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This paper discusses recent Bayesian nets built for software development effort prediction. Its aim is to bring closer these models
as they may be competitive for other modeling techniques, especially for data-driven machine learning and statistical techniques.
Each model has been briefly described and then analyzed in detail in terms of its main purpose, type of structure, data/knowledge
base for building a model. Some models have been empirically validated for predictive accuracy and we discuss the results of this
validation. The paper also discusses main problems related to building such models by domain experts.
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1. BACKGROUND
Predicting software development effort has been
one of the most important and widely studied areas
of software engineering and project management.
Various statistical, machine learning and artificial
intelligence methods have been investigated to
build predictive models. There is no technique that
provides the most accurate results for all possible
environments. Several studies provide guidelines
on selecting the most appropriate technique for a
specific problem in software engineering area under
various constraints and data availability and quality
[7, 8, 22, 27, 50, 59].
Most techniques are heavily based on the
availability of empirical data of appropriate volume
and granularity. Often software companies do not
have such data and thus they can use such
techniques in a very limited way. One of the
solutions to overcome this problem is to gather
more data on development effort. However, this
process may be too costly and inefficient. The
second solution is to incorporate expert knowledge
into predictive models. Bayesian net (BN) is one of
techniques that enable this.
More precisely, BNs can be built either purely
based on expert judgment, purely based on
empirical data or using a combination of both expert
*

judgment and empirical data. This flexibility is a
very useful feature that has attracted researchers
from diverse fields, including software engineering
and project management. BNs also have a set of
other advantages such as ability to reflect causal
relationships, explicit incorporation of uncertainty
as probability distribution for each variable,
graphical representation that makes a model clear,
ability of both forward and backward inference, and
ability to run a model with missing data.
This paper discusses the most relevant BN
models that have been built for software
development effort prediction. Tha main goal of this
paper is to bring closer the technique of BNs by
showing how it has been used so far for this problem
and what results have the authors achieved.
The paper is targeted for managers and software
engineers who do not necessarily have a strong
background in statistics and artificial intelligence.
Thus, it does not provide technical details in the
form of formal equations. Rather, it is focused on
the practical issues related with model building and
using. It may serve as a starting point for researchers
who are new to BNs but would like to see how they
perform in software effort prediction. It may also
be a reference material for comparing the existing
models with those, which will be developed in
future.
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This paper is an extended version of [40]. This
extension involves:
— more models used in analysis, especially
those which have been built and published
between years 2006 and 2010;
— more detailed analysis, specifically related
to various classifications of these models,
the empirical base used in the process of
building the models, and the results of
validation of these models;
— the discussion on general problems related
to building, validating and using such
models in practice.
This paper is organized as follows: Section 2
brings closer a research approach followed in this
study. Then, Section 3 provides a brief introduction
to Bayesian nets. Section 4 contains a textual
overview of analyzed models. These models have
been compared in details in Section 5. In Section 6
we discuss some of the most important limitations
related to building and using such models by
domain experts.
2. RESEACH APPROACH
Finding relevant papers involved searching in
popular databases of scientific publications such as
IEEE Xplore, ACM Digital Library, Elsevier’s
ScienceDirect and SpringerLink. We found
additional relevant papers by analyzing references
and citations of those found initially. To find other
papers of these authors this search also involved
authors’ websites. All of these papers have been
analyzed for relevance based on their titles and
abstracts.
During this search we found several other
papers on Bayesian nets but we kept them out from
further investigation. Among them, there were
papers on Bayesian net theory. Some of these papers
contained some models presented only as a proof
of concept for the theoretical work – no practical
benefit can be gained from such model. Other
papers included models for various applications
outside the main area of software development
effort prediction. They have also been excluded
from further analysis.
After this preliminary search 23 publications
have been included in detailed analysis. This
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analysis involved such issues as the main problem/
area modeled, type of model structure, base for
building a model (data, knowledge or both),
performing empirical validation, and the results of
this validation.
The authors of some models also reported issues
related to the process of model development and
use in target environment. These reports, together
with other papers discussing topics on modeling
and using BNs, also in other fields such as medicine,
have been used to formulate the important
limitations of using BNs in practice.
3. INTRODUCTION TO BAYESIAN NETS
Bayesian net (BN) [12, 25, 37, 47] is a probabilistic
model containing a set of random variables
X = {X1, …, Xn} that has two perspectives: graphical
and numeric. Graphically, it is a directed acyclic
graph where a node represents a variable Xi and an
arc represents a relationship between pair of
variables. The graph structure reflects a set of
conditional independence assertions.
Numerically, a BN consists of a set of
conditional
probability
distributions
P(Xi|parents(Xi)). Here, parents(Xi) denotes a set of
variables being direct predecessors (parents) for
variable Xi. Thus, each probability distribution
encodes the information on the local relationships
by defining how variable Xi depends on the states
of its parents. Formally, a joint probability
distribution for a BN is defined as:
n

P( X1 ,..., Xn ) = ∏ P( Xi |parents( Xi )) .
i=1

(1)

Figure 1 illustrates an example of a BN for
software project management. To keep the
probability distributions compact all nodes are
binary, i.e. they have only two possible states. Three
nodes in the top row (CI, DP and TE) do not have
parents and thus are called root nodes. Other nodes
are called child nodes.
The root nodes are not defined conditionally on
other nodes – their prior probabilities seem to be
unconditional. However, these probabilities are also
based on some assumptions and reflect expert
belief, the frequency of occurrence in the past or
other source of information. Therefore, they are still
conditional on these assumptions. For simplicity
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Figure 1: Example of a Simple BN

their probabilities are written as P(Xi) instead of
P(X i |expert knowledge), P(X i |past data), or
P(Xi|other available information).
The process of calculation of a BN model
involves using so called Bayes’ theorem [3], where
for an uncertain variable X and data D:

P( X|D) =

P(D|X )P( X )
.
P(D)

(2)

Calculating complex BN is not a trivial task.
Hence, several exact and approximate algorithms
have been developed. The discussion of their details
is beyond the scope of this paper and interested
readers can follow this topic in [12, 25, 37, 47].
Decision network (DN), also called an influence
diagram, is a generalization of a BN useful in
optimization problems. Apart from random
variables, as in a BN, it also contains decision and
utility nodes. Decision node reflects a set of possible
alternatives that a decision maker may take for a
given problem. Utility (or value) node reflects how
desirable are the combinations of outcomes from
the other types of variables, i.e. random and
decision variables. Frequently, this utility is
expressed in monetary units.
BNs can have various topologies, although these
analyzed in this paper fall into four categories
summarized in Table 1 and illustrated in Figure 2.
The ability to reflect causal relationships is of the
greatest advantages of CBN and DBN over other
Vol. 2, No. 2, July-December 2010

topologies. Both of them may contain multiple
dependent variables. Further, there is no fixed list
of such dependent variables. During model usage,
if a user enters and observation to a variable, this
variable becomes a predictor used to calculate
posterior probabilities for all other variables, i.e.
dependent variables. Additionally, only DBN may
intuitively reflect the dynamics of a modeled
system. Clear advantages of NB and CS are their
simplicity and fast model building, both by an
expert and by a learning algorithm. Decision
networks typically have structures of CBNs and
DBNs, with additional types of variables.
BN models may also be built with other
topologies, for example as a Tree Augmented
Network, a kind of Naïve Bayes model with
additional links among predictors. These additional
topologies have not been used in the analyzed
models. Thus, we do not discuss them here and we
refer to the literature for details on them [9, 19].
4. SUMMARY OF RELATED MODELS
This section provides a general overview of the
analyzed BNs for software effort prediction. Figures
3 and 4 summarize analyzed models by illustrating
the number of publications that present related BNs
– per publication type and journal/venue,
respectively. It can be observed that most models
have been published in conference proceedings and
in journals. It does do seem to be surprising because
these are the most common publication types in
97
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Table 1
Features of Main BN Topologies Used in Models for Effort Prediction
Name

Description

Number of
dependent
variables

Contains
causal
relationships

Reflects
system
dynamics

Converging Star
(CS)

a star with the links directed from each predictor
to a single dependent variable

1

no

no

Naïve Bayes
(NB)

a structure of diverging star with the links
directed from a single dependent variable to
several predictors

1

no

no

Causal BN(CBN)

the structure is more complexis also called a
general BN

multiple

yes

no

Dynamic BN(DBN)

a set of sequentially linked CBNs where each
instance reflects the state of a system at
specific point of time

multiple

yes

yes

papers on related BNs. The majority of papers, i.e.
over 65%, have been published in years 2008-2010.

Figure 2: General Structures of Main BN Topologies used in
Models for Effort Prediction
Source: based on [SMI RRP2BN]

almost all research fields. There is a dominating
journal, IEEE Transactions on Software
Engineering, which has published three papers on
related models. However, these three papers
account to only 13% of all papers analyzed in this
study. Most journals and conference proceedings
have published a single paper on related BNs. Thus,
no particular journal or venue can be regarded as a
central forum for presenting such models. It should
be noted that the numbers in these figures do not
reflect the number of developed models. In some
papers several BNs have been discussed and some
models have been discussed in multiple
publications.
Figure 5 illustrates the number of related
publications per year. From this figure we can
clearly observe a growth in the number of published
98

Stewart [53] performed an analysis aimed to
determine the accuracy of Naïve Bayes model for
project delivery rate (productivity) prediction. The
author developed 21 models for seven types of
organizations in which the software was to be used.
For each of these organization types three Naïve
Bayes models have been built. The main difference
between these three models was the number of
predictor variables used – 64, 15, and seven,
respectively. Although the main focus of the study
was on BN models, two other techniques have also
been used for comparison – model trees (which
extend the concept of regression trees) and neural
networks. All models have been generated and
validated using the ISBSG dataset, Release 6 [24].
The author concludes that “Naive–Bayes classiûer
is a valuable tool for analysis of software
engineering data which can be used as an
alternative to other more widely used approaches
such as decision trees and neural networks”.
Stamelos et al. [52] have also analyzed the
problem of software productivity prediction.
However, they have used a very simple causal
structure. More precisely, their model is a set of

Figure 3: Number of Papers by Publication Type
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Figure 4: Published Papers by Journal / Venue

Bibi and Stamelos [5] built a BN purely for
software development effort estimation. The model
reflects the staged nature of software development
process and uses knowledge on specific stage to
predict subsequent stages. Author’s approach has
been illustrated with a model for Rational Unified
Process (RUP).

Figure 5: Published Papers by Year

three CS structures linked hierarchically. At the first
(root) level there are “Product”, “Computer”,
“Personnel”, and “Project” factors – all expressed
on a five-point ranked scale. The next level contains
two variables “Technical factors” and “Human and
Process Factors”, also expressed on a ranked scale,
which combine related pairs of variables from the
first level. Finally, the “Productivity”, defined over
eight intervals, is a child node of two variables from
the second layer. The authors performed model
validation using publically available COCOMO81
dataset of software projects [16]. In an appendix the
authors showed the structure of enhanced and more
complex BN. However, this enhanced model was
not investigated in detail in that study.
Vol. 2, No. 2, July-December 2010

RUP is an iterative process where nine
disciplines are repeated in four phases of project
lifecycle. Thus, the whole process can be naturally
reflected as a DBN. The authors deliberately have
not included two disciplines “configuration and
change management” and “environment” because
of their low impact on each iteration, and also to
keep the model clear.
The model predicts the effort for each discipline
in each iteration as well as total effort required to
complete the project. As the time progresses,
increasing number of observations entered to the
model leads to more accurate predictions.
The model can be generalized by omitting the
number of iterations. If only a single iteration is
performed, the model reflects the waterfall lifecycle.
This model can also be adjusted to reflect
incremental or iterative lifecycle, where the number
of iterations will depend on a particular project.
The authors have also presented more detailed
version of this model where the most important
actions in specific disciplines have been linked with
99
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variables reflecting the results of these actions. As
a result, the model clearly illustrates the order of
actions. The authors consciously put a stress on a
proper model structure, keeping in mind that
people would be the end users of the model, and
thus the models should be as simple and clear as
possible.
The MODIST Project-level model [15] has been
developed to predict effort and quality in large
software projects. Project managers are the target
group of users. The model consists of six subnets:
distributed communication and management,
requirements and specification, process quality,
people quality, functionality delivered, and quality
delivered. The key focus of the model is on effort
prediction. However, it offers significantly more
analytical possibilities because it incorporates a
trade-off component between quality delivered,
number of employees, project duration and project
functionality. Quality delivered is expressed as user
satisfaction and software defectiveness (i.e. defect
rate). Project functionality reflects project size
expressed in the number of function points and
other measures. The authors have discussed the
rationale motivating definition of selected variables.
They have also presented several examples
illustrating how this model can be used for practical
decision-making.
Pendharkar et al. [38] proposed a BN model with
a structure of converging star to predict software
development effort. The structure of this model is
very simple – it contains a single dependent variable
“Software Effort” and three predictors
“Development Methodology”, “Type of CASE
Tool”, and “CASE Tool Experience”. The authors
compared the accuracy of predictions from this
model with predictions from other models (neural
network and regression tree). They conclude that
“the point forecasts generated by the Bayesian
model are competitive”.
Noothong and Sutivong [34] have adopted the
MODIST Project-level model developed by Fenton
at al. [15]. The authors have built a decision network
by defining decision and utility nodes in the original
model. They have discussed the main motivations
for the extending nodes. In a set of hypothetical
numerical examples they have discussed the
benefits of model enhancement enabling improved
decision support for project managers.
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Wang et al. [55] developed a framework for
software project level estimation. This framework
consists of four BN sub-models that enable tradeoff analysis between quality, effort, schedule and
scope. These four sub-models, used as basic
building blocks for constructing the project level
model, are Component Estimation Model, Test
Effectiveness Estimation Model, Residual Defect
Estimation Model, and Test Estimation Model. The
authors have demonstrated how their model could
be used in practice to predict development effort
as well as in trade-off analysis.
Mendes and Mosley [29] have developed eight
BN models for predicting development effort in
web projects. Four of these models have been
generated fully automatically, i.e. both the
structure and probability distributions, from two
empirical datasets using Powersoft [10] and Hugin
[23] tools. Four other models have been developed
in a hybrid mode – structure defined by experts
(the same in all these four models) and probability
distributions learned from data also with
Powersoft and Hugin tools. The results from these
models have been compared with the results
provided from other models/techniques manual
stepwise regression, case-based reasoning, and
mean and median-based effort models. Their study
has been followed in [30] where the same accuracy
has been achieved and in [28], where some models
have been adjusted, but their accuracy has not been
investigated.
Fenton et al. [16] proposed a model mainly built
for defect prediction. In a normal use the model
requires entering observations for software size and
for process factors expressed on a 5-point ranked
scale. These factors are grouped in the following
subnets: scale of new functionality implemented,
common influences (with project management
factors), specification and documentation, design
and development, testing and rework, and existing
code base.
However, this model has also the ability for a
limited effort prediction and the authors
demonstrate this in a hypothetical scenario. The
model enables effort prediction for four
development activities: specification, coding,
testing, and rework. Effort can be predicted only
when user enters an observation for expected or
tolerable number of residual defects.
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The most important model limitation in respect
with effort prediction is that effort is expressed on
a ranked scale only from “very low” to “very high”.
It is interpreted as a degree of appropriateness of
effort allocated for an activity in a project with
specific inherent features. Thus, effort cannot be
precisely expressed. As a result this model may not
be as useful for effort prediction as for defect
prediction.
Radliński et al. developed a BN [14, 44] that
overcomes important limitations of the MODIST
model [15] and defect prediction model [16]. It is
not an enhanced version of the previous models but
it has a completely new structure. It enables
performing trade-off analysis with key variables,
such as effort, project size, and software quality,
expressed on a numeric scale. This model contains
the following subnets: uncontrollable project
factors, specification and documentation, coding,
testing, and project trade-offs.
The distinctive feature of this model is the
meaning of the project and process factors expressed
on a ranked scale. Their scale is not absolute but
relative. The value of such factor reflects the degree
of dissimilarity of the currently analyzed project from
the template project used as a base for assessments.
Such interpretation may be less clear than using an
absolute scale, but lower volume of data is required
to customize and use the model.
This model can be customized to individual
needs with the use of provided questionnaire and
the ability to enter specific priors for productivity
and defect rates. If a user cannot provide such priors
the model can estimate them as probability
distributions. It requires providing additional
information on project features, such as language
type, development platform, used methodology,
and other. A sub-model with Naïve Bayes structure
performs this estimation of priors [14, 42].
Fineman et al. [18] developed a basic model for
trade-off analysis between resources (i.e. effort),
process quality, software functionality (i.e. project
size), and software quality. This model is only a
conceptual version prepared to demonstrate how
to properly reflect such trade-off in a BN. Each main
variable is expressed on a ranked scale only what,
together with limited number of incorporated
detailed project factors, makes the model unusable
Vol. 2, No. 2, July-December 2010

in industrial setting. However, it can still be useful
to explain basic laws related to project trade-offs
and may serve as a basic skeleton for more complex
models.
Hearty et al. [14, 20] developed a DBN model for
predicting the velocity (productivity) in extreme
programming (XP) projects. The model incorporates
the empirical data available in the software
engineering literature. However, both the structure
and probability distributions have been defined by
expert, not learnt from data. Model behavior has been
illustrated and discussed in various scenarios. Model
accuracy has been analyzed using empirical data
from one real XP project (published in the paper).
The authors have also discussed the motivation for
adjusting the model after initial non-satisfactory
results, the details on model adjustment, and the
results from the final validation.
Abouelela and Benedicenti [1] have also built a
DBN for XP projects. This model shares the target
of earlier model by Hearty et al. [20]. However, it is
structurally very different and contains more
dependent variables. Apart from project velocity
prediction, it also enables predicting software
quality (as defected user stories) and the release
time. The authors have performed model validation
using empirical data from past two projects.
Torkar et al. [54] have developed yet another
DBN for XP projects. However, the main aim of this
model is different from previously discussed
models that have been focused on project velocity.
This model does not attempt to cover all project
activities and enables prediction of testing effort.
The authors discussed various scenarios illustrating
model behavior. Model accuracy has been validated
empirically using two industrial XP projects.
Schulz et al. [49] have proposed a Software
Process Model with a main aim to predict defect
correction effort. The model has a DBN structure,
where each instance reflects a single development
task related to implementing part of specific feature.
The model predicts engineering effort, which is later
used to predict defect correction effort, mainly
based on the type of task. This type of task reflects
task complexity. Interestingly, the model does not
contain any numerical variable reflecting the size
of project, feature or task. Model usage has been
illustrated and discussed in a set of hypothetical
101
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scenarios. It has also been evaluated for accuracy
using past project data.
In another study, Schulz et al. [48] have extended
their research on predicting defect correction effort.
They have developed a Defect Cost Flow Model
with a CBN structure. This model is based on the
assumption that the cost of correcting defects, which
have been introduced early in the lifecycle, increases
significantly in later stages of the project. The main
relationships between variables have been
discussed and illustrated numerically. Model
behavior has been demonstrated using four
hypothetical scenarios.
In contrast to his earlier studies, Radliñski has
also analyzed how accurate BNs can be built with
no input from domain expert [46]. Publically
available empirical data on the past projects from a
single company have been used [16]. The whole
dataset has been randomly divided into training
and testing samples. The training sample has been
used to automatically generate full BN models, i.e.
both the structure and parameters, using greedy
thick thinning algorithm. The training sample has
been used to test the accuracy of the generated
models. The whole procedure has been repeated
10 times to ensure randomness of dataset split and
for the analysis of repeatability of predictions.
The structures of these 10 generated models
differ from each other, in some cases very
significantly. This, in combination with low
accuracy of predictions (discussed in the next
section), suggest great differences among the
projects in the dataset. Thus, even though the split
of data into training and testing samples was
random, many generated BNs have not learned
generalized knowledge to accurately predict effort
for projects in testing sample.
Wang et al. [56] have developed a CBN for
predicting the variance of software project schedule.
Both the structure and probability distributions have
been automatically generated from past data using
K2 search algorithm [11]. Expert knowledge has been
partially incorporated through a set of required and
forbidden links defined in structure learning stage.
A very simple scenario illustrating model behavior
has been discussed. In addition the authors have
provided the results from the sensitivity analysis and
brief evaluation of model accuracy of predictions.
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5. COMPARISON OF MODELS
Table 2 provides a summary comparison of
analyzed models by illustrating model topology,
source for defining topology and parameters and
an indication whether a model has been validated
empirically. Topology acronyms have been
explained earlier in Section 3. The topology for
most models have been defined by an expert (or
experts). Mendes and Mosley [29] built four
models – two with topology built by experts and
another two with topology learnt from data. For
models with NBC topology this involved only
selecting the predictor variables that will be used
in the model. In models with more complex
topologies this step also required defining links
between appropriate variables. When a topology
is learnt from data an expert can still adjust model
structure either before the learning process or after
it. For example, Wang et al. [56] have learned the
topology of their model form data, but prior to that,
they have specified that some variables must be
connected and some other must not. Then these
requirements have been used by a learning
algorithm.
When defining model parameters, i.e.
probability distributions, most authors encoded
either their own knowledge and experience or from
external experts. In many cases these beliefs have
been supported by empirical data (denoted as
“expert/data”). For many models probability
distributions have been learned from empirical data
using parameter learning algorithms. However, in
the NBC model by Radliñski [46] the distributions
mainly come from empirical data but they
have been adjusted by an expert to accumulate
both expert knowledge and results from other
analyses.
Many models have not been validated for
accuracy against empirical data. Either only an
early-stage conceptual version of a model has been
published or for larger and more mature models
no empirical data was available for validation. Thus,
these two groups of models have been validated
internally by discussing hypothetical scenarios and
predictions for these scenarios. All models with any
sort of validation based on empirical data have been
marked with “yes” in the last column of Table 2.
The predictive accuracy of these models have been
presented later in Table 4.
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Table 2
Summary Comparison of Analyzed Models
Authors

Purpose

Topology

Source for
topology

Source for
parameters

Validated
empirically

Abouelela and
Benedicenti [1]

productivity, duration,
quality

DBN

expert

expert

yes

Bibi and Stamelos [5]

effort

DBN

expert

unknown

no

Fenton et al. [15]

effort, duration, quality

CBN

expert

expert/data

no

Fenton et al. [16]

number of defects,
partially: effort

CBN

expert

expert/data

no*

Fineman et al. [18]

effort, quality

CBN

expert

expert

no

Hearty et al. [14, 20]

productivity

DBN

expert

expert/data

yes

Mendes and Mosley
[29]

effort

CBN

expert & data

data

yes

Mendes [28]

effort

CBN

expert & data

data

no

Mendes [30]

effort

CBN

expert & data

data

yes

Noothong and
Sutivong [34]

effort

DN

expert

expert/data

no

Pendharkar et al.
[38]

effort

CS

expert

data

yes

Radliński et al.
[14, 42, 44]

productivity, defect rate

NBC

expert

data/expert

no

Radliński et al.
[14, 43, 44]

effort, quality

CBN

expert

expert/data

no

Radliński [46]

effort, quality

CBN

data

data/expert

yes

Schulz et al. [48]

effort

CBN

expert

expert/data

no

Schulz et al. [49]

effort

DBN

expert

expert/data

yes

Stamelos et al. [52]

productivity

CBN

expert

expert/data

yes

Stewart [53]

productivity

NBC

expert

data

yes

Torkar et al. [54]

effort

DBN

expert

expert/data

yes

Wang et al. [55]

effort, quality

CBN

expert

expert/data

no

Wang et al. [56]

variance of project schedule

CBN

data/expert

data

yes

* The authors performed validation using empirical data only for predicted number of defects, what is beyond the scope of
this paper.

Table 3 illustrates how different groups of
factors describing software projects have been used
in specific models. It can be observed that most
models incorporate variables describing various
aspects of projects. Project size is captured using
various measures, such as function points, lines of
code, user stories, requirements and other. Process
factors refer to the organization of the development
process and its maturity. People factors are typically
focused on the level of staff experience and
motivation. Project factors refer to complexity,
stability, tools used, or project type. In 11 studies
(55%) developed models contain variables from all
Vol. 2, No. 2, July-December 2010

fours groups. Surprisingly, not all models for effort
prediction use project size as a main predictor. For
example, Schulz et al. [48, 49] built two separate
models and none of them contains a variable
reflecting project size.
Most authors published either a full list of
variables or illustrated a model structure
from which all variables can be read. Stewart
[53] performed three experiments involving
building models with 64, 15 and seven input
variables, respectively. Complete list of variables
has been published only for seven-variable
models.
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Table 3
Groups of Factors used in Models
Authors

Project size

Process factors

People factors

Project factors

Abouelela and Benedicenti [1]

+

+

+

-

Bibi and Stamelos [5]

+

+

-

+

Fenton et al. [15]

+

+

+

+

Fenton et al. [16]

+

+

+

+

Fineman et al. [18]

+

+

+

-

Hearty et al. [14, 20]

+

+

+

-

Mendes and Mosley [29]

+

+

+

+

Mendes [28]

+

+

+

+

Mendes [30]

+

+

+

+

Noothong and Sutivong [34]

+

+

+

+

Pendharkar et al. [38]

–

+

+

+

Radlinski et al. [14, 42, 44]

+

-

-

+

Radlinski et al. [14, 43, 44]

+

+

+

+

Radlinski [46]

+

+

+

+

Schulz et al. [48]

-

+

-

-

Schulz et al. [49]

-

+

-

+

Stamelos et al. [52]

+

+

+

+

Stewart [53]

?

?

?

+

Torkar et al. [54]

–

+

+

+

Wang et al. [55]

+

+

+

+

Wang et al. [56]

+

+

+

+

As shown in Table 2, only some BNs have been
validated empirically. Table 4 provides the results
of validation of those BNs for which it has been
performed. Most common measures used to
validate these models are:
— mean magnitude of relative error (MMRE),
— median magnitude of relative error
(MdMRE),
— prediction at level l (Pred(l)),
— accuracy.
More accurate predictions are provided by
models with lower MMRE and MdMRE, and with
higher Pred(l) and accuracy.
It can be observed that the values of these
measures vary depending on the study. Even a
single very accurate model never provides accurate
predictions for all analyzed cases. For example a
model by Hearty et al. [20] provides almost perfect
prediction after learning with two development
iterations but this accuracy decreases with using
data from further iterations to learn the model.
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Similarly, a model by Schulz et al. [49] enables very
high accuracy of predictions for features 1 and 2,
but significantly worse for features 3–5.
On the other side, these is a set of models,
especially developed by Mendes and Mosley [29]
and Mendes [30], with generally very low accuracy.
Such low accuracy makes them almost unusable in
industrial use. However, the authors performed a
comparison with the results generated from other
techniques, and it appeared that other techniques
also provided poor predictions. Depending on the
dataset used and the accuracy measure, some BNs
were more accurate than other techniques.
However, stepwise regression model produced the
most accurate predictions of all techniques
investigated in these studies. Additionally, use of
simple models, such as the median effort, can
outperform more complex models, such as BNs,
depending on dataset and accuracy measure used.
In another study involving comparison of accuracy
of various techniques, BN models outperformed
other techniques in the studies by Stewart [53] and
Pendharkar et al. [38].
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Not all authors who performed the empirical
validation provided detailed evaluation results. For
example, Hearty et al. [20] provided numeric values
for MMRE only for selected scenarios, and
presented other scenarios in graphical form. Thus,
the values of MMRE published in this study have
been cited exactly only for model trained with data
from two iterations and with no training. All other

values have been read from the graph published in
original paper.
Some models have been validated with
empirical data but only for very few number of
projects. For these studies calculated values of
accuracy measures would be meaningless. Thus, for
them we provide the actual and predicted values.

Table 4
Results of Empirical Validation of BNs
Authors
Abouelela and
Benedicenti [1]
Hearty et al. [20]

Mendes and
Mosley [29];
Mendes [30]
– only for
BNAuHu and
BNHyHu
models
Pendharkar
et al. [38]
Radliński [46]
Schulz et al. [49]

Stamelos et al. [52]
Stewart [53]

Torkar et al. [54]
Wang et al. [56]

Selected validation results
System 1
number of days:
actual=60
predicted=65
System 2
number of days:
actual=12
predicted=11
without learning
MMRE=0.51
learning with 1 iteration
MMRE≈0.11
learning with 2 iterations
MMRE=0.026
learning with 3 iterations
MMRE≈0.19
learning with 4 iterations
MMRE≈0.11
learning with 5 iterations
MMRE≈0.035
learning with 6 iterations
MMRE≈0.65
learning with 7 iterations
MMRE≈0.25
Set 1
BNAuPo
MMRE=13.97
MdMRE=2.57
Pred(25)=4.62%
BNAuHu
MMRE=7.65
MdMRE=1.67
Pred(25)=7.69%
BNHyPo
MMRE=36.00
MdMRE=4.90
Pred(25)=7.69%
BNHyHu
MMRE=1.90
MdMRE=0.86
Pred(25)=15.38%
Set 2
BNAuPo
MMRE=14.93
MdMRE=6.46
Pred(25)=0%
BNAuHu
MMRE=4.09
MdMRE=0.96
Pred(25)=1.54%
BNHyPo
MMRE=37.31
MdMRE=8.05
Pred(25)=1.54%
BNHyHu
MMRE=27.95
MdMRE=5.31
Pred(25)=3.08%
MMRE=1.56
accuracy=86% (of predicting actual effort interval)
effort
MMRE=0.97
MdMRE=0.60
Pred(25)=17%
productivity
MMRE=0.77
MdMRE=0.40
Pred(25)=27%
feature 1
accuracy(engineering effort)=95%
accuracy(correction effort)=97%
feature 2
accuracy(engineering effort)=100% accuracy(correction effort)=92%
feature 3
accuracy(engineering effort)=88%
accuracy(correction effort)=77%
feature 4
accuracy(engineering effort)=85%
accuracy(correction effort)=84%
feature 5
accuracy(engineering effort)=63%
accuracy(correction effort)=14%
52%<accuracy<67%
Banking
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Communication
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Electricity/Gas/Water
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Financial/property/business
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Insurance
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Manufacturing
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Public administration
MMRE (Model_1)=0.52
MMRE(Model_2)=0.41
MMRE(Model_3)=0.42
Project A
MMRE=0.073
Project B
MMRE=0.2996
Project A
schedule variance: actual=7.4%
predicted="<10%"
Project B
schedule variance: actual=12.5% predicted="10%-20%"
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Each analyzed BN has been developed for a
special purpose, under specific constraints and
targets specific environment. Hence, none of these
models covers all possible problems related to
software effort prediction. In other words, none of
these models is universal in its purpose, structure
and intended way of use. Thus, potential users
either have to thoroughly analyze which BN suits
their needs or to develop a custom model
themselves.
6. LIMITATIONS OF BUILDING AND USING
BNS
The main advantage of using BNs seems to be
related with the ability of incorporating expert
knowledge and combining it with empirical data.
Incorporation of expert knowledge is time
consuming, both when building model structure
and when defining probability distributions. The
need of defining only necessary and direct
relationships in complex models is difficult,
especially without support from experienced expert
in artificial intelligence, machine learning or
statistics. This is related to the fact that in properly
defined structures the real-world relationships
should be reflected in the model, either with or
without a direct link between related variables.
Similarly, variables unrelated in reality should also
be unrelated in the model, i.e. observation entered
to one of them should not be passed to the second
of them, neither directly nor through a set of
intermediate nodes.
A difficulty in defining probability distributions
by an expert is related with the high number of
probability values that need to be entered for
variables having high number of parents and high
number of states. For example, a binary variable
with two parents contains a probability table with
eight entries (2×2×2). Adding another binary parent
increases the size of probability table to 16
(2×2×2×2). If all variables have three possible states
the size of probability tables for this variable would
increase to 27 (3×3×3) and 81 (3×3×3×3) entries,
respectively. Defining tables of such size manually
by an expert is not only time consuming but also
prone to inconsistencies.
These problems have been identified several
years ago. Various researches attempt to simplify
the process of building BNs by experts. These efforts
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are focused on support in defining just the model
structure [33, 41, 45], just the probability
distributions [13, 17, 21, 35, 39, 57], or both structure
and probabilities [26, 31, 51].
Such techniques may have a great potential for
simplifying the process and reducing the time of
BN development by expert. Popular machine
learning and statistical methods enable faster model
development from data. Longer time required to
build a BN model by expert may potentially result
in developing a model that better reflects analyzed
problem than models automatically generated from
data. However, there is an inevitable trade-off
between model functionality and the time required
to build it. Project managers are faced with the
question, if they can wait longer for a more
functional model or if they need a less functional
model but which can be built fast to address the
current decisional problem.
Although BN community is growing, BNs are
still significantly less popular as other modeling
techniques. Partially, this is related with the
modeling difficulties discussed above. But solving
these issues will only solve one side of the whole
problem. Another side is related to using the models
for decision support. Bayesian nets generate the
output in the form of probability distributions.
People are typically used to obtaining results as
point values. For example, a manager often wishes
to know how much effort is required to develop a
particular project. Most modeling techniques would
provide an answer as a specific point value, say
1 000 person-hours. However, BNs provide
predictions in more sophisticated form of
probability distributions. In this example, a model
might produce a following result: 100 500 personhours with probability 10%, 500-2000 person-hours
with probability of 70%, and 2000-4000 personhours with probability of 20%. Such result provides
more information than just a point value because it
also provides the values of probability for each
interval. Nevertheless, the interpretation of such
result is more difficult because a manager receives
more numerical values for analysis. Additionally,
most models analyzed in this paper have important
numeric variables discretized into sets of very few
fixed intervals. This reduces the precision of
expressing such values because in a wide interval
all values are treated as equal. For example in an
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interval 500-2000 values 550 and 1900 are treated
as equal. Techniques that do not require such
discretization of numeric variables have the
advantage in this matter. Thus, there is a need to
related to the ability of presenting results of
predictions from BNs also in simpler ways.
Winkler [58] has also noted inadequate tool
support for building BNs. While his analysis was
related to BN applications in healthcare, this and
most other general problems apply also to software
engineering and project management. Since then
significant effort has been put to build commercial
scale and quality BN tools that not just enable
performing calculations or learning from data but
are focused on easier modeling and performing
simulations by expert [2, 4, 23]. While some of these
tools offer great functionality, none of them solves
all problems related to the required high level of
usability.
7. SUMMARY
In this paper we have shown the BN models that
have been used for software development effort
prediction. Most of these models are very different
from each other because they have been built under
different constraints and for different
environments. As a result they incorporate various
types of structures and sources of data.
About a half of analyzed models have been
empirically validated by authors in terms of
predictive accuracy. In most of these cases, the
authors seem to be satisfied with the accuracy of
their models. Yet, some models are very inaccurate
as indicated by commonly used measures of
predictive accuracy. However, in comparison with
other modeling techniques even these models have
shown to be competitive.
What is very useful about the BNs is the ability
to express expert knowledge in a formal predictive
model using a rigorous probability calculus. This
is especially worthy is situations where no empirical
data from past projects is available, and thus no
data-driven machine learning techniques cannot be
applied. However, the process of elicitation and
formalization of expert knowledge is not trivial.
This needs to be simplified by developing efficient
techniques that solve this problem. These new
techniques need to be available in commercial scale
Vol. 2, No. 2, July-December 2010

and quality BN tools. Fortunately, both researchers
and commercial vendors of such BN tools have
identified this problem and focus their effort on
providing useful solutions. Still, some work needs
to be done to allow building and using BNs by
managers without background in artificial
intelligence and statistics.
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