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Abstract

Different diseases occur in the brain. For instance, hereditary and progressive
diseases affect and degenerate the white matter. Although addressing, diagnos-
ing, and treating complex abnormalities in the brain is challenging, different
strategies have been presented with significant advances in medical research.
With state-of-art developments in artificial intelligence, new techniques are
being applied to brain magnetic resonance images. Deep learning has been
recently used for the segmentation and classification of brain images. In this
study, we classified normal and pathological brain images using pretrained
deep models through transfer learning. The EfficientNet-B5 model reached the
highest accuracy of 98.39% on real data, 91.96% on augmented data, and 100%
on pathological data. To verify the reliability of the model, fivefold cross-
validation and a two-tier cross-test were applied. The results suggest that the
proposed method performs reasonably on the classification of brain magnetic

resonance images.

KEYWORDS

1 | INTRODUCTION

The brain can be considered as the most sensitive, impor-
tant, and complex organ in the human body. Hence, the
diagnosis and treatment of any brain disease is challeng-
ing for physicians as well as critical and vital for patients.
In recent years, computer-aided treatment methods have
attracted increasing interest in diagnosis, treatment, and
surgery. Manual treatments are being gradually replaced
by their computer-aided counterparts.

The sensitive structure of the brain is equally suscep-
tible to many kinds of infections and other disorders,
such as tumors, Alzheimer’s disease, multiple sclerosis,
alcoholism, drugs, amnesia, altitude sickness, autism,
epilepsy, trauma, hemorrhage, stroke, and mental

brain MRI, deep learning, EfficientNet, transfer learning, two-tier cross-test, white matter

retardation. These conditions adversely affect the
brain [1]. Brain disorders affect millions of people world-
wide and causes a major disease burden. Many of these
disorders are chronic and incurable, and most available
treatment options are either inadequate or ineffective.
Consequently, these disorders incur significant social and
economic costs. Despite the urgent clinical need, minimal
progress has been made in the development of new treat-
ments for most common brain disorders, and many drugs
currently prescribed are based on outdated science [2].
Therefore, brain disease diagnosis and examination must
be performed using state-of-the-art technologies.
Magnetic resonance imaging (MRI) scans of the brain
can show brain structures, shrinkage, vascular irregulari-
ties, and other structural changes that may indicate
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cognitive dysfunction [3]. White-matter hyperintensities
(WMHs) seen on T2-weighted or fluid-attenuated inver-
sion recovery (FLAIR) MRI sequences correspond to
brain regions affected by previous or ongoing conditions.
These abnormal signal alterations can be focal, multifo-
cal, or confluent and may even be located in more exten-
sive areas of the white matter [4]. WMHs are observed in
diverse circumstances, including inherited diseases such
as leukodystrophies, cerebral blood supply disorders,
myelin-damaging diseases, infections, autoimmune toxic
metabolic factors, neoplasia, and traumatic injury [5, 6].
Age-related WMHs emerge due to a chronic cerebrovas-
cular ischemia reflected as leukoaraiosis, and the accom-
panying signal changes in elderly patients increase the
risk of stroke, cognitive impairment, dementia, and death
[7-9]. In addition, a significant association has been
found between WMHs and late-life depression and bipo-
lar disorder [10, 11].

Along with parameters such as age, sex, genetic pre-
disposition, environmental conditions, lifestyle, and risk
factors (e.g.,, diabetes mellitus, cardiovascular diseases,
hypercholesterolemia, hypertension, smoking, alcohol
consumption, and drug addiction), clinical and labora-
tory features as well as brain MRI evaluation results help
clinicians in diagnosis [7]. However, conventional brain
MRI evaluation is observer dependent and time consum-
ing. Progress in computer-aided radiologic imaging tech-
nologies and deep learning (DL) for neuroimaging has
led to the rapid development of diagnostic and treatment
strategies. Some studies have described the use of artifi-
cial intelligence (AI) for better patient stratification and
evaluation of treatment responses in both clinical care
and drug trials [12].

DL is a promising area of machine learning (ML),
which has been developed as a solution to Al problems
and has grown tremendously over the past decade. It
mainly relies on the deep neural network (DNN) struc-
ture. DL is aimed to produce solutions based on learning
datasets, including large datasets, rather than on a sepa-
rate model specific to each study [13]. It is widely used
in various fields such as image processing, computer
identification, autonomous vehicles, natural language
processing, and audio and video recognition [14]. DL
approaches for automated medical decision making are
also required in medical image processing because non-
automated processes are labor intensive, often expensive,
and highly prone to human errors [13]. Therefore, ML
and DL have become increasingly common in medicine,
particularly over the past decade. These techniques have
been used in different studies, from detecting Alzheimer’s
disease [15] to detecting the novel coronavirus dis-
ease [16], investigating the disease effects [17], early pre-
dicting type 2 diabetes [18], and diagnosing cancer [19].

Although medical image processing studies on brain MRI
have been mainly focused on segmentation, classification
has been explored but not extensively applied.

This study was aimed to isolate magnetic resonance
(MR) images, including areas with WMHs, from normal
individuals using pretrained DL models. Thus, an inno-
vative solution was developed to support clinical decision
making. To this end, we answered the following research
questions (RQs):

« RQI: Can pretrained DL models be used to suitably
classify different medical images?

« RQ2: Does data augmentation contribute to learning?

« RQ3: What are the learning differences between real
and synthetic images?

« RQ4: Does a two-tier cross-test contribute to classifica-
tion robustness?

In addition, we improved the classification of brain
MR images by using real data, achieving a high accuracy
and avoiding overfitting, unlike similar studies (see
Section 5).

The remainder of this paper is organized as follows.
Section 2 presents a brief overview of recent studies on
brain image segmentation and classification. Section 3
details the materials and methods of the study. Section 4
reports and analyses the test results, which are discussed
in Section 5. Finally, Section 6 summarizes the contribu-
tions of this study and directions of future work.

2 | RELATED WORK

AI [20] has been applied to many fields including medi-
cine, with applications such as diagnosis, treatment,
imaging, data security, and drug delivery. ML, a subfield
of Al, has been intensively used for diagnosis and treat-
ment based on medical imaging over the past two
decades. In particular, DL, a subfield of ML, has been
used since the 2010s because of its increasing
performance [21].

Studies on brain MRI are extensive regarding segmen-
tation and classification. For instance, some morphologi-
cal and ML techniques have been applied to brain MRI.
With state-of-the-art developments in Al, new techniques
are being applied to brain MR images. Recently, DL
models and techniques have been used for brain image
segmentation. An artificial neural network was presented
and optimized for automatically segmenting white-
matter changes in MR images to produce probabilistic
maps [22]. Because convolutional neural networks
(CNNs) are powerful for image processing, they are
widely applied to MR images. A CNN was proposed for
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segmentation of hyperintensities and distinguishing
between WMHs and stroke lesions using a UResNet
architecture [23]. Arnn and Hanbay [24] developed a
regional CNN for automated tumor detection using T1-
and T2-weighted MR images. A CNN was also combined
with random forest regressors to predict the expanded
disability status of patients with multiple sclerosis at
2 years solely based on age, sex, and FLAIR MRI
data [25]. It was also combined with SLICO clustering for
candidate segmentation of white-matter lesions [26].

Beyond the detection of white-matter diseases, abnor-
malities in brain images have been detected using classi-
fication techniques. Saritha and others [27] proposed an
approach integrating wavelet entropy-based spider web
plots, and a probabilistic neural network was developed
for classifying brain MR images as normal or indicating
stroke, infectious disease, degenerative disease, or brain
tumor. Lu and others [28] used wavelet entropy as a fea-
ture and a kernel-based extreme learning machine (ELM)
as the classifier. Lu and others [29] introduced an
approach to automatically detect pathological brains in
MRI based on a DL structure and transfer learning using
AlexNet [30] for a pretrained network. Lu et at. [31]
applied ResNet [32] and randomized neural networks to
brain MR images. ResNet was the feature extractor with
three neural networks: Schmidt network, random vector
functional-link net, and ELM. The weights and biases in
the three networks were trained using the chaotic bat
algorithm.

In DL, transfer learning for classifying brain abnor-
malities is under development and becoming increasingly
common. Existing studies have various limitations (see
Section 5), including overfitting and lack of cross-
validation. In this study, we obtained high accuracy and
reliability by applying a two-tier cross-test to real data.

3 | MATERIALS AND METHODS

3.1 | Data and training

To obtain sufficient brain MR images, a retrospective
evaluation was performed using the picture archiving
and communication system of Gaziantep University, Fac-
ulty of Medicine, and the Department of Radiology. Brain
MRI was performed using a 3-T magnet system (Philips
Ingenia 3.0 T; Philips Medical Systems, the Netherlands).
To test the developed CNN, 619 MR images of
619 patients (age range, 10-40 years) were examined for
possible brain pathologies. Axial midline images of
FLAIR sequences (repetition time/inversion time,
11 000/2800 ms; echo time, 120 ms; matrix size,
240 x 139, field of view, 230 x 189 x 144 mm; recon

voxel size, 0.57 x 0.57 x 4.00 mm,; slice thickness, 4 mm;
number of slices, 32; signal-to-noise ratio, 1; number of
signal averages/number of excitations, 1) including genu
and splenium of the corpus callosum, lateral ventricles,
foramen of Monro, bilateral basal ganglia, and thalamus
were stored as 1196 x 1196-pixel images in the JPG for-
mat without any identity information. Images with insuf-
ficient quality in terms of spatial resolution or containing
artifacts were discarded. The quality of acquired MR
images can vary according to factors such as settings,
operator characteristics, patient characteristics, artifacts,
and file format, as described below.

« Settings and operator characteristics: There are several
image acquisition parameters in the control panels of
MRI systems. Radiology technicians can adjust the
parameters to acquire MRI sequences. The signal-
to-noise ratio, number of excitations, field of view,
matrix size, and slice thickness are important factors
whose changes can affect the image spatial resolution.
During acquisition of brain MRI sequences, some tech-
nicians can use custom settings or modify the standard
settings of the parameters to accelerate imaging.

« Patient characteristics and artifacts: The quality of the
obtained MR images decreases when the patient moves
in the gantry of the magnet during acquisition. In addi-
tion, specific artifacts can disrupt the image quality in
MRI examinations.

« File format: Normally, the image format of MRI is
DICOM (Digital Imaging and Communications in
Medicine), and the files are converted from DICOM to
JPEG. This conversion negatively affects the image
quality.

From the dataset, we excluded low-quality DICOM
images acquired with nonoptimal settings or artifacts that
made diagnosis difficult and JPEG images with resolu-
tions below 1196 x 1196 pixels.

Institutional Ethics Committee approval (granted on
October 27, 2021, under number 722) was obtained for
the study protocol. Images were classified as normal or
pathological by a radiologist with at least 8 years of expe-
rience. Patients with headaches or other neurological
complaints were physically examined by physicians. In
these cases, blood tests and radiological examinations
might be required. Radiologists recognized pathological
changes or signals on MR images and reported these
findings along with a preliminary diagnosis to physicians.
There were different abnormal signals in the MRI
sequences, which were depicted in grayscale. Although
some major abnormalities could be easily defined, others,
especially small ones, could be missed. This depended on
the concentration and experience of the radiologist.
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Therefore, the human dependence on MRI reporting was
disadvantageous. Sample classes of images obtained from
patients within the scope of ethical approval are shown
in Figure 1. The abnormal white-matter signals are
marked with arrows in Figure 1B.

The Kaggle [33] and Colab [34] platforms were used
to train DL models on brain MR images. Both platforms
allow researchers, students, and users from different
fields to work online using powerful computational
graphics processors on topics such as ML, data science,

(A)

FIGURE 1 Examples of (A) normal and (B) abnormal brain
magnetic resonance (MR) images in fluid-attenuated inversion
recovery (FLAIR) sequence.

and data analysis. In this study, model training was per-
formed using the Python programming language with
the TensorFlow and Keras application libraries. After the
models were trained, their graphs and weights were
recorded and used for testing. Accuracy metrics of the
models were visualized, and a confusion matrix was
obtained and interpreted to evaluate their performance.

3.2 | Data augmentation

Unlike general ML, DL provides automatic feature
extraction. DL requires feeding the model with excess
data, which are important for successful training. As the
amount of data increases, a model exhibits improved con-
sistency and performance. On the other hand, the calcu-
lation costs and training time also increase, but these
increases can be ignored or reduced using different solu-
tions to automate learning.

Data acquisition is a major problem in biomedical
imaging. The amount of available data is scarce, particu-
larly for sensitive diseases. Additionally, owing to ethical
issues, private data are not often encountered in data-
bases worldwide. Researchers face various problems in
medical studies, such as obtaining data for each study,
obtaining ethical permission to gather the data, obtaining
permission from patients to collect the data, interpreting
these data by experts, and synchronizing data acquisition
with the application time of the study to adapt to state-of-
the-art solutions. Data augmentation can help overcom-
ing data scarcity. This artificial data generation technique
applies combinations of operations to existing data. Thus,
data availability can be increased by adding synthetic
data reflecting different variations. For images, data aug-
mentation is typically achieved by adding various filters,
flipping horizontally and vertically, rotating at different
angles, scaling outward or inward, cropping random
image sections, translating to x/y coordinates, and adding
noise.

In this study, the images were rotated at different
angles for data augmentation. First, 10% of the total
images (62) were separated from the dataset for use in
the two-tier cross-test validation. This is important for
highlighting the robustness of the model and verifying
the consistency of results. The original data were used to
test the accuracy obtained after model training. Second,
the remaining 557 images were rotated by 45° to synthe-
size new images, obtaining 5040 brain MR images for
processing. Table 1 summarizes the statistics of the
augmented data.

In most previous studies, owing to data scarcity, all
data were included in the models, and the training accu-
racy was interpreted using these data. Various operations
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were performed on the data to ensure the accuracy and
reliability of the results. Similarly, we reserved 10% of the
real patient data for testing the model (two-tier cross-test
evaluation) with the weights recorded after training, vali-
dation, and testing. After applying data augmentation to
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the remaining 90% of real data, 20% of the data were
reserved for initial testing after training and validation of
the models. The remaining 80% of the available aug-
mented data was divided into training (80%) and valida-
tion (20%) sets. During model training on the MR images,
learning was primarily performed on the data (total train-
ing data) at the specific rates (80%), and the training
result was validated (total validation data) over a certain

TABLE 1 Statistics of augmented data.
rate of data (20%) in each epoch. The weights obtained
LD Lol B s el after performing these operations over all the epochs to
No. MR images 439 180 reach the optimum result were tested as the training
No. two-tier 44 18 Unseen test result on an image set (total test data) (20%), which was
cross-test samples for unseen by the model during training and kept separately.
MR images two-tier All the validation samples listed in Table 1 were used to
cross-test validate the accuracy of the results after each training
No. augmented 3600 1440 epoch. The test samples, on the other hand, were stored
samples for testing on other images that were not seen during
No. training 2304 922 training using the weights obtained after all epochs were
samples completed and training finished. A block diagram of this
No. validation 576 230 study is shown in Figure 2.
samples The abovementioned data splitting is important in
No. test samples 720 288 Unseen terms of two-tier cross-test validity and reliability after
augmented training and validation. The validation rates obtained in
i the first stage and the results obtained from both the aug-
samples mented and real data on unseen datasets during testing
[J l Classification l
p=—_ — 9 =
L EfficientNet L2 g
Brain MRIs _mOde,lS L_—_ g
619 B m
o ﬂr»’. ,
MRIs for MRISs for Ly \/
augn;iealilation l;}zf)iat;%ro%rgszs
| [_Bo
- :

Train-test
Cross
validation
Train &
Validation set
4032 (%80)

1008 (%20)

Best model
of the
comparison

[ Evaluation |

Augmented

{ data
results

Accuracy
lconfusion matrix
Precision, recall \

F1-score
Real data

Train set
3226 | | e
(%80)

results

FIGURE 2 Block diagram of study.
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were analyzed in this study. We conducted a two-tier
cross-test. The generalizability of the models is particu-
larly important for ML and DL models. The two-tier
cross-test allows to obtain the accuracy of models from
different studies after training by testing on real and syn-
thetic data. Thus, the robustness and generalizability of
the study can be ensured.

3.3 | Transfer learning

Since 1995, research on transfer learning has attracted
attention in various areas such as knowledge transfer,
lifelong learning, learning to learn, inductive
transfer, multitask learning, knowledge consolidation,
context-sensitive learning, knowledge-based inductive
bias, meta-learning, and incremental (cumulative) learn-
ing [35]. Over the past decade, with the development of
DNNs, studies on transfer learning have become increas-
ingly common. Transfer learning allows to solve prob-
lems involving small amounts of data [36]. This is
achieved by retraining a previously successful DNN on a
new dataset with corresponding changes in the hyper-
parameters and adjustments in the fully connected layer.
The general structure of the network and feature extrac-
tion structure are preserved. Thus, a model used to solve
a problem with time and effort savings can be reused to
produce solutions for different problems. In recent years,
studies on transfer learning have been conducted with
high performance on different datasets.

34 | Model

Although deep architectures emerged earlier, the success
of a deep CNN called AlexNet in the ImageNet competi-
tion held in 2012 increased the importance of
DL. Subsequently, new and deeper models (i.e., DNNs)
were introduced. In a DNN, two or more layers of hidden

Feature extraction

Input Convolution

FIGURE 3 Sample convolutional neural network architecture.

neural networks form a comprehensive connected archi-
tecture, ranging from simple to complex, with each layer
trying to relate to the previous one. Owing to this com-
prehensiveness, inputs are examined in greater depth
and detail, and features are extracted toward obtaining
accurate results.

Several models to efficiently solve different applica-
tions using DL have been proposed over the past
decade. Nevertheless, DL allows to generalize a solution
to address various problems. Hence, pretrained models
have been increasingly used in recent years [21]. In
these models, solutions are obtained either by directly
using the weights of the pretrained models or by updat-
ing these weights with additional layers using transfer
learning. A well-known DL algorithm used in image
classification is the CNN [13], like the one shown in
Figure 3.

Our analysis was based on the EfficientNet model
proposed by Tan and Le [37] to define a baseline for the
classification of normal and pathological brain MR
images. Using EfficientNet, we propose a compound scal-
ing method that uniformly scales the network width,
depth, and resolution with a set of fixed scaling coeffi-
cients. For example, if 2N more computational resources
are used, the network can be expanded in depth by aN,
width by gN, and image size by yN, where a, f, and y are
constant coefficients determined by a grid search on the
original small model. Because model scaling does not
change layer operator F; in the baseline, a good baseline
should be determined [37]. EfficientNet comprises eight
different models, from version BO to B7. The baseline
architecture of EfficientNet for version BO is detailed in
Table 2.

In Table 2, each row corresponds to stage i with fi
layers, input resolution H i X Wi, and a- output channels.
Starting from the baseline EfficientNet-BO, compound
scaling is applied using (1) and (2) in two steps. Initially,
¢@=1 to find the best values for a, f, and y. Second,
a, p, and y are fixed as constants, and the baseline

Classification

Pooling

Fully connected Output
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network is scaled with different ¢ values to obtain
EfficientNet-B1-B7 [37].

max
Accuracy(N(d, w, r))
dw,r

L,
= . ' -~ -~ ~ 1
s.t.N(d, w, r) 2, F, (X<r.Hi,r.W,-,w.Ci>> (1)
Memory(N) < target_memory
FLOPS(N) < target_ flops,

where w, d, and r are coefficients for scaling the network
width, depth, and resolution, respectively, and
?i,ii, ﬁi, Wi, and E‘i are predefined parameters in the
baseline network (see Table 2).

TABLE 2 EfficientNet-B0 baseline [37].

No. No.

Stage Operator Resolution channels layers
i F; H;xW; C; L;

1 Conv3 x 3 224 x 224 32 1

2 MBConvl, k3 x 3 112 x 112 16 1

3 MBConv6, k3 x 3 112 x 112 24 2

4 MBConvé, k5 X 5 56 x 56 40 2

5 MBConv6, k3 x 3 28 x 28 80 3

6 MBConvé, k5 X 5 14 x 14 112 3

7 MBConv6, k5 x 5 14 x 14 192 4

8 MBConvé, k3 x 3 7x7 320 1

9 Convl x 1 & Pooling 7 x7 1280 1

& FC

Source: Reprinted with permission from Tan and Le [37], Copyright 2019.
M. Tan and Q. Le.
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depth:d=a?
width : w= ¢
resolution : r = y? (2)

s. ta-pry a2
axl, p>21, y>1,

where a,f,andy are constants that can be determined by
a small grid search. Coefficient ¢ is specified by the user
and controls the additional resources available for model
scaling, while a,f,andy specify the assignment of the
additional resources to the network width, depth, and
resolution, respectively [37]. As with any DNN, the first
EfficientNet structure is the root followed by architec-
tural related structures common to its eight versions and
final layers. The components of EfficientNet are shown
in Figure 4 [38]. Each structure comprises seven blocks
with increasing numbers of subblocks from EfficientNet-
B0 to EfficientNet-B7 [38]. The modules and subblocks
are shown in Figure 5.

Module 1 is used as a starting point for the subblocks,
and Module 2 is used as a starting point for the first sub-
block of all the seven main blocks, except for the first
one. Module 3 is a skip connection to all the subblocks,
and Module 4 is used to combine the skip connections in
the first subblock. Each subblock is connected to its pre-
ceding one via a skip connection and combined using
Module 5. These modules are further combined to form
subblocks that are used in a certain manner within the
blocks. Subblock 1 is used only as the first subblock in
the first block, and Subblock 2 is used as the first sub-
block in all the other blocks. Finally, Subblock 3 is used
for any subblock, except for the first one in all
blocks [38].

Stem

. Normali- Zero . Batch ..
Input layer T Re-scaling ] q —_— L Ld Conv2D ) o Rl Activation
{ S zation padding normalization
|
) ( J | ) t J ( J [ ) [

Final layers

- Batch .
Conv2D Ll - . Wl Activation
normalization ‘

FIGURE 4 Root and final layers of EfficientNet [38] (reprinted with permission from V. Agarwal [38], copyright 2020 V. Agarwal).
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These models were the most successful in classifying
the stages of Alzheimer’s disease on brain MR images
in [39]. In this study, the EfficientNet-B0 model achieved
an accuracy of 92.98%. In addition, EfficientNet-B3
(89.78%), EfficientNet-B2 (94.42%), and EfficientNet-
B3 (97.28%) showed high precision, recall, and specificity
(shown in parentheses), respectively. For EfficientNet
versions B0O-B7, we first determined the highest perform-
ing ones on augmented data. In other words, we per-
formed testing to select the version to use before applying

Module 3

Module 1

Module 5

| J . _J L
J |

(A)

"

Sub-block 1

r Module 1
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EfficientNet to the available data. All the models were
subjected to training, validation, and testing using five-
fold cross-validation. Table 3 lists the selection results.

Table 3 shows that the mean accuracy for
EfficientNet-B5 was 91.29% and the standard deviation
was 0.46% for fivefold cross-validation training. In addi-
tion, regarding the complexity matrix results, EfficientNet-
B5 outperformed the other models in terms of precision,
recall (sensitivity), specificity, and F1-score. Moreover, the
recall of all the models was lower than the precision.
During the two-tier cross-test, the evaluation metrics were
obtained from real data. These results support the use of
EfficientNet-B5 for transfer learning. The architecture of
EfficientNet-B5 is shown in Figure 6.

To apply EfficientNet-B5, the fully connected layers
were reduced to two classes for the classification of nor-
mal and pathological MR images. For reduction, two
4096 dense layers, one 1000 dense layer, and one
512 dense layer, were used. Dropout was applied between
each dense layer (value of 0.5). The hyperparameters
used in the model were specified as follows. The images
were stored in the JPG format, and the input image size
was 224 x 224 pixels. The number of epochs for the
model was 250, and the batch size was set to 10. In DL,
training is frequently conducted over 50-100 epochs. In
this study, more training epochs were performed, obtain-
ing 250 as the cutoff point for learning convergence. The
models did not show considerable learning improvement
after 250 epochs, which were determined for all the eval-
uated models. Consequently, training took longer than
usual, especially considering health studies. Nevertheless,
any improvement is important, thus justifying the longer
training time. Adam optimization was applied with a
learning rate of 0.00001. Binary cross-entropy was used
as the loss function with accuracy as its metric. After
repeated tests, the optimal parameter values were defined
and used in the trained model.

= — 4
(B)

FIGURE 5 (A) Five modules used in EfficientNet and

(B) subblocks [38] (reprinted with permission from V. Agarwal

[38], copyright 2020 V. Agarwal).

TABLE 3 Test results of EfficientNet models.
Model Testl Test2 Test3 Test4 Test5
EfficientNet-BO 86.90 86.41 87.00 87.10 86.51
EfficientNet-B1 85.42 87.00 87.40 86.81 86.90
EfficientNet-B2 87.50 87.00 88.10 88.19 86.20
EfficientNet-B3  89.08 89.19 88.00 88.99 88.78
EfficientNet-B4 89.68 88.69 87.80 89.08 89.29
EfficientNet-B5 91.17 90.67 91.27 91.36 91.96
EfficientNet-B6 89.98 87.60 87.50 88.89 87.59
EfficientNet-B7 89.48 90.77 90.27 89.38 90.11

Recall
Mean SD  Precision (sensitivity) Specificity F1-score
86.78 0.31 81.25 72.22 93.33 76.43
86.71 0.75 80.91 61.81 94.12 70.02
87.40 0.83 8235 69.86 94.02 75.59
88.81 0.48 88.12 61.81 96.62 72.64
88.91 0.72  92.86 59.06 97.21 72.13
91.29 046 93.17 76.33 97.76 84.04
88.31 1.10 89.05 62.15 96.90 72.93
90.00 0.58 91.59 70.83 97.53 79.88
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FIGURE 6 Architecture of EfficientNet-B5 [38] (reprinted with permission from V. Agarwal [38], copyright 2020 V. Agarwal).
TABLE 4 Model accuracy on test set.
Set Number of images Best case Worst case Mean (fivefold) SD (fivefold)
Unseen augmented test set 1008 91.96 90.67 91.29 0.46
Unseen original test set 62 98.39 95.16 96.12 1.43

4 | EXPERIMENTAL RESULTS
In this section, the results obtained from transfer learning
are presented and explained in terms of different metrics.

4.1 | Two-tier cross-test and fivefold
cross-validation

To strengthen the accuracy and reliability of the model,
in addition to the results obtained for the unseen aug-
mented test data on EfficientNet-B5, a fivefold cross-
validation was performed on the original test data. The
accuracy achieved using this process is listed in Table 4.
For comparison, the performance on augmented data is
also listed in the table.

For EfficientNet-B5, its weights were used for transfer
learning, and fully connected layers were adapted to clas-
sify normal and pathological brain MR images. This
model achieved high performance on both augmented
and real data. The model reached much higher perfor-
mance over the real MR images than over the augmented
MR images. In addition, the model achieved accuracy
ranging between 98.39% and 95.16%, with an average
accuracy of 96.12% for fewer images, while the accuracy
reduced with more images. Two conclusions can be

drawn from these results. First, the model performance
on a large dataset should be tested with real MR images
because rotations alter the images during data augmenta-
tion. Second, although the standard deviation of the accu-
racy in real MR images is only 1.43%, it is a substantial
rate for medical imaging. Therefore, the stability of the
model must be tested on real images.

4.2 | Confusion matrices

After examining the accuracy, we calculated the confu-
sion matrices on the original and augmented test sets.
The confusion matrix provides an in-depth analysis of
the accuracy with which each class is predicted. The con-
fusion matrices for both test sets are shown in Figure 7.
Each cell is color-coded according to the number of
images (number of elements). In other words, as the
number of elements in a cell increases, the color of
the cells changes from light to dark blue, as indicated by
the corresponding color bars. The upper limits of these
color bars vary according to the number of images. The
confusion matrix provides information on the test set and
numbers of correct and incorrect predictions in the classi-
fication model. This table contains the true positive, true
negative, false positive, and false negative values [35, 36].
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The precision, recall, and F1-score can be extracted
from the confusion matrix to evaluate the model perfor-
mance. The precision reflects the positive predictions.
The recall is the true positive rate. The Fl-score is the
harmonic mean of the precision and recall. These metrics
were calculated as shown in Table 5 [40].
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FIGURE 7 Confusion matrices for cross-validation on
(A) augmented and (B) original test sets.

TABLE 5 Metrics extracted from confusion matrices.

Metric Calculation

Accuracy (TP + TN)/(TP + TN + FP + FN)
Precision TP/(TP + FP)

Recall TP/(TP + FN)

Fl-score 2 x (precision x recall)/(precision + recall)

As shown in Table 5, the performance on the real
dataset was high. The difference in the ratio between pre-
cision (100%) and recall (sensitivity) (94.44%) was due to
the small sample size. Therefore, additional real data
were required. On the augmented dataset, the pathologi-
cal classes were better classified than the normal classes.
The lower performance obtained from the synthetic data
confirmed the necessity to use real images.

5 | DISCUSSION

Owing to the use of ML over the past 20 years and suc-
cess of DL in the past decade, they have been applied to
medical image processing. As shown in Table 6, espe-
cially over the past 5 years, studies have evolved toward
transfer learning using deep architectures. Some studies
using pretrained models in Table 6 and the accuracy of
our model indicate that pretrained models used to clas-
sify different images in the ImageNet competition can
achieve high-performance classification of medical
images. This finding fulfills RQ1.

Table 6 shows that the proposed transfer learning
method based on the pretrained EfficientNet-B5 outper-
forms other deep models using a DNN [41] or kernel-
based ELM [28] in terms of the best-case accuracy for
fivefold cross-validation on real MR images. In addition,
our method outperforms other models used in transfer
learning, such as GoogLeNet [42], VGG19 [44], and
ResNet with a randomized neural network [31]. Some
models achieved 100% accuracy by using a CNN [45],
ResNet34 [43], and AlexNet [29]. However, the compari-
son models, especially those with deep architectures, may
show overfitting. A 100% accuracy rate may indicate that
the model memorized the data. Overfitting is a major
problem in DL, and it can be mitigated by applying data
augmentation. However, data augmentation did not con-
tribute to the classification accuracy in our study, thus
answering RQ2. In some DL applications, accuracy is
improved when using a large dataset whereas high preci-
sion is required in medical data. Consequently, artificial
data can adversely affect the classification accuracy. We

Original data (%) Augmented data (%)
98.39 91.67

100.00 94.74
94.44 75.00
97.14 83.72

Abbreviations: FN, false negative; FP, false positive; TN, true negative; TP, true positive.

85U80|7 SUOWIWOD aAIeID 3cedljdde au Aq pausenob aJe sajoffe VO ‘@SN JO e[ 10j A%eiq18ulUO A1\ UO (SUORIPUCO-pUe-SWLRY/LI0O" A3 1M AfeIq U1 |UO//:SANY) SUORIPUOD pue swid | 8y 88s *[5Z02/20/.0] uo Ariqiiauljuo fe|im ‘Aisieniun el Aq 8800-220z [1418/8Tzt0T/I0P/W0 A8 | IM A eiq 1 jBul|uo//Sdny Wiy pepeoumod ‘Z *v20Z ‘92ELEETT



SAVAs and DAMAR

TABLE 6 Classification studies on medical imaging.

Study Method

[41] DNN

[28] Kernel-based ELM

[29] Transfer learning with AlexNet

[42] Transfer learning with GoogLeNet

[43] Transfer learning with ResNet34

[44] Transfer learning with VGG19

[31] ResNet and randomized neural network
[45] CNN

can answer RQ3 as follows. When uncontrolled overfit-
ting and memorization can occur, which is undesir-
able [46], the network response may differ when an
image not contained in the training set is used for testing.
To prevent a model from memorizing data and obtain
more realistic and reliable results, we conducted a two-
tier cross-test, increasing the robustness of the proposed
model. This explanation also addresses RQ4, being an
important contribution of our study.

Overall, our proposed model stands out for its two-tier
cross-test setup, high accuracy on unseen real data, and
reliability and high accuracy while avoiding overfitting.

As one limitation of our study, some images did not
include all the axial midline structures owing to the oper-
ator settings for MRI acquisition. Another limitation was
the difficulty in obtaining medical images. Research on
real patient data poses difficulties in data availability and
obtaining approval from ethics committees.

6 | CONCLUSION AND
FUTURE WORK

We propose a transfer learning method for classifying
brain MR images as pathological or normal with high
accuracy. EfficientNet-B5 achieved an accuracy of 98.39%
on real data, indicating that it can be used in clinical
studies for decision support regarding brain diseases.
Similarly, it achieved an accuracy of 91.67% on synthe-
sized augmented data. Although it is difficult to obtain
images of brain diseases, this type of study can help clini-
cians, especially during examination and diagnosis.

This study is an important step toward creating a gen-
eral method instead of problem-specific solutions. Seg-
mentation studies are abundant, but different symptoms
of brain diseases can lead to different results. Therefore,
classification of normal and pathological images is an
important first step for reaching a general method. We

ETRI Journal—WI LEYM

Accuracy (%) Number of images
97.50 1000 MR images
97.04 125 MR images

100.00 291 MR images
98.00 3064 MR images

100.00 613 MR images
94.82 3064 MR images
95.00 331 MR images

100.00 75 MR images

demonstrated that DL allows to accurately classify brain
abnormalities using transfer learning. The predictive
power of the model was high, as determined by the classi-
fication of unseen test samples that were not included
during training. The promising results of the two-tier
cross-test showed that the proposed method may provide
an alternative and complementary approach for the clini-
cal diagnosis of alterations in the brain structure and
function as well as other brain abnormalities. Methods
designed to help treat brain diseases can be highly benefi-
cial to healthcare in general, and this study indicates that
DL can produce accurate results for medical research.

Transferring deep architectures, which have become
more common with the development of Al technologies,
to various applications through transfer learning is prom-
ising for current and future research. In future work, we
will aim to increase the number of pathological images
and obtain higher performance on more real images. We
will also explore the accuracy of the results obtained by
applying different data augmentation operations to real
datasets.
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