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Image-based features of breast cancers have an important role in clinical prognostics, such
as grading breast invasive carcinoma (BIC). Magnification is useful for investigating poorly
defined abnormal tissue present in mammogram images. But, the disadvantage of viewing
at a higher magnification is that less of the slide can be viewed. So, the question raised on
which scale of magnification is better for grading BIC. In this study, the four scales of
magnification such as 4x, 10x, 20x, and 40x are considered to evaluate their contribution
towards BIC grading in deep learning, transfer learning, and the traditional machine
learning approach. Here, 13 CNN models are considered for the transfer learning approach.
In the deep learning approach, the deep feature of 13 CNN models with three classifiers is
considered. Further, the handcrafted feature such as LBP, HOG, and GLCM with three
classifiers like SVM, KNN, and Na'we Bayes are evaluated for grading of BIC. Finally, the

40x scale of magnification performed better in all classification models.

1. INTRODUCTION

Breast cancer is one of the leading causes of death among
women globally. As per World Health Organization (WHO),
breast cancer registers 2.09 million cases with 6,27000 deaths
globally in 2019 [1]. Among different types of cancers, it
accounts for approximately 13% of breast cancer cases
diagnosed among women globally, clearly depicting its fatal
nature. Screening mammograms are the preferred technique
for detecting abnormalities [2, 3], but at the same time,
determining the stages of breast cancer is necessary for its
proper diagnosis.

Cancer on breasts is made up of fatty tissue. They contain
small chambers called lobules where breast milk is made; the
milk travels through tiny ducts to reach the nipples, where
lymph nodes are located inside your breasts and under your
arms. Cancer that develops inside the milk ducts is called
ductal carcinoma (DC). When DC is spreading into
surrounding tissue, it is called invasive ductal carcinoma
(IDC). A breast biopsy is a test that removes a few cells or a
small amount of tissue from the suspicious area. Then, the
pathologist analyses the breast biopsy tissue by looking at the
cells under a microscope. Breast cancers are classified based
on how they behave; this includes non-invasive cancer that has
not spread outside the tissue, whereas invasive cancer has
spread and invaded healthy tissues. Common types of breast
cancer are invasive ductal carcinoma (IDC), and it spread from
the area where it started to other areas of the body. Cancers are
graded 1 through 3, with 1 being the most similar to normal
healthy cells and 3 being the most different from normal cells,
and the most aggressive breast cancer. Cancer treatment not
only depends on its type but also depends on its stages/ grades.
The primary means of breast cancer diagnosis involves manual
microscopic examination of stained tissue by a pathologist [4].
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Magnification, which is considered to be a relatively high
"dose cost" mammographic technique, is a complementary
examination performed on women exhibiting breast
complaints or abnormalities [5]. For decades, magnification
mammographic images of selected breast regions have been
considered the most effective diagnostic tool for enhancing the
visibility of subtle suspicious breast lesions and
microcalcifications, thus providing improved diagnostic
sensitivity and specificity [5]. The enhancement of visibility
in magnification views is attributed to the increased contrast
to noise ratio (CNR) caused by the increased fluence per
irradiated area [6]. Again, the slide visibility is different from
the scale of magnification. At 40x magnification, the slide
visibility is Smm. At 400x magnification, the slide visibility is
0.45mm, or 450 microns. At 1000x magnification, we will be
able to see 0.180mm, or 180 microns. So, the question arises
which scale of magnification is better for diagnosis of BIC.
This article examines the four scales of microscopy magnified
histopathological images in transfer learning, deep learning,
and traditional machine learning approaches towards grading
breast invasive ductal carcinoma.

The remaining article is organized as follows. First, section
2 describes the background of this research. Then, the material
and methodology are presented in section 3. Next, the findings
are recorded in section 4 with its proper description. Finally,
the article is concluded in section 5.

2. BACKGROUND STUDY

There has been a lot of research over the last couple of
decades into creating a CAD system for early diagnosis of
breast cancer. Although, there are still problems and obstacles
to overcome in the current process. For instance, the method
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of staining depends on the cellular component being examined,
as different approaches are used to highlight different aspects
of the cell's architecture. The H&E staining method in
particular has been studied, and a variety of techniques are
placed to use. Variability in appearance in H & E stained breast
cancer histopathology images is a significant problem for a
number of reasons, including tissue and staining preparation,
slide digitalization, and the heterogeneity of cancer itself.
Malignant and benign cancers are currently classified using
one of two methods, each with its own set of advantages and
disadvantages that may be found in the literature. Either the
morphology of the nuclei and the cellular mitotic structure are
specifically segmented to aid in the classification, or the whole
image is used in a global manner. A substantial amount of
research on breast mass, microcalcification detection, and
classification can be found in the literature [7-16]. However,
masses are more challenging to detect than microcalcifications
because the mass features may be concealed or similar to
normal breast parenchyma. Thus, the detection of masses is
still an open challenge in breast cancer detection. Apart from
mass detection, mammograms' classification and grading of
different breast cancers are also important research topics [11].
The new developments must cope and overcome the
challenges that existing algorithms exhibit by improving the
performance.

The applications of DL have grown tremendously in various
fields such as image classification [17], natural language
processing [18], gaming [19]; and, in particular, it has become
very popular in the medical imaging community for detection
and diagnosis of diseases such as skin cancer [20, 21], brain
tumor detection [22], and segmentation [23].

Furthermore, it is also important to evaluate the contribution
of different scales of micro-magnified mammogram images
with varying classification techniques, including machine
learning, transfer learning, and deep learning.

Magnification mammography has been required in
diagnostic mammography units [24]. The radiology personnel
can collect different scales of magnified mammogram images
such as 4x, 10x,20x, and 40x. This paper seeks to evaluate the
scale of mammogram images over the other for grading of IDC.
There is very limited work has been published related to micro
magnification for breast cancer diagnosis. Kim et al. [25]
compared between zooming method (62.0) of digital
mammography vs. digital magnification view (61.8) in full-
field digital mammography for the diagnosis of
microcalcifications. They found that magnified images were
significantly better than ZOOM images in terms of visual
imaging quality. @ynes et al. [26] provides a systematic review
on magnification and zoom techniques for detecting and
diagnosing mammography microcalcifications. Sandor and
Nott [27] studied the effect of radiographic magnification on
image contrast on blood vessels. Concerning issues associated
with magnification, some existing methods have investigated
various categorization approaches. Results for models that
account for magnification factors are presented by Spanhol et
al. [28, 29]. It appears, however, that a single magnification
model may not be able to process images at multiple
magnifications, and that separate classifiers are needed for
each. In addition, relying on a single magnification level to
make a conclusion when there is substantial diversity in patient
scores is risky. Again, with increasing the scale of
magnification, the contrast of blood vessel images rapidly
decreases. In this consequence, no doubt the magnification is
a good approach towards diagnosing IDC from mammogram
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images. Still, the question arises on which scale is better, as
with increasing the magnification scale, the contrast decreases,
and blurs on images are increased. There are many works
reported for breast cancer diagnosis based on concatenation of
deep feature and handcrafted feature [30], bi-layer fusion [31]
and multi-modal fusion [32].

3. MATERIAL AND METHODOLOGY

The dataset is collected from Kaggle repository [33]. The
dataset consists of histopathological microscopy images of
922 related to 124 patients with IDC introduced. For this work,
we have selected 50 specimens from each three grades of IDC.
Again, the dataset has four magnification levels of microscopy
images. The distribution of microscopy images used is
illustrated in Table 1.

Table 1. Details of microscopy images used for Grading of

IDC
4x 10x 20x 40x
Gradel 40 40 40 40
Grade2 40 40 40 40
Grade3 40 40 40 40
4x/ 10x/ 20x/ 40x
Grade 1
Conv. Layer FC Layer SoftMax
Layer
Grade 1
Grade 2 ]/
Grade 2
: Transfer Learning
Grade3 | Approach

Grade 1
Deep Learning
Approach

Grade 2

Grade3

SVM/ KNN/
Naive Bayes

;Y—)

CNN Models

Figure 1. Evaluation of micro magnification effect for
grading of breast invasive carcinoma in transfer learning and
deep learning approach

4x/ 10x/ 20x/ 40x

Grade 1

Grade 2

Classifier Grade 1

(SVM/ KNN/
Naive Bayes)

Hand-Crafted
Feature
(GLCM/ HOG /LBP)

Grade 2

Grade 3 Grade3

Figure 2. Evaluation of micro magnification effect for
grading of breast invasive carcinoma in machine learning
approach

The effect of micro magnification for grading IDC is
evaluated in transfer learning, deep learning and transfer
learning approach. The transfer learning and deep learning
approach is illustrated in Figure 1. In both approaches 13 CNN



models such as Alexnet, vggl6, vggl9, googlenet, resnetl§,
resnet50, resnet101, xception, inceptionv3, inceptionresnetv2,
densenet201, mobilenetv2 and shufflenet are considered. In
transfer learning approach, the last layer is refashioned to
classify the three grades if IDC microscopy images. In deep
learning approach, the deep features of 13 CNN models are fed
to the classifiers to classify the three grades of IDC
microscopy images. Again, in machine learning approaches
hand-crafted features such as GLCM, HOG and LBP are taken
into consideration. The classifiers considered in deep learning
and machine learning approaches are SVM, KNN and Naive
bayes with their different paradigms. The machine learning
approach is illustrated in Figure 2.

4. RESULT AND DISCUSSION

This part of the work presents the experimental results and
discussions. This work is executed using, “Acer Predator
Helios 300 Core i5 8th Gen - (8 GB/1 TB HDD/128 GB
SSD/Windows 10 Home/4 GB Graphics) and equipped with
NVIDIA GeForce GTX 1050Ti in MATLAB 2020a”. The
effect of micro magnification for grading of IDC using
microscopy images is evaluated in transfer learning, deep
learning and machine learning approaches in terms of
accuracy, TPR and PPV. “The hyper parameters used in deep
learning and in transfer learning approaches are: solver type:
stochastic gradient descent, initial learning rate is 0.001,
learning rate policy: Step (decreases by a factor of 10 every
50/5 epochs), momentum: 0.9, drop out is 0.2, Number of
Epochs is 50 and minibatch size:64. The adaptive learning rate
is good compared to fixed learning rate. As an adaptive
algorithm usually converge much faster than simple back-
propagation with a poorly chosen fixed learning rate [34]”.

The effect of micro magnification in different approaches
are evaluated and recorded. Figure 3 depicts the findings of
transfer learning approach. The findings of deep learning
approaches, i.e., Alexnet, vggl6 and vggl9 are noted from
Figure 4, Figure 5 and Figure 6 respectively. The machine
learning approach with GLCM, LBP and HOG features are
recorded in Figure 7, Figure 8 and Figure 9 respectively. From
all those results, it is implied that, the magnification level 40x
is performed well than 4x, 10x and 20x for grading of IDC.

80
60
H
40 =G —
20
0
Alexnet Vgglb Vggl9
ol ]y sl 0% 20x% 40x

Figure 3. Performance comparison of accuracy in transfer
learning approach for grading of IDC
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Figure 4. Performance comparison of accuracy in deep
learning approach in Alexnet
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Figure 5. Performance comparison of accuracy in deep
learning approach in VGG16
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Figure 6. Performance comparison of accuracy in deep
learning approach in VGG19
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Figure 7. Performance comparison of accuracy in machine
learning approach using GLCM feature
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Figure 8. Performance comparison of accuracy in machine
learning approach using LBP Feature
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Figure 9. Performance comparison of accuracy in machine
learning approach using HOG feature
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5. CONCLUSIONS

Breast cancer is a fatal and most common cancerous
diseases among women. To diagnose these diseases not only
detection of abnormal tissue &/ or classification of its types
but also very important to grade as per its severity. The
radiologists are collected the microscopy images with different
magnification levels. For computer aid diagnosis, it is better to
know, the beneficence of magnification levels towards grading
of IDC. The evaluation of micro magnification effect towards
grading of IDC in transfer learning, deep learning and machine
learning approaches resulted that, the magnification level 40x
is better compared to 4x, 10x and 20x.
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