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Abstract 
 
Saab Ericsson Space AB develops products for space for a predetermined 
price. Since the price is fixed, it is crucial to have a reliable prediction 
model to estimate the effort needed to develop the product. In general 
software effort estimation is difficult, and at the software department this is 
a problem.  
 
By analyzing metrics, collected from former projects, different prediction 
models are developed to estimate the number of person hours a software 
project will require. Models for predicting the effort before a project begins 
is first developed. Only a few variables are known at this state of a project. 
The models developed are compared to a current model used at the 
company. Linear regression models improve the estimate error with nine 
percent units and nonlinear regression models improve the result even more. 
The model used today is also calibrated to improve its predictions. A 
principal component regression model is developed as well. Also a model to 
improve the estimate during an ongoing project is developed. This is a new 
approach, and comparison with the first estimate is the only evaluation.  
 
The result is an improved prediction model. There are several models that 
perform better than the one used today. In the discussion, positive and 
negative aspects of the models are debated, leading to the choice of a model, 
recommended for future use.  
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1 
Introduction 

This chapter will give the reader an introduction to the assignment. A 
background to the subject is presented, leading to the purpose of this 
master’s thesis. Also a disposition of the thesis is given.  

1.1 Background 
Estimating the time needed for carrying out a project is difficult. Still, for 
companies accepting projects for a predetermined price, it is essential to 
predict the time required in order to set a fixed price. With little detailed 
knowledge of how the customer demands will be implemented the project 
manager’s task almost take the form of a qualified guess. The more 
knowledge available the more accurate the prediction will be. The only 
problem is that before beginning a project, very little is known.  
 
The possibility to estimate project effort at an early stage differs among 
different types of industries. An industry such as the construction industry 
has developed ways to estimate the cost of large projects from historical 
data. This makes it possible for experienced builders to predict project cost 
more accurately, differing only one or two percent from the actual total 
project cost (Humphrey 1995).  
 
Software engineering is  
 

“the application of science and mathematics by which the capabilities 
of computer equipment are made useful to man via computer 
programs, procedures, and associated documentation”  

(Boehm 1981, p.16)  
 

and is an example of an industry that has developed a lot in recent years. 
The use of different programming languages makes historical comparisons 
not as functional as in the construction industry example. Models for effort 
estimation based on lines of codes, LOC, have been frequently used, but do 
not have the same accuracy today since the high level languages are more 
commonly used. In addition, optimization of code takes many hours, but 
will result in less lines of code. Furthermore, as little as approximately ten 
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percent of the project time is spent on coding, this makes a model based on 
lines of code quite unreliable.  
 
Thus, carrying out a software engineering project is not only about 
implementing code, produce tests and perform code testing in order to reach 
the desired result. Hours are spent on other important parts, such as 
developing specifications and documenting the work. This makes it 
interesting to study the process of the project, in order to find additional 
metrics that will have an impact of the prediction of the estimated time in a 
software engineering project.  

1.2 Purpose 
The purpose of this master’s thesis is to develop a model that can: 
 

• predict the effort of a software engineering project when a customer 
invites tenders. 

 
• improve the effort prediction during an ongoing project, when more 

inputs are available. This will enable Saab Ericsson Space AB to 
detect effort changes during software engineering projects.   

 
The model will use metrics from the process and code as well as economical 
metrics that are available from projects at Saab Ericsson Space AB.  

1.3 Questions 
To help fulfill the purpose stated above, the following questions have been 
formulated: 
 

• Which metrics can be used to predict the effort of a software engine-
ering project? 

 
• How can metrics be used to predict the effort of a software engine-

ering project? 
 

• What kind of model is most suitable for the above problem? 
 
• How successful is the developed model in estimating effort? 
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1.4 Disposition 
This thesis is organized as follows. In Chapter 2, Saab Ericsson Space AB is 
presented, followed by Chapter 3 which presents the research strategies. 
Metrics in general and specific for this thesis are presented in Chapter 4. 
Statistical theories are introduced in Chapter 5, and if the reader already has 
good statistical knowledge, this chapter may be skipped. Chapter 6 gives an 
introduction to modeling and possible models for this kind of assignment 
are discussed in Chapter 7. Chapter 8 presents the analysis and this is the 
chapter which include most of the work done during this thesis. Results and 
future work are described in Chapter 9. 



 4
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2 
Saab Ericsson Space 

General information about Saab Ericsson Space AB is found in this chapter. 
There is also a description of their management system, and the process of a 
software engineering project at the company. If nothing else is mentioned, 
all information is found at the intranet of Saab Ericsson Space AB (2005). 

2.1 General information 
The 1st of January 1992, Saab Space AB and the space operations at 
Ericsson Microwave System AB were merged into a new company, named 
Saab Ericsson Space AB. Both companies have provided high-quality 
products to the European space programs since the early 1960’s. Today the 
ownership is divided by Saab, owning 60 percent, and Ericsson, owning 40 
percent of the company.  
 
The headquarters of Saab Ericsson Space AB is located in Gothenburg, 
Sweden with one division in Linköping, Sweden. There is also a subsidiary 
in Vienna, Austria and a sales office in Los Angeles, USA.  

2.1.1 Products 
Saab Ericsson Space AB develops and builds equipment used in space 
consisting of: 
 

• digital products 
• antenna systems 
• mechanical systems 
• microwave electronics 
• thermal components 
• ground support equipment. 

 
The products equip satellites and launchers with applications in 
meteorology, navigation, earth observations, telecommunication and 
science. Since the beginning of the 1970’s, systems have been delivered to 
60 different satellites. The company has delivered guidance and separation 
systems to all the Ariane launchers, about 150, with no failures. Another 
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success is the project Rosetta, where a lander was placed on the surface of a 
comet to increase the understanding of the creation of our solar system.  
 
Saab Ericsson Space AB is the world leader of payload separation systems 
and adapters. The company supplies guidance systems for sounding rockets, 
with deliveries every month to the North American Space Agency, NASA. 

2.1.2 Customers 
The European Space Agency, ESA, is the major client, but also commercial 
companies and governments are important customers. Of the products, 90 
percent are exported, mostly to European countries. Generally the customers 
are high technology companies, with high requirements of their products.  

2.1.3 Economical information 
Saab Ericsson Space AB is the largest space supplier in Europe. By the end 
of 2004 the company employed 524 people, with 407 employees in Sweden. 
During the year 2004, orders worth 622 MSEK (85MUSD or 68M€) were 
received and sales reached 669 MSEK (91MUSD or 73M€).  

2.1.4 Organization 
Bengt Mörtberg is Chief Executive Officer, CEO, and president of the 
company. He has been leading the company since 2000. (Wäingelin 2000) 
 
Saab Ericsson Space AB is divided into three different divisions. Software 
development belongs to the Microwave and Digital Products Division, also 
called the G-division, where there are three different sections included: 
Antennas, GA, Microwave Electronics, GM, and Digital Electronics, GD. 
Each section has a number of subsections also called sections. At the 
software development section, GDP, software for different projects are 
developed. Annalena Johansson is head of the GDP section, which consists 
of 19 software developers.  

2.2 Management system 
Saab Ericsson Space Management System, SEMS, defines the work and set 
the rules for all employees at the company. The system ensures 
effectiveness in operations and helps to ensure high quality products. SEMS 
is based on a customer orientated process approach.  
 
The company works for a predetermined fixed price, set at the beginning of 
the project. Each department makes an estimation of the workload and all 
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the estimated costs are added together to set the price. At the software 
department there is already an effort model. It is based on former project 
experiences of the staff. The performance of the model does not satisfy the 
department.    
 
When a customer invite tenders from Saab Ericsson Space AB, the head of 
the software development team has to estimate the workload of the software 
development part of the project.  
 
 
 
 

SW Qualification
Engineer

SW Object Manager

SW Product Assurance
Manager

Project Engineer

Project Manager

SW Design Engineers

 
 

Figure 2.1 The organizational structure of a project at Saab Ericsson Space AB. 
 
The hierarchy of the project team is shown in Figure 2.1. The Project 
Manager, Project Engineer and the Software Product Assurance Manager 
work on a system level, while the Software Object Manager is responsible 
for a software development project. The Qualification Engineer is in charge 
of the software testing and the Software Design Engineers are responsible 
for the software design involved in the project.  
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Figure 2.2 Different states of a project at Saab Ericsson Space AB. 

 
A project undergoes different phases during its development, as Figure 2.2 
shows. After the System Requirement Review, SRR, is closed the work 
begins for the software team. The requirements for software are decided and 
the design is made. When the Preliminary Design Review, PDR, is closed 
the code is developed and module tests are performed. The official test 
phase begins at the closure of Critical Design Review, CDR. In some 
projects an additional review takes place between PDR and CDR, called 
Detailed Design Review, DDR.  Last a Qualification Review, QR, is closed 
and than the product can be delivered.   
 
At every review different external documents have to be written or updated. 
The software team meets with the costumer to discuss the work that has 
been done. If the customer has complaints or concerns a Review Item 
Discrepancy, RID, is written. Some RIDs are easy to close, while some 
involves numerous person hours. 
 
 

Requirements Definition QualificationProduction

Functional
state

Specified
state

Designed
state

SRR PDR CDR QR

Qualified
state

Design SW
Architecture

Phases:

Processes:

Tollgate reviews:

Baselines:

Design and Code SW  Module

Design and Implement  QT Perform SW
Qualification Deliver SW

Transfer

Verify SW module

Integrate SW
modules

Specify MV

Specify MI

Specify Q
Methods Specify Q Cases

Specify SW
Behaviour

Plan SW
Development

Plan SW Verification Deliver SW

Plan SW Product
Assurance

Assess Work in
Requirements Phase

Assess Work in
Production Phase

Assess Work in
Qualification Phase
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3 
 Research strategies 

Here the strategies that led to the result of this master’s thesis are 
presented. A description of the work procedure, tools used and limitations 
are presented as well. 

3.1 Collecting metrics 
The aim is to collect metrics from software development projects at Saab 
Ericsson Space AB and, with statistical tools and modeling, analyze the data 
in order to develop a reliable model for effort estimation.  
 
Other master’s theses regarding metrics and software cost estimation have 
been produced at Saab Ericsson Space AB. (Andersson 1998, Glane 2001)  
However, they used metrics from older projects not available any longer, as 
well as other approaches for modeling. The old theses are thus not giving 
any input to this master’s thesis. 
 
Together with the supervisor at Saab Ericsson Space AB decisions were 
taken on which metrics to collect. The choice was based on what he 
believed had or might have had an impact on the effort as well as the 
possibility to access the data fairly easy. It turned out to be 36 different 
variables for each project that needed to be collected. With help from a key 
person in each project the data which were available have been collected.  
 
For eight projects, it was possible to collect data for all the 36 variables 
including actual effort. This data was used for establishing the correlations 
between the variables. From a ninth project some of the metrics could be 
acquired: metrics used for an early estimate before the project begins and 
the outcome, actual effort. Because of this reason the models obtained at the 
beginning of a project include a data set of nine projects. 
 
The models developed when a project has already been running for a while, 
have a different set of data. A few of the 36 variables collected have some 
dynamics in them. They are of the kind that accumulates during the project. 
In addition to the value at the end of the project, metrics could be collected 
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at two different project states, Preliminary Design Review, PDR, and 
Critical Design Review, CDR, see (3.1). 

 
CDRPDR VVV 777 +≈           (3.1) 

 
In this report these metrics are distinguished from the ordinary 36 variables 
with PDR if the metric was collected at PDR, or CDR if it was collected at 
CDR. However, dynamic data was possible to acquire for only seven out of 
the nine projects.  
 
The most important metric is called by its real name, actual effort. This is 
the output from the model, and the value that a prediction of a model will be 
compared to. 

3.2 Models 
As stated in the purpose of this thesis, the aim is to develop two different 
kinds of models. The first kind of models is models for an early prediction 
of effort already before beginning a project and the second kind of models is 
models for improvements of effort estimation during an ongoing project.  
 
The choice was made to start with applying a linear regression model, since 
it is a simple approach and according to Hastie et al. (2001) often 
outperform nonlinear models when data is sparse. Then the first approach 
was to establish which metrics was most useful for building a linear 
regression model. With calculation of correlations between variables, those 
with highest correlation to actual effort were found. In this analysis eight 
projects were used, since only for these projects were all 36 variables 
available. A few of the collected metrics resulted in binary variables and 
these were discussed separately.  
 
For the prediction models made at the beginning of a project, linear as well 
as nonlinear regression models were made, together with a principal 
component analysis, PCA. With PCA being a data reduction method (Nelles 
2001), a reduced set of variables was chosen from the already existing ones.  
 
The second kind of models, the prediction models for the ongoing project, 
was only built on linear regression. When making calculations of 
correlations between variables at Preliminary Design Review, PDR, and 
Critical Design Review, CDR, only data from seven projects were possible 
to use, as explained earlier. 
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3.3 Tools 
The metrics collected from the nine projects were stored in Microsoft Excel 
sheets, then imported to Matlab Student 7.0 (The MathWorks Inc. 2004) 
where modeling and viewing of information were done. For principal 
component analysis, PLS Toolbox 3.5 (Wise and Gallagher 2005) was used 
in conjunction with Matlab. PLS stands for Partial Least Square.  

3.4 Symposium 
During four intense days, 19th to 22nd of September 2005, we attended the 
11th IEEE International Software Metrics Symposium, Metrics 2005 in 
Como, Italy. (Baresi 2005) The conference was attended by many 
competent people in the field like Dr. Victor Basili, Dr. Magne Jörgenssen, 
Dr. Martin Shepperd, Dr. Luigi Buglione and Dr. Mikael Lindvall. They 
were all willing to give useful input to this work.  
 
The symposium also resulted in a broader knowledge of what metrics can be 
used for in different organizations, as well as ideas for new approaches for 
predicting effort in software development projects. 
 
Interesting articles about software effort and cost estimation were presented 
along with other interesting articles about metrics. The concept of GRACE 
was introduced, see Section 7.4. Also articles concerning collecting metrics 
in large organizations were presented.  

3.5 Limitations 
As in many cases when collecting data from software development projects, 
the number of projects available for data collection is limited. Even for the 
nine projects available from Saab Ericsson Space AB, not all variables were 
possible to acquire. Thus the final number of projects was, as mentioned 
above, nine for the first models and seven for the second kind of models. 
 
Many hours could be spent on a project like this master’s thesis. However, 
the time disposable is 800 hours for each student.  



 12

 



 13

4 
Metrics 

Focus in this thesis is to estimate the effort by examining the metrics 
available. An introduction to what metrics are and how it should be 
collected is presented in this chapter. 

4.1 General 
Metric is a measurement. It can be categorized into different types of 
metrics. For software projects there are code metrics, process metrics and 
economical metrics.  
 
Lines of Code, LOC, is a simple kind of code metric. The number of lines in 
the code is a good estimate of the size of a project. At least it used to be. 
Today optimization of code uses a large part of the effort, and will result in 
less Lines of Code. Other examples of code metrics are number of 
statements and function points.  
 
Process metrics measure the process. Examples of metrics in this area are 
number of people working in the project, number of design changes in the 
design document and language used to write the code.  
 
Economical metrics has to do with the management of the project. It can be 
a factor describing how well the relation with customers work or how many 
calendar days the project would run for. The output from the models 
obtained in this thesis, actual effort, is also a kind of economical metric.    

4.2 Goal Question Metric 
In organizations there is always a need to improve. For software companies 
it can include increasing the quality of a product, reducing the error rate, 
making sure a product is made within the time frame of a project or 
improving the effort estimation. When actions are introduced to improve an 
organization, a need to measure the effects of the actions occurs. 
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Dr. Victor R. Basili, founded in 1984 (Differding et al. 1996), the Goal 
Question Metric paradigm, GQM, shown in Figure 4.1. The goals of the 
organization lead to questions that will be answered by a collection of 
metrics. This will help the organization to measure the improvements made 
by different actions. (Basili et al. 2005) 
 

Goal 1 Goal 2

Question 1 Question 4Question 3

Question 2

Metric 1 Metric 5Metric 4Metric 3Metric 2

 
Figure 4.1 The Goal Question Metric paradigm. (Grady1992, p.25)  

    
When a goal is set, it is important to specify the purpose, issue, object and 
viewpoint of the goal. The purpose might be to improve an object like the 
production process. The viewpoint might be to see the improvement from a 
manager’s point of view and issue can be the error rate. Together these 
subjects create a goal: Improve the error rate of the production process from 
a manager’s point of view. (Basili et al. 2005) 
 
Every goal leads to one or several questions. Is the error rate decreasing? 
What is the current error rate? These are examples of questions that might 
be asked for the goal stated above. Metrics collected to answer these 
questions might be the average error rate before as well as after the 
improvement proposal was implemented. Limits set by the manager, can 
determine his or her satisfaction. (Basili et al. 2005) 

4.3 Metrics in this thesis  
With help from the supervisor at Saab Ericsson Space AB and by discussing 
with developers, 36 different metrics were found interesting, and will be 
examined further. They are named V1 to V36. Unfortunately, all of these 36 
metrics are not available for all nine projects, only from eight. For 
examining the correlations between the different metrics, eight projects are 
available.  
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When estimating the effort in the beginning of a project, there are metrics 
from nine projects available. All the variables accessible at the beginning of 
a project are shown in Table 4.1. The rest of the variables are only possible 
to obtain further on or at the end of a project. Examples of metrics known 
from the beginning are: the customer, the planned date when a project 
would begin and the planned date when the project would be finished. The 
dates are called planned dates and can be used to calculate the number of 
days a project has to its disposition. At the end of a project the actual dates 
are known and can be collected and used for calculation of the actual 
number of days a project lasted for.    
 

Table 4.1 Variables that are known when estimating the effort for a project before the 
project begins.  

            
  V2 V3 V8 V26 V31 V32 V34 V35 V36 V37 
 
The improved estimation model, which can be used during ongoing 
projects, does only have metrics from seven projects. Also some metrics that 
changes during the process are collected here. An example is the number of 
Review Item Discrepancy, RID, at each review. These variables will be 
denoted by PDR or CDR, as discussed in Section 3.1. Table 4.2 shows the 
variables available for the estimation models at PDR and CDR. Variables in 
black are used for modeling and variables in grey are available but not 
considered, further discussed in Section 8.5. 
 
Table 4.2 During the ongoing project two new estimates will be done, the first at PDR and 

the second at CDR. Variables in black are used for modeling and variables in grey are 
available but not considered for modeling. 

            
  V3 V4 V5 V6 V7 V8 V33 V34 V35 V36 

 
Some metrics need to be commented to make it easier for the reader to 
follow. There are three variables, V26, V31 and V32 that are binary. They 
will be discussed separately in Section 8.3.  
 
Variable V36 is a combination of variables V34 and V35, as seen in (4.1). 
 

353436 VVV ⋅=                                                       (4.1) 
 
The three variables can be collected separately, but note the connection 
between them.  
 
V27 and V28 are planned starting and ending dates. V29 and V30 are actual 
starting and ending dates. From these four variables the planned and actual 
project length are derived, as viewed in (4.2) and (4.3).  
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272837 VVV −=                                                     (4.2) 
 

293038 VVV −=                                                     (4.3) 
 
The new variables will be called V37 and V38, and are the length of a 
project. Because of this reason V27, V28, V29 and V30 are not needed any 
longer and will not be used further in this thesis.   
 
The most important metric in this thesis is the output, actual effort. This 
variable is measured in person hours and is an important part of the total 
cost for a software project. In the projects available from Saab Ericsson 
Space AB, there is a difference in the size of actual effort. The largest 
project is close to ten times the size of the smallest one. In all figures the 
projects are sorted by actual effort.  
 
Since metrics are missing for project three and four in the prediction models 
made at PDR and CDR, they will not be part of the modeling process in 
Section 8.5. Still, the other projects will be numbered the same way as in the 
rest of this thesis.    
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5 
Statistics 

Introducing the basic statistical definitions, this chapter may be omitted by 
the reader with some statistical knowledge. All information in this chapter 
with no specific reference is from Blom (2000).  

5.1 Expectation 
The expectation, E, is the average value and a measure of the position of the 
average in a data set. The arithmetic mean for the data set x1 to xn is defined 
in (5.1). 
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Another kind of position measure is the median. This measure is the middle 
value in a data set, meaning there is the same number of higher values above 
the median as there are lower values below. In the case that the number of 
measurements, n, in the data set x1 to xn is even, the median can be defined 
as the arithmetic mean of the two middle values. The median is often used 
when there is a risk that small or large values will have a great impact on the 
mean.  

5.2 Dispersion 
The variance is defined in (5.2). 
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It is used to calculate the dispersion of a data set. Standard deviation is also 
a measure of the dispersion and is defined in (5.3). 
 

)()( xVx =σ            (5.3) 
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For data sets with values close to the mean, the standard deviation will be 
small. If the values are widely spread the standard deviation will be larger. 

5.3 Dependence 
If one variable are influenced by a change in another variable, the variables 
are said to be dependent of each other. In (5.4) a formal definition of this 
dependence, the covariance, is presented. 

 
( ) ( )[ ]yyxxEyxCov −⋅−=),(             (5.4) 

 
When both variables diverge in the same direction from the mean, the 
covariance is positive. Similar, when the variables diverge in opposite 
directions the covariance turns out negative. Independent variables are not 
influenced by each other and thus the covariance is zero. Obviously the   
correlation coefficient is zero then as well, according to (5.5). Note that this 
relation is not equivalent. The coefficient of correlation is defined in (5.5). 
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⋅

=           (5.5) 

 
It exists in the interval 11 ≤≤− ρ . Only in the case when x and y are linear 
dependent, the coefficient of correlation takes on the values 1 or -1.  

5.4 Loss function 
Consider a process together with a model trying to predict the process’ 
behavior. This is shown in Figure 5.1 below.  

Process

Model

-

)(ˆ iy

)(iu )(ie

)(iy

 
Figure 5.1 The process and model for input data. 

 
When a model is used to predict the output from a process, differences will 
occur between the real output and the predicted output. These differences 
are expressed with a loss function, L. The most common loss function is the 
sum of squared errors, see (5.6). 
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This loss function is popular, since it results in a linear optimization 
problem when it is minimized. Sensitiveness for outliers is a problem for the 
loss function in (5.6). (Nelles 2001) 

5.5 Explanation ability 
The R2-measure is the sum of regression divided by the sum of total 
residuals and is a measurement of the explanation ability of a model. The 
sum of regression describes the variations in the outcome y = [y1, …, yk] in a 
linear model, y = β0 + xβ, that can be explained by the variables x =  
[x1,…,xk]. The total variation in y is explained by the sum of total residuals. 
(Enqvist 2001)  
 
The definition of R2 is given in (5.7), (Enqvist 2001), and the adjusted R2 in 
(5.8) (Harrel 2001). Where n is the number of data sets and p is the number 
of variables. 
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The adjusted R2 is used because the R2 is biased. For each variable added, 
the sum of residuals will increase, while the sum of total residuals will stay 
the same. (Harrel 2001) Thus R2 will increase but will not correspond to the 
actual increase in variation explanation by the added variables. When using 
the adjusted R2 this problem is solved.  

5.6 Accuracy statistic 
When assessing the performance of a model an error measurement is used. 
One measurement is the mean magnitude of error relative to the estimate as 
defined in (5.9).  
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This error is the intuitively most straightforward accuracy statistic, since it 
is of interest to know the performance of the prediction compared to the 
predicted value.  
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6 
Modeling 

A short summary of modeling is presented in this chapter. It is limited to 
introduce theories of models that will be used for this thesis. This chapter 
can be omitted by the reader with modeling experience.  

6.1 Basic modeling 
A model can take on many different shades. One kind is mental models that 
humans developed when they for example learn to ride a bike. Another kind 
is mathematical models, and that will be the focus of this thesis. 

6.1.1 Mathematical models 
In mathematics models are described as relations between different 
quantities. The model translates a system into mathematical equations and 
then the characteristics of the system can be examined. Modeling can be 
done according to two principles. The first is when the behavior of the 
system is known, for example the laws of nature or known relations. The 
second principal is when observations of the system are used to adjust the 
models qualities, so the model will be able to describe the system. This 
technique to build a model is called identification. Both principles can be 
used in conjunction with each other. (Ljung and Glad 2004) 
 
A system can be static or dynamic. For a dynamic system, the output is 
dependent of all previous inputs. Mathematically, dynamic systems often 
include derivations with respect to time. Static systems also change during a 
time period, but the relation is instantaneous. (Ljung and Glad 2004) 

6.1.2 Quality 
In this section the information can be found in Nelles (2001). 
 
The quality of the model will be important when deciding whether the 
model is useful or not. The model error gives information about the model’s 
quality. Different model errors can occur: bias error and variance error. The 
relation between them is shown in (6.1).  
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(model error)2 = (bias error)2 + variance error         (6.1) 
 

The bias error is an error in the model structure. It is due to the model’s 
flexibility limits, see (6.2).  

 
bias error { }yEyu ˆ−=           (6.2) 

where 
 uy  – the output from the noise free process   
 ŷ   – the output from the model 

 
For nonlinear systems it is impossible to achieve a bias error that is zero, so 
a small error is what one should endeavor. As the number of parameters 
increases in a model, the bias error will decrease, see Figure 6.1 (a).  
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Figure 6.1 (a) The relation between the bias error and the complexity of the model.  
  (b) The relation between the variance error and the number of parameters 

in the model.  
(c) The model error is included and the optimal complexity is shown. 

(Nelles 2001, p.161, p.163, p.165) 
 
The variance error is the difference between the estimated values and their 
optimal values, see (6.3).  

 
variance error { }[ ]{ }2ˆˆ yEyE −=          (6.3) 

 
In contrast to the bias error, the variance error will increase with the 
parameters, see Figure 6.1 (b). A compromise between the two errors is 
needed to achieve the best model, see Figure 6.1 (c). The optimal 
complexity of the model does not necessarily represent the best overall 
solution.  
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6.2 System identification 
When performing system identification several aspects have to be 
considered. A model is going to represent the behavior of the underlying 
process. Therefore, identification needs data sets containing good 
information about the modeled process. Choosing inputs for the model is 
important as well as choosing the model architecture. Other selections that 
have to be considered are the model’s structure and complexity. (Nelles 
2001) 
 
For linear systems two different modeling methods are used. One is built 
from the laws of nature and result in parameters with a physical 
interpretation. Black-box models are the second kind of models, which are a 
range of very flexible models. The physical interpretation for the parameters 
is unknown and instead they are used for generating relations between the 
input and output. (Ljung and Glad 2004) 
 
If the output is unknown, unsupervised learning techniques are preferred. 
These techniques find different statistical relations between data and can be 
used to preprocess the data before it enters the model, see Figure 6.2. 
(Nelles 2001)  
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Figure 6.2 Data is being preprocessed before entering the model. (Nelles 2001, p.137) 

 
In supervised learning, both input and output are known. In order to get “the 
best” model, the error between the process and model needs to be 
minimized. (Nelles 2001) 

6.3 Validation 
An essential part of modeling is to validate the model. It tells us if the model 
is reliable and able to represent the system correctly. Validation should use a 
data set that has not been used to build the model. (Ljung and Glad 2004) 
 
When the model is built, there is a need to analyze how well it performs. 
Neither overfitting nor underfitting models are wanted. An overfitting 
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model is a result of a too complex model that is fitting the used data set so 
perfect that even the errors of the data set are built-in. Consequently, when 
testing the model on another data set, the model does not fit very well. On 
the other hand, if a model is too simple and does not have enough 
parameters, it will not be flexible enough to represent the system. (Nelles 
2001) 
 
An overfitting model will result in a low bias and a high variance while an 
underfitting model yields a high bias and a low variance. Realizing that a 
model is overfitting when using the data set is more difficult than realizing it 
is underfitting. Therefore, analyzing the quality of a model is very important 
for finding over- or underfitting models. The analysis, performed on another 
set of data than the model was built on, is called model validation. There are 
a few different techniques, analyzing on new data by means of data splitting 
and cross validation being among the most common. (Nelles 2001) 

6.3.1 Splitting 
If the available data set is large, the most straightforward approach to 
analyze the model quality is by splitting the data set. The data set is divided 
in three different data sets which are used for developing, validating and 
testing the model respectively. However, in practice splitting data in three 
parts is rarely done, since it is considered a waste of data. Instead, when the 
number of feasible models is small and the data set is large, the data set is 
often split into two. One data set is used for modeling and the other for 
validation and testing. This approach often leads to a realistic model, even 
though its quality is slightly optimistic. (Nelles 2001) A typical data set split 
is shown in Figure 6.3.  
 

Modeling Validation Test 
 
Figure 6.3 A common choice of proportions between the modeling, validation and testing 

parts of the divided data set. (Hastie et al. 2001, p.196)  
 
Often testing is part of the validation phase, and this terminology will be 
used in this thesis. 
 
If the data set is small, the possibility of splitting the data set is not 
reasonable and other options, such as cross validation, must be considered. 
(Nelles 2001) 

6.3.2 Cross validation 
A simple technique that can handle smaller data sets is K-fold cross 
validation. The idea behind the K-fold cross validation method is to 
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randomly split the data set into K parts where K-1 of them are used for 
modeling and the last part for validation and testing. This is repeated K 
times, meaning that all available data is used for modeling, as well as model 
validation. (Hastie et al. 2001) 
 
Cross validation has its strength in the possibility of using all data for both 
modeling and validation. Even if the case K=2 is chosen, the method 
performs better than validation by dividing the data set in one part for 
modeling and one for validation and testing. In the case where data is very 
sparse, a modification of K-fold cross validation can be functional. If the 
splitting factor K is chosen to the same value as the number of parameters 
N, the method is called leave-one-out cross validation, since only one 
sample is left out to be used for testing. (Nelles 2001)  
 
In Figure 6.4 cross validation is illustrated for eight available data sets, 
viewing in (a) K=4 and (b) K=8. As in (b), where K equals the number of 
data sets, the method is called leave-one-out cross validation.  

1 2 3 4 5 6 7 8

1 2 3 4

N

K

1 2 3 4 5 6 7 8N

K 1 2 3 4 5 6 7 8

(a) (b)
 

Figure 6.4 K-folded cross validation with (a) K=4 and (b) K=8. 
 
To calculate the leave-one-out cross validation, the data set of N parts is 
used N times. Let i = 1, 2 to N and for each i:th run, a model is trained to fit 
the data on N-1 data sets, excluding the i:th one. A prediction error is 
calculated for the i:th subset. This is repeated N times, until each data set 
has been left out exactly one time, and thereafter followed by a calculation 
of the combined prediction error. The model with the smallest prediction 
error is chosen and then fitted to all data at hand. (Hastie et al. 2001)  
 
When using cross validation an estimate of the prediction error of the model 
is calculated by (6.4). (Hastie et al. 2001) 
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where   
 N – the number of samples in the original data set 
 ),(ˆ αi

i xf − – the function for the α:th model, computed with the i:th 
data set removed 
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 )),(ˆ,( αxfyL – the prediction error, for example squared residuals, for      
each observation using the α:th model. 

 
Subsequently, the best model to fit the data set is found by minimizing the 
prediction error function CV(α). (Hastie et al. 2001) 
 
Leave-one out validation results in low bias but often high variance, thus an 
overfitting model. On the contrary, a common choice of K=5 or K=10 
results in a more biased model with significant lower variance. Although, 
depending on the size of the data set, the resulting prediction error varies in 
bias. For example, a data set of 200 samples has a much lower bias than a 
data set of 50. (Hastie et al. 2001)  



 27

7 
Models 

The theories presented in this chapter will be the foundation of the models 
used. There will be three different models: a linear regression model, a 
nonlinear regression model and a regression model based on principal 
component analysis. Included in this chapter is also theory on dynamic-, 
grey- and fuzzy systems as well as neural networks.  

7.1 Regression  
A linear regression model is a quite simple model which gives an adequate 
prediction of the output signal, when the input signals are known. In 
situations with a small amount of data, the linear regression models often 
perform better than the nonlinear models. (Hastie et al. 2001) Intuitive, 
since the nonlinear relations are harder to evaluate, the nonlinear models 
would need more data than the linear models. This is quite intuitive since 
linear models are simple whereas nonlinear models can find tricky 
situations.  
 
Response variables are numerical values of independent variables in a linear 
model. A linear model is developed by linear regression. (Freund and 
Wilson 1998) 

7.1.1 Simple linear regression model 
 
Definition: 

“The regression model describes a linear relationship where an 
independent or factor variable is used to estimate or explain the 
dependent or response variable. In this analysis, one of the variables, 
x, is “fixed” or chosen at particular values. The other, y, is the only 
variable subject to a random error.”           

(Freund and Wilson 1998, p.53) 
 
 The simplest regression model is the linear regression model (Enqvist 
2001): 
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jjkkjj xxxy εββββ +++++= ....22110               (7.1 a) 
       or      

εβ +⋅= XY                                                         (7.1 b) 
where 
 y – dependent variable 
 0β – intercept 
 kβ – regression coefficient k=1 to m 
 jkx – independent variables j=1 to n, k=1 to m 
 jε – random error j=1 to n with E( jε ) = 0 and Var( jε ) = σ2 
 
A regression model should have ten times as many observations as 
variables. (Enqvist 2001) 
 
To solve for the unknown parameters β in (7.1) the following theorem is 
stated. 
 
Theorem:  
Providing the linear regression model jjkkjj xxxy εββββ +++++= ....22110   
and if det(XTX) ≠ 0, the least-square-estimate is valid:  

 
YXXX TT 1)(ˆ −=β             (7.2) 

 
There is a linear relation between at least two column vectors in the matrix 
X if det(XTX) = 0. At least one of them should be removed, if not it will 
result in an increased uncertainty of the estimation. (Enqvist 2001) 

7.1.2 Variance analysis 
By studying the squared sums interesting information about the model will 
be observed. Three different sums are studied, viewed in (7.3). (Enqvist 
2001) 
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 jkkjj xxy βββ +++= ...ˆˆˆ 110          
 
The difference between the true value and the value the model expects is 
expressed in QRES while QREGR describes the difference between the value 
from the model and the average value.  
 
In (7.4) the matrix of covariance is defined. (Enqvist 2001) 
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It describes if different input variables depend on each other or not.  

7.1.3 Correlation model 
 
Definition:  

“The correlation model is used to describe the strength of a linear 
relationship between two variables, where both are random 
variables.”  

(Freund and Wilson 1998) 
 
The normal correlation model is a bivariate normal distribution defined by 
five variables: the means of x and y, the variance of x and y and the 
correlations coefficient. The model measures the strength of a linear 
relationship between two variables, x and y.  

7.1.4 Nonlinear regression 
Some relations cannot be described by a linear function, and then a 
nonlinear function can be used. The most common nonlinear function is x2. 
Combination of nonlinear and linear functions will also be nonlinear. An 
example of a nonlinear function is displayed in (7.5). 
 

iii xfy εβ += ),(                                 (7.5) 

7.2 Principal component analysis 
Principal component analysis, PCA, is a method for reducing the number of 
variables in a data set. By transforming the coordinate axes, the dimension 
of the model will be reduced. The highest variance is most significant and 
will be the direction of the new axis, which is calculated by (7.6). It is 
maximizing the statement on the left hand side of the arrow with respect to 
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x. U is a matrix including all the data and has N data points and p variables. 
(Nelles 2001)  
 

( ) ( ) ( )
x

TT xxxUxU max1 ⎯→⎯⋅−+⋅⋅⋅ λ          (7.6) 

where 
 U – data matrix with dimension N×p  
 x – new axis 
 λ – Lagrangian multiplier 
 
The equation in (7.6) above can be solved by the eigenvalue problem in 
(7.7). (Nelles 2001) 
 

( ) xxUTU ⋅=⋅⋅⋅ λ                                (7.7) 
 
The new variables are uncorrelated (Boersma and Weenink 1999), and the 
new axes are linear combinations of the old ones. It is assumed that the data 
has an average of zero. There is nothing that claims that data with low 
variance will have low significance. (Nelles 2001) 
 
When the first axis is determined, the process starts all over again and the 
eigenvector corresponding to the second highest variance is calculated. The 
process continues until very little variability is remaining in the old data set. 
The variances corresponding to one eigenvector, to a principal component, 
are the eigenvalues. (StatSoft 2005)  
 
There are different methods for deciding how many principal components 
that will be useful. Two techniques are described here: (StatSoft 2005) 
 

• The Kaiser criterion 
One of the most commonly used selection methods is the Kaiser 
criterion. If a principal component, eigenvector, has an eigenvalue 
larger than one, it is at least as good as an original variable, and should 
be included.  
 

• The Scree test 
With this method the eigenvalues are plotted as functions of the 
principal components. In the figure one should look for a “scree” or 
“knee”, where the eigenvalues have decreased to a low level where 
they do not change much any longer. 

 
In a normal situation, with few variables and many data points, the methods 
are accurate. In other situations the Kaiser criterion can result in too many 
factors, while the Scree test results in too few. (StatSoft 2005) 
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7.3 Dynamic models 
In a dynamic system the output is said to be dependent on all earlier input, 
while in static systems the output only depend on the current input. All 
necessary historical information about the system can be stored in a state 
space model. (Glad and Ljung 1989)  
 
A state space model for a discrete, linear system can be displayed as in 
(7.8). (Ljung and Glad 2004) 
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where  
 u(tk) – input at time tk 
 y(tk) – output at time tk 
 x(tk) – state at time tk 
 k =  0, 1, 2, …  
 
This model is an example of a discrete system, resulting in difference 
equations as opposed to differential equations for a continuous system.  

7.4 Grey systems theory 
All information in this section is found in Song et al. (2005) if there is no 
other reference.  
 
Grey systems theory were developed and introduced by professor Deng in 
1982. The name grey systems are derived from the amount of information 
available about the system. In control systems theory, the name black box is 
commonly used for systems that are completely unknown, whereas white 
systems represent open structures. Thus the name grey systems indicate that 
some information about the system is hidden, while some is available. 
 
It is the hidden information, the black box, which is brought forward in the 
grey system theory by developing the known information. The theory is 
used on unascertained problems where data is sparse and information noisy. 
Areas that use grey systems are as widespread as finance, agriculture, 
medicine and transportation. (Lin and Liu 2004)  

7.4.1 Grey relational analysis 
A method for grey systems theory is the grey relational analysis. It is a 
model for measuring the influence of one system on another, or between 
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two elements within the same system. The central idea is to measure 
similarities between the factors or data series, which are described with a 
grey relational coefficient. Before the coefficients are determined, the raw 
data are altered using different normalisation processes and abnormalities in 
measurement are removed. 
 
To use grey relational analysis, several basic concepts need to be defined. 
Suppose X is a factor set, each row in X representing one data set, see (7.9). 
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p(X) is a theme categorized by X, and Q is the influence relation. Then the 
first basic concept is the factor space {p(X); Q}. A few important properties 
have to apply to the factor space: key factors exist, along with other factors 
not as important as the key factors. However, the total number of factors is 
limited and countable, as well as independent of each other.  
 
Comparable series xi in X is another basic concept. The conditions for 
comparable series are fulfilled when the factors in X are dimensionless, 
scaled so they are at the same level and polarized in the same direction.  
 
With these concepts fulfilled, a grey relational space {p(X); Γ} can be 
defined as a factor space where all series are comparable and where Γ is the 
grey relational map set.   
 
Grey relational analysis can now be used for determining the grey relational 
coefficient γ for a reference series x0 given objective series x1 to xn at point 
k, see (7.10).  
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The grey relational grade between a series xi and the reference series x0 was 
defined by Deng as in (7.11) where βk is the normalized weight for data 
point k, see also (7.12).  
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7.4.2 GRACE 
A new technique for software effort prediction: Grey Relational Analysis 
based software projeCt Effort prediction, GRACE, is suggested by Song et 
al. (2005). 
 
With this method, the effort for a new project is predicted from old software 
project data. GRACE consists of four steps: data series construction, 
normalization, grey relational grade calculation and effort prediction.  
 
• Project data are viewed as series xn with m features, see (7.9). For each 

objective project i = 1…n a corresponding effort is known. The 
reference series, x0, is the data set whose effort is to be estimated.  

• All objective series are normalised with respect to the reference series, 
giving every feature the same influence.  

• Calculate the grey relational grades by evaluating equations (7.10) and 
(7.11) for each objective series.  

• The most dominant projects are used for predicting the effort of the new 
project. The procedure is defined in (7.13) where εi is the effort of the 
i:th most influential project. 
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When using (7.13) a problem arises in selecting parameters ζ and k, since 
these parameters will be needed for calculating ),( 0 ixxΓ and ),( 0 ixxγ , see 
(7.11) and (7.10), respectively. However, these parameters are found by 
analysing the relative errors.  
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By implementing the above method, effort prediction can be done early in a 
software development project. It seems to give good accuracy, but more 
research is needed.  

7.5 Fuzzy systems 
This section is based on Nguyen and Walker (1997) if nothing else is stated.  
 

“Fuzzy logic is a tool for embedding structured human knowledge 
into workable algorithms.” 

 (Kecman 2001, p.365) 
 

In everyday language people describe the world around them with words 
like nice, young and tall. These words are, compared to science, very vague 
and fuzzy, and they open for personal interpretation. For a long time 
scientists have wanted to produce machines that mimic the human way to 
reason. The problem is to interpret what people mean by nice, young and 
tall and how to describe it mathematically.  

7.5.1 Fuzzy vs. traditional logic 
Traditional logic is very strict and gives us an answer that is either 1 or 0, 
see Figure 7.1 (a). The subset A of a set U is determined by its characteristic 
function )(xAχ .  
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It is hard to translate spoken and written language into traditional logic since 
language is not binary. In 1965 Professor Lotfi Zadeh presented the 
mathematical modeling of fuzziness (Lotfi 1965). He meant that when 
people use words like nice, young and tall, there is a matter of degree 
included in the sense of the word, which can be described with fuzzy 
subsets, often called fuzzy sets.  
 
Definition:  
 “A fuzzy subset of a set U is a function →U [0,1]” 

(Nguyen and Walker 1997, p.3) 
 
The fuzzy set gives a soft transition, see Figure 7.1. The function )(xAχ in 
fuzzy logic is called a membership function, and it describes to what extent 
a subset is part of a set. 
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1 1

Figure 7.1 Difference between (a) traditional logic and (b) fuzzy logic.  
 
In fuzzy logic an element can belong to two or more sets at the same time, 
while in traditional logic an element can only belong to one set. In 
engineering applications there are some fuzzy sets that are used more often 
than others. In Figure 7.2 (a) the trapezoid, (b) the triangle, (c) the singleton 
and (d) the Gaussian bell are shown.  
 

1

(a) (c)(b) (d)

)(xAµ

x

 
Figure 7.2 The most common fuzzy sets used in engineering: (a) trapezoid,  

(b) triangle, (c) singleton and (d) Gaussian bell.    

7.5.2 Mathematical functions 
Logic can be of different kinds, for example the two-value logic and the 
DeMorgan algebra. This thesis will focus on the two-value logic, which has 
only two true values.  
 
The membership function µ, with the binary operations ∧  and ∨  are 
described in (7.15). (Kecman 2001) 
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In fuzzy logic union operators are called S-norms and intersection operators 
are called T-norms. The T-norms translates into logic AND, while S-norms 
translates into logic OR, see Table 7.1.  
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Table 7.1 A list of some classes of T-norm and S-norm. (Kecman 2001, p.373) 
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An important observation is that in traditional logic a relation between a set 
and its complement differs from fuzzy sets. In traditional logic, when there 
is a union between a crisp set and its complement, the result is a universal 
set, and an intersection between them is an empty set. In fuzzy logic this is 
not the case, as seen in (7.16).    
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           Traditional logic            Fuzzy logic 

7.5.3 Fuzzy control 
When there is precise mathematical models available, standard control 
systems are efficient. But when control laws are expressed linguistically, 
fuzzy control systems are preferred. Control laws are often expressed in 
“If… then…” statements, for example “If x is A then u is B”. These 
statements will first be transformed into a relational matrix R.  
 
Definition: 

“A relation on a set U is a subset R of the Cartesian product U×U.” 
(Nguyen and Walker 1997, p.17) 

 
The relation matrix R expresses the connection between the different sets. 
In human language the relation R translates into “if x is A then u”.  
 
In fuzzy control there are two different systems used, called Many-Input-
Many-Output, MIMO and Many-Input-Single-Output, MISO.  

7.5.4 Defuzzyfication 
A crisp value is wanted to control the system. That is when defuzzification 
is of interest. Defuzzification transforms a fuzzy set into a crisp value. There 
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are different methods to perform defuzzification. Three common ways are 
shown in Figure 7.3. Different methods result in different values. (Kecman 
2001) 

Figure 7.3 Three common ways to defuzzicate are displayed in (a) first of maximum, 
(b) middle of maximum and (c) center of area for singletons. (Kecman 2001, p.393) 

7.6 Neural networks 
The human brain is a complex structure organized as a network of neurons 
in which signals are sent through. Artificial neural networks, often 
shortened to neural networks, are inspired by the design and functioning of 
the brain. (Marques de Sá 2001)  

7.6.1 General 
Solving complex nonlinear problems are a benefit of the neural networks 
since they have a great computing power due to the parallel structure and 
the capability of learning. 
 
Definition:  

“A neural network is a massively parallel distributed processor made up 
of simple processing units, which has a natural propensity for storing 
experiential knowledge and making it available for use. It resembles the 
brain in two respects: 
 

1. Knowledge is acquired by the network from its environment 
through a learning process. 

2. Interneuron connection strengths, known as synaptic weights, are 
used to store the acquired knowledge.” 

Aleksander and Morton (1990 cited in Haykin 1999, p.2) 
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7.6.2 A neuron 
The neural network is built by a number of neurons that from the input 
signals produce an output signal. This is illustrated with neuron k in Figure 
7.4 (Haykin 1999). 
 

 
Figure 7.4 The neuron k with inputs x1 to xm and output yk.(Haykin 1999, p.11) 

 
The input signals, xi, are connected to neuron, k, which is multiplied with a 
synaptic weight, wki, related to the neuron and the input signals. All signals 
are summed together, in Figure 7.4 illustrated with a linear combiner. Bias, 
bk, has the functioning of either increasing or decreasing the net input of the 
activation function, φ, which is limiting the amplitude of the output signal 
yk. Mathematically a neuron can be described by (7.17). (Haykin 1999) 
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7.6.3 Learning process 
Neural networks are said to perform as a learning or training process. One 
possible way to train a neural network is with supervised learning. With 
feedback from the input-output relationship the network accomplishes the 
desired result. By using adaptive procedures, learning rules, which adjust 
the weights, the specified performance criteria are met. For this purpose 
special training sets with known input-output relationships are used and the 
feedback information often takes the form of error calculation on the input-
output-relationship. (Tettamanzi and Tomassini 2001) 
 
Supervised learning can be carried out in different ways. Backpropagation 
was invented in the late 1970’s by Paul J. Werbos. (Tettamanzi and 
Tomassini 2001) It has received the name because of the way it adjusts the 
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weights by the learning rule from the output to the inputs. The 
backpropagation procedure minimizes an error function for the whole 
network, see (7.18). (Tettamanzi and Tomassini 2001) 
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where 
  dk - the desired output  
 yk - the actual output of the network.  
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8 
Analysis 

The achievements are presented in this chapter. The decisions made prior to 
modeling are discussed. Following, the different models and their 
performances are analyzed. 

8.1 Decisions   
Before the analyzing begins, there are a few aspects that need to be 
discussed. It is of importance to enlighten the data transformations that has 
been made as well as how the choice of validation method was made. The 
advantages and disadvantages of the evaluation measurements for model 
selection are analyzed.  

8.1.1 Transformation of data 
Information in the data sets is sensitive. Publication of the data used in this 
thesis could harm Saab Ericsson Space AB, why the data is transformed in 
this thesis. All variables are renamed and the efforts, the actual as well as 
the predicted, are given only as units of hours instead of true hours. 
Consequently statistical measures such as the variance and the residuals 
from the cross validation also are given in this transformed units of hours. 
The transformation does not affect any relationships within and between the 
data.  

8.1.2 Validation method 
As discussed in the Section 6.3.2, there are a few choices to be made when 
deciding on which cross validation method to use. In our case the data set 
varies between seven and nine projects.  
 
In literature it is suggested to divide the data set in approximately five or ten 
subsets, using K=5 or K=10. However, since the available data set is small, 
there is not an option to use K>9, in the case of nine projects available, or 
K>7, in the case with seven projects available, respectively, since this will 
result in leave-one-out validation. Neither K=5 is a possibility because the 
data set cannot be divided by five and would thus also result in leave-one-
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out validation. Taken together, the chosen validation method is leave-one-
out.  

8.1.3 Model selection 
Cross validation results in a sum of squared residuals. They should be as 
small as possible for the best model, but there are other measures as well to 
consider. As discussed in Section 6.3, a high variance in combination with 
low bias is an indication of an overfitting model and should thus be avoided. 
Other evaluation statistics are the R2 and adjusted R2. They illustrate the 
variation in the output described by the variable. Another measure of 
performance for the model is the error, introduced in Section 5.6. When an 
underestimate is made, the error is negative, while an overestimate results in 
a positive error. With a large range in effort for the different projects 
available, a percentage statistic is a natural choice.  
 
Of significant importance for choosing the error rate as one of the most 
important measures, is the variation in project size at Saab Ericsson Space 
AB. The project varies in actual effort with as much as ten times. Because 
of this fact, a prediction error of x hours for a small project can be of great 
significance, while it at the same time does not matter for a larger project.  
 
The error rate can be chosen in different ways. As discussed in Section 5.6 it 
is natural to choose an accuracy statistic that compares the error between 
actual and predicted value to the predicted value. Thus the result will tell to 
which extend there is a deviation from the predicted value.  
 
Leave-one-out cross validation residual is also of importance. It is also a 
kind of bias error. Because of the square involved, it is giving worse results 
for models predicting a value far from the actual value. In this measure no 
consideration is taken to the size of the project, hence a prediction error of x 
hours for a small project has the same weight as a prediction error of x hours 
for a large project. 
 
Variance error is then considered, as together with the residuals is giving the 
square of the models total error. The variance is telling how much the 
predictions vary, so a small variance is desirable. To see how much of the 
variations in effort that can be explained by the variables in the model, R2 
and adjusted R2 are paid attention to. For R2 and adjusted R2 the rule is that 
the closer they are to one, the more variation is described by the variables in 
the model, which is sought after. Increases in R2 are supposed to be 
followed by increases in adjusted R2.  
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For the residuals and the error it is possible to make some comparisons. The 
model currently used at the company is analyzed first. Computing the sum 
of squared residuals results in CV = 2.23. This model also gives the errors 
as illustrated in Figure 8.1.  
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Figure 8.1 The corresponding error for the model used at Saab Ericsson Space AB. 

 
This figure will be compared to the error in the derived models, see Figure 
8.5, Figure 8.9, Figure 8.13, Figure 8.21, Figure 8.24, Figure 8.30, Figure 
8.35 and Figure 8.38. 
 
All models with a negative intercept have been removed. Since the output of 
the model is effort, the software department cannot gain hours by not taking 
on a project.  

8.2 Variable selection 
Together with the supervisor at Saab Ericsson Space AB a decision was 
made on which metrics could have been affected by the actual effort of a 
project and collected these from the projects. Collecting the metrics resulted 
in 35 different variables excluding actual effort. Relationships do of course 
exist between these metrics, making some of the collected variables 
redundant.  
 
Since a linear model is going to be used, strong correlations between the 
variables are unwanted. A correlation close to one with actual effort is ideal. 
In theory of linear regression, Section 7.1.1, a rule is to have ten times as 
many output observations as variables when building a regression model. In 
this case it will not be possible, not even if only one variable is used, given 
the maximum of nine data sets. For correlation calculations with these 
variables eight data sets are available. Nevertheless, it is not feasible using 
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all 35 variables, thus the decision was made to use a limited number of 
variables.  
 
First, four of the variables are kept out from the correlation calculation 
because their only use was to produce two new variables, as explained in 
Section 4.3. Secondly, three binary variables are also held out, since it is not 
possible to find any linear relationship with them. These are also discussed 
in Section 8.3 below. After these reductions 30 variables were left for 
modeling. The correlation between these variables and actual effort is 
shown in Figure 8.2.  
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Figure 8.2 Correlations between actual effort and variables, for eight projects. 

 
V4 is the variable with the strongest correlation to actual effort, but it is 
unknown at the beginning of a new project. V3 is the prediction of V4 at an 
early stage in the project, but as can be seen in Figure 8.2, V3 has a lower 
correlation coefficient than V4.  
 
An interesting observation is the relatively high correlation for V1. The 
variable V1 is the effort calculated in the beginning of a new project by the 
model currently in use at Saab Ericsson Space AB. This opens for an 
opportunity to calibrate the existing model, this will be done in Section 8.6. 
 
Variables V5 and V6 are quite highly correlated to actual effort, but V5 is 
not possible to obtain near the beginning. However, V6 are known at 
Preliminary Design Review, PDR, when the requirement phase is finished. 
Another variable hard to estimate early, but with a high correlation to actual 
effort is V12.  
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The opposite, very high negative correlation is not found for any variables. 
V23 is the variable with a vaguely negative correlation. Almost an 
uncorrelated relationship is found for variable V14. 
 
Variables with a high correlation are more interesting than the others. It is 
hard distinguishing the lower limit for taking variables into consideration 
for linear modeling. Though V7 and V17 are slightly larger than 0.8 and 
V36 are just below, these variables might also be regarded as interesting for 
linear modeling. The first two are problematic since they cannot be 
estimated before the project begins, but V36 is possible to make a 
reasonably good approximation of already before the project begins. 
 
Relationships exist of course also among all the variables. These 
correlations can be studied more closely in Appendix A, which shows a list 
of all correlations between variables in descending order. 

8.3 Binary variables 
Three of the variables known in the beginning of a project, V26, V31 and 
V32, are binary, and can never be represented as linear combinations of 
effort. Table 8.1 is illustrating the binary variables. The table displays all 
variables which are known from the beginning of a project, but only the 
binary ones are in black.  
 
Table 8.1 The binary variables available in the beginning of a project are shown in black.  

            
  V2 V3 V8 V26 V37 V31 V32 V34 V35 V36 

 
Investigating these three variables might result in a function with the 
appearance of a step function. It would be interesting to find a relation 
which states if the variable is high, the actual effort would always be larger 
than for example three, and if the variable is low, the actual effort would 
always be smaller than the example value of three. 
 
In Figure 8.3 these three binary variables are plotted separately. Since the 
three variables are binary, they are represented by a high or a low value.  
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Figure 8.3 The behavior of the binary variables. Actual effort is on x-axis and the dots 

indicate the eight different projects.  
 
All the plots show an ambiguous result, but there are some patterns. In the 
top plot, Figure 8.3 (a), there are two high values and the rest are low. 
Although, the high values appear together they are surrounded by low 
values. This variable, V26, describes the language used when writing the 
code. Developers at Saab Ericsson Space AB believe that effort is not 
dependent of the choice of language. Our result supports their intuition. 
Knowing before hand if programming language High or Low will be used in 
a project would not reveal if a project would use more or less hours than for 
example three.  
 
To be able to determine if the programming language is of importance 
several more projects of both kinds will be needed. As to now, there might 
just be a coincident that the two projects with high values are considerably 
small projects.  
 
Variable V32, shown in Figure 8.3 (b), is not so easy to exclude. It is very 
similar to a step function, with some noise when altering from low to high. 
Between projects four, five and six the difference in effort is small 
compared to the rest, so it can be considered as noise. V32 is a simplified 
version of V35, and this is why variable V32 is dismissed.  
 
The bottom plot, (c) in Figure 8.3, is high for almost all the projects. The 
low values are regarded as noise, and therefore it does not matter for the 
actual effort whether or not V31 is high or low.  
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8.4 Quotation model 
Since Saab Ericsson Space AB develop their projects for a fixed price, it is 
essential to have an accurate prediction model for estimating the effort 
needed for developing their products. At an early stage in the project, only a 
few variables are known, they are listed in Table 8.2. 

 
Table 8.2 All the variables known from the beginning of a project.  

            
  V2 V3 V8 V26 V31 V32 V34 V35 V36 V37 

 
Some of these variables are binary. A binary variable can never be linear, 
and examining correlations will not be reasonable for these variables. They 
are instead discussed separately in Section 8.3. When removed from Table 
8.2, we are left with the black variables listed in Table 8.3. 

 
Table 8.3 The variables in black are left when the binary variables, in grey, are excluded.  

            
  V2 V3 V8 V26 V37 V31 V32 V34 V35 V36 
 
Examining the correlations between the variables available at the beginning 
of a project can reveal interesting information about the system. In Table 8.4 
the correlations between all the variables are displayed. It is clear that V3 
has the strongest correlation with actual effort, V8 has a very week linear 
relation with the output and none of the variables has a negative correlation 
with actual effort.  
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Table 8.4 The correlation coefficients for all variables available in the beginning of a 
project in descending order. 

 
Variable Variable Correlation
V34 V36 0.856
V3 Actual effort 0.773
V35 V37 0.761
V3 V35 0.755
V36 Actual effort 0.696
V8 V35 0.599
V35 Actual effort 0.532
V2 Actual effort 0.441
V2 V37 0.424
V3 V8 0.376
V34 Actual effort 0.359
V3 V37 0.350
V3 V36 0.344
V8 V37 0.337
V2 V35 0.299
V35 V36 0.230
V8 V36 0.213
V37 Actual effort 0.202
V2 V36 0.169
V2 V3 0.134
V8 Actual effort 0.028
V8 V34 -0.018
V2 V34 -0.064
V3 V34 -0.096
V37 V36 -0.107
V34 V35 -0.255
V2 V8 -0.345
V34 V37 -0.434

 
Variables that are strongly correlated to each other should not be used in the 
same model, since they affect each other. V34 and V36 have the strongest 
correlation, and it has a simple explanation in (8.1). 
 

353436 VVV ⋅=            (8.1) 
 

All three metrics can be collected separately, but they have a strong relation. 
V35 is not as strongly correlated with V36 since V35 is the multiplicative 
factor of V34. 
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Interpreting Table 8.4, a linear model including the variables V3 and V36 
would be preferred. They are both strongly correlated to actual effort, but do 
not have a strong correlation to each other.  

8.4.1 Linear regression 
When data sets are limited to nine, a linear regression model will be the best 
choice. It is also a simple technique to examine the characteristics of the 
system. Although, to receive a reliable model several more projects would 
be needed. The results from this thesis might have reliability problems. To 
evaluate the models, five different criteria are analyzed: residuals, variance, 
R2, adjusted R2 and the error rate.  
 
The best models with one, two and three variables are selected. Best is 
considered the models with smallest residuals and smallest sum of errors, 
for each structure. The model with smallest residual might not be the same 
as the model with smallest sum of errors, why different models are selected. 
All linear models acquired are presented in Appendix B. The appendix 
shows the variables included in each model, together with the intercept and 
the regression coefficients. Available is also the statistical information: 
residual, variance, R2 and adjusted R2 together with error for each project 
and a summation of all errors for each model. The models viewed in bold 
are the models presented and discussed more closely below.  
 
The models with smallest sum of errors are M1, M2 and M3. If only one 
variable is used for modeling, the best independent variable is V3. This is 
also emphasized by the correlation, see Table 8.4.    
 

Model M1:  31438 VEffort ⋅=            (8.2) 
 
When two variables are included, model M2 is regarded the best model, 
since it is the model with smallest sum of errors. It includes V3 and V36 and 
this is also stressed by the correlation table above.  

 
Model M2:  362623773 VVEffort ⋅+⋅=                           (8.3) 

 
Though, expanding the model with another variable, the best model will 
include V34, which is not wished for since V34 is strongly correlated with 
V36. This is a major disadvantage for this model. 
 

Model M3:  351034121236776 VVVEffort ⋅+⋅−⋅=       (8.4) 
 
Including the model with three variables and the second smallest sum of 
errors, it might still be an improvement from the models with one and two 
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variables. This model, M4, includes the variable V2 instead of V34. 
Looking at the Table 8.4 this would be a wise choice of variables since the 
three variables have high correlation with actual effort and a low correlation 
between each other. Only V35 has a higher correlation coefficient than V2, 
but since V35 are strongly correlated to V3, it would be a bad idea to use 
V35 instead of V2.    
 

Model M4: 2399367936250 VVVEffort ⋅+⋅+⋅=          (8.5) 
 
In Figure 8.4 all four models are plotted with the actual effort. As suspected, 
M3 does not fit actual effort very well. M1 does not follow actual effort well 
either, and the conclusion to use more than one variable is better. Model M2 
and M4 are very similar, and follow actual effort best. It is hard to tell which 
model will be the best when looking at Figure 8.4.  
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Figure 8.4 The four models with smallest sum of errors are plotted with the actual effort. 

 
Further, looking at the error for each project, displayed in Figure 8.5, there 
is no project that exceeds one, which is good. The sum of all the errors for 
the models will be discussed later on in this section.  
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Figure 8.5 Error rate for model (a) M1 (b) M2 (c) M3 and (d) M4 for each project.  

 
There are several more criteria than the error rate, and in Figure 8.6 they are 
plotted for all four linear models. Only the residuals from the model 
currently used at Saab Ericsson Space AB is known (2.23). Small variances 
are preferred and for R2 and adjusted R2 a value close to one is wanted, see 
Section 8.1.3. 
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Figure 8.6 Statistics for the four linear models M1, M2, M3 and M4.  

 
In Figure 8.6 (a), notice that the residuals have similar extent for all models. 
Looking at the variance in Figure 8.6 (b) model M3 has the smallest 
variance, which is desirable. R2 and adjusted R2 are shown in Figure 8.6 (c) 



 52

and (d). A result close to one is wanted in both of these measures. The best 
result is found for model M3. A negative in adjusted R2 is a major 
disadvantage for model M4. 
 
All models above were chosen since they had the smallest sums of errors. 
Another important criterion for the model will be to have small residuals. To 
find the models with the smallest residuals, the same procedure is done as 
for the models with smallest error rate. Model M1 is the model with one 
variable that fits this criterion.     
 

Model M1: 31438 VEffort ⋅=           (8.6) 
 
The same model results in both the lowest sum of errors and the smallest 
residuals.   
 
For two variables, the best model with respect to small residuals is viewed 
in (8.7). It is model M1 that appears again. The model found as the best one 
with two variables is actually only built on one variable. Adding a new 
variable does not beat the model with one variable. Note that the adjusted R2 
will have a different value, since p in (5.8) will have the value two instead 
of one.  
 

Model M1: 31438 VEffort ⋅=                                  (8.7) 
 
When adding a third variable, model M5 is received. Here, as well as for 
model M3, a model including both V36 and V34 results in the model with 
smallest residuals. 

 
Model M5: 293034140536911 VVVEffort ⋅+⋅−⋅=       (8.8) 

 
The second best model, when looking at the residuals, is M3 and the third 
best is familiar as well, it is model M1 once again. The same thing happens 
with (8.10) as was the case with (8.7) above. When using three variables, a 
model with only V3 is still the best one.   

 
Model M3: 351034121236776 VVVEffort ⋅+⋅−⋅=       (8.9) 
 
Model M1: 31438 VEffort ⋅=                              (8.10) 

 
The best model, when small residuals are considered, that does not include 
linear combinations like M1 nor highly correlated variables, is model M4. It 
is a positive characteristic of the model that it shows the best performance 
for both small residuals and small sum of errors. 
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Model M4: 2399367936250 VVVEffort ⋅+⋅+⋅=        (8.11) 
 
In Figure 8.7 all the models are plotted together with the actual effort. These 
models do not differ a lot from the other linear regression models chosen by 
the smallest error rate.  
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Figure 8.7 The models which results in the smallest residuals plotted with actual effort.  

 
When examining the four statistics shown in Figure 8.8, the negative 
adjusted R2 value of model M4 stands out. A value close to R2 is wanted, so 
it does not look good with a negative value. Model M5 seems to perform 
best, with a low value for the residual and the variance, as well as a high 
value for R2 and adjusted R2. 
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Figure 8.8 Four measurements of the models reliability  

(a) residual, (b) variance, (c) R2 and (d) adjusted R2. 
 
The error for each project, viewed in Figure 8.9, is also an important 
measure, since it describes the error in percent compared to the predicted 
effort. It is also more sensitive for small projects. For model M4, a possible 
trend can be noticed. The small projects are overestimated and the large 
ones underestimated.  
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Figure 8.9 The error rate for all nine projects, each in one bar, for the three models.  

 
A short summary of the error rates of the linear models and the current error 
rate from the model in use at Saab Ericsson Space AB is viewed in Table 
8.5. All models improve the result a great deal. 
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Table 8.5 Error rate for all the linear models compared to the current model error.  
 

Model Σ|Predicted error| 
M1   3.25 
M2   2.64 
M3   2.29 
M4   2.58 
M5   3.11 
Current model 11.93 

 
Models M1, M2, M3, M4 and M5 are the best linear models, with respect to 
error rates and residuals, achieved before a project begins. The error rate has 
significantly improved compared to the existing model at Saab Ericsson 
Space AB.  
 
Since variables V34 and V36 are strongly correlated, see Table 8.4, model 
M3 and M5 will not be considered as reliable choices. 
 
Model M1 is only modeled with one variable, V3. The correlation 
coefficient is high, see Table 8.4, but the error rate has the largest value 
compared to all the linear regression models, see Table 8.5. 
 
Examining model M4 shows a good error rate, but the model has a large 
residual. The variance is also the largest compared to all the linear 
regression models. One of the independent variables, V2, is subjectively 
determined. This is why this model cannot be recommended. The same 
applies for model M5. 
 
Left is model M2. It consists of the variables V3 and V36 with the strongest 
correlation to the output, and these two variables are not strongly correlated 
to each other. The error rate is small as well as the residuals. Also, this 
model has less independent variables compared to M3, M4 and M5. Since 
the data set consists of only nine projects and the number of variables 
should be ten times as many as the data sets according to Section 7.1.1, few 
variables are preferred. Model M2 is the linear regression model 
recommended to be used for effort estimation. 

8.4.2 Nonlinear regression 
Making a nonlinear model is very tempting, even though there will be some 
reliability problems. Some simple models are examined. The same 
procedure is used as for linear models above. First, the models with the 
smallest error rate for different number of variables are found. Secondly, the 
models with the smallest residuals are chosen.  
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The nonlinear regression models can be found in Appendix C, for the 
interested reader. The appendix shows the variables included in each model, 
together with the intercept and the regression coefficients. Available is also 
the statistical information: residual, variance, R2 and adjusted R2 together 
with error for each project and a summation of all errors for each model. 
The models viewed in bold are the models presented and discussed more 
closely below.  
 
Different model structures are examined. They are introduced in (8.12). 
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Model M6 is the best model when a model with two variables and the 
smallest error rate is asked for. It is the same variables that are the most 
useful independent variables for linear models that appear here as well: V3 
and V36. Both variables are quite strongly correlated to actual effort, but 
less correlated between themselves, as can be seen in Table 8.4. 
 

Model M6: 363292419 VVEffort ⋅⋅+=                        (8.13) 
 
When expanding the model with a variable, model M7 is received as the 
best model, since it has the smallest error rate of all the models with the 
same model structure. 
 

Model M7: 339536324 VVVEffort ⋅+⋅⋅=          (8.14) 
 
It is a similar model structure when a new variable is added. Model M8 has 
the smallest sum of errors. The same variables are used as independent 
variables, with one important difference, V2, which the staff at Saab 
Ericsson Space AB believed was important is now included.  
 

Model M8: 2310236322 VVVVEffort ⋅⋅+⋅⋅=         (8.15) 
 
Changing the structure of the model delivers a new model, M9. Still 
variables V3 and V36 are the best predictors.  
 

Model M9: 33634.16014 VVVEffort ⋅⋅⋅+=        (8.16) 
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Figure 8.10 shows all the models above together with actual effort. A 
noticeable improvement for large projects is observed. The prediction 
models follow the actual output better in Figure 8.10 compared to the linear 
models above.  
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Figure 8.10 Nonlinear regression models predict effort,  

and are compared to the actual output.  
 

Before analyzing the residuals and model performance, nonlinear regression 
models with the smallest residuals are presented. The same model structure 
is used as introduced in (8.12).  
 
A familiar model, M6, is the model with two variables that has the smallest 
residuals. Even with this different criterion model M6 is the best one.  

 
Model M6: 363292419 VVEffort ⋅⋅+=         (8.17) 

 
Adding a variable, a new model is found to be the best one. Model M10 
does not differ a lot from model M7. Although, instead of having variable 
V3 added, this time V2 is the better predictor.  

 
Model M10:  298136326 VVVEffort ⋅+⋅⋅=         (8.18) 

 
This turns out to be the only model that differs from the nonlinear regression 
models chosen by the smallest error rate. When variables are added and 
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multiplied, the same result is achieved. Models M8 and M9 are the best 
models when the criterion is to have small residuals as well.  

 
Model M8: 2310236322 VVVVEffort ⋅⋅+⋅⋅=             (8.19) 

 
Model M9: 33634.16014 VVVEffort ⋅⋅⋅+=         (8.20) 

 
To get a view of how well these models perform compared to actual effort, 
Figure 8.11 may be examined. Model M10 does always predict more effort 
than needed in the projects. This would not be a model to recommend.  
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Figure 8.11 Prediction of actual effort from different nonlinear regression models. 

 
Since so many models stay the same even though they are evaluated in 
respect to both sum of errors and residuals, the different statistics for these 
models can be analyzed together. This is viewed in Figure 8.12. Compared 
to the linear regression model it is clear that the residual is lower as well as 
the variance. This is wanted, and indicates that the nonlinear regression 
models are better predictors than the linear regression models. Also, 
studying the R2 and adjusted R2 favors the nonlinear models. It is desirable 
to have a value close to one for both these measures, and for the nonlinear 
models a higher value is received than for the linear regression models.  
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Figure 8.12 Residual, variance, R2 and adjusted R2 is viewed for 

 the nonlinear regression models.   
 
Error rate is an important measure, and it is shown for each project and each 
model in Figure 8.13. Note that model M6 has a different range on the y-
axes, since the errors from model M6 are larger. Project number one has one 
of the largest errors, but since this is the smallest project it is not so many 
hours that differ. 
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Figure 8.13 The error rate for model (a) M6, (b) M7, (c) M8, (d) M9 and (e) M10 .  

Note the value on the y-axis in (a), the error is larger for model M6.  
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Adding the absolute values of the error rates for all the nonlinear regression 
models result in the values displayed in Table 8.6. A major improvement is 
observed when compared to the error rate of the current model. Model M8 
is the model that has the smallest error rate. Models M7 and M10 are built 
on the same structure, but differed when different criteria for choosing a 
model was used. Here the difference in error rate between the two models is 
fairly large, see Table 8.6. 
 

Table 8.6 The error rate for the nonlinear regression models  
compared to the current error rate. 

 
Model Σ|Predicted error| 
M6   2.95 
M7   2.07 
M8   1.84 
M9   2.29 
M10   2.34 
Current model 11.93 

 
A glance at the Table 8.6 indicates that model M8 is the preferred model. It 
results in the best error rate and smallest residual. A disadvantage is the fact 
that the model has a complex structure, compared to the other models. It 
involves three different variables. 
 
Common for all models are the high values for R2 and the adjusted R2. Also 
the residuals are smaller and the variance as well. The smallest error rates 
among all the models used before the project begins are found among the 
nonlinear regression models.   
 
All the nonlinear models may have a reliability problem, since their 
structure is complex and the number of data sets is so small. However, if 
one is to be recommended, it would be model M8.    

8.4.3 Principal component analysis 
In the very beginning of the project, variables on display in Table 8.7 are 
available for effort estimation. The binary variables are excluded, since they 
are not suitable for linear regression and are thus shaded in the table. 

 
Table 8.7 The variables available in the beginning of a project.  

Shaded variables are binary. 
            
  V2 V3 V8 V26 V37 V31 V32 V34 V35 V36 
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Here the approach for modeling is based on principal component analysis, 
PCA, see Section 7.2. As before, leave-one-out cross validation is still 
applied.  
 
A decision of the number of principal components, PCs, which should be 
included in the model, needs first to be made. For the selection, the 
eigenvalues of the principal components are studied as well as how much of 
the variance in the data set they capture, see Table 8.8. 
 

Table 8.8 Eigenvalue, variance and total variance for each principal component. 
 

PC Eigenvalue Variance  Total variance
1 2.8100 40.08 40.08
2 2.0000 28.58 68.66
3 1.3600 19.38 88.04
4 0.5820 8.31 96.36
5 0.1920 2.74 99.10 
6 0.0530 0.76 99.85
7 0.0103 0.15 100.00

 
The same information as in the eigenvalue column in Table 8.8 is viewed 
graphically in Figure 8.14.  
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Figure 8.14 Eigenvalues as a function of principal component number. 

 
The theory about principal component analysis in Section 7.2 suggested two 
different criteria for making the selection of principal components. In this 
case the data is sparse and it is difficult to argue that the situation is normal 
since there are only nine data sets, but seven variables.  
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Having a look at the Kaiser criterion, it says that all principal components 
with eigenvalues higher than one are to be considered. From Table 8.8 it is 
obvious that the first three principal components have eigenvalues well 
above one. 
 
The Scree test is harder to make any sense of in this case. In Figure 8.14 it is 
supposed to be a “knee” in the line, but there is only a very soft bend at four 
or five. 
 
Thus, the first method indicates that three principal components should be 
used and the second method indicates four or five. A third technique, 
choosing the number of PCs which results in the lowest residual, can also be 
applied. When this method is used, it shows a minimum for five PCs, as 
viewed in Figure 8.15. The values on the residual axis cannot be compared 
to the values obtained in the previous parts of the analysis, since these 
residuals are obtained for the variables and not the output.   
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Figure 8.15 Residuals for the principal components. 

 
Figure 8.15 indicates that it is better using three principal components than 
adding a forth, since the residual is higher when four PCs are used then with 
three. However, the difference is not huge. If only three factors are to be 
included in the new model, it would capture 88 percent of the total variance 
in the data, see Table 8.8. This seems too modest, leaving twelve percent as 
variance in the system. When four principal component factors are taken 
into the model, a little bit more than 96 percent of the variance is described 
by the principal component, seeming more reasonable. Adding as many as 
five PCs appear to be too much, considering the Kaiser criterion suggested 
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three and the method normally being generous for adding factors. Taken 
together, four principle components are chosen for the modeling.  
 
Hence, from the previous seven variables, it is now possible to produce four 
new variables, as linear combinations of the old variables, see Section 7.2 
for details. The new variables, the first four principal components are 
viewed in (8.21). 
 

363322.0271362.0351973.0341205.082336.036139.022529.04

363634.0271158.0351941.0342393.080210.031996.023130.03

363076.0270595.0351976.0342063.081770.032140.020424.02
360330.0271502.0351813.0340568.081107.031416.020597.01

VVVVVVVPC

VVVVVVVPC

VVVVVVVPC
VVVVVVVPC

⋅+⋅−⋅+⋅+⋅−⋅+⋅=

⋅+⋅+⋅+⋅+⋅−⋅+⋅=

⋅+⋅+⋅+⋅+⋅+⋅+⋅=

⋅+⋅+⋅+⋅−⋅+⋅+⋅=
 

(8.21) 
 
Using the four new variables PC1, PC2, PC3 and PC4 that were established 
in (8.21) the intention is to make a linear regression model. In addition to a 
model with four variables, an obvious idea, since it was so hard to determine 
how many PCs to include, is that using more (or even less) principal 
components might improve the estimate and so the equations for 
establishing the remaining three PCs are viewed in (8.22). 
 

360395.0270205.0351993.0345340.082939.037626.022103.07

363231.0270675.0350712.0341975.083164.037021.021454.06

363397.0270222.0351888.0341843.083654.036416.021155.05

VVVVVVVPC

VVVVVVVPC

VVVVVVVPC

⋅−⋅+⋅+⋅+⋅−⋅+⋅=

⋅+⋅+⋅+⋅+⋅−⋅+⋅=

⋅+⋅+⋅+⋅+⋅−⋅+⋅=  

(8.22) 
 
Once all the new variables, the PCs, are calculated, seven models consisting 
of one up to seven principal components can be acquired, see Appendix D 
for details of these models. The appendix shows the variables included in 
each model, together with the intercept and the regression coefficients. 
Available is also the statistical information: residual, variance, R2 and 
adjusted R2 together with error for each project and a summation of all 
errors for each model. The model viewed in bold is the model presented and 
discussed more closely below.  
 
In Figure 8.16 the residual, variance and sum of errors for these models are 
viewed. It should be pointed out that this information is obtained when 
applying a linear regression to the data. Above when determining the 
number of principal components, there were only made use of principal 
component analysis on the input data. Here also the actual effort has 
influence on the results. 
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Figure 8.16 Results for linear models with one up to seven principal components included, 

showing (a) residual, (b) variance and (c) sum of errors. 
 
The results shown in Figure 8.16 confirm that the criteria being used earlier 
for choosing four principal components was a good one. Both when 
validating with leave-one-out cross validation and for variance, the model 
with four principal components gives the best results. For the sum of errors 
marginally lower values are obtained in the models with six and seven 
principal components. A model with seven principal components would be 
no use, since the idea was to reduce the number of variables. The same idea 
applies to the model with six principal components since that also would 
give an insignificant variable reduction. 
 
Now, consider model M11 with four principal components: 
 
 Model M11: 
 42144317422454313059 PCPCPCPCEffort ⋅+⋅−⋅+⋅=        (8.23) 
 
Results for this model are displayed in Figure 8.17. It can be seen that the 
residual is CV = 1.35, which is an appealing improvement from the 
company’s current model, giving CV = 2.23. Also the variance is below 
one, which is good. However, the value for R2, and especially adjusted R2 is 
bad, indicating the variation in the outcome is not covered by the new 
principal components. This is a strange behavior since the principal 
components are designed to capture as much variance as possible in the data 
set and thus should contain variations in outcome. 
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Figure 8.17 Result for the linear model M11 with four principal components,  

showing (a) residual, (b) variance, (c) R2 and (d) adjusted R2.  
 
The error corresponding to the linear regression model M11 with four PCs 
is viewed in Figure 8.18 (a) together with the error for the model currently 
used at Saab Ericsson Space AB in (b). 
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Figure 8.18 The error rate for model M11 in (a) and the current model in (b). 

 
As Figure 8.18 above shows, model M11 gives more balanced errors that 
are both positive and negative. Even more important, the total sum of errors 
is also lower, summarizing to 2.26 for model M11, compared to 11.93 for 
the current model.  
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Below, Figure 8.19 views the predicted effort from model M11 together 
with actual effort. For projects one to four, model M11 predicts higher 
values than the actual outcomes are, but lower for the rest of the projects. 
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Figure 8.19 Prediction of the effort with model M11 compared to actual effort 

 for each project. 
 

As was pointed out in the theory about PCA in Section 7.2, the method 
performs best in a normal situation with few variables and many data points, 
quite the opposite to this situation. However, when applied anyway, seven 
independent variables are reduced to four principal component variables.  
 
To summarize the performance of model M11, when it is compared to the 
results from the previously developed linear regression models, see Table 
8.5, they are quite alike. Using PCA for making the selection of variables 
does not result in any better outcomes. Thus, this model is not 
recommended for future use at Saab Ericsson Space AB.  

8.5 Model for ongoing projects 
During an ongoing project, more independent variables are available and it 
seems natural to make a new and hopefully more reliable estimation of the 
effort. As explained in Section 2.2.1, Saab Ericsson Space AB has different 
states of their projects. For this reason new models are made at the finish of 
the two first states, Preliminary Design Review, PDR, and Critical Design 
Review, CDR.  
 
Data from seven projects are available for modeling, see discussion in 
Section 4.3, leaving data for project number three and four empty in figures. 
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For the available seven projects metrics for five different variables are used 
for predicting the effort, see the black colored variables in Table 8.9. An 
aim is to keep the number of variables down and for that reason, only the 
accumulative variables as well as the newly established ones are taken into 
account for this modeling. 
 

Table 8.9 The variables available for modeling.  
Variables in black are used for modeling at PDR and CDR. 

             
  V2 V3 V4 V5PDR/CDR V6 V7PDR/CDR V8 V33PDR/CDR V34 V35 V36

 
Two of the variables, V4 and V6, are remaining constant during the whole 
project once they are established. V4 is included since it has the strongest 
correlation of all variables with actual effort, see Figure 8.2, and is, as well 
as V6, obtained during the requirement phase. Since that phase finish at 
PDR, V4 and V6 are available.  
 
Variables V5, V7 and V33 are examples of metrics that will accumulate 
during the project and they are as a consequence increased between PDR 
and CDR. They have been collected at the different states and are available 
for use. Variable V33 will accumulate to actual effort at the finish of the 
project. 
 
The remaining variables in Table 8.9 are not chosen because of different 
reasons. V3 is the calculation of V4 and is not a good choice for modeling 
when V4 is available. The same apply to V8, which is the early calculation 
of V6. Variables V2, V34, V35 and V36 are available but not selected since 
they are not accumulative and do not have as strong correlation with actual 
effort as V4 and V6 have, see Figure 8.2. 

8.5.1 Linear regression at PDR 
The variables used for modeling at PDR are V4, V5PDR, V6, V7PDR and 
V33PDR. Determining to which extend these variables are correlated with 
actual effort is the first aim, and is viewed in Table 8.10. Variable V4 is 
clearly most correlated. The new variables do not come close to the 
correlation coefficient (0.985) of V4 to actual effort. 
 
Even V6 has a correlation coefficient with actual effort around 0.9. The 
correlation between V4 and V6 is also close to 0.9, see Table 8.10, 
indicating both variables should not be used together for linear modeling.  
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Table 8.10 Correlation between actual effort and variables at PDR. 
 

Variable Variable  Correlation
V4 Actual effort 0.985
V5PDR V6 0.943
V6 Actual effort 0.893
V4 V6 0.882
V7PDR V4 0.867
V7PDR Actual effort 0.810
V5PDR Actual effort 0.798
V33PDR Actual effort 0.761
V5PDR V4 0.758
V5PDR V33PDR 0.674
V4 V33PDR 0.665
V7PDR V6 0.650
V6 V33PDR 0.621
V7PDR V5PDR 0.513
V7PDR V33PDR 0.364

 
The remaining variables V5PDR, V7PDR and V33PDR all have a correlation 
with total effort around 0.8, as viewed in Table 8.10, but they are also less 
correlated between themselves.  
 
Fitting a simple linear regression model for each of these variables in turn, 
results in five different models. These models together with all the other 
models obtained in this section are summarized in Appendix E. In the 
appendix the interested reader finds all available information about the 
models: the variables included in each model together with the intercept and 
the regression coefficients. Available is also the statistical information: 
residual, variance, R2 and adjusted R2 together with the error for each 
project available and a summation of all errors for each model. The models 
viewed in bold are the models presented and discussed more closely below.  
 
The five linear models obtained are to be compared to each other, and the 
best ones, with respect to the selection criteria, selected. As discussed in 
Section 8.1.3 there are five different selection criteria when evaluating the 
models: the error rate, residuals from leave-one-out cross validation, 
variance, R2 and adjusted R2.  
 
Two of the models, including V4 and V6 respectively, show clearly 
improved results than the other models for the residuals and variance, as can 
be seen in Appendix E. When studying the correlations in Table 8.10 again, 
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this result is expected, since V4 and V6 are the variables with highest 
correlation to actual effort. Both R2 and adjusted R2 are higher than for the 
other models, but the sum of errors is two times larger for the model 
including V6 than for the model with V4.  
 
Therefore, only model M12, containing V4, is taken into further 
consideration. 

 
Model M12: 43725037 VEffort ⋅+=          (8.24) 
 

Continuing the modeling with two variables, this yields more models. The 
model with significantly lowest error is model M13, containing variables V4 
and V33PDR.  

 
Model M13: PDRVVEffort 335.143251636 ⋅+⋅+=        (8.25)   

 
Again, the correlations in Table 8.10 give an indication that this model 
would be a good one. Intuitively, a model including V4 would be a good 
first guess, because it has the highest correlation to actual effort. Since 
V33PDR is not as highly correlated to V4 as the other variables are, but still 
has a fairly high correlation to actual effort it seems to be a good choice of a 
variable for this modeling. 
 
With three variables, models M14, M15 and M16 have the smallest, quite 
similar sum of errors. They have also among the smallest residuals and 
variance.  

 
Model M14:  
 PDRPDR VVVEffort 334.1433474.21932 ⋅+⋅+⋅−=          (8.26) 
 
Model M15:  
 PDRPDR VVVEffort 334.1431454.4664 ⋅+⋅+⋅+=           (8.27) 
 
Model M16:  
 PDRVVVEffort 335.169.64300963 ⋅+⋅+⋅+=           (8.28) 
 

Now, when all the best models available for PDR are found, M12, M13, 
M14, M15 and M16, comparisons can be made between them as well. First, 
residual, variance, R2 and adjusted R2 are viewed in Figure 8.20. 
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Figure 8.20 Statistics for models at PDR, viewing in (a) residual, (b) variance,  

(c) R2 and (d) adjusted R2. 
 
In Figure 8.20 (a) it can be seen that the residuals are quite small. Keep in 
mind that the residual of the current model is 3.30, and here all residuals are 
well below 0.4. For model M12 the variance in Figure 8.20 (b) is higher 
than for the other models, which have similar smaller variances. It is also 
obvious that the models capture most of the variation in the output, since 
both R2 and adjusted R2 in Figure 8.20 (c) and (d), respectively, are very 
close to one. 
 
Now, consider the error rates for the five models obtained, see Figure 8.21.  
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Figure 8.21 Error rates for models in (a) M12, (b) M13, (c) M14, (d) M15 and (e) M16. 

 No data for project 3 and 4 is available. 
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All errors are satisfactory small, even though model M12 has larger errors 
than the other models. However, it is not very surprising, since it is the 
model built on only one variable.  
 
It is positive to find that the errors are so evenly distributed among the 
different projects, as can be seen for all the models in Figure 8.21.  

1 2 3 4 5 6 7 8 9
0

1

2

3

4

5

Project

E
ffo

rt

M12
M13
M14
M15
M16
Actual effort

 
Figure 8.22 Predicted efforts for models M12, M13, M14, M15 and M16 compared to 

actual effort. No data for project 3 and 4 is available, 
 explaining why these dots are missing in the figure. 

 
Studying Figure 8.22, it is hard to notice large differences between the 
models, demonstrating how alike they are. Model M12 is the only one 
significantly dispersing from the other models and the actual effort, why this 
model is not to be recommended for usage.   
 

Table 8.11 Error rate for the linear models M12, M13, M14, M15 and M16 compared to 
the error rate for the current model used at Saab Ericsson Space AB.  

No data for project 3 and 4 is available. 
 

Model Σ|Predicted error| 
M12   1.13 
M13   0.40 
M14   0.41 
M15   0.53 
M16   0.50 
Current model 11.00 

 
In Table 8.11 an overview of the error rates is given for the models obtained 
at PDR. As can be seen, the models predict significantly better than the 
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model currently used at Saab Ericsson Space AB does when comparing the 
error rates. The new models have errors between 0.40 and 1.13, while the 
current errors sums up to 11.00. Also when compared to linear models used 
in the beginning of a project, which have error rates between 2.29 and 3.25, 
see Table 8.5, the PDR-models show considerable improvements. The same 
positive results can be seen when comparing to the errors for the nonlinear 
models, as viewed in Table 8.6. 
 
However, one should remember that the newly developed models cannot 
really be compared to the models obtained before a project begins, since 
they are built on different information. The one metric with highest 
correlation to actual effort, V4, is available at PDR but not before the 
beginning of a project. At that point in time only the prediction of V4, 
variable V3 is available. This is a significant difference and is a good 
explanation of why the models at PDR are improving the estimation.  
 
A positive aspect of all the obtained models is the evenly distributed errors. 
Both negative and positive errors occur, making the models seemingly 
useful in practice. If the best model is chosen only with respect to the lowest 
error, see Table 8.11, then model M13 is best, although with very little 
difference in error compared to model M14. Models M20 and M21 have 
slightly higher sum of errors, while model M12 has the highest. 
 
Making further comparisons between the five models, the residual from 
cross validation indicate that the best model is M12, followed by M13, M14, 
M16 and M15 in decreasing order. This is the very opposite from the above 
stated result. But having a look at the variance for the models, it can be 
concluded that model M12 has more than twice the size of variance for 
model M13 and twice the size of  the variances for models M14, M15 and 
M16. Because of the small data set, with only seven projects available, the 
results can be questioned. Each data set has a high impact on the validation 
and only one miss prediction can lead to a worse result for a model than is 
fair.  
 
From the measure of how much variation in actual effort the variables are 
able to describe, R2 and adjusted R2, no major differences can be seen, even 
though M12 is showing a slightly poorer result.  
 
When summarizing, it is better choosing a model with small error, middle 
cross validation and low variance, such as model M13, than choosing a 
model with high error, small cross validation residual and high variance , for 
example model M12. The models in between, M14, M15 and M16, have 
small errors and variance but higher residuals and are not considered 
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optimal. Thus, the best model available at PDR is model M13, which is the 
one model recommended for future use at this state in a project.   

8.5.2 Linear regression at CDR 
The variables used for modeling at CDR are V4, V5CDR, V6, V7CDR and 
V33CDR. Correlations between them and actual effort are shown in Table 
8.12. From the table we can see that V4 is still the variable most correlated 
to actual effort. However, the greatest distinction from the correlations 
obtained at PDR is in variable V33CDR. At this point, the correlation to 
actual effort being close to one is significantly higher than before. 

 
All correlations are viewed in Table 8.12. One correlation is of obvious 
interest, the close to one relationship between V4 and V33CDR. Then not 
both of them should be in the same linear regression model because of the 
dependency between them. All the correlations with actual effort is well 
above 0.8, V7CDR being the lowest.  

 
Table 8.12 Correlation between actual effort and variables at CDR 

. 
Variable Variable Correlation
V4 V33CDR 0.990
V4 Actual effort 0.985
V33CDR Actual effort 0.978
V5CDR V6 0.929
V6 Actual effort 0.893
V6 V33CDR 0.884
V4 V6 0.882
V5CDR Actual effort 0.864
V7CDR V4 0.860
V5CDR V33CDR 0.824
V5CDR V4 0.819
V7CDR Actual effort 0.819
V7CDR V33CDR 0.815
V7CDR V6 0.662
V7CDR V5CDR 0.649

 
Corresponding information for all models generated in this section is 
viewed in Appendix F. The appendix shows the variables included in each 
model, together with the intercept and the regression coefficients. Available 
is also the statistical information: residual, variance, R2 and adjusted R2 
together with error for each project available and a summation of all errors 
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for each model. The models viewed in bold are the models presented and 
discussed more closely below.  
 
Firstly, a model with only one variable is made. The best two models, M12 
and M17, for both sum of errors and cross validation residuals includes the 
variables V4 and V33CDR, respectively. Since both of them have the 
strongest correlations with actual effort, this seems natural. The model 
including variable V4 are recognized from the modeling at PDR, it is model 
M12.  
 

Model M12: 43725037 VEffort ⋅+=             (8.29) 
 

Model M17: CDRVEffort 336.11553 ⋅+=                        (8.30) 
 
Maintaining the modeling procedure as at PDR, next up is modeling with 
two variables. The best model is selected when choosing as before the 
lowest sum of errors. Model M18 is built on variables V4 and V5CDR: 
 

Model M18: 4319532290 VVEffort CDR ⋅+⋅+=           (8.31) 
 
This is not surprising, also V5CDR has a fairly strong correlation with actual 
effort, and the correlation between V4 and V5CDR is lower than their 
correlation to actual effort. A reason why not V4 and V33CDR, both having 
very strong correlation to actual effort, are showing as a good model here 
are probably because of their strong inner correlation. 
 
Continuing with three variables yields three more models, M19, M20 and 
M21, all chosen on behalf of their small sum of errors.  
 

Model M19:  
 434657.275.43146 VVVEffort CDRCDR ⋅+⋅+⋅−=        (8.32) 

 
Model M20:  
 612433753.42271 VVVEffort CDR ⋅−⋅+⋅+=                (8.33) 

 
Model M21:  
 CDRCDR VVVEffort 331.0429659.22088 ⋅+⋅+⋅+=       (8.34) 
 

All of them include V4 and V5CDR, just as was the case when modeling with 
two variables. So these models with three variables have just added a third 
variable to the existing two. However, the correlations between the variables 
included are quite large. In model M19, variable V7CDR has a greater 
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correlation coefficient to V4 than to actual effort. In model M20 the 
correlation between V5 and V6 is larger than the correlation coefficient each 
variable has to actual effort. For the last model, M21, the variables V33CDR 
and V4 are the highest correlated ones. 
 
In Figure 8.23 the statistical information, residual, variance, R2 and adjusted 
R2, for all six models M12, M17, M18, M19, M20 and M21 are viewed.  
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Figure 8.23 Statistics for models at CDR, viewing in (a) residual, (b) variance, 

 (c) R2 and (d) adjusted R2. 
 
As was the case when modeling at PDR, all residuals in Figure 8.23 (a) are 
below 0.4. The variances in Figure 8.23 (b) do not vary much between the 
models, just model M17 has a little higher variance than the others. Neither 
R2 in Figure 8.23 (c) or adjusted R2 in Figure 8.23 (d) can distinguish the 
models from each other, the rates are close to one which is very convincing.  
 
Figure 8.24 views the corresponding errors for each of the developed 
models. The newly developed models show significant improvements when 
compared to the current model used at Saab Ericsson Space AB. The error 
for the current model is found in Figure 8.1.  
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Figure 8.24 Error rates for models (a) M12, (b) M17, (c) M18, (d) M19,  

(e) M20 and (f) M21. No data for project 3 and 4 is available.  
 
All errors in Figure 8.24 are evenly distributed, some projects are being 
underestimated, shown with negative values, and some overestimated, 
viewed with positive values. A negative aspect is that the overestimating is 
done for the shorter projects, number one and two, while the 
underestimating concerns several of the projects which are longer. 
 
Figure 8.25 is showing predictions of the effort made by the models together 
with the actual effort.  
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Figure 8.25 Predicted efforts for models M12, M17, M18, M19, M20 and M21 compared 

to actual effort. No data for project 3 and 4 is available, 
 explaining why these dots are missing in the figure. 
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When studying Figure 8.25 above, the model standing out the most is M17, 
mainly because of the large prediction error for project two and seven, as 
also seen in Figure 8.24 (b). With a few large prediction errors and the other 
errors very small, the total sum of errors is low for model M17 even though 
the predictions vary a great deal. Note that this behavior is not a surprise, 
Figure 8.23 (b) shows higher variance for model M17 than any other model. 
A high variance is not desired, because it leads to a large spread in values 
estimated by the model. The mean of the estimations can be good, but they 
can be highly deviated from each other.  
  
In Table 8.13 an overview of the error rates is given for the models obtained 
at CDR. 
 

Table 8.13 Error rate for the linear models M12, M17, M18, M19, M20 and M21 
compared to the error rate for the current model used at Saab Ericsson Space AB. 

No data for project 3 and 4 is available. 
 

Model Σ|Predicted error| 
M12   1.13 
M17   0.98 
M18   0.88 
M19   0.79 
M20   0.86 
M21   0.89 
Current model 11.00 

 
Summarizing, the models acquired at CDR are M12, M17, M18, M19, M20 
and M21. Model M12 is the same model as developed at PDR. All these 
models have significantly improved error rates compared to the models in 
the beginning of a project, both linear and nonlinear, see Table 8.13 in 
comparison to error rates in Table 8.5 and Table 8.6. The smallest error is 
found for model M19 and the highest for model M12. However, there is 
very little difference among the remaining models.  
 
Yet all models at CDR have higher error rates than the models obtained at 
PDR, viewed in Table 8.11, except for M12 which of course has the same. 
At CDR all variables have higher correlations with variable V4 as can be 
seen when comparing Table 8.8 and Table 8.10. The models obtained at 
CDR with V4 and one or two more variables, M18, M19, M20 and M21, are 
because of this less linear and obtain worse error rates. Also model M17, 
being built on variable V33CDR, which has a lower correlation to actual 
effort than V4, has a higher error rate.  
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The residuals vary between 0.11 and up to 0.34, see Figure 8.23 (a) or 
Appendix F, giving the best result for model M12 and the worst for model 
M20. In the middle of this interval models M17 and M18 are found. Models 
M19 and M21 are also in the upper part of the interval. Lowest variance is 
seen for model M18, but the differences between the models are minor.  
 
However, although not even showing more than second best error rate, 
model M17 has a residual in the middle interval among the above discussed 
models and is the best choice for a model at CDR. 
 
One important remark here is the fact that model M17 do not show as good 
results as the best model obtained at PDR, model M13. Even though new 
and updated information is available a better prediction of actual effort is 
not possible. Variables available at CDR are more nonlinear in the 
relationship to actual effort and are not captured in the developed linear 
regression models. The reliability of model M17 is therefore lower and it 
might not be suitable to rely on this model in practice.  

8.6 Calibration of existing model 
When looking at the correlation between actual effort and the calculated 
effort, V1, in Table 8.14, a strong relation is noticed (0.895). A possibility to 
calibrate the original model used by Saab Ericsson Space AB occurs.  
 

Table 8.14 Correlation coefficients for all the variables in descending order. 
 

Variable Variable Correlation
V4 Actual effort 0.930
V1 Actual effort 0.895
V1 V4 0.863
V1 V3 0.802
V3 Actual effort 0.773
V3 V4 0.714
V2 Actual effort 0.441
V2 V4 0.425
V1 V2 0.256
V2 V3 0.134

 
Since the number of variables are limited and easily collected, this results in 
nine projects to work with. The correlation coefficients differ, compared to 
Appendix A, because of the use of an additional project. On one hand it is 
good to add the extra project, because it can give more trustworthiness to 
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the model. On the other hand, the added project could be an outlier, since it 
changes the correlation table slightly. However, this is impossible to know, 
since the data set is so small. 
 
In this section different models are obtained. Detailed information about 
these models is viewed in Appendix G. The appendix shows the variables 
included in each model, together with the intercept and the regression 
coefficients. Available is also the statistical information: residual, variance, 
R2 and adjusted R2 together with error for each project and a summation of 
all errors for each model. The models are viewed in bold because they are 
presented and discussed more closely below.  

8.6.1 Existing model 
A model for predicting the effort is already in use at Saab Ericsson Space 
AB. From a few variables known or predicted, they estimate the effort. 
Their model is similar to (8.35). 
 

)32( TVVbaEffort ⋅⋅⋅+=               (8.35) 
 

There are constants like a and b as well as variables like V2, V3 and T. 
Today the estimate differs quite a lot from the actual output, as shown in 
Figure 8.26. 
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Figure 8.26 The relation between the calculated effort and actual effort is displayed for the 

different projects. 
 

To be able to compare the result with the calculation from the model at Saab 
Ericsson Space AB, the rate of error is examined, plotted in Figure 8.1. 
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Since the error is negative, it implies that all their projects have used more 
effort than their calculation model predicted.  
 
In Table 8.14 the correlation coefficients between the four different 
variables and the output is displayed. V1 is the calculated effort and has the 
second strongest correlation with actual effort. V4 is the variable that 
always turns out with the strongest correlation in all the correlation 
calculations. V4 is not known from the start, but is estimated and used in the 
calculation model as V3 at Saab Ericsson Space AB. The correlation 
between these two variables is not as strong as one would wish. 
 
Actual effort has a strong correlation with some of the variables, and the 
linear relations are plotted in Figure 8.27. It is obvious that V1 and V4 are 
strongly correlated, unlike V2 and V3 which are harder to explain by a 
linear function.  
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Figure 8.27 Each variable is plotted with actual effort, 

  and the linear relation can be examined.  

8.6.2 Model for static error in existing model 
It seems to be a static error in the calculation model, since the calculated and 
actual effort are so strongly correlated and the prediction model used by the 
company always underestimates the effort for developing software. A linear 
regression model, M22, is made to improve the predicted effort.  

 
Model M22: 14.2 VEffort ⋅=         (8.36) 

 
In Figure 8.28 the model M22 is predicting the effort and can be compared 
with the actual effort, displayed as dots.   
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 Figure 8.28 Model M22 predicts the effort. 

 
To evaluate the model the four different statistics: residual, variance, R2 and 
adjusted R2 are analyzed. As shown in Figure 8.29, the cross validation 
value is fairly low compared to CV = 2.23 for the original model for nine 
projects. The variance is almost the same size as the residuals. Still it is an 
improvement compared to the original model. The model explains 70 
percent of the actual effort, according to R2. The adjusted R2 is also close to 
70 percent, which is good.  
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Figure 8.29 Four different measures of how well model M22 explains the output. 
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To compare with the original model used at Saab Ericsson Space AB, the 
error for each project is displayed in Figure 8.30. In comparison with Figure 
8.1, a major improvement is noticed for all projects, with an exception for 
project three, where the error has the same size but is now positive. The fact 
that some projects will have a predicted value larger than the actual effort 
and some will have a smaller value can contribute to a more balanced cost 
for the software development, as a whole. But more important, the error rate 
for each project is much lower than for the original model. 
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Figure 8.30 Using model M22 to predict the effort generates an error for each project.  

8.6.3 Influence of V2 
At Saab Ericsson Space AB they believe that V2 has a major impact on the 
actual effort. To investigate this hypothesis we first looked at the 
correlations in Table 8.14 and it was fairly week (0.441). If there is not a 
linear relation, there must be a nonlinear relation. Since we have small, 
limited number of data sets, there is a need for a simple nonlinear relation 
like an exponential relation to be able to model it. 
 
A plot to examine the relation between V2 and the actual effort is shown in 
Figure 8.31. It is impossible to find a simple mathematical relation that 
would be reliable for future projects when there are only nine projects. The 
variable V2 is also determined with some subjectivity and could differ 
depending on the person who is estimating it. 
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Figure 8.31 There is no linear relation between V2 and actual effort. 

8.6.4 Model for static error in estimate of V4 
If it would be possible to improve the prediction of V4 when using the 
original model, it might improve the calculated effort as well. V3 is the 
predicted value of V4 and Table 8.14 shows that there is a slightly strong 
correlation (0.714) between the two variables. Figure 8.32 shows the two 
variables and how they depend on the actual effort. 
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Figure 8.32 Variables V3 and V4 affect the actual effort.  

 
By using linear regression, the model M23 is developed. Model M23 will 
predict V4 when V3 is known. 
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Model M23: 32.34 VV ⋅=         (8.37) 
 
In Figure 8.33 the variable V4 is predicted, and the comparison with the true 
value is displayed as dots. There is one value that can be considered as an 
outlier. The project that contributes this outlier is the same project that has 
the largest error in Figure 8.34.  
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Figure 8.33 The prediction made by model M23 results in the line, while the actual value is 

displayed by dots.  
 

When looking at the rate of errors for model M23 in Figure 8.34 (b), we find 
that the level has decreased, compared to the original error 8.34 (a). There is 
also a better balance between negative and positive values.  
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Figure 8.34 The errors for estimating V4 with V3 as independent variable (a) when it is 

estimated today and (b) shows error rate from M23. 
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The intention of making the model M23 to predict V4 is to improve the 
original model used today. To se how well model M23 performs, it is added 
to the original model, and a new model M24 is born.  

 
Model M24: )32.32( TVVaEffort ⋅⋅⋅+=        (8.38) 

 
The improvement is shown in Figure 8.35 where the errors are plotted for 
each project. The improvement is minor, and the model is not significantly 
better than the original model, shown in Figure 8.1. 
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Figure 8.35 Error rate for model M24 for all the nine projects.  

8.6.5 Calibration of T 
Today the variable T is a constant term with the value 3.00. It is possible 
that it is too small. To find the best value for T, the plots for the four 
different evaluation criteria are examined, see Figure 8.36. Looking at the 
cross validation plot, the residuals are slowly decreasing, until there is a 
jump at T = 7.57.   
 
The variance is decreasing the more T grows, and R2 and adjusted R2 are 
growing. T = 7.57 is chosen based on these facts.  
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Figure 8.36 Different evaluation criteria to help decide on a better value for T. 

 
Using (8.35) with T = 7.57 the actual effort is calculated, model M25. The 
result is displayed in Figure 8.37. In the figure the predicted effort using T = 
7.57 is shown together with the actual effort. For comparison, the predicted 
value for the model used today, with T = 3.00, is also shown. There is an 
improvement for all projects, except project three. 

 
Model M25: )57.732( ⋅⋅⋅+= VVbaEffort        (8.39) 
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Figure 8.37 Equation (8.35) performs better with T = 7.57. 
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The improvement is convincing, but still the error rate would be interesting 
to study. In Figure 8.38 the error for each project is displayed. Compared to 
Figure 8.1 there is a significant improvement. The highest error rate in 
Figure 8.1 was larger than -2, and in Figure 8.38 the reader will notice that 
the highest error rate is for project number one. It is only -0.6, a major 
improvement. Also note that in Figure 8.1 all the errors were negative, 
meaning that all the projects used more person hours than predicted. In 
Figure 8.38 there are both negative and positive values, improving the 
difference between estimated effort and actual effort for the department 
even more than for each project. 

1 2 3 4 5 6 7 8 9
-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

Project

E
rro

r 

 
Figure 8.38 For each project the error rate for model M25 is displayed. 

 
The different models presented in this section are summarized in Table 8.15 
below. For model M22, M24 and M25 a major improvement is noticed.   
 

Table 8.15 Summarized absolute values for the errors of the different models  
as well as for the current model. 

 
Model Σ|Predicted error| 
M22   2.30 
M24   2.58 
M25   2.76 
Current model 11.93 
   
M23   4.07 
Current estimation of V4   5.28 
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Note that model M23 cannot be compared to the other models. This model 
estimates variable V4 with linear regression of V3. 
 
For models M22 and M25 we can see major improvements. Since we 
summarized the absolute value for the errors, the benefits of a balanced 
prediction are not included. Although, for the single project it does not 
matter if it is a balanced prediction or not, the only matter is that the 
prediction error is small. The difference is small between these two models, 
and either one could be used.  
 
Looking at model M23, it cannot be compared to the other models, since it 
is a prediction of V4 from V3. The improvement is minor, and can be 
explained by the correlation. Between the two variables V3 and V4, the 
correlation is not strong enough. There is also project nine, whose value can 
be considered as an outlier. When the data sets are limited, the impact of 
this variable is too dominant.  
 
Using the value estimated by model M23 in the original model makes model 
M24. This is why models M23 and M24 cannot be recommended. 
 
Comparing model M22 and model M25 is hard. They have similar values 
for all the measurements. Although, the error for each project, shown in 
Figure 8.30 and Figure 8.38, benefits model M22. The errors are of smaller 
size in general, and oscillate well. In addition to small absolute errors it is of 
course good to have both positive and negative errors, contributing to a 
more balanced effort prediction for the software development section as a 
whole. As a result, model M22 is the best model from this calibration.   

8.7 Which model is best? 
Here all models obtained in the master’s thesis are summarized. In Table 
8.16 all models and their results are put together for an easy overview. The 
current error for the model used at Saab Ericsson Space AB is also viewed 
as a comparison. This current error differ for the different models since the 
models obtained at PDR and CDR only are built on data for seven projects, 
and thus the comparing current error also is including the errors for the same 
seven projects. Model M23 is different because it is a model for predicting 
variable V4. Since model M23 is used for deriving model M24 that is the 
reason why M24 differ from the other models.  
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Table 8.16 Measures and errors for each model. 
 

Model Error CV Variance R2 Adjusted R2 Current error 
M1 3.25 1.24 1.16 0.23  0.12 11.93 
M2 2.64 1.28 0.99 0.29  0.05 11.93 
M3 2.29 1.21 0.85 0.60  0.36 11.93 
M4 2.58 1.34 1.18 0.27 -0.18 11.93 
M5 3.11 1.06 0.91 0.69  0.50 11.93 
M6 2.95 0.51 0.44 0.81  0.78 11.93 
M7 2.07 0.56 0.43 0.71  0.62 11.93 
M8 1.84 0.27 0.30 0.78  0.71 11.93 
M9 2.29 0.29 0.27 0.88  0.87 11.93 

M10 2.34 0.36 0.40 0.73  0.65 11.93 
M11 2.61 1.36 0.84 0.51  0.02 11.93 
M12 1.13 0.11 0.08 0.97  0.96 11.00 
M13 0.40 0.16 0.03 0.99  0.99 11.00 
M14 0.41 0.27 0.04 0.99  0.98 11.00 
M15 0.53 0.30 0.04 0.99  0.98 11.00 
M16 0.50 0.28 0.04 0.99  0.98 11.00 
M17 0.98 0.16 0.12 0.96  0.95 11.00 
M18 0.88 0.21 0.07 0.98  0.97 11.00 
M19 0.79 0.29 0.09 0.98  0.96 11.00 
M20 0.86 0.34 0.08 0.98  0.96 11.00 
M21 0.89 0.31 0.09 0.98  0.96 11.00 
M22 2.30 0.50 0.47 0.71  0.67 11.93 
M23 4.07 995 925 0.17  0.05  5.28 
M24 2.58     11.93 
M25 2.76 0.48 0.46 0.80  0.77 11.93 

 
A glance at the Table 8.16 reveals major improvements for the error rate for 
every one of the developed models. However, remembering which of these 
models are built on seven or nine projects is essential, since the small data 
set affect the reliability of the models. In general, the more data the models 
are built on, the more reliable they are. Accordingly it is necessary to 
remember the impact each project has on the models, and take that into 
consideration when using them for effort prediction. 
 
Each project added can modify the model, since the correlations between 
the variables slightly change. An example of this is the correlation between 
variable V4 and actual effort. If calculated for seven projects, as viewed in 
Table 8.10, the correlation is 0.985, being the same result as when eight 
projects are used for the calculation, see Appendix A. In the case when all 
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nine variables are used, the correlation drops to 0.930. Even though the 
correlation coefficients vary a little between the different calculations, the 
outcome is still the same: variable V4 is strongly correlated to actual effort.  
 
From the metrics collected in the different software development projects, it 
is easy to conclude that not all of them are useful. A few are more correlated 
to actual effort than the others and are consequently more interesting. 
Several of them are also highly correlated to each other, and can thus be 
omitted. Others are binary and therefore not suitable for linear regression, 
but can be of use in the nonlinear case. 

8.7.1 Quotation model 
Before a project begins, only a few of all the variables are known. This 
contributes to the hard task of estimating the effort. The best models for this 
work are presented below.  
 
With only nine projects available, linear regression models are the first 
choice when modeling begins. Models M1, M2, M3, M4 and M5 are chosen 
since they are the models with smallest error rate or smallest residuals. In 
Table 8.16 it is possible to observe that these linear models have a larger 
error rate and lager residuals compared to the other, nonlinear models. Also 
R2 and adjusted R2 are fairly low for these five models. The linear model 
considered the best one, as discussed in Section 8.4.1 is model M2. 
 
In Table 8.16 all the information about the nonlinear regression models M6, 
M7, M8, M9 and M10 can be found. These models perform well when 
looking at the different criteria for examining a model. As discussed in 
Section 8.4.2, model M8 is the nonlinear regression model which performs 
best and is recommended.  
 
The objective of performing principal component analysis, PCA, is to 
reduce the number of variables. The reduction resulted in four new 
variables. Model M11 is a result of linear regression with the four principal 
components, but performs no better than the linear regression models 
obtained in Section 8.4.1. Using PCA demands many data sets, and since 
that is not the case in this thesis, this model is not to be recommended.  
 
When calibrating the current model, four different models are presented: 
M22, M23, M24 and M25. In Table 8.16 the absolute value for all the errors 
from each model is shown, and there are some major improvements 
compared to the model used today. In Section 8.6 model M22 was 
determined to be the model recommended. Although the improvement is 
major, the nonlinear models have better statistic values.  
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8.7.2 Model for ongoing project 
For ongoing projects the chosen models will be presented at Preliminary 
Design Review, PDR, and Critical Design Review, CDR, respectively. 
 
At PDR additional information, in form of several new metrics specific for 
PDR, are available. A possibility to develop a more accurate prediction 
comes into focus. In Section 8.5.1 models M12, M13, M14, M15 and M16, 
are obtained for this project state.  
 
As discussed in Section 8.5.1 the best model that can be developed at PDR 
is model M13. This model is showing a comparably small error and low 
variance together with a satisfying result for the residual, see Table 8.16. 
When model M13 is put side by side with the models obtained at the 
beginning of a project, the results are very approvingly. It is possible to 
develop a model at PDR that gives an improved prediction of the actual 
effort.  
 
CDR occurs when a project has been running for quite a while. As was the 
case at PDR more specific metrics are available. Intuitively, one believes 
that a better and more accurate prediction of actual effort is going to be 
obtained the further a project has been running. However, the obtained 
models M12, M17, M18, M19, M20 and M21 show that this is not the case. 
Model M17 is found in Section 8.5.2 as the best model at CDR, but is still 
performing worse than the best model found at PDR, model M13, see Table 
8.16.  
 
It is no point recommending any of the models developed at CDR since they 
yield a worse prediction of actual effort and are more unreliable then when 
using the model recommended at PDR.  
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9 
Conclusions 

This chapter presents the conclusions of this master’s thesis, as well as the 
suggestions for future work.  

9.1 General  
When deciding on which model that is the best one to use, there is a need 
for a straightforward and systematic approach for the selection. The error 
rate is believed to be a central measure, since it consists of a bias error in 
relation to the predicted value. But also the distribution between positive 
and negative errors for each model should be considered. It is of importance 
that both positive and negative errors occur for all models, so the total error 
is approaching zero. Thus will the overall prediction error for the software 
development section be as small as possible.   
 
The residuals from leave-one-out cross validation is also of importance. It 
tells how far away from the actual value the prediction is. However, because 
of the square involved, it gives worse results for models predicting a value 
far from the actual value. In this measure no consideration is taken to the 
size of the project, hence a prediction error of x hours for a small project has 
the same weight as a prediction error of x hours for a large project. 

9.2 Which model is best? 
When effort estimation is needed prior to a project begins, model M8 is the 
best choice. Even though it is nonlinear and has a complex structure, it 
yields the best result with the evaluation methods used in this thesis. 

 
Model M8: 2310236322 VVVVEffort ⋅⋅+⋅⋅=               (9.1) 

 
During an ongoing project more information results in a better model. 
Although, one could expect that the further along a project, a better estimate 
would be possible. This is not the case! The best prediction is acquired for 
model M13 at Preliminary Design Review, PDR.  
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Model M13: PDRVVEffort 335.143251636 ⋅+⋅+=          (9.2) 
 
Therefore there is no use to predict a new outcome at Critical Design 
Review, CDR, since it will only result in larger prediction error.  

9.3 Future work 
For more reliable models in the future, there are suggestions which could 
improve the models.  
 
Dynamic data is wanted.  If there would be data collected for every minute 
of a project it would be possible to use a dynamic model, which would 
detect different changes in a project. This wish may seem unreasonable, and 
that might be true today. Scientists are trying to find ways to get 
organizations to start collecting metrics, and not consider metrics to be a 
measurement of their daily work (Umarji and Emurian 2005). Even though 
every minute may be hard to register, a good start would be to collect 
metrics for every subsystem of a product.  
 
Several more data sets would be useful, and would result in a more reliable 
model. This improvement is already taken into consideration at Saab 
Ericsson Space AB. A database and a simple graphical user interface have 
been put together and will be used to collect metrics in future projects. A 
possibility to make a replication of this thesis in a couple of years occurs.  
 
A larger number of data sets would also open for an opportunity to produce 
a fuzzy model or a neural network model. These two models might be more 
exact in their estimates, and could be very useful for the software 
department.  
 
Software effort estimation is an area of constant improvement, and scientists 
are searching for new methods to improve the estimates every day. Grey 
relational analysis is a new and interesting approach to effort estimation. It 
will be interesting to see what future studies in this field result in.   
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Abbreviations 
 
CDR  Critical Design Review 
CEO   Chief Executive Officer 
ESA  European Space Agency 
GA  Department of Antennas 
GD  Department of Digital Electronics  
GDP  Section of software development 
GM  Department of Microwave Electronics 
GQM  Goal Question Metric 
GRACE Grey Relational Analysis based software projeCt Effort  
  prediction  
IEEE  Institute of Electrical and Electronics Engineers 
LOC  Lines Of Code 
MIMO Many Input Many Output 
MISO Many Input Single Output 
NASA North American Space Agency 
PC   Principal Component 
PCA  Principal Component Analyzes 
PDR  Preliminary Design Review 
QR  Quality Review 
RID  Review Item Discrepancy 
SEMS Saab Ericsson Space Management System 
 
 
 
 



 96

 



 97

References 
 
Andersson, M. (1998). Software cost estimation at Saab Ericsson Space. 
Sweden: Chalmers tekniska högskola, Institutionen för industriell 
organisation och ekonomi. ISSN: 99-0901695-8. 
 
Baresi, L. (2005). 11th IEEE International Software Metrics Symposium. 
Como, Italy.19-22 September 2005. 
 
Basili.V.R, Calidera. G, Romback, H.D. The goal question metric approach. 
University of Maryland. Available from: 
http://www.cs.umd.edu/projects/SoftEng/ESEG/papers/gqm.pdf  
[2005-12-22] 
 
Blom, G. (2000). Sannolikhetsteori och statistikteori med tillämpningar.  
4th edition. Sweden: Studentlitteratur. ISBN: 91-44-03594-2. 
  
Boehm, B.W. (1981). Software engineering economics. USA: Prentice-Hall 
Inc. ISBN: 0-13-822122-7 
 
Boersma, P., Weenink, D. (1999). Principal component analysis. University 
of Amsterdam. Available from: 
http://www.fon.hum.uva.nl/praat/manual/Principal_component_analysis.ht
ml  [2005-12-22] 
 
Differding, C., Hoisl, B., Lott, C.M. (1996). Technology package for the 
goal question metric paradigm. Technische Universität Kaiserslautern. 
Available from: http://wwwagse.informatik.uni-
kl.de/pubs/repository/differding96a/gqm-96.pdf [2005-12-22] 
 
Enqvist, E. (2001). Grundläggande regressionsanalys. Sweden: Linus och 
Linnea. 
 
Freund, R.J., Wilson, W.J. (1998). Regression analysis – statistical 
modeling of a response variable. USA: Academic Press. ISBN: 0-12-
267475-8. 
 
Glad, T., Ljung, L. (1989). Regerteknik. Sweden: Studentlitteratur. ISBN: 
91-44-17892-1. 
 
Glane, J. (2001). Software product metrics. In-house thesis Saab Ericsson 
Space AB. 



 98

Grady, R.B. (1992). Practical software metrics for project management and 
process improvement. USA: P T R Prentice-Hall Inc. ISBN: 0-13-720384-5. 
 
Harrell, F.E. Jr. (2001). Regression modeling strategies. USA: Springer-
Verlag. ISBN: 0-387-95232-2. 
 
Hastie, T., Tibshirani, R., Friedman, J. (2001). The elements of statistical 
learning. Canada: Springer-Verlag. ISBN: 0-387-95284-5. 
 
Haykin, S. (1999). Neural networks – a comprehensive foundation.  
2nd edition. USA: Prentice-Hall Inc. ISBN: 0-13-273350-1. 
 
Humphrey, W.S. (1995). A discipline for software engineering. United 
Kingdom: Addison-Wesley. ISBN: 0-201-54610-8. 
 
Kecman, V. (2001). Learning and soft computing – support vector 
machines, neural networks and fuzzy logic models. USA: The MIT Press.  
ISBN: 0-262-11255-8.  
 
Lin, Y., Liu, S. (2004). A historical introduction to Grey systems theory. 
2004 IEEE International Conference on Systems, Man and Cybernetics.  
Vol 3. p.2403-2408. The Hague, The Netherlands.10-13 October 2004.  
 
Ljung, L., Glad, T. (2004). Modellbygge och simulering. 2nd edition. 
Sweden: Studentlitteratur. ISBN: 91-44-02443-6. 
 
Lotfi, A.Z. (1965). Fuzzy sets. Inf. Control 8. p.338-353. 
 
Marques de Sá, J.P. (2001). Pattern recognition. Germany: Springer-Verlag. 
ISBN: 3-540-42297-8. 
 
Nelles, O. (2001). Nonlinear system Identification. Germany: Springer-
Verlag. ISBN: 3-540-67369-5. 
 
Nguyen, H.T., Walker, E.A. (1997). A first course in fuzzy logic. USA: CRC 
Press, Inc. ISBN: 0-8493-9477-5. 
 
Saab Ericsson Space AB. (2005). Available from: http://www.space.se.  
[2005-12-22] 
 
Song, Q., Shepperd, M., Mair, C. (2005). Using grey relational analysis to 
predict software effort with small data sets. 11th IEEE International 
Software Metrics Symposium. Como, Italy.19-22 September 2005.  
 



 99

StatSoft, Inc. (2005). Principal components and factor analysis. Available 
from: http://www.statsoft.com/textbook/stathome.html [2005-12-22] 
 
Tettamanzi, A., Tomassini, M. (2001). Soft computing – integrating 
evolutionary , neural, and fuzzy systems. Germany: Springer-Verlag.  
ISBN: 3-540-42204-8. 
 
The MathWorks, Inc. (2004). Learning MATLAB. ISBN: 0-9755787-090000 
http://www.mathworks.com/access/helpdesk/help/pdf_doc/matlab/learnmatl
ab.pdf [2005-12-22] 
 
Umarji, M., Emurian, H. (2005). Acceptance issues in metrics program 
implementation. 11th IEEE International Software Metrics Symposium. 
Como, Italy.19-22 September 2005. 
 
Wise, B.M., Gallagher, N.B. (2005). Eigenvector Research Inc. 
http://software.eigenvector.com/toolbox/3_5/manual/index.html  
[2005-12-22] 
 
Wäingelin, J. (2000-08-30). Rymd-VD med högt ställda mål.  
Dagens Industri. Available from:  
www.di.se/Nyheter/?page=%2fAvdelningar%2fArtikel.aspx%3fO%3dIndex
%26ArticleId%3d2000%5c08%5c30%5c4130. [2005-12-22] 



 100

 
 



 101

Appendix A 
 
Correlations in descending order between all variables and actual effort.  
 
 
 
Variable Variable Correlation Variable Variable Correlation
V4 Actual effort 0,985 V21 V24 0,832
V9 V10 0,982 V6 V15 0,827
V4 V12 0,975 V4 V9 0,822
V10 V11 0,963 V12 V36 0,820
V5 V6 0,958 V8 V25 0,819
V24 V34 0,951 V13 V34 0,817
V9 V11 0,944 V1 V5 0,817
V12 Actual effort 0,943 V22 V36 0,816
V5 V17 0,924 V24 V36 0,816
V5 V36 0,914 V1 V15 0,815
V5 V12 0,912 V4 V17 0,814
V5 Actual effort 0,905 V22 V34 0,814
V1 Actual effort 0,902 V18 V35 0,809
V22 V24 0,902 V17 Actual effort 0,809
V4 V5 0,899 V7 V12 0,805
V6 Actual effort 0,896 V4 V36 0,804
V6 V12 0,893 V17 V21 0,804
V1 V12 0,892 V1 V3 0,803
V4 V6 0,886 V7 Actual effort 0,801
V1 V4 0,881 V36 Actual effort 0,798
V1 V6 0,872 V3 V18 0,794
V18 V25 0,867 V1 V17 0,787
V6 V36 0,866 V15 V17 0,772
V12 V17 0,858 V3 V35 0,771
V21 V36 0,857 V27 V35 0,769
V8 V18 0,855 V5 V15 0,768
V34 V36 0,852 V3 Actual effort 0,767
V16 V27 0,846 V9 Actual effort 0,767
V5 V21 0,844 V2 V29 0,766
V21 V34 0,843 V5 V7 0,764
V4 V7 0,840 V2 V7 0,760
V7 V17 0,838 V9 V12 0,759
V6 V17 0,836 V16 V35 0,751
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Variable Variable Correlation Variable Variable Correlation
V3 V4 0,749 V16 Actual effort 0,618
V12 V15 0,747 V7 V36 0,614
V13 V24 0,746 V21 V23 0,610
V17 V36 0,741 V21 Actual effort 0,604
V4 V10 0,735 V5 V24 0,603
V29 V35 0,733 V4 V11 0,600
V23 V24 0,731 V1 V18 0,599
V3 V6 0,722 V3 V5 0,599
V23 V34 0,719 V1 V16 0,593
V13 V21 0,712 V7 V10 0,593
V7 V29 0,707 V9 V36 0,593
V25 V35 0,701 V4 V21 0,591
V6 V21 0,697 V3 V11 0,590
V3 V12 0,682 V5 V22 0,584
V3 V25 0,679 V6 V9 0,584
V3 V9 0,678 V1 V9 0,582
V8 V35 0,676 V29 Actual effort 0,581
V10 Actual effort 0,674 V15 V21 0,580
V6 V16 0,669 V6 V22 0,576
V15 V36 0,663 V3 V10 0,576
V15 Actual effort 0,662 V16 V18 0,573
V4 V15 0,658 V7 V16 0,564
V10 V12 0,657 V4 V29 0,559
V3 V29 0,657 V14 V16 0,558
V16 V17 0,656 V7 V21 0,556
V12 V21 0,654 V35 Actual effort 0,553
V16 V29 0,650 V5 V9 0,550
V6 V7 0,648 V16 V20 0,547
V13 V15 0,647 V11 Actual effort 0,543
V5 V16 0,647 V3 V8 0,542
V11 V25 0,645 V13 V23 0,540
V27 V29 0,644 V6 V34 0,539
V13 V36 0,637 V4 V16 0,538
V5 V34 0,635 V3 V16 0,531
V6 V18 0,634 V14 V27 0,530
V21 V22 0,633 V9 V22 0,527
V1 V7 0,625 V6 V35 0,519
V7 V9 0,624 V2 V17 0,519
V1 V36 0,620 V13 V22 0,516
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Variable Variable Correlation Variable Variable Correlation
V9 V25 0,515 V12 V16 0,444
V6 V24 0,515 V6 V10 0,442
V5 V13 0,515 V1 V10 0,441
V2 V16 0,515 V7 V15 0,440
V20 V24 0,514 V13 V17 0,438
V10 V36 0,511 V5 V10 0,436
V15 V16 0,510 V9 V18 0,432
V4 V35 0,509 V12 V29 0,432
V15 V34 0,507 V12 V24 0,431
V12 V22 0,506 V8 V20 0,430
V11 V12 0,505 V9 V29 0,428
V12 V34 0,502 V2 V27 0,428
V18 V27 0,500 V11 V22 0,427
V18 Actual effort 0,500 V2 V4 0,426
V14 V20 0,497 V10 V35 0,424
V6 V13 0,497 V4 V34 0,421
V4 V22 0,496 V7 V35 0,418
V22 Actual effort 0,494 V10 V29 0,418
V1 V29 0,494 V11 V18 0,417
V10 V22 0,493 V2 V14 0,417
V13 V14 0,489 V3 V15 0,414
V11 V35 0,485 V16 V36 0,413
V20 V22 0,485 V34 Actual effort 0,412
V17 V34 0,483 V20 V34 0,412
V9 V35 0,482 V3 V36 0,406
V15 V18 0,475 V7 V11 0,403
V1 V21 0,474 V5 V18 0,401
V17 V29 0,473 V12 V18 0,398
V1 V35 0,471 V17 V24 0,398
V4 V18 0,469 V14 V21 0,395
V20 V36 0,466 V20 V27 0,395
V3 V17 0,465 V5 V35 0,394
V3 V7 0,463 V5 V29 0,393
V20 V21 0,460 V8 V16 0,393
V10 V25 0,455 V16 V21 0,392
V2 Actual effort 0,454 V13 V20 0,384
V8 V27 0,451 V20 V35 0,381
V1 V19 0,449 V5 V20 0,379
V22 V23 0,444 V24 Actual effort 0,377
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Variable Variable Correlation Variable Variable Correlation
V9 V17 0,371 V10 V17 0,262
V4 V24 0,370 V25 Actual effort 0,262
V15 V24 0,363 V7 V34 0,260
V6 V29 0,358 V25 V27 0,260
V2 V5 0,354 V4 V25 0,259
V11 V29 0,354 V2 V10 0,259
V11 V36 0,353 V1 V2 0,258
V1 V11 0,348 V1 V34 0,256
V12 V35 0,346 V8 V22 0,253
V3 V27 0,342 V14 V34 0,247
V6 V20 0,339 V9 V34 0,245
V15 V19 0,339 V2 V20 0,241
V14 V17 0,336 V8 V11 0,233
V6 V11 0,334 V5 V14 0,232
V2 V12 0,329 V6 V27 0,228
V23 V36 0,329 V35 V36 0,227
V18 V29 0,329 V1 V8 0,226
V6 V8 0,327 V17 V27 0,226
V1 V25 0,314 V13 V16 0,226
V20 Actual effort 0,311 V9 V24 0,224
V2 V21 0,306 V17 V18 0,220
V3 V22 0,302 V25 V29 0,215
V10 V18 0,301 V2 V9 0,213
V2 V35 0,298 V14 V36 0,208
V17 V19 0,297 V18 V22 0,207
V1 V22 0,294 V1 V24 0,206
V15 V22 0,290 V9 V21 0,202
V6 V25 0,288 V10 V34 0,199
V18 V36 0,286 V1 V13 0,195
V17 V22 0,275 V12 V19 0,194
V14 V23 0,273 V1 V27 0,193
V20 V23 0,272 V18 V20 0,192
V12 V13 0,270 V27 Actual effort 0,189
V7 V14 0,270 V4 V20 0,188
V9 V15 0,269 V10 V24 0,186
V3 V19 0,268 V16 V25 0,179
V17 V35 0,266 V13 Actual effort 0,178
V5 V11 0,264 V17 V20 0,174
V7 V27 0,263 V2 V36 0,170
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Variable Variable Correlation Variable Variable Correlation
V5 V27 0,168 V4 V19 0,081
V2 V6 0,166 V15 V27 0,081
V14 V15 0,163 V21 V29 0,067
V7 V22 0,163 V8 V13 0,067
V12 V25 0,162 V22 V35 0,067
V8 Actual effort 0,162 V8 V29 0,066
V15 V35 0,161 V12 V20 0,065
V4 V13 0,161 V13 V18 0,062
V7 V24 0,161 V14 V29 0,062
V22 V25 0,158 V15 V20 0,062
V3 V21 0,156 V8 V10 0,056
V19 V29 0,150 V11 V17 0,054
V14 V24 0,147 V11 V24 0,049
V9 V16 0,143 V15 V29 0,044
V8 V9 0,142 V16 V19 0,042
V8 V15 0,140 V10 V16 0,041
V2 V3 0,138 V11 V34 0,039
V7 V18 0,138 V16 V34 0,037
V10 V21 0,134 V5 V25 0,036
V6 V14 0,120 V7 V13 0,026
V6 V19 0,119 V3 V24 0,024
V20 V29 0,118 V16 V24 0,022
V3 V20 0,116 V25 V36 0,022
V5 V19 0,112 V2 V23 0,011
V4 V27 0,111 V9 V20 0,011
V5 V23 0,110 V18 V19 0,004
V19 Actual effort 0,109 V16 V22 0,003
V10 V15 0,102 V10 V20 0,002
V29 V36 0,099 V11 V15 0,001
V17 V23 0,098 V20 V25 0,000
V19 V21 0,093 V2 V19 -0,001
V15 V25 0,092 V8 V24 -0,007
V5 V8 0,091 V2 V15 -0,008
V1 V20 0,090 V14 Actual effort -0,011
V14 V35 0,088 V8 V12 -0,015
V7 V20 0,088 V7 V19 -0,023
V8 V36 0,086 V12 V27 -0,024
V4 V8 0,085 V11 V16 -0,027
V2 V11 0,085 V11 V20 -0,045
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Variable Variable Correlation Variable Variable Correlation
V21 V35 -0,049 V10 V23 -0,208
V13 V19 -0,050 V2 V22 -0,215
V12 V23 -0,051 V2 V18 -0,215
V4 V14 -0,052 V9 V19 -0,227
V15 V23 -0,059 V13 V35 -0,232
V19 V27 -0,062 V24 V25 -0,241
V18 V21 -0,063 V9 V23 -0,261
V7 V23 -0,066 V34 V35 -0,268
V18 V24 -0,069 V2 V13 -0,269
V2 V34 -0,069 V10 V13 -0,274
V3 V34 -0,069 V19 V22 -0,274
V21 V27 -0,082 V13 V25 -0,282
V12 V14 -0,083 V7 V8 -0,283
V7 V25 -0,084 V1 V23 -0,303
V27 V36 -0,087 V25 V34 -0,308
V11 V21 -0,091 V10 V19 -0,316
V19 V23 -0,092 V24 V29 -0,332
V6 V23 -0,098 V16 V23 -0,337
V18 V34 -0,108 V14 V19 -0,352
V13 V27 -0,122 V2 V25 -0,360
V9 V27 -0,123 V11 V19 -0,363
V2 V24 -0,125 V19 V20 -0,366
V8 V14 -0,127 V11 V23 -0,370
V14 V22 -0,129 V3 V14 -0,371
V8 V34 -0,137 V29 V34 -0,374
V11 V27 -0,137 V11 V13 -0,375
V1 V14 -0,144 V22 V27 -0,379
V14 V18 -0,145 V9 V14 -0,381
V4 V23 -0,145 V10 V14 -0,388
V8 V19 -0,146 V24 V27 -0,400
V23 Actual effort -0,146 V2 V8 -0,417
V19 V24 -0,157 V21 V25 -0,425
V19 V36 -0,166 V27 V34 -0,427
V19 V25 -0,167 V14 V25 -0,464
V3 V13 -0,170 V13 V29 -0,493
V10 V27 -0,171 V11 V14 -0,497
V8 V17 -0,171 V23 V29 -0,508
V9 V13 -0,171 V8 V23 -0,534
V19 V34 -0,189 V23 V27 -0,559
V17 V25 -0,192 V3 V23 -0,574
V19 V35 -0,194 V23 V35 -0,701
V24 V35 -0,198 V18 V23 -0,715
V8 V21 -0,204 V23 V25 -0,778
V22 V29 -0,205
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Appendix B 
 
Linear models obtained in this master’s thesis are presented here. The table 
shows the names of the included variables, together with the intercept and 
the regression coefficients. The statistical measures R2 and adjusted R2 are 
viewed as well as the corresponding variance and residuals for each model. 
Also the error rate for each project, P1 to P9, together with the summation 
of all errors are shown. The darker rows include the models presented in 
Section 8.4.1. 
 
The different model structures examined in Section 8.4.1 are viewed in 
(B.1).  

nnin xxy ⋅++⋅+= βββ ..ˆ 10                  (B.1) 
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Appendix C 
 
Nonlinear models obtained in this master’s thesis are presented here. The 
table shows the names of the included variables, together with the intercept 
and the regression coefficients. The statistical measures R2 and adjusted R2 
are viewed as well as the corresponding variance and residuals for each 
model. Also the error rate for each project, P1 to P9, together with the 
summation of all errors are shown. The darker rows include the models 
presented in Section 8.4.2. 
 
The different model structures examined in Section 8.4.2 are viewed in 
(C.1).  

kjiijk

lkjiijkl

kjiijk

jiij

xxxy
xxxxy

xxxy
xxy

⋅⋅⋅+=

⋅⋅+⋅⋅+=

⋅+⋅⋅+=

⋅⋅+=

10

210

210

10

ˆ
ˆ
ˆ

ˆ

ββ

βββ

βββ

ββ

         (C.1) 

 
The model structures are presented on one page each in this appendix. 



 114

 



 115

 
 



 116



 117

 
 



 118

 



 119

Appendix D 
 
Models produced by principal component analysis, PCA, are presented 
here. The table shows the models with different PCs included. The statistical 
measures R2 and adjusted R2 are viewed as well as the corresponding 
variance and residuals for each model. Also the error rate for each project, 
P1 to P9, together with the summation of all errors are shown. The darker 
row include the model presented in Section 8.4.3. 
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Appendix E 
 
Linear models obtained at PDR in this master’s thesis are presented here. 
The table shows the names of the included variables, together with the 
intercept and the regression coefficients. The statistical measures R2 and 
adjusted R2 are viewed as well as the corresponding variance and residuals 
for each model. Also the error rate for each project available, P1, P2, P5, 
P6, P7, P8 and P9, together with the summation of all errors are shown. 
The darker rows include the models presented in Section 8.5.1. 
 
The different model structures examined in Section 8.5.1 are viewed in 
(E.1).  

nnin xxy ⋅++⋅+= βββ ..ˆ 10                   (E.1) 
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Appendix F 
 
Linear models obtained at CDR in this master’s thesis are presented here. 
The table shows the names of the included variables, together with the 
intercept and the regression coefficients. The statistical measures R2 and 
adjusted R2 are viewed as well as the corresponding variance and residuals 
for each model. Also the error rate for each project available, P1, P2, P5, 
P6, P7, P8 and P9, together with the summation of all errors are shown. 
The darker rows include the models presented in Section 8.5.2. 
 
The different model structures examined in Section 8.4.1 are viewed in 
(F.1).  

nnin xxy ⋅++⋅+= βββ ..ˆ 10                  (F.1) 
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Appendix G 
 
The models received when calibrating the current model used at Saab 
Ericsson Space AB are presented here. The table shows the names of the 
included variables, together with the intercept and the regression 
coefficients. The statistical measures R2 and adjusted R2 are viewed as well 
as the corresponding variance and residuals for each model. Also the error 
rate for each project available, P1 to P9, together with the summation of all 
errors are shown.  
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