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Abstract

Background: Image-based recognition has become a long-term topic in the field of artificial intelligence, and neuroimaging has
gradually become a beneficial way to understand the course of Alzheimer’s disease (AD).

Objective: The goal of this study is to compare the detection performance of convolutional neural networks (CNNs) on medical
images to establish a classification model for epidemiological research. However, medical image analysis lacks large labeled
training datasets, and thus many transfer learning-based methods have been proposed to solve few labelsin the medical field.

M ethods: Owing to the scarcity of image data from single-photon emission computed tomography (SPECT), this study uses
transfer learning to compare the performance of diagnostic methods based on five different CNNs (two lightweight and three
deeper-weight CNN models) to determine the most suitable model. Brain scan image data were collected from 36 male and 63
female subjects. This study used 4711 images as the input data for the model.

Results: The Cognitive Abilities Screening Instrument and Mini Mental State Exam scores of subjects with Clinical Dementia
Rating (CDR) of 2 were significantly lower than those of subjects with CDR of 1 and 0.5. These results indicate that the ResNet
model (the deeper-weight CNN model) exhibits the highest accuracy (70.79%) and can hence be used to improve the
classification of mild cognitive impairment (MCI), mild AD, and moderate AD (CDRs of 0.5, 1, and 2, respectively).

Conclusions: This study successfully analyzes the classification performance of different CNN architectures for medical images
and also proves the effectiveness of transfer learning in identifying the MCI, mild AD, and moderate AD scoring based on
SPECT images.

(IMIR Preprints 16/08/2022:41921)
DOI: https://doi.org/10.2196/preprints.41921

Preprint Settings

1) Would you like to publish your submitted manuscript as preprint?

+ Please make my preprint PDF availableto anyone at any time (recommended).
Please make my preprint PDF available only to logged-in users; | understand that my title and abstract will remain visible to all users.
Only make the preprint title and abstract visible.
No, | do not wish to publish my submitted manuscript as a preprint.

2) If accepted for publication in aJMIR journal, would you like the PDF to be visible to the public?

' Yes, please make my accepted manuscript PDF available to anyone at any time (Recommended).
Y es, but please make my accepted manuscript PDF available only to logged-in users; | understand that the title and abstract will remain v
Y es, but only make the title and abstract visible (see Important note, above). | understand that if | later pay to participate in <a href="htt

https://preprints.jmir.org/preprint/41921 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Lienetal

Original Manuscr ipt

https://preprints.jmir.org/preprint/41921 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Lienetal

Convolutional Neural Networks to Classify
Alzheimer’s Disease Severity Based on SPECT
Images: A Comparative Study

Wei-Chih Lien"*’, Chung-Hsing Yeh?®, Chun-Yang Chang*, Chien-Hsiang Chang® Chien-
Hsu Chen?, Yang-Cheng Lin*

'Department of Physical Medicine and Rehabilitation, National Cheng Kung
University Hospital, College of Medicine, National Cheng Kung University, Tainan,
Taiwan

’Department of Physical Medicine and Rehabilitation, College of Medicine, National
Cheng Kung University, Tainan, Taiwan

3Faculty of Information Technology, Monash University, Melbourne, Australia
“Department of Industrial Design, National Cheng Kung University, Tainan, Taiwan

‘Correspondence: Wei-Chih Lien, Yang-Cheng Lin

No. 138, Sheng Li Road, Tainan, Taiwan; No. 1, University Road, Tainan, Taiwan
Tel +886-6-2353535 ext. 5240; +886-6-2757575 ext. 54328

Fax +886-6-2766106; +886-6-2746088

Email: Iwclwhab@ms8.hinet.net, lyc0914@mail.ncku.edu.tw

Abstract

Purpose: Image-based recognition has become a long-term topic in the field of
artificial intelligence, and neuroimaging has gradually become a beneficial way to
understand the course of Alzheimer’s disease (AD). The goal of this study is to
compare the detection performance of convolutional neural networks (CNNs) on
medical images to establish a classification model for epidemiological research.
However, medical image analysis lacks large labeled training datasets, and thus
many transfer learning-based methods have been proposed to solve few labels in the
medical field.

Patients and methods: Owing to the scarcity of image data from single-photon
emission computed tomography (SPECT), this study uses transfer learning to
compare the performance of diagnostic methods based on five different CNNs (two
lightweight and three deeper-weight CNN models) to determine the most suitable
model. Brain scan image data were collected from 36 male and 63 female subjects.
This study used 4711 images as the input data for the model.

Results: The Cognitive Abilities Screening Instrument and Mini Mental State Exam
scores of subjects with Clinical Dementia Rating (CDR) of 2 were significantly lower
than those of subjects with CDR of 1 and 0.5. These results indicate that the ResNet
model (the deeper-weight CNN model) exhibits the highest accuracy (70.79%) and
can hence be used to improve the classification of mild cognitive impairment (MCI),
mild AD, and moderate AD (CDRs of 0.5, 1, and 2, respectively).

Conclusion: This study successfully analyzes the classification performance of
different CNN architectures for medical images and also proves the effectiveness of
transfer learning in identifying the MCI, mild AD, and moderate AD scoring based on
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SPECT images.

Keywords: convolutional neural networks; Alzheimer’s disease; single-photon emission
computed tomography (SPECT); transfer learning; image recognition

The Internet of things (IoT) has rapidly grown under the influence of the digital revolution in
the past. With the realization of cloud services, everything can be connected to the Internet. In
addition, almost all information is stored in a data-based form, providing users with a
transparent and convenient way to collect and access large amounts of data in databases. With
the advent of big data, the characteristics of volume, velocity, and variety assist in decision-
making and process optimization. However, more than 80% of enterprise data are
unstructured, growing at rates of 55% and 65% per year. Hence, it is difficult to analyze huge
amounts of data with extremely high diversity in the traditional way.' Therefore, the primary
direction of recent discussions and research is the extraction of meaningful information from
these large amounts of data. In recent years, improvements in computer performance have led
to the development of various data exploration methods that have been used in the fields of
medicine, engineering, and management.” Neural networks (NNs) are among the fields that
have received significant attention from the public. An NN is a series of algorithms that
endeavors to recognize underlying relationships in a set of data through a process that mimics
the behavior and function of the nervous system. It uses ample artificial neurons to simulate
the ability of biological neurons to compute information.** An NN can perform parallel
processing and fault tolerance and can understand the relationship between samples to solve
many complex classification and prediction problems.>”’ Subsequently, from a different
perspective, convolutional neural networks (CNNs) have been developed.?’ Compared with
NNs, CNNs are more suitable for image recognition, language processing, and other
applications.'®'?> With advancements in computer technology, the time required for computing
has been drastically reduced. Accordingly, CNNs have been successfully applied in real-life
applications, including speech recognition, handwriting recognition, and disease prediction.*""’
Medical diagnosis is a typical classification problem. Physicians use the behavior and
symptoms of a patient to determine results based on previous experiences. In medical
diagnosis, the value of medical imaging is indispensable, and it is currently the main
noninvasive diagnostic tool. Currently, 90% of medical data still require physicians to use
images to determine a patient’s pathology, surgical plan, and medication risk.'® However, most
clinical diagnoses are based on the physician’s past experience, which is extremely subjective.
As the amount of data increases, the diagnosis period becomes relatively extended, resulting in
an increase in the probability of misdiagnosis.'” Nowadays, the factors that cause these diseases
are extremely diverse. If data mining technology can be used effectively, physicians can improve
the diagnostic accuracy. Effectively utilizing resources from existing medical data to improve
the overall system function is the most important topic in the current research.

With the advent of an aging society, the number of people afflicted with Alzheimer’s disease
(AD) is increasing. Globally, approximately 9.9 million people suffer from dementia each year,
implying that a new patient is diagnosed with the disease every 3.2 s. The number of people
affected is expected to exceed 100 million by 2050. However, an effective medical treatment for
the contraction of the disease still does not exist. In recent years, neuroimaging has gradually
become a useful method to understand the course of AD, and the importance of using deep
learning in the field of medical imaging has made great progress in research and clinical
medicine.”® The diffuse brain atrophy is noted in the macroscopic findings of AD.?! The
classification accuracy of AD versus healthy control using deep learning of magnetic resonance
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imaging (MRI) is 91.4%, and that of mild cognitive impairment (MCI) versus AD is 70.1%.>
The economic evaluation of dynamic susceptibility MRI compared to non-enhanced computer-
assisted tomography (CT) was 479,500 US dollars per quality-adjusted life years, while the
corresponding comparison for single-photon emission computed tomography (SPECT)
compared to CT was dominant (higher effectiveness and lower cost).?® From the perspective of
neuropathology, subjects with very mild AD typically show abnormal metabolic and regional
cerebral blood flow (rCBF) patterns, even at the preclinical stage.”® In addition to clinical
manifestations, analysis via SPECT has been frequently used by physicians as a diagnostic
tool.” In previous studies, rCBF SPECT for the diagnosis of AD revealed a sensitivity of 86%,
specificity of 73%, and accuracy of 82%.?® Brain perfusion SPECT has been proven to be a
sensitive tool for assessing functional deficits in the early stages of AD.?” MCI, referred to with a
Clinical Dementia Rating (CDR) of 0.5, with a pooled sensitivity and specificity of 93% and
97%, respectively,”® is an emerging entity for early detection and intervention. To the best of
our knowledge, no study has used rCBF SPECT to classify MCI and mild and moderate AD.
Specifically, only a few studies have comprehensively analyzed various types of CNN models
and discussed their applications in medical imaging.”*' The purpose of this study is to
compare various methods of CNN model detection and medical diagnosis, from MCI to AD.
Therefore, we applied lightweight CNN models, such as MobileNet V2** and NASNetMobile®,
and deeper-weight CNN models, such as VGG16°**, InceptionV3*’, and ResNet*. The five CNN
models mentioned above were the most commonly used in transfer learning for disease
diagnosis using medical imaging in previous studies,*” and their detection performance was
compared. The findings of this study are expected to assist physicians in the early stages of
clinical diagnosis and reduce the occurrence of misdiagnoses.

This study was approved by the National Cheng Kung University Human Research Ethics
Committee (NCKU HREC-E-108-282-2) and conformed to the principles of the Declaration of
Helsinki. All participants provided written informed consent prior to participating in the study.
The experimental steps for the CNN model training in this study are divided into two stages.
The experimental process is illustrated in Figure 1. This study aims to compare the different
architectures of CNN models with SPECT images. In terms of the analysis strategy, adjustments
were made to three influencing factors, i.e., optimizer, fully connected layers, and model
parameters, to optimize the performance of the CNN model.

In the first stage of the experiment, the conditions for screening CNN architectures mainly
include information security risks and embedded devices. First, to make the system convenient,
we expect to apply the study results to embedded terminal devices and small mobile devices in
hospitals in the future, which can be deeply integrated with the medical diagnosis process, and
then promote the development of artificial intelligence (AI) in the medical field to improve the
efficiency of diagnosis. However, owing to the limited storage space and power consumption of
general devices, the feasibility of applying deep CNNs to embedded devices is extremely low.
Embedded terminal devices must be small and fast to maintain the detection accuracy. Second,
with the rapid development of cloud services and IoT, non-information-related industries, such
as medical and health information, have become increasingly dependent on information
systems and networks, leading to constant risks and threats to information security. Therefore,
the protection of information security and the cost of network transmission cannot be ignored.
Accordingly, in the early stage of the experiment, two lightweight CNNs (MobileNet V2 and
NASNetMobile) were first used for image recognition experiments. After repeated training, it
was found that the proper adjustment of the model parameters had almost no effect on the
accuracy of the model. Finally, there is still no method to improve the recognition performance
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of lightweight CNNs through transfer learning. Considering that the data used in this study are
medical images that are highly complex in detail, the nature of the images is different from that
of general images.

Step 1 Step 2
Lightweight CNN ~ mmmp  Deeper-weight CNN
MobileNet V2 VGG16
NasNetMobile Inception V3
; ResNet
|
| 1
I |
| |
I |
v
Optimized
v

Future application

Figure 1. Two-stage experimental process in this study.

In the second stage of the experiment, we decided to use other deeper-weight CNN models for
image recognition experiments to improve the nonlinear expression capabilities and learn
more complex features. Three deeper-weight CNN models were tested with SPECT images:
VGG16, Inception V3, and ResNet. The three types of CNNs were also adjusted for the three
influencing factors to optimize their performance. It is expected that the most suitable CNN
architecture for SPECT images can be obtained through a comparative analysis. The
experimental results can serve as a reference for future research and the detection of AD based
on medical image recognition.

of SI

In general, the collection of image data, which is suitable for developing a brain imaging
recognition system, is one of the hardest steps in the procedure. This study used SPECT
imaging data with Tc-99m ethyl cysteinate dimer as a tracer to test the effectiveness of the
proposed method. The images used in this study were obtained from a single hospital to avoid
deviations between different hospital sources. Images were obtained from the archives of the
Department of Neurology, National Cheng Kung University Hospital (Figure 2). Brain scan
image data were collected from 36 male and 63 female subjects. Experienced neurologists
evaluated these image data for the possibility of AD and the detailed diagnosis, including the
education level, Mini Mental State Exam (MMSE) score, Cognitive Abilities Screening
Instrument (CASI) score, CDR score, and Sum of Box (SOB). The detailed demographic and
diagnostic data of the subjects are shown in Table 1.

To reduce unnecessary information in the images and reduce model training errors, we
cropped all 99 images to remove excess background information. After the preprocessing
operation, we obtained a total of 4,711 images of individual slices (as shown in Figure 3). The
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format of each cropped SPECT image was a JPG file with a size of 124 x 120 pixels. Of the 99
patients, 52 were categorized as having questionable dementia (CDR = 0.5), 39 had MCI (CDR =
1), and eight had moderate cognitive impairment (CDR = 2). All 4,711 images were classified
into three categories based on the CDR. In this study, 4,461 images were used as training data
(80%) and verification data (20%) to perform all the experiments, while the remaining data
were manually used as test data (250 images). The data ratio of the training, verification, and
test data was approximately “14:3: 1.
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Figure 2. SPECT images.
Table 1. Subjects’ demographic and clinical information.
CDR (0.5) CDR (1) CDR (2) Pvalue
N 52 39 8
Age (years) 72.08 + 76.15 = 80.11 0.01*(CDR(0.5)<CDR(2))
7.96 8.91 3.22
Gender 27 / 25 31/8 5/3 0.03*
(female / male)
Education 8.43+440 | 7.03+4.13 | 7.00 £ 6.08 n.s.
(years)
SOB 1.30+£0.72 | 473 +1.31 10.39 <0.01**(CDR(0.5)<CDR(1);
0.93 CDR(1)<CDR(2))
CASI 76.96 = 63.26 + 48.89 * <0.01**(CDR(0.5)>CDR(1);
11.80 13.68 1491 CDR(1)>CDR(2))
MMSE 2292 19.18 + 14.78 + <0.01**(CDR(0.5)>CDR(1);
4.04 391 3.96 CDR(1)>CDR(2))

Values are numbers or mean * standard deviation (range). Abbreviations: CDR =Clinical
Dementia Rating Scale; MMSE =Mini Mental State Exam; N=Number; CASI = Cognitive Abilities
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Screening Instrument; SOB = Sum of Box. Data were compared using the chi-squared test and
one-way analysis of variance with Bonferroni’s post-hoc test. *P < 0.05, **P < 0.01, P > 0.05: no
significant difference (n.s.).

(c) Coronal Section
Left: CDR = 0.5; Middle: CDR = 1; Right: CDR = 2
Figure 3. Three different sections of SPECT images.

eo e s after
Deep learning frameworks have been applied in medical imaging owing to the success of deep
learning in computer vision applications. Unlike general natural image recognition tasks,
medical image analysis lacks large labeled training datasets.*® In particular, the small number of
labeled databases is one of the main factors that makes training the classification model
difficult because of overfitting problems. Therefore, in the medical field, many transfer
learning-based methods have been proposed to address this lack of data.?’ Transfer learning is
a process that applies a previously learned model to another field, which helps improve the
learning method of few labels or a small number of datasets in the target data. Pre-trained
CNNs (OverFeat) have been used in transfer learning to successfully identify and detect vertical
pathologies using X-ray and CT modalities.”” Studies have presented a breast imaging system
based on deep CNNs with transfer learning, identifying the specific utility of transfer learning
in computer-aided diagnosis.'® Recently, studies have used a fully convolutional network with
transfer learning to perform retinal blood vessel segmentation tasks.*” When a small dataset is
directly trained with deep learning networks, overfitting can easily occur. Transfer learning can
improve the initial ability of extracting features to alleviate the risk of overfitting.*' In this case,
transfer learning between task domains is desirable. In addition, fine-tuned CNNs after transfer
learning should always be the preferred option, regardless of the size of the available training
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sets. In addition, the fine-tuned CNN model after transfer learning can quickly attain the
maximum performance.*' On the contrary, CNNs trained from scratch require extensive training
to achieve the highest performance. Therefore, this study used transfer learning to conduct
experiments. Such a method can also be executed even with limited training data.

This study used transfer learning to load the weights of the pre-trained model on the new
network structure and then trained the network to recognize SPECT images. Five CNNs, i.e.,
MobileNetV2, NASNetMobile, VGG16, InceptionV3, and ResNet, were used. The experiment
modified the structure of the pre-trained model through fine-tuning and was used as the initial
model for the SPECT image recognition task. First, we preprocessed the SPECT image data and
then used the original convolutional layer in the network structure to extract bottleneck
features. Second, we connected the fine-tuned fully connected layer to form a new network
structure. The experimental process is illustrated in Figure 4. The fine-tuning process of the
fully connected layers in the different CNN models is presented in the following subsections.

- L SPECT images
S
Data Preprocessing

g

Convolutional layer
of the network

i N .
Fully vonnected layer (| Fine-tuning

\:‘ Pre-training weight

= =r
W, #

N
Training

B
\\v‘_

Results

Figure 4. Process and architecture of CNN models.

MobileNetV2

1. Fine-tuning

To prevent excessive model parameters from causing overfitting problems,
GlobalAveragePooling2D was added at the end of the model to replace the fully connected layer,
and the average value of each feature map was taken as the output. Then, two layers of batch
normalization were added to ensure that the input of each layer of the network had the same
distribution, which not only reduced the occurrence of overfitting but also accelerated the
convergence speed of the training process. The output dimension of DenseNet was set to 4,096.
Finally, the dropout layer was added, and the ratio was set to 0.5 to improve the generalization
of the model and avoid relying too much on certain regional features. Table 2 lists the layer
settings at the end of MobileNetV2 after fine-tuning.

Table 2. Layer settings after fine-tuning and pre-processing for data enhancement.
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(a) MobileNetV2

Layer Type

Layer Setting global average_pooling2d_1 GlobalAveragePooling2D
batch_normalization_1 BatchNormalization
dense_1 Dense
batch_normalization_2 BatchNormalization
dropout_1 Dropout

Data Enhancement | height_shift range= 0.2
width_shift_range= 0.2
shear_range= 0.2
zoom_range= (0.2
horizontal_flip= True
fill_mode= nearest

(b) NasNetMobile
Layer Type

Layer Setting

global_average_pooling2d_1

GlobalAveragePooling2D

dense_1

Dense

dropout_1

Dropout

Data Enhancement

height_shift range= 0.2

shear_range= 0.2

horizontal flip= True

fill. mode= nearest

(c) VGG16

Layer

Type

Layer Setting

flatten

Flatten

dense_1

Dense

dropout_1

Dropout

dense_2

Dense

Data Enhancement

rotation_range= 40

height_shift range= 0.2

shear_range= 0.2

zoom_range= (0.2

horizontal_flip= True

fill. mode= nearest

(d) InceptionV3

Layer

Type

Layer Setting

global_average_pooling2d_1

GlobalAveragePooling2D

dense_1

Dense

Data Enhancement

height_shift_range= 0.2

horizontal_flip= True

fill. mode= nearest

(e) ResNet
Layer Type

Layer Setting flatten Flatten
batch_normalization_1 BatchNormalization
dense_1 Dense

https://preprints.jmir.org/preprint/41921
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dropout_1 Dropout
dense_2 Dense
Data Enhancement | height_shift range= 0.2
width_shift_range= 0.2
horizontal_flip= True
fill_ mode= nearest

2. Experimental setup

Because the experimental model used MobileNetV2 as the basic structure, the input image size
of MobileNetV2 must be 224x224. Therefore, rescale = 1/255 was added in the preprocessing
stage of the image data. Then, each pixel value of the original 124x120 SPECT image was
multiplied by a scaling factor to facilitate the convergence of the model. Simultaneously, the
dataset was normalized to improve the data integrity. The appearance and reading methods of
all image data in all the records were ensured to be identical. To present the classification
results in percentages, SoftMax was chosen as the model classifier. The optimization method of
the model is Adam to increase the training speed. In the parameter part, the learning rate was
set to 10 107*; the exponential decay rates of the first and second orders were 0.9 and 0.999,
respectively, by default; epsilon was set to 10 10™; and the attenuation value was set to 107°
10”° using a low learning rate to retrain the new data. Categorical cross-entropy was chosen as
the loss function, batch size was set to 32, and epoch number was set to 50. Before data
analysis, insufficient sample data may lead to poor results after training and overfitting
problems. To expand the dataset, this study used the data enhancement method to horizontally
flip, randomly zoom, and fill the original image (as shown in Table 2) to solve the data
imbalance and insufficient data problems.

NASNetMobile

1. Fine-tuning

As described in MobileNetV2, to prevent overfitting caused by excessive model parameters and
the limitation of the model input size, GlobalAveragePooling2D was added at the end of the
model to replace the final fully connected layer, and the average value of each feature map was
used as the output to achieve dimensionality reduction. Simultaneously, the feature
information extracted from the previous convolutional and pooling layers was retained. The
output dimension of the dense layer was set to 2048. Finally, a dropout layer was added, and
the ratio was set to 0.5 to randomly disconnect a certain ratio of the input during the model
training process and improve the generalization of the model to avoid relying excessively on
certain regional features (as shown in Table 2).

2. Experimental setup

As described in MobileNetV2, rescale = 1/255 was added in the preprocessing stage of the
image data to facilitate the convergence of the model. To present the classification results as a
percentage, SoftMax was added as the result classifier. Then, stochastic gradient descent (SGD)
was selected as the optimizer of the model to increase the training speed. In the parameter
part, the learning rate was set to 10™* 107*, momentum was set to 0.9, and attenuation value was
set to 107°10°°. Categorical cross-entropy was used as the loss function, batch size was set to
32, and epoch number was set to 50. Before the data analysis, insufficient sample data may lead
to poor results after training and overfitting problems. To increase the training data, this study
used the data enhancement method to horizontally flip, randomly zoom, and fill the original
image (as shown in Table 2) to generate completely different images to solve the imbalance and
limited data.
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VGG16

1. Fine-tuning

First, a flattened layer was added to dimensionalize the output of the previous convolutional
layer into a two-dimensional matrix. This method can reduce the size of an image without
losing important image features. The output dimension of DenseNet was set to 1024. Finally,
the dropout layer was added, and the ratio was set to 0.5 to improve the generalization of the
model and avoid relying excessively on certain regional features (as shown in Table 2).

2. Experimental setup

We also normalized the dataset to improve the integrity of the data and ensure that the
appearance and reading methods of all image data in all the records were the same. SoftMax
was also used as the resulting classifier. For VGG16, the experimental settings (e.g., Adam
optimization method, learning rate, exponential decay rate, and attenuation value) are the
same as those of MobileNetV2. The activation function was ReLU. To increase the training data,
we performed rotation, shearing strength, horizontal flip, random scaling, filling, and other
processes on the original image (as shown in Table 2).

InceptionV3

1. Fine-tuning

To prevent excessive model parameters from causing overfitting problems,
GlobalAveragePooling2D was added at the end of the model to replace the fully connected layer,
and the average value of each feature map was taken as the output. Then, a dense layer was
added, and the output dimension was set to 2048. Please refer to Table 2 for further details.

2. Experimental setup

The input image size of InceptionV3 is 299x299 pixels. Therefore, rescale = 1/255 was added
in the preprocessing stage of the image data, and each pixel value of the SPECT image with an
original size of 124x120 pixels was multiplied by the scaling factor to facilitate the convergence
of the model. To present the classification results as percentages, SoftMax was added as the
resulting classifier, and the classification category was set to 3. Similar to the NASNetMobile
model, SGD was selected as the model’s optimizer to increase the training speed. The learning
rate was set t010°, momentum was 0.9, loss function was categorical cross-entropy, batch size
was 64, and epoch number was 50. Table 2 shows the horizontal flip, random zoom, and
original image for data enhancement.

ResNet

1. Fine-tuning

The flattened layer was added to dimensionalize the output of the previous convolutional layer
into a two-dimensional matrix, and batch normalization was then added. A dense layer was
included, and the output dimension was set to 256. Finally, the dropout layer was also set to 0.5
to avoid relying too much on certain regional features. Table 2 also shows the layers added at
the end of the ResNet after fine-tuning. As an illustration, Figure 5 shows the architecture of the
ResNet model.

2. Experimental setup

As described in NASNetMobile, rescale = 1/255 was added in the preprocessing stage of the
image data to facilitate the convergence of the model. To present the classification results as
percentages, SoftMax was chosen as the result classifier, and SGD was chosen as the
optimization method. The learning rate was set to 10, momentum was 0.9, loss function was
categorical cross-entropy, batch size was set to 32, epoch number was set to 50, and activation
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function was ReLU. Before the data analysis, we used the data enhancement method to perform
position shift, horizontal flip, and fill processing on the original image (as shown in Table 2).
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Figure 5. Architecture of the ResNet model.

The demographic characteristics of the study subjects are provided in Table 1. Subjects with
CDRs of 2 were significantly older than those with CDRs of 0.5. The SOB scores of subjects with
CDR of 2 were significantly higher than those of subjects with CDRs of 1 and 0.5. The CASI and
MMSE scores of subjects with CDR of 2 were significantly lower than those of subjects with
CDRs of 1 and 0.5 (Table 1). The scores of the SOB, CASI, and MMSE validated the severity of
cognitive impairments classified using the CDR score. Following the evaluation of the severity
of cognitive impairments, SPECT images were analyzed in this study using two lightweight and
three deeper-weight CNN models to distinguish the severity of AD in patients based on the CDR
scores. We used two evaluation indicators, i.e., accuracy and loss, to evaluate the detection
performance of the model. This study first examined the impact of different sections of brain
images (i.e., the transverse, sagittal, and coronal sections) on the model to improve its
performance in detecting the severity of AD by detecting different sections of SPECT images.
There were a total of 1602 transverse images, 1584 sagittal images, and 1525 coronal images.
Subsequently, the SPECT image data of the three different cross-sections were mixed for the
model identification experiments. Table 3 shows the performance indicators of the five CNN
models that identify different CDR scores from a single brain section and a mixed section on the
validation and testing data. Based on the classification results for a single brain section shown
in Table 3, the ResNet model was the best performer among the five different CNN models. The
detection accuracy rates in the transverse, sagittal, and coronal section image data were 61%,
63%, and 65%, respectively. InceptionV3 is the worst-performing CNN model, with detection
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accuracy rates of 54%, 51%, and 48%. The classification accuracy of MobileNetV2,
NASNetMobile, and VGG16 was approximately 60%.

Table 3. Detection performance of two lightweight and three deeper-weight CNN models

Model Types of data Val acc | Loss function | Test acc | Loss function
(%) (Val) (%) (Test)
MobileNet V2 Transverse 60.57 0.1952 60.01*% 0.2013
section
Sagittal section 58.69 0.3368 50.45 0.4567
Coronal section 60.89 0.1876 57.77 0.1935
Mixed 61.87*% 0.6501 58.43 0.1268
(three kinds of
section)
NASNetMobile | Transverse 63.87*% 0.6301 61.25% 0.4322
section
Sagittal section 57.12 0.2615 57.03 0.1623
Coronal section 63.03 0.1246 55.49 0.2761
Mixed 59.89 0.3321 58.77 0.2311
(three kinds of
section)
VGG16 Transverse 66.03 0.2388 64.58 0.2564
section
Sagittal section 64.20 0.4601 61.89 0.1733
Coronal section 58.66 0.4245 53.01 0.3014
Mixed 69.45*% 0.1003 67.53* 0.1318
(three kinds of
section)
InceptionV3 Transverse 56.77*% 0.1388 54.22* 0.2108
section
Sagittal section 53.09 0.3350 50.98 0.2861
Coronal section 52.78 0.2018 47.55 0.1937
Mixed 54.03 0.4003 52.13 0.4766
(three kinds of
section)
ResNet Transverse 67.23 0.2387 61.20 0.3566
section
Sagittal section 65.37 0.1564 63.37 0.1804
Coronal section 68.51 0.1956 65.28 0.2390
Mixed 72.39** 0.1186 70.79** 0.2130
(three kinds of
section)

For the classification results of the mixed section, Table 3 shows that the best model is ResNet,
with a test accuracy rate of 71%. Although the accuracy rate was not very high (e.g., over 80%
or more), it was sufficient to judge the performance of different CNN models for medical
images. The second-highest accuracy rate was 68% (VGG16). InceptionV3 was the worst-
performing model, with a detection accuracy rate of only 52%. Based on the experimental
results, the lightweight CNN models, i.e., MobileNetV2 and NASNetMobile, were not
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satisfactory. For the image data obtained by mixing the three sections, the best validation
accuracies of MobileNetV2 and NASNetMobile were only 58% and 59%, respectively, indicating
that there is much room for improvement for the two lightweight CNN models to match the
SPECT medical images.

In recent years, neuroimaging has become a beneficial method for understanding the
pathogenesis of AD, and the use of deep learning techniques in the field of medical imaging
technologies has made progress in research and clinical care. Many researchers have been
engaged in the development of auxiliary diagnostic systems for medical imaging. In this study,
five different CNN models were trained in the transfer learning process, and performance
evaluations and comparisons were performed. The main goal of this study is to compare the
detection performance of different CNN structures for medical images, which was confirmed
based on the results. Moreover, compared with using a single cross-sectional image as the
input, the use of mixed data from the three cross-sections as the model input produced better
results. The validation and test accuracy records in Table 3 show that the performance of
ResNet is better than those of MobileNet V2, NASNetMobile, VGG16, and Inception V3. In this
type of medical imaging dataset, the deeper-weight network performed better than the
lightweight network. In addition, ResNet can effectively avoid gradient explosion,
disappearance, and network degradation. Therefore, ResNet can be used to develop an Al
expert system that can analyze the severity of AD using SPECT images, as shown in Figure 6.
The AI expert system does not replace physicians but helps them make clearer decisions on
disease classification and more confident diagnosis based on systematic objective information
to reduce the uncertainty in disease classification diagnosis.

Ty Y
- -
B Alexpert !E‘

0. 5\

[~

(Physicians can import the SPECT image (left part), and the Al expert system will show the
outcome of 0.5 (right part) to help them make decisions on disease classification.)

Figure 6. Al expert system based on the ResNet model.
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The performance of CNN models, such as the ResNet model, varied depending on the type of
study, field of study, data used, and imbalance in the sample.** In neuroimaging research, there
have been many applications in image processing and feature recognition applied to the
classification of AD. Among the various deep-learning methods, ResNet has been widely used
for the classification and diagnosis of AD. Amin-Naji et al.** used a residual structure in each
branch of a CNN. The OASIS dataset was used to evaluate the effectiveness of the model. Finally,
an accuracy of 98.72% was obtained in the classification of old patients with AD and normal
controls using MRI, which is the best result compared with those in other previous studies on
the same database. Abrol et al.** tested the ability of a residual structure to learn from
structural MRI data using neuroimaging, showing whether it is binary classification or heap
classification. Their results showed that the recognition performance of the ResNet
architecture is better than that of the SVM and SAE methods. Karasawa and Ohwada® proposed
a ResNet-based structure for classifying MRI data from the Alzheimer’s Disease Neuroimaging
Initiative database. The experimental results show that the proposed 39-layer residual
structure has the highest accuracy compared to those of VGGNet and ResNet-50. Therefore,
related research has shown that the residual structure has a certain effect on the applicability
of image recognition in neuroimaging. This finding shows that the ResNet structure proposed
in this study is effective for AD classification. In previous studies, the performance of the total
and subscale scores of the Mattis Dementia Rating Scale for discriminating MCI from NC, MCI
from mild AD, and mild AD from moderate AD revealed a sensitivity and specificity ranging
from 40% to 87%*, which were comparable with the performance of our rCBF SPECT CNN
model.

This study selected image data with different categories but similar characteristics for the
analysis. In the data collection process, there are few data categories with CDR = 3, so this
category of data was excluded when training the model to avoid affecting the performance of
the CNN model. Therefore, in future research, the image data of this category will be considered
to complete all the data categories and analyze their impact on the performance of the CNN
model. Experimental research on different brain cross-sectional images shows that the
classification accuracy obtained by training five CNN models with a single cross-sectional
image is no better than that obtained using mixed data. Moreover, there is a significant gap in
the results of generating three types of slices as the dataset at the same time. The main reason
for this difference may be the variation in the amount of data used. In this study, the best model
with a test accuracy rate of 71% appears to be insufficient (higher), which can be summarized
as follows:

1. This is the first time that these five commonly used CNN models have been tested for
transfer learning in identifying MCI, mild AD, and moderate AD scores based on SPECT
images.

2. The medical image data used in this study are not similar to the dataset of the pre-
training model; therefore, the feature extraction of the pre-training model is different,
which may lead to poor training results.

3. The SPECT image data used in this study contained 4711 images, and few images may
have led to poor training results.

4. The number of layers and the depth of the pre-training model used in this study were not
very large. Therefore, insufficient network depth and computing resources may also lead
to poor training results.

The purpose of this study is to explore different CNN models for classifying AD severity based
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on SPECT images, which have a lower cost than CT and MRI. This study used deep and transfer
learning to test the performance of two lightweight and three deeper-weight CNN models for
SPECT image data classification, showing that ResNet is the most suitable CNN model. The
results indicate that the performance of deeper CNN models is better than that of lightweight
CNN models. Although this study has proven that deep learning technology can achieve a good
performance in SPECT image classification, there is still room for further improvement. The
method proposed in this study provides important implications for image recognition and deep
learning in the development of mobile applications in Al and medical treatment and has great
potential in other biomedical fields. This deep learning method not only opens up new ways for
medical image analysis but also enables researchers and physicians to predict any new data in
the future. In the future, we hope to collect more clinical data from different hospitals to
increase the depth of the training dataset. Moreover, neuroimaging information can be
combined with functional information of the cognitive scale to obtain a better machine learning
model for the classification of AD severity.
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AD: Alzheimer’s disease

AL artificial intelligence

CASI: Cognitive Abilities Screening Instrument
CDR: Clinical Dementia Rating

CNNs: convolutional neural networks

CT: computer-assisted tomography

IoT: Internet of things

MCI: mild cognitive impairment

MMSE: Mini Mental State Exam

MRI: magnetic resonance imaging

NNs: Neural networks

rCBF: regional cerebral blood flow

SOB: Sum of Box

SPECT: single-photon emission computed tomography
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