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The Alzheimer's disease, a progressive brain disorder,
necessitates timely detection for effective management due to the
current diagnostic methods' limitations. The study presents an
efficient convolutional neural network (CNN) designed for
classifying brain magnetic resonance imaging (MRI) images into
four categories related to Alzheimer's disease. To enhance
diagnosis, this study proposes two distinct approaches at
different stages: (1) using optimized data pre-processing; and (2)
designing a lightweight CNN architecture with low complexity
and fewer parameters that simultaneously possesses good
accuracy, computational efficiency, and excellent performance.
The proposed method achieved outstanding results, with a final
accuracy of 99.22%, a macro average F1 score of 0.99, an MCC of
0.9870, and a Cohen kappa score (CKS) of 0.9870. In addition to
accuracy, the complexity of the proposed model, including the
comparison of model size, time elapsed, the number of FLOPs, and
the trainable and non-trainable parameters of the proposed
method were also thoroughly investigated. This model, with the
advantages of high accuracy, reduced FLOPs, faster execution
time, and lower memory requirements outperforms other deep
learning methods used in recent studies.
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EXTENDED ABSTRACT

Introduction

Alzheimer's disease (AD) is the leading form of dementia, characterized by a
progressive decline in memory and cognitive functions, followed by impairments in
speech, visual-spatial skills, and behavioural changes such as apathy, aggression, and
depression. AD is marked by two key neuropathological features: the accumulation of
beta-amyloid plaques in neuronal spaces and the formation of neurofibrillary tangles
inside neurons due to tau protein hyperphosphorylation. Impaired synaptic function is
central to cognitive decline in AD patients, exacerbated by beta-amyloid's toxic effects on
mitochondria, leading to neuronal damage. Early diagnosis is crucial for disease
management, with machine learning and deep learning techniques emerging as vital tools
for diagnosis and classification. Deep learning, noted for its efficiency with large datasets,
is increasingly preferred over traditional machine learning methods for brain structure
segmentation and AD classification.

Methodology

Figure 1 provides an overview of the design and performance stages of the network.
According to Figure 1, this study proposes two distinct approaches at different stages: (1)
using optimized data pre-processing, and (2) designing a lightweight and simple CNN
architecture with low complexity and fewer parameters that simultaneously possesses good
accuracy and excellent performance. 6400 MRI data related to Alzheimer's disease were
obtained from the Kaggle dataset, and then the data were preprocessed. Class weight is a
technique used during the preprocessing phase to handle class imbalance. Imbalances in
class distribution within datasets can significantly impact classification outcomes.
Consequently, it becomes essential to incorporate class weighting into the network loss
function. This ensures that classes with fewer instances are assigned greater weight and also
offsets the influence of classes with larger sample sizes. In addition, the MRI images were
resized to 224 x 224 pixels in size in the preprocessing phase. In the proposed convolutional
neural network with a lightweight architectural structure and low complexity, the learning
stages were performed by extracting features from the training data, and then the
performance of the network was evaluated on the images related to the test dataset and
classified into 4 classes: MID, MOD, ND, and VMD.

Input data Image Preprocessing Proposed CNN Alzheimer's Disease
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Figure 1. Overall system framework of the methodology.
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Results and discussion

Figure 2 depicts the precision, recall, f1-score, and support values associated with each
of the four classes within a classification model. Table 1 represents the sensitivity, specificity,
and AUC of the model. The proposed method achieved outstanding results, with a final
accuracy of 99.22%, a marco average F1 score of 0.99, an MCC of 0.9870, and a Cohen kappa
score (CKS) of 0.9870. In addition to accuracy, the complexity of deep learning models
should also be considered. In Table 2, a comparison is presented between the result of the
proposed model and two relatively light architectures, MobileNetV2 and InceptionV3; the
preprocessed data was applied to them. The size plays a crucial role as it dictates the
computational expenses involved. In this aspect, the proposed model was remarkable in
terms of model accuracy, model size, and time elapsed. Floating point operations per second
(FLOPs) are calculated in Table 3 to better express the complexity of the models. Table 4
compares the trainable and non-trainable parameters of the proposed method with those
of other deep-learning models. The designed CNN uses fewer parameters in its design,
resulting in less memory usage and much faster training and execution times compared to
larger networks. Due to its much fewer parameters compared to other deep CNN networks,
the designed CNN method has a much faster execution speed while providing very
acceptable accuracy, demonstrating its superiority. The proposed CNN architectures require
less memory than more complex CNN architectures due to their smaller number of
parameters. This can be an advantage when working with limited memory resources. In this
study, the time elapsed of 4068.9661543369293 seconds for training the proposed model
was significantly less than the time required to train other CNN architectures.

precision recall fl-score support

Mild Demented .00 0.96 .98 53

1 0
Moderate_Demented 1.00 1.00 1.00 3
Non_Demented 0.99 0.99 0.99 189
Very Mild Demented 0.98 0.99 0.99 139
accuracy 0.99 384
macro avg 0.99 0.99 0.99 384
weighted avg 0.99 0.99 0.99 384

Figure 2. Classification report of designed CNN.

Table 1. Statistical results of the model.
Sensitivity  Specificity AUC

Mild_Demented 0.96 1.00 0.98
Moderate_Demented 1.00 1.00 1.00
Non_Demented 0.99 0.99 0.99
Very_Mild_Demented 0.99 0.99 0.99

Table 2. Results of the proposed method compared to other the DCNN models.

Train Validation Test F1- MCC Time Elapsed (s) Total

Accuracy  Accuracy  Accuracy  score Params
. 22059168
InceptionV3 0.7601 0.7517 0.7109 0.78 04719  14750.527214765549 (8415 MB)
. 2422208
MobileNetV2 0.8671 0.8056 0.7865 0.79  0.6038 6387.819058418274 (9.24 MB)
Proposed 5406776
Model 1.00 0.9931 0.9922 099 09870  4068.9661543369293 (20.63 MB)
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Table 3. Comparison of FLOPs with other models.
Model FLOPs
InceptionV3 3449417648
MobileNetV2 1001225392
Proposed model 120874096

Table 4 Comparison of the trainable and non-trainable parameters of the proposed model and other deep

learning models.
Model Total parameters  Trainable parameters  Non-trainable parameters
ResNet50 27,784,580 27,731,460 53,120
VGG19 21,075,524 21,075,524 0
Xception 25,058,348 25,003,820 54,528
EfficientNetB7 69,343,131 69,032,404 310,727
DenseNet201 22,256,708 22,027,652 229,056
Proposed Model 5,406,776 5,406,776 0

Conclusion

In this study, a lightweight and accurate deep Convolutional Neural Network (CNN)
method was presented for the detection and classification of Alzheimer's disease based on
brain MRI images. Using Kaggle data consisting of 6400 MRI images related to four different
categories of Alzheimer's disease, the proposed model achieved high accuracy by utilizing
optimized data processing and designing a simple and lightweight CNN architecture with
low complexity and fewer parameters. The results showed that the proposed model
achieved a high accuracy of 92.22% and an average F1 score of 0.99. The main advantages
of this model compared to other deep CNN models are its higher execution speed and lower
memory requirement due to the fewer number of parameters. Ultimately, this study
demonstrated that the proposed model, with its lightweight and optimized architecture, can
be used as an effective and efficient tool for the detection and classification of Alzheimer's
disease using MRI images, and it outperforms other existing models in this field.
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! Imbalanced

2 Cost-sensitive learning
3 Imbalanced datasets

4 Class weights
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! Convolutional layer
2 Pooling layer
3 Fully connected layer
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_ TP+ TN )
AeUTaY = TP ¥ FN + TN + FP
TN
e ()
specificity TN+ FP
TP
P *)
precision = =05
TP
= ™
recall TP+ FN
Fl— 2 X pre:’c.ision X recall »N
precision + recall
! Epoch

2 Learning rate

3 Early stopping

4 Confusion matrix
5 Specificity

6 Sensitivity
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conv2d_input input: [(None, 224, 224, 3)]
InputLayer output: [(None, 224, 224, 3)]

|

conv2d input: (None, 224, 224, 3)
Conv2D | output: | (None, 220, 220, 6)

}

max_ pooling2d input: (None, 220, 220, 6)
MaxPooling2D output: (None, 110, 110, 6)

|

conv2d_1 input: (None, 110, 110, 6)
Conv2D output: (None, 106, 106, 16)

!

max_pooling2d 1 input: (None, 106, 106, 16)
MaxPooling2D output: (None, 53, 53, 16)

flatten input: (None, 53, 53, 16)
Flatten | output: (None, 44944)

}

dense input: (None, 44944)
Dense output: (None, 120)

}

dense_1 input: (None, 120)
Dense output: (None, 84)

l

dense 2 input: (None, 84)

Dense output: (None, 4)

GOleion Jo (5 LSl Hloges .V o

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 220, 220, 6) 456
max_pooling2d (MaxPooling2 (None, 110, 110, 6) 0

D)

conv2d_1 (Conv2D) (None, 106, 106, 16) 2416
max_pooling2d_1 (MaxPoolin (None, 53, 53, 16) 0

g2D)

flatten (Flatten) (None, 44944) 0

dense (Dense) (None, 120) 5393400
dense_1 (Dense) (None, 84) 10164
dense_2 (Dense) (None, 4) 340

Total params: 5406776 (20.63 MB)
Trainable params: 5406776 (20.63 MB)
Non-trainable params: 0 (0.00 Byte)
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TP XTN — FP XFN

McC =
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precision recall fl-score support
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