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Abstract

Improving Estimation Accuracy using Better Similarity
Distance in Analogy-based Software Cost Estimation

Xiaoyuan Chu

Software cost estimation nowadays plays a more and more important role in practical
projects since modern software projects become more and more complex as well as
diverse. To help estimate software development cost accurately, this research does a
systematic analysis of the similarity distances in analogy-based software cost
estimation and based on this, a new non-orthogonal space distance (NoSD) is
proposed as a measure of the similarities between real software projects. Different
from currently adopted measures like the Euclidean distance and so on, this
non-orthogonal space distance not only considers the different features to have
different importance for cost estimation, but also assumes project features to have a
non-orthogonal dependent relationship which is considered independent to each
other in Euclidean distance. Based on such assumptions, NoSD method describes the
non-orthogonal angles between feature axes using feature redundancy and it
represents the feature weights using feature relevance, where both redundancy and
relevance are defined in terms of mutual information. It can better reveal the real
dependency relationships between real life software projects based on this
non-orthogonal space distance. Also experiments show that it brings a greatest of
13.1% decrease of MMRE and a 12.5% increase of PRED(0.25) on ISBSG R8 dataset,
and 7.5% and 20.5% respectively on the Desharnais dataset. Furthermore, to make it
better fit the complex data distribution of real life software projects data, this
research leverages the particle swarm optimization algorithm for an optimization of
the proposed non-orthogonal space distance and proposes a PSO optimized
non-orthogonal space distance (PsoNoSD). It brings further improvement in the
estimation accuracy. As shown in experiments, compared with the normally used
Euclidean distance, PsoNoSD improves the estimation accuracy by 38.73% and 11.59%
in terms of MMRE and PRED(0.25) on ISBSG R8 dataset. On the Desharnais dataset,
the improvements are 23.38% and 24.94% respectively. In summary, the new methods
proposed in this research, which are based on theoretical study as well as systematic
experiments, have solved some problems of currently used techniques and they show
a great ability of notably improving the software cost estimation accuracy.
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 Introduction Chapter 1 

 Background 1.1 

Many software projects fail every year due to the increasing size and 

complexity of software projects. Especially in recent years, software projects 

failures have already been identified as one of the most serious problems in this field. 

According to the CHAOS report by the Standish group [1], only 32% of the all the 

projects are completed successfully. Another 44% projects are faced with problems 

of project delay, out of budget, and/or even failing to accomplish the required 

functionalities. The remaining 24% projects are canceled before they are completed 

or abandoned after being deployed for real use. Although this report is criticized by 

some researches for its over pessimistic view of the current situation, the report can 

still reveal the existing problems of project failures in software development. 

From the software development process point of view, the major risks of a 

software project come from early phrases of the development process. In software 

development and deployment phrases, projects are usually affected by a number of 

relatively fixed factors and their effects are often quite limited. However in the early 

phrase of a project, factors like cost estimation can greatly affect the whole 

development process, which are very important for the project budgeting, planning, 

and the final project success. Cost estimation, one of the most critical factors in 

software development, is closely related to project failures [2]. On the one hand, 

over pessimistic estimation may lead to the waste of resources and missing of 

important opportunities. On the other hand, over optimistic estimation can cause 

project delays, over budgets and even can lead to project failures. 

To deal with such problems, many researches have been focused on this area of 

cost estimation since 1960s. Many different techniques are proposed which include 



Improving Estimation Accuracy using Better Similarity Distance in Analogy-based Software Cost Estimation 

2 

algorithmic methods and non-algorithmic methods. Analogy-based software cost 

estimation is one of the most widely used techniques and it achieves reasonable 

estimation results in practice. Essentially, analogy-based cost estimation is defined 

relying on the similarity distance between software projects. But current researches 

still have problems in providing a good similarity distance that can reveal real life 

software projects characteristics accurately.  

In this research, software project features are assumed to be of different 

importance to cost estimation and they are also considered to be dependent with 

each other instead of the normally assumed independent relationship. Relied on 

these assumptions, a new non-orthogonal space distance based cost estimation 

method is proposed to improve the software cost estimation accuracy. Further, this 

proposed method is optimized using the particle swarm optimization algorithm 

which makes the similarity distance better fit real life software projects 

characteristics. Experiments are conducted and results show that the estimation 

accuracy can be significantly improved. In a nutshell, with the goal of improving 

software cost estimation accuracy, this research proposes a new non-orthogonal 

space similarity distance for the analogy-based estimation approach which provides 

a new solution to the cost estimation problem. 

 Related Works 1.2 

To deal with the problems of inaccurate estimation of software development 

cost, several different techniques have been proposed since 1960s. In general, these 

techniques can be classified into two categories: algorithmic based techniques and 

non-algorithmic based techniques. Algorithmic based techniques, SLIM [3], 

COCOMO [4], and COCOMO II [5][6] for example, use mathematical formula to 

estimate the cost which is usually very simple and efficient. But these techniques are 

relatively hard to adjust to the rapid changes of software project types and 

characteristics. Non-orthogonal based techniques, which include analogy-based 

method [7], expert judgments, as well as machine learning-based methods, are often 
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more flexible compared with the algorithmic techniques. Analogy-based cost 

estimation, a typical non-algorithmic based estimation technique, is one of the most 

widely uses method in this field for its simplicity and high estimation accuracy. 

Analogy-based software cost estimation is first proposed by Shepperd and 

Schofield in [7] and later been accepted as one of the mostly used methods for cost 

estimation. It contains several important steps including data preprocessing, feature 

selection, case selection, and case adaptation. Case selection is a critical part of this 

whole process and similarity distance is the core of this step. 

For the feature selection step, it is relatively independent with the cost 

estimation process. The final selected feature subset is determined mainly by the 

similarity between features. Current researches use statistical indicators like 

Chi-squared test, Pearson and Spearman correlation, and mutual information to 

define feature similarities. Pearson correlation is better at detecting the linear 

relationship of features while Spearman correlation is more suitable for detecting 

monotonicity and is more stable to outliers. Mutual information based methods use 

information gain, information gain ratio, and symmetric uncertainty [8] to define 

similarities.  

For the case selection step, similarity distance is the core of it which defines 

how similar two software projects are. It determines what kind for software projects 

are considered to be similar and thus it strongly affects the similar projects selected 

for analogy and have a great impact on the final estimation accuracy. The Euclidean 

distance is the most widely used method which has been adopted in [7] [9] and [10]. 

Several variants of the Euclidean distance like the Manhattan distance and the 

Minkowski distance are also used in [11] and [12]. Besides, to take the different 

importance of different features into consideration, weighted distance are proposed 

which assigns each feature a feature weight. Several weighting methods have been 

proposed in [11] [12] [13] [14] and [15]. Mahalanobis distance [16] uses the 

covariance matrix to take data distribution into distance computation.  
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The problem of these methods is that they either assume project features to be 

independent with each other (in an orthogonal Euclidean space), or consider all 

features to be equally important for cost estimation. To deal with this problem, a 

new non-orthogonal space distance [17] is proposed in this article and it is further 

optimized using the particle swarm optimization algorithm [18] to make the 

similarity distance better fit real life software projects dataset. Experiment results 

show that the new methods can achieve better estimation accuracy. 

Besides, the number of nearest neighbors selected in the case selection step are 

also studied and different strategies have been used in [10] [7] [12] and [13]. For the 

part of project adaptation, there are Mean adaptation method, Median adaptation 

method, and Inverse Distance Weighted Mean adaptation method. 

 Contributions 1.3 

This research studies the similarity distance in analogy-based software cost 

estimation, and proposes a new non-orthogonal space distance to improve the 

estimation accuracy. The currently used similarity distances are systematically 

compared and analyzed. The new proposed non-orthogonal space distance and the 

further extended optimized similarity distance are also tested and compared with 

current methods. The new methods provide an alternative solution to the software 

cost estimation problem and the experiments show their ability of significantly 

improving the estimation accuracy. 

Besides, some parameters in analogy-based estimation approach are also 

studied and tested in this research. Experiments are conducted and different methods 

are compared comprehensively. 

By improving the cost estimation accuracy, this research has a positive effect 

on the software project management and on the production of software with agreed 

quality. Accurately estimating software development cost makes it possible to 

reduce the problem of over budgets or running out of time. It also makes project 

managers easier to take control of the whole development process and thus can help 
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reduce project risks in the early stage. 

Besides, this research also has its theoretical values. The similarity distance 

proposed here not only gives a new solution to the problem of software cost 

estimation, also it provides new ideas for other related fields. It is possible to apply 

it to other fields like machine learning or data classification. 

 Thesis Structure 1.4 

This thesis is structured as follows. In the beginning, background is introduced. 

Main contributions and related works are also discussed. Then in Chapter 2 

analogy-based software cost estimation technique and the related research works are 

detailed discussed. The basic principle of analogy-based software cost estimation 

technique will be discussed and formal mathematical description of the problem will 

be given. Chapter 3 is the core of this thesis report and the newly proposed methods 

are introduced here. A non-orthogonal space distance measuring method is proposed 

in Section 3.1 and the further optimized distance is proposed in Section 3.2 . The 

definitions of these new methods are given and the algorithms and workflows will 

be explained. Chapter 4 gives an introduction of feature selection method used in 

this research. In Chapter 5 the underlying algorithm of analogy-based software 

estimation is explained and some related details are discussed. Chapter 6 gives a 

summary of the experiments for this research. First the datasets and experiment 

methods are introduced. Then experiments are designed in detail and results are 

collected and analyzed. Finally, Chapter 7 presents the conclusion and discusses 

some future works related to this research. 
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 Analogy-based Software Cost Estimation Chapter 2 

This chapter will give a detailed introduction of the analogy-based software 

cost estimation technique. Analogy-based software cost estimation is one of the 

mostly used techniques in software cost estimation field. The problem of software 

cost estimation will be discussed first in the following texts. Then analogy-based 

software cost estimation and its related works are discussed. The similarity distances 

used in the case selection step will also be compared and analyzed. 

 Software Cost Estimation Problem Statement 2.1 

Software cost estimation is to estimate the software development cost in early 

stage of software development process. It is to help project managers take more 

control of the software projects by giving them the estimated cost as accurate as 

possible. It is an important subject of the software engineering field and is important 

for software project management, budget control as well as risk analysis [19]. Either 

underestimate or overestimate of the cost may have bad effects on the whole project, 

so the goal of this thesis project is to improve the estimation accuracy. 

In the field of software cost estimation, software projects are characterized by 

features (or sometimes called attributes). Some example features are li

,  language , and so on. Each 

software project feature is a property of that project which can characterize the 

  (LOC) are properties that can help describe the project size while 

development platform  and are properties of the software 

type. Each feature characterizes one aspect of a unique software project and these 

features forms the basis for software cost estimation which estimates the final cost 

according to the values of each project feature. 

Assume that software projects are characterized by  features and these 



Chapter 2 Analogy-based Software Cost Estimation 

7 

 

features are part of a set  where  is the th feature of a 

project. For example, a software project  might be composed of the following 

features: . Then this 

specific project can be characterized using the values of its features. Assume that  

is the value of feature  on project . For the above example, if the project s 

function points  is 100, based  is true, and  is 10 

(month), then this project can be characterized as . Besides, we 

assume  is the software project cost. This transformation from real-life entity to a 

mathematical representation makes it easier for computer processing and systematic 

analysis. 

In general, software cost estimation problem can be described as follows: for 

any software project , a software cost estimation technique is to 

find a mapping  that maps the input feature values  to the 

output of estimated cost . This process can be illustrated as in Figure 2.1. 

The analogy-based software cost estimation technique, which is the focus of 

this research, is one of the solutions to this cost estimation problem (Figure 2.1). 

Analogy-based software cost estimation provides a good way to map project 

features  to cost  using analogy and the similarity distance is the 

most critical part of it. The details will be discussed in the following texts. Here 

related works in software cost estimation field are discussed.  

T

nxxx ,,, 21

Software Project Features
y

Estimated Cost

Software Cost Estimation Process

Figure 2.1 Illustration of Software Cost Estimation Process 
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 Related Works in Software Cost Estimation 2.2 

There are several different software cost estimation techniques. They are 

mainly divided into two groups: algorithmic and non-algorithmic techniques. They 

will be explained in the following texts. 

 Algorithmic Software Cost Estimation Techniques 2.2.1 

Algorithmic technique uses a mathematical formula to predict project costs 

based on estimates of the project size; the type of software being developed; and 

other team, process, and product factors [20]. These techniques are usually defined 

based on certain algorithms and can be generally represented as in (2.1). 

 (2.1) 

This formula has the similar form as in Figure 2.1. The main point is that for 

algorithmic techniques,  mostly represents a mathematical formula. This formula 

takes feature values as input and computes the cost based on the predefined formula. 

The following are two widely used algorithmic techniques. 

A . SL I M 

SLIM is one of the most early algorithmic techniques and it is proposed by 

Putnam in 1978 [3]. It is usually suited for large software projects and the 

estimation formula is as in (2.2).  is the Line of Code,  is the 

development time (in years), and  is a constant which combines quality 

control, development tools, programming language, methodology and so on. 

 (2.2) 

B . C O C O M O and C O C O M O I I 

COCOMO model is a typical algorithmic technique introduced by Boehm 

[4]. It computes the cost as the output of a mathematical formula which takes 

the software size and some other project features as input parameters. It is 
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widely adopted in this cost estimation as one of the earliest solutions in this 

field. Later in 2000, as many new changes appear in the software development 

methods and types of software projects, a newer version of this model called 

COCOMO II [6] is proposed. The new model improves the basic COCOMO by 

covering new features and considering characteristics of new type software 

projects. 

 Non-algorithmic Software Cost Estimation Techniques 2.2.2 

Non-algorithmic cost estimation techniques estimate the software development 

cost using analysis, comparison, and analogy. For non-algorithmic techniques, a 

historical dataset is usually required [21] as they usually try to learn knowledge from 

experiences. Several different non-algorithmic techniques are listed as follows. 

A . Analogy-based Technique 

Analogy, a mimic of human behavior in analyzing things, is one of the 

most widely used non-algorithmic techniques. This method analyzes the 

historical dataset to find similar projects for the to-be-estimated project and 

estimates the cost by looking into the past experiences. This will be discussed in 

details in the following sections. 

B . Expert Judgment  

It is one of the typical non-algorithmic techniques. 

own experiences and judgments so it can be easily biased and the method is 

usually hard to be extended. 

C . Machine L earning based Techniques 

Many other non-algorithmic techniques are learning oriented methods. 

There are CART (Classification and Regression Tree), ANN (Artificial Neural 

Networks), Fuzzy Logic, and so on. These techniques usually try to learn 

patterns or models from existing software projects and then derive the estimated 
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cost from the learned models. But they tend to be very complex and cannot be 

easily accepted by end users. 

 

Generally speaking, the drawback of the algorithmic techniques is that they 

cannot be easily adapted to the dynamically changes of new software projects. As 

new types of software development techniques and platforms emerge, the old 

algorithmic model becomes hard to adapt to the new situation. The non-algorithmic 

techniques are usually better in this aspect because they usually dynamically learn 

from experiences. More specifically, expert judgment relies much on personal 

experiences and is easy to be biased. Machine learning based techniques are rather 

complex and less transparent. The analogy-based software cost estimation technique 

is relatively simple and can be dynamically adapted to the changes of new software 

projects. So it is more and more adopted in many researches and the proportion of 

papers on this in this field is increasing [9]. 

 Analogy-based Cost Estimation Technique 2.3 

Analogy-based software cost estimation is one of the non-algorithmic software 

cost estimation techniques. This approach was first proposed by Shepperd and 

Schofield [7]. It is also among the most widely used techniques in this field.  

Analogy-based software cost estimation is essentially a form of case based 

reasoning (CBR) [7]. It estimates the cost of new software projects by learning 

experiences from historical projects. The basic assumption of this technique is that 

similar software projects are most likely to have similar costs. It maps the feature 

values to estimated cost  using analogy. Conceptually, when 

estimating the cost of a new software project, it will look up the historical projects 

and retrieve the similar projects (with similar values in project features) and then 

uses their cost as a basis for predicting new cost.  
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 Software Project Features 2.3.1 

Projects features are properties of the projects that can be used to characterize 

each individual project. They are kind of independent of specific estimation 

techniques, but there are still a few differences between the algorithmic estimation 

techniques and the non-algorithmic techniques. 

For algorithm techniques like the COCOMO and COCOMO II, project features 

are usually called attributes. Project attributes are classified into a hierarchical 

structure. There are product attributes, hardware attributes, personnel attributes and 

project attributes and each category further contains a set of subsidiary attributes. 

These project attributes need to be collected and they will serve as input parameters 

in the mathematical formula for cost estimation. 

For non-algorithmic techniques like analogy-based estimation, there are lesser 

requirements on what kinds of project features need to be collected because they do 

not rely on such mathematical formula to compute the cost. In analogy-based 

software cost estimation, similar historical projects are retrieved by comparing their 

each corresponding features but there is no restrict requirements on what the features 

are. Even the different importance of each feature can be learned dynamically 

instead of specified in advance. On the one hand, this may lead to inaccurate 

estimation if many nonrelated features are specified. On the other hand, this brings 

much flexibility and it is possible to give some optional suggested features and make 

it more customizable for end users. 

For the types of features, there are mainly two categories: discrete and 

continuous types. Typical continuous features are function points , development 

time  and so on. Typical discrete features include programming language , 

development platform  and so on. Estimation algorithms might also change a bit 

when process different types of features.  
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 Historical Dataset 2.3.2 

In analogy-based software cost estimation, a set of historical software projects 

whose costs are known is required for cost estimation. Such dataset serves as past 

experiences for the analogy-based approach which retrieves similar projects from 

this historical dataset when estimates the cost of a new project.  

Formally, the historical software projects dataset can be represented as 

 where  is the dataset which is a set of  

historical software projects. Each project is specified as  where 

 is a vector of values of all the  features and  is the cost of 

this project. The  features of this dataset  are specified as a set

 and the cost feature is . Conceptually, the historical software projects 

dataset  can be viewed as a table of  column of features and  rows of 

projects (see Figure 2.2). The projects are sometimes called cases in this field of 

research. 

A user who uses the analogy-based estimation approach needs to maintain such 

a dataset of a collection of past projects. This historical software projects dataset can 

be either collected from the software projects of their own companies or can be 

obtained from some public software projects repository which maintains a number 

of projects. Since the analogy-based approach learns experiences from past projects, 

it is recommended to have the historical projects dataset of same type of 

organizations and application areas.  
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 Estimation Procedure 2.3.3 

There are several key steps in the analogy-based software cost estimation 

technique. The whole procedure can be illustrated as in Figure 2.3. This research 

emphasizes the case selection step and studies the similarity distance in this step. 
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Figure 2.2 Illustration of the Historical Dataset 
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Step 1. Data Preprocessing. It is the first step of the whole process. As the 

dataset collected might contain a lot of incomplete values, complex data 

types, or unrelated information, it is necessary to do a preprocessing to 

clean up the raw data. This often includes removing the missed values, 

recoding complex types and standardizing continuous features and so on. 

Step 2. Feature Selection. This is a step to select the most suitable feature 

subset from all the available features. Since not all the features in the 

collected dataset are highly related with the cost estimation and some 

unrelated features may have bad effects on the estimation accuracy, it is 

necessary to select a set of most related features out of the whole features. 

Features can be selected manually by users  or experts  own judgments 

based on their experiences. It is also possible to adopt more sophisticated 

feature selection methods to select the suitable features automatically. 

Step 3. Case Selection. 

here just refers to the software projects. Case selection is a procedure of 

selecting the most similar past projects from the historical software projects 

Data Preprocessing

Feature Selection

Case Selection

Project Adaptation

Estimated Cost

Historical Dataset

New Project

Figure 2.3 Estimation Procedure of Analogy-based 
Software Cost Estimation 
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dataset when a new project is to be estimated. It is one of the most critical 

steps in the whole analogy-based estimation process as the estimation 

accuracy is highly influenced by the similar projects retrieved. In the case 

selection step, similarity distances are used to measure the similarity 

between projects and thus determine the similar projects selected. So the 

similarity distance is the core of this step. 

Step 4. Project Adaptation. It is a step of computing the estimated cost of a 

new project based on the similar historical projects. After similar historical 

software projects are selected in the previous step, these similar projects 

and their costs are input into a solution function which will output the 

estimated cost based on the input. There are several different solution 

functions and the most widely used ones are mean , median  and 

inverse weighted distance mean .  

 

In general, analogy-based software cost estimation works with the above steps. 

Data preprocessing and feature selection are used mainly to cleanup and process the 

data for later estimation and they are relatively independent of the cost estimation 

process. Case selection and project adaptation are the critical parts of this technique. 

Finally, when a new project is finished, the estimation accuracy can be assessed. 

Also the completed new project can be added to historical dataset to enlarge the 

database for later estimation. 

 

 Mathematical Description of Analogy-based Cost Estimation Process 

This is a summary of the above discussed analogy-based cost estimation 

process and a more concise mathematical description is given as follows: 

Assumes that  is the original historical dataset collected with  features 

and  historical projects. First, after the data preprocessing and feature selection 
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step, the remaining dataset can be represented as  

projects which is composed of  features and  software projects.  is the 

vector of project  features and  is the cost of project . The  project features 

set is  and the cost is . To simplify writing, each software 

project  is simply specified as , namely . For any two 

software projects  and , the similarity measure between them is defined as 

 which takes two projects as input and output a value as the 

projects similarity. Besides, the project adaptation method is denoted as 

. 

Now, when estimate the cost of a new software project , it takes the 

following steps. First, the similarities between each historical project  and 

the to-be-estimated new project  can be computed as  where 

 is the historical projects dataset. Then, the most similar  historical projects 

those are represented as a dataset  can be found easily 

where  and for any , there are 

 and for any ,   ,   ,   ,   there   are  

.   Finally,   these      nearest   historical   projects  

are   served   as   input   of   the   project   adaptation  method   and   the   final   estimated  

cost   is   computed   as   .   This   whole  

process  is  illustrated  as  in  Table 2.1. 

Table 2.1 Mathematical Description of the Analogy-based Soft Cost Estimation Process 

For  each  to-‐be-‐estimated  project   ,  do  followings:  

A. Data  preprocessing  and  feature  selection:   ,  to  make:  

a) ,  and     

b)   

B. Case  Selection:  get    which  satisfies:  

a) ,  and  
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b) ,   ,  and  

c) ,   ,   ,   ,     

  

C. Project  adaptation:     

   is  the  estimated  cost  of  project   

 

 Similarity Distance in Analogy-based Software Cost Estimation 2.4 

Case selection is a critical step in analogy-based software cost estimation. It 

determines what kind of historical software projects are selected to help estimate the 

new project s cost. The basic process of case selection is shown in Figure 2.4. To 

estimate the cost of a new project, every historical project needs to be compared 

with the to-be-estimated cost and their similarity distances are computed. Then it is 

possible to obtain the most similarity historical software projects and these will be 

the output of this case selection step. 

It is of vital importance to know how similar two projects are. If this similarity 

between projects is donated as a function , then the similarity between 

any two software projects  and  can be computed as . So for a 

historical software projects dataset  and a to-be-estimated project , in the 

case selection step  most similar historical projects  will 

be returned where . 
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There are several different ways of defining the  in 

analogy-based software cost estimation which includes expert judgment, most 

recently selection based approach, most frequently selection based approach, and 

similarity distance based approach. For the expert judgment approach, results largely 

rely on the judgments of experts and are easy to be biased. So it is not commonly 

used. The most recently selection based approach and the most frequently selection 

based approach relies on time relevance between software projects and are hard to 

be suitable for complex types of software projects. On the other hand, the similarity 

distance based approach help transform projects similarities into mathematical 

formula which is easy for computer processing and easy to be adapted to the 

complex problem of software cost estimation. This makes it the most widely used 

approach in defining the projects similarities. So this research puts the emphasis on 

the similarity distance in analogy-based estimation. 

In the context of software cost estimation, the similarity distance between 

software projects indicates how close two projects are. The smaller distance two 

Historical Dataset

To-be-estimated 
Project

Similarity Distance

Similar Software 
Projects

Project Adaptation

Estimated 
Cost

Case Selection

Figure 2.4 Case Selection Process 
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software projects have, the more similar these two projects are, and vice versa. In 

the following texts, the terms distance  and  distance  will be used 

interchangeably without further explanation to refer both to the measure of software 

projects closeness. For any two projects  and , the similarity distance between 

them is defined as . Then the relationship between projects similarity and 

projects distance can be illustrated as in (2.3) where  is used to avoid the 

divide-by-zero error. 

 (2.3) 

So the objective of the case selection step is transformed from finding the most 

similar  historical projects to finding  most nearest projects. For a historical 

software projects dataset , and a to-be-estimated software project , case 

selection step will return a  which satisfies , 

and for any , there is , and for any ,  

,   ,   ,  there  is   . 

Whether the similarity distance can reflect the real relationship between 

software projects has great impact on the final estimation accuracy. So this research 

tries to find a better similarity distance so as to improve the estimation accuracy. The 

followings are a number of most widely used similarity distances in analogy-based 

software cost estimation. 

A . Euclidean Distance 

Euclidean distance is adopted in the first proposed analogy-based estimation 

method in [7] to measure projects similarities. It is also one of the most widely used 

distances in this field. Assume that the  project features are given by 

 and cost is .  is a software project where the 

vector  represents the vector of effort drivers of project , 

. In analogy-based software cost estimation, the  features 

of a project are regarded as  coordination axes in a Euclidean space. Then each 
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software project in cost estimation can be regarded as a high dimensional point in 

the -dimensional Euclidean space . Thus, a software project  can be 

expressed in mathematical form as . After this, the distance 

between software projects can be easily computed using the Euclidean distance 

formula since projects are regarded as points in space now. The Euclidean distance 

between project  and a new project  is defined as in (2.4). Logically, this 

definition transforms the similarity measuring problem between two software 

projects into the distance computation problem between corresponding features of 

the projects. 

 (2.4) 

Another problem is that the features of real life software projects are usually 

classified into continuous and discrete types, but they cannot be computed in the 

same way. To cope with such problem, these two types of features are processed 

differently in computing  in (2.4) defined above. For continuous 

features,  is computed as the mathematical subtraction of two 

corresponding values of the feature. For discrete features, the mathematical 

subtraction of discrete values does not make sense (for example, the feature 

 language  cannot do substractions). The most commonly adopted 

method in this field to measure the distance between values of discrete features is 

the Overlap Similarity proposed in [22]. It compares the corresponding values of the 

discrete feature and considers the distance as 0 if the values are the same and 

otherwise considers the distance as 1. The distance computation of continuous and 

discrete features is defined as in (2.5). 

 (2.5) 

The advantages of the Euclidean distance rely in its simplicity and efficiency. 
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The distance formula is quite simple and the computation complexity is low. 

Another strong point of Euclidean distance is its transparency. It is widely adopted 

since it is very easy to be understood and accepted by end users. More importantly, 

as the earliest solution for measuring projects similarities in analogy-based software 

cost estimation, the Euclidean distance provides the basic idea of how to transform 

the real life problem into mathematical definition and thus makes it easier to be 

processed and optimized by computers. 

The weakness of the Euclidean distance is that it over simplifies the cost 

estimation problem by assuming software projects as high dimensional points in a 

Euclidean space. In Euclidean distance, software project features are considered 

independent to each other and be of equal importance to each other which are 

different from the real life situation. This makes the model less accurate when 

dealing with real life problems. 

B . Mahattan Distance 

Manhattan distance [23], also known as city block distance, is a variant of the 

Euclidean distance. It is another widely used distance measure which can be used to 

measure the distance of walking through blocks in a city. It is also widely adopted in 

the cost estimation field. The Manhattan distance between two software projects  

and  is defined as in (2.6) where  is defined the same as in (2.5) for 

Euclidean distance. As shown in the formula, Manhattan distance is a variant of the 

Euclidean distance. Their formulas are similar and the cost estimation accuracies are 

also similar. 

 (2.6) 

C . Minkowski Distance 

Minkowski distance is a generalized form of the Euclidean distance in a 
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Euclidean space . The -norm Minkowski distance is defined as in (2.7) where  

is an integer greater or equal to 1.  is defined as in (2.5) where  is the 

effort driver of a new project and  is the effort driver of a past project. As a 

generalized distance, the Minkowski distance changes as parameter  changes. 

 (2.7) 

It can be seen from the definition that Euclidean distance and Manhattan 

distance are special cases of Minkowski distance. When , the -norm 

Minkowski distance is the Manhattan distance. In (2.6). When , the -norm 

Minkowski distance becomes the standard Euclidean distance in (2.4). Besides these 

-norm Manhattan distance and -norm Euclidean distance, the infinite norm 

Minkowski distance (when ) is another commonly used distance in this field. 

It is also known as the Chebyshev Distance. The definition is show as in (2.8) To 

make the writing simple, in the following texts, Minkowski distance just refers to 

the infinite norm Minkowski distance (namely the Chebyshev Distance) if not 

further explained. 

 (2.8) 

As shown in the above definitions, Minkowski distance, Euclidean distance, 

and Manhattan distance are essentially similar. The drawbacks of them are that they 

too much simplify the estimation problem and thus have bad effects on the cost 

estimation accuracy. 

D . Weighted Distance 

One of the major problems of the above mentioned distances are that they 

regard all the features to be of equal importance to cost estimation. But in reality, 

some features like function points  are more important than others. To take this into 
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consideration, the weighted form of distance is introduced. The weighted distance 

assigns a weight to each feature according to the importance of different features 

while computing the distance between projects. Generally, all the above discussed 

distances can be changed to the weighted form by adding feature weights in their 

formulas. Thus we can get the Weighted Euclidean distance, Weighted Manhattan 

distance, and Weighted Minkowski distance, which are defined in (2.9), (2.10), and 

(2.11) respectively. In these formulas,  donates the weight of corresponding 

feature . Sometimes the weights are standardized to make sure that . 

 (2.9) 

 (2.10) 

 (2.11) 

The weighted distance fits the real life software projects better since it 

combines feature importance into distance computation using the feature weight . 

By defining  properly, the weighted distance can help improve estimation 

accuracy.  

Another problem lies in how to set the feature weights properly. Several feature 

weighting methods have been proposed in many researches. The simplest way it to 

set feature weights according to experts experiences. But this method relies too 

much on experts own judgments and can be easily biased. 

More sophisticated methods use statistical approaches to set feature weights. 

Mendes et al propose a feature weighting method based on the Pearson Correlation 

[13]. It predefines a threshold value and set the feature weight to 2 if the correlation 
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coefficient is greater than the threshold and set others to 1. In other words, it 

identifies important features based on the Pearson Correlation. But the setting of 

threshold and assigning of weights to value 2 can be problematic. Besides, Angelis 

et al proposes a feature weighting approach in [11] based on statistical methods. It 

sets feature weights to the inverse of standard deviation: . This makes 

the method relies less on human judgments and makes it more adaptive to real uses. 

These statistical-based methods assign feature weights relying on how much 

the statistical information can reveal real life software projects characteristics. So the 

estimation accuracy is heavily affected by how the data are distributed. To further 

improve estimation accuracy and make it more adaptive to complex software 

projects datasets, some optimization-based techniques are proposed. Auer et al [14] 

proposed a method based on extensive search to assign feature weights by traversing 

some possible combinations weights. This method divides feature weights into 

several discrete values and then exhausts all possible combinations to find one that 

can minimize the estimation error. This method can achieve better estimation 

accuracy than the statistical methods. But there are only a few possible discrete 

weight values to choose from and the computation complexity increases 

exponentially as weights are divided into more possible values. Another 

optimization-based feature weighting method FWPS-ABE was proposed by Li 

Yan-Fu in [12]. It is based on the Genetic Algorithm (GA) to optimize the weights 

with the goal of minimizing estimation error. It method works only for continuous 

feature types and the computational complexity is also quite high. Another similar 

method in [15] uses Particle Swarm Optimization to optimize feature weights and 

the experiments also show good results. 

In summary, statistical-based feature weighting methods are relatively simple 

but the estimation accuracy is usually affected greatly by the distribution of real life 

projects. Optimization-based method generally can achieve better accuracy but the 

drawback is that they usually require more computation resources. 

E . Mahalanobis Distance 
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Mahalanobis Distance was proposed by P. C. Mahalanobis in 1936 [16]. The 

distance definition is shown as in (2.12) where  is the inverse of the variance 

matrix of the software project dataset. Mahalanobis Distance has been widely 

adopted in many areas including cost estimation, outlier detection, sample selection, 

and methods like the nearest neighbors [24]. 

 (2.12) 

Eq. (2.12) illustrates that Mahalanobis Distance incorporates dataset 

distribution into distance computation using , which is a major difference from 

the Euclidean distance and Manhattan distance. It has to compute the matrix  in 

advance. In such a sense, Mahalanobis Distance turns the analogy-based software 

cost estimation method from a lazy learner into an active learner. But the problem is 

that the inverse of the covariance matrix cannot be computed against all the dataset. 

Mahalanobis Distance is not so much used in software cost estimation field as the 

definition using  fits better for other fields like data classification. 

 Summary 2.5 

Software cost estimation techniques and the related works are discussed in this 

chapter. Among the several cost estimation techniques, analogy-based estimation 

method gains wide applications due to its simplicity and transparency. In the process 

of estimating software cost using analogy, similarity distance plays a critical role in 

identifying the similar historical software projects and improving the estimation 

accuracy. In this chapter, the mathematical description of analogy-based cost 

estimation is given and the problem is discussed. Based on these, the following 

chapters will introduce the proposed methods in this report. 
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 Estimate Software Cost Using Non-orthogonal Chapter 3 

Space Similarity Distance 

This chapter does a further research on the similarity distance in analogy-based 

software cost estimation and proposes a new non-orthogonal space distance for 

estimating software cost with high estimation accuracy. First, section 3.1 gives a 

detailed introduction of the proposed non-orthogonal space similarity distance 

(NoSD) and explains how it is adopted in analogy-based software cost estimation. 

Then, in section 3.2 an optimization method based on the particle swarm 

optimization (PSO) algorithm is proposed to optimize the non-orthogonal space 

distance. Then the PSO-optimized distance (PsoNoSD) is used for software cost 

estimation and it can further improve the cost estimation accuracy. These new 

methods help improve the normally used analogy-based software cost estimation 

method and can provide better estimation accuracy. 

 Non-orthogonal Space Distance based Cost Estimation  3.1 

A new Non-orthogonal Space Distance (NoSD) for software cost estimation 

method is proposed in this research to help improve the estimation accuracy. [17] 

NoSD is an improved similarity distance that extends the above introduced 

Euclidean distance, Manhattan distance, weighted distance, and Mahalanobis 

distance. It tries to solve the problems of these distances and provides a 

non-orthogonal approach of measuring distance between software projects. This 

makes it describe real life software project similarity better. Section 3.1.1 will give 

an overall introduction of this distance and its definition. Section 3.1.2 introduces 

the information theory basis for its definition. Finally, 3.1.3 shows how the distance 

is defined and adapted to the problem of software cost estimation. 
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 Non-orthogonal Space Distance (NoSD) 3.1.1 

Here gives an overall introduction of the NoSD. The primary assumption of this 

non-orthogonal space distance is that: it assumes that in real life software projects, 

project features are mostly correlated with each other rather than independent; and 

also project features are of different importance to each other. The current methods 

usually make a simplification of the model and assume either software projects to be 

independent variables or to have same importance. So to improve the estimation 

accuracy, we need to make the similarity distance more closed to real life situation 

and this is just what the NoSD is aimed at. 

For example, if we assume that software projects are consists of three features 

, the 

three features are then regarded as three axes of the space and projects are regarded 

as points in space. In Euclidean distance, the axes are considered to be orthogonal to 

each other, which means that the corresponding features are independent to each 

other. But in reality, feature  and  are 

usually highly correlated with each other. Euclidean distance also considers project 

features to have equal importance for cost estimation. This is also different from the 

real situation. For example, features like  that determine project 

size are considered most important in software projects because they influence the 

final software project cost very much. Figure 3.1 gives an illustration of the 

non-orthogonal relationship between software project features. It is a scatter plot 

based on a real life software projects dataset. It shows the three-dimensional 

relationship of the three project features. Obviously,  and 

 shows high linear correlation with each other and they are 

also highly correlated with the cost feature. 

 



Improving Estimation Accuracy using Better Similarity Distance in Analogy-based Software Cost Estimation 

28 

First of all, the general definition of NoSD is shown as in (3.1) where  and  

are two software projects and all the software projects are consist of  features. The 

definition borrows the idea of the Mahalanobis distance and improves it by defining 

the matrix  in a different way. 

 (3.1) 

 is a  matrix and it is defined as in (3.2). Each element in the matrix is 

defined as  where  and . Matrix  is a symmetric matrix, 

namely that . This matrix  is used to incorporate features dependencies 

into distance computation. So it is this matrix that makes the similarity distance 

non-orthogonal. Then the problem of defining a better similarity distance is 

transformed into defining a proper matrix  to characterize the non-orthogonal 

space that contains software projects (this will be explained in details in section 

3.1.3 ). Here the basic ideas of this NoSD distance will be discussed first. 
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Figure 3.1 The Non-orthogonal Relationship between Software Project Features 
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 (3.2) 

The motivation of this NoSD distance is to solve the problems of currently used 

similarity distances. The problems lie in two aspects. On the one hand, most current 

methods including Euclidean distance, Manhattan distance, weighted distance and 

so on assume project features to be orthogonal to each other. But in fact features are 

non-orthogonal, namely non-independent to each other. On the other hand, many 

methods assume features to have the same influence to cost estimation to simplify 

the estimation process. But in fact different features have different importance. The 

NoSD distance considers features to be non-orthogonal and to have different 

importance so as to solve these problems in one place. 

To accomplish this goal, NoSD borrows the idea of Mahalanobis distance in 

(2.12) and incorporate data distribution into distance computation. The NoSD 

definition in (3.1) has a similar form with Mahalanobis distance. The difference is 

that the matrix in each formula is defined differently. In Mahalanobis distance, 

inverse of the covariance matrix  is used in distance definition, whereas in 

NoSD, a customized matrix  is used instead. Both  and  are aimed at 

reflecting the data distribution information so that the distance definition can be 

more adjusted to real life data characteristics. But the initial design of  in 

Mahalanobis distance is for data classification and clustering, and it is not fit ideally 

into the software cost estimation problem. This is also one of the reasons why a new 

similarity distance NoSD is defined here. 

Following paragraphs gives a brief explanation of why NoSD is defined like 

this. As is known, in analogy-based software cost estimation, similarity distance 

considers software project features  as axes in a high dimensional space. 

So in the following text, the word axes  will be used 

interchangeably. NoSD assumes software project features to have non-orthogonal 
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relationship with each other, so it defines the distance by transforming the normal 

orthogonal Euclidean space into a non-orthogonal one. Assume that the angle 

between any two project features (namely coordination axes)  and  is 

represented as . So the non-orthogonal distance between projects can be 

computed by first transforming the non-orthogonal space into orthogonal space and 

then computing the distance based on (2.4) in the transformed Euclidean space. Such 

transformation is shown in (3.3) where  and  donate two software projects. 

Compared with the standard Euclidean distance, the  in this formula helps 

extend NoSD into non-orthogonal space. 

Eq. (3.3) can be further expanded and rewritten in the form of (3.4). If we 

define the  matrix in (3.4) as , then the distance formula can be donated as 

in (3.5). This is just why NoSD is defined in such a matrix form as in (3.1). 

 

(3.3) 

(3.4) 

(3.5) 

Taking a look at the matrix in (3.4), the diagonal values of 1 can be regarded as 

 since each feature has a  angle between itself (namely ). So 

each element in the th row and th column of the matrix can be represented in a 

uniformed form as . Then generally speaking, the matrix  is a 

representation of the mutual dependencies between software project features. On 

one hand, the more two features depends with each other, which means small angles, 

the more corresponding element in  becomes closer to 1. On the other hand, the 

more two features are independent, the more corresponding element in  is closer 
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to 0. Thus, a non-orthogonal space distance can be defined by properly defining a 

matrix  in terms of project features dependencies. 

 (3.6) 

 

Furthermore, NoSD borrows the idea of weighted Euclidean distance and takes 

the difference importance of features into consideration. Feature weighting is used in 

the weighted distance in section 2.4 to accomplish this which is also the case of 

NoSD. Assume that each project feature is donated as , and its corresponding 

feature weight is donated as . To simplify the notation, all the weights 

 of the corresponding  features are placed in a diagonal weight 

matrix  having  if  and  if . Matrix  is shown in 

(3.6). The process of adding weights to similarity distance is just to multiply each 

feature value of every project with the corresponding feature weight. For any feature 

 of a project , adding feature weight will result in the following transformation: 

. So more generally, adding weights to all features of a project can be 

represented as . Then by adding feature weights to the non-orthogonal 

space distance in (3.5) can result in the formula (3.7).  
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 (3.7) 

Eq. (3.7) shows the weighted form of non-orthogonal distance which provides 

the basic idea of the proposed NoSD similarity distance in (3.1). Compared with 

(3.5), it not only considers project features to be dependent with each other, but also 

assumes different features to have different importance. 

It can be further obtained from (3.7) that: 

 (3.8) 

Compared this with (3.2), it shows that each element  of the matrix  in 

NoSD can be defined as in (3.9). Obviously, each  is a combination of feature 

weights  and  with the . Conceptually,  and  can be regarded 

as a representation of the importance of the project features  and  and  

as a representation of the mutual dependency between feature  and . So 

generally speaking, the definition of a proper matrix  in NoSD needs to consider 

both the feature dependencies with cost and the features  mutual dependencies. 
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 (3.9) 

Besides, Euclidean distance, weighted Euclidean distance and Mahalanobis 

distance are all the special cases of NoSD in (3.1). If the matrix  in NoSD is 

defined as the inverse of covariance matrix, NoSD becomes the Mahalanobis 

distance in (2.12). When matrix  in NoSD is defined as a diagonal matrix, it 

becomes the weighted Euclidean distance in (2.9) and the elements in matrix 

diagonal are the project feature weights. When matrix  in NoSD is defined as an 

identity matrix, it becomes the standard Euclidean distance in (2.4). This equation is 

shown as in (3.10). 

 (3.10) 

 

 

 Information Theory Basis for Distance Definition 3.1.2 

The basic ideas and definition of NoSD are discussed in section 3.1.1 . To adapt 

NoSD to the problem of software cost estimation, matrix  needs to be defined 

based on the characteristics of real software project dataset. Before this is explained, 

in this section, some information theory knowledge will be first introduced as a basis 

for the later NoSD definition. 

Mutual information and entropy are used in this research to define NoSD. Of 
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course, some other statistical methods like correlation are also applicable for NoSD 

but they are not covered by this research and may be studied in future works. 

 

A. Entropy is a mathematical representation of the uncertainty of random 

variables and is also well known as the Shannon Entropy in the area of 

information theory. It is first proposed by Claude E. Shannon in 1948 [25]. 

It is defined as in (3.11). 

 (3.11) 

B. Mutual Information is a mathematical description of the mutual 

dependency between two random variables. It is an extension of the 

Shannon Entropy. The more two random variables are dependent with each 

other, the larger the mutual information is. If two random variables are 

independent with each other, their mutual information will be 0. The 

definition is shown as in (3.12). 

 (3.12) 

 

There are close relationship between entropy and mutual information. Given 

two random variable  and  for example, the relationship between their 

entropies and the mutual information can be illustrated as in Figure 3.2. The two 

circles represents the entropies of two variables and the intersection part represents 

the mutual information. The larger the intersection part is, the more two variables 

are dependent with each other. 
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Besides, these are several useful equations that can help in the following 

paragraphs. Eq. (3.13) shows that the mutual information of a random variable with 

itself is just the variable s entropy. Eq. (3.14) shows how the joint entropy of two 

random variables can be computed based on their entropies and mutual information. 

 (3.13) 

 (3.14) 

 

 

 Mutual Information based NoSD Definition 3.1.3 

This section will introduce how the proposed NoSD is actually defined to be 

used in real software cost estimation problem. Here the NoSD is defined based on 

mutual information and entropy. 

According to (3.1), the NoSD definition is mainly determined by the matrix  

in the distance formula and each element  in matrix  can be further expressed 

as a combination of project feature weights and feature dependencies. Based on this 

I(X;Y) H(Y|X)H(X|Y)

H(X) H(Y)

H(X,Y)

Figure 3.2 Illustration of the relationship between Entropy and Mutual Information 
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idea, to define a proper NoSD for software cost estimation, each  can be 

represented as illustrated in Figure 3.3. First, the feature weights determine how 

much influence this feature has on the to-be-estimated cost. Then, the feature 

redundancies show how much features are dependent with each other. Finally, these 

two parts are combined into a single factor  to have an overall representation of 

how software projects distributions affect the similarity distance computation. 

 

 

 Feature Weights. Feature weight represents the relevance of a feature  

with the to-be-estimated cost . It determines how important a feature is to 

the cost estimation. More relevant features are considered more important. 

More specifically, for any project features  and , larger relevance to 

cost  means more importance and leads to larger , and vice versa.  

In this research, feature relevance with the cost is computed based on the 

theory of mutual information since mutual information is a good measure 

of dependencies between random variables like software project features. 

Thus, for features  and , the relevance is computed as in (3.15) where 

 is mutual information and  is the entropy. The part  

determines how much the features are dependent with the cost . Besides, 

the result is normalized by dividing it by their joint entropy . 

Feature Weights Feature 
Redudencies

Different importance of 
different features

Mutual dependencies 
between features

Combination of this two parts

Figure 3.3 How  is defined conceptually 
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 (3.15) 

 

 Feature Redundancies: Feature redundancy is a representation of the 

mutual dependency between features. It is called redundancy because the 

more two features dependent with each other, the more they provide the 

same information which will possibly cause the waste of information or 

even inconsistency. So the goal here is to reduce feature redundancies. For 

any project features  and , their mutual redundancy is defined as in 

(3.16) based on mutual information. The larger they dependent with each 

other, the more redundancy they have. The value is also normalized by 

dividing the entropy like that for the relevance definition. 

 (3.16) 

 

 The Combination Part: This part is used to combine the above defined 

relevance part and redundancy part into a single value  so as to be 

adopted in NoSD. Several ways of combining the two parts are used in the 

study. These are: including only the redundancy part, including only the 

relevance part and combining two part using difference/quotient form. 

They will be explained in the following text. 

 

Based on the different ways of combining the relevance part and the 

redundancy part, four different variants of NoSD matrix  definitions are listed 

below. In the following equations,  and  are the two features and  defines 

the cost.  defines the joint entropy and  is the mutual information 
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between the two features.  

A. NoSD-Relv: Relevance based NoSD definition. Only the relevance part is 

included in this definition. So this definition only takes the importance of 

different features into consideration but assumes features to be independent 

with each other. It is defined as in (3.17). 

 (3.17) 

 

B. NoSD-Redu: Redundancy based NoSD definition. In this definition, only 

the redundancy part is included so features are regarded to be 

non-orthogonal. But feature weights are not considered. It is defined as in 

(3.18) using mutual information. The more two features dependent with 

each other, the more redundancy there is, and the less influence they have 

on cost estimation. 

 (3.18) 

 

C. NoSD-RR: Redundancy and Relevance based NoSD. Both feature 

redundancy and relevance are included in this definition. The matrix 

element  is computed as a combination of feature relevance which 

represents the feature weights and redundancy which represents the mutual 

dependencies. Features with large relevance to the cost and less 

redundancy with each other are considered important in this definition. 

According to the different approaches of combining the two parts, there are 

two variants of definitions: the difference form and the quotient form. 

Besides, to avoid the dividing-by-zero error and to keep the values in a 

proper range, the equations are transformed and finally defined as in (3.19) 
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and (3.20) separately. 

a) NoSD-RRD: The Difference Form of NoSD-RR. 

 (3.19) 

b) NoSD-RR Q : The Quotient Form of NoSD-RR. 

 (3.20) 

 

In summary, section 3.1 gives an introduction of the proposed NoSD method. 

The general distance formula is shown as in (3.1). According to the different ways of 

defining the matrix  in the formula for real life software cost estimation, several 

variants of NoSD definitions are introduced: NoSD-Relv, NoSD-Redu, NoSD-RRD, 

and NoSD-RRQ. These four different definitions will be tested and compared in 

experiments in Chapter 6 . Before that, the next section will give in introduction to 

another proposed method which is based on this proposed NoSD. 

 

 PSO Algorithm based NoSD Optimization 3.2 

This section proposes a similarity distance optimization method based on the 

NoSD defined in section 3.1 . Particle swarm algorithm is adopted in this study as 

the basis for NoSD optimization and it is modified to be used for software cost 

estimation. The resulted PSO-optimized similarity distance (PsoNoSD) can be used 

for software cost estimation and it can further improve the estimation accuracy. 
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The goal of PsoNoSD is to further improve estimation accuracy compared with 

the above introduced similarity distances. The common idea of estimating software 

cost using weighted distance, Mahalanobis distance and NoSD is that they all try to 

improve estimation accuracy by using certain statistical or information theory based 

technique to incorporate data distribution into distance computation. But the 

problem is that due to software  complexity, it is not sufficient to combine 

all the data distribution characteristics into a single statistical factor. As a result, to 

further improve the estimation accuracy, it is necessary to learn data distribution 

from real life datasets and optimization method is just a good choice for this. 

It is necessary to optimize NoSD for real life software cost estimation due to 

the software projects  complexity. Usually, only a limited number of features are 

collected for software projects. These features can be quite insufficient to reveal all 

aspects of the project characteristics. Besides, it is hard to ensure that all data 

collected is accurate since software projects dataset might be collected by different 

companies across different industries using different techniques. These issues bring 

a lot uncertainty to the cost estimation process and cause noises in the dataset. 

Similarity distance like NoSD relies on some statistical information to measure 

projects similarity but this is not sufficient to make it optimal for different real life 

dataset. So an optimization is needed to make similarity distance better fit different 

datasets. Thus this can further improve estimation accuracy. 

The motivation for using the particle swarm optimization algorithm as a basis 

for NoSD optimization is mainly determined by the characteristics of the software 

cost estimation problem. Since optimizing NoSD for better estimation accuracy is 

performed in a continuous space (because solutions are not limited to some discrete 

points in high dimensional space), selections are limited to continuous search space 

optimization algorithms. Mathematical methods like convex optimization can be 

adopted. But it usually requires very strict preconditions for the problem which 

makes it hard to be applied to this cost estimation problem. Gene algorithm is 

another choice but it usually requires very large computation resources and the use 

of gene algorithm will greatly increase system complexity and make the method less 
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transparent to end user. Particle swarm optimization algorithm is a proper choice as 

it is generally less complex than the gene algorithm and it requires few assumptions 

of optimization problem which makes it be easily adapted to this software cost 

estimation problem. 

In section 3.2.1 particle swarm optimization algorithm will be briefly 

introduced since it will be used in the new method. Then in section 3.2.2 the 

proposed PsoNoSD will be defined and the optimization process will be discussed. 

Finally section 3.2.3 will talk about how PsoNoSD is used in real software cost 

estimation problems and the estimation procedure. 

 

 Particle Swarm Optimization (PSO) 3.2.1 

Particle Swarm Optimization (PSO) algorithm is first proposed by Kennedy 

and Eberhart in [18]. It is a mathematical optimization algorithm that iteratively 

searches the problem space in certain patterns to try to find a best solution. It is 

aimed at producing computational intelligence by exploiting simple analogues of 

social interactions, rather than purely individual cognitive abilities [26]. 

Particle swarm optimization is initially designed for the simulation of the social 

behaviors of some animals like bird flocks and fish schools. It achieves good results 

in this area and later been accepted as a general optimization algorithm. It has 

several advantages over the other optimization algorithms. Firstly, it can be easily 

applied to the problems of continuous space optimization. Secondly, it has few 

assumptions of the problem space and there are no strict restrictions on where this 

algorithm can be applied. Besides, some researches show that in certain 

circumstances particle swarm optimization algorithm has higher efficiency than 

other optimization algorithms like the Genetic Algorithm (GA) [15]. So particle 

swarm optimization algorithm is adopted in this study for optimizing similarity 

distance in software cost estimation. 
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Particle swarm optimizer is composed of a number of particles and each 

particle is just a candidate solution of the problem. Essentially, particle swarm 

optimization is a minimizing problem: for an objective function , the 

particle swarm optimizer moves its particles in the problem space in certain patterns 

with the goal of finding a minimal . For a -dimensional problem space, assume 

that there are  particles in the particle swarm optimizer. Particle swarm 

optimization algorithm works by letting the  particles iteratively search through 

the -dimensional space so as to find an optimal solution. In this algorithm, the 

search space is just the -dimensional problem space. For each particle  

( ), at any time , it has a current position  and current velocity .  

and  are two -dimensional vectors. Conceptually, the searching process is like a 

process of searching for food by bird flocks. Each particle can be compared to a bird 

in a bird flock that flies in certain space searching for food.  and  are just the 

descriptions of its position and velocity. For the optimization problem,  

represents a current candidate solution and  determine how this particle is moved 

in the search space. Besides, in particle swarm optimization, a local best position  

is stored for each particle and a global best position is stored for all particles. These 

two best positions will be updated throughout the algorithm iterations and they help 

the particles to approach the optimal solution gradually. 

The idea of particle swarm optimization is to move particles in a way that 

resembles social behaviors of real animals. So the key problem lies in how each 

particle moves in the search space. There are many alternative variants of the 

particle swarm optimizer and here the most basic one will be introduced and used 

for software cost estimation. In the algorithm, each particle moves in the space 

according to its position  and velocity  as in the real world. .and  will be 

updated every iteration. For any particle  ( ), the update of its position 

and velocity is shown as in (3.21). 
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 (3.21) 

 

In (3.21),  donates a -dimensional vector of which each element  

has a uniform distribution: . According to the formula, the next position 

 of the particle  is determined by its velocity and current position. The critical 

part is the velocity update. Basically, the update formula is composed of three parts 

and these parts are controlled by three parameter ,  and . The part  

determines how much a particle follows its original path so the parameter  is also 

called the inertia weight. Another part  makes each particle 

moves to its local best ever position  with a higher possibility. It makes each 

particle to have its own memory which can help it to learn by its past experiences. 

The final part  makes particles moves to a global best ever 

postion  with a higher possibility. It is s shared knowledge between particles that 

lead them to a global best solution. The parameters  and  are called 

acceleration coefficients. Parameter  controls the individual cognitive ability of 

each particle while parameter  determines particles social interactions. Large  

makes the algorithm easily falls into local optimal while large  makes the 

algorithm hard to converge. 

The whole process can be illustrated as in the pseudo code in Table 3.1. 

Function  shows the steps of the optimization process and it returns 

the optimized solution after optimization is completed.  is the initial 

candidate solution provided by users (this parameter is optional). 
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Table 3.1 Particle Swarm Optimizer Pseudo Code 

function     

comment:  PSO  initialization  

,  the  goal  function  

  

  

  

for  each  Particle      do  

initialize   :  let     

if  exists   

then     

else  initialize   :  let     

  

if     

then     

end  for  

  

comment:  optimization  process  

repeat  

for  each  Particle      do  

initialize   :  let     

initialize   :  let     

  

  

if     

  

end  for  

until   termination   criteria   is   met   (get   good   fitness   or   a   max   number   of  
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iterations)  

  

comment:  return  the  optimal  solution  

return     

end  function  

 

 

 Optimize NoSD Using Particle Swarm Optimization Algorithm 3.2.2 

The basic idea of PsoNoSD is discussed in this section. This section explains 

how to adapt the particle swarm optimization algorithm to the problem of software 

cost estimation so as to improve the estimation accuracy.  

NoSD, the to-be-optimized similarity distance, is defined as in (3.1). In NoSD, 

matrix  is the core part of the distance definition and it is defined based on mutual 

information between different features. For PsoNoSD, the original NoSD needs to 

be optimized and the optimization of the similarity distance in software cost 

estimation is transformed into a problem of optimizing the matrix  in NoSD. 

Assume that  is the optimized matrix, then the PSO-optimized similarity distance 

(PsoNoSD) can be defined as in (3.22). The formula is just similar to that of NoSD 

except that the matrix in distance computation is the optimized matrix  instead of 

the mutual information-based one. Then using PsoNoSD, analogy-based software 

cost estimation can measure projects similarity more accurately and thus it can help 

improve estimation accuracy.  

 

 (3.22) 
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In this study, particle swarm optimizer is used to do the optimization. Section 

3.2.1 gives a brief introduction of the basic PSO algorithm but some modifications 

are needed to adapt it to the software cost estimation problem. 

The input of the basic PSO algorithm is a -dimensional vector but in 

PsoNoSD, the target to be optimized is a  matrix . So to make PSO be able 

to accept a matrix as the input, some conversions of the matrix is needed. The 

solution is to expand the upper/lower triangle of  as a vector  (since  is a 

symmetric matrix, there is no difference to choose either the upper or the lower 

triangle) and to use this transformed vector  as the input of the PSO algorithm. 

Then after the optimization process, an optimized vector  is produced and 

converted back to a matrix which is just the optimized matrix . Such mapping 

between the original matrix  to the input/output vector  and  can be 

illustrated as in (3.23). 

 (3.23) 

 

By converting the matrix to and from a vector, the problem of optimizing 

NoSD is transformed to a problem of optimizing vector  and thus PSO can be 

easily used. For software projects of  features,  is a  matrix, so the 

corresponding transformed vector  is of length . The PSO 

algorithm will search the -dimensional problem to try to find an optimal solution.  

The optimization process can be illustrated as the pseudo code in Table 3.2. 

First an initial NoSD matrix  is computed as defined in section 3.1.3 and it is 

served as the initial input of the optimization process. This initialization is optional 

but it is used in this study because it is a good way of speeding up the optimization 

process. This initialization also makes sure that the final optimization result is not 

worse than this initial solution. Then the converted vector  is served as the input 

of the optimizer and finally output the optimized result. Besides, to adapt PSO to 
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software cost estimation problem, the objective function is defined as to minimize 

the software cost estimation error: . The details of the 

estimation error is defined in Chapter 6 . This objective function makes the 

optimizer to iteratively search solutions that can help minimize estimation error and 

thus the resulted solution can improve estimation accuracy. 

 

Table 3.2 Pseudo Code of the NoSD Matrix Optimization Process 

comment:  the  optimization  process  

function     

comment:  initialization  

,  the  goal  function  (where      is  the   )  

initialize      (where      is  set  according  to  section  3.1.3  )  

  

comment:  optimizing  using  PSO  optimizer  

  

  

  

comment:  return  the  optimal  solution  

return   

end  function  

  

comment:  the  goal  function  used  in ,     

function     

  

for  each  Project      do  

comment:  perform  analogy-‐base  cost  estimation  using     
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;  the  k-‐nearest  historical  projects  

;  estimate  cost  

end  for  

  

return   

end  function  

 

 Estimating Procedure Using PsoNoSD 3.2.3 

The default analogy-based software cost estimator is a kind of lazy learner and 

there is no preparation needed before it starts to estimate the cost of a new software 

project. But in this case, the PSO-optimized similarity distance PsoNoSD needs be 

obtained as described in the optimization process in the above section. The 

optimization process makes the analogy-based cost estimator an active learner. So 

the whole estimation procedure needs to be adjusted. 
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The historical software projects dataset is divided in to three subsets: the 

training set, the validation set, and the testing set. Training set is used to train and 

optimize the estimator parameters. The validation set is used for tuning estimator 

parameters. The testing set contains the software projects that need to be estimated 

and it will also be used assess the final estimation accuracy. 

Validation SetTraining Set

NoSD

Similar Software 
Projects

Project Adaptation

The To-be-estimated 
Project

If there are projects 
left in the Training set

Take the next 
project

Estimate the Cost

Analogy-based 
Estimation Process

Yes

No

Compute the Estimation 
Accuracy

PSO Alogorithm Further optimization is needed

Optimized NoSD

Termination criteria is met

PSO-based Similarity 
Distance Optimization

Figure 3.4 The training stage of the PsoNoSD based estimation procedure 
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As the estimator needs to actively optimize the similarity distance before 

estimating cost of new projects, a training process needs to be added to the default 

analogy-based estimation process. So the estimation procedure can be mainly 

divided into two stages: the training stage and the testing stage. 

 

A. The Training Stage. This stage is used to train and to obtain the definition 

of the PSO-optimized distance PsoNoSD based on the training set. The 

general procedure of the training stage is shown as in Figure 3.4. First, the 

NoSD matrix  is computed as defined in section 3.1.3 Then PSO 

algorithm is used to iteratively optimize the matrix. In each iteration of the 

optimization process, a candidate solution  can be obtained and thus a 

candidate similarity distance can be obtained according to the PsoNoSD 

formula in (3.22). Then the estimation error can be computed based on the 

training set and the obtained candidate similarity distance. The PSO 

algorithm iteratively optimizes the distance matrix with the goal of 

minimizing this estimating error and finally returns an optimized matrix 

and this  will be used in the optimized NoSD for cost estimation. 

 

B. The Testing Stage. This stage is aimed at estimating software project cost 

and computing the cost estimation accuracy. The estimation procedure is 

shown as in Figure 3.5. The testing stage is much simpler compared with 

the training stage. It is similar with the default analogy-based software cost 

estimation process except that here the PSO-optimized distance will be 

used instead of the default one. Based on this optimized matrix, the testing 

stage estimates costs of testing set projects and finally the estimation 

accuracy can be computed. 
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 Comparison of Different Similarity Distances 3.3 

Here is a comparison of the proposed NoSD, PsoNoSD, and several commonly 

used similarity distances in software cost estimation. It is shown as in Table 3.3. 

First, the basic Euclidean distance is the most widely used similarity distance in 

software cost estimation. It is so much adopted due to its simplicity and transparency. 

Similarly, Manhattan distance and Chebyshev distance are variants of the Euclidean 

Validation SetTesting Set

Optimized 
NoSD

Similar Software 
Projects

Project Adaptation

The To-be-estimated 
Project

If there are 
projects left in 

the Training set

Take the next 
project

Estimate the Cost

Yes

No

Compute the Estimation 
Accuracy

Analogy-based 
Estimation Process

Figure 3.5 The testing stage of the PsoNoSD based estimation procedure 
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distance and they have also been used in many studies. Essentially, they are all the 

special cases of the Minkowski distance.  

These distances are essentially similar and their cost estimation accuracies are 

also similar. Their definitions are quite simple and they have good computation 

efficiency. But the drawbacks are that they too much simplify the problem and make 

some assumptions that are not aligned with real situation. On the one hand, they 

assume that all features are of equal importance but in fact different features have 

different impact on cost estimation. On the other hand, they assume that features to 

be independent to each other. But the real case is that most features are highly 

correlated with each other.  

The weighted distance solves some of the problems of the Euclidean distance. 

By adding weights to project features, weighted distance gives features different 

weights in distance computation according to their importance to cost estimation. 

This helps reduce noises in collected data and can improve estimation accuracy. But 

it also has some problems. Like Euclidean distance, weighted distance also assumes 

features to be independent with each other which remain a problem to solve. Besides, 

assigning of feature weights becomes another problem and the estimation results 

might be heavily affected by the different dataset distribution. 

Mahalanobis distance uses the inverse of covariance matrix to incorporate data 

distribution into distance computation. It no longer considers project features to be 

independent which is more closed to real life situation. But feature weights are not 

well considered. Besides, the use of covariance matrix can help in problems like 

outlier detection but it is not so fit for the software cost estimation problem. 

To cope with these problems, this study proposes a non-orthogonal space 

similarity distance (NoSD). It defines feature weights using mutual information 

between each feature and the to-be-estimated cost and defines the features 

non-orthogonal relationship using mutual information among features. Finally these 

two factors are combined into a matrix and the matrix is used in the distance 

computation to help measure projects  similarity more accurately. NoSD considers 
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not only the different importance of project features to the cost estimation, but also 

the mutual dependencies between features and regards features to be non-orthogonal. 

This is more closed to the real situation of software projects distribution. Thus it can 

help identify similar historical projects in analog-based software cost estimation and 

improve estimation accuracy. 

Due to the complexity of real life software projects, the estimation accuracy of 

the above discussed similarity distances are heavily affected by the data distribution. 

To fit similarity distance to different real life dataset, the PSO-optimized similarity 

distance (PsoNoSD) is proposed in this study. It optimizes NoSD based on the 

particle swarm optimization algorithm. And this makes the similarity distance more 

adjusted to different dataset and thus can further increase estimation accuracy. 

Considering the computation complexity, the estimation process can be divided 

into two phases: the training phase and the testing phase. For the training phase, 

analogy-based cost estimation using Euclidean distance, Manhattan distance, and 

Minkowski distance is essentially a lazy learner and the time complexity of the 

training phasecan be regarded as . Assume that there are  features in 

software projects, the training time complexity of weighted distance is  since 

it has to compute weight for each feature. For the Mahalanobis distance and NoSD 

the time complexity is  as they have to compute a  covariance matrix. 

For PsoNoSD, it has higher complexity and this is a kind of strategy that improves 

estimation accuracy at the cost if losing certain computation efficiency. Assuming 

the PSO is composed of  particles and the algorithm iterates  in the 

optimization process. For projects of  features, a  matrix needs to be 

optimized. But since it is symmetric, only half of the matrix needs to be computed. 

So the complexity is . For the testing phase, the 

complexities of different similarity distances are similar. Assume that there are  

projects to be estimated, and there are  projects in the validation set. In the testing 

process, the distances between each pair of projects in the testing set and the 
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validation set need to be computed, so the time complexity is . For 

different similarity distance, the difference in time complexity is constant. Euclidean 

distance, Manhattan distance, and Minkowski distance needs least computations. 

Weight distance needs to multiply each item by a feature weight in the distance 

computation. Mahalanobis distance, NoSD, and PsoNoSD need to do two matrix 

multiplications in the distance computation. All these computational overheads are 

constant. 

In summary, Euclidean distance and its several variants have the smallest 

computation complexity. So they are good for their simplicity and efficiency. But 

they suffer loses in estimation accuracy. Weight distance, Mahalanobis distance, and 

NoSD have higher time complexity but they also bring improvement in estimation 

accuracy. PsoNoSD has an even higher time complexity but it can achieve a notable 

increase in estimation accuracy. So generally speaking, the proposed methods NoSD 

and PsoNoSD improve estimation accuracy with the overhead of losing certain 

computation complexity. Since the number of features in software cost estimation 

problem is generally small, so the increase of time complexity of the above 

similarity distances won t bring big problems in real use. Besides, they mostly affect 

the time complexity of the training phrase of the estimation process but the testing 

phrase So the usability to the end users won t be 

affected too much. 

 

Table 3.3 Comparison of Different Similarity Distances 

M ethod Formula Advantages Disadvantages 

Euclidean 
distance  - Simple and quite 

transparent to end 

users. 

- Very efficient in 

computation. 

- Low estimation 

accuracy. 

- Too much 

simplify the 

estimation model. 

Manhattan 
distance 

 

Minkowski 
distance 
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M ethod Formula Advantages Disadvantages 

Weighted 
Euclidean 
distance 

 
- Improved accuracy 

than the distances 

without weights. 

- Takes the 

importance of 

different features into 

consideration. 

- Hard to 

determine proper 

feature weights. 

- Still considers 

different features 

independent to 

each other. 

Weighted 
Manhattan 
distance 

 

Weighted 
Minkowski 
distance  

Mahalanobis 
distance 

 

- Incorporate data 

distribution into 

distance computation 

-  is not 

designed suitable 

for cost estimation 

problem. 

Non-orthogonal 
Space distance  
(NoSD) 

 
- Good estimation 

accuracy. 

- Model is more 

closed to real life 

situation. 

- Parameters can be 

easily computed 

based on mutual 

information. 

- Data distribution 

has considerable 

impact on the 

estimation 

accuracy 

- Increased 

complexity. 

NoSD-Relv  

NoSD-Redu  

NoSD-RRD  

NoSD-RRQ  

PSO-optimized 
NoSD (PsoNsD) 

 

- Significantly 

improvement in 

estimation accuracy. 

- Less influenced by 

complex data 

distribution. 

- Require training 

process 

- Require more 

computation 

resources. 

- Less transparent 

to users. 
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 Summary 3.4 

This chapter proposes two similarity distances NoSD and PsoNoSD for 

analogy-based software cost estimation. NoSD solves some problems of existing 

methods and can notably improve estimation accuracy. PsoNoSD further optimizes 

NoSD against real life software projects dataset and makes the similarity distance 

more adjusted to real life uses. Finally, a comparison of different similarity distances 

gives a summary of the advantages and disadvantages of different distances. 
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 Featue Selection in Analogy-based Software Chapter 4 

Cost Estimation 

As described in section 2.3.3 , feature selection is one of the main steps in 

analogy-based software cost estimation process. Although it is optional in the whole 

process, it has great impact on the estimation result. So mostly certain feature 

selection method will be used in cost estimation and there are also some researches 

that focus on feature selection techniques in cost estimation and/or in other fields 

like gene selection and document classification and so on. In this study, some basic 

feature selection methods are used and tested along with the different similarity 

distances in software cost estimation. Several feature selection methods will be 

discussed in this section. 

 Feature Selection Process 4.1 

Feature selection is a process of selecting the most relevant and important 

feature subset from the all the project features and the selected feature subset will be 

used for later case selection step. So feature selection is generally quite separated 

from the other cost estimation steps. Feature selection method can be used in many 

fields like cost estimation, classification and so on.  

The reason to use feature selection in cost estimation is that there are a lot 

irrelevant features in the software project dataset. These features usually provide 

redundant or even incorrect information so that they may bring much noise in the 

data. Such noise can result in a decline of the final cost estimation accuracy. Another 

reason is that by reducing the number of features, it can greatly increase the 

computation efficiency. Especially when the number of features is very large, it will 

bring great challenge for the estimation task. According to [27], feature selection can 

help improve analysis results, increase classification and estimation accuracy and 
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also help provide user a better understanding of the data. 

The most basic and straightforward way of feature selection is to identify useful 

features manually. Usually some features that are used to describe project size are of 

most importance. This kind of feature section methods rely heavily on the experts  

experiences. Many algorithmic cost estimation methods like COCOMO have a 

definition of what features need to be collected and cost will be estimated based on 

formulas with selected features as into.  

In analogy-based software cost estimation, a more commonly used way is to do 

feature selection automatically since cost are estimated by comparing to historical 

experiences and no knowledge of the features is required in advance. Such feature 

selection is usually based on statistical methods that measure the dependency 

relationship between features. Section 4.3 gives an introduction of the most 

commonly used similarity measures between project features. These project 

similarity measures are usually based on statistical or mutual information related 

methods. 

importance and are critical in feature selection. Finally, section 4.4 gives an example 

All Project Features

Candidate Subset

Select a Subset

Evaluation 
Criteria

Selected Feature Subset

Figure 4.1 Feature Selection Process 
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of mRMR feature selection which is based on mutual information and is a more 

sophisticated method. These feature selection methods will be tested with similarity 

distances in Chapter 2 and Chapter 3 in the later experiments in Chapter 6 . The goal 

is to see how different similarity distances work using commonly used feature 

selection methods. 

The process of feature selection can be shown as in Figure 4.1. Start with all 

the project features, the feature selection method will gradually select a smaller 

subset of features to be used for cost estimation. It is an iterative process that tries to 

get the optimal subset through multiple iterations. Every time a candidate is selected 

for evaluation. The subset selection strategy is discussed in details in section 4.2 . 

Then the candidate subset of features will be evaluated against the evaluation criteria. 

The whole process ends until the evaluation criteria are satisfied and the final 

selected feature subset will be returned. 

These are very general descriptions of the feature selection process. The effect 

feature selection methods usually have complex evaluation criteria and might use 

quite different ways to select a candidate subset but the basic ideas are the same. 

This study  do a deep investigation into feature selection techniques but will 

only look into several commonly used methods. Since features selection is mostly a 

required step in software cost estimation, it is studied and tested to see how 

similarity distances work under different feature selection methods. 

 

 Subset Selection Strategies 4.2 

Essentially, feature subset selection is a searching problem that searches in the 

all possible feature subsets with an evaluation criterion and a goal of finding an 

optimal subset that satisfies the criterion.  

Theoretically, the simplest way of feature selection is just to traverse all 
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possible feature subsets and then get an optimal one. But this brute force method 

does not work in real cases due to the limitation of computational resources. For a 

project dataset of  features there are totally  subsets. The computational 

efficiency will decline dramatically with the increase of feature dimensionality. So 

this method is inapplicable for real usage. 

Most feature subsets are selected using more efficient searching algorithms. A 

very simple and efficient method is feature ranking. Feature ranking evaluates each 

candidate feature subset based on the similarity measures between the feature and 

the to-be-estimated cost. It evaluates each feature with the evaluation criteria and 

simply selects the top  features as the final selected subset. The advantage of 

feature ranking is its simplicity and efficiency. The disadvantage is that it considers 

only the dependencies between each feature and the cost but ignores the 

dependencies between features. So the final selected feature subset is usually less 

optimal and thus this might affect the estimation accuracy. Several feature ranking 

methods using different similarity measures between features are analyzed and 

tested in this study as they are quite widely used in cost estimation. 

nF i

Select proper from FF -ˆf

fFF

Final Selected Subset F

Initial Subset F

Yes

No

Figure 4.2 Greedy forward search for feature subset selection 
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Some more sophisticated subset selection methods are usually based on more 

complex searching algorithms. The commonly used methods include: greedy 

forward search, greedy backward search, beam search, and simulated annealing and 

so on. They usually can help improve estimation accuracy to a certain extent but at 

the cost of suffering drop in efficiency. The mRMR feature selection method 

introduced in 4.4 is an example of this. 

Figure 4.2 is an example of using the greedy forward search for feature subset 

selection. The initial feature subset is empty: . Then the iteration starts and in 

each iteration, it selects a most proper feature in the remaining features and add it to 

the candidate feature subset. The iteration process ends until the required number of 

best features is selected. By searching candidate features iteratively, it simplifies the 

computation process and makes selecting features more efficiently. 

fFF

Final Selected Subset F

Initial Subset FF ˆ

Yes

No

Has Improvement in 
Estimation Accuracy?
Has Improvement in 

Estimation Accuracy?

Select proper fromf F

Figure 4.3 Wrapper method with backward elimination. 
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Beside the different searching method for finding a subset of features, the final 

selected subset of features are also affected by what searching strategy is used in 

feature section. Feature selection is usually classified into two different types: filter 

and wrapper. The wrapper method applies each candidate feature subset to real 

estimation models so as to do the evaluation process whereas the filter method 

usually evaluate feature subsets based on some objective functions without testing 

the subset on real estimation models. So generally, filter shows higher computation 

efficiency but wrapper usually has a more notable contribution on the improvement 

of cost estimation accuracies. 

Figure 4.3 is an illustration of the wrapper method along with the backward 

elimination searching algorithm. Different from the forward searching method, here 

the initial feature candidate subset contains all the features and the features that do 

not contribute to the cost estimation will be eliminated from the candidate subset. In 

every time, a proper feature is selected and it is removed from the current subset 

until the optimal one is obtained. In filter method, evaluation criteria are the core 

part but in wrapper method, the most critical part is to test the candidate subset 

against the estimation model as shown in the figure. This makes the process require 

more computational resources but the result feature subset is more likely optimal. 

In some complicated feature selection methods, both filter and wrapper 

methods are used. Like in mRMR, estimation is divided into two stages: the filter 

stage and the wrapper stage. Since the goal of this study is to compare similarity 

distances in software cost estimation, only filter stage is considered in this study. 

 

 Similarity Measures between Project Features 4.3 

Similarity measures are critical parts of feature selection because feature 

selection method determines the importance of features based on this.  

Assume that the collected software projects dataset is consist of  features 
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. Then feature selection is to select  ( ) features from 

the all the features. The selected subset  where  is 

used for finally cost estimation and it is expected to bring a better estimation 

accuracy than the original unselected feature set. 

In feature selection, filter or wrapper method might be used and different 

searching algorithms might be adopted. No matter what method is used there needs a 

way of measuring feature similarities so that the different importance of features can 

be determined. Followings ae several widely used similarity measures between 

project features in feature selection. 

A. Chi-square Test. It is a statistical approach that can be used to measure 

mutual dependencies between two random variables. In feature selection, 

the  between each feature and the cost is computed. The  features 

with biggest  values are selected as the final feature subset. Chi-square 

test is a widely used statistical method and can be computed efficiently. 

But the drawbacks of it are that it can only be applied to discrete data type. 

So to use it in software cost estimation, the continuous features need to be 

discretized in advance. 

 

B. Correlation Coefficient. It is a statistical factor that measures the mutual 

correlations between random variables. It is defined as in (4.1). Correlation 

coefficient is a value that ranges from -1 to 1. The more the correlation of 

two projects features become closed to -1 or 1, the more dependency these 

two features have (they are positively correlated or negatively correlated). 

But if there correlation gets closed to 0, the two project features are more 

independent to each other. In real uses, there are different ways of 

computing correlation coefficient. The commonly methods are the Pearson 

correlation coefficient and the Spearman correlation coefficient and they 

are defined as follows. 
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 (4.1) 

a) Pearson Cor relation Coefficient. This is defined to measure the 

linear correlated relationship between random variables. It gains very 

wide usage in many areas and there is no user parameter required 

when it is computed. A disadvantage is that it is very sensitive to 

outliers and can be quite inaccurate with low quality data. 

b) Spearman Correlation Coefficient. It is a variant of the Pearson 

correlation coefficient and can be used to detect the dependence 

relationship between random variables. The difference is that 

Spearman correlation coefficient can be used to measure the 

monotonicity relationship between random variables. Spearman 

correlation is equal to 1 if the two random variables are monotonically 

related, even if their relationship is not linear. This is what the Pearson 

correlation cannot achieve. Compared with Pearson correlation 

coefficient, Spearman correlation coefficient is not so good at 

identifying the linear relationship. But it is less sensitive to outliers and 

is more stable than Pearson correlation. 

 

C. Information Gain. Information gain describes how much information a 

random variable can retrieve from another random variable, namely it 

measures how much information is co-determined by two random variables. 

It is defined as in (4.2) where  is the conditional entropy. It can be 

seen from the equation that information gain is actually the mutual 

information defined in (3.12), and they are just two different representation 

of the same information. 
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 (4.2) 

 

D. Information Gain Ratio. This is an extension to the information gain. As 

its name shows, it describes how much percentage the information gain 

takes the random variable s entropy. The definition is shown as in (4.3). It 

standardizes the information gain by dividing the variable s entropy. So 

information gain ratio can be compared with each other more easily.  

 (4.3) 

 

E. Symmetrical Uncertainty. Symmetrical uncertainty is a method 

measuring the symmetrical similarity which is derived from the 

information gain ratio [8]. Essentially, the above introduced information 

gain ratio is a kind of unsymmetrical dependence measure, namely that 

. But in some cases, a symmetrical similarity is 

needed. For example, when the similarity between two software projects  

and  are computed, it is reasonable to assume that 

. In this case the symmetrical uncertainty is a better 

choice. As shown in (4.4), symmetrical uncertainty is defined based on the 

normalized mutual information by dividing the sum of the entropy of the 

random variables. 

 (4.4) 

 

Of these similarity measures, chi-square test is relatively simple, but it can be 
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only applied to discrete type features. Pearson correlation coefficient and Spearman 

correlation coefficient are quite good at continuous features but their results will be 

affected if applied to discrete features. Mutual information based similarity measures 

including information gain, information gain ratio, and symmetrical uncertainty can 

be easily applied to either continuous or discrete features. But there is no rules of 

which one should be selected for certain circumstances. 

These are the most commonly used similarity measures between project 

features in features section. They can be used as a basis for the definition of 

evaluation criteria when a feature subset is selected and evaluated. In the later 

experiments, these similarity measures will be used with feature ranking method for 

feature selection in software cost estimation so that they can be easily compared. 

 

 mRMR Feature Selection 4.4 

mRMR (Minimal Redundancy Maximal Relevance), proposed by Peng 

Hanchuan et al, is a widely used feature selection method that is based on the feature 

redundancy and relevance theory [28]. Similar to feature ranking, it also uses feature 

similarity measures to determine the dependencies between project features. The 

difference is that mRMR not only considers the dependency between features and 

the target cost, but also consider the mutual dependencies between features. As 

discussed in section 4.2 , mRMR uses more complex feature subset searching 

method rather than simply finding the top graded features at a time. mRMR is 

specially introduced here as a more sophisticated feature selection method that will 

be compared together with other feature ranking methods in the later experiments to 

provide users more convincing results. 

The problem of feature ranking is that it only considers the dependencies 

between features and the target cost. For example, for a feature ranking method 

using information gain, only the mutual information between each feature and the 

cost is computed and considered. This is just an analogy of the real feature 
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dependencies. Compared with this, when searching candidate feature subsets, 

mRMR also takes the dependencies between features into considerations. 

mRMR is a combination of the similarities between features and the cost as 

well as among the features. Based on the assumption that a good feature subset 

should have a minimal redundancy with the subset and a maximal relevance with the 

target [29], mRMR tries to select the features that are highly correlated with the 

target cost but less redundant with other selected features. This is just the basic idea 

of mRMR feature selection. 

mRMR is a complex feature selection method that is composed of a filter stage 

and a wrapper stage. The filter stage is a process of selecting a compact feature 

subset from the original project features based on some evaluation criteria. Then the 

wrapper stage selects the final used features from the compact feature subset by 

training and validating the cost model against real life dataset. The filter stage is 

more efficient and the resulted compact feature subset is determined by the 

evaluation criteria. But the selected compact feature subset can be less optimal when 

applied to real life datasets. The wrapper does a further optimization of the filter 

results and it usually provides better results than only using the filter method. But 

the drawback is that it causes much overhead to the computational resources. 

For the feature subset search method, in the filter stage of mRMR, the greedy 

forward search algorithm is used to select the compact feature subset. The initial 

subset is empty and then it iteratively adds candidate features to the subset. In the 

wrapper stage of mRMR, the backward elimination algorithm is used instead to 

eliminate the unrelated features from the compact feature subset in each step of the 

wrapper process. Each time the candidate subset is test against the validation dataset 

and redundant features are removed iteratively until the optimal subset is selected. 

In this study, mRMR is tested using only the filter stage in all the experiments. 

On the one hand, feature selection methods is not the main focus of this research so 

only basic feature selection strategies are adopted and more efforts will be put on 
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project similarity distances. On the other hand, since there is only filter stage for 

other feature selection methods in this study. So only using filters in mRMR helps 

comparing different feature selection methods more easily. 

Similarity measure is a critical part of the mRMR selection process because the 

feature subset evaluation criterion is defined based on it. mRMR is essentially a 

mutual information based feature selection method because it uses mutual 

information as a basis for the defining of feature redundancy and relevance. To 

select features that are highly correlated with the target cost and less redundant with 

other features, mRMR divides the task into two parts: One part is to compute the 

feature relevance with target cost and the other part is to compute the redundancy 

among the features subset. Finally, it combines these two aspects into a single factor 

and searches the candidate features based on incremental searching algorithm. Thus 

proper feature subset is finally selected. 

Assume that the current selected candidate feature subset is , and the target 

cost is . Then the relevance  of the feature subset can be defined based on 

mutual information as in (4.5) and the redundancy  of the feature subset is 

defined as in (4.6). In these two equations,  donates the mutual information 

between two features. Then the evaluation criterion of mRMR can be regarded as to 

find a feature subset  that can maximize  and minimize  at the same time. 

More specifically, mRMR combines the feature relevance and feature redundancy 

into a single factor and the factor is used to evaluate the current selected feature 

subset. There are two types of definitions of the combined factor: one is the 

difference form  and another is the quotient form . The 

difference form is to maximize the value of  whereas the quotient form is 

to maximize the value of . The common point is that they all make mRMR to 

select the features with large relevance  and small redundancy . 
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 (4.5) 

 (4.6) 

 

 Summary 4.5 

This chapter gives a brief introduction of the feature selection methods in 

analogy-based software cost estimation. The basic ideas, feature subset searching 

methods, as well as features similarity measures are discussed. This study focused 

on the use of some basic and commonly used feature selection method to support the 

analysis of different similarity distances in analogy-based software cost estimation. 

So some basic feature ranking methods are introduced and different similarity 

measures are discussed. Also a more complex feature selection method mRMR is 

introduced and compared with other methods. These will be the basis for the 

experiments in later chapters. 
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 Algorithm Details for Estimating Software Cost Chapter 5 

Using Analogy 

Before we get to experiments and results, this chapter gives an introduction of 

the underlying algorithm for the analogy-based software cost estimation. Basically, 

estimating cost using analogy is achieved based on the K-Nearest Neighbor 

Algorithm (KNN) which will be introduced in section 5.1 and it will be explained 

that how the algorithm is adopted in cost estimation field. In this algorithm, the 

number of nearest neighbors selected is one of the important parameters which 

might affect the cost estimation results and it will be discussed in section 5.2 . 

Finally, section 5.3 will give an introduction the project adaptation method in KNN 

algorithm and some commonly used project adaptation methods will be discussed 

and compared. 

 

 K-Nearest Neighbor Algorithm (KNN) 5.1 

K-Nearest Neighbor Algorithm (KNN) is a kind of case-based reasoning 

algorithm and is used as the basis for analogy-based software cost estimation 

technique. Essentially, KNN is a typical lazy learner that the basic algorithm simply 

stores the historical dataset for later testing without further training process in 

advance [30]. For analogy-based software cost estimation, it leverages the basic idea 

of KNN algorithm and estimates software cost by computing similarity distances, 

looking for similar historical projects and doing project adaptations. 

Assume that the software projects dataset is donated as  which is composed 

of  historical projects and the goal is to estimate the cost of a new project . The 

similarity distance between project  and  is computed as . Besides, the 

number of nearest neighbors selected in the algorithm is . Then the KNN 

algorithm can be illustrated as in the pseudo code in Table 5.1. 
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Table 5.1 Pseudo Code for the KNN Algorithm 

comment:  the  K-‐Nearest  Neighbor  Algorithm  

parameters:  t,  the  target  project  to  be  estimated;     

R,  the  software  project  dataset;     

K  the  number  of  nearest  neighbors  to  be  selected  

function     

comment:  initialization  

  

  

  

comment:  compute  distance  between  the  target  and  each  historical  project  

for  each  project      in      do  

;  the  distance  between  project      and     

end  for  

  

comment:  find  the  K  nearest  neighbors  

  

   where   ,     

  

comment:  estimate  using  certain  project  adaptation  method  
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return     

end  function  

 

The KNN algorithm works by looking for K similar cases in the dataset and use 

them as past experiences to help perform new estimations. K is a predefined 

algorithm parameter that determines how many similar cases will be retrieved for 

estimation. In the context of software cost estimation, to estimate the cost of a new 

software project, K similar historical software projects are retrieved and the 

similarity distances between each of them and the target project are computed. 

Based on the similarity distances, the most similar K historical projects can be 

obtained and they serve as the input of project adaptation method which will finally 

output the estimated cost. 

 

 Selection of the Number K 5.2 

The parameter K in KNN, a positive integer, determines how many similar 

historical software projects will be retrieved for estimating new project s cost. Since 

the selection of number K affects the final estimation results and has some influence 

on the estimation accuracy, the parameter K should be selected carefully to help 

KNN algorithm fits better for estimating software cost using analogy.  

Currently, there is no perfect solution for what kind is K is best for all kinds of 

scenarios. The selection of K is more dependent on where the KNN algorithm is 

used and what the tasks are. Here, some commonly adopted approaches for selecting 

K are discussed here. In method [10] proposed by Walkerden et al. only one similar 

historical software project is retrieved (namely that ) since the new cost is 

estimated by comparing the feature  point  of the target project and the 

nearest historical project. But this way makes the result very much dependent on the 

only project with most similar project features and it can be easily affected by some 
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noises or outliers. In [7], it is recommended to set  when estimate 

software cost. In the study proposed by Li Y.F et al [12] and the study proposed by 

Mendes et al [13], the number K is set dynamically by first training it against the 

training dataset before it is finally used for cost estimation. But it is not guaranteed 

to obtain the optimal K. 

In summary, there is no single best solution now for selecting a proper K for 

KNN algorithm in software cost estimation and in practice K is often selected based 

on user experiences and empirical experiments. But generally speaking, K is mostly 

set to small numbers as the size of software projects dataset is usually small [7]. 

 

 Project Adaptation Methods 5.3 

Another integral part of the KNN algorithm and analogy-based software cost 

estimation is the project adaptation method. It is an important steps of the whole cost 

estimation process. After K similar historical software projects are selected in the 

case selection step, these K projects will be served as the input of the project 

adaptation method and then the final estimated cost will be computed. Followings 

are several widely used project adaptation methods. 

 Nearest Project Adaptation Method 5.3.1 

Nearest project adaptation method is to select the most similar (nearest) project 

in all the historical software projects when estimation the cost of a new project. The 

method in [10] uses this project adaptation method as it selects only one similar 

project ( ) for estimation. This project adaptation method is quite simple but 

the problem is that it can be very sensitive to outliers and thus it is easy to produce 

unstable estimation results. 
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 Mean Adaptation Method 5.3.2 

This is one of the most widely used project adaptation methods. Assume that 

the target project to be estimated is  and the K similar historical 

software projects selected in KNN is donated as . Then the 

estimated cost is computed as the mean of all the costs of its K similar neighbors. 

The computation is shown as in (5.1). This project adaptation method has been 

adopted in many researches like [7], [13], and [12] and so on. 

 

 (5.1) 

 

 Median Adaptation Method 5.3.3 

This method is similar to the mean adaptation method except that mathematical 

median is used to compute the final estimated cost instead of mathematical mean. It 

is computed as in (5.2) and it is used in methods like [7], [9], and [12]. 

 

 (5.2) 

 

 Inverse Weighted Distance Mean Adaptation Method 5.3.4 

In the above discussed project adaptation methods, the selected K historical 

software projects are regarded as equally important for cost estimation. But here in 

the Inverse Weighted Distance Mean (IWDM) adaptation method, different projects 

are assigned different weights based on how far they are from the to-be-estimated 

cost. It is defined as in (5.3). As shown in the equation, weighted mean is computed 

where weight is assigned as the standardization of the inverse of the similarity 
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distance. It can be figured out that the historical project with smaller similarity 

distance with the target will have larger influence on the final cost estimation and 

vice versa. 

 

 (5.3) 

 

 Summary 5.4 

This chapter gives an introduction of the K-Nearest Neighbor algorithm and 

explains how it is used in the analogy-based software cost estimation. Besides, the 

selection of parameter K in KNN is discussed and some commonly used project 

adaptation methods are introduced. These give some more detailed view into the 

analogy-based cost estimation method and provide some background information 

for the later experiments and results analysis.  
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 Experiments and Result Analysis Chapter 6 

This chapter gives a summary of all the experiments and results in this study. 

The methods discussed in previous chapters are tested and compared in the 

experiments and results are analyzed. Before experiments and results are detailed 

discussed, section 6.1 introduces the real life software project datasets used in this 

study. Section 6.2 talks about the basic experiment methods and some experiment 

design related issues. Generally, experiments are primarily divided into three parts. 

First, section 6.3 mainly shows the experiment that tests the proposed 

Non-Orthogonal Space Similarity Distance (NoSD). Then, section 6.4 . Finally, 

section 6.5 compares several commonly used feature selection methods and the 

influence of them along with the similarity distance is analyzed. In each part, the 

experiment design is described and results are compared and analyzed. 

 

 Historical Software Projects Datasets 6.1 

Historical software projects dataset is an important part of the analogy-based 

software cost estimation technique as it provides the underlying algorithm with past 

experiences so as to estimate the future. Assume that the dataset is  which is 

composed of  project feature and  historical software projects. Of course, the 

costs of all the software projects are known since they are all historical projects. 

Based on the dataset, the cost of new project can be estimated. 

In some fields, artificial dataset is acceptable for experiments and simulations 

but in software cost estimation field, this is usually impossible due to the complexity 

of software projects dataset. The artificial dataset can hardly reflect real dataset 

distributions. So in practice, real life software projects datasets are used and the 

datasets are usually collected from real software projects. Software projects data can 

be collected and processed by each company during its software development 
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process. This usually results in high quality data with reliable estimation results. 

Another way is to use some public software projects datasets. This is more suitable 

for new companies as they do not have enough time to collect enough data of their 

own. This study adopts the later approach. Two public software projects datasets are 

used and tested in the experiments. The public datasets are collected from real life 

software projects and cover a wide range of application domains and types. This 

makes the experiment results more trustable for different kinds of software projects 

data. Besides, public datasets also makes comparisons between different researches 

more easily. But of course, the public datasets are more complex and since it is 

collected from different organizations of different types of projects, this makes the 

cost estimation process more difficult. 

The two real life software project datasets used in this study are discussed in 

the following texts. 

 

 Desharnais Dataset 6.1.1 

The Desharnais dataset is provided by the PROMISE Software Engineering 

Repository [31]. It contains a number of Canadian software house commercial 

projects. There are 81 historical software projects with 12 project features in the 

dataset. In the experiments, 77 complete projects are used and the remaining 4 

projects with missed values are omitted. As for the features, feature Project  is the 

unique identifier of each software project so it is not used for cost estimation. 

Feature YearEnd  is not related with the cost. Features Transactions , Entities , 

Adjustment , and PointsNonAdjust  are all used to compute the values of feature 

PointsAjust  with a predefined mathematical formula, so only PointsAjust  is 

considered. Finally, the features used in the experiments are: Effort , PointsAjust , 

Length , ManagerExp , TeamExp , and Langage . These features are described 

in details in Table 6.1. 
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Table 6.1 Features Description of the Desharnais Dataset 

Project F eature Type Descr iption 

Effort continuous The cost (measured by man-hour).  

The to-be-estimated feature.  

PointsAjust continuous The adjusted function points. 

A measure of the size of a software project. 

Length continuous Project duration (month) 

ManagerExp continuous Project manager s work experiences (year) 

TeamExp continuous Software project team s experiences (year) 

Language discrete The programming language used in project: 

1 - Basic Cobol 

2 - Advanced Cobol 

3 - 4GL language 

 

 

 ISBSG R8 Dataset 6.1.2 

The ISBSG R8 (Release 8, February, 2003) dataset is provided by the 

International Software Benchmarking Standards Group [32]. It contains 2027 

historical projects and 61 project features. The software projects are collected from 

different application domains with different development types from companies 

globally. This brings much difficulty to the cost estimation. Before it is used for 

experiments, the raw data are preprocessed and cleaned up. First, only projects of 

data quality rating of A  are used according to the provider s recommendation as 

other projects might not have enough quality. Then, projects with missing data are 
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omitted. Besides, some redundant or irrelative features are also removed. There are 

two features Summarized Work Effort  and Normalized Work Effort  can be used 

as the target cost features. According to [33], they essentially imply the same 

information so Summarized Work Effort  is used here as the to-be-estimated target. 

Besides, some literal type features are recoded to make it easier for algorithm 

processing and continuous type features are standardized. Finally, after the data 

preprocessing step, there are 306 historical software projects with 13 features left. 

The features are described as in Table 6.2. 

 

Table 6.2 Features Description of the ISBSG R8 Dataset 

Project F eature Type Descr iption 

Summarized Work Effort continuous The cost (measured by man-hour).  

The to-be-estimated feature. 

Function Points continuous Function points. 

A measure of the size of a software project. 

Project Elapsed Time continuous Project duration (month) 

Counting Technique discrete Counting technique for feature function point 

Development Type discrete Project development type.  

There are: Enhancement, New development, and 

Re-development  

Resource Level discrete The resource information in data collection. 

There are: development team effort, development team 

support, computer operations involvement, and end 

users or clients 

Primary Programming discrete The primary programming language. 



Improving Estimation Accuracy using Better Similarity Distance in Analogy-based Software Cost Estimation 

80 

Project F eature Type Descr iption 

Language There are: C, C++, COBOL, JAVA, and PL/SQL etc. 

Development Platform discrete Project development platform. 

There are: MF (Main Frame), MR (Middle Range), PC 

(Personal Computer) 

How Methodology 

Acquired 

discrete The development methodology used. 

There are Developed In-house, Purchased, and 

Combined Developed/Purchased 

Organisation type discrete Organization type. 

There are: Banking, Communication, Financial, 

Insurance, Manufacturing, and Government etc. 

Business Area Type discrete The business area of the software project. 

There are: Accounting, Banking, Engineering, Financial,  

and Inventory etc. 

Application Type discrete Software Application type. 

There are Information System, Transaction/Production 

System, and Process Control etc. 

Recording Method discrete The recording method of function point data. 

 

 Experiment Methods 6.2 

Some basic experiment methods are discussed here. These include the cross 

validation method, the result evaluation criteria, and the overall experiments design. 

They will be introduced in details in the following sections. 

 Cross Validation Method 6.2.1 

Cross validation is a technique that compares and evaluates a learning 
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algorithm by dividing the dataset into several different parts for training and testing 

[34]. Cross validation is used because software projects dataset usually contains 

quite limited number of historical projects. In practice the collection of high quality 

software project data is a difficult task and is very time consuming. To make the 

most of the collected data, and to obtain relative stable results for better comparison, 

cross validation method is introduced. 

One of the most commonly used methods is the K-fold cross validation method 

which randomly divides the whole historical dataset into K parts of the same or 

largely same size. Then it iterates through all the subsets. In each run, one of the K 

subsets is selected as the testing subset and the remaining is used as the training set. 

The software projects in the training set are regarded as historical projects whose 

costs are already known. The software projects in testing set are regarded as new 

software projects and the costs will be estimated based on the training set data. After 

each run, the estimated costs and the effect costs of the testing set can be compared 

and the estimation accuracy can be assessed. By performing the estimation process 

repeated against the randomly partitioned dataset, the experiment results will 

become more stable and the computed estimation accuracy will be more reliable. 

Two cross validation methods are used this study: leave-one-out cross 

validation and three-way data split validation. They are all variants of the basic 

K-fold cross validation method.  

Leave-one-out cross validation (LOOCV) is a special case of K-fold cross 

validation. For a dataset of  software projects, LOOCV is just the -fold cross 

validation which uses every single project as the testing subset during the 

experiments. The advantage of this method is that it can efficiently leverage the 

limited number of data in software projects dataset. Besides, the estimation results 

are very stable using LOOCV and this makes the comparisons between different 

methods easier.  

Three-way data split validation method is another variant of the K-fold cross 
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validation. The difference is that three-way data split method divides the dataset into 

three equal size subsets instead of two. They are the training subset, the testing 

subset, and the validation subset. The validation subset is used for model validation 

and parameter tuning. This is especially useful for the active learners based on the 

weighted similarity distance, the Mahalanobis distance, and the PSO-optimized 

NoSD, and so on. It is also used in the experiments for a comparison of different 

similarity distances. 

 

 Experiment Results Evaluation Criteria 6.2.2 

Some evaluation criteria are introduced here to help evaluate the cost 

estimation experiment results properly. These criteria help assess software cost 

estimation accuracy from different perspectives and can be useful for analyzing and 

comparison experiment results. 

For a to-be-estimated software project , assume that its effective cost is  

and the estimated cost is . Then the relative estimation error of this estimation can 

be measured using  (Magnitude of Relative Error) which is defined as in (6.1). 

 describes how much error is produced by each estimation. 

 

 (6.1) 

 

Assume that the costs of  software projects are estimated during an 

experiment. Then some criteria are needed to evaluate the overall estimation 

accuracy of the  estimations. One of the commonly used criteria is the  

(Mean Magnitude of Relative Error) which is defined as in (6.2). It is proposed by 

Conte et al. in [35] as a measure of the average relative errors. 
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 (6.2) 

 

Another similar criterion is the  (Median Magnitude of Relative Error) 

which is a measure of the median of relative errors introduced in [36]. It is defined 

as in (6.3). Compared with ,  is less affected by outliers and noises. 

 

 (6.3) 

 

 is another widely used evaluation criterion [35] which assess the 

estimation accuracy from a different way. It is defined in (6.4). It describes the 

percentage of estimations of which the estimated costs fall within  of the effect 

cost.  focuses on the accurate estimations (with errors no greater than 

) but the projects with large estimation errors are not take into consideration. 

 

 (6.4) 

 

In summary, these are the three most widely used evaluation criteria.  

and  measures the estimation errors and  measures 

estimation accuracy. So larger  and smaller  and  

are desired for estimation. Compared with ,  is more sensitive to 

outliers. Compared with  and ,  gives more focuses 

on accurate estimations instead of an average of all the estimations. 
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 Overall Experiments Design 6.2.3 

Generally, experiments in this study are divided into three parts. 

Firstly, section 6.3 gives a summary of the experiments on the proposed 

non-orthogonal space similarity distance (NoSD). This experiment focuses on the 

similarity distance in analogy-based software cost estimation and does a comparison 

of the NoSD with the Euclidean distance. 

Secondly, section 6.4 summaries the experiments on the PSO-optimized 

non-orthogonal space distance (PsoNoSD). The proposed PsoNoSD method is tested 

and results are analyzed. Besides, a systematic comparison is done between different 

similarity distances in analogy-based software cost estimation. The results are 

analyzed and the estimation accuracy of different methods under different algorithm 

parameters can be compared. This provides a deeper understanding of different 

similarity distances in real estimation scenarios. 

Finally, section 6.5 shows the experiments on different feature selection 

methods. Feature selection, one of the major steps of analogy-based software cost 

estimation, has great influence on the estimation results. Several different feature 

selection methods with different similarity measures are compared and the effects of 

feature section on normal cost estimation are analyzed. 

 

 

 Experiments on Non-orthogonal Space Distance (NoSD) 6.3 

This section gives a summary of the experiment on the non-orthogonal space 

similarity distance (NoSD) proposed in section 3.1 . The experiment implements the 

four different variants of NoSD and compared them with the Euclidean distance. 

The results are analyzed and estimation accuracy is computed. 
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 Experiments Design 6.3.1 

The goal of this experiment is to test the NoSD method against real life 

software projects dataset. By comparing NoSD with Euclidean distance, it can show 

the ability of achieving high estimation accuracy for NoSD. 

Table 6.3 lists the different methods tested in this experiment. The proposed 

four variants NoSD-Relv, NoSD-Redu, NoSD-RRD, and NoSD-RRQ of NoSD are 

tested. Euclidean distance is tested as a basis for comparing with NoSD.  

 

Table 6.3 Methods Tested in the NoSD Experiment  

Method Formula Section Descr iption 

Euc  2.4   The Euclidean distance 

NoSD 

 3.1  
The Non-orthogonal  
Space Distance 

NoSD-Relv  3.1.3  
Relevance-based 
Non-orthogonal  
Space Distance 

NoSD-Redu  3.1.3  
Redundancy-based 
Non-orthogonal  
Space Distance 

NoSD-RRD  3.1.3  
The Difference Form of 
Redundancy and  
Relevance based NoSD  

NoSD-RRQ  3.1.3  
The Quotient Form of 
Redundancy and  
Relevance based NoSD 
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Beside the similarity distances discussed above, some other experiment settings 

are listed as in Table 6.4. The experiment is conducted on the two real life datasets 

Desharnais dataset and ISBSG R8 dataset as described in section 6.1 . In the 

experiment, three nearest neighbors ( ) are selected in case selection and Mean 

Project Adaptation method is used for estimating the cost. Furthermore, LOOCV is 

used as the cross validation method to conduct the experiment. 

 

Table 6.4 NoSD Experiment Settings 

Exper iment Settings 
H istorical Software Projects Dataset 

Desharnais Dataset ISBSG R8 Dataset 

Features 
Effort, PointsAjust,  
Length, Langage 

Summarized Work Effort, Function Points, 
Project Elapsed Time, Organization Type, 
Development Platform, Recoding Method, 
Counting Technique 

Number of Features 4 7 

Number of Projects 77 306 

Cross Validation  
Method 

LOOCV 

Number of Nearest 
Neighbors ( ) 

 

Project Adaptation  
Method 

Mean Adaptation Method (section 5.3.2 ) 

 

 

 Experiment Results and Analysis 6.3.2 

The experiment results on ISBSG R8 and Desharnais Dataset are illustrated as 

in Table 6.5. The evaluation criteria , , and  are 



Chapter 6 Experiments and Result Analysis 

87 

 

computed for each tested method on each dataset. Since  and  

show the estimation error and  shows the accuracy, larger 

 and smaller  and  mean better results. 

 

Table 6.5 NoSD Experiment Results 

Method 

ISBSG R8 Dataset 
Evaluation C riter ia 

Desharnais Dataset  
Evaluation C riter ia 

      

Euc 1.37 0.55 0.24 0.40 0.31 0.39 

NoSD-Relv 1.27 0.54 0.24 0.40 0.29 0.45 

NoSD-Redu 1.19 0.60 0.22 0.49 0.36 0.40 

NoSD-RRD 1.29 0.54 0.25 0.37 0.30 0.47 

NoSD-RRQ 1.25 0.51 0.27 0.53 0.36 0.39 

 

First, for the experiment results on the ISBSG R8 dataset, generally NoSD 

shows better estimation results in , , and  in most 

cases compared with the Euclidean distance. In the results, the relevance-based 

NoSD (NoSD-Relv) has similar estimation accuracy with the Eulcidean distance 

(Euc). The  is 0.24 for both methods and the  and  

are also very close. The redundancy based NoSD (NoSD-Redu) shows a bit worse 

result than the Euclidean distance in  and  though it 

achieves the best  in the experiment. Besides, the two forms of the 

redundancy and relevance based NoSD methods NoSD-RRD and NoSD-RRQ 

achieves much better results than others. More specifically, for NoSD-RRD there is 

a 4.2% increase in  and a notable decrease in  and  

compared with Euclidean distance. NoSD-RRQ achieves the largest  
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of 0.27 and smallest  of 0.51 in the experiment.  

 

The result on the Desharnais dataset shows largely similar trend with that on 

the ISBSG R8 dataset but it generally shows higher estimation accuracy than the 

ISBSG R8 dataset. On the Desharnais dataset, NoSD-Redu shows better results than 

Euclidean distance only in , but with larger  and . 

NoSD-Relv achieves some improvements over the Euclidean distance. It has a 15% 

increase in  and some decreases in  and . 

NoSD-RRQ works not so well on the Desharnais dataset that it has the same 

 with Euclidean distance but larger  and . For 

NoSD-RRD, it achieves the best experiment result  largest  of 0.47 

and smallest  of 0.37. 
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Figure 6.1 Results Comparison of NoSD and Euclidean Distance on the 
ISBSG R8 Dataset 



Chapter 6 Experiments and Result Analysis 

89 

 

 

Finally, the experiment results on two datasets are compared. Figure 6.1 and 

Figure 6.2 shows the percentage of increase in  and decrease in 

 of the NoSD method compared with the Euclidean distance (Euc). So in the 

figure, the increase of  (positive percentage values) and decrease of 

 (negative percentage values) mean the improvement in the NoSD method. 

It can be seen from the figures that NoSD has improvement over Euclidean distance 

in most cases. Comparing results on the two datasets, the estimation accuracy on the 

ISBSG R8 dataset is much worse than that on the Desharnais dataset. The reason 

might be that the ISBSG R8 dataset is more complex than the Desharnais dataset. It 

contains software projects of different organizations of different types of domains 

from all over the world. For  NoSD shows better results for NoSD 

than Euclidean distance on the Desharnais dataset, but on ISBSG R8 dataset 

NoSD-Redu is worse than Euclidean distance. For , NoSD-RRD is better 

NoSD-Relv NoSD-Redu NoSD-RRD NoSD-RRQ
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Figure 6.2 Results Comparison of NoSD and Euclidean Distance on the 
Desharnais Dataset 
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than Euclidean distance on the Desharnais dataset, but on the ISBSG R8 dataset, all 

four variants of NoSD show much better results. Generally, the redundancy and 

relevance based NoSD methods (NoSD-RRD and NoSD-RRQ) show quite good 

results on the two datasets. NoSD-RRQ mostly achieves very high estimation 

accuracy and NoSD-RRD is relatively more stable. 

 

 Experiments on PSO Optimized NoSD (PsoNoSD) 6.4 

This section summaries the experiments on the PSO optimized NoSD 

(PsoNoSD) method which is proposed in section 3.2 . The experiment tests and 

analyzes PsoNoSD method for analogy-based software cost estimation. Also, a 

comprehensive comparison between similarity distances introduced in 2.4 along 

with PsoNoSD is conducted. Besides, the different algorithm parameters are also 

considered in the experiment. 

 

 Experiments Design 6.4.1 

The basic goals of this experiment are: 

 To test the proposed PsoNoSD method and assess its estimation accuracy 

on different software projects datasets. 

 To do a comprehensive comparison of different similarity distances in the 

case selection step of analogy-based cost estimation and to verify that the 

new proposed methods can achieve better estimation accuracy.  

 To compare the different variants of NoSD definition and to see how they 

perform on different dataset. 

 To test and analyze some algorithm parameters in the experiment for 

analogy-based software cost estimation.  
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Table 6.6 lists the similarity distances compared in the experiment. There are 

Euclidean distance (Euc), Manhattan distance (Man), Minkowski distance (Min), 

Mahalanobis distance (Mah), the PSO optimized weighted Euclidean distance 

(PsoWE), the proposed non-orthogonal space distance (NoSD), and the proposed 

PSO optimized non-orthogonal space distance (PsoNoSD). These similarity 

distances are systematically compared and analyzed in the experiment. 

 

Table 6.6 Similarity Distances Tested in the PsoNoSD Experiment 

Method Formula Section Descr iption 

Euc  2.4 A Euclidean Distance 

Man  2.4 B Manhattan Distance 

Min  2.4 C Minkowski Distance 

Mah  2.4 E 
Mahalanobis 
Distance 

NoSD 

 3.1  
Non-Orthogonal 
Space Distance 

NoSD-RRD  3.1.3  
The Difference Form 
of NoSD 

NoSD-RRQ  3.1.3  
The Quotient Form 
of NoSD 
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Method Formula Section Descr iption 

PsoWE  2.4 D 
PSO Optimized  
Weighted Euclidean 
Distance 

PsoNoSD  3.2  
PSO Optimized  
Non-Orthogonal  
Space Distance 

 

For NoSD in the experiment, only NoSD-RRD and NoSD-RRQ are tested since 

the experiment in previous section shows that these two can achieve good estimation 

accuracy. For PsoWE and PsoNoSD, to make the result more comparable, they 

adopt the same PSO algorithm with same algorithm parameters. The parameters are 

set according to the recommendation of SPSO (Standard Particle Swarm 

Optimization) [37] as in Table 6.7. Besides, as the goal of optimization is to improve 

software cost estimation accuracy, the objective function is defined as to minimizing 

the average estimation error: . 

 

Table 6.7 Parameter Settings in the Particle Swarm Algorithm 

Algorithm Parameter    

Parameter Value 0.721 1.193 1.193 

 

The experiment is conducted based on the two real life software projects 

dataset Desharnais and ISBSG R8. The experiment settings are listed as in Table 6.8. 

Three way data split cross validation is adopted in the experiment since several 

methods require a training process before estimation. The dataset are randomly split 

into training subset, validation subset, and testing subset as discussed in the 

experiment methods. For the algorithm parameters, values of  are 
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tested as the number of nearest neighbors (K). Besides, three different project 

adaptation methods are tested in the experiments: they are the mean project 

adaptation method (Mean), the median project adaptation method (Median), and the 

inverse weighted distance mean project adaptation method (IWDM). All these 

algorithm parameters, project adaptation methods are tested with all possible 

combinations in the experiment to obtain more reliable results. 

 

Table 6.8 PsoNoSD Experiment Settings 

Exper iment Settings 
H istorical Software Projects Dataset 

Desharnais Dataset ISBSG R8 Dataset 

Project Features 
Effort, PointsAjust, 
Length, Langage 

Summarized Work Effort, Function Points, 
Project Elapsed Time, Organization Type, 
Development Platform, Recoding Method, 
Counting Technique 

Number of Features 4 7 

Number of Projects 77 306 

Cross Validation  
Method 

Three-way data split 

Number of Nearest  
Neighbors (K) 

 

Project Adaptation  
Method 

Mean (mean adaptation 
method) 

 

Median (median adaptation 
method) 

 

IWDM (inverse weighted 
distance mean adaptation 

method) 
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 Experiment Results and Analysis 6.4.2 

To make it easier for reading, the full experiment results are listed in the tables 

in Appendix A .More specifically, Table A 1 lists the experiment results on the 

Desharnais dataset and Table A 2 lists the experiment results on the ISBSG R8 

dataset. Followings are some analysis of the experiment results. 

Table 6.9 summarizes the experiment results in Appendix A and lists the 

summarized experiment results to make it easier for comparison and analysis. In the 

table, The evaluation criteria ,  and  are calculated 

as the average of the values with different adaptation methods grouping by each K 

(the number of nearest neighbors selected in the case selection step) over multiple 

runs. So the results of different methods with different similarity distances tested 

using different number of nearest neighbors are listed. Each result is the average of 

the results of different project adaptation methods of multiple runs, so this makes the 

results more reliable and comparable. 

 

Table 6.9 Experiment Results Summary of Different Similarity Distance 

Method 
Number of 

Nearest 

Neighbors ( ) 

Results on Desharnais Dataste Results on ISBSG R8Dataset 

      

Euc 

1 0.547 0.378 0.325 2.01 0.663 0.186 

2 0.54 0.361 0.342 2.132 0.666 0.19 

3 0.578 0.365 0.347 2.005 0.652 0.195 

4 0.596 0.382 0.345 2.087 0.645 0.201 

5 0.64 0.399 0.328 2.166 0.659 0.204 

Man 1 0.542 0.367 0.338 2.395 0.692 0.182 
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Method 
Number of 

Nearest 

Neighbors ( ) 

Results on Desharnais Dataste Results on ISBSG R8Dataset 

      

2 0.573 0.36 0.35 2.001 0.644 0.198 

3 0.532 0.373 0.348 2.206 0.657 0.201 

4 0.542 0.361 0.359 2.073 0.652 0.199 

5 0.671 0.389 0.341 1.938 0.652 0.192 

Min 

1 0.56 0.37 0.339 2.859 0.746 0.162 

2 0.607 0.37 0.332 3.834 0.758 0.156 

3 0.64 0.378 0.338 2.511 0.722 0.177 

4 0.635 0.369 0.356 3.251 0.745 0.171 

5 0.639 0.407 0.338 3.078 0.741 0.17 

Mah 

1 0.612 0.381 0.328 1.68 0.654 0.193 

2 0.6 0.369 0.338 1.595 0.614 0.198 

3 0.589 0.369 0.347 1.858 0.624 0.206 

4 0.61 0.37 0.345 1.614 0.595 0.217 

5 0.638 0.387 0.349 1.616 0.601 0.219 

NoSD 

1 0.611 0.384 0.33 1.611 0.686 0.19 

2 0.534 0.344 0.38 1.825 0.63 0.202 

3 0.569 0.361 0.369 1.645 0.632 0.206 

4 0.604 0.389 0.337 1.717 0.644 0.2 

5 0.598 0.379 0.354 1.796 0.626 0.207 
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Method 
Number of 

Nearest 

Neighbors ( ) 

Results on Desharnais Dataste Results on ISBSG R8Dataset 

      

PsoWE 

1 0.381 0.309 0.383 1.101 0.645 0.203 

2 0.404 0.293 0.422 1.351 0.618 0.205 

3 0.481 0.31 0.418 1.244 0.589 0.212 

4 0.504 0.314 0.413 1.202 0.584 0.219 

5 0.475 0.321 0.392 1.249 0.576 0.217 

PsoNoSD 

1 0.407 0.297 0.412 1.225 0.628 0.199 

2 0.44 0.304 0.42 1.251 0.6 0.228 

3 0.414 0.29 0.44 1.241 0.574 0.219 

4 0.468 0.31 0.417 1.296 0.583 0.221 

5 0.493 0.314 0.419 1.337 0.596 0.221 

 

First take a look at the algorithm parameter K (the number of nearest neighbors 

selected in case selection step). Generally, it can be seen from the results that it 

shows good estimation results when . But for each method on 

different dataset, the three evaluation criteria ,  and  

change with different values of K. There no such a value of K that can achieve best 

results in all circumstances. So it is hard to make a decision which is the best choice 

for K. But when , the results are generally worse. As the cost estimation 

relies on too few or too many historical software projects, the resulted estimation 

accuracy appears to be quite unstable. 
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a)  Improvements for PsoNoSD b)  Improvements for PsoNoSD 

c)  Improvements for PsoNoSD 

  

d) Estimation  Accuracy  Comparison  for  Different  

Similarity  Distances  

Figure 6.3 PsoNoSD Experiment Results on the Desharnais Dataset 

 

For the proposed PsoNoSD (PSO optimized non-orthogonal space distance) 

method and other similarity distances for comparison, here is a more detailed 

analysis. Figure 6.3 is an illustration that compares PsoNoSD with other methods. 

The subfigure a), b) and c) shows the percentage of improvement of PsoNoSD 

compared with other methods in terms of ,  and  
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respectively. The subfigure d) compares the estimation accuracy of each method in 

one place.  

It can be seen from the figure that PsoNoSD shows a great improvement over 

other methods in terms of all evaluation criteria. More specifically, compared with 

the Euclidean distance (Euc), Manhattan distance (Man), and Minkowski distance, 

PsoNoSD has over 20% improvements in terms of , and a largest 24.94% 

improvement in . The improvements of PsoNoSD over Mahalanobis 

distance and NoSD are also considerable. PsoWE (PSO optimized weighted 

Euclidean distance) and PsoNoSD show much higher estimation accuracy over other 

non-optimized methods. This shows that the particle swarm optimization can help 

significantly improve estimation accuracy in software cost estimation and the idea of 

training and optimizing can help analogy-based software cost estimation works 

better. Besides, compared with PsoWE, PsoNoSD shows better estimation accuracy 

that there are 2.75%, 2.32%, and 3.76% improvements in terms of , 

 and  respectively. Since PsoWE is to optimize the feature 

weights vector while PsoNoSD is to optimize the matrix , it can be inferred that 

optimizing the matrix can results in better estimation accuracy than only optimizing 

the feature weights. The matrix  in PsoNoSD helps describe software projects 

distribution more accurately and thus makes PsoNoSD has the better ability of 

achieving higher estimation accuracy. 

The experiment results on the ISBSG R8 dataset are similar with the results on 

the Desharnais dataset. It is shown as in Table 6.10. Generally, PsoNoSD performs 

better than other methods in terms of all evaluation criteria expect than there is a 

3.086% increase in  compared with PsoWE. This might be caused by the 

complexity of the dataset. As for the results on ISBSG R8 dataset, PsoNoSD shows 

a great improvement in , but not so much improvements in  and 

 compared with that on the Desharnais dataset, though all the 

improvements are still notable. 

In summary, using the PSO algorithm optimized NoSD similarity distance, 
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helps significantly improves the estimation accuracy in analogy-based software cost 

estimation and it works well on the real life software projects datasets. 

 

Table 6.10 PsoNoSD Experiment Results on the ISBSG R8 Dataset 

Compared 
Method 

% of  
Decrease 

% of  
Decrease 

% of  
Increase 

Euc 38.732% 9.897% 11.585% 

Man 38.732% 9.888% 12.239% 

Min 58.57% 20.249% 30.294% 

Mah 23.777% 3.465% 4.906% 

NoSD 25.978% 7.375% 8.423% 

PsoWE 3.086% 0.579% 3.227% 

 

Furthermore, a comparison of different similarity distances under different K 

(the number of nearest neighbors selected) is conducted. The results on the 

Desharnais dataset and the ISBSG R8 dataset are show as in Figure 6.4 and Figure 

6.5 respectively. The subfigures show the , , and  

results of each method corresponding to each K. Thus the estimation accuracy of 

each similarity distance under different K can be easily analyzed and different 

similarity distances can be compared.  
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a)   b)   

c)  

Figure 6.4 Similarity Distances Comparison with Different K on the Desharnais Dataset 

 

For the results on the Desharnais dataset, the final estimation accuracy is quite 

similar for Euclidean distance (Euc), Manhattan distance (Man), Minkowski 

distance (Min), and Mahalanobis distance (Mah) under different number of nearest 

neighbors K. More specifically, Minkowski distance performs worse than the other 

methods in most cases. For the Manhattan distance, it shows good results in  

but the  is similar with that of the Euclidean distance and the 

estimation accuracy is rather unstable. As for different values of K, when K=1 or 5, 
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the estimation accuracy is not so good for most methods. The NoSD method works 

well when K=2 or 3 and compared with the Euclidean distance, it shows notable 

improvements. Besides, the PSO optimized two methods PSoWE and PsoNoSD 

shows much better estimation accuracy than other methods in most cases. Especially, 

for PsoNoSD, it shows even higher estimation accuracy. 

 

a)   b)   

c)  

Figure 6.5 Similarity Distances Comparison with Different K on the ISBSG R8 Dataset 
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For the results on the ISBSG R8 dataset, it shows similar trend under different 

values of K. The Minkowski distance works much worse than other methods. This 

might because that most features in the ISBSG R8 dataset are of discrete type which 

brings much challenge for the cost estimation. The results of Euclidean distance and 

Manhattan distance are similar and compared with them NoSD brings notable 

improvements in estimation accuracy. Mahalanobis distance works well on the 

ISBSG R8 dataset but it is less stable compared with NoSD and it is not so good on 

the Desharnais dataset. Similar with the results on the Desharnais dataset, PsoNoSD 

and PsoWE shows much better results compared with other methods. Compared 

with PsoWE, PsoNoSD achieves higher estimation accuracy in  and 

, except a small decline in the accuracy measured by . 

 

a)   b)  

Figure 6.6 Boxplot of Different Similarity Distances on the Desharnais Dataset 

 

Besides, boxplots of different similarity distances on different datasets are 

plotted as in Figure 6.6 and Figure 6.7 respectively to show the general results 

distribution and to do a comparison of the stability of different similarity distances. 

As  and  are the two most popular evaluation criteria, results 

of these two criteria are shown. On the Desharnais dataset (in Figure 6.6), Euclidean 
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distance (Euc), Manhattan distance (Man) and the Minkowski distance (Min) 

performs similar. Minkowski distance has lower estimation accuracy and Manhattan 

distance is more stable. Mahalanobis is relatively more stable than the Euclidean 

distance while NoSD shows the ability of achieving higher estimation accuracy. 

PsoWE and PsoNoD has higher accuracy than other methods since the optimization 

method helps describe real life dataset better. Compared with PsoWE, PsoNoSD is 

more stable on different dataset. For the results on the ISBSG R8 dataset (in Figure 

6.7), Minkowski shows much worse results than other methods. Mahalanobis 

distance and MoSD achieve good estimation accuracy than Euclidean distance, 

Manhattan distance, and Minkowski distance. PsoNoSD and PsoWE are the two 

methods with highest estimation accuracy and good stability over multiple runs. 

 

a)  

  

b)   

Figure 6.7 Boxplot of Different Similarity Distances on the ISBSG R8 Dataset 

 

Finally, the two NoSD definition variants NoSD-RRD and NoSD-RRQ are 

compared and the boxplots of them are shown as in Figure 6.8. Generally, the results 

of the two methods are similar and it is hard to say which can achieve the best 
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estimation accuracy in all cases. NoSD-RRQ sometimes shows higher accuracy than 

NoSD-RRD, but NoSD-RRD shows stability and can achieve better results on 

average. 

 

a) Desharnais Dataset 

  

b) ISBSG R8 Dataset  

Figure 6.8 Boxplots Comparison of NoSD-RRD and NoSD-RRQ 

 

 

 

 Experiments on Feature Selection Methods 6.5 

This section summarizes the experiments on different feature selection methods. 

Basically, the feature ranking method and the mRMR [28] method are tested and 

several different similarity measures between software project features are compared. 

Finally the results are analyzed to see how these feature selection methods affects 

the analogy-based software cost estimation. 

 

Va
lu

e
0.

60
0.

62
0.

64
0.

66
0.

68
0.

70

RRD RRQ

MdMRE

1.
2

1.
4

1.
6

1.
8

2.
0

RRD RRQ

MMRE

0.
19

0.
20

0.
21

0.
22

0.
23

RRD RRQ

PRED(0.25)

Va
lu

e
0.

30
0.

35
0.

40

RRD RRQ

MdMRE

0.
50

0.
55

0.
60

0.
65

RRD RRQ

MMRE

0.
30

0.
35

0.
40

0.
45

RRD RRQ

PRED(0.25)



Chapter 6 Experiments and Result Analysis 

105 

 

 Experiments Design 6.5.1 

The goal of this experiment is to compare different feature selection methods 

and to see how they affect the software cost estimation accuracy. Though similarity 

distance is the critical part of the analogy-based software cost estimation, it is not 

the only factor that affects the final estimation accuracy. Feature selection method 

also plays an important role in this. The experiment will test and analyze how the 

different feature selection methods will affect estimation accuracy. 

The related similarity measures between software project features are listed as 

in Table 6.11. There are statistics based methods, correlation based methods, and 

information theory based methods. In the experiment, software project features are 

selected using feature ranking method with these listed similarity measures and the 

results are compared so as to see how different similarity measure affects the cost 

estimation results. Besides, mRMR [28] feature selection method is also tested as a 

comparison with the feature ranking method. mRMR is a more complex feature 

selection method and to make the results comparable, only the filter stage of mRMR 

feature selection is tested in the experiment. 

Table 6.11 Similarity Measures Tested in Feature Selection Experiment 

Category Similarity Measures Descr iption Section 

Statistics based  
Method 

Chi-squared Chi-squared Test 

4.3  

Correlation based  
Method 

Pearson Correlation Pearson Correlation Coefficient 

Spearman Correlation Spearman Correlation Coefficient 

Information theory  
based Method 

Information Gain Information Gain 

Information Gain Ratio Information Gain Ratio 

Symmetrical Uncertainty Symmetrical Uncertainty 
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The experiment settings are listed as in Table 6.12. Experiment is conducted on 

the Desharnais dataset and the ISBSG R8 dataset. The results are collected by 

selecting different number of features using different feature selection methods on 

the two datasets. Besides, three nearest neighbors are selected in the case selection 

step and NoSD (non-orthogonal space distance) is used as the similarity distance in 

the experiment. Mean project adaptation method is used for estimating the final cost 

and three-way data split cross validation is used for the whole experiment. 

 

Table 6.12 Feature Selection Experiment Settings 

Exper iment Settings 
H istorical Software Projects Dataset 

ISBSG R8 Dataset Desharnais Dataset 

All Project Features 

Summarized Work Effort,  
Function Points,  
Project Elapsed Time,  
Organization Type,  
Business Area Type,  
Application Type 
Development Platform,  
Primary Programming 
Language, 
How Methodology Acquired, 
Recoding Method,  
Counting Technique,  
Development Type,  
Resource Level,  

Effort,  
PointsAjust,  
Length,  
Langage,  
ManagerExp,  
TeamExp 

Number of all the features 13 6 

Number of Projects 306 77 

Cross Validation Method Three-Way Data Split 

Number of Nearest  
Neighbors (K) 
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Similarity Distance NoSD:  

Project Adaptation Method Mean Project Adaptation Method (section 5.3.2 ) 

 

 

 Experiment Results and Analysis 6.5.2 

The experiment results are shown as in Table 6.13 and the comparison of 

different similarity measures is illustrated as in Figure 6.9. 

 

Table 6.13 Feature Selection Experiment Results on the Desharnais Dataset 

Method 
Number of 

F eatures Selected 
   

Chi-Square 

1 0.738 0.386822 0.329004 

2 0.690949 0.381187 0.354257 

3 0.717658 0.421512 0.309524 

4 0.83139 0.44601 0.2886 

Pearson Correlation 

1 0.716013 0.378749 0.339105 

2 0.711198 0.379215 0.336941 

3 0.794554 0.412878 0.316017 

4 0.674231 0.419274 0.306638 

Spearman Correlation 

1 0.714146 0.367122 0.348485 

2 0.704549 0.385199 0.344156 

3 0.616067 0.370668 0.342713 

4 0.692901 0.428565 0.313131 

Information Gain 
1 0.716769 0.366299 0.34632 

2 0.715268 0.398721 0.343074 
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Method 
Number of 

F eatures Selected 
   

3 0.740159 0.407752 0.313853 

4 0.782821 0.444439 0.297619 

Information Gain Ratio 

1 0.71019 0.376839 0.340909 

2 0.720193 0.383489 0.337662 

3 0.711018 0.400684 0.314935 

4 0.824885 0.443592 0.307359 

Symmetrical Uncertainty 

1 0.732454 0.391924 0.331169 

2 0.695359 0.385255 0.367965 

3 0.725593 0.40766 0.312771 

4 0.811052 0.438519 0.286797 

 

 

a)  

  

b)   

Figure 6.9 Features Similarity Measures Comparison on the Desharnais Dataset 

 

Figure 6.9 shows the  and  of feature selection using 

different similarity measures between software projects. The results of different 
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methods selecting different number of features are compared. The horizontal dash 

line across the figure represents the estimation accuracy of selecting all features 

(namely that no feature selection is adopted in cost estimation). This can be used as 

a baseline for comparing the different methods.  

It can be seen from the figures that most methods show similar trends as the 

number of selected features increases. As for , feature selection results 

in good estimation results in most cases. Chi-squared test and symmetrical 

uncertainty reaches best  when they select 2 features. Then the 

accuracy declines with the increase of the number of feature selected. Spearman 

correlation coefficient shows relatively stable results and the  does not 

change very much when select 1, 2, or 3 features. The estimation accuracy of 

correlation coefficient, information gain, and information gain ratio declines as the 

number of selected features increases. Generally, compared with the baseline of no 

feature selection,  improves for most methods. As for , the 

results are more complex. The accuracy is similar for different methods when 

selected only 1 or 2 features. When 3 features are selected, Spearman correlation 

coefficient achieves the best result. When 4 features are selected, Pearson correlation 

coefficient has the lowest estimation errors.  of Chi-squared test increases 

when selecting more than three features. So generally, on the Desharnais dataset, 

Spearman correlation shows high estimation accuracy. The information theory based 

methods including information gain, information gain ratio, and symmetrical 

uncertainty, works well when select small number of features. Of course, since the 

number of features in software cost estimation is much smaller than that in other 

areas like gene selection, feature selection methods might also performs differently. 
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a)  

  

b)   

Figure 6.10 Features Similarity Measures Comparison on the ISBSG R8 Dataset 

The experiment results on the ISBSG R8 dataset are illustrated as in Figure 

6.10. Generally the  increases with the increase of the number of features 

selected. Pearson correlation coefficient reaches its best when select four features 

and other methods reach the best when select two features. Then the estimation error 

increases as more features are selected. The information theory based methods get 

the worse results when select six to eight features while the correlation based 

methods get the worst results when select nine or ten features. For all similarity 

measures, the estimation error declines in most cases after feature selection is 

performed compared with the baseline. As for , the trend is largely 

opposite to that of  as it measures accuracy instead of errors. Figure shows 

that most similarity measures performs similarly in terms of . Most 

methods reach the highest  when two or three features are selected. 

But there are dramatic declines for the correlation based methods when select three 

or four features. Similar to that for , it can be seen that feature selection can 

greatly improve  accuracy. In summary of the results in  and 

, selecting a small number of features usually can achieve a good 

estimation results in analogy-based cost estimation. This might be caused by the fact 

that there are a lot of noises and irrelative information in software projects dataset. 

Number of features selected

PR
ED

(0
.2

5)

0.17

0.18

0.19

0.20

0.21

1 2 3 4 5 6 7 8 9 10 11

Chi-square
Pearson Correlation
Spearman Correlation
Information Gain
Information Gain Ratio
Symmetrical Uncertainty

Number of features selected

M
M

R
E

1.5

2.0

2.5

1 2 3 4 5 6 7 8 9 10 11

Chi-square
Pearson Correlation
Spearman Correlation
Information Gain
Information Gain Ratio
Symmetrical Uncertainty



Chapter 6 Experiments and Result Analysis 

111 

 

The results above are obtained using feature ranking method with different 

similarity measures between features. Here mRMR feature section [26] is tested and 

compared with the feature ranking method so as to see how different feature 

selection method affects the cost estimation results. mRMR is essentially an 

information theory based feature selection method which defines the feature 

relevance and feature redundancy based on mutual information. A more complex 

feature subset searching approach is adopted in mRMR compared with feature 

ranking. Such searching methods usually are useful in general feature selection 

scenarios so this experiment will test how it performs in analogy-based software cost 

estimation. The results of mRMR feature selction are shown as in Table 6.14. 

 

Table 6.14 Experiemnt Results for mRMR Feature Selection 

Dataset 
Number of 

F eature Selected 
   

ISBSG R8 
Dataset 

1 1.772976 0.604053 0.197985 

2 1.604042 0.600608 0.200163 

3 1.845628 0.675703 0.184913 

4 1.978522 0.672144 0.177015 

5 2.340499 0.679778 0.183279 

6 2.121639 0.663417 0.184913 

7 2.14901 0.655345 0.184913 

8 2.297123 0.675945 0.183007 

9 2.325247 0.68731 0.186547 

10 2.441597 0.691547 0.175109 

11 2.525706 0.710935 0.168301 

Desharnais 
Dataset 

1 0.71921 0.372709 0.338384 

2 0.62072 0.394778 0.339827 
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Dataset 
Number of 

F eature Selected 
   

3 0.559585 0.36993 0.352814 

4 0.706294 0.418909 0.299423 

 

Figure 6.11 and Figure 6.12 illustrate the results comparing mRMR and feature 

ranking methods. The dark blue lines in the figures show the results of the mRMR 

methods and the lines of light grey are the feature ranking methods with different 

similarity measures between features. For the results on the ISBSG R8 dataset 

(Figure 6.11), mRMR shows quite similar results with the feature ranking methods 

and compared with the baseline without feature selection, mRMR brings notable 

improvements in estimation accuracy. 

 

a)  

  

b)   

Figure 6.11 Comparison of mRMR Feature Selection on the ISBSG R8 Dataset 

For the results on the Desharnais dataset (Figure 6.12), mRMR achieves good 

results. It shows notable lower  compared with the feature ranking methods. 

For , the results are similar when one or two features are selected. But 

when three features are selected, mRMR shows higher estimation accuracy. 

Number of features selected

PR
ED

(0
.2

5)

0.17

0.18

0.19

0.20

0.21

1 2 3 4 5 6 7 8 9 10 11

mRMR Feature Selection
Chi-square
Pearson Correlation
Spearman Correlation
Information Gain
Information Gain Ratio
Symmetrical Uncertainty

Number of features selected

M
M

R
E

1.5

2.0

2.5

1 2 3 4 5 6 7 8 9 10 11

mRMR Feature Selection
Chi-square
Pearson Correlation
Spearman Correlation
Information Gain
Information Gain Ratio
Symmetrical Uncertainty



Chapter 6 Experiments and Result Analysis 

113 

 

 

c)  

  

d)   

Figure 6.12 Comparison of mRMR Feature Selection on the Desharnais Dataset 

 

Comparing the results on the two datasets, it can be seen that mRMR has its 

advantages. Especially on the Desharnais dataset, the estimation accuracy shows 

notable improvements using mRMR. But on the ISBSG R8 dataset, mRMR 

performs similarly with feature ranking methods. The reason might be that most 

features in ISBSG R8 dataset are discrete which brings much challenge for 

similarity calculation and analogy-based estimation. Besides, the number of features 

is very small in software cost estimation field, and the dataset contains a lot of 

noises, this makes the feature selection methods performs differently in this cost 

estimation problem compared to other fields. In this study, only the filter part of 

mRMR feature selection is used but in practice if the wrapper part is also applied, 

the estimation accuracy can be even more improved. 
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 Summary 6.6 

This chapter summarizes the experiments conducted in this study. In the 

beginning, two real life historical software projects datasets and the experiment 

methods are introduced. Then three experiments are discussed in three subsections. 

The first experiment mainly tests the proposed NoSD (non-orthogonal space 

distance) and compares its results with the Euclidean distance. Results show that 

NoSD has the ability of improving accuracy in analogy-based cost estimation. Then 

the second experiment does a test on the proposed PsoNoSD (PSO optimized 

non-orthogonal space distance) and the results show that PsoNoSD can help 

significantly increase estimation accuracy. Besides, a comprehensive comparison is 

done between PsoNoSD and several other similarity distances. These include 

Euclidean distance, Manhattan distance, Minkowski distance, Mahalanobis distance, 

NoSD, and PSO optimized weighted Euclideans. The results are analyzed and it 

shows that non-orthogonal space distance can be a better similarity distance for 

analogy-based software cost estimation as it can notably improve estimation 

accuracy. Finally in the third experiment, some commonly used feature selection 

methods are tested and several similarity measures between features are compared. 

Results show that feature selection has considerable impact on the estimation 

accuracy. The experiment shows that combining NoSD and commonly used feature 

selection methods usually can result in better estimation results. 
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 Conclusion and Future Works Chapter 7 

 Conclusion 7.1 

This study does a research mainly on the similarity distance in analogy-based 

software cost estimation. The current related works are studied. A new 

non-orthogonal space similarity distance is proposed and further a PSO based 

non-orthogonal space distance optimization method is introduced. Experiments are 

conducted and results show that the proposed similarity distance can be a good 

choice for analogy-based software cost estimation since it can help significantly 

improve estimation accuracy. 

A primary research of the related works in analogy-based software cost 

estimation is conducted. Following the study of Euclidean distance, Manhattan 

distance, Minkowski distance, weighted Euclidean distance, and Mahalanobis 

distance, the NoSD (Non-orthogonal Space Similarity Distance) is proposed in this 

study. NoSD assumes software project features both to be dependent with each other 

and to have different importance in the computing the distance between software 

projects. Based on NoSD, more similar historical projects can be identified in the 

case selection step and thus the final estimation accuracy can be improved. Based on 

this study another PsoNoSD (PSO Optimized NoSD) method is proposed in this 

study. PSO (particle swarm optimization), a typical space search problem 

optimization algorithm, is adopted in PsoNoSD to optimize the matrix  in the 

distance definition. After the training process, the optimized matrix  is used in 

the NoSD distance and the resulted similarity distance can measure software 

projects similarities better. PsoNoSD helps the similarity distance to be more 

adapted to real life software project datasets and can describe the data distribution 

better. So it can further improve the estimation accuracy in analogy-based software 

cost estimation. 
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Beside the theoretical works, experiments are conducted and the results are 

analyzed in the study to verify the ideas. First, NoSD is compared with Euclidean 

distance (Euc). There is a best 13.1% decrease in  and 12.5% increase in 

 on the ISBSG R8 dataset, and the best improvements on the 

Desharnais dataset are 7.5% and 20.5% respectively. PsoNoSD also achieves good 

results. Compared with the Euclidean distance, PsoNoSD shows a 38.73% 

improvement in  and 11.59% improvement in  on the ISBSG 

R8 dataset and 23.38% and 24.94% respectively on the Desharnais dataset. 

PsoNoSD is also compared with Manhattan distance (Man), Minkowski distance 

(Min), PSO optimized weighted Euclidean distance (PsoWE), and Mahalanobis 

distance (Mah) and results also show significant increase in estimation accuracy. 

Besides, for PsoNoSD and PsoWE, particle swarm optimization is used for both 

methods, but experiment results indicate that optimizing distance matrix in 

PsoNoSD has the ability of achieving higher estimation accuracy. Beside the 

similarity distances, some commonly used feature selection methods and the 

similarity measures between project features are tested in the experiments. Different 

methods are compared based on the real life datasets and their effects on the cost 

estimation accuracy have been analyzed. 

In summary, the proposed NoSD and PsoNoSD method can solve some 

existing problems in the analogy-based software cost estimation. The experiments 

show that this non-orthogonal space similarity distance can be a good alternative to 

the currently used similarity distances such as Euclidean distance in cost estimation 

as it provides the possibility of further improving estimation accuracy. 
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 Future Works 7.2 

This study does a preliminary research on the similarity distances in 

analogy-based software cost estimation. There are still many areas to explore in the 

future. 

Firstly, it can be seen from the experiments that there are quite different results 

on different datasets. The estimation accuracy on the ISBSG R8 dataset is much 

lower than that on the Desharnais dataset. One of the reasons is that ISBSG R8 

dataset is composed of software projects from different application areas of different 

countries. This is more complex than the Desharnais dataset. Besides, most features 

in the ISBSG R8 dataset are of discrete type. These discrete type features are weakly 

correlated and bring great challenge for the similarly computation and cost 

estimation. Currently, overlap similarity is used in analogy-based estimation to 

measure the similarity between discrete typed features which can be problematic 

when there are a lot discrete features. So this is an interesting topic that can be 

further studied. 

Secondly, the algorithm parameter settings are not thoroughly studied in this 

research. Some parameters like the number of nearest neighbors selected (K), and 

the use of project adaptation method, are still assigned based on experiences in 

practice. Currently there is no best solution for setting these parameters. It is a 

research topic how to set these parameters properly in analogy-based cost estimation 

to make the methods fit real life estimations. 

Besides, the proposed NoSD and PsoNoSD methods can be further improved. 

The stability and scope of application can be analyzed in more detail. PSO is used in 

the proposed method but the set of different parameters are not carefully studied. 

These can be interesting topics in analogy-based software cost estimation and the 

future works will be helpful for further improving the software cost estimate 

accuracy. 
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Appendix A  Exper iment Results for the PsoNoSD M ethod 

 

Table A 1 PsoNoSD Experiemnt Results on the Desharnais Dataset 

M ethod 

Number of 

nearest 

neighbors ( ) 

Project 

Adaptation 

M ethod 

   

Euc 

1 Mean 0.547 0.378 0.325 

2 
Mean 0.563 0.364 0.346 

IWDM 0.516 0.359 0.338 

3 

Mean 0.617 0.38 0.341 

Median 0.524 0.342 0.367 

IWDM 0.594 0.374 0.332 

4 

Mean 0.636 0.399 0.337 

Median 0.622 0.388 0.344 

IWDM 0.528 0.358 0.354 

5 

Mean 0.726 0.42 0.315 

Median 0.611 0.388 0.324 

IWDM 0.583 0.389 0.344 

Man 

1 Mean 0.542 0.367 0.338 

2 
Mean 0.551 0.38 0.346 

IWDM 0.595 0.34 0.353 
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M ethod 

Number of 

nearest 

neighbors ( ) 

Project 

Adaptation 

M ethod 

   

3 

Mean 0.609 0.412 0.344 

Median 0.498 0.348 0.359 

IWDM 0.49 0.36 0.34 

4 

Mean 0.562 0.356 0.361 

Median 0.534 0.374 0.366 

IWDM 0.529 0.354 0.351 

5 Mean 0.776 0.409 0.316 

5 
Median 0.655 0.398 0.325 

IWDM 0.583 0.361 0.383 

Min 

1 Mean 0.56 0.37 0.339 

2 
Mean 0.642 0.378 0.342 

IWDM 0.573 0.361 0.323 

3 

Mean 0.735 0.392 0.328 

Median 0.588 0.368 0.353 

IWDM 0.598 0.374 0.333 

4 
Mean 0.738 0.377 0.356 

Median 0.593 0.364 0.367 
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M ethod 

Number of 

nearest 

neighbors ( ) 

Project 

Adaptation 

M ethod 

   

IWDM 0.574 0.367 0.344 

5 

Mean 0.729 0.44 0.313 

Median 0.592 0.4 0.354 

IWDM 0.597 0.382 0.348 

Mah 

1 Mean 0.612 0.381 0.328 

2 
Mean 0.615 0.373 0.342 

IWDM 0.586 0.364 0.334 

3 

Mean 0.594 0.372 0.352 

Median 0.573 0.351 0.355 

IWDM 0.599 0.382 0.333 

4 

Mean 0.617 0.348 0.363 

Median 0.628 0.386 0.34 

IWDM 0.585 0.376 0.331 

5 

Mean 0.673 0.394 0.357 

Median 0.622 0.394 0.339 

IWDM 0.619 0.372 0.351 

NoSD 
1 Mean 0.611 0.384 0.33 

2 Mean 0.534 0.322 0.409 
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M ethod 

Number of 

nearest 

neighbors ( ) 

Project 

Adaptation 

M ethod 

   

IWDM 0.535 0.365 0.351 

3 

Mean 0.618 0.351 0.38 

Median 0.545 0.361 0.37 

IWDM 0.544 0.371 0.357 

4 

Mean 0.647 0.388 0.308 

Median 0.558 0.387 0.367 

IWDM 0.606 0.391 0.334 

5 

Mean 0.662 0.415 0.325 

Median 0.577 0.381 0.36 

IWDM 0.556 0.342 0.377 

PsoWE 

1 Mean 0.381 0.309 0.383 

2 
Mean 0.375 0.275 0.448 

IWDM 0.432 0.312 0.396 

3 

Mean 0.478 0.308 0.416 

Median 0.459 0.298 0.442 

IWDM 0.506 0.324 0.396 

4 Mean 0.587 0.307 0.416 
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M ethod 

Number of 

nearest 

neighbors ( ) 

Project 

Adaptation 

M ethod 

   

Median 0.543 0.338 0.422 

IWDM 0.382 0.297 0.403 

5 

Mean 0.532 0.32 0.396 

Median 0.483 0.308 0.409 

IWDM 0.41 0.336 0.37 

PsoNoSD 
1 Mean 0.407 0.297 0.412 

2 Mean 0.437 0.305 0.412 

PsoNoSD 

2 IWDM 0.444 0.302 0.429 

3 

Mean 0.426 0.289 0.439 

Median 0.403 0.296 0.435 

IWDM 0.414 0.283 0.446 

4 

Mean 0.511 0.329 0.417 

Median 0.453 0.304 0.425 

IWDM 0.442 0.299 0.407 

5 

Mean 0.541 0.317 0.412 

Median 0.498 0.329 0.412 

IWDM 0.441 0.295 0.432 
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Table A 2 PsoNoSD Experiemnt Results on the ISBSGR8 Dataset 

Method 
Number of 

Nearest 
Neighbors ( ) 

Project 
Adaptation 

Method 
   

Euc 

1 Mean 2.01 0.663 0.186 

2 
Mean 2.298 0.665 0.196 

IWDM 1.967 0.667 0.184 

3 

Mean 2.349 0.674 0.191 

Median 1.492 0.623 0.207 

IWDM 2.175 0.66 0.186 

4 

Mean 2.367 0.661 0.194 

Median 1.539 0.625 0.222 

IWDM 2.356 0.65 0.187 

5 

Mean 2.507 0.681 0.19 

Median 1.641 0.644 0.218 

IWDM 2.35 0.653 0.205 

Man 

 

 

 

 

 

1 Mean 2.395 0.692 0.182 

2 
Mean 2.329 0.646 0.192 

IWDM 1.672 0.643 0.204 

3 
Mean 2.436 0.653 0.203 

Median 2.142 0.665 0.192 
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Method 
Number of 

Nearest 
Neighbors ( ) 

Project 
Adaptation 

Method 
   

 

 

Man 

IWDM 2.041 0.654 0.208 

4 

Mean 2.238 0.673 0.192 

Median 1.708 0.642 0.207 

IWDM 2.273 0.64 0.197 

5 

Mean 2.289 0.672 0.191 

Median 1.4 0.645 0.198 

IWDM 2.126 0.639 0.186 

Min 

1 Mean 2.859 0.746 0.162 

2 
Mean 4.278 0.768 0.147 

IWDM 3.389 0.748 0.166 

3 

Mean 2.815 0.746 0.168 

Median 2.06 0.711 0.176 

IWDM 2.659 0.71 0.186 

4 

Mean 3.721 0.775 0.174 

Median 3.32 0.75 0.164 

IWDM 2.711 0.71 0.174 

5 
Mean 3.75 0.793 0.164 

Median 1.954 0.698 0.164 
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Method 
Number of 

Nearest 
Neighbors ( ) 

Project 
Adaptation 

Method 
   

IWDM 3.529 0.731 0.182 

 

Mah 

 

 

 

 

 

 

 

Mah 

1 Mean 1.68 0.654 0.193 

2 
Mean 1.598 0.606 0.194 

IWDM 1.592 0.622 0.203 

3 

Mean 1.79 0.596 0.214 

Median 1.842 0.61 0.208 

IWDM 1.943 0.665 0.198 

4 

Mean 1.76 0.619 0.2 

Median 1.445 0.588 0.217 

IWDM 1.639 0.578 0.233 

5 

Mean 1.743 0.61 0.227 

Median 1.464 0.614 0.212 

IWDM 1.639 0.581 0.218 

NoSD 

1 Mean 1.611 0.686 0.19 

2 
Mean 1.925 0.636 0.207 

IWDM 1.726 0.625 0.197 

3 Mean 1.728 0.628 0.208 
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Method 
Number of 

Nearest 
Neighbors ( ) 

Project 
Adaptation 

Method 
   

Median 1.475 0.634 0.21 

IWDM 1.731 0.634 0.201 

4 

Mean 1.962 0.671 0.206 

Median 1.399 0.608 0.211 

IWDM 1.789 0.651 0.184 

5 

Mean 2.009 0.642 0.194 

Median 1.511 0.603 0.22 

IWDM 1.867 0.632 0.207 

 

 

 

PsoWE 

 

 

 

 

 

 

 

 

PsoWE 

1 Mean 1.101 0.645 0.203 

2 
Mean 1.314 0.633 0.196 

IWDM 1.387 0.603 0.214 

3 

 

3 

Mean 1.398 0.593 0.209 

Median 1.08 0.566 0.231 

IWDM 1.255 0.607 0.195 

4 

Mean 1.36 0.593 0.227 

Median 1.041 0.575 0.219 

IWDM 1.206 0.585 0.211 

5 Mean 1.405 0.578 0.24 
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Method 
Number of 

Nearest 
Neighbors ( ) 

Project 
Adaptation 

Method 
   

Median 0.967 0.539 0.23 

IWDM 1.374 0.611 0.181 

PsoNoSD 

1 Mean 1.225 0.628 0.199 

2 
Mean 1.306 0.615 0.221 

IWDM 1.196 0.584 0.235 

3 

Mean 1.348 0.588 0.214 

Median 1.078 0.574 0.222 

IWDM 1.296 0.56 0.221 

4 

Mean 1.386 0.593 0.204 

Median 1.113 0.557 0.237 

IWDM 1.387 0.598 0.222 

5 

Mean 1.569 0.644 0.214 

Median 1.074 0.574 0.23 

IWDM 1.367 0.571 0.219 
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Appendix B  Development Process and Techniques 

 

This appendix gives an introduction of the development process and related 

technical details for the experiment code in this report. First, the design of different 

modules is discussed. Then the main development environment and some related 

algorithms are introduced. Experiment code is also discussed to shown how the 

experiments are conducted in this research and how the final results are collected. 

Finally, some extensibility issues in the design of the code are presented to show 

how the code is adapted to future changes. 

 

1. Module Design 

In general, the tool is mainly divided into several relatively independent 

modules for the benefits of increasing module reusability as well as decreasing the 

whole complexity. The modules are largely designed to provide different 

functionalities in the analogy-based software cost estimation process or to serve as 

some common utilities. The most important modules are: input module, 

preprocessing module, feature selection module, analogy-based estimation module, 

result evaluation module, validation module, particle swarm optimization module, 

and information theory and statistics module. These modules are organized into 

sub-packages of the whole source code. They are discussed in detail as blew. 

 Input Module.  

This module provides the functionality of basically reading the input 

software projects dataset, converting it to internal format, putting it into 

proper data structure and providing interfaces for other modules to access 

the data. It is organized as the data  package in the source code. 

The input software project datasets provided for the system are required to 

be in CSV file format. The CSV files containing projects data are read 

from disk and finally converted to data frames in the system. Project 
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features are extracted and corresponding values of each project are 

collected. It provides interfaces for other modules to retrieve the projects 

data in a uniformed way. 

 Preprocessing Module 

Preprocessing is the first step in the whole analogy-based software cost 

estimation process. This module is used for preprocessing raw data for later 

estimation. It is organized as preprocess  package in the source code.  

In this research, the ISBSG R8 dataset and the Desharnais dataset are 

preprocessed. The module code includes removing projects of empty fields, 

recoding fields, standardization, and so on. Finally the cleaned results are 

served as input of later modules. 

 Feature Selection Module 

This module is responsible for the feature selection functionality in the 

estimation process which is organized as fs  package in the source code. 

Feature selection, a relatively independent step in analogy-based software 

cost estimation, is very important for improving estimation accuracy. 

Feature selection module provides a common utility for executing feature 

subset extraction and also several piece of code for different feature section 

methods. These include CFS, mRMR, and several feature ranking methods. 

 Analogy-based Estimation Module 

This module is the core part of the system. As its name shows, it provides 

the main functionality of estimating cost based on analogy techniques. It is 

organized in package abe  in the source code. 

This module also contains submodules including case selection, project 

adaptation and so on. Case selection submodule helps find similar 

historical projects when estimating the cost of a new project. Similarity 
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distance is used in this submodule. Several different similarity distances 

are implemented and tested in this tool. They are Euclidean distance, 

Mahalanobis distance, Manhattan distance, Minkowski distance, weighted 

distance, NoSD, PsoWE and PsoNoSD. Besides, to turn analogy-based 

estimation into an active learner, a submodule is designed for transferring 

trained model from training process to the testing process. This will be 

very useful in estimations using weighted Euclidean distance, Mahalanobis 

distance, PsoWE, PsoNoSD, and so on. Project adaptation submodule is 

used to do project adaptation and to perform the final estimation of the cost 

of a new software project. 

 Result Evaluation Module 

Results evaluation module is used for evaluating experiment results in 

terms of several commonly used evaluation criteria. It is defined in 

package evaluation . MMRE, MdMRE, and PRED(0.25) are implemented 

in this tool. 

 Validation Module 

Validation module is design for validating and comparing different 

methods in the experiments. It is organized as package validation  in the 

source code. In this module, the typical K-fold cross validation method, 

LOOCV, and three-way data split methods are implemented and used in all 

the experiments. 

 Particle Swarm Optimization Module 

This module is a basic utility organized in source package pso  to provide 

other modules the particle swarm optimization algorithm. It is used in 

PsoWE and PsoNoSD methods and helps improve code reusability. 

 Information Theory and Statistics Module 

This module is organized as package information . It contains the basic 

functions of computing Shannon entropy, mutual information, correlation 
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and some other statistical values for random variables. It serves as a 

common utility for other modules as many modules containing code 

computing these statistics. 

 

2. Development Environment 

The core code is developed using the R programming language. The R 2.15.1 

platform is used while development which provides a free software environment 

statistical computing and graphics.  

R is selected as the main language as it is very convenient for computing 

statistics as well as conducting experiments and plot graphics. It has plenty of useful 

data structures for holding software projects datasets and other complex data types 

and a number of packages and functions that can help doing mathematical 

computation easily. The summary functions and graphics packages also make it very 

suitable for collecting experiment results and doing summaries automatically. 

 

3. Experiment Code 

Experiment is an important part of this research and the experiment code is also 

carefully designed and organized into a package experiments  in the source code. 

The experiment package has dependent relationships with other functionality 

modules. It leverages the input and preprocessing modules to retrieving and cleaning 

up data. Different experiment code adopts different feature selection method of the 

feature selection module so that the effects on estimation accuracy of different 

feature selection methods can be compared. Different similarity distances 

implemented in the analogy-based estimation module are iterated and used for 

software cost estimation to be properly compared. Finally, estimation results are 

collected and evaluation criteria are calculated to assess the final estimation 
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accuracy. 

Several cross validation methods of the validation module are used in the 

experiments, and results are collected after multiple runs. R is used for gathering the 

experiment results after experiment execution and combining the large number of 

data into the final results by calculating the average of the results of all different runs. 

This helps the experiment to obtain a relatively stable and convincing result. The 

graphics functionality of R helps experiments to summary and plot graphs of 

experiment results automatically during the whole execution and thus makes the 

whole process automated. 

 

4. Extensibility 

The design of this code has certain extensibility to cope with future changes. 

The common parts including extracting feature subsets, finding similar historical 

projects, computing results are relatively stable and can be shared between 

experiments. So they are generally encapsulated into static functions and are called 

during experiments execution. Whereas other parts like selecting feature subsets, 

computing similarity distances, evaluating results based on different criteria and so 

on are more flexible and are more easily to change. To cope with these challenges, 

the modules are designed to load such functions in runtime so that newly added 

methods can also be automatically integrated into the whole system. Take the 

similarity distance for example, besides the already implemented distances like the 

Euclidean distance, Manhattan distance and so on, when a new similarity distance is 

add to the package, it will be automatically identified by the system and can be used 

to experiments without further configurations. 

 

  



Appendix 

137 

 

Appendix C  Compare with the C O C O M O I I Tool 

 

This appendix gives a comparison between the analogy-based software cost 

estimation tool in this research and the widely used COCOMO II tool from the end 

users  point of view. Several aspects including the user inputs, software cost 

estimation accuracy, tool complexity, flexibility and end user transparency are 

discussed and compared. 

 

1. Required User Inputs 

The common goal of analogy-based software cost estimation tool and 

COCOMO tool is to estimate cost of a new software project. But they require 

different user inputs due to the different underlying techniques. 

For the analogy-based software cost estimation tool in this research, there are 

two inputs necessary for the estimation. One is the new software project which is to 

be estimated with its feature values. The other is the historical software projects 

dataset which is to be used as a knowledge base for estimating the future cost by 

learning from past experiences.  

The feature values of the to-be-estimated project will be used to be compared 

with the historical software projects feature values and similarity distance will be 

used to determine their closeness. Since analogy-based estimation is a typical 

learning technique, the requirement for end users to provide enough training cases is 

quite necessary. 

For the COCOMO II tool, the inputs are relatively simpler. End users need to 

tell the system about the new software project to be estimated. The new project is 

inputted into the model in terms of a number of parameters including project size, 

scale factors and effort multipliers.  
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Scale factors and effort multipliers are further calibrated according to different 

stage of the software project. They need to be rated and evaluated by domain experts. 

In general, the COCOMO II model is an algorithmic estimator and the effort is 

computed directly using the inputted parameters. 

Comparing these two tools, they require quite different user inputs. The input 

data for COCOMO II is relatively simpler than that of the analogy-based tool. But 

the deciding of parameter values requires a lot of experiences of experts which is 

usually harder than that of the analogy-based one. For the analogy-based tool, the 

determining of feature values for projects is relatively easier than calibrating the 

COCOMO II parameters. But the collecting of enough number of historical software 

projects for estimation usually requires much effort. 

 

2. Estimation Accuracy 

Estimation accuracy is one of the most concerns of end users in software cost 

estimation. As is covered in literature review, both analogy-based cost estimation 

and COCOMO II have achieved quite good results. It is hard to say one can be 

superior to the other in all cases. But attentions should be paid for end users when 

used then for different situations. 

For the analogy-based software cost estimation tool, there are a large number of 

researches on this and many experiments show good estimation accuracy. One of the 

advantages of this analogy-based one in terms of estimation accuracy is that it can 

dynamically learn from past experiences. This is rather transparent to end users. This 

means that with the increase of good quality software projects in the historical 

dataset, the estimation accuracy of new projects are expected to be increased. Also 

the learning technique can be more easily adapted to some projects of uncommon 

project types or development processes than the COCOMO II model. The estimation 

will change as the change of historical projects which means that the tool can 

dynamically discover changes in project development efforts of a company along the 

time. But the disadvantage is that the collecting of enough good quality historical 
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software projects usually requires a lot effort for end users. Some companies which 

do not have many past experiences in software development will have difficulty in 

providing the historical dataset. Though datasets provided by public repositories can 

be used in practice, it is recommended to maintain the own companies  own datasets 

so that estimation using analogy can achieve good accuracy. 

For the COCOMO II tool, there are not only many researches on it, but also a 

lot of mature products for it. So it might show more confidence in practical use for 

end users. It can achieve good estimation accuracy without the need for many 

historical software projects. But it requires good experts because there are a lot of 

parameters need to be determined by experiences. So generally, COCOMO II tool is 

more suitable for projects with quite experienced end users. COCOMO II model has 

considered many factors in real life software project development and the estimation 

accuracy tends to be good for some typical development process like the waterfall 

model. But it is less adaptable to some new types of software types or development 

processes compared to the analogy-based estimation tool. Unlike the analogy-based 

approach, some characteristics cannot be automatically learned using COCOMO II 

but some adjustments of model parameters needs to be performed by end users. 

 

3. Tool Complexity 

Complexity is also one of the factors that affect user experiences.  

For the COCOMO II tool, the most complexity lies in the user input parameters. 

The project size, the scale factors and the effort multipliers needs to be carefully 

determined by end users. This will usually increase the difficulty for end users so 

usually experienced end users are preferred. But the complexity of the backend is 

quite low. As a typical algorithmic technique, COCOMO II computes the estimated 

cost based on a predefined mathematical formula. As long as the input parameters 

are determined, the calculating of estimated cost is rather simple and quite efficient. 
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For the analogy-based software cost estimation tool, the front end complexity is 

much lower than that of the COCOMO II tool. The end users are not required to be 

experienced experts. To estimate the cost of new projects, the historical projects 

need to be collected. Though this usually requires much time, but end users are not 

necessarily be have that many experiences like for COCOMO II. In this perspective, 

the analogy-based approach is more user-friendly. But the back end complexity is 

much increased to hide the details from end users. It needs to learn experiences, to 

compute similarity distances, and even to train models some methods like NoSD and 

PsoNoSD. So the computing of the estimated cost is more complicated for 

analogy-based tool than COCOMO II tool and the computational efficiency is lower. 

 

4. Flexibility and Transparency 

Flexibility tells how easy can the tool be adapted to users  real problems and 

transparency determines how easy an end user can understand the system. 

In terms of flexibility, COCOMO II tool has more considerations for some real 

life software project problems like development stages and calibrates model factors 

according to real situations. Whereas the analogy-based cost estimation tool can be 

more easily adapted to different situations as it can dynamically learn the software 

development experiences. COCOMO II tool provides end users more customizable 

parameters but it cannot be easily adapted to different types of projects and different 

types of development processes. Analogy-based tool provides more backend 

technique options like different similarity distances, feature selection methods, and 

so on, but it is not easy to make a good decision for end users. 

For the tool transparency, COCOMO II tool is simpler and more transparent if 

users have understood its underlying formulas. Analogy-based estimation tool is 

quite transparent for end users in its dynamic learning concept but the technical 

details might be not so easy for users to be understood. 


