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Abstract. Nowadays, breast cancer is considered a significant health
problem in Mexico. Mammogram is an effective study for early detect-
ing signs of this disease. One of the most important findings in this
study is a mass, which is the main indicator of malignancy. However,
mass detection and diagnosis are difficult. In this study, the impact of
the inclusion of seven clinical features on the performance of Bayesian
Networks models for mass diagnosis is presented. Here, Näıve Bayes,
Tree Augmented Näıve Bayes, K-dependence Bayesian classifier, and
Forest Augmented Näıve Bayes models with eight image features nodes
were augmented with several clinical features subsets. These models were
trained with a data set extracted from the public BCDR-F01 database.
The experimental results have shown that the Bayesian networks models
augmented with a subset of three clinical features have improved their
performance up to 0.82 in accuracy, 0.80 in sensitivity, and 0.83 in speci-
ficity. Therefore, these augmented models are considered as suitable and
promising methods for mass classification.
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1 Introduction

Breast cancer is a disease in which malignant cells are formed in the breast
tissues [17]. Nowadays, it is the most common cancer among women in the world.
Although the highest rates of incidence for this disease are found in developed
countries, the lowest survival rates occur in less developed countries [26]. As an
example of this situation, Mexico is found at an intermediate level, with incidence
rates four times lower than the highest ones, however, since 2006 breast cancer
is the primary cause of death from malignant tumors among women [4].

A mammogram is an X-ray film of the breast that has shown to be an effective
tool for early detection of breast cancer. One of the most important findings in
this study is a mass, which is one of the main signs for detection of this disease.
The American College of Radiology (ACR) defines a mass as a three-dimen-
sional structure demonstrating convex outward borders, usually evident on two
orthogonal views. These lesions are diagnosed from their characteristics of size,
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shape, margins and density [1]. Margin refers to the mass border, and density
is the amount of fat tissue in the mass compared with the surrounding breast
tissue. Fatty masses with round shaped and well defined margins usually indicate
benign cellular changes, while irregular shaped masses with high density and ill-
defined margins, have a high probability of malignancy [8].

The diagnostic of masses is difficult, because they often are hidden by com-
plex or similar breast tissue, which make them hard to distinguish from their
characteristics. Moreover, the wide range of mass characteristics add more com-
plexity to this, which becomes a more difficult, tedious and time-consuming task.
For this, Computer Aided Diagnosis Systems (CADx) have been developed in
order to help in the mammogram analysis. These systems have shown to improve
the performance in mass diagnosis from 75% to 82% [6,24,25].

Bayesian networks are probabilistic models that have been applied on breast
diagnosis. There are several reports about the performance of Bayesian net-
works for breast diagnosis when they are trained with clinical data and mam-
mogram findings provided by radiologists [2,10,13]. However, few works have
been discussed about their performance when they are trained from automat-
ically obtained features [18,25]. In this study, the performance comparison of
Bayesian networks models for breast mass diagnosis is presented. The main aim
of this paper is to analyze the impact of the inclusion of seven clinical features on
the performance of Bayesian Networks models as Näıve Bayes, Tree Augmented
Näıve Bayes, K-dependence Bayesian classifier, and Forest Augmented Näıve
Bayes. These models are trained with automatically obtained image features
and are augmented with several clinical features subsets.

The paper is organized as follows. In Sect. 2, we explain the image features
used for mass description. A brief review of Bayesian networks classifiers is pre-
sented in Sect. 3. In Sect. 4, the data sets used in our experiments is described,
and the experimental results are presented in Sect. 5. Finally, conclusions and
future work are given in Sect. 6.

2 Image Features

In this study, eight image features extracted from mammogram images are used
to characterize the shape, margins and density of masses. This set of image
descriptors were selected as in [22].

The mass shape can be round, oval, lobular, or irregular [1]. Round and
convex masses are probably benign, whereas the malignant ones have irregular
shape [8]. The compactness feature is used to describe the mass shape.

The most important predictor of malignancy is the mass margin. A mass can
appear with circumscribed (well-defined), microlobulated, obscured (by density
of adjacent tissue), indistinct (ill-defined), or spiculated margins. Benign masses
usually have very well defined margins, while the poorly defined are associated
with malignant ones [8]. The mean, standard deviation and entropy of the nor-
malized radial length (NRL) are calculated and used as margins descriptors. The
NRL is defined as the normalized Euclidean distance from a point on the mass
boundary to the mass centroid [9].
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The mass density can be fatty, or also be lower, higher or isodense than the
surrounding glandular breast tissue. Fatty or isodense masses have less prob-
ability of malignancy than the ones with higher density [8]. To describe this
density, three intensity features and energy of gray-level co-occurrence matrices
(GLCM) are used. From the intensity of pixels belonging to the mass region,
three basic statistics are calculated: median, skewness, and kurtosis [6,9]. The
energy is obtained from a sample of 32 × 32 pixels of the mass center for the
four directions {0◦, 45◦, 90◦, 135◦}, and d = 1. The range, in the four directions,
is taken as density descriptor.

3 Bayesian Networks Classifiers

A Bayesian Network (BN) is a probabilistic graphical model where the nodes
represent variables, and the arcs, dependence among variables. BN are recognized
as powerful tools for knowledge representation and inference under conditions of
uncertainty [7].

A formal definition of BN is as follows: A Bayesian network is a pair (D,P ),
where D is a directed acyclic graph, and P = {p(x1|π1), p(x2|π2), ..., p(xn|πn)}
is a set of n conditional probability distributions, one for each variable, and Πi is
the parent set of node Xi in D. The set P defines the associated joint probability
distributions as [5],

p(x1, x2, ..., xn) = Πn
i=1p(xi|πi) (1)

Several types of BN models have been proposed as classifiers, some of them
are: Näıve Bayes (NB), Tree Augmented Näıve Bayes (TAN), K-dependence
Bayesian classifier (KDB), and Forest Augmented Näıve Bayes (FAN).

3.1 Näıve Bayes

Näıve Bayes model is the simplest form of a Bayesian network, in which the root
node of a tree-like structure corresponds to a class variable. Also, the class node
is the only parent for each attribute variable. The key assumption of a NB model
is that all attributes are independent given the value of the class variable [7].

3.2 Tree Augmented Näıve Bayes

A TAN classifier is an extension of the Näıve-Bayes model, and also has a tree-
like structure. In this model is allowed that each variable has at most two parents:
the class variable, and other attribute. The Friedman method [11] can be applied
to learn the structure of a TAN model.

3.3 K-Dependence Bayesian Classifier

A KDB classifier is a Bayesian Network where each attribute variable has at most
k parents. This BN model is also considered as an extension of Näıve-Bayes, and
its structure can be learned with the algorithm proposed by Sahami [23].
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Table 1. Clinical features included in the BCDR-F01 database.

Feature Description Type

Age The age of the patient at the
time of the study

Nominal
(range
[28,82])

Breast density The density of the breast at
the time of the study
according to the BI-RADS
standard

Ordinal
(range
[1–4])

Mammography nodule The lesion contains a mass Binary

Mammography calcification Calcifications were detected
in the lesion

Binary

Mammography microcalcification Microcalcifications were
detected in the lesion

Binary

Mammography axillary adenopathy Axillary adenopathy detected Binary

Mammography architectural distortion Signs of architectural
distortion

Binary

Mammography stroma distortion Signs of stroma distortion Binary

3.4 Forest Augmented Näıve Bayes

This BN classifier is a variant of TAN where the attribute variables form a forest
graph. One of the advantages of this classifier is that eliminates unnecessary
relations among attributes. A method to learn the structure of FAN classifiers
is proposed by Lucas [15].

4 Datasets

In this paper, a dataset extracted from the public BCDR-F01 (Film Mammogra-
phy dataset number 1) database [20] was used. This database is the first public
released dataset of the Breast Cancer Digital Repository (BCDR) which con-
tains craniocaudal and mediolateral oblique mammograms of 190 patients. The
mammograms were digitized with a resolution of 720 × 1167 pixels, using 256
grey levels. For each mammography, the coordinates for the lesion contours, and
numerical anonymous identifiers for linking instances and lesions are provided.
In addition to this, information including clinical and image-based descriptors of
each lesion, is also available. The summary of the clinical descriptors available
for this dataset is shown in Table 1.

In order to form the dataset used in our experiments, the 224 mammogram
images with mass lesion that include all clinical descriptors were selected from
the BCDR-F01 database. Next, the eight image features explained in Sect. 2 were
extracted from each smallest bounding box containing a mass (region of interest-
ROI, see Fig. 1). The ROIs were obtained with the help of ImageJ program [21].
In addition to the image features, for each mass the clinical information about the
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Fig. 1. An example of a BCDR image used in this study: (a) original image and (b)
the corresponding ROI containing a mass.

age of patient, breast density, calcification, microcalcification, axillary adenopa-
thy, arquitectural distortion, and stroma distortion were included. In summary,
this dataset includes 224 mass cases: 112 benigns and 112 malignants where each
mass is represented by eight image descriptors and seven clinical features.

5 Experiments and Results

The goal of the experiments is to analyze whether the Bayesian networks per-
formance on mass diagnosis can be improved with a combination of image
and clinical features. The performance of the BN models is evaluated with the
Leave-one-out cross validation technique. The performance measurements used
to report the results are accuracy, sensitivity, and specificity. Classification accu-
racy is the proportion of masses that are correctly classified by the model. The
ratio of malignant masses that are correctly identified is the sensitivity; and
specificity is the ratio of benign masses that are correctly identified [24]. All
Bayesian networks models are trained and tested using the Matlab R©software
with help of the Bayes Net toolbox [16] and the BNT Structure Learning
Package [14].

We start our experiments with four types of Bayesian networks models:
Näıve Bayes, Tree Augmented Näıve Bayes, K-dependence Bayesian classifier
(for K = 2), and Forest Augmented Näıve Bayes. All models were trained with
the values of the eigth image features explained in Sect. 2, which were selected
as in [22]. The corresponding network topology for these models are presented
in Fig. 2.

5.1 Bayesian Networks Models Using the Complete
Set of Clinical Features

In our first experiment, the impact of inclusion of the complete set of clinical
features on the initial Bayesian networks models (shown in Fig. 2) is evaluated.

The seven clinical features were added to each Bayesian network model: NB,
TAN, KDB, and FAN. Each clinical feature was added taking into account its
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Fig. 2. Topology for the initial Bayesian network models trained with the image
features: (a) NB, (b) TAN, (c) KDB and FAN, the former is represented with solid arc
lines and the latter is the same structure except where the dotted arcs appear.

causal relationship with the diagnosis node or with the mass descriptor nodes.
According to medical literature, the age of patient impact on breast diagnosis;
breast density impact on shape, margins, and density of masses; presence of cal-
cification, microcalcification, axillary adenopathy, arquitectural distortion, and
stroma distortion, are associated with breast disease [3,8].

The classification results for this experiment are presented in Table 2. From
this table, it can be seen that the addition of all clinical features do not help to
improve the previous performance on the initial BN models. Only, the extended
NB model showed a significant improvement that can be explained by its sim-
ple topology. A decrease in sensitivity with a important improvement for the
specificity are observed in the other models.
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Table 2. Performance results of mass diagnosis for the Bayesian networks models using
the complete set of clinical features.

Model Accuracy Sensitivity Specificity

Image
features

Clinical
and image
features

Image
features

Clinical
and image
features

Image
features

Clinical
and image
features

NB 0.73 0.78 0.65 0.69 0.81 0.88

TAN 0.79 0.78 0.80 0.70 0.77 0.85

KDB 0.79 0.78 0.80 0.70 0.77 0.85

FAN 0.79 0.78 0.80 0.70 0.77 0.85

5.2 Bayesian Networks Models Using Subsets of Clinical Features

In our second experiment, the impact of inclusion of different subset of clinical
features on the initial Bayesian Networks models are evaluated.

In order to find the best subset of clinical features, the sequential forward
selection method over all four types of Bayesian Network models is applied [19].
Following the same convention as the previous experiment, each clinical feature
is added in the Bayesian network models taking into account its causal relation-
ship with the other nodes. According to this procedure, the best subset is formed
by the calcification, axillary adenopathy, and arquitectural distortion features.
Other possible topologies for TAN, KDB and FAN models with this best combi-
nation of clinical and image features were searched by using structure learning
algorithms, but was not observed an improvement on the performance results.

The performance results of the Bayesian networks models trained with the
best combination of clinical and image features are summarized in Table 3. From
this table, it can be seen that all models trained with the best combination
of clinical and image features outperformed those obtained with only image
features. For all models, this combination significantly improves the specificity.
That is, the results show that the inclusion of clinical features helps to improve
particularly the benign mass diagnosis of our dataset.

Table 3. Performance results of mass diagnosis for the Bayesian networks models using
the best combination of clinical and image features.

Model Accuracy Sensitivity Specificity

Image
features

Clinical
and image
features

Image
features

Clinical
and image
features

Image
features

Clinical
and image
features

NB 0.73 0.76 0.65 0.67 0.81 0.85

TAN 0.79 0.82 0.80 0.80 0.77 0.83

KDB 0.79 0.82 0.80 0.80 0.77 0.83

FAN 0.79 0.82 0.80 0.80 0.77 0.83
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Fig. 3. Topology for the final Bayesian network models using the best combination of
clinical features: (a) NB, (b) TAN, (c) KDB and FAN, the former is represented with
solid arc lines and the latter is the same structure except where the dotted arcs appear.

Also from Table 3, it can be seen that the best obtained models are TAN,
KDB, and FAN. These models, which include dependence among image features,
show a good accuracy performance that is comparable with the average perfor-
mance of radiologists [6] and with the average performance (0.82) of experimen-
tals CADx [24]. In summary, these results indicate that they are more suitable
for identification of both mass type than the ones only using image features.

The topologies presented in Fig. 3 for TAN, KDB, and FAN using the best
combination of clinical and image features, show a structure that is easy to
interpret and validate by experts. They suggest that the clinical factors like the
presence of calcification, axillary adenopathy, and arquitectural distortion; as
well as, shape, margins, and density of masses (see Sect. 2 for image descriptors)
are important factors for mass diagnosis. Moreover, the dependences among
image features captured by the extended models, reveal that the shape of a
mass has influence on margins, and this impact on the density attributes. These
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findings, factors and their relationships, are consistent with both the analysis
followed by experts and medical literature for mass diagnosis [8,12].

6 Conclusions

The impact of a combination of clinical and image features on the performance of
Bayesian Networks models for mass diagnosis was presented in this work. Seven
clinical features about age of patient, breast density, calcification, microcalcifi-
cation, axillary adenopathy, arquitectural distortion, and stroma distortion were
analyzed. Several subsets of them were included on initial Bayesian Networks
classifiers combined with eight image features nodes. The experimental results
have shown that Bayesian networks models trained with a combination of three
clinical features outperformed with 0.82 in accuracy, 0.80 in sensitivity, and 0.83
in specificity, those obtained with only image features. This improvement, partic-
ularly has more impact on the diagnosis of benign masses than on the malignant
ones. Furthermore, the results have also shown that the augmented models:
TAN, KDB, and FAN, have a structure that is easy to interpret and validate
by experts. For this, it can be said that Bayesian networks with a combination
of clinical and automatically obtained image features are promising models for
mass classification.

As future work, interpretation and validation by experts of the best found
models and the comparision of them with other type of classifiers are considered.
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