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Abstract

Purpose The present study aimed to determine suitable optimal classifiers and investigate the general applicability of
computer-aided diagnosis (CAD) to compare magnetic resonance (MR)-CAD with MR imaging (MRI) in distinguishing
benign from malignant solid breast masses.

Methods We analyzed a total of 251 patients (mean age: 44.8 + 12.3 years; range: 21-81 years) with 274 breast masses (154
benign masses, 120 malignant masses) using a Gaussian mixture model and a random forest machine model for segmenta-
tion and classification.

Results The diagnostic performance of MRI alone and MRI plus CAD were compared with respect to sensitivity, specificity,
and area under the curve (AUC), using receiver operating characteristic curve analysis. The discriminating power to detect
malignancy using MR-CAD with an AUC of 0.955 (sensitivity was 95.8% and the specificity was 92.9%) was significantly
higher than that of MRI alone with an AUC of 0.785 (sensitivity was 71.7% and the specificity was 85.7%).

Conclusion CAD is feasible to differentiate breast lesions, and it can complement MRI, thereby making it easier to diagnose
breast lesions and obviating the need for unnecessary biopsies.
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Introduction
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articlemengwei@163.com oping the disease, ultrasonography and mammography are
Qiujie Yu the first two recommended methods, while magnetic reso-

yugiujie2011@sina.com nance imaging (MRI) is increasingly being used because

it has higher sensitivity than that two methods [1-3]. MRI
is especially helpful in young women with dense breast
Ye Zhu tissue when a palpable mass is not visualized on a mam-
akiko1991@126.com mogram [4] and it can depict small, early-stage malignan-
Xiaodan Chen cies of dense breasts [5, 6]. Issues such as imaging quality
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cancer during radiologists’ interpretation. With the develop-
ment of computer applications, many imaging tools based
on computer-aided diagnosis (CAD) technologies have been
developed to enhance diagnostic accuracy. CAD also has
the potential to improve observer reproducibility in dynamic
contrast material-enhanced MR imaging [7-9]. From seg-
mentation to classification, CAD comprises many methods.
The Gaussian mixture model is one kind of segmentation
method and is used in many domains. Chaddad [10] used a
Gaussian mixture model to realize the segmentation of brain
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MRI. However, there are relatively few studies on the use of
the Gaussian mixture model in breast MRI. A pilot study by
Banaie [11] showed that random forest (rf) has the discrimi-
native power to effectively differentiate between benign and
malignant mass lesions. Some CAD schemes were devel-
oped to help identify potentially malignant regions in breast
dynamic contrast-enhanced MRI (DCE-MRI) and to bring
them to the attention of radiologists. Gallego-Ortiz [12]
extracted image data from DCE-MRI and analyzed them
using feature selection techniques and binary, multiclass,
and cascade classifiers. Finally, the separately optimized
feature selection and training classifiers for mass and non-
mass lesions improved the accuracy of CAD for breast MRI.
Gubern-Merida [13] used blob and relative enhancement
of voxel features to locate the lesion and then corrected the
motion artifacts and segment of the breast. However, most
research has focused only on the CAD systems, ignoring
the combination of clinical experiences of radiologists. The
purpose of the present study was to determine suitable opti-
mal classifiers and investigate the general applicability of
CAD to compare MR-CAD with MR imaging to distinguish
benign from malignant solid breast masses.

Materials and methods
Breast MR imaging data sets

The study was a retrospective study and the protocol was
approved by the Institutional Ethics Committee of our
University for human research. Informed consent was
obtained from all the patients. Breast MR imaging stud-
ies were selected from our Pacs room, which links clini-
cal information with radiological and pathological reports
to MR images. From April 2015 to December 2017, a
total of 251 patients (mean age: 44.8 + 12.3 years; range:
21-81 years) with 274 masses (mean size 27.8 + 16.3 mm,
range 8—63 mm) who underwent core-needle biopsy or sur-
gery were included in our study. Five patients were excluded
from the study group because the pathological results were
lacking or imprecise.

MR images were obtained using a 3.0T MR scanner
(Philips Achieva 3.0T). The patients adopted a prone posi-
tion and put their breasts into the dedicated phased array
breast coil. Imaging parameters for DCE-MRI were are as
follows:

Axial Tl-weighted imaging (repetition time
(TR) =495 ms; echo time (TE) =10 ms; slice thickness/
gap =3 mm/0 mm; matrix =512; number of signal aver-
aged (NSA)=1; field of view (FOV) =340 mm X 340 mm);
axial T2-weighted imaging (TR =4213 ms, TE=120 ms,
slice thickness/gap =3 mm/0 mm, matrix=512, NSA =1,
FOV =340 mm X 340 mm); T2-weighted fat-saturated
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imaging using a spectral selection attenuated inversion
recovery (SPAIR) (TR =4216 ms, TE =60 ms, inversion
delay (IR)=120 ms, slice thickness/gap=3 mm/0 mm,
matrix =352, NSA =1, FOV =340 mm X 340 mm); and
T1-weighted high-resolution isotropic volume examina-
tion (THRIVE) (TR =4.4 ms, TE=2.2 ms, flip angle =12°;
matrix =352; FOV =340 mm X 340 mm; number of sec-
tions = 110; acquisition time: 256 s). MR imaging data sets
were acquired once before gadolinium (Gd)-diethylenetri-
amine penta-acetic acid (DTPA) (Bayer scheming pharma
AG, Berlin, Germany) injection and at 90 s intervals upon
injection of 0.1 mmol/kg Gd-DTPA (followed by an intra-
venous saline flush of 20 ml), for a total imaging duration
of 5-8 min.

Tumor segmentation

We chose the first sequence of DCE-MRI for segmenta-
tion and feature extraction. The contrast of the image was
enhanced by normalizing the histogram of the original
image. The normalized images were divided into blocks,
and each block was marked as breast area and non-breast
area using the SVM method. The MR images are separated
into 50 % 50 pixel non-overlapping patches. The gray level
and co-occurrence matrix features of each patch of the image
were extracted and these features were used to train an SVM
classifier. Each patch was classified as either a normal area
or a tumor area. Finally, the classifier was used to find the
region of interest (ROI) of the breast cancer. The gray level
co-occurrence matrix was used as the feature of the ROI.
It describes the texture characteristics of the images. The
statistical analysis of the spatial correlation and the use of a
variety of texture descriptors overwrote the gray level of the
relevant pixels, so that the texture features could be clearly
revealed. The gray level co-occurrence matrix describes the
image features as follows: Contrast, energy, entropy, and
correlation. We used the gray level co-occurrence matrix
to extract the gray scale features of each 10x 10 small area
in the image. In this experiment, the local texture features
of each pixel were extracted from the 10X 10 patch around
the pixel. Features were extracted from co-occurrence
matrix: Entropy and reciprocal difference. Each feature
was extracted at three different relative distances (D=1, 2,
and 3), and four different relative angles (0, 45, 90, and 135
degrees). To reduce the dimension of a feature, the average
values of the feature in four different degrees were calcu-
lated. Thus, there were 3 X2 =06 texture features. Then, the
mean value and variance of the gray-level intensity of the
10x 10 patch were also used, resulting in an 8-dimension
feature being used for segmentation. The extracted features
of the breast part were input into a Gaussian mixture model
(GMM) to construct the model for background and tumors.
GMM is a commonly used model to describe the distribution
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of mixed density functions. It uses the weighted sum of sev-
eral Gaussian probability density functions to describe the
distribution of vector features in the probability space. The
expectation—maximization (EM) algorithm was used to esti-
mate the three parameters (mixture coefficient, mean values,
and covariances) of the GMM models. The EM algorithm
can be separated into the E step and the M step, in which
the E step uses the initial parameters value to calculate the
posterior probability, and then the M step uses the maximum
likelihood estimation and the posterior probability to calcu-
late the new values of the three parameters. In this experi-
ment, all images were fused into a huge matrix to obtain
the posterior probability and then the posterior probability
was maximized to obtain new parameters. The calculation
formula of posterior probability is shown below:
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X is the grayscale value of pixels and m is the number
of pixels. Before using the algorithm to train the model,
the parameters must be initialized. Using different initiali-
zation methods will affect the iteration speed of the algo-
rithm. GMM commonly uses initialization methods, such as
random initialization, and the average method, which uses
the prior knowledge of the sample distribution, in which
the latter is better than the former. In this study, the model
parameters were initialized using the 3-mean clustering
model, and the parameters and likelihood functions were
constantly updated using the EM algorithm. Iteration was
terminated when the difference of the likelihood between the
two times was less than le-5. Three Gaussian models were
established for the background and tumor of the image using
the obtained Gaussian parameters. Tumor and background
were divided according to the maximum probability.

Tumor feature extraction and selection

Based on normalized Gray-Gradient Co-occurrence Matrix
(GGCM), a series of quadratic statistical features could be
calculated. The following are 15 commonly used digital fea-
tures: Small gradient advantage, large gradient advantage,
grayscale distribution inhomogeneity, gradient distribution
inhomogeneity, energy, average gray level, gradient, gray
mean—variance, gradient mean—variance, gradient entropy,
correlation, gray entropy, entropy of mixing, inertia, and

homogeneity. In this experiment, the GGCM and the gray-
level co-occurrence matrix (GLCM) were used to extract the
above 51 gray scale features (mean, variance, entropy and
in the case of step sizes of 1, 2, and 3, respectively, and the
direction is 0, 45, 90 and 135, respectively, the characteris-
tics of contrast, correlation, energy, and homogeneity) and
the 15 gradient features. The principal component analysis
(PCA) computes a set of new and linearly independent vari-
ables known as principal components (PCs). PCs account for
most of the variance of the original variables. Extract the 13
shape characteristics of the image in the tumor: roundness,
aspect ratio, average normalized radial length, normalized
radial length standard deviation, entropy of the average nor-
malized radial length, area ratio, aspect ratio, number of
lobular, needle shape, boundary roughness, direction Angle,
normalization of ellipse pupil ellipse normalized contour.
In this experiment, the number of extracted features was
reduced using PCA, and a small number of features were
selected to replace all the features, and a small number of
features were not repeated.

Tumor classification

We used random forest for classification, which is an ensem-
ble learning algorithm, and belongs to Bagging type. By
combining multiple weak classifiers, the final result can be
obtained by voting or taking the mean value, so that the
result of the overall model can be characterized by rela-
tively high accuracy and generalization performance. It can
achieve good results, mainly due to “random” and “forest”,
one makes it have the ability to resist overfitting, the other
makes it more accurate. The classification of tumor is per-
formed by inputting the features of the segmented tumor into
the classifier and training the classifier to output the classifi-
cation results (benign or malignant). The data set comprised
274 images and the classifier adopts 5-fold cross-validation
for training and testing. The results were expressed as the
accuracy (the number of correct categories divided by the
total number). For further evaluation, the sensitivity and
specificity of classification were calculated. To ensure the
integrity of the experiment, we compared the random for-
est classifier with the support vector machine, K adjacent
separator and logistic regression classifier.

Observer study

Two radiologists with over 8 years of experience in breast
MR imaging analyzed the images on the integrated com-
puter workstation, without access to the final histological
results. The diagnosis of the benign or malignant nature of
the lesions was based on both the morphological charac-
teristics and the time intensity curve (TIC) pattern of the
lesions. First, Lesions were assigned to one of five categories
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Table 1 Histological diagnoses of the examined benign and malig-
nant breast lesions

Benign lesions (n=154) Malignant lesions (n=120)

Histopathologic diagnosis  n Histopathologic diagnosis  n

Fibroadenoma 98  Invasive ductal carcinoma 96
Phyllodes tumor 32 Papillocarcinama 5
Papilloma 24 Invasive lobular carcinoma 16

Paget’s disease 3

as Scorel according to the Breast Imaging Reporting and
Data System (BI-RADS) criteria (ACR 2013) by means of
consensus by the two experienced radiologists after they
analyzed the images without CAD. Second, the images were
consecutively analyzed through CAD and the lesions were
diagnosed as benign or malignant. Third, the two radiolo-
gists calculated Score 2 together with their final approval.
Score 2 was calculated using rescaled CAD values added to
the BI-RADS scores, according to the following equation:
Score 2= Score 14+CAD. The CAD was scored as — 1 when
the CAD result was benign and as + 1 when the CAD result
was malignant. Score 2 stands for the combined parameter
BI-RADS and the CAD value. According to the BI-RADS
system, the range of values were as follows: Category 1,
negative findings; category 2, benign findings; category 3,
probably benign findings; category 4, findings suspicious for
malignancy; and category 5, findings highly suggestive of
malignancy. The modified BI-RADS variable (score 2) was
used only in the solid lesions. Therefore, score 2 should be
between 3 and 5, and thus a value less than three was treated
as 3; and that higher than five, as 5.

Pathological diagnoses

All breast lesions were confirmed histologically via sur-
gery or biopsy. Lesions were first classified as malignant or
benign, and then were divided into subgroups, as described
in Table 1. All diagnoses were made by a pathologist with
many years of experience in breast pathological examination.

Statistical analysis

The results of the analysis by the radiologists with and with-
out CAD were evaluated using receiver operating character-
istic (ROC) curve analysis. The BI-RADS results without
CAD were established as Score 1 and the modified BI-
RADS results that took into account the CAD results were
established as Score 2. Score 2 was calculated together with
the two radiologists’ final approval.

The areas under the curve (AUC) were compared using a
Hanley and McNeil test. Sensitivity and specificity values,
and their respective 95% confidence intervals (CI), were
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estimated. A difference with a p value less than 0.05 was
considered statistically significant. All data were analyzed
using version 19.0 SPSS software (IBM Corp., Armonk,
NY, USA).

Results

Breast MR imaging datasets and tumor
segmentation

The 274 masses (mean size 27.8 + 16.3 mm, range 8—63 mm)
comprised 154 benign lesions and 120 malignant lesions.
The histological diagnoses are shown in Table 1. The seg-
mentation results obtained by preprocessing were compared
with those obtained without preprocessing and are shown
in Fig. 1.

Feature extraction

Fifty-one grayscale features and 15 gradient features of 274
images were generated using the GLCM and the GGCM.
The 51 grayscale features were energy, correlation, contrast
and homogeneity in three different relative distances (D=1,
2, and 3), and four different relative angles (0, 45, 90, and
135 degrees) as well as mean, variance, and entropy. The
15 grayscale features were small gradient advantage, large
gradient advantage, grayscale distribution inhomogeneity,
gradient distribution inhomogeneity, energy, gray average,
gradient average, gray mean—variance, gradient mean—vari-
ance, gradient entropy, correlation, gray entropy, entropy of
mixing, inertia, and homogeneity. The contrast results for
contrast, energy, consistency, and mean, extracted by the
GLCM between the benign and malignant tumors, are shown
in Fig. 2a. Extract the 13 shape characteristics of the image
in the tumor: roundness, aspect ratio, average normalized
radial length, normalized radial length standard deviation,
entropy of the average normalized radial length, area ratio,
aspect ratio, number of lobular, needle shape, boundary
roughness, direction Angle, normalization of ellipse pupil
ellipse normalized contour. The shape features are shown
in Fig. 2b.

Classification results of CAD

In the 274 experimental images, there were 120 images with
malignant tumors and 154 with benign tumors. Fifty-one
grayscale features, 15 gradient features and 13 shape features
of 274 images were generated. All 154 benign images were
divided into five dissecting subsets, and the malignant data
set was divided into five subsets. Each time, take one of the
benign subsets and one of the malignant subsets as the test
sets and the other four benign subsets and four malignant
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Fig. 1 Three cases for the
segmentation results which
were obtained by comparison.
a The original image. b Image
segmentation without preproc-
essing. ¢ Image segmentation
with preprocessing
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Fig.2 Results of features contrast of the benign and malignant tumors, a the contrast results of the contrast, energy, consistency and mean
extracted by the GLCM, b the contrast results of the roundness, roughness, lobular, needle, contour by the shape extraction algorithm
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Table 2 The classification results of the four classifier

Table 3 The BI-RADS categories for MR and MR-CAD

Classifier K adjacent SVM  Logistic Random forest Categories MR scorel MR-
result regression CAD
score2
Accuracy 0.8704 0.9185 0.8852 0.9444
Specificity 0.9267 0.9067 0.8467 0.94 Category 3 166 148
Sensibility 0.8 0.9333 0.9333 0.95 Category 4 81 43
Category 5 27 83
) ROC Curve
; ; for 16 lesions, and 65 cases were recategorized as BI-RADS
’," :gg:;ceﬁge e 5. Cases with a BI-RADS score of 3 were modified to BI-
o0&y | RADS 4 for 34 lesions. Score 5 were modified to BI-RADS
; 4 for 9 lesions. The change to a score of BI-RADS 3 from
: BI-RADS 4 (16 cases) would have potentially avoided the
;‘; ] i need for biopsy, with these patients followed up for 6 months
"E' f instead.
B gl i The sensitivity of score 2 was 95.8% and the specificity
; was 92.9%; whereas, the sensitivity and specificity of score
i 1 were 71.7% and 85.7%, respectively.
02 !
.-"
1
0o , : , : , Discussion
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity

Fig. 3 Receiver operating characteristic (ROC) curves for scorel (BI-
RADS) and score 2 (BI-RADS combined with CAD). The area under
the ROC curve for score 2 was significantly higher than for scorel

subsets as the training sets. Then, training the model or
hypothesis function according to the training sets. Put this
model on the test set and get the classification rate. Finally,
we calculated the average classification rate obtained by five
times as the real classification rate of the model or hypoth-
esis function. We compared the random forest classifier with
support vector machine (SVM), K adjacent separator and
logistic regression classifier. The classification results are
shown in Table 2. The results show that the random forest
ensemble classifier (CAD) is superior to other classifiers,
which achieved 94.44% accuracy, 95% sensitivity and 94%

specificity.
Results of MR-CAD

The discriminating power to detect malignancy of variable
score 2, with an AUC of 0.955 (95% CI 0.927-0.982) was
significantly higher than that of score 1, with an AUC of
0.785 (95% CI 0.728-0.843; p, 0.0001; Fig. 3). The effect
of the new variable (score 2) is shown in Table 3 and the
greatest effect was observed in lesions of BI-RADS category
4 (n=81). The original BI-RADS score of 4 was modified
by addition of the CAD result to give a BI-RADS score of 3
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In DCE-MRI, the breast lesions are mainly diagnosed based
on morphological characteristics and the TIC curve patterns,
according to the BI-RADS system. However, in this system,
subjective factors might influence the categorization, and
it is possible for different radiologists examining the same
lesion to produce different categorizations.
The Gaussian mixture model algorithm has shown
promising results in many different applications that con-
tain image segmentation [14—17]; however, there have been
few studies in breast tumor segmentation. In this study, we
used a Gaussian mixture model and a random forest model
for segmentation and classification. After segmentation, the
tumors’ morphological characteristics, such as the shape
and the margins, were shown more clearly. The gray scale
features, gradient features and shape features of the tumor
were extracted and input into the random forest model for
the classification of benign and malignant tumors. From the
classification results, we observed that the random forest
ensemble classifier is superior to other classifiers. The sen-
sitivity and specificity were 95% and 94%, thus the CAD
system has the potential to increase the reproducibility
of the interpretation by radiologists in DCE-MR imaging
and can benefit from differentiation among malignant and
benign lesions, particularly when differences in computer-
extractable information from DCE-MRI imaging reflect
differences in tumor biological characteristics. Ming [18]
trained a random forest using a leave one-out cross-valida-
tion (LOOCV) method to predict breast cancer subtypes.
They fused the tumour- and parenchyma-based predictive
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Fig.4 Images obtained on examination of a 45-year-old woman with
a solid lesion that was later confirmed histologically to be a fibroad-
enoma: a dynamic contrast-enhanced MR imaging, which depicts
an non-homogeneous, solid lesion with irregular margins. b Time
intensity curve (TIC) pattern is Type II. The lesion was classified as

models of 211 samples, which finally achieved AUC of
0.897. Lindsay [19] extracted 230 features and put them
into random forests, decision trees and logistic regression
to train. Models were fit on 75% of the data and evaluated
for probability calibration and area under the ROC curve
(AUC) on the remaining test set and random forest method
outperformed decision trees and logistic regression by an
average AUC of 0.053 and 0.034, respectively. Huang [20]
chose 3D morphologic features to perform the CAD pro-
gress, by using a training and validation set of 51 malignant
and 44 benign lesions, achieved an AUC of 0.89 comb-
ing 3D morphologic and tumor shape features. However,
only few studies evaluated breast lesions with radiologists’
evaluations (BI-RADS).

BI-RADS 4. ¢ The lesion were segmented, the gray sale and gradient
features were extracted, then the datas were inputed into the Random
forest model for the classification, the result of CAD was benign, so
the Score2=Scorel (BI-RADS 4)-1=BI-RADS 3

Our results for the analysis by radiologists with and without
CAD demonstrated that CAD is reproducible for MRI diag-
nosis. Variable score 2, which took into account both the BI-
RADS categorization and the CAD values, ameliorated the
overall diagnostic specificity (92.9% vs. 85.7%) and sensitivity
(95.8% vs. 71.7%). The discriminating power to detect malig-
nancy of variable score 2, with an AUC of 0.955 (95% CI
0.927-0.982) was significantly higher than that of score 1, with
an AUC of 0.785 (95% CI 0.728-0.843; p, 0.0001; Fig. 3). In
our study, the CAD modified the original BI-RADS scores
of 4 to a score of 3 for 16 lesions (Fig. 4), which meant that
biopsies could have been avoided in these cases. Therefore,
we believe that CAD has the potential to assist in making the
decision as to whether to perform percutaneous procedures,
such as biopsy or fine needle aspiration (FNA). CAD may
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be a valuable complementary method to differentiate benign
from malignant breast lesions; however, larger clinical trials
are required to validate our preliminary results.

There is an overlap in morphological characteristics
between benign and malignant breast lesions; however, the
benign and malignant lesions could be assessed on the same
TIC (plateau curve). In our study, six benign lesions (three
papilloma, two fibroadenoma, and one fibrocystic mastopa-
thy) were mistakenly identified as malignant lesions by both
the MRI and the CAD techniques. The TICs were all pla-
teau curves and the morphological characteristics were also
atypical, which may have interfered with the interpretation
of the CAD results.

Our preliminary study had some limitations. First, our
images were obtained from a single site, and almost all the
malignant lesions included in our study were invasive ductal
carcinoma. Therefore, additional studies with a greater variety
of malignant and benign lesions in a larger series are required
to establish the clinical value of CAD in the differential diag-
nosis of breast lesions. Second, no formal training for the pro-
cessed images was used in our study. Although the features
in the processed images were familiar to the radiologists, a
training set to allow radiologists to become familiar with the
CAD method might enhance their confidence to use it.

Conclusion

Our clinical investigation of 274 breast lesions showed that
CAD is feasible to differentiate breast lesions, and can com-
plement MRI, thereby making it easier to diagnose breast
lesions and obviating the need for unnecessary biopsies. Fur-
ther large prospective studies are required to fully determine
the potential role of CAD.
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