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Multi-View Probabilistic Classification
of Breast Microcalcifications

Alan Joseph Bekker, Moran Shalhon, Hayit Greenspan, and Jacob Goldberger*

Abstract—Classification of clustered breast microcalcifications
into benign and malignant categories is an extremely challenging
task for computerized algorithms and expert radiologists alike. In
this paper we apply a multi-view-classifier for the task. We de-
scribe a two-step classification method that is based on a view-level
decision, implemented by a logistic regression classifier, followed
by a stochastic combination of the two view-level indications into
a single benign or malignant decision. The proposed method was
evaluated on a large number of cases from a standardized digital
database for screening mammography (DDSM). Experimental re-
sults demonstrate the advantage of the proposed multi-view clas-
sification algorithm that automatically learns the best way to com-
bine the views.
Index Terms—Computer-aided diagnosis (CADx), curvelet

transform, mammography, microcalcifications, multi-view
analysis.

I. INTRODUCTION

A CCORDING to the American Cancer Society, breast
cancer is the second most common cancer among US

women, accounting for 29% of newly diagnosed cancers [1].
Detecting breast cancer at an early stage can increase both sur-
vival rate and treatment options. Mammography is currently the
most effective tool for early detection and diagnosis of breast
cancer. The presence of clustered microcalcifications (MCs),
which are tiny deposits of calcium, is one of the most important
and sometimes the only sign of cancer on a mammogram [2].
To date the characterization of MCs as benign or malignant

based on their appearance in mammograms is a difficult task
even for expert radiologists, resulting in a high number of un-
necessary breast biopsies [3]. In the current study, data is taken
from the digital database for screening mammography (DDSM)
[4]. For this dataset experts achieved 50.5% accuracy, a sensi-
tivity of 91.0% and specificity of 16.2%. The difficulty of clas-
sifying benign and malignant MCs by their appearance alone is
clearly seen from their visual similarity, as illustrated in the set
of example images shown in Fig. 1.
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Fig. 1. Examples of benign and malignant MC clusters (from the DDSM
dataset). ROI sizes range from 2 mm 2 mm to 6 mm 6 mm.

Fig. 2. Illustration of the two image views, (a) CC view and (b) MLO view.

Many studies have attempted to tackle the problem of clas-
sification of MCs in mammograms. Shape-based and textural
based features were used in [5]. A comparison of shape, Har-
alick, wavelet and multi-wavelet features was carried out in
[6]. In [7], Gray-Level Co-occurrence Matrices (GLCM) and
Gray Level Run Length Matrix (GLRLM) texture features were
extracted from the tissue surrounding the MCs. A comparison
of features from the wavelet and curvelet transform was made
in [8] and features from the Nonsubsampled Contourlet Trans-
form (NSCT) were introduced in [9]. A variety of classifiers
have been applied in state-of-the-art Computer-aided diagnosis
(CADx) approaches to MC classification. The most popular are
the -nearest neighbors classifier (KNN), support vector ma-
chines (SVM), Linear Discriminant Analysis (LDA) and ar-
tificial neural networks (ANNs) [10]. It should be noted that
in most cases experiments are conducted on small datasets (

). Only a few studies have examined a larger
number of cases ( ) [11]–[13]. It is reported that
a more correct decision can be made from the large training data
set which includes various type of lesions [14]–[16].
A screening mammographic examination usually consists of

four images, corresponding to each breast scanned in two views:
the mediolateral oblique (MLO) view and craniocaudal (CC)
view. The MLO projection is taken in a 45 angle and shows
part of the pectoral muscle. The CC projection is a top-down
view of the breast (see Fig. 2). Both views are included in the di-
agnostic procedure. When reading mammograms, radiologists
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judge whether or not a malignant lesion is present by examining
both views and breasts. In an expert diagnosis procedure, the ex-
pert looks at each of the views separately, and delivers one final
assessment. The presence of a suspicious abnormality in one of
the views is enough to determine that the woman will be sent to
undergo a biopsy. Recent studies, (e.g., [17]–[20]) demonstrated
the superior performance of a multi-view CADx system over
its single-view counterpart. These studies mainly addressed the
problem of mammography analysis in the presence of masses.
The main focus of most previous multi-view methods was to
improve the localized detection of breast cancer or to build an
extended feature sets using both views.
Our Study is based on a large number of cases from the

DDSM [4], the largest public mammogram database available.
We took all the cases from the DDSM dataset with both CC
and MLO views. Experiments were performed on 1410 images
consisting of 705 pairs of CC+MLO views (372 benign and
333 malignant) extracted from the DDSM dataset.
The major contribution of this work is a classification algo-

rithm that automatically learns how to combine the informa-
tion from multiple views (CC and MLO), thus imitating ex-
perts' clinical procedure. We also search for suitable texture fea-
tures for this task. A rotation invariant feature set based on the
Curvelet transform is shown to have desirable characteristics for
the task, as compared to other state-of-the-art texture features.

II. A TWO-STEP CLASSIFICATION MODEL

In real life diagnosis, the radiologist considers the mammog-
raphy views to determine whether the patient has a malignant
MC cluster. If the diagnostic mammogram shows that the ab-
normal area is suspicious for cancer, a biopsy is needed to tell if
it is indeed cancer. In some studies the annotated data is given in
the form of mammography images that were labeled as benign
or malignant by an experienced radiologist [19]. These anno-
tations can be used as the ground truth to learn a classifier that
mimics the radiologist decision based on the mammography im-
ages. In our training DDSM data we have the calcifications lo-
cation in each of the views marked by experts. We also have the
biopsy results whether the abnormities are benign or malignant.
However, we do not have direct information whether there is an
indication of malignant calcifications from each of the views.
The goal of this study is to build an image analysis system that
automatically obtains the biopsy decision based only on the two
mammography images. The biopsy decision is correlated with
the mammography based diagnosis. However, there is no one to
one correspondence between the biopsy decision and the image
based diagnosis. It may happen that a biopsy-based malignant
decision is reflected in just one of the views.We know that when
a radiologist does not observe a lesion in both views this influ-
ences the interpretation and decision making. Actually, this is
a complicated process that involves reasoning about possible
causes for not observing the abnormality. In a dense breast,
for instance, occlusion of a lesion by glandular tissue is very
common.
Our goal is to develop an automatic classification algorithm

that mimics the biopsy decision whether an MC cluster is be-
nign or malignant based only on the mammography image and
a training image set with the corresponding biopsy decisions.

The standard procedure to train a classifier is based on a given
set of training data with corresponding true labels. The classifier
learning procedure finds a classifier whose class predictions are
most similar to the correct labels that are provided alongwith the
training data. Themain difficulty in our training algorithm is that
we do not have direct access to the image-level decisions. We
are only provided the biopsy results that are correlated with the
mammography indications. We approach the benign/malignant
decision task, based on the two views, as a two step procedure.
In the first step separate classifiers are applied on the CC and
MLO views to determine whether, based only on the specific
view, the cluster is malignant. The image-level decision is mod-
eled as a hidden random variable that is not observed neither in
train nor in test. In the second step, the final biopsy-level deci-
sion is determined by integrating the decisions of both views.
In this study we try to learn not only how each view can fore-
cast the biopsy result, but also how to combine the two different
views into an optimal decision.
Wemodel each view-level binary decision via logistic regres-

sion. In a logistic regression model with parameter , the prob-
ability of an input vector to be labeled as 1 is:

(1)

such that

is the sigmoid function. To simplify notation, we ignore here-
after the bias term that exists in the formulation of logistic re-
gression. To put our method into context we first briefly review
the learning procedure of a logistic regression classifier. Assume
we are given a training set of features and a corre-
sponding set of binary labels . We want to find the
parameter set that maximizes the logistic-regression likelihood
function:

(2)

There is no closed-form expression for the maximum-likelihood
parameter set. The function is concave and therefore, by
applying gradient ascent method, we can approach the unique
maximum point of . The gradient ascent update rule is:

where is the iteration number and is the learning rate. The
gradient ascent can be easily implemented using the following
gradient expression:

(3)

Assume that for each patient we have feature vectors
and extracted from the two mammography views, CC and
MLO, respectively. Each feature vector is used as an input to
a different logistic regression classifier with its own parameter
denoted by and , respectively. Let be the binary
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Fig. 3. A diagram of the two-step classification model. In the first step the CC
and MLO views are used as input to logistic regression (LR) classifiers that
produce binary decisions and . In the second step a final decision is
obtained as a stochastic combination of the two view-level decisions.

output of the CC view classifier that provides a view-level be-
nign/malignant decision (we use the convention 0-benign and
1-malignant), i.e.,

In a similar way we denote the MLO view based decision by
.

Since we only have ground-truth labels based on biopsy, we
further assume that we cannot directly observe and .
Instead, we can only observe a stochastic (noisy) combination
of them denoted by ( is a malignant biopsy and
is a benign biopsy). The two-views fusion step is defined by the
following parameter:

i.e., is the probability of a malignant biopsy given
view-level decisions and . We will also use the
following notation:

According to this model, given features and that
are extracted from the two views, the probability of obtaining a
biopsy based decision is:

(4)

The model is illustrated in Fig. 3.
The two-step model parameters can be learned from a labeled

training data. Assume we are given (CC, MLO) pairs of fea-
ture vectors:

with corresponding binary labels obtained from
biopsy information. The log-likelihood function of the model
parameters is:

(5)
The goal of the learning task is to find the view integration pa-

rameters , and the logistic-regression parameters and
that maximize the likelihood function (5). Since we need

to findmaximum-likelihood parameters for a model with hidden
random variables , we apply the
EM algorithm [21].
The EM algorithm iterates between the E-step that estimates

the hidden random variables and the M-step that updates the
values of the model parameters. In the E-step we use the current
parameter's values to compute a soft estimation of the hidden
random variables:

for all , and . This computation
can be carried out using Bayes' rule and (4) as follows.

In the M-step we re-estimate the model parameters. The up-
dated values of the parameters are:

(6)

There is no closed-form solution for the updated logistic-regres-
sion parameters and . The M-step update of the value
of is the one that maximizes the following cost function:

(7)

where

(8)

and

(9)

such that , were computed in the E-step. is the pos-
terior probability, based on the current parameter's values, that
there is an indication from the features of the CC image
that the tumor is malignant.
The cost function is actually a soft (weighted) version

of the cost function that is maximized while training a standard
logistic regression (2). Unlike standard logistic regression with
0/1 labels, we have here a probabilistic information on the label
value (defined in (9)). Like the standard logistic-regression cost
function, is a concave function with a single maximum
point that can be easily found using a gradient ascent procedure.
The derivative of the cost function is:
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TABLE I
THE EXPECTATION-MAXIMIZATION LOGISTIC-REGRESSION ALGORITHM

(EM-LR) ALGORITHM.

In the M-step of each EM iteration we, therefore, have to train
a soft-label logistic regression to find the global optimum of

(7). Since there are no local maxima, we can start the
gradient-ascent procedure at any random point. However, in
practice we found that it is most efficient to start the logistic-re-
gression training procedure from the parameter values obtained
at the previous EM iteration. The parameter updating of
is done in a similar way. This concludes the M-step.
The general EM theory guarantees a monotonic increase of

the likelihood function (5). The EM algorithm, however, is no-
toriously known to get stuck in a local maximum point of the
likelihood function. Hence, it is important to choose a mean-
ingful way to initialize the model's parameters. A reasonable
initialization is to use the biopsy labels to directly
train a logistic regression with inputs to get .
We can initialize in a similar way.
Since our method is based on a combination of the EM algo-

rithm and a Logistic Regression classifier, we denote it EM-LR.
The algorithm is summarized in Table I.

III. DATA REPRESENTATION USING TEXTURE FEATURES
In the representation of the MC data, two main approaches

can be taken: (1) morphological and shape feature extraction
of individual MCs or MC clusters and (2) extraction of tex-
ture features that represent changes in breast tissue. Morpholog-
ical feature-based schemes strongly depend on the robustness
of the MC segmentation. The segmentation task can be difficult

Fig. 4. Example of Curvelet texture decomposition for benign (a) and malig-
nant (b) cases: different scales (left to right) and different orientations (top to
bottom).

when the MCs are partially hidden or indistinguishable by sur-
rounding tissue structures which are not uniform. Using texture
features overcomes this limitation as no segmentation stage is
required. The texture features capture changes in the spatial ar-
rangement of intensities of the tissue [22].
Many texture features that can be suitable for mammography

analysis exist in the literature. The most basic feature-set is
based on first order statistics. Other standard texture features
are GLCM [23], [24] , (GLRLM) [25], [26] , Gabor filters [27],
[28] and features that are based on the wavelet transform. In
this study we used rotation invariant Curvelet features. While
Curvelet features are often used for the MC classification task,
the rotation invariant approach wasn't used on MCs before. The
steps for making the features rotation invariant based on [29]
are described below. Furthermore, we added to the 4 features
mentioned in [29], 3 additional rotation invariant features that
yielded improved results compared to the 4 features alone.
The Curvelet transform splits the frequency-domain intomul-

tidirectional and multiscale fan-shaped areas. It was found to
characterize textures more precisely [30]. Due to the fact that
the textures of interest in this work are not oriented textures (i.e.,
we wish to be rotation invariant), we define an isotropic (rota-
tion invariant) Curevlet based feature vector, as follows:
1) Image graylevels are normalized to .
2) The Curvelet transform is computed using the un-

equally-spaced fast Fourier transform (USFFT) (CurveLab
Toolbox [31]). The smallest image that we had was

, so the Curvelet transform was computed for 4
scales ( ). The number of orientations depends
on the image size. An example is shown in Fig. 4.

3) Features were computed from the resultant sub-images,
where is the sub-image of size [29]:
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4) Sub-image features at each scale were summed to extract
isotropic rotation invariant features from the Curvelet
transform. This was done on the Curvelet coefficients at
intermediate scales, to produce a 4 2 feature vector.

A. Curvelet – 7
In the final feature set we examined, we combined three addi-

tional features to the more standard Curvelet feature set defined
above. The additional features include entropy, skewness and
kurtosis measures:

where is the mean of , is the standard deviation of , and
represents the expected value of the quantity . This pro-

duced a 7 2 feature vector.

IV. EXPERIMENTS

A. Data-Set and Preprocessing
This study is based on the DDSM dataset [4] which pro-

vides the highest number of annotated mammograms with a
biopsy-proven diagnosis. The dataset includes, for each case,
the demographic data of the patient, the density of the breast
(BI-RADS scale), and information on the boundaries of the an-
notated regions where the lesion was detected and the biopsy
was done (Some cases contain more than one region of interest
(ROI)). Almost all cases contain images from both the cranio-
caudal (CC) view and the mediolateral oblique (MLO) view.
The contours of the lesions are provided by a chain code which
we used to extract irregular shaped ROIs.
We extracted ROIs that contained clusters ofMCs for which a

proven pathology was found. In real-life diagnosis procedures,
radiologists pay attention to the density of the breast, which can
be a good predictor of a woman's breast-cancer risk. We as-
sumed that categorizing the mammograms based on their den-
sity was necessary to compare the different features and clas-
sifiers in a more objective way. The Breast Imaging-Reporting
and Data System (BI-RADS) [32] is a quality assurance tool
used for mammography assessment. This tool divides breast
composition into four categories based on density criteria: (1)
entirely fat, (2) scattered fibrogranular densities, (3) heteroge-
neously dense and (4) extremely dense. As in [12], we sepa-
rated the mammograms into two different tissue-density cate-
gories and studied them individually: fatty tissues (ratings 1 and
2), and dense tissues (ratings 3 and 4). The classifier was real-
ized using two separate units representing the two categories of
breast density: Fatty/Dense. The density type for each case was
a parameter supplied by an expert as part of the DDSM.
We chose patients in the DDSM dataset that had both CC and

MLO views in order to test our model. Overall, our dataset was
comprised of a fatty-tissue dataset, which included 520 clusters

(260 of CC, and 260 of MLO), of which 139 were benign and
121 were malignant, and a dense-tissue dataset that included
890 clusters (445 of CC, and 445 of MLO), of which 233 were
benign and 212 were malignant.
Feature vectors and were extracted from the CC and

MLO views, respectively. As we described in Section III, the
features were extracted from the Curvelet coefficients at inter-
mediate scales (in our study, two scales), and included for each
scale the four features mentioned in [29], with three additional
features: entropy, skewness and kurtosis. Overall each extracted
ROI was represented by 14 features.

B. Classification Results
We compared the proposed EM-LR method with several

baseline methods that use the given biopsy labels to directly
train logistic-regression and SVM classifiers. We trained a clas-
sifier separately on the MLO features and on the CC features.
We first show classification results using only MLO features
and using only CC features. Next, we check several possibili-
ties to use both the CC and MLO features in order to obtain a
multi-view base decision. At the test phase we combined the
CC and MLO classifiers results using either OR or AND gates.
Another baseline method, that directly uses the biopsy labels,
involves training a classifier on a concatenation of the MLO
and CC features (denoted by CC+MLO). We also implemented
several variants of our two-step approach. In addition to the
full model, where is learned from the training data, we also
examined the variant where in the EM-LR algorithm is set to
be an OR gate (i.e., ) and the case where is set to
be an AND gate.
We evaluated the algorithm performance using Receiver

Operator Characteristic (ROC) curves, calculating area under
the curve (AUC) and using the classification accuracy, sen-
sitivity and specificity measures. The results were computed
using 10-fold cross validation. In this experiment set-up there
is a complete isolation of the test set from the train set. Each
fold was only used for testing and never for training. We thus
ensure that no bias is introduced. We examined our classi-
fier performance on the rotation invariant Curvelet features.
Due to differences in nature of the two types of breast tissue
(Fatty/Dense), a different network architecture was required
for each type, and therefore each breast tissue category was
evaluated separately. Fig. 5 shows the ROC curves of the five
classifiers we compared using the rotation invariant Curvelet
features on one train-test split from the fatty tissue, and
Fig. 6 shows similar ROC curves for the dense tissue dataset.
Tables II and III show classification results for the two types
of breast tissue (Fatty/Dense). Table IV shows results in case
we ignore the breast density information and do not split the
data into separated dense and fatty classes. As can be seen
from the classification results, the variants of the proposed
EM-LR approach outperformed all base-line methods. We
performed -test between the AUC values of the benchmark
models and the EM-LR model with dense and fatty data sets.
The input to the -test consists of AUC samples taken from
10-fold cross validation of both models [33]. The -test ex-
amines a hypothesis that the two groups of AUC values came
from the same distribution considering the mean and standard
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Fig. 5. ROC curves for Fatty data set.

Fig. 6. ROC curves for Dense data set.

TABLE II
CLASSIFICATION RESULTS (BENIGN VS. MALIGNANT) FOR

FATTY BREAST TISSUES.

deviation of the AUCs (taken from the 10-fold cross validation
experiments). All the hypothesis were successfully rejected
with ( ) and confidence value of 99%, which
indicates that the AUCs of EM-LR are significantly higher
than the AUCs of the benchmarks. In addition, we performed a
-test between the EM-LR accuracy, sensitivity and specificity
against the benchmarks in the three different data-sets (see
Tables II – IV) using the procedure described above, achieving
in all a ( ) with confidence interval of 99%.
Table V shows the maximum-likelihood values of for dense

category based on the entire set of fatty images. The maximum-
likelihood values for the fatty category were similar. Note that
the first index of corresponds to the CC view, e.g., is
the probability of a malignant decision given that the CC view

TABLE III
CLASSIFICATION RESULTS (BENIGN VS. MALIGNANT) FOR

DENSE BREAST TISSUES.

TABLE IV
CLASSIFICATION RESULTS (BENIGN VS. MALIGNANT) FOR

DENSE AND FATTY BREAST TISSUES.

TABLE V
MAXIMUM LIKELIHOOD PARAMETER VALUES

OF FOR THE DENSE DATASET.

based decision is benign and the MLO based decision is ma-
lignant. As can be seen from Table III, the maximum-likeli-
hood is more general than the AND and OR operators. The
values and mean that whenever the
two view-based decisions agree, the final decision will follow
that decision. The parameter value means that if,
based on the CC view, the cluster looks malignant and, based on
the MLO view, it looks benign, then probability of a malignant
biopsy slightly more than one half. Finally, means
that if, based on the CC view, the cluster looks benign and, based
on the MLO view, it looks malignant then the probability of a
malignant biopsy is also slightly more than one half.

C. Comparative Results on Texture Features and Classifiers
for the MC Classification Task
In this section we explore additional possible texture features

in representing theMCs. Comparative results, using the EM-LR
multi-view classifier, are shown in Table VI. The results indicate
that the Curvelet rotation invariant features significantly outper-
form alternative feature representations for both density types.
In order to check the proposed Curvelet rotation invariant

features independently from the proposed EM-LR classifier we



BEKKER et al.: MULTI-VIEW PROBABILISTIC CLASSIFICATION OF BREAST MICROCALCIFICATIONS 651

TABLE VI
TEXTURE FEATURE COMPARISON FOR THE MC DATA

USING EM-LR MODEL- AVERAGE RESULTS.

TABLE VII
TEXTURE FEATURE COMPARISON FOR THE MC DATA USING

LR MODEL(CC+MLO)- AVERAGE RESULTS.

TABLE VIII
TEXTURE FEATURE COMPARISON FOR THE MC DATA USING

SVM MODEL(CC+MLO)- AVERAGE RESULTS.

also implemented two other standard classifiers: a logistic-re-
gression classifier and the support-vector machine (SVM)
classifier. Both classifiers were applied to feature vectors that
were obtained from a concatenation of the features that were
extracted from the two views. The performance was evaluated
using Accuracy (ACC) and the Area Under the Curve (AUC)
of the Receiver Operator Characteristic. This experiment was
conducted for the two tissue densities separately. Comparative
results are shown in Tables VII and VIII, respectively. The
results indicate that when using the Curvelet rotation invariant
features we obtain the best classification results in both density
types. Comparing the results of the EM-LR classifier shown
in Table VI to the results obtained by alternative classifiers
shown in Tables VII and VIII, we get further validation for the
improved performance obtained by using the EM-LR classifier.
In Table IXwe applied the SVM classification to several com-

binations of feature-sets. We tried concatenating several feature
sets to the Curvelet-4 set and did not gain any performance im-
provement. In another experiment we took all the features we
had (excluding the three new features in Curvelet-7) and applied
a feature selection process to obtain the most relevant features.
We chose the 14 best features in order to have a fair comparison

TABLE IX
FEATURE COMBINATION AND SELECTION FOR THE MC DATA

USING SVM MODEL- AVERAGE RESULTS.

with Curvelet-7 that is based on 14 features. We used a standard
feature selection method which is based on the weights of the
SVM [34]. Using automatic feature selection, we got a slight im-
provement over Curvelet-4. However, the proposed Curvelet-7
feature set yielded a significantly better results. This is a clear
indication that the three added features (entropy, skewness and
kurtosis) provide additional information that is not included in
the Curvelet-4 set.

V. DISCUSSION

In this paper we address the problem of classification of be-
nign andmalignant clustered breast microcalcifications.We pre-
sented a method for automatically combining mammography
view-level decisions into a global benign/malignant classifica-
tion. We showed the improved performance of our approach
over several alternative ways of combining the view-level in-
formation. We focus on texture features of the MC ROIs; hence
a segmentation stage was not needed. The evaluation was done
on a large number of cases provided by the DDSM. We sepa-
rated the mammograms into two different categories: fatty tis-
sues (density 1 or 2, according to the BI-RADS standard) and
dense tissues (density 3 or 4), and studied them individually
[12]. Classification results for dense tissues have been reported
to be inferior to results for fatty tissues [12], probably due to the
similarity between normal and tumor tissues, making the task
of detecting the clusters of MCs difficult. We only used patients
that had both types of views: CC and MLO, and evaluation was
performed for each view and fo rthe combined views. The in-
puts of the classifiers were feature vectors extracted from the
given ROIs. The ROIs from the DDSM have different sizes, so
extracting features make it possible to use the original patches
of the ROI independently of their sizes.
Many studies have examined the task of classifying MC clus-

ters into benign or malignant. However, each study has used
a different dataset making it difficult to carry out a compar-
ison. Furthermore, most studies employed smaller datasets than
shown here. Wei et al. [35] used a database of mammogram
images collected by the Department of Radiology at the Uni-
versity of Chicago. Zadeh et al. [6] used a mammogram data-
base developed by N. Karssemeijer in the University Hospital
Nijmegen, the Netherlands. Papadopoulos et al. [36] evaluated
their method using the Nijmegen and Mammographic Image
Analysis Society (MIAS)mammographic databases. Only a few
studies used a large number of MC cases from the DDSM along
with texture features. In [11] benign versus malignant clusters of
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MCs are classified with a reported . The best fea-
ture in [12] achieved ( ) for fatty
tissues and ( ) for dense tissues.
The best feature for classifying task reported by Andreadis et
al. [12] achieved ( ) for fatty tis-
sues and ACC=60.83% ( ) for dense tissues, and
[13] achieved . Our Curvelet rotation invariant
feature using EM-LR achieved better results than most of these
studies and comparable results to those reported in [13].
In this study we also explored several texture representation

schemes for the MC data, including a rotation invariant feature
set based on the Curvelet transform. A comparison across many
state-of-the-art texture features was conducted using SVM and
logistic-regression classifiers. The results of the comparison in-
dicate that the Curvelet rotation invariant feature outperforms
the other features in both density types and both views. Our ex-
perimental results demonstrated the effectiveness of using the
isotropic rotation invariant feature based on the Curvelet trans-
form over a wide range of malignant and benign clusters.
In this paper we showed a system that uses a simple classifier

per view, as the initial decision per view. We are focusing on the
benefits of combining the views. The overall performance is ef-
fected by the initial classification performance – and thus we are
limited in the final performance results. Thework presented here
can be extended in several directions. In our experiments we use
a specific set of features extracted from the image's ROIs. How-
ever, the proposed method can be applied to any other feature
set. In our implementation we use logistic regression for classi-
fication. Logistic regression can be viewed as a single neuron.
The EM framework we applied can be combined with any other
classifier that provides a soft (probabilistic) decision. For ex-
ample we can replace the logistic regression with a non-linear
deep neural-net. In future work, we will explore stronger classi-
fiers at each view, such as neural-Network based classification.
We believe this will improve the overall performance. In the
algorithm presentation we focused on the most common mam-
mography views namely CC and MLO. Our method, however,
can be easily extended to different views and to mammography
with more than two views. This is one methodology that can
easily be generalized to other multi-view classifiers and fea-
ture sets. The main contribution is the methodology suggested
to combine the single view decisions into a single global deci-
sion. Our experimental results also demonstrated the effective-
ness of using the isotropic rotation invariant feature based on the
Curvelet transform over a wide range of malignant and benign
clusters. We believe the exploration conducted here on the dif-
ficult task of MC classification, can be generalized to additional
medical tasks in the radiology and oncology domains.
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