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Abstract. In recent years, Alzheimer’s Disease (AD) is a serious brain condition that affects millions of
people around the world, it is hard to diagnose and treat. But, recently, Deep Learning (DL) technique are
showing promising in helping to predict disease progression. However, existing models struggle to find new
types of patient data and medical tests haven’t seen before and complex to find spatial features, due to lack
of visualization tools class mislabeling. Therefore, an Integrated Residual with Combined Temporal Module
U-Net (IRCTMU-Net) used to solve this above problem. Then, the data is preprocessed and a Residual U-
Net is used, consisting of an encoder and a decoder. The encoder is responsible for reducing the image size
to extract important features, while decoder increases the size back to get the final segmentation map. A
special module is placed between them to strengthen the extracted features. Next, the attention module. An
attention module with attention gates is also added to capture both local and global relationships, helping
the model learn more useful features. To test the proposed IRCTMU-Net, experiments were carried out on
the ADNI dataset and compared with other existing models. Finally, proposed IRCTMU-Net achieved better
results in terms of accuracy (99.80%) and precision (99.83%) respectively when compared with exiting

model like Temporal Graph Attention (TGN).

1 Introduction

Alzheimer disease (AD) is progressive, neurological,
and irreversible brain disorder disease that slowly
damages brain cells, causing memory loss and reduced
thinking ability [1]. Common symptoms include
memory problems, decline in language and cognitive
skills, and changes in personality and mood [2]. As the
disease advances, patients may also face language
difficulties, behavioral changes, and loss of daily living
skills [3]. The main cause is the buildup of unusual
proteins in the brain, mainly clumps of beta-amyloid and
twisted strands of tau, which block neural
communication and lead to cognitive decline [4].
Although medical imaging and machine learning have
improved, accurately detecting AD early remains a
major challenge [5]. AD is a major concern on a global
scale because of its clinical, societal, and economic
implications. For this reason, presymptomatic stages,
clinical trials, and patient selectivity rely on precise
illness predictions [6]. Structural and functional
connectivity help describe the pathological features of
AD from different viewpoints. In AD patients, structural
connections are damaged, which disrupts information
flow and processing, leading to cognitive problems [7].
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Typically, participants are divided into three groups.
The first group is Cognitively Normal (CN), which
denotes the lack of cognitive impairment, except for the
normal decline associated with aging. The second
category is Mild Cognitive Impairment (MCI), a stage
between CN and AD. Subjects with CN can progress to
MCI when their symptoms become modest but evident.
MCI is the earliest clinically apparent development of
Alzheimer’s disease. MCl is receive special attention, as
there are currently no disease-modifying treatments
available to slow progression and alleviate symptoms
[8]. ML proves to be a formidable weapon, utilizing
enormous volumes of data to produce insights and
prediction models that were previously unattainable. [9].
Longitudinal data are often analyzed using Recurrent
Neural Networks (RNNs) like Long Short-Term
Memory (LSTM) network. LSTM is built to solve
vanishing gradient problem, so it can remember and
learn long-term patterns in sequence data [10].

This research aims to overcome existing problems
like find new types of patient data and medical tests
haven’t seen before and complex to find spatial features,
due to lack of visualization tools class mislabeling. By
implementing Integrated Residual with Combined
Temporal Module U-Net (IRCTMU-Net) used to solve
this above problem.

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution
License 4.0 (https://creativecommons.org/licenses/by/4.0/).
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The main contribution of this research is given as
follow:

e This research proposed Integrated Residual with

Combined Temporal Module U-Net (IRCTMU-
Net) for Alzheimer's Disease Progression
Prediction. First, the data is preprocessed and a
Residual U-Net is used, consisting of an encoder
and a decoder.

e The encoder is responsible for reducing the image
size to extract important features, while decoder
increases the size back to get the final
segmentation map.

e A special module is placed between them to
strengthen the extracted features. Next, the
attention module.

e An attention module with attention gates is also
added to capture both local and global
relationships, helping the model learn more
useful features and added to different positions in
the proposed model.

The remaining part if this research is structured as
follows: section 2 represent literature review, proposed
methodology present in section 3, section 4, 5 discuss
about the result and discussion and section 6 present
conclusion.

2 Related work

‘Rabia Javed et al. [11] presented U-Net, which
segmentation of the MRI was performed and then
classification was done using transfer learning for
chronic disease prediction. The transfer learning to
improve the extraction of spatial attributes and the
capturing of temporal correlations from brain pictures
by utilizing knowledge from pre-trained models. DL
techniques were particularly useful in medical image
processing, as demonstrated by model’s ability to learn
difficult patterns from large and dynamic MRI datasets.
The wider advantages of deep machine learning in
healthcare were emphasized, especially, in managing
the complexity of chronic diseases. However, the
model’s interpretability and clinical generalizability
remain limited, due to the complexity of deep learning
architectures and the variability in clinical data across
different populations and facilities, it was challenging to
fully understand the model’s performance.

Zhaomin Yao et al. [12] introduced DL framework
named Interpretable Transformer (IT), which was

inspired by the Transformer architecture. This model
effectively captures both local and global details in
imaging data and improves them using advanced feature
processing, leading to a well-integrated result. The
model reportedly dominates across evaluation metrics,
suggesting strong diagnostic accuracy and reliability.
However, the model’s clinical scope was currently
limited by its binary classification, due to insufficient
diversity and multi-dimensional inputs, it does not fully
capture Alzheimer’s progression across populations.

Mustafa Lateef Fadhil Jumailia and Emrullah Sonug
[13] employed an ensemble learning framework that
combines five DL models such as VGG16, VGGI9,
ResNet50, InceptionV3 and EfficientNetB7 to improve
Alzheimer’s disease diagnosis on the OASIS and ADNI
datasets, showing strong performance in both accuracy
and F1-score. However, current models for Alzheimer’s
disease often lack the ability to generalize across diverse
populations and fail to capture the full spectrum of
disease progression. Due to limited integration of
multimodal data such as genetic markers, fluid
biomarkers, and cognitive assessment.

Md Asaduzzaman et al. [14] explored an Alzheimer
Recognition Ensemble Network (ALZENET) was
developed to predict Alzheimer’s disease in various
stages using MRI scans. This model combines VGG16,
InceptionV3 and ResNet50 with multi-layer CNN
model achieving better results than existing models. It
integrates multiple techniques that use multi-stage
CNNs and transfer learning architectures with frozen
features, making Alzheimer’s prediction more accurate
and efficient. However, the current model faces come
challenges due to its lack of varied data, adaptability and
insufficient classes.

Yang Xi et al. [15] implemented method to classify
Progressive Mild Cognitive Impairment (pMCI) and
Stable Mild Cognitive Impairment (sMCI) using multi-
modal data fusion. Their approach combined single-
nucleotide polymorphisms (SNPs), the gray matter
volume ratio (RGV) from morphometric analysis, and
sMRI images to predict Alzheimer’s disease
progression. However, using a 2-year follow-up for
classification may miss individuals who develop AD
after this period. Additionally, the inherent variability
and possible inaccuracies in clinical markers can lead to
misclassification of some pMCI cases.

3 Proposed Methodology
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Fig. 1. Overcall architecture of proposed integrated residual with combined temporal module u-net (IRCTMU-Net).
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This research proposed IRCTMU-Net for predicting
Alzheimer’s disease, first the data collected from ADNI
dataset. Next, pre-processing is applied and finally the
proposed method used to predict the Alzheimer’s
disease presented in Figure 1.

The architecture diagram flow is given below,

e The prediction process starts with input like MRI
images that are passed through an initial
convolution block for feature extraction. The
encoder path then progressively down-samples
the features through convolutional and pooling
layers, capturing  different levels  of
representations.

e At multiple stages in the encoder, attention
mechanisms are applied, such as the Channel
Attention Module (CAM) and Cross-
Transformer Module (CTM), to enhance
important features and capture both local and
global dependencies.

e Skip connections from the encoder layers are
integrated into the corresponding decoder layers
to preserve spatial information. In the decoder
path, the features are gradually up-sampled and
fused with the skip connections, refining the
segmentation details.

e Attention modules within the decoder further
strengthen the feature learning process. Finally,
the up-sampled and fused features pass through a
1x1 convolution layer to generate the final
prediction output.

3.1 Dataset acquisition

All experiments are conducted using publicly available
dataset like ADNI and this description is given below:

3.1.1 ADNI dataset

The dataset contains 6,400 MRI images, which divided
into four types such as Mild Dementia (MD), Moderate
Dementia (MoD), Non-Dementia (ND) and Very Mild
Dementia (VMD). Each image originally measured 176
x 208 pixels and was resized to 176 X 176 using the
‘ImageDataGenerator’ class from TensorFlow/Keras,
which also supports real-time data augmentation. This
approach helps reduce artifacts like blurriness or
pixelation and improves model performance. The
dataset contains 3,200 for ND images, 2,240 for VMD
images, 896 for MD images and just 64 MoD images,
showing a strong class imbalance that was addressed
using the proposed method [16].

3.2 Pre-Processing

Each images are resized into 224 x 224 pixels to keep
the dataset consistent. After resizing and labeling, the
images were converted into NumPy arrays, which are
efficient for computation and compatible with machine
learning libraries. The class labels were then
transformed into numerical format using label encoding,
followed by one-hot encoding. This step is important for
classification tasks, as it converts labels into a binary

matrix that allows the model’s output layer to produce
probabilities for each class.

3.3 Proposed Integrated Residual with
Combined Temporal Module U-Net (IRCTMU-
Net)

Once the pre-processing is finished the output act as the
input of this proposed method. In traditional deep
learning networks, it is generally believed that deeper
networks have stronger nonlinear representation
abilities and can learn more information. However, in
practice, it has been observed that when the network
becomes too deep, its performance actually starts to
decline. To solve this problem, use a residual network,
which help to prevent or overcome this overfitting
problem.

3.3.1 LipPooling

Remote-sensing images differ from natural images
because objects of the same class can appear very
different, while objects from different classes can look
quite similar. LipPooling is a pooling method that
focuses on importance, helping preserve key features
during down-sampling. Unlike max pooling, which only
keeps the pixel with the highest value and may lose
useful details, LipPooling learns the importance of
different features using an importance function. This
function is built with a 3x3 convolution layer,
BatchNorm2D, and a Sigmoid. The result is raised to a
power, multiplied by the input, and then normalized,
after applying an index operation in the local region.
This process adaptively keeps more relevant feature
details, reducing the negative effects of max pooling in
remote-sensing images.

3.3.2 Combined Temporal Module

To address this problem of large difference in class and
small variations between classes in remote sensing
images, a two-branch module is used. The upper branch
captures local pixel-level correlations through row and
column attention, while lower branch used a transformer
encoder to model global relationships. Their outputs are
fused together, complementing each other and helping
the model focus more effectively on important regions
during segmentation. Row attention operates in a similar
manner to column attention. The process is as follows:
The feature map F from the encoder is used as input,
where F € ROH*V with C being channels, and H refers
Height and W refers Width. Then, three 1x1 convolution
operation is applied, where {Q,K} € RE**W and ¢’ <
C presented in Equation (1).

Q=Conv1x1,c(F),K=Conv1x1,.(F) o

At each position u in the spatial dimension of Q, a
vector Q, € RC'. is obtained. At the same time, the
feature vectors K;,, from all pixels in the same row as
position u are taken from the feature map K, forming the
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setK, € RH xc' Here, i represents the number of feature
vectors in the same row as u in K. The method to
calculate their correlation is defined in Equation (2).

— T
di,u - QuKi,u 2)

Next, map correlation values in the range (0, 1).
Finally, correlation degree D; ,, is calculated as shown in
Equation (3), where I = [1,...,H].

Dy = Softmax (QuK,) ®
The feature map VeR“*H#*W is then produced by
applying another 1x1 convolution to the feature map F.
From this, the feature vector V,eR¢ C is taken at the
same position u in the spatial dimension of V, along with

the set of feature vectors @, € R"*C. Finally, the row
attention is computed as shown in Equations (4) and (5).

Yiow = Z?:O Softmax(QuKiT,‘u) Qiy t+ F )
Y= Z}/V=0 Softmax(Qcol—u Kg;)l—j,u)(pcol—j,u + Fs)

The core idea of a transformer is to extract image
features using multi-head self-attention. In lower branch
and next, transformer is applied to build an attention
graph that captures global relationships. Following the
Vision Transformer approach, F denotes feature map,
which divided into 4x4 patches, and their positions are
encoded using a convolutional module. This process
models long-range dependencies between patches to
learn global relationships in the feature map. The results
are calculated as shown in Equations (6) and (7).

X' = FEN(MultiHead(Q,K,V) + F) +F

= FFN(Concat(head,, head,, heads, head,)W° +
F)+F ™

In FFN refers fully connected layers and activation
functions applied. Each head j represents a single,
independent self-attention operation within multi-head
attention mechanism within setup, with its process
described in Equations (8) and (9). The matrices Query
(@), Key (K) and Value (V), showed by applying linear
mappings with trainable weights W<, WX, WVto A
sequence of feature patches is generated after
partitioning and applying positional encoding. The
semantic similarity between these patches is measured
using the dot product of Q and K. To avoid overly large
values and reduce computational complexity, the result
is scaled by the square root of the hidden layer

dimension ,/dj,.
head; = Attention(QVlG.Q, Kwi,vw) ®)

T
ow ok Twk

= softmax (JTkJ> vwY ©

Finally, the outputs from the upper and lower
branches are concatenated, and channel dimensions are
integrated as shown in Equation (10).

F' = Convl X 1(concat(X',Y")) (10)

3.3.3 Attention Gate

To address existing limitations, an attention mechanism
is added to encoder and decoder features between the
skip connections. This process helps retain the most
important feature maps or regions. Before concatenating
the features, an attention mechanism is applied within
the segmentation network. It uses a mix of non-linear
activation functions and linear transformations, while
the residual attention captures both local and global
information. As a result, the network preserves key
high-level features along with finer low-level details, as
described in Equations (11)—(13).

A= Jz[w{wi(al(wxx +wyg + bx_g)) + bi} + b] an

0, = ReLU (x) = max (0, x) (12)

o, = Sigmoid(x) = m 13)

Attention Gate (AG) evaluates the attention
coefficient A using Equation (14). Here, xand g
represent the feature mappings of the AD inputs, while
o1 and o, are the ReLU and sigmoid functions,
respectively. The ReLU o1 outputs values in the range
{0, 1}. The terms w denotes the network weights, with
WyX, Wyg representing linear transformations. The
terms by g, b; , and b are the biases. Finally, the output
of the AG, called ‘Scaled x’, is obtained by multiplying
the attention coefficient A with the input x, as shown in
Equation (14).

Scaled x = A. x (14)

The feature maps are passed through a 1x1
convolution used to create desired segmentation output.
However, the final output loss does not allow gradients
to back-propagate effectively.

4 Results

In this section discuss about experiments, these are
conducted using ML and DL models applied to predict
Alzheimer’s disease. Following the results are discussed
in detail.

4.1 Experiments

All experiments conducted on a desktop computer
running Windows 10 Pro N (Version 21 HI),
MATLAB2020a, with an Intel ® Core TM 17-4770 CPU
running at 3.40GHz with 18 GB of RAM was used for
the training and validation operations in this research.
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4.2 Evaluation metrics

To evaluate the performance of the prediction of
Alzheimer’s disease, the following prediction metrics
are considered.

4.2.1 Accuracy

Accuracy is used to prediction of accurate number is
divided by total number of predictions is used to
measure model’s accuracy, this present in Equation

(15),

TrueNegative + TruePositive

Accuracy =

4.2.2 Precision

Precision measures positive predictions and defined as
the ratio of correctly predicted positives to all predicted
positives predictions made by the model as shown in
Equation (16),

TruePositive

Precision = — — (16)
TruePositive + FalsePositive

4.2.3 Recall

Recall also called sensitivity, evaluates the prediction
accuracy of the model by analyzing its ability to
correctly classify hand gestures within various
conditions, it can be defined as Equation (17),

TruePositive

Recall = — - a7
TruePositive + FalseNegative

TrueNegative + FalsePositive + TruePositive + FalseNegative

(15)

4.2.4 F1-Score

This metric evaluates the effectiveness of a
classification or recognition model by integrating both
precision and recall, ensuring a comprehensive
evaluation of its performance. It is particularly useful in
imbalanced datasets, where class distributions vary
significantly. Maintaining an optimal balanced between
precision and recall, this metric provides a robust
measure of accuracy, which present in Equation (18),

Precision X Recall
FI —Score =2 X — (18)

Precision + Recall

4.3 Performance analysis

In this section evaluated performance of the proposed
IRCTMU-Net by comparing against exiting models
such as VGG, ResNet, ConvNet, MedFormer and
DenseCNN2. This comparison aims to demonstrates
performance of the proposed method using common
metrics, which results presented in Table 1.

Table 1. Performance analysis for proposed method using ADNI dataset.

Models Accuracy (%) Precision (%) Recall (%) Fl1-score (%)
VGG 95.57 96.45 95.34 95.64
ResNet 98.56 93.62 98.56 97.45
ConvNext 96.31 97.45 97.45 90.43
MedFormer 95.45 98.45 93.98 99.43
DenseCNN2 92.56 99.23 98.99 98.54
Proposed IRCTMU-Net 99.80 99.83 99.56 99.89

models, including VGG, ResNet, ConvNext,
MedFormer and DenseCNN2. The proposed IRCTMU-
Net demonstrated a memory size of 700 s, memory size
of 0.20, and parameters of 8.1, as presented in Table 2.

4.4 Computational Complexity

This section evaluates complexity of the proposed
IRCTMU-Net method, which is compared with existing

Table 2. Comparison of Inference Time and Computational Efficiency for Alzheimer’s disease prediction.

Methods Parameters (in millions) Memory (in MB) Inference Time (in seconds)
VGG 11.5 0.66 1200
ResNet 9.7 0.48 800
ConvNext 8.9 0.67 1000
MedFormer 12.7 0.93 970
DenseCNN2 10.7 0.78 850
Proposed IRCTMU-Net 8.1 0.20 700

With an p-value of 0.0008 and F-statistic of 9.5475, the

4.5 Statistical analysis

The proposed IRCTMU-Net performed robustly, as
shown by t-tests, which showed statistically notable
differences in performance metrics across the classes
with p-values less than 0.05 for multiple comparisons.

ANOVA findings further validated the overall model
performance and confirmed the presence of significant
differences among the various groups that were
evaluated. Paired t-tests across each class pair and a one-
way ANOVA were used to confirm the statistical
significance of the performance variability between
dementia classes.
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4.6 Ablation study

Table 3. Ablation study for proposed method for ADNI dataset.

Models Accuracy (%) Precision (%) Recall (%) F1-score (%)
Baseline U-Net 95.8 90.67 94.78 93.56
Residual U-Net 98.45 94.78 95.57 94.85

CTMU 98.64 95.56 98.66 96.78

Proposed IRCTMU-Net 99.80 99.83 99.56 99.89

In this research, the proposed IRCTMU-Net
demonstrates the steps of the ablation study presented in
Table 3 and how the proposed model performs with
higher accuracy compared with the existing models.
Based on the proposed IRCTMU-Net, generated three
cases for the conduction of ablation study. The first case

considers baseline U-Net, next Residual U-Net, CTMU
and last the proposed IRCTMU-Net.

4.7 Comparative analysis

Table 4. Comparative analysis of proposed method using ADNI dataset.

Models Accuracy (%) Precision (%) Recall (%) F1-score (%)
Interpretable Transformer [12] 99.30 98.80 98.80 98.90
Ensemble model [13] 99.5 99.7 99.4 99.5
ALZENET [14] 97.31 97.37 97.31 97.33
sMRI+SNP+RGV [15] 94.4 Non 93.4 Non
Proposed IRCTMU-Net 99.80 99.83 99.56 99.89

The proposed IRCTMU-Net achieved better results
while compare to Existing models such as Interpretable
Transformer, Ensemble model, ALZENET and
SMRI+SNP+RGV. The proposed method achieved high
results such as accuracy (99.80%), precision (99.83%),
recall (99.56%) and Fl-score (99.89%), when using
ADNI dataset, Table 4 represent comparative analysis
of the proposed method.

5 Discussion

In this work, the implementation of proposed IRCTMU-
Net based on transformer model had performed in
Windows 10 Pro N (Version 21 H1), MATLAB2020a,
with an Intel ® Core TM i7-4770 CPU running at
3.40GHz with 18 GB of RAM was used for the training
and validation operations in this research. The proposed
method was tested on p-value of 0.0008, the ANOVA
findings further wvalidated the overall model
performance and confirmed the presence of significant
differences among the various groups that were
evaluated. Based on the proposed IRCTMU-Net,
generated three cases for the conduction of ablation
study. The first case considers baseline U-Net, next
Residual U-Net, CTMU and last the proposed
IRCTMU-Net. When compared existing models with
proposed IRCTMU-Net, which get the better results the
99.80% of accuracy, 99.83% of precision, 99.56% of
recall and 99.89%. of F1-score

6 Conclusion

This research introduced enhanced U-Net model, which
aims to the accurate prediction of chronic disease like
Alzheimer’s. This prediction process begins with data
collection, followed by  pre-processing and
segmentation to refine the healthcare dataset like ADNI.
To improve the reliability of the model’s predictions,

cross-validation is used to overcome this overfitting.
Utilizing transformer with DL algorithms, the proposed
model achieved a high accuracy and performs well with
larger datasets. This accomplishment is especially
important considering the worldwide impact of
Alzheimer’s disease and the critical need for early and
accurate detection methods. When compared state-of-
arts with proposed IRCTMU-Net, which get the better
results the 99.80% of accuracy, 99.83% of precision,
99.56% of recall and 99.89%. of F1-score. Future work
will focus on optimizing IRCTMU-Net for lightweight
and real-time clinical use. The model can be extended to
multimodal medical data to improve robustness and
generalization. Incorporating explainable.
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