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Abstract 
 

Business environments today progress and change 
rapidly. Most business processes are supported by 
information systems and since the business processes 
change, the information systems need to be modified as 
well. An essential issue with today’s software systems 
is that many of them are interconnected, thus a change 
to one system may cause a ripple effect among other 
systems. Also, numerous systems have been developed 
and modified during many years and to make further 
changes to them requires a lot of effort from the 
organization. This paper proposes a Bayesian network 
for analysis of software change projects. The network 
contains a set of variables affecting the cost of making 
software changes both on architectural and component 
level. An expert survey was conducted in order to find 
the strength of the effect between all the related 
variables. The survey results and the expert elicitation 
method used are described. Two case studies including 
ten software change projects have been evaluated with 
the resulting network. These predictions are compared 
with the actual cost outcome to show the applicability 
of the network. 
 
Index Terms: Bayesian networks, software change 
projects, change cost, expert survey, expert elicitation 
 
1. Introduction 
 

Business environments today progress and change 
rapidly to keep up with evolving markets. Most 
business processes are supported by information 
systems and since the business processes change, the 
information systems need to be modified as well in 
order to continue supporting the processes. These 
modifications can differ from adding a functional 
requirement in one system to implementing a service 
oriented architecture for the whole enterprise. 

An essential issue with today’s software systems is 
that many of them are interconnected, thus a 
modification to one system may cause a ripple effect 
among other systems. Also, numerous systems have 
been developed and modified during many years. To 
make further changes to these systems might require a 
lot of effort from the organization, for example due to a 
large amount of previous modifications implemented 
ad hoc. Problems like these pose questions for IT 
decision makers such as: Is there enough 
documentation describing the systems, and has the 
documentation been updated correctly after each 
modification? Is the source code easy to understand? 
Which systems are interconnected? 

The activities of modifying enterprise systems are 
typically executed in projects and IT decision makers 
often find it difficult to predict and plan their change 
projects. Thus, a large proportion of the projects with 
the purpose of modifying a software system 
environment fail. That is, the projects tend to take 
longer time and cost more than expected. This can 
often occur due to lack of information about the 
systems. Therefore, it would be useful for IT decision 
makers to gather more information in a structured 
manner and use this information to analyze how much 
effort a certain modification to an enterprise 
information system would require. 

Bayesian networks can be used as an approach to 
analyze enterprise information systems. It is an 
approach relying on models containing variables and 
their effect on each other. Thus, instead of starting 
software change projects using trial and error, a 
Bayesian network is proposed to predict the behavior 
and effects of modifications to enterprise systems. The 
network allows reasoning about the consequences of 
various scenarios and thereby support decision making. 

The purpose of this paper is to present a Bayesian 
network as a prediction model for software change 
project cost analysis, an expert elicitation method, and 
expert data gathered in surveys and workshops. The 



network is intended to be employed in decision 
situations when prioritizing, choosing, and planning 
change projects. The results from the network enable 
the decision maker to: (1) make predictions of the 
change cost for different software projects and (2) 
retrieve information for risk analysis in the change 
projects. In order for the network to be able to predict 
change projects well, the network is based on 
experience from previously implemented change 
projects. This experience data has been gathered in 
workshops with industry experts and in surveys with 
academic experts. 

The remainder of the paper is delineated as follows; 
section 2 introduces Bayesian networks. Section 3 
presents the related work on the topic of previously 
proposed software change cost analysis methods, as 
well as related Bayesian learning methods and expert 
elicitation approaches. The following section, section 4 
presents the software change project cost network. 
Next, in section 5 approaches for setting conditional 
probabilities of Bayesian networks are discussed, the 
expert data collection and results are presented, and the 
expert elicitation method for the cost network with 
workshop and survey data is presented in the 
subsection 5.1. Section 6 shows the applicability of the 
network by presenting two case studies with ten 
change projects. Finally, section 7 summarizes the 
paper. 
 
2. Bayesian networks 
 

A Bayesian network, B=(G, P), is described as a 
representation of a joint probability distribution, where 
G=(V, E) is a directed acyclic graph consisting of 
vertices, V, and edges, E [1]. The vertices denote a 
domain of random variables X1,…, Xn, also denoted 
chance nodes. Each chance node, Xi, may take on a 
value xi from the finite domain Val(Xi). The edges 
denote causal dependencies between the nodes, i.e. 
how the nodes relate to each other. The second 
component, P, of the network B, describes a 
conditional probability distribution for each chance 
node, P(Xi), given its parents Pa(Xi) in G. It is possible 
to write the joint probability distribution of the domain 
X1,…, Xn using the chain rule of probability, in the 
product form: 
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In order to specify the joint distribution, the 
respective conditional probabilities that appear in the 
product form must be found. The second component P 
describes distributions for each possible value xi of Xi, 

and pa(Xi) of Pa(Xi), where pa(Xi) is the set of values 
of Pa(xi). These conditional probabilities are 
represented in matrices, here on called conditional 
probability matrices (CPMs). 

If the probabilities of the source variables are 
known, it is possible to infer a value for the target 
variable using the law of total probability, 
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Also, using Bayes’ rule, 
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makes it possible to calculate the values of source 
variables based on the probabilities of a target 
variables. 

A Bayesian network example is presented in Figure 
1 and the corresponding conditional probability matrix 
is presented in Table 1. 
 

 
Figure 1. A Bayesian network example, where 

variable Y affects variable X. 
 

In the example the probability matrix represents the 
probabilities of the variable X to be x1, x2, or x3, if a 
variable Y is y1, y2, or y3. As can be seen in the figure 
the value of variable X would be x1 with a probability 
P(x1|y2) if the value of variable Y is y2. 
 
Table 1. The corresponding conditional probability 
matrix for the example network presented in Figure 

1. 

 
 

For more comprehensive treatments on Bayesian 
networks see [2, 3]. 
 
3. Related works 
 

Several methods for analyzing software change 
costs and the related topic of maintainability 
(sometimes also called modifiability) have been 
suggested, for example the COnstructive COst MOdel 
(COCOMO) for software maintenance cost estimation 
[4], the Definition and Taxonomy for Software 

y 1 y 2 y 3

x 1 P(x1 | y1) P(x1 | y2) P(x1 | y3)

x 2 P(x2 | y1) P(x2 | y2) P(x2 | y3)

x 3 P(x3 | y1) P(x3 | y2) P(x3 | y3)

Y

X



Maintainability [5], the maintainability part of the 
Quality Model proposed by ISO/IEC [6], the 
maintainability software metrics suggested by Fenton 
and Pfleeger [7], and the Software Architecture 
Analysis Method (SAAM) concerning modifiability 
[8]. 

Some of these methods focus on the cost of 
software development and not software modifications. 
Other methods have their centre of attention on 
component level development and change. Few of 
these methods focus on the change project cost for 
enterprise information systems management, i.e., 
taking the surrounding environment and the coupling 
between systems etc into consideration. 

In the field of Bayesian networks learning there are 
numerous methods suggested, some of the more 
famous ones are, the Expectation Maximization (EM) 
[9], B-Course [10], Path Condition (PC), and the 
Necessary Path Condition (NPC) algorithms  [11]. 

The four mentioned methods all require statistical 
data. In this case for instance, it would mean studying 
numerous change projects. Collecting the type of 
statistical data in the amount necessary for these 
methods is very time consuming. It would require data 
collection from hundreds of change projects. 

A common expert experience based technique is the 
expert elicitation approach and it focuses on letting 
experts assess and set probabilities into Bayesian 
networks [12, 13]. However, most experts are 
unfamiliar with concepts such as Bayesian networks 
and conditional probabilities, thus an introductory 
phase is most often necessary. Further discussions on 
the complexity of Bayesian learning methods and 
expert elicitation approaches can be found in [14, 15]. 

Since the available methods for learning Bayesian 
networks do not consider expert opinions and since no 
appropriate method for expert elicitation has been 
found, this paper introduces a newly developed 
method. The proposed method takes expert opinions 
into consideration without the need of introducing the 
experts to the concepts of conditional probabilities and 
Bayesian networks. 
 
4. The software change project cost 
network 
 

This section presents a Bayesian network for 
software change project cost prediction, c.f. Figure 2. 
The network is to be employed when analyzing the 
cost of software change projects, i.e. to predict the 
number of man-hours needed to make a certain 
modification. An IT decision maker can also benefit 
from using the network when doing change project risk 
analysis. 

The presented network is influenced by and based 
on earlier suggested cost and maintainability 
frameworks, scientific papers, and books, such as the 
work by Boehm [4], Oman et al. [5], ISO [6], Fenton 
[7], Bass et al. [8], Brown et al. [16], Broy et al. [17], 
Bengtsson et al. [18], Matinlassi et al. [19], Aggarwal 
et al. [20], Granja-Alvarez et al. [21], Chan et al. [22], 
Grubb et al. [23], Smith [24], and Pigoski [25]. 

Instead of focusing on a single software system or 
component, as many have done before, this network 
intends to support software change cost of enterprise 
systems, i.e. enterprise wide systems of systems. In 
modern system architectures, i.e. systems that are 
tightly coupled, there are new problems occurring, 
problems that need to be taken into account when 
planning for modifications. 

The network is divided into two parts; one with 
focus on architectural modifications and the other on 
component level modifications. Both parts have 
variables considering the people, documentation, tools, 
and infrastructure involved. The main difference is that 
the architectural side reflects on systems and architects 
while the component side reflects on developers and 
components. The network is presented in Figure 2 and 
the usage of the network and previous versions have 
been published in [26, 27]. 

The Bayesian network focuses on the software 
systems and the surrounding environment involved in 
or affected by the modifications implemented in a 
change project. A change project could typically be a 
project adding functionality to systems already in use 
or integrating a newly bought system with other 
systems at the enterprise. The main variable is the 
change project cost. The cost of a change project is 
measured as the number of man-hours needed to make 
the modification. As can be seen in Figure 2 the 
relations connected to the change project cost variable 
is different from all the other relations. It is indicated 
as a dashed line with two plus (+) signs. This 
originates in the fact that these relations are defined as 
the sum of the costs for architectural and component 
changes and thus not a part of the survey described in 
section 6. 

All modifications related to software systems need 
to be formally managed in a controlled manner, 
including changes to be logged, assessed and 
authorized prior to implementation. For change 
projects the change management process is of 
importance. This process need to be mature in order to 
provide the proper support for a project. The maturity 
variable in the network is measured by assessing 
document maturity, metrics maturity, activity maturity, 
and number of assigned responsibilities. 



 
 

 
Figure 2. The Bayesian network for software change project cost analysis. 

 
The change organization refers to the organizations 

implementing the software system modifications, i.e., 
the parties involved in the project, such as the 
customer, the vendors, consultants etc. The change 
organization variables in the network concerns the 
number of architects and developers involved in the 
project. 

Architects are the people in the change project who 
design and modify the architecture of the enterprise 
systems. Developers, on the other hand are the ones 
writing and modifying the source code of the different 
components in the enterprise architecture. The 
architects and developers both have the variables 
expertise and time on project related to them. Expertise 
is measured in terms of change project experience, 
source code or design language experience, and system 
experience. Time on project refers to the amount of 
time a person spend in the project compared to other 
parallel work. 

System documentation is one way for architects and 
developers to understand the systems, the components, 
and the environment. Therefore, the architecture 
documentation and the component documentation must 

be of high quality, e.g. the documentation must be 
available, complete, accurate, consistent, and readable. 
Typical documents could be system rationales, 
requirements and design specifications, test plans, and 
data dictionaries. 

The system environment and the component 
environment contain tools. The available tools have the 
intention of making the modification work easier. 
Although, this require the tools to be of high quality 
e.g. standardized, well known, and easy to use. The 
system and component environment also includes 
infrastructure such as platforms. Infrastructure quality 
is measured in terms of standardization level and 
availability. 

Change projects are divided into architectural 
change activities and component change activities. 
Architectural change activities are the activities 
concerning modifications on an architecture level, i.e. 
involving several systems or components. Component 
change activities concern modifications to a single 
component. Both types of change activities have the 
variables cost, measured as number of man-hours, and 
synchronization need. The more systems, components, 
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people involved, and the higher the coupling between 
them, the higher the need of synchronization will be. 

The change activities perform technical changes to 
the architecture and the components. The technical 
changes have two variables, change difficulty and 
change size. Change size for architecture is measured 
in number of components involved and change size for 
components is measured in number of lines of code 
involved. 

Technical changes are implemented in either a 
system or a component. There are five variables related 
to these, understandability, internal coupling, size, 
complexity, and external coupling. Component external 
coupling concern the relations to other components, 
which is the same as the system internal coupling. 
System external coupling concerns the relations to 
other systems. Component size is measured in number 
of lines of code, and system size is an aggregate of all 
the components. Component internal coupling is the 
interdependence within a component. 
 
5. Conditional probabilities in the network 
 

The variables in the network, c.f. Figure 2, are all 
associated with a conditional probability matrix, as 
described in section 2. There are numerous methods 
available for specifying the numbers in these matrices. 

One way of assigning conditional probabilities to 
causally linked variables is to use expert elicitation 
methods such as surveys, interviews, or workshops 
[12, 13]. However, it is both difficult and time 
consuming to get experts to assign probabilities 
directly into a network. Most people are neither 
familiar with Bayesian network structures nor are they 
used to have discussions in terms of probabilities. 

Another approach is to collect empirical data for the 
variables and then use Bayesian network learning 
algorithms [9, 10, 11]. For example, measure the 
internal coupling, size, and understandability of a 
system in hundreds of cases, and then learn the 
probabilities of these variables based on the collected 
data. As stated in the related works section this 
approach requires a lot of time allocated from both 
researcher and industry, in order to collect the 
necessary amount of empirical data. This type of 
research is indeed required in the long run, but in the 
mean time the expert elicitation approach presented in 
this paper serves as a good complement. 

So far, the variables in the presented network have 
conditional probabilities based on the knowledge from 
43 experts in the field of enterprise system change 
management. Both the approach used for collecting the 
expert data and the expert elicitation method for 
conditional probabilities learning are presented below. 

The data collection phase was divided into two 
parts; the first part focused on collecting data from 
industrial experts and the second part focused on 
academic experts. 

The industrial experts were surveyed in two 
workshops with a total of 13 persons and they were 
given 32 statements related to the relations of the 
Bayesian network, see Figure 2. The academic experts 
were provided with two electronic surveys, one 
focusing on the architectural part of the network and 
the other on the component part. 19 people answered 
the architectural survey and 17 people answered the 
component survey. 

In the workshops and the surveys the persons were 
also provided with questions regarding their 
qualifications as experts. In the workshops, two 
persons were excluded due to lack of expertise; both 
persons stated that they had not enough experience in 
the field. The four persons excluded from the survey 
either had too little experience, less than three years, 
they themselves said that they didn’t feel certain at all 
about their answers, or the answer “I don’t know” was 
given to more than eight questions. 

The question asked to the experts both in the 
workshops and the surveys was: “How large is the 
effect presented in the following statements?” Then the 
experts were provided with statements each 
corresponding to a relation in the Bayesian network. 
See Figure 2 for all the corresponding relations. 

The statements were all arranged as the following 
examples; “Change management process maturity 
affecting architectural change activity cost”, which 
corresponds to the relation labeled as number 1 in the 
network. “Number of architects affecting the 
architectural change activity cost”, corresponding to 
the relation labeled as number 2. 

The answers provided by the experts were given on 
the following scale; High effect, Low effect, No effect, I 
don’t know. High effect between two variables means 
that in most cases when you change the value of the 
affecting variable the affected variable changes as well. 
That is, the variables are highly correlated. Low effect 
between two variables means that in some cases when 
you change the value of the affecting variable the 
affected variable changes as well. I.e. there is low 
correlation between the variables. No effect between 
two variables means that in no (or very few) cases 
when you change the value of the affecting variable the 
affected variable changes as well. That is, there is no 
correlation between the variables.  The “I don't know” 
answer means that either the expert did not understand 
the concepts in the question or the expert understood 
the concepts but did not have the experience to 
estimate the actual effect. 



49 persons did provide answers to the questions 
either in the online surveys or in the workshops. Six of 
the respondents were classified as not credible, thus 
Table 2 only includes the answers from the 43 persons 
classified as credible. 

 
Table 2. Survey results. 

 
 
5.1 Expert elicitation method 
 

This subsection presents the method that uses the 
data presented in the previous section as input for the 
software change cost Bayesian network. There are 
three so called extreme cases that help explain the 
outcome of the method. These cases are all related to 
the answer options provided. 

The first extreme case would occur if the answer 
from all experts was high effect between two variables, 
then the CPM would look like the one presented in 
Table 3. 

 
Table 3. The first extreme case, all experts state that 

variable X has a high effect on variable Y. 

 
 

Table 3 reads; if the value of variable X is measured 
to be x1 then the probability is 1 (100 %) that the value 
of variable Y is y1. Why it is modeled with an extreme 
value and not e.g. with 95 % is because the uncertainty 

will occur from the variety of expert answers and not 
from our bias. If we decide to affect the probability 
then we will have one more source of uncertainty 
which makes is difficult to derive factors influencing 
the correctness. 

The second extreme case would occur if the answer 
from all experts was no effect between two variables, 
then the CPM would look like the one presented in 
Table 4. 

 
Table 4. The second extreme case, all experts state 

that variable X has no effect on variable Y. 

 
 
The third extreme case would occur if the answer 

from all experts was low effect between two variables, 
then the CPM would look like the one presented in 
Table 5. 
 

Table 5. The third extreme case, all experts state 
that variable X has a low effect on variable Y. 

 
 
At the extreme cases with either 100% or 33% 

probability of variable X is affecting Y the expert 
answers is set to have full reliability. The third extreme 
case is set as a midway between these other two which 
reduces our bias. 

As can been seen in Table 2 there are no relations 
between two variables in the network that correspond 
to any of the three extreme cases. Also, some of the 
affected variables have more than one variable as a 
parent. Thus, it is necessary to combine the 
probabilities. 

The algorithms for Bayesian network learning are 
based on the number of answers on each alternative for 
each question (excluding the “I don’t know” answer). 
Every alternative has its own weight for modeling 
uncertainties in the variable relations. These weights 
are correlating to the relations presented in the CPMs 
in Table 3, Table 4, and Table 5. All answers are 
summed up and normalized for each individual 
question in consistency with the equation presented 
below. 
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Statement High 
effect

Low 
effect No effect I don't 

know
Nr of 
resp.

1 10 13 1 5 29
2 9 15 4 1 29
3 26 3 0 0 29
4 9 15 2 3 29
5 25 4 0 0 29
6 15 12 0 2 29
7 17 9 1 2 29
8 11 14 2 2 29
9 22 6 1 0 29

10 18 9 1 1 29
11 19 8 1 1 29
12 21 7 1 0 29
13 25 4 0 0 29
14 14 13 1 1 29
15 19 9 1 0 29
16 10 12 3 4 29
17 12 9 2 2 25
18 11 11 1 2 25
19 21 4 0 0 25
20 12 5 2 6 25
21 20 3 0 2 25
22 20 5 0 0 25
23 6 17 1 1 25
24 13 10 0 2 25
25 12 11 1 1 25
26 13 11 1 0 25
27 18 7 0 0 25
28 13 11 1 0 25
29 22 2 0 1 25
30 16 7 1 1 25
31 18 5 0 2 25
32 10 9 3 3 25

x 1 x2 x3

y1 1 0 0
y2 0 1 0
y3 0 0 1

X

Y

x 1 x2 x3

y1 0.33 0.33 0.33
y2 0.33 0.33 0.33
y3 0.33 0.33 0.33

X

Y

x 1 x2 x3

y1 0.666 0.167 0.167
y2 0.167 0.666 0.167
y3 0.167 0.167 0.666

X

Y



 
    Here n represents the question number; i and j the 
ordinal choices of correlation; and z the number of 
answers. In this specific case the representation is as 
following:  

 
z1,n = number of High effect answers on question n 
z2,n = number of Low effect answers on question n 
z3,n = number of No effect answers on question n 
 
Example: Statement 15 (n=15). See Table 2. 
 
How large is the effect of a system’s external 
coupling on the need of synchronization 
between architectural change activities in a 
software change project? 
 

    Nineteen experts answered that the effect is high, 
nine experts answered that the effect is low, and one 
expert said that there is no effect. With the presented 
expert elicitation method this translates to the CPM 
presented in Table 6. 
 

Table 6. The CPM for the effect between the 
variables in relation number 15. 

 
 
The first entry in the CPM should be read; if the 

system’s external coupling is assessed to be tightly 
coupled then there is an 87 % probability that the need 
for synchronization in the architectural change 
activities is high. 

When there is more than one variable affecting the 
outcome then there will be a joint probability relation. 
A representation of the joint probability between 
questions 1  m is represented as P(Y|X1,…,Xm). For 
each answer alternative i with relating output 
correlation j the joint probability is calculated as 
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A joint probability example between two system 

variables and their joint effect on a system quality is 
presented below. 

 
How large effect does software system size (11) 
have on system understandability? 
 
How large effect does software system internal 
coupling (12) have on system 
understandability? 

 
For the question of how system size affects the 

understandability; nineteen experts answered high, 
eight answered low and one expert said it had no effect. 
For the internal coupling twenty-one experts answered 
high, seven answered low and one answered no effect. 
This translates to a CPM as presented in Table 7. 

In this case the first entry should be read; if system 
internal coupling is assessed to be loosely coupled and 
system size is assessed to be small then there is an 88% 
probability that the system has high understandability. 

 
Table 7. The conditional probability matrix 

corresponding to relation number 11 and 12 in the 
network after expert elicitation. 

 
 
The presented expert elicitation method does not 

need a large amount of empirical data like the Bayesian 
learning methods discussed in the related works 
section. Neither do the surveyed experts need to know 
that much about Bayesian networks or conditional 
probabilities to set the CPMs in the network. 
 
6. Case Study 
 

Once the Bayesian network for software change 
project cost estimation has been learned with the expert 
elicitation method proposed in this paper, it can be 
employed in decision situations. 

This section illustrates the presented maintainability 
network´s capability of predicting the costs of software 
change projects using two different case studies. In the 
first case eight projects within a large Nordic 
manufacturing company were studied. The second case 
considered two projects conducted within a Nordic 
consultancy firm. In this paper one project from the 
first case study, from now on called Project F for the 
sake of anonymity will be gone through more 
thoroughly and have all of its project specific data 
presented. Since the analyzed projects all are finished, 
data concerning their actual cost are obtainable. Thus, 
the network´s predictions of the costs for the ten 
projects are listed, and compared to the actual costs of 
the projects specified in man hours, c.f. Table 9. Along 
with this, the accuracy of each one of the predictions is 
presented.  

Project F was initiated since the company, active in 
the manufacturing domain, predicted increased sales 
and thus an increased amount of employed products. 
To still be able to manage the products a new function 
in the product management portal was needed. In 

Tightly Normal Loose
High 0.874 0.063 0.063

Medium 0.063 0.874 0.063
Low 0.063 0.063 0.874

n=15

Y

…
Small Medium … … … Large

High 0.88 0.48 … … … 0.06
Medium 0.06 0.47 … … … 0.06

Low 0.06 0.05 … … … 0.88
Y

n=12 Loose Tight
n=11



addition to this there was a need for a more secure, 
redundant and scalable server environment to be set up 
along the development of the new software application. 
The project had several objectives concerning 
improvement of the product management business, 
namely; to reduce the amount of hours spent on 
administration related to product management, to 
improve the support for the distributors of the 
products, to improve the quality of the already present 
services, to obtain a scalable, redundant and secure 
communication infrastructure and finally, to future 
proof the communication and server environment in 
terms of more long lasting functionality. 

Information regarding the product management 
portal, its desiderated new functionality, as well as the 
project environment was gathered and the Bayesian 
network was instantiated. The information was 
obtained through interviews with relevant project 
stakeholders, e.g. the head project manager and system 
architect, as well as through studies of documents and 
archival records, e.g. the final report of the project. 
Furthermore a survey was adopted to back-up the 
already collected information and to reach project 
stakeholders not able to contribute to the study any 
other way.  

In Table 8 below, the collected data for Project F is 
presented. 

Now, having a slight broader understanding of the 
details concerning Project F´s change environment we 
can in Table 9, see how the prediction of its cost turned 
out and compare it with the actual cost. The predictions 
for the remaining nine projects are also listed. Project 
A and B are those conducted at the consultancy firm. 

As can be seen Table 9 is divided into three, from 
now on called, segments reading Large, Medium and 
Small. Further, both the actual cost of conducting the 
project as well as the prediction of the change cost as 
estimated by the Bayesian network for software change 
project cost analysis is presented in the table. The last 
column indicates the accuracy of the prediction, i.e. 
how close to the real value the prediction is. This can 
be seen as the primary measure for the quality of the 
predictions the proposed network is capable of. 
Continuing our study of project F we can see that the 
actual cost turned out to be 20000 man hours. The 
predicted cost in turn, given the empirical data from 
Table 8, turned out to be 17090 man hours. Thus, the 
accuracy of the prediction can be calculated to be 85,5 
%. Studying the other projects with respect to their 
actual and predicted cost we can see that the accuracy 
measure spans from a lower bound of 57 % to 99.6 %. 
Moreover, 9 out of the 10 projects have an estimated 
cost within ranges of 16 % from the actual cost. 

Table 8. Collected empirical data for software 
change project F. 

Variables Project F 
Change Management 
Process Maturity Not mature 

Change Organizations Number of Developers Few 
Number of Architects Medium 

Architectural Change 
Activities 

Cost Medium 
Synchronization Need N/A 

Technical Changes to 
Architecture 

Change Difficulty Normal 
Change Size Medium 

Systems Understandability Normal 
Internal Coupling Tightly 

Size Small 
External Coupling Tightly 

Complexity N/A 
System Change 
Environment 

Quality of Tools Medium 
Quality of Infrastructure N/A 

Architectural 
Documentation Quality Low 

Architect Team Expertise High 
Time on Project Low 

Component Change 
Activities 

Cost Medium 
Synchronization Need N/A 

Technical Changes to 
Components 

Change Difficulty Normal 
Change Size Medium 

Components Understandability Normal 
Internal Coupling Normal 

Size Small 
External Coupling Loose 

Complexity N/A 
Component Change 
Environment 

Quality of Tools High 
Quality of Infrastructure N/A 

Component 
Documentation Quality Medium 

Developer Team Expertise Low 
Time on Project High 

 
The presented network for software change project 

cost analysis gives its values in the top node Change 
project cost as probabilities of the change costs being 
either High, Medium or Low. To enable predictions to 
be estimated in man hours, which is a more common 
and intuitive measure, the probabilities needs to be 
transformed into costs. Transforming probabilities into 
costs, with a generally implementable cost interval, is 
not an easy task, and a significant part of our ongoing 
research. In this paper the problem of probability 
transformation is approached by the introduction of the 
already mentioned segments in Table 9. These 
segments take into consideration whether the projects 
are seen as being of either Large, Medium or Small 
size. In order to reach the levels of accuracy presented 
in Table 9 the projects have to be fitted into one of the 
three segments before the estimation is done. This has 
so far only been done a posteriori to produce the 
wanted estimates and further research is being 
conducted to classify these more objectively and 
generally. 
 



Table 9. Studied projects with actual cost, predicted 
cost and accuracy of conducted predictions. 

Project 
size 

Project 
 nr 

Actual 
cost 

Pred. 
Cost Accuracy 

Large 

Project A 20000 22680 0,882 
Project F 20000 17090 0,855 
Project B 14000 14460 0,968 
Project D 9100 8600 0,945 

Medium Project J 6266 5490 0,876 
Project H 6228 6310 0,987 

Small 

Project E 3000 2520 0,84 
Project I 2440 2250 0,922 
Project C 2300 2310 0,996 
Project G 1200 2105 0,57 

 
Once the project has been fitted into a segment, then 

it is possible to make a rather accurate cost estimation. 
Table 10 depicts the transformation from probabilities 
of High, Medium, and Low cost to number of man-
hours for Large, Medium, and Small projects. 

 
Table 10. Cost intervals for categorization of a 

project´s size. 
segment \ cost High Medium Low 

Large 40000 6000 1000 
Medium 12000 6000 1000 

Small 5000 2500 1000 
 

To be able to utilize the prediction capabilities of 
the Bayesian network for software change project cost 
analysis within the accuracy ranges from Table 9, a 
highly subjective prediction of the size of the project 
needs to be done. This high level prediction of the 
project size is preferably performed by project 
managers having experience of the project culture in 
the company where the prediction network is to be 
applied. Here a simple categorization aiming at 
determining if, dependent on the company, the largest 
projects commonly turns out to demand either 40000, 
12000 or 5000 man hours. For example, if the largest 
projects in a company in general are considered to 
utilize man hours closer to the range of 40000 man 
hours than 12000 man hours the project should be 
labeled as a Large project. This means that the 
probabilities of a project being High, Medium or Low 
in the Bayesian network in Figure 2 are mapped to the 
man hour levels 40000, 6000 and 1000 respectively. If 
the project instead had been determined to be of 
Medium size the probabilities would have been 
mapped to the levels 12000, 6000 and 1000. 

In a future version of the presented prediction 
network there will hopefully not be a need for the 
project managers to match each project with the 
segments presented in Table 10. General cost levels 
suitable for change cost predications independent of 
the project manager’s subjective size segmentation of 

the projects will be obtained through empirical studies 
where data for calibrating the change costs variable 
will be used. 

A decision maker, typically a project leader within 
software change projects, will be provided with three 
sorts of valuable information when utilizing the 
presented network. Firstly, the expected costs of a set 
of change projects can be predicted. This means that a 
more rational decision making, concerning what parts 
of a company´s project portfolio that should be 
prioritized, is enabled. Furthermore, it is possible for a 
decision maker to test different scenarios regarding the 
variable values in the network in order to try to lower 
the cost of a specific project and thereby providing 
increased decision support for software project 
portfolio prioritization. This could for example be 
realized by involving other developers having more 
suitable experience within the chosen design specific 
language in the project. 

Secondly, when a project has been chosen from the 
portfolio to be initiated the network will be able to aid 
the project manager in the planning phase of the 
project. The planner can for instance get assistance to 
choose both architectural and development team size, 
as well as elaborate how the team expertise will affect 
the outcome. 

Thirdly, the instantiated network can be used for 
conducting risk analysis. The network is for example 
able to expose parts of the project with a high risk of 
increasing its cost. Hence, action plans can be set up 
accordingly to mitigate the occurrence of these risks. 
This enables the resources chosen for the project to be 
optimized for the project specific change activities. 
Hence, the risk of the project exceeding its given 
budget and timeframes are somewhat more 
controllable. In Project F, an identified risk is the low 
quality of architectural documentation. This could for 
example result in that the understanding of the systems 
involved will cause a cost increase, and as a 
consequence that the project exceeds its budget. 

  
7. Summary 
 

This paper presented a Bayesian network 
customized for maintainability analysis of enterprise 
systems, thus the network consists of variables that can 
be used to predict software change project cost. IT 
decision makers employing the network will be able to 
make predictions of the change costs for different 
software projects. Furthermore, project managers will 
be aided in the planning phase of the project due to the 
increased amount of available information regarding 
the resource and competence need. The network also 
allows information for risk analysis in change projects 



to be retrieved. In summary, support for software 
change project prioritization, planning, and risk 
analysis is enabled by the suggested network for 
maintainability. 
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