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A B S T R A C T

Breast cancer is a common cancer among women. With the development of modern medical science and
information technology, medical imaging techniques have an increasingly important role in the early detection
and diagnosis of breast cancer. In this paper, we propose an automated computer-aided diagnosis (CADx)
framework for magnetic resonance imaging (MRI). The scheme consists of an ensemble of several machine
learning-based techniques, including ensemble under-sampling (EUS) for imbalanced data processing, the
Relief algorithm for feature selection, the subspace method for providing data diversity, and Adaboost for
improving the performance of base classifiers. We extracted morphological, various texture, and Gabor features.
To clarify the feature subsets' physical meaning, subspaces are built by combining morphological features with
each kind of texture or Gabor feature. We tested our proposal using a manually segmented Region of Interest
(ROI) data set, which contains 438 images of malignant tumors and 1898 images of normal tissues or benign
tumors. Our proposal achieves an area under the ROC curve (AUC) value of 0.9617, which outperforms most
other state-of-the-art breast MRI CADx systems. Compared with other methods, our proposal significantly
reduces the false-positive classification rate.

1. Introduction

Breast cancer is a disease that is caused by malignant cells in the
breast tissues [1]. According to American National Cancer Institute, the
incidence rate of female breast cancer was 124.8 per 100,000 women
per year from 2008 to 2012. In 2015, it is estimated that there were
231,840 new breast cancer cases and about 40,290 people died from
this disease. In the U.S., female breast cancer is responsible for 14% of
all new cancer cases [2], indicating that female breast cancer is the
most common cancer. The mortality rate from breast cancer is also the
highest among women [3]. Breast cancer pathogenesis remains un-
known, and there is no effective way to prevent this disease [4].
However, early detection and diagnosis of breast cancer can help to
significantly reduce the mortality rate. Thus, much research has been
performed on the early detection of malignant masses. Modern
imaging techniques including ultrasound, mammography, computed
tomography (CT), positron emission tomography (PET), and magnetic
resonance imaging (MRI) have been widely used for the early detection
and diagnosis of breast cancer [5]. Among these techniques, MRI is
well-known for its superiority in prognosis, diagnostic accuracy,
staging, and preoperative planning [67]. It was also shown that MRI
has better sensitivity than mammography and MRI diagnostic results

are only minimally influenced by breast density [8]. Therefore, MRI is
considered to be an important tool in breast cancer clinical diagnosis
[5].

The goal of Computer-Aided Detection and Diagnosis (CAD) is to
achieve a high diagnostic sensitivity for breast cancer and to maintain a
low the false positive classification (FPC) rate [5]. In this process,
Computer-Aided Diagnosis (CADx) is regarded as a key technique to
reduce the FPC rate [9].

An important task of CADx is to make an accurate mass classification
and decide whether a region of interest (ROI) is malignant. Enough
high-quality features that characterize malignant masses are needed for
training the classification model and for class prediction [10]. Thus,
many features, such as morphological features, texture features, and
frequencial features, have been extracted and used widely in many
studies [11,12,13,14]. However, some extracted features may be re-
dundant and irrelevant to the classification task. In addition, too many
input features may increase the computational complexity and cause the
curse of dimensionality, thereby significantly diminishing the diagnostic
accuracy. Thus, feature selection plays a crucial role in improving CADx
system performance. Genomic algorithm (GA) [15] and support vector
machine-based recursive feature elimination (SVM-RFE) [9] have been
adopted in the feature selection process for CADx systems.
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In addition to acquiring representative features of breast masses, it
is also important to build and train a robust classifier. According to our
knowledge, most popular classifiers are designed under the assumption
that the data set used for training is balanced, which means that the
number of samples in the majority class is similar to that in the
minority. However, this prerequisite is difficult to achieve in CADx.
There are usually much fewer images with malignant masses than
those without masses or with only benign masses [16]. This may reduce
the diagnostic sensitivity, and malignant masses are likely to be
wrongly classified as being normal. Consequently, it is necessary to
alleviate the influence caused by data imbalance. Ensemble learning
algorithms such as Ensemble of Under-sampled SVM (EUS-SVM) [17]
and RUSBoost [18] have been shown to perform well in breast cancer
CAD [16] and other medical classification systems [19].

In this paper, we propose a MRI CADx system focusing on
diagnosis of malignant breast masses, based on feature selection and
ensemble learning. First, morphological, texture, and Gabor features
were extracted to characterize breast cancer masses. We then used the
Relief algorithm [20] to find the optimal feature subset for the classifier
training. These features were then fed to a novel ensemble learning
framework based on the combination of EUS and the subspace
technique. The experimental results indicate that our proposal outper-
forms the other state-of-the-art methods in diagnostic sensitivity, but
the FPC rate increases slightly.

The main contributions of this paper can be summarized as follows:

1. The dimensionality of the features we use is larger than most state-
of-the-art methods. Various features including morphological,
Gabor, and several types of texture features were extracted to
comprehensively characterize breast masses.

2. We selected the optimal feature subset from the original feature set
using Relief, based on their type, which helps reduce the redundant
and irrelevant features and takes the physical meaning of features
into consideration.

3. We propose a novel ensemble learning framework based on the
combination of EUS, subspace, and Adaboost, which helps to
alleviate the data imbalance problem and improves the overall
classification accuracy of the CADx system.

The remainder of this paper is organized as follows: Section 2
describes our methodology in detail; Section 3 introduces our data set,
the experimental setup, and our performance evaluation metrics;
Section 4 presents the experimental results and demonstrates the
effectiveness of each individual component of our proposal; Section 5
discusses the reason for our system's superiority; and Section 6
includes concluding remarks (Fig. 1).

2. Methodology

In this section, we discuss the methodology used in our proposal.
The structure of our CADx system is shown in Fig. 2. Because
automated ROI segmentation may cause some errors [21], here, we
segmented the ROIs from breast MRI images manually with the aid of
physicians' marks. In subsection A, we present the features that we
extracted for characterization of breast cancer images. In subsection B,

we introduce our method for feature selection and the process of
subspace construction. In subsection C, we briefly introduce our
ensemble learning framework for imbalanced data processing. In
subsection D, we introduce our base classification algorithm. Finally,
in subsection E, we present the pseudo-code for our proposal.

2.1. Feature extraction

In the pattern recognition and image processing fields, the aim of
feature extraction is to acquire numeric variables that can reflect the
intrinsic image properties [22]. Malignant breast masses usually have a
spiculated, rough, and blurry boundary, while benign masses usually
have a round, smooth, and well-defined boundary [23]. These mor-
phological features are crucial to the classification. However, not all
morphology information is suitable for describing the ROI images.
Texture and frequencial features that focus more on the tissue
composition are also useful and effective for characterizing breast
masses. In this study, we extract various types of features, including
morphological features, gray level co-occurrence matrix (GLCM, also
known as Haralick features [24]), gray level difference matrix (GLDM),
gray level run length matrix (GLRLM), gradient-gray level co-occur-
rence matrix (GGLCM) and Gabor features, for the additional classi-
fication task. Among these features, GLCM, GLDM, GLRLM, and
GGLCM features belong to the texture statistical feature family, and
Gabor features belong to the frequency domain feature family. A brief
introduction to these features is provided below.

2.1.1. Morphological features
Morphological features are variables that describe the shape, edge,

and geometric properties of masses [25]. In our proposal, circularity,
mean and standard deviation of the radial length, eccentricity, entropy
of the intensity distribution, mean and standard deviation of the
intensity, area, mean and standard deviation of the fractal dimension
index, inertial momentum, anisotropy, entropy of the contour gradient,
smoothness, skewness and kurtosis were extracted as morphological
features. The dimensionality of our implementation in this part is 16.

2.1.2. Haralick features
Haralick features [24] are statistical texture features based on

GLCM. Unlike the gray level histogram which can only reflect the gray
level and its spatial distribution, GLCM can display information about
the relative position of pixel pairs with different distances and angular
relationships in the image [26]. For each breast MRI image, we
extracted the following 11 features from its GLCM; namely angular
second moment, contrast, correlation, difference moment, homogene-

Fig. 1. This is a diagram of CAD scheme. The lower part below the dashed line shows the
components of CADe, and the upper part above the dashed line shows the components of
CADx.

Fig. 2. The general structure of our CADx system.
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ity (inverse difference moment), sum average, sum variance, sum
entropy, entropy, difference variance, and difference entropy. For a
more detailed characterization of the image, we extracted Haralick
features in 16 directions and distances rather than just from the
traditional four directions with fixed distances. Therefore, our original
Haralick feature set for classification contains 176 features.

2.1.3. GLDM features
In grayscale images, the difference in the gray level between

neighboring pixels can reflect the rate of energy change of the
electromagnetic wave radiation [27]. As a result, the gray level
difference can provide a description of the image texture. The gray
level difference can be defined as (1):

f f x x y y f x yΔ = ( + Δ , + Δ ) − ( , ), (1)

where ( x yΔ , Δ ) is the displacement vector of the pixel pairs. For a
specific displacement vector, all possible gray level difference values
can be denoted by the probability density function, and a gray level
difference histogram can be acquired. Four features (contrast, angular
second moment, mean, and entropy) can be extracted from the
histogram. In our proposal, we used 16 different displacement vectors
and thus extracted 64 GLDM features in total.

2.1.4. GLRLM features
In the image processing field, gray level run length is defined as the

number of consecutive pixels that have the same grayscale level in one
direction [28]. The texture of one image can be characterized by the
gray level, length, and direction of the run in GLRLM features. Because
there was no difference between 45° and 135° in GLRLM, we calculated
three matrices at 0°, 45°, and 90°. Short run emphasis, long run
emphasis, gray level distribution, run length distribution, and run
percentages were extracted from all matrices. Thus, we obtained a total
of 15 GLRLM feature.

2.1.5. GGLCM features
GGLCM makes use of both gradient and gray level information to

characterize the texture of images [29]. In this way, both the edge and
the interior part of one image can be taken into consideration. To make
the features, we extracted effective and precise descriptions of the ROIs
and reduced the computational cost; we did not use the original 256-
level gradient and grayscale measurements. Instead, we detected the
edges using the Roberts operator and then set the number of gradient
levels to 8, to obtain the gradient image G. We also set the number of
grayscale levels to 16, to obtain the grayscale image F. The gradient-
gray level co-occurrence matrix can be defined as (2):

H i j count F m n i G m n j( , ) = ( ( , ) = , ( , ) = ), (2)

where (m,n) is the coordinate of the current pixel in both F and G. In
our setting, the gradient-gray level co-occurrence matrix H was an
8×16 matrix. For one image, we extracted the small gradient dom-
inance, big gradient dominance, grayscale asymmetry, gradient asym-
metry, energy, grayscale mean, gradient mean, grayscale variance,
gradient variance, correlation, grayscale entropy, gradient entropy,
grayscale-gradient mixed entropy, inertia, and difference moment from
the GGLCM as features.

2.1.6. Gabor features
The Gabor wavelet is widely applied in visual comprehension. It is

sensitive to the edge of images, which can provide good direction and
scale selection characteristics. It is not sensitive to illumination
changes. Gabor features are based on a group of wavelets at different
directions and frequencies [13]. To lower the computational cost while
retaining the accuracy of the features, we set four frequencies and eight
directions, thus generating 32 different Gabor wavelet filters. We
calculated the convolution of the original image and each Gabor filter
to obtain a feature image, and then extracted the mean and standard

deviation of the pixels in the feature image as features. We used 64
Gabor features in total.

2.2. Feature selection

Feature selection plays an important role in training classifiers.
Assuming that the original feature space contains D features, the goal
of the feature selection process is to find an optimal subset that
contains only d (d D≤ ) features. Feature selection can reduce the
computational complexity and improve the classification accuracy.
Feature selection methods can be mainly categorized into two types:
wrapper and filter [30]. Wrapper is in combination with specific
classifiers. The performance and importance of features are evaluated
using a specific classification algorithm. Sequential Forward Selection
(SFS), Sequential Backward Selection (SBS), and Sequential Floating
Selection (SFS) [31] are representative wrapper methods. Filter does
not consider specific classification algorithms and gets each feature's
contribution directly from the original data. Generally, filter methods
are faster than wrapper methods and they are not sensitive to the
classifier. Among filter methods, Relief [20], which is based on feature
weighting, is widely regarded as an effective filter selection method.
Relief is easy to implement and has lower computational complexity,
and therefore we used it for feature selection. The Relief algorithm can
be described as follows:

1. The training was set as D, and the weight of each feature was
initialized as 0. For each instance R in D, its nearest neighbor
instance with the same class as NH (NearHit) and the nearest
instance in the different class from NM (NearMiss) was found based
on the Euclidean distance measure.

2. An instance R was randomly sampled with replacement in D for m
times. For each feature i, the weight of wi was updated as follows:

w w dif i R NH m dif i R NM m= − ( , , )/ + ( , , )/ ,i i (3)

where dif is the difference between D and its NearHit or NearMiss
instance, and can be computed as follows:

dif i R N R N
i i

( , , ) = −
max( ) − min( )

.
(4)

Thus, features that can distinguish samples and their NearMiss
neighbors are regarded as more relevant and can be kept in the final
optimal feature subset.

3. The final weight of each feature can be acquired after m rounds of
iteration, then these weights are compared with a preset value, th.
Features that have a weight higher than th will be added to the final
feature subset.

Among all of the features extracted for training and testing,
morphological features, GLRLM features, and GGLCM features are
excluded from the feature selection process. Because morphological
features always play an important role in clinical diagnosis, they are
usually of high value and more attention is paid to them. Because
GLRLM and GGLCM features both contain a limited number of
features, it is not necessary to make dimensionality reductions on
these features. To preserve the physical meaning of features, features
are not mixed together before feature selection. Instead, the remaining
types of features are selected using Relief, and therefore Haralick,
GLDM, and Gabor feature subsets are formed.

In our proposal, the parameters mentioned in this subsection are
fixed. As seen from Section 2.1, we extracted 339 features in total, so D
is 339. Regarding other parameters in the Relief algorithm, we set m to
1000 and the threshold th to 800, which means that the average
threshold is 0.8 for each feature dimension to be selected for the
training of classifiers.
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2.3. Imbalanced data processing

Data imbalance is a common problem in medical classification
tasks. In breast CADx systems, ROIs are segmented automatically or
manually; only a small part of the ROIs contain malignant tumors and
most ROIs are false-positive ROI (FPROI) instances. Considering that
most binary classification algorithms were designed under the assump-
tion that there is no significant difference between the size of the
minority (positive) and that of the majority (negative) class, the
performance of classifiers might be seriously decreased as a result of
data imbalance. The positive area is likely to be eroded by the negative
area and thus the true positive rate will decrease. To solve this problem,
we propose an ensemble method that combines undersampling, sub-
space, and boosting based on the guideline of bias-variance decom-
position.

2.3.1. Bias-variance decomposition
For a trained classification model, bias-variance decomposition [32]

can be used for analyzing its prediction error and generalization ability.
The generalization error can be broken down into three components:
bias, variance, and noise as follows:

error bias variance noise= + + .2 (5)

Bias measures the difference between the desired output and the real
label. Variance is used to measure the inner deviation of the testing set.
It can be characterized as the deviation between the outputs and their
average. Noise is the lower boundary of the generalization error and
measures the difficulty of the classification task. Ensemble methods can
make combinations of multiple classifiers and thus reduce the general-
ization error in different ways. Bagging-based methods aim at reducing
the variance of base classifiers by undersampling, while Boosting-based
methods focus on reducing the bias by weighting strategies.
Additionally, for base classifiers, they should be accurate and have
good diversity. Subspace strategy divides the feature vector space into
several spaces and trains classifiers with these subsets. Thus, the
diversity of classifiers is ensured and their ensemble can obtain better
performance. Here, we combine the feature subspace, Bagging, and
Boosting to build an ensemble framework to address the data
imbalance problem.

2.3.2. Variance reduction—ensemble of undersampling
EUS [17] is a bagging-based strategy that can help to reduce the

generalization variance. Unlike traditional bagging algorithms, EUS
samples the negative instances without replacement to build negative
(i.e. false-positive classification) subsets, all of which are a similar size
as that of the positive class. Each negative subset was combined with all
positive instances to build several balanced subsets for training. In the
testing process, one testing instance was classified by all sub-classifiers
and the outputs were combined using a pre-determined rule, such as
majority voting. Compared with random undersampling, which only
uses a small part of negative instances, EUS can make use of all
negative instances to avoid losing representativeness. The general
structure of EUS is shown in Fig. 3.

2.3.3. Diversity enhancement—feature subspace method
The training instances are usually characterized by a set of features.

Different feature subspaces (i.e. feature subsets) can provide different
perspectives to observe the data. As a result, it will form different
classification models after training, which can increase the feature
disturbance and thus help improve the base classifier diversity. In our
proposal, for each balanced subset acquired from EUS, we use the
feature subspace method to train different classifiers. Morphological
features will be fused and directly put together with five other types of
features, as mentioned in Section 2.1, to build five different feature
subsets. Among these features, Haralick, GLDM, and Gabor features
are the optimal feature subsets selected by Relief. Thus, for each

balanced EUS subset, there will be five different base classifiers. This
process is described in Algorithm 1 as the feature_combination
function.

2.3.4. Bias reduction—adaboost
Boosting is an iterative procedure for changing the distribution of

training instances adaptively to help base classifiers focus more on the
instances, which are more likely to be misclassified [33]. The weights of
the instances that are hard to classify will increase during the iteration
until they can be correctly classified in subsequent iterations. Adaboost
[34] is one of the most well-known implementations of Boosting
algorithms. It aims to reduce the output of the logarithmic loss
function. The weight of a base classifier is related to its error rate
and the weight of each training instance changes according to its
classification accuracy. The generalization bias can drop continuously
in the iteration process. In our proposal, Adaboost is combined with
the feature subspace method for improving the performance of each
base classification model trained by one feature subspace.

2.3.5. Result aggregation—majority voting
For ensemble learning methods, different result aggregation meth-

ods may cause different classification outputs. Majority voting,
weighted voting, and function value aggregation are three widely used
methods to make the aggregation. However, experimental results have
shown that there is no significant difference in the classification
performance among these methods [17]. In addition, weighted strategy
and functional value aggregation can cause overfitting [35]. Thus, we
chose majority voting to aggregate the subspace classifiers' outputs and
EUS outputs.

2.4. Classification method

In our proposal, we chose C4.5 [36] as the base classifier for our
classification task. C4.5 is a decision tree that chooses appropriate
features and nodes based on the information gain ratio. It is a weak
learner and can show great performance in ensemble methods. C4.5 is
a white box, which means it can generate clear classification rules.
Compared with ID3 [37], another classic decision tree algorithm that is
based only on information gain, C4.5 tends to choose the easier and
shorter classification paths. Thus, C4.5 is in accordance with the
principle of Occam's razor. C4.5 is among the top 10 data mining

Fig. 3. The general structure of EUS. N represents for the imbalanced ratio. It is
approximately equal to the ratio of the size of negative class to that of the positive class.
The ensemble aggregation strategy can be either majority voting, weighted voting,
function value aggregation or other effective aggregation methods.
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algorithms [38] and has been widely used in imbalanced classification
tasks [39,19].

2.5. Overall procedure

In summary, our proposal for addressing the data imbalance
problem is an ensemble method that combines EUS, the feature
subspace method, and Adaboost to reduce the generalization error.
We assume that there are n instances for training in total. Each sample
is represented as x y( , )i i . Here, xi is the feature vector of one sample, and
yi, which can be either +1 (positive) or −1 (negative), is its class label,
and the number of positive instances in the training set is m. Haralick,
GLDM, GLRLM, GGLCM, and Gabor features are labeled from 1 to 5.
The entire imbalanced data processing procedure can be described as
Algorithm 1.

3. Experimental setup

In this section, we introduce our experimental framework and
parameter settings. In subsection A, we give a brief description to our
breast MRI data set. In subsection B, we introduce the parameters and
other settings of C4.5. In subsection C, we present the metrics we use to
evaluate the performance of our proposal.

3.1. Data set

Although many breast MRI CADx systems define the ROIs auto-
matically, we selected ROIs manually based on physicians' annotations
to avoid potential segmentation errors, as described by Abdel-Nasser
et al. [21]. Fig. 4 shows some manually segmented ROIs from the data
set.

Although our data set was built manually, we made it imbalanced to
mimic the real condition. The data set contains 438 positive instances
and 1898 negative instances in total, and the imbalanced ratio is
approximately 4. The MR images were collected from different breast
cancer MRI volumes at Shandong Cancer Hospital, a top cancer
diagnosis and therapy hospital in China. Images were generated on a
Philips 3.0 TMR system at a resolution of 360 bpi. The patients were
from different regions throughout mainland China, and the patients'
age ranged from 35 to 60, which means that the data set is a

representative subset of all breast cancer patients. For each patient,
multiple images were collected in our data set. However, the 2D MRI
slices were taken from different positions and angles, so these images
are different even though they are taken from a limited number of
patients (i.e. 54 patients in total). Because of these measures, the
representativeness of our data set can be ensured. In the EUS frame-
work, we built four balanced subsets for subspace training and testing,
and we set the majority voting threshold to 3. In each subset, we set the
voting threshold for the five subspace classifiers to 3.

The negative set mainly consists of mass-like lesions and edemas
shown in the original images, but the number of benign masses is not
large (less than 50); and the data set does not contain any ductal
carcinoma in situ (DCIS). This is because MR technology is typically
used after the detection of positive masses, and the images we acquired
are all from positive masses.

3.2. Classification algorithm settings

In our proposal, C4.5 was chosen as the base classifier. We used the
non-pruning tree and set the confidence level as 0.25. The number of
patterns per leaf should be no less than 2. In the Adaboost part, we set
the number of iterations to 25. All parts of our proposal were
implemented and executed on Matlab 2014a.

3.3. Performance metrics

We measured our proposal using various representative perfor-
mance metrics. We applied sensitivity, specificity, and the FPC rate to
evaluate the performance from one specific perspective. Additionally,
the F measure−1 and geometric mean (G-mean) were used for char-
acterizing the trade-off between the TPC and FPC rate. The definitions
of these metrics are described below:

sensitivity TPC
TPC FNC

=
+

,
(6)

specificity TNC
FPC TNC

=
+

,
(7)

FPC rate FPC
FPC TNC

=
+

,
(8)

Fig. 4. Here are some examples in our data set. The ROI selected in each image is indicated with a red curve. The upper 4 images show malignant masses (i.e. positive instances), and
the lower 4 images show false positive ROI areas (i.e. negative instances) with no masses or just benign masses.
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F measure TPC
TPC FPC FNC

− = 2
2 + +

,1 (9)

G mean sensitivity specificity− = × . (10)

Here, TNC and FNC represent the number of correctly diagnosed
negative cases and the wrongly diagnosed positive cases, respectively.

In addition to the metrics above, the receiver operating character-
istic curve (ROC), a graph-based technique to visualize the classifiers'
organization and performance, was used [40]. ROC was introduced to
machine learning analysis from the field of medical decision making
and it can depict the trade-off between the TPC rate and FPC rate more
efficiently and intuitively. Additionally, area under the ROC curve
(AUC) is based on the ROC, which provides a numerical measurement
on the classifier's performance. A good classifier often achieves a high
AUC value, which means that the classifier has a high TPC rate and a
low FPC rate at the same time. We used a ten-fold cross-validation
strategy in our experiments. In this situation, the sampling process is
performed separately in the positive and negative sets. Both sets are
divided into 10 subsets, and each positive subset is combined with a
negative subset. Thus, we had 10 imbalanced subsets for the ten-fold
cross-validation.

4. Experimental results and empirical comparisons

In this section, we present the experimental results of our breast
MRI CADx system and illustrate its superiority. In subsection A, we
present the overall experimental results with several performance
metrics mentioned in Section 3.3. In Section 4.2, we compare our
ensemble framework with its individual components, including EUS,
Relief, and the feature subspace method, to show the effectiveness of
our strategy. Finally, in Section 4.3, to demonstrate the superiority of
our proposal, we also make some empirical comparisons with several
state-of-the-art breast cancer CADx systems.

4.1. Overall results

4.1.1. Numerical results
Among the performance metrics mentioned in Section 3.3, sensi-

tivity, specificity, F measure−1 , G-Mean, and FPC rate describe the
performance numerically. The numerical results of our proposal are
shown in Table 1.

4.1.2. ROC analysis
The ROC curve of our proposal is shown in Fig. 5 and the value of

AUC is 0.9617.

4.2. Ensemble strategy vs. individual components

As mentioned above, our proposal mainly consists of four compo-
nents: feature selection (with Relief algorithm), subspace method,
Adaboost, and imbalanced data processing (with EUS). To demonstrate
the effectiveness of our ensemble strategy, we compared our ensemble
method with four methods in which one component is removed. We
generated four comparative methods by removing components from
the proposed framework one at a time. Table 2 gives a brief description
of the methods for comparison.

The experimental results are shown in Table 3. The ensemble
strategy is better than nearly all the other methods, as assessed using
these metrics.

4.3. Empirical comparisons with state-of-the-art breast cancer CADx
systems

In addition to making comparisons among components within our
own framework, we also compared our proposal with several state-of-
the-art breast CADx systems to classify masses in breast MRI images.
Table 4 shows the comparison results. It is suggested that our proposal
can achieve a lower FPC rate with only a small decrease in sensitivity.

Additionally, we performed a statistical comparison between our
proposal and the framework designed in [41], which is the best of the
frameworks in Table 4. For imbalanced data sets, because there are
much more negative samples than the positive ones and thus the
precision metric will greatly influenced by data distribution,
F measure−1 will not be accurate enough. Thus, we use other dualistic
metrics (i.e. G-mean, AUC) and FPC, which is also important for the an
CADx system, for comparison. The p-value of a pairwise t-test between
the two frameworks is less than 0.01, which means our proposal is
significantly superior to other state-of-the-art breast cancer CADx
frameworks.

5. Discussion

Except for the conclusions drawn above, the experimental results
presented in Fig. 5, Table 3 and 4 and the related experimental results
reveal several facts, as described below.

First, as indicated in Table 3, our proposal outperforms other
control groups generated for comparison, which means that all of our
four individual components can help promote the diagnostic accuracy.
EUS, which is used for balancing the data distribution, helps to build
the classification decision boundary correctly and avoids the positive
boundary degradation caused by the data imbalance issue. Relief,
which is used for the feature selection, helps with the dimensionality
reduction and thus reduces the computational complexity, as well as
extracts optimal feature subsets. The subspace method provides data
diversity and trains multiple base classifiers, each of which is suitable
for one specific feature space with a clear physical meaning. Finally,

Table 1
The experimental results of our proposal (/%).

Sensitivity Specificity F measure−1 G-mean FPC rate

90.19 96.31 87.46 93.15 3.69

Fig. 5. The ROC graph of our proposal.

Table 2
Information on frameworks used for comparison.

Relief Subspace method Adaboost EUS

Ensemble strategy √ √ √ √

Without selection √ √ √

Without subspace √ √ √

Without boosting √ √ √

Without EUS √ √ √
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Adaboost helps to improve the classification ability of each C4.5 base
classifier.

Second, data imbalance processing plays the most important role in
our proposal. The overall performance has the most significant
decrease without the EUS procedure. This is because EUS is the first
step in our proposal and other methods can gain little effect if the data
distribution is imbalanced [39]. Other individual parts are also helpful
for improving the overall performance, but the benefit is not as large as
that provided by EUS.

Third, for the part that aggregates the classification results, there is
no significant difference among various popular aggregation methods,
including weighted voting, function value aggregation, and the simplest
majority voting [17], which we use in our proposal. Complicated
aggregation methods may lead to overfitting and thereby reduce the
generalizability of the results. Table 5 compares the performance of
these three classifier aggregation methods. The statistical significance
is also measured using a pairwise t-test. Among the three pairs
available, the lowest p-value is 0.0431, which is much larger than the
threshold that can be seen as significant (i.e. p ≤ 0.01). Therefore, it is
clear that there is no significant difference among these pairs, and the
majority voting method is better than the other methods.

Fourth, after analyzing the experimental results, we found that we

can achieve high accuracy on the recognition of malignant masses, and
most of the misclassified samples are edema images, which are similar
in morphology and texture to malignant masses. Two examples are
shown in Fig. 6.

6. Concluding remarks

In this paper, we propose an automated breast MRI CADx system.
Because our work focuses on improving the classification performance
for malignant breast mass lesions using imbalanced data, we segmen-
ted breast ROIs manually rather than automatically, which excludes
possible errors in automated segmentation. We propose an ensemble
strategy that combines EUS, the feature subspace method, and boost-
ing, as well as acquiring optimal feature subsets using Relief. The
results and empirical comparisons have suggested that our ensemble
proposal is better than its individual components. Additionally, it
outperforms most state-of-the-art breast CADx systems.

Future work will continue to focus on improving the diagnostic
accuracy of the breast MRI CADx system. We are preparing to train
different kinds of base classifiers in the same system to enhance the
diversity and see whether it helps to improve the overall diagnostic
performance. In addition to the low-level image features we used in this
paper, we will investigate higher-level features that are extracted by
deep learning and other up-to-date techniques. We will investigate
these features and try to obtain better feature vectors for classification.
In addition, we will consider combining the breast MRI super-resolu-
tion technology with our proposal. Thus, we can obtain images of
higher quality and improve the diagnostic accuracy.
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Table 3
The experimental result on ensemble strategy vs. individual components.

Sensitivity (/%) Specificity (/%) F measure−1 (/%) G-mean (/%) FPC rate (/%) AUC

Ensemble strategy 90.19 96.31 87.46 93.15 3.69 0.9617
Without selection 86.53 96.26 85.45 91.24 3.74 0.9435
Without subspace 88.80 95.89 85.99 92.25 4.11 0.9441
Without boosting 84.93 95.47 83.03 90.00 4.53 0.9312
Without EUS 57.31 97.73 68.29 74.63 2.27 0.7752

Table 4
Comparison on our proposal and state-of-the-art breast MRI CADx systems.

Sensitivity (/%) Specificity (/%) F measure− (/%)1 G-mean (/%) FPC rate (/%) AUC

K. Nie et al. (2008) [42] 0.860
D. M. Renz et al. (2012) [41] 96.5 75.5 91.7 85.4 14.0 0.935
E. Honda et al. (2015) [43] 87.1 82.1 89.3 84.6 10.4 0.829
S. Song et al. (2015) [44] 100.0 77.6 88.1 0.888
our proposal 90.19 96.31 87.46 93.15 3.69 0.9617

Table 5
Comparison on different result aggregation methods.

Sensitivity (/%) Specificity (/%) F measure−1 G-mean (/%) FPC rate AUC

majority voting 90.19 96.31 87.46 93.15 3.69 0.9617
weighted voting 89.49 96.05 86.69 92.69 3.95 0.9572
function value aggregation 88.62 96.15 86.23 92.24 3.85 0.9558

Fig. 6. Here are two examples misclassified images. Both of them are the edemas in the
original images.
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