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The objective of this paper is to explore the implementation of a Bayesian Belief Network for an 
automated breast cancer detection support tool. It is intuitive that Bayesian networks are employed as 
one viable option for computer-aided detection by representing the relationships between diagnoses, 
physical findings, laboratory test results and imaging study findings. This work brings important 
entities such as Radiologists, Image Processing Scientists, Data Base Specialists and Applied 
Mathematicians on a common platform. A brief background concerning causal networks, probability 
theory and Bayesian networks is given; available computational tools and platforms are described. It is 
explained that, by exploiting conditional independencies entailed by influence chains, it is possible to 
represent a large instance in a Bayesian network using little space, and it is often possible to perform 
probabilistic inference among the features in an acceptable amount of time. The next steps towards 
realizing a Bayesian Belief Network Implementation are described. Bayesian networks have an 
unparallel advantage of being able to exploit the explicit structure of the domain model to derive a 
graphical representation for learning. The encoding of independencies in the network topology admits 
the design of efficient procedures for performing computations over the network. For the application of 
computer-aided detection in mammography, the researchers intend to design an interface between the 
project's Bayesian network learning algorithm and the radiologists, so that the radiologists can have 
interaction with the system by labeling only a small number of informative images presented by the 
active learning algorithm. 
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INTRODUCTION 
 
Early diagnosis of breast cancer through mammography 
screening is the most effective means of reducing the 
death rate caused by the breast cancer. Extensive 
studies are done by Duffy et al. (2002), for example, in 
organizing  service   screening   in  7  Swedish  counties,  
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covering approximately 33% of the population of 
Sweden, resulted in a 40 to 45% reduction in breast 
carcinoma mortality among women actually screened. In 
the work by Gajdos et al. (2002), the cancer 
characteristics are classified into groups based on 
mammographic presentation, that is, mass, calcification, 
mass and architectural distortion. 

Masses defined as space occupying lesions seen in 
more than one different projection may be   
characterized   by  their  shape    and  margin properties. 
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Figure 1. A Simplified cause and effect diagram. 

 
 
 
With regard to shape, they may be round, oval, lobular, 
or irregular. Margins of masses may be circumscribed, 
obscured, microlobulated, indistinct or spiculated. 
Spiculated masses characterized by lines radiating from 
the margins (Kopans, 1998), tend to have a high 
likelihood of malignancy.  

Calcifications are small calcium deposits on breasts. 
The process generating the deposits may be malignant 
or benign. Important characteristics include number, 
distribution, morphology and size. Size of calcifications 
ranges from 0.1 to 1 mm with an average diameter of 0.3 
mm (Kopans, 1998). 

Architectural Distortions (AD) are breast lesions in 
which the parenchyma is distorted. The distortion 
appears as if it is pulled into a central point, but does not 
have radio opaque central density (Radiology, 2003). 

These features extracted by radiologists are graphi-
cally represented by cause and effect diagrams (Davis et 
al., 2005; Burnsidea et al., 2004; Kahn et al., 1995). A 
simple explanation of a cause and effect diagram is 
further explained. In an endeavor to correlate graphical 
analysis specifically with breast cancer detection, a 
simplified cause and effect diagram is shown in Figure 1.  

In this paper, a brief background concerning causal 
networks, the probability theory and Bayesian networks, 
the available computational tools and platforms, the next 
steps towards a Bayesian Belief Network 
Implementation and finally, the conclusion are given. 

BACKGROUND 
 
Based on the various available references (Pearl, 2000; 
Pearl 1998; Neapolitan, 2003; Jensen, 2007); here, it is 
aimed to introduce Bayesian networks to radiologists, 
image processing scientists and data base specialists. 
To have an effective Bayesian network tool, multi-
disciplinary inputs are required, thus, it is important for 
everyone involved to have a basic understanding and 
background. 
 
 
Causality and causal networks 
 
Consider the situation in which one feature of an entity 
has a direct influence on another feature of that entity. 
For example, the presence or absence of a disease in a 
human being has a direct influence on whether a test for 
that disease turns out positive or negative. The central 
aim of medical diagnosis using mammography findings 
is the elucidation of cause-effect relationships among 
variables or events. However, the appropriate method-
logy of extracting such relationships from available data 
and theory is a topic of current research. Contrary to the 
general notion that an abnormality is a cause of disease, 
causal relationship establishes that abnormality is the 
one of the effect of the disease. The abnormality may 
also be as a result of other causes. The two fundamental 
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Figure 2. Causal network structures. 

 
 
 
questions of causality are (1) what empirical evidence is 
required for legitimate inference of cause effect 
relationship? (2) given that we are still willing to accept 
causal information about a phenomenon, what inference 
can we draw from such information, and how?  

Only in recent years, owing partly to advances in 
graphical models, causality has undergone a major 
transformation, that is, from a concept shrouded in 
mystery into a mathematical object with well defined 
semantics and well found logic. 

The ability to infer causal relationships is crucial for 
scientific reasoning and, more generally, forms the basis 
for learning to act intelligently in the world. The 
knowledge of causal relationships, as opposed to mere 
statistical associations, gives us a sense of deep 
understanding of a system and a sense of potential 
control over the system’s states, stemming from the 
ability to predict the consequences of actions that have 
not yet been performed (Pearl, 2000). There has been 
extensive study of how people make inferences about 
simple causal relationships, focusing on learning the 
relationship between a single cause and effect 
(Steyvers, 2003). 

In the present research, we are interested in how 
networks involving multiple cause–effect relationships 
can be inferred for a possible breast cancer presence. 

Causal networks are diagrams that indicate causal 
connections using arrows. As shown in Figure 2, 
Directed graphs provide us with an intuitive way to 
express causal knowledge. Nodes represent continuous 
or discrete state variables of a system and arrows 
represent direct causal relations, pointing from causes to 
effects. The state of each variable is modeled as some 
function of the states of its parents—its direct causes. 

As stated in Molin (1989), physiological knowledge has 
a typical causal representation, which can be used in 
diagnostic expert systems to provide suitable 
explanations of the cause-effect relationships connecting 
findings with diagnostic conclusions. The experience 
gained in a diagnostic expert system combining heuristic 
and   causal   knowledge,   makes   it   possible   to   use 

physiological information in assessing, the compatibility 
and consistency of diagnostic conclusions. In addition, it 
provides the opportunity of using the causal network to 
inquire directly about the domain, entering the system at 
different levels (findings, states and hypotheses) 
independently from patient data. 
 
 
Bayes’ theorem 
 
In general, physicians learn medicine in a causal 
direction. Medical students are taught that a disease 
causes a certain constellation of symptoms, signs, and 
imaging findings, that is, probability that a finding has 
occurred in a given disease )( diseasefindingP . In con-
trast, practicing physicians must reason in the opposite 
direction (Burnsidea, 2005). Given a certain constellation 
of symptoms, signs, and imaging findings, the patient 
has a probability of a certain disease, )( findingdiseaseP . 
Bayes’ theorem enables physicians to go from the more 
intuitive causal conditional probability to the more 
clinically relevant conditional probability. In other words, 
Bayes’ theorem calculates the probability that a disease 
is present in a finding, )( findingdiseaseP , using the 

probability of finding a given disease, )( diseasefindingP , 

the probability of disease, )(diseaseP , and the probability 
of a finding, )( findingP  is given as: 
 

( ) ( ) ( )
( )findingP

diseasePdiseasefindingP
findingdiseaseP

|
| =

 
 
Physicians can calculate probabilities using Bayes’ 
theorem without a computer if there are limited 
diagnostic parameters used to update the probability of a 
given disease. If the factors that modify the probability of 
disease become too numerous and interact, physicians 
often lack the time and computational abilities to perform 
these calculations. 
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Figure 3. A Bayesian network. 

 
 
 

We formally state the theorem: 
 
Given two events E and F such that 0)( ≠EP and 

0)( ≠FP , we have: 
 

( ) ( ) ( )
( )FP

EPEFP
FEP

|
| =

                                 
(1)

                                                                         
 

 
Furthermore, given n mutually exclusive and exhaustive 
events 1E , 2E , 3E ,… nE  such that 0)( ≠iEP all i, we 
have for ni ≤≤1 ,: 
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Bayesian belief networks 
 
A Bayesian Network (Pearl, 1988) is a graphical model 
that represents relationships of probabilistic nature 
among variables of interest. Such networks consist of a 
qualitative part (structural model), which provides a 
visual representation of the interactions amid variables, 
and a quantitative part (set of local probability 
distributions), which permits  probabilistic  inference  and 

numerically measures the impact of a variable or sets of 
variables on others. Both the qualitative and quantitative 
parts determine a unique joint probability distribution 
over the variables in a specific problem. In other words, 
a Bayesian Network is a directed acyclic graph 
consisting of (Cooper, 1999): (a) Nodes (circles), which 
represent random variables; arcs (arrows), which repre-
sent probabilistic relationships among these variables 
and (b) for each node, there exists a local probability 
distribution attached to it, which depends on the state of 
its parents “(Cruz-Ramírez et al., 2007). Figure 3 taken 
from Neapolitan (2003) shows an example of a Bayesian 
Network and its correspondent conditional probabilities. 

With reference to Neapolitan (2003), whether or not an 
individual has a history of smoking has a direct influence 
both on whether or not that individual has bronchitis. 
Also, the presence or absence of lung cancer has a 
direct influence on whether or not a chest X-ray is 
positive.  

In this situation, we would want to do probabilistic 
inference involving features that are not related via a 
direct influence. We would want to deter-mine, for 
example, the conditional probabilities both of bronchitis 
and of lung cancer when it is known an individual 
smokes, and has a positive chest X-ray. Yet bronchitis 
has no direct influence (indeed no influence at all)   on 
whether  a  chest   X-ray   is   positive.  Therefore,  these 



 
 
 
 
conditional probabilities cannot be computed using a 
simple application of Bayes’ theorem. There is a 
straightforward algorithm for computing them, but the 
probability values it requires are not ordinarily accessi-
ble; furthermore, the algorithm has exponential space 
and time complexity. 

Bayesian networks were developed to address these 
difficulties. By exploiting conditional independencies 
entailed by influence chains, it is possible to represent a 
large instance in a Bayesian network using little space, 
and it is often possible to perform probabilistic inference 
among the features in an acceptable amount of time. In 
addition, the graphical nature of Bayesian networks 
gives us a much better intuitive grasp of the relationships 
among the features. 
 
 
AVAILABLE COMPUTATIONAL TOOLS 
 
Here, various tools available to implement inference algorithms in 
the context of a Bayesian Network are discussed. Jensen (2007) 
gives a list of such tools, some details about each tool are thus 
explained. 
 
 
Bayesware 
 
Bayesware discoverer 
 
Bayesware Discoverer is an automated modeling tool that 
transforms a database into a network of dependencies, by 
searching for the most probable model responsible for the 
observed data. Bayesware Dis-coverer also provides sophisticated 
visualization tools, flexible connectivity capabilities and easy to use 
wizard interfaces to execute common tasks. 
 
 
Bayesware classifier 
 
Bayesware Classifier is a fast supervised classification program 
that is able to handle missing data. Based on a novel analytical 
methodology, Bayesware Classifier is able to trade-off the risk of 
various hypotheses about the patterns of missing data and 
provides both accurate analysis of your incomplete database and 
principled decisions about the predictions from the data. 
 
 
BN PowerConstructor 
 
A system that learns Bayesian belief network structures and 
parameters from data. 
 
 
BN PowerPredictor 
 
A data mining system for datamodeling/classification/ prediction. It 
extends BN PowerConstructor to BN based classifier learning. 
 
 
DataPreprocessor 
 
A tool used with BN PowerConstructor and BN PowerPredictor for 
pre-processing the training data. 
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BNT tool box 
 
BNT supports many types of conditional probability distributions 
(nodes), decision and utility nodes, as well as chance nodes, that 
is, influence diagrams as well as Bayes nets. BNT supports static 
and dynamic Bayesian Networks (useful for modeling dynamical 
systems and sequence data). BNT supports many different 
inference algorithms, several methods for parameter learning and 
several methods for regularization. The source code is extensively 
documented, object-oriented, and free, making it an available tool 
for teaching, research and rapid prototyping.  
 
 
Elvira 
 
The Elvira is an available tool for the implementation of Bayesian 
expert systems. Elvira can operate in three modes, (1) Edit, to 
create and modify Bayesian networks and Influence Diagrams 
whose variables are only discrete. (2) Inference, to do evidence 
propagation and abduction. Most of the explanation capabilities of 
Elvira are offered only in this mode. (3) The learning mode allows 
the building of Bayesian networks from databases. 

Elvira is implemented to be run in several languages. And, as 
other graphical tools, the user can open different windows 
simultaneously in order to perform different tasks. 
 
 
Esthauge 
 
The LIMID software system from Esthauge Decision Knowledge is 
a full Java software tool for construction and manipulation of 
graphical models in the form of Bayesian networks and decision 
graphs. It consists of an application programming interface for 
embedding with other Java software tools and a graphical user 
interface for visual construction, editing and maintenance of 
models. 
 
 
Hugin 
 
The Hugin Development Environment provides a set of tools for 
constructing model-based decision support systems in domains 
characterized by inherent uncertainty. The models supported are 
Bayesian networks and their extension influence diagrams. The 
Hugin Development Environment allows to define both discrete 
domain variables and to some extent continuous domain variables 
in your models. 

The Hugin Decision Engine can be used through the Hugin 
Graphical User Interface. The Hugin Development Environment 
can also be used through one of several APIs (Application 
Program Interfaces), which come as libraries for C, C++, NET and 
Java, and as an ActiveX server.  

The Hugin Development Environment can be used to construct 
models as components in applications for decision support, data 
mining and expert systems. The application communicates with 
the constructed component models through one of the Hugin APIs. 
 
 
JavaBayes 
 
JavaBayes is a system that handles Bayesian networks: It 
calculates marginal probabilities and expectations, produces 
explanations, performs robustness analysis, and allows the user to 
import, create, modify and export networks.  
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MSBNx 
 
MSBNx is a component-based Windows application for creating, 
assessing, and evaluating Bayesian Networks, created at 
Microsoft Research. The application's installation module includes 
complete help files and sample networks.  Bayesian Networks are 
encoded in an XML file format. The application and its components 
run on Windows 98, Windows 2000, and Windows XP. 
 
 
Netica 
 
Netica is a program for working with belief networks and influence 
diagrams. It has an intuitive and smooth user interface for drawing 
the networks, and the relationships between variables may be 
entered as individual probabilities in the form of equations, or 
learned from data files (which may be in ordinary tab-delimited 
form and have "missing data"). 
 
 
SamIam 
 
SamIam is a tool for modeling and reasoning with Bayesian 
networks, developed in Java by the Automated Reasoning Group 
of Professor Adnan Darwiche at UCLA. Samiam includes two main 
components: A graphical user interface and a reasoning engine. 
The graphical interface allows users to develop Bayesian network 
models and to save them in a variety of formats. The reasoning 
engine supports many tasks including: Classical inference, 
parameter estimation, time-space tradeoffs, sensitivity analysis 
and explanation-generation. 
 
 
FUTURE STEPS 
 
The future steps towards implementing a Bayesian 
network based breast cancer detection aid tool are thus 
described. 
 
 
Bayesian network model structure design 
 
Our first task is to construct a belief network. Other 
Bayesian networks have been developed previously in 
this domain (Burnsidea et al., 2004; Kahn et al., 1995) 
and we will examine the differences between them and 
our web based requirements. The key problem is to 
construct the model so that we can capture all of the 
important aspects of system reality from the point of view 
of the diagnostic process (Przytula, 2000). 
 
 
Data acquisition 
 
The second task is to populate the knowledge base 
including conditional probability tables, it is assumed that 
the information needed  comes from various sources 
such as meta data, demographical statistics and, most 
importantly, from experts. These sources must provide 
us with a simplified view of reality, which our model 
needs to simplify even further. Additionally, the 
knowledge base will be constructed  from  peer-reviewed  

 
 
 
 
medical literature, census data, and health statistics 
reports. When required, probability data is unavailable or 
the sample size is too small, an expert mammographer 
will provide subjective estimates of the probabilities. 
 
 
Software selection and inference software 
implementation 
 
A selection from the available software list as explained 
will be done in this stage, in this stage software require-
ments will be known, other image processing algorithms 
detection input output formats will be known as well. The 
web based interface will be implemented by the time of 
start of inference software algorithms implementation. 
 
 
System integration and test 
 
System Integration and Testing, in the context of 
software systems and software engineering, is the last 
step. A testing process will be adopted that exercises a 
software system's coexistence with others. Following 
this process, the deliverable systems will be passed onto 
acceptance testing. 
 
 
Conclusion 
 
Bayesian networks have an unparallel advantage of 
being able to exploit the explicit structure of the domain 
model to derive a graphical representation for learning. 
The encoding of independencies in the network topology 
admits the design of efficient procedures for performing 
computations over the network.  

The Bayesian network is a powerful tool to describe 
the uncertainty and complexity of many problems in the 
real world. Within the idea of graphical model, a complex 
system consists of simple parts, which are bound 
together with probability theory. For the application of 
computer-aided detection in mammography, the 
researchers intend to design an interface between the 
project's Bayesian network learning algorithm and the 
radiologists, so that the radiologists can have interaction 
with the system by labeling only a small number of 
informative images presented by the active learning 
algorithm. In this way, the project's system only requires 
very little labeling effort from radiologists, while 
significant improvements of classifiers are achieved. 
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