of the other destinations. The other destinations contain more than twice the 
amount of observations than Route C International.  
 
Even though the MASE can serve as a good indicator of how well a forecast performs, this is 
only in relation to the naïve forecast. As such, the MASE does not actually say anything about 
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how well the forecast performs, as it only puts the performance of two forecasts in relation to 
each other. If the MASE is less than 1, but the naïve forecast is very bad, the examined 
forecast might also be very bad, despite having an acceptable MASE value. Therefore, the 
MASE alone might not be sufficient as a forecast evaluation tool, and can be complemented 
with other measures such as MAPE. This is because the MAPE will provide the forecast with 
an additional error measure, that measures the accuracy of the forecast. If for example a 
forecast has a MASE value below 1, but a MAPE value well above the average for the 
product, this can be an indication that the naïve forecast may not be good enough to compare 
to. 
 
 
The Mean Absolute Percentage Error as an error measure is fairly even with the MASE, and 
as they both measure the forecast accuracy it is good if they are in a general consensus. As 
such, it seems as if both methods work fairly well, as they are in agreement for the most part 
in this study. The issue of the MAPE is that it has no standard for what a good value is. As 
such, the MAPE on its own reveals nothing of how good the forecasts actually are. What the 
MAPE does is provide analysts with a measure with which to compare different forecasts to 
each other in a meaningful way. It would be of little use to compare flights of different max 
passenger capacity purely in numbers of passengers, as they could have different conditions 
under which they operate. Therefore, it is beneficial to transform the flights’ error values into 
percentages, as this enables comparison between flights of different conditions. As the 
observed flights in this study have had varying levels of max capacity this has been a 
necessity. This leads to the MAPE being a useful tool when comparing different flights to 
each other, as this comparison can lead to discoveries about where a certain flight is 
performing below average. If a flight forecast performs worse than the average, there is likely 
something that needs to be done about it. As mentioned by Swanson et al. (2011), the MAPE 
is sensitive to large outliers. The data used for this study did not contain large outliers, as all 
data is classified as normally distributed at at least one level of significance. However, there 
are some large error values, which might have affected the MAPE values. One example of this 
is shown in Chapter 6.1 Table 9. In this example the MAPE sensitivity to outliers is hinted at, 
as the large values present, while not being outliers, result in a very high MAPE value. The 
MAPE was chosen as the main measure of the accuracy of the forecasts for a number of 
reasons. Firstly, it is a fairly popular measure, indicating that it has real world applications, 
and as such is of interest. Secondly, MAPE is an absolute error, meaning all errors are treated 
equally by the measure, and as the study does not differentiate between under- and 
overforecasts this seems like a good choice in order to equally represent all errors. Lastly, 
MAPE is a percentage error, which means it is easy to compare, for instance, flights with 
different amount of passengers to each other. This comparison would be more difficult if the 
error was expressed in actual values instead, as it would be difficult to put the flights in 
relation to each other. As such, this is a valuable aspect of the measure, as the study has 
compared flights and routes with vastly different passenger numbers. All these aspects 
together made the MAPE an interesting error measure to investigate. 
 
In this study, the error measures have been applied on different levels of detail, ranging from 
route level to flight level to departure level. It is believed that there is little value in 
investigating single departures, as this would prove an extremely time consuming process. 
However, as there are sometimes large differences between flights on the same route, this 
level can be of interest in order to achieve the best analysis, although a general analysis can 
also be done on route level if the flight level differences are not too great. 
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As the idea behind the usage of these methods is to use them after the forecasted departures 
have occurred, there is no way to improve the forecasts for the specific dates that are 
examined, as they have already happened. The idea then is that we intend to improve the 
forecasts for future departures, based on the forecasting errors produced for the studied 
departures. This means that if the Tracking Signal or the goodness of fit test display that there 
is bias something needs to be done about this. If for instance, there seems to be a bias towards 
underforecasting, as is the case in this study, the forecasts that we have done with moving 
average need to be higher. This can be achieved in a number of ways, but one such methods is 
to add a variable in the formula that multiplies the forecast by a selected percentage. This 
percentage can be based on the MAPE, as this measure provides us with an indication of how 
“wrong” the forecasts are. This can be done on different levels of detail, from route to flight to 
departure level, depending on how detailed the forecaster wants to be. Doing this would 
possibly reduce the amount of forecast errors in total, as we attempt to make up for the 
inaccuracy of the forecast by using the error values that we have found. Similarly, the MASE 
can be used as an indicator that the forecast method needs to be improved or replaced. The 
most simple solution to a poor MASE value is to simply use the naïve forecast instead, as this 
would lead to a better forecast. However, the naïve forecast is probably not the best 
forecasting method, but in a situation such as this it is at least a better method than the one 
currently used. 
 
In reality, it is probable that the real forecasts made at SAS contain a lot more data and also a 
lot more variables than the forecasting method used in this thesis. With a more complex 
forecasting method the results could differ from what is presented in this thesis. However, the 
methods of evaluating forecasts recommended in this thesis should be applicable to different 
data just as well as the data used in this study. In our case, only one forecast is done for each 
flight, but in reality, the forecasts are constantly updated and influenced by the pricing of the 
tickets. This means that the pricing strategy of the individual revenue manager has an effect 
on each new forecast as the demand is dependent on the price of a ticket. This complex 
relationship between forecast and actual value is not explored in this study. 
 
In terms of sustainability, better forecasts with higher accuracy and precision mean that an 
airline can fly each flight with a lower number of unsold seats. As the forecasts improve the 
airline will have a better basis for their fleet allocation. This means that the airline could 
schedule a smaller plane, burning less fuel, if the expected number passengers is lower than 
usual and the forecasts are reliable which in turn will lead to reduced emissions, which is 
good for the environment. 
 
The validity of the study has been ensured through a literature study. By grounding the 
methods in a theoretical framework supporting its use the methods have been validated. In 
order to check the reliability of the study cases with known results have been used, in order to 
input that data into the formulas created for the study. The inventor of the MASE, R., J., 
Hyndman, has created an example Excel file on how to calculate MASE. The values from this 
file have been taken and put into our model, in order to check if the end results when 
calculated in the formulas used in the study would be the same as the ones in the original file. 
This turned out to be the case, and as such the reliability of the MASE calculations performed 
in this study has been ensured. The same procedure has been done for the Tracking Signal and 
the MAPE calculations. Example data has been input to the created model and the values 
generated has been the exact same as in the example, indicating that all formulas are correct 
and the calculations in the model has been done correctly. 
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8. Coﾐclusioﾐ aﾐd Recoﾏﾏeﾐdatioﾐs 

This study has examined the forecasting accuracy of passenger forecasts. It has observed a 
total of seven routes and 61 different flights. There are many different ways to measure 
forecast accuracy, listed in the theoretical frame of reference of this thesis. These are Mean 
Error, Mean Percentage Error, Mean Absolute Error, Mean Absolute Percentage Error, Mean 
Square Error, Root Mean Square Error, Mean Absolute Scaled Error, Tracking Signal, and the 
examination of the data distribution. From these three principal measures of forecast accuracy 
have been used to determine the accuracy of the forecasts in this study, and these are: 
Tracking Signal, Mean Absolute Scaled Error, and Mean Absolute Percentage Error. In 
addition to this the data distribution of the errors has been examined in order to decide if they 
belong to a normal distribution or not. The Mean Absolute Error and the Mean Error have 
been used as well, as they are part of the Tracking Signal and the distribution test respectively.  
 
From these error measures results have been obtained. The study has found an indication that 
there is bias towards underforecasting in the forecast method examined. Using the MASE as a 
measure of forecast accuracy the conclusion is that the forecasts have proven to be better than 
the naïve method on average, with 89 % of flights obtaining a MASE value below 1. As such, 
the general conclusion of the report is that the forecasts done are currently performing better 
than the naïve forecasts on average. This is in part because the naïve forecasts have served as 
a base for the moving average forecasts performed. However, there might be other forecasting 
methods out there that will perform even better, but if this is the case or not has not been 
examined in this study. Therefore, the MASE can be complemented by the MAPE, as a 
forecast with an acceptable MASE value and a low MAPE value will likely be good. The 
average MAPE of all examined flights is 38,53 %, and while this value by itself is not 
indicative of anything, it can be used as a benchmark for deciding which forecasts need 
improvement, as the forecasts worse than this average can be focused upon. 
 
The recommendation of the authors is to review passenger forecasting closely, as this practice 
can reveal if there is indication of a bias towards underforecasting, as in the examples studied. 
The study has found that the use of only one error measure is insufficient. It is recommended 
to employ the use of MASE and MAPE together to measure the accuracy of forecasts 
frequently, in order to make sure the forecasts maintain a MASE value below 1 and in order to 
attempt to continually reduce the MAPE. Additionally, it can be wise to examine the 
distribution of the errors in order to see if they fit a normal distribution, as such a practice can 
be an indicator of bias. An alternative to this is to be aware of the Mean Error, as this can also 
be an indicator of bias. The Tracking Signal is not recommended by the authors, as it use is 
more suited to forecast evaluation during the forecasting process and not after, as it has been 
used in this study. 
 
The way these error measures can be applied is together, as they alone cannot provide a clear 
answer to the question: “are the forecasts good?”. The recommendation of the authors then is 
that the error measures be used in conjunction with each other, and for a forecasting evaluator 
not to rely simply on one error measure. It is also believed that the measures should be used 
on both route and flight level, in order to examine as much as possible of this aspect. 
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Appendix 1 – Tracking Signal International 
 
 

Tracking signal 
  Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Total 
Route 
A 5,463415 1,621145 7,814969 6,085106 - - 21,62256 
Route 
B 25,52532 8,022936 19,47407 18,40523 17,98614 18,91786 108,9919 
Route 
C 4,564103 5,727273 3,614815 2,666667 - - 17,10486 
Route 
D 5,501014 2,773869 13,40798 11,44164 - - 34,10657 
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Appendix 2 – MASE international 
 
 

MASE 
  Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Total 
Route 
A 0,522293 0,667647 0,726586 0,862385 - - 0,728934 
Route 
B 0,49298 0,609364 0,653577 0,588839 0,686757 0,539612 0,588839 
Route 
C 0,557143 0,4 0,517241 0,873626 - - 0,541927 
Route 
D 0,721816 0,615147 0,71179 0,650924 - - 0,676087 
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Appendix 3 – MAPE International 
 
 
 

MAPE 
  Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Total 
Route A 24,17% 24,84% 41,91% 49,20% - - 36,62% 
Route B 25,87% 36,04% 34,29% 26,70% 33,29% 25,28% 30,06% 
Route C 32,57% 20,46% 19,28% 30,83% - - 25,79% 
Route D 39,15% 27,70% 27,18% 51,76% - - 36,83% 

 
 
  



61 
 

Appendix 4 – Amount of Observations International 
 

Observations 
  Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Total 
Route A 16 16 21 22 - - 75 
Route B 37 33 33 33 33 37 206 
Route C 8 8 8 8 - - 32 
Route D 24 24 31 31 - - 110 

  



62 
 

Appendix 5 – Tracking Signal Domestic 
 
 

Tracking Signal 

 Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Flight 7 Flight 8 
Route A 1,032258 -1,7 14,27855 4,09589 3,555102 2,125326 22,04119 8,402321 
Route B 12,84163 14,98054 0,3 0 7,018767 10,88737 18,2695 13,53579 
Route C 16,18887 17,19026 11,41791 19,02081 3,91958 6,576923 23,32427 18,97927 

 
 

Tracking Signal 

 Flight 9 Flight 10 Flight 11 Flight 12 Flight 13 Flight 14 Flight 15 Flight 16 
Route A 8,013921 11,34401 - - - - - - 
Route B 13,19008 17,71164 - - - - - - 
Route C 18,68409 22,69407 1,28655 -9,83713 -2,42553 22,77251 -7 14,37629 

 
Tracking Signal 

 Flight 17 Flight 18 Flight 19 Flight 20 Flight 21 Flight 22 Flight 23 Total 
Route A - - - - - - - 76,43796 
Route B - - - - - - - 110,1189 
Route C 15,90909 -2 -3,79724 9,276882 2,208178 -12,8785 -3 198,1887 
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Appendix 6 – MASE Domestic 
 

MASE 

 Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Flight 7 Flight 8 
Route A 1,377778 1,142857 0,538231 0,634783 0,588942 0,770624 0,49295 0,575724 
Route B 0,603825 0,457295 0,8 0,909091 0,6946 0,515845 0,603854 0,670058 
Route C 0,601725 0,526573 0,586006 0,567361 0,690821 0,726811 0,552279 0,590937 

 
 

MASE 

 Flight 9 Flight 10 Flight 11 Flight 12 Flight 13 Flight 14 Flight 15 Flight 16 
Route A 0,578523 0,602642 - - - - - - 
Route B 0,517647 0,533273 - - - - - - 
Route C 0,520255 0,732835 0,879177 0,771357 0,764228 0,747785 2,52 0,69243 

 
MASE 

 Flight 17 Flight 18 Flight 19 Flight 20 Flight 21 Flight 22 Flight 23 Total 
Route A - - - - - - - 0,585202 
Route B - - - - - - - 0,572222 
Route C 0,619322 1,888889 1,074257 0,653779 0,892206 2,338798 2,442308 0,673213 
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Appendix 7 – MAPE Domestic 
 

MAPE 

 Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Flight 7 Flight 8 
Route A 26,03% 47,66% 25,00% 28,88% 26,53% 50,06% 23,05% 27,30% 
Route B 26,40% 22,22% 25,73% 46,15% 33,50% 24,94% 30,07% 35,25% 
Route C 35,50% 25,28% 32,99% 33,92% 69,99% 43,28% 29,15% 28,27% 

 
 

MAPE 

 Flight 9 Flight 10 Flight 11 Flight 12 Flight 13 Flight 14 Flight 15 Flight 16 
Route A 28,19% 29,73% - - - - - - 
Route B 26,70% 24,58% - - - - - - 
Route C 25,21% 39,79% 52,34% 27,21% 21,96% 36,41% 142,99% 33,78% 

 
MAPE 

 Flight 17 Flight 18 Flight 19 Flight 20 Flight 21 Flight 22 Flight 23 Total 
Route A - - - - - - - 29,95% 
Route B - - - - - - - 28,51% 
Route C 33,39% 132,73% 99,41% 30,60% 34,87% 63,15% 99,39% 38,65% 
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Appendix 8 – Amount of Observations Domestic 
 

Observations 

 Flight 1 Flight 2 Flight 3 Flight 4 Flight 5 Flight 6 Flight 7 Flight 8 
Route A 4 4 22 13 13 22 32 24 
Route B 22 22 3 3 22 22 32 32 
Route C 32 31 27 28 19 19 33 33 

 
 

Observations 

 Flight 9 Flight 10 Flight 11 Flight 12 Flight 13 Flight 14 Flight 15 Flight 16 
Route A 22 31 - - - - - - 
Route B 28 27 - - - - - - 
Route C 33 33 20 20 6 31 7 31 

 
Observations 

 Flight 17 Flight 18 Flight 19 Flight 20 Flight 21 Flight 22 Flight 23 Total 
Route A - - - - - - - 187 
Route B - - - - - - - 213 
Route C 28 2 8 29 18 13 3 506 

 
 
 
 
 
 
 


