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Abstract

Aim: To reduce operator dependency and achieve greater accuracy, the computer-aided diagnosis (CAD) systems are becoming a
useful tool for detecting noninvasively and determining tissue characterization in medical images. We aimed to suggest a CAD system
in discriminating between benign and malignant breast masses.

Methods: The dataset was composed of 105 randomly breast magnetic resonance imaging (MRI) including biopsy-proven breast
lesions (53 malignant, 52 benign). The expectation-maximization (EM) algorithm was used for image segmentation. 2D-discrete wavelet
transform was applied to each region of interests (ROIs). After that, intensity-based statistical and texture matrix-based features were
extracted from each of the 105 ROIs. Random Forest algorithm was used for feature selection. The final set of features, by random
selection base, splatted into two sets as 80% training set (84 MRI) and 20% test set (21 MRI). Three classification algorithms are such
that decision tree (DT, C4.5), naive bayes (NB), and linear discriminant analysis (LDA) were used. The accuracy rates of algorithms were
compared.

Results: C4.5 algorithm classified 20 patients correctly with a success rate of 95.24%. Only one patient was misclassified. The NB
classified 19 patients correctly with a success rate of 90.48%. The LDA Algorithm classified 18 patients correctly with a success rate of
85.71%.

Conclusion: The CAD equipped with the EM segmentation and C4.5 DT classification was successfully distinguished as benign and
malignant breast tumor on MRI.
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Introduction

The most crucial role in breast cancer treatment is early
detection. Mammography is one of the most valuable tools
for detecting breast cancer early before physical symptoms
appear (1,2). However, mammographic features of early-
stage breast cancer cannot be clear and very specific (3).
At present, magnetic resonance imaging (MRI) provides
superior soft-tissue imaging capability and is considered the
most accurate technique for detecting breast cancer (4).
However, the interpretation of MRI images is both times
consuming and requires an experienced radiologist. At the

same time, using breast MRI for screening breast cancer is
gradually increasing as well as the MRI is now being used
as a screening modality in the high-risk women population
(5). Also, the use of MRl is directly or indirectly associated
with higher costs. One reason for the higher price is that
the long acquire time of the standard protocol currently
used and the length of the reading time. A typical MRI
study includes thousands of images (6).

In recent years, machine learning and computer-
aided techniques are increasingly gaining performance
in radiology. To reduce operator dependency and achieve
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greater accuracy, the computer-aided diagnosis (CAD)
system is becoming a useful tool for detecting noninvasively
and determining tissue characterization in medical images,
which leads to an image-based diagnosis. In this way,
CAD becomes a necessary tool to help radiologists not
only detect tumors but also interpret lesions and avoid
unnecessary breast biopsies (7,8).

The CAD, which is seen as the second reader in the
clinic, needs to be developed further. The CAD has four
main modules: pre-processing, segmentation, feature
extraction and selection, and classification (9). Image
segmentation is the most important module. There are
numerous mass segmentation studies in the literature, but
studies on breast segmentation are limited, particularly
on breast MRI images (10). One of the segmentation
methods, the expectation-maximization (EM) method,
has been used for breast density estimation before (11).
The most used classifier in literature is k-nearest neighbors
(KNN) and supports vector machines (SVM). However,
studies with decision trees (DT), linear discriminant analysis
(LDA), and naive bayes (NB) as a classification algorithm
with MRI are less seen (12).

In this study, a recent user-independent time-saving
CAD to diagnose breast cancer using MRI images was
presented. Here, we aimed to find the best method for
the discrimination of benign and malignant breast masses
by comparing the classification methods (LDA, NB, DT) and
using EM for segmentation, which has been an unused
segmentation on breast MRI images until now.

Methods

Study Design

The present study was approved by the Kayseri City
Hospital of Medicine Ethics Committee (number; 2020/73)
and conducted between form January 2018 to January
2019 in accordance with the Helsinki Declaration. Consent
form was filled out by all participants.

In the study, we used a dataset of 105 breast MRIs
randomly selected from our breast department’s archive,
which includes both benign and malignant lesions.
Patients with multiple lesions in the breast MRI, infection,
granulomatous mastitis, and patients that their MRI was
not enough enchantment for image analysis were excluded
from the study. All lesions were verified histopathologically
by sonographic guidance using a 14-gauge automatic
core-needle biopsy.

All breast MR imaging studies were performed using a
1.5-Tesla MRI (Achieva, Philips, The Netherlands) unit with
the patients in a prone position using dedicated eight-
channel breast coils. Breast MRI images were obtained
as standard with fat suppression FATSET in axial plane
using T1 turbo spin-echo sequence. T2W STIR, Contrast
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examinations (DCE-MRI) were obtained with T1 FATSET
and THRIVE sequences in the axial plane. Subtraction
images were obtained automatically by the device.

Image Analysis

Pre-processing: A single slice from each MRI image in
which the tumor was the most clearly seen in the contrast-
enhanced sequence was selected as the representing
image for the corresponding MRI image. Then, the noise
of the image was reduced using the median filter, Gauss
filter and the "top hat and bottom hat” methods. In
this way, the picture became brighter and the contrast
between the two colors was increased.

Segmentation: The EM algorithm (13) was used for
segmentation, which is one of the most critical steps
of image analysis. First, an elliptic curve placed on the
tumorous region on the image manually. The entire lesion
was included in the curve. The segmentation process was
applied to the area within the curve, each corresponded
to a single region of interest (ROI). At the end of the
segmentation process, a total of 105 ROl was obtained
from a total of 105 MRI images, and they formed the
dataset. Each ROl has only two colors, white and black.
The tumor tissue was determined as white and non-tumor
tissue as black. Moreover, the tumor boundaries were
clarified correctly.

2D Discrete Wavelet Transforms: Each of the segmented
images were applied to a 2D-discrete wavelet transform
before the texture analysis. Then, these filter results were
again passed through low and high pass filters using the
same filter coefficients and repeated sample reduction
was performed.

Feature Extraction: The intensity-based statistical
(histogram) and texture matrix-based features [Gray level
co-occurrence matrix, (GLCM)] families were used.

Feature Selection: Random forest (RF) was used for
feature selection and the Gini index was used as the
feature selection property.

Classification Algorithms: The dataset was randomly
splatted into two distinct data sets, such as 80% training
set (84 patient’s images) and 20% test set (21 patient’s
images) for training and testing purposes (Table 1).

Three different classification algorithms (DT, NB and
LDA) were employed for classification. C4.5 DT was used.
The DT generated by C4.5 can be used for classification,
and therefore C4.5 is often referred to as a statistical
classifier and a benchmark DT program.

Table 1. Patient distribution in the training and testing data sets
Malign Benign
(n=53) (n=52)

Training group, n (%) 44 (83%) 40 (77%)

Testing group, n (%) 9 (17%) 12 (23%)
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Statistical Analysis

The correlation between the two groups of datasets
was evaluated by the Pearson correlation matrix.

Results

The dataset was composed of 105 breast MRI (53
malignant, 52 benign). The mean age was 41.40+10.93
years (age range, 18-66 years) for benign lesions,
48.40+11.32 years (age range, 28-81 years) for malignant
lesions. The lesion’s sizes were between 16.57+4.93 mm
(10-30 mm) for benign lesions, 31.03+18.00 (7-85 mm)
for malignant lesions. The demographic features of the
patients were summarized in Table 2.

Image Analysis Results

The original image in Figure 1a was preprocessed. Then,
as the ROI, an elliptic region in Figure 1b, which contained
the entire tumorous region, was selected. Later, the ROI
was applied to additional preprocessing procedures to
obtain the image in Figure 1c. The final image (Figure 1d)
was segmented.

The segmented images were applied to the 2D-discrete
wavelet transform. After that, four colored images (cD, cH,
cV, and cA) were created as a result of texture analysis.

Table 2. Demographic features of the patients

Malign Benign
(n=53) (n=52)
Age (mean * SD) 48.40+11.32 | 41.40+10.93
Size (mm) (mean * SD) 31.03+£18.00 16.57+4.93
Malign n (%)
Invasive ductal carcinoma 35 (66%)
Lobular carcinoma 6 (11.3%)

Ductal carcinoma in situ

12 (22.6%)

Benign n (%)

Fibroadenomas

42 (80.7%)

Sclerosing adenosis - 7 (13.4%)
Intramamarian lymph node - 2 (3.8%)
Lactation adenoma - 1(1.9%)

SD: Standard deviation

Figure 1. (a) Original image, (b) Preprocessed image and selected
ROI, (c) Preprocessed ROI, (d) Segmented ROI
ROI: Region of interest
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Nine different features were extracted from the four
colored images. Figure 2 shows feature importances. The
plot has shown that the four features we used were more
informative and the rest were less informative.

Classification Performance

Table 3 shows the output as the confusion matrix.
According to the table, C4.5 DT ranked 20 patients properly
(95.24% success rate). Only one patient is misclassified.
NB properly categorized 19 patients (90.48% success
rate). LDA accurately categorized 18 patients (85.71%
success rate). The C4.5DT algorithm is more accurate than
the others.

Discussion

Advances in both imaging and computers have
synergistically led to a rapid rise in the potential use of
image processing techniques (14). We know that images
are more than pictures; they are data. Radiologists have
started to show great interest in the clinical use of this
data. Images are converted to high-dimensional data
and used in decision support of precision medicine (15).
The most important limitations are the lack of efficient
and standardized systems of feature extraction and

Feature importances
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Figure 2. Feature importances
Table 3. Classification report
C4.5 NB LDA
True | False | True False | True | False
True 12 0 11 1 10 2
False 1 8 1 8 1 8
Mean AUC 0.80 0.79 0.60
Precision 1.0 0.88 0.80
Accuracy (%) 95.2 90.4 85.7
AUC: Area under curve, NB: Naive bayes , LDA: Linear discriminant analysis
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data exploring (16,17). Nevertheless, in comparison
with mammography and ultrasound, relatively few CAD
systems have been developed for breast MRI in the
literature (16,18).

The CAD consists of two major steps: analysis
and diagnosis. The analysis step comprises a series of
procedures such as preprocessing, segmentation and
feature extraction. The diagnosis stage includes the
classification procedure (19). Along with the segmentation,
the classification module is regarded as the heart of the
CAD (20).

Accurate segmentation of the ROl is the largest
challenge when analyzing MRI. Most existing breast
segmentation methods are semi-automatic and have a
limited ability to obtain accurate results. Automatic image
segmentation is one of the most difficult processes inimage
processing. The reason is that the difficulties of removing
bookmarks from noisy MRI and intensity inhomogeneity
are a common problem within breast MRIs (21). Various
techniques have been reported in the documentation of
segmentation methods. The most commonly used method
is the k-means clustering method (22). The performance
of the methods relies on the contrast between the
border regions (21,23). It should be remembered that
there is no universal segmentation method that can be
applied to all images, and no segmentation method is
perfect. In other words, as in image enhancement and
restoration problems, the methods designed for image
segmentation and the performance of these methods are
varies depending on the appearance and application. For
the first time in the breast MR literature, we used the EM
method to segment the ROI, which is the crucial stage
in CAD. EM is a popular iterative improvement algorithm
for segmentation and model-based auditing method.
Recently, studies showed that EM provides a good balance
of image quality between low - and high-frequency
features and determining the structure of the model and
the parameters (24). The iteration alternates between
performing an expectation (E) and maximization (M) for
each parameter (25). The EM algorithm has previously
been used in various modalities for breast cancer but was
not used in breast MRIimages. With EM, instead of dividing
pixels into classes, it is possible to determine the number
of components and estimate the mixture. Therefore, we
used the EM algorithm to obtain a better image quality in
the segmentation phase. In literature, the EM algorithm
is known as one of the methods that can be calculated
easily and efficiently (26). EM, which is used to cluster
data sets that contain categorical and numerical features,
was used considering that it would increase the estimated
rate on MRI images including benign and malignant mass
features. Because compared to other iterative techniques,

193

EM'’s statistical point of view modeling ability and to obtain
the maximum likelihood estimation are stronger (27). In
this way, this algorithm revealed the difference between
benign and malignant mass features more clearly than we
expected.

The feature extraction process is a dimension reduction
process. The complexity of data is reduced to simpler data.
Accurate feature extraction and appropriate system design
are the factors that influence the success and performance
of the result (28). Many feature selection techniques are
frequently used now. Like the segmentation methods and
classifiers, it is impossible to say which is the best algorithm
for feature selection or extraction. It all depends on your
application at hand (29). DT are algorithms that commonly
used for classification and prediction. Classification is the
most essential technique in data mining and widely used
in various fields (30). Classification of data using the DT
technique is a two-step process, which is training and
testing. Training step, previously known training data is
analyzed by the classification algorithm in order to create a
model. In the testing step, test data are used to determine
the accuracy of the classification rules or DT. If the accuracy
is acceptable, the rules are used to classify new data (30).
The most commonly used methods are KNN and SVM
as classifiers (31). In addition to these, Yassin et al. (12),
in their detailed review of the breast cancer literature,
indicate that two studies use LDA and NB, while no studies
use DT as their classification algorithm. C4.5 Algorithm is
one of the most well-known DT algorithms. The purpose of
these calculations is to determine the predictor class that
provides the highest information. C4.5 DT classification
was used as a CAD approach in our study and achieved
a success rate of 95.24% in the differentiation of breast
lesions. These three classification methods we used
were similar in malignant lesions, but C4.5 was better
in discrimination of the benign lesions. The size of the
benign lesion was smaller than the malignant lesions and
the contrast enhancement patterns were more variable.
Therefore segmentation was more difficult in benign
lesions. This result showed that the success rate of C4.5
could be increased with the use of EM. However, due to
the small number of cases in the test group, statistically
significant results could not be obtained.

Study Limitations

We had a small sample size, was not a large
independent data set. Image analysis was performed from
2D images. However, some studies have shown that the
results are similar in 2D and 3D image analysis. The manual
placement of the ROl was also a limitation. Recently,
automated software is available for ROl placement (32).
Also, the large tumor size of the patients facilitated the
detection and recognition of the tumor. Finally, Although a
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large number of data statistics and image post-processing
restrictions, we achieved satisfactory results. We need to
expand our findings in future studies.

Conclusion

Detecting and characterizing breast cancer can be
assisted by using some computerized feature extraction
and classification algorithms. Malignant tumors can be
distinguished from a benign tumor on MRI with 95.24%
accuracy using EM segmentation and C4.5 classification.
The number of unnecessary biopsies might be reduced
with integration into the clinical workflow.
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