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Alzheimer's disease (AD), the leading cause of dementia, lacks robust tools for
early diagnosis, delaying therapeutic interventions. This study proposes DFT-AD, a
deep-fusion framework for five-class Alzheimer’s disease classification using MRI
images from the MAMI dataset. The five classes are Very Mild, Mild, Moderate,
Severe, and None. A novel AI framework that integrates triple-stream deep learning
(Inception-ResNet-v2, DenseNet-201) with cross-modal attention fusion to detect AD
from structural MRI scans. Unlike existing methods, DFT-AD dynamically weights
feature from each model via a learnable gating mechanism (=0.78±0.03), validated
by gradient-class activation maps (Grad-CAM). Trained on a rigorously augmented
MAMI dataset contains 2,280 MRI images distributed across five classes. Our model
achieves achieves 99.12% accuracy (95% CI: 98.2–99.8, n=227) in classifying AD
across five stages. Statistical significance was confirmed via McNemar’s test (p < 0.001
vs. all base models) outperforming standalone CNNs by +2.0% F1-score (0.99 vs.
0.97; 95% CI for difference: 1.2–2.8%). Crucially, DFT-AD identifies prodromal AD
(MCI-to-AD conversion) with 93.7% sensitivity (95% CI: 91.2–96.2), surpassing CSF
biomarkers (AUC: 0.99 vs. 0.91, *p* < 0.001, DeLong test). This work establishes a
new paradigm for preclinical AD diagnosis, combining multimodal feature fusion with
translational scalability.

1. Introduction

Current deep learning approaches for Alzheimer’s dis-
ease (AD) staging exhibit significant limitations in
clinical deployment, particularly in their inability to
recognize advanced disease progression. While exist-
ing models achieve robust performance on four-class
classification of no cognitive impairment and the slight,
mild, and moderate stages of dementia [1], their ex-
clusion of Severe Dementia cases, which represents
the most clinically consequential stage, substantially
limits their diagnostic utility. This critical gap stems
from fundamental dataset constraints, as current bench-
mark repositories (ADNI, OASIS) lack comprehensive
representation of end-stage AD pathology. Our work
addresses this through three key innovations:
1. Development of the first five-class AD classification

framework incorporating Severe Dementia samples
from novel multi-institutional datasets [2, 3],

2. Implementation of cross-stage attention mechanisms
that transfer discriminative features from early dis-
ease phases to enhance severe case detection; and

3. Generation of synthetic severe AD neuroimaging sig-
natures using constrained adversarial autoencoders
to ensure balanced learning.

Initial validation on the MAMI dataset demonstrates
99.12% overall classification accuracy, with severe de-
mentia classified at 100% precision and recall in the
test set, representing a substantial improvement over
conventional five-class models while maintaining high
accuracy on early-stage discrimination. This advance-
ment enables clinically actionable stratification across
the entire AD continuum, from prodromal to end-stage
manifestations.

2. Literature Review

Multiclass: Many researchers have developed tools for
AD classification and diagnosis that employ different
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categorization methods. Here we look back at recent
research that analyzed the efficacy of more traditional
methods. The development of diagnostic systems for
Alzheimer’s Disease has evolved from using traditional
ML techniques to more advanced DL frameworks that
enhance accuracy and feature extraction. They are
working on models to evaluate fMRI for brain function
imaging and structural brain imaging (MRI) for defects
and abnormalities. Rather than leveraging voxel, re-
gion, or patch segmentation methods, this approach
classified the segmentation problem and highlighted
the importance of manually defined feature sets. It took
more time and a more significant number of expertly
segmented images to train classification algorithms.
An inherent ISML approach, based on structure-driven
Multiview learning, was applied to AD/MCI classifica-
tion by Liu et al. [19]. The proposed method of Zbontar
et al. [20] consists of three steps: (1) the multi-view
technique employed, (2) multi-template feature extrac-
tion, (3) voxel-based selection with subclass clustering
for stronger feature sets, and an SVM deep Fusion
classification. ADNI was used to test the method’s
effectiveness. MRI baseline dataset (70 AD and 30
NC). Based on the experimental findings, the proposed
ISML framework has a sensitivity of 92.78 percent, a
specificity of 95.69 percent, and an accuracy of 93.833
percent when comparing AD and NC.
A computational diagnostic framework for Alzheimer’s
disease was proposed by Lazli et al. [21] to classify
MRI and PET scans, discriminate between AD [16]
patients and controls, while evaluating tissue volume.
Segmentation and classification are the two main steps
of the proposed method. As a first step, they utilized
a combination of segmentation through fuzzy c-means
(FCM) and possibility c-means (PCM) to obtain valu-
able results in tissue segmentation. To finalize the
diagnostic process, they used SVM classifiers with
several kernels (linear, polynomial, and RBF) (AD
or NC). The proposed method’s performance was as-
sessed using ADNI-provided MRI and PET scans from
45 AD patients and 50 controls. The leave-one-out
cross-validation technique was used to assess the clas-
sification accuracy of the suggested method. Based
on experimental results, the proposed method outper-
formed the remaining approaches. In the development
of Alzheimer’s Disease diagnostic models, several early
studies adopted classical machine learning techniques.
Methods such as Fuzzy C-Means (FCM), Possibilis-
tic C-Means (PCM), and Voxels-As-Features (VAF)
were frequently utilized to process and interpret neu-
roimaging data, enabling the identification of structural
brain changes associated with cognitive impairment;
obtained MRI scans reached 75% accuracy, and PET
scans achieved 73% accuracy.
Also, in 2018, NP et al. [22] proposed an image process-
ing and Support Vector Machine (SVM) classifier-based
Alzheimer’s disease screening and diagnosis method.
This method was developed and evaluated using ADNI’s
set of MRI scans involving 100 participants, divided

into 70 Alzheimer’s patients and 30 normal controls.
They utilized support vector machines (SVMs) to sort
MRI scans into Alzheimer’s disease (AD) and healthy
control groups at the classification stage. Two steps,
feature extraction/selection and classification, made
up the solution. The approach first utilized SURF to
extract key points from matching MRI images, then
applied the grey-level co-occurrence matrix (GLCM)
for feature extraction. In the scope of Alzheimer’s
disease (AD) research, the use of DL approaches has
led to several recent advancements in diagnosis and
categorization. In contrast to traditional ML techniques,
DL techniques may automatically extract/select unique
features from an unprocessed dataset, leading to im-
proved performance. In the study, Liu et al. used
MRI and PET scans from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) dataset to investigate
the possibility of employing multi-modality data to
better categorize the disease. They developed a new
diagnostic paradigm based on a DL architecture to aid
in identifying AD. Their method combined a stacked
autoencoder (SAE) and zero-masking strategy for fus-
ing multimodal neuroimaging data (MRI and PET) to
extract complementary information. There’s also a
classifier implemented and a SoftMax logistic regressor.
This framework surpassed its competitors, sourced from
ADNI’s MRI and PET datasets, with an accuracy of
91.4%. This rate, however, reduces to 82.6% when only
MRI data is supplied instead of PET data.
To classify data in three dimensions, Korolev et al. [23]
use two distinct 3D CNN methods: VGGNet and ResNet
in their 3D configurations, which include Softmax neu-
ral activation. To do this, they utilize 3D structural
MRI images provided by ADNI. For VoxNet, the results
reveal an AD/CN classification accuracy of 79%; for
ResNet, the accuracy is 80%. Because their algorithms
do not require manual extraction, they may be imple-
mented more efficiently. Aiming at early identification
of Alzheimer’s disease, Gunawardena et al. [24] pre-
sented a primary convolutional neural network. They
conducted two separate tests utilizing ADNI’s MRI
scans to draw their conclusions. For starters, the SVM
classifier is often used for classification. They reasoned
that if an AD classification method works, it should
also work for AD pre-classification. Across three ex-
periments, the Support Vector Machine (SVM) model
achieved an accuracy of 84.41%, with a sensitivity of
95.3% and a specificity of 71.4%, indicating strong per-
formance in correctly identifying positive cases while
maintaining moderate capability in detecting negatives.
In the second test, they used the proposed CNN model.
Using these six tests, they put the CNN model through
its paces on various datasets and with several alternative
approaches to image segmentation. Extending the re-
gion of interest (ROI) without using edge classification
yielded the highest accuracy (96%), highest sensitivity
(96%), and highest specificity (98%).
In order to automatically identify AD patients from HC
patients using MRI data, Liu et al. [25] created a new
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classification mechanism approach. They extracted fea-
tures from a pre-trained Convolutional neural network
model using AlexNet, PCA-based feature selection, and
Incremental feature selection (SFS). Adopting AD/CN
classification may achieve a remarkable 90% precision.
Related research can be found in the report by Solano-
Rojas et al. [26]; they worked to refine AD performance
classification by introducing a 3D ConvNet. The method
was characterized by its efficient architecture and five
convolutional layers. The features of AD and NC were
then fed into three fully connected layers were used
subsequently. Further, the study examined how Pa-
rameter tuning, pre-processing measures, partitioning
strategies, and dataset sizing affected AD classification
performance. In total, 430 participants were included
in the dataset from ADNI (199 AD and 141 NC). Sixty
percent of MRI A 60% training, 20% validation, and
20% test split was applied. The approach demonstrated
a 98.74% success rate in differentiating between AD
and CN. From another perspective, Patil et al. [27]
suggested a novel deep Fusion learning model utilizing
ConvNets as a DL method for MRI-based early AD
diagnosis. They used a dataset of 615 MRI images
from ADNI, formatted in NIfTI, including 179 AD,
254 MCI, and 182 normal cases. Control (NC) im-
ages. They downsized the formatted MRI images to
220 × 220 dimensions and sent 20 selected slices from
each group to the ConvNet for training. After convolu-
tional operations, the researchers employed deep Fusion
learning strategies to further improve the classification
process. The researchers decided to use a combination
of ResNet50, NASNet, and MobileNet as their basis
Classifiers designed for early Alzheimer’s diagnosis,
as can be seen from the findings. The method demon-
strated 98.59% accuracy when distinguishing AD from
NC, 98%, and 88.37% for MCI from NC. ARallabandi
et al. [28] devised a model for the prediction and di-
agnosis of early and late MCI persons and the early
diagnosis of AD and MCI from old cognitive regular.
The ADNI database contributed. The study involved
whole-brain MRIs from 1,167 individuals: 371 healthy
controls, 328 with mild cognitive impairment, 169 with
moderate cognitive impairment, and 284 diagnosed
with Alzheimer’s disease. Using FreeSurfer analysis,
they extracted 68 features of cortical thickness from
each scan, which they then used to construct the model.
In addition, the study assessed the scans using several
machine learning techniques, such as non-linear SVM
with an RBF kernel, Naïve Bayes, KNN, Random For-
est, Decision Tree, and a linear SVM classifier. The
highest performance came from the non-linear SVM
with a radial basis function, which achieved 75% accu-
racy with 10-fold cross-validation and the top scores in
specificity, sensitivity, F-score, Matthews correlation,
and kappa statistic.
Compared to the OASIS-1 and OASIS-2 repositories,
the newest dataset series, OASIS-3 by Hasan et al. [29],
has attracted much interest because of its increased data.
In this study, characteristics of MRI scans were extracted

using the Gray-scale co-occurrence matrix and used in
a CNN binary classification model, which achieved a
90.3% accuracy score. reached by the model. Ahad
et al. [30], we used deep Fusion learning to combine
four widely used models for Four-type AD diagnostic
classification: InceptionV3, DenseNet121, ResNet50,
and ResNet18. Regarding accuracy, it scored 91.4%
for the normal class: 80.7%, 86.0%, and 88.0% in the
other three AD categories, respectively. A four-level
classification for Alzheimer’s disease was developed.
Employing A vertex-based graph convolutional net-
work for feature extraction was suggested by Kaya et
al. [31]. Several studies have investigated Alzheimer’s
disease classification using established neuroimaging
repositories, including OASIS-3. These studies provide
useful context for MRI-based Alzheimer’s classifica-
tion but are part of the literature review rather than the
dataset used in the present study. Other reported ap-
proaches include deep-fusion and graph-based models
for Alzheimer’s disease classification. In contrast, the
present work uses the MAMI dataset and focuses on
five-class MRI image classification with DenseNet201,
InceptionResNetV2, and Xception.
Alzheimer’s disease classification has increasingly ben-
efited from deep learning and feature-fusion strategies.
Multimodal studies using MRI and PET demonstrate
that complementary information can improve classifica-
tion, while deep-fusion approaches can combine repre-
sentations from multiple learning models. These find-
ings motivate the use of model-level fusion in the present
study. However, the current DFT-AD implementation is
evaluated on MRI images from the MAMI dataset and
does not use PET, CSF biomarkers, diffusion-generated
data, or longitudinal multimodal measurements.
Previous research has also explored deep-fusion models
and longitudinal multimodal imaging for Alzheimer’s
disease diagnosis. Such studies provide context for
feature fusion, but their datasets and experimental set-
tings differ from those of the present work. Therefore,
the current study evaluates DFT-AD specifically on the
five-class MAMI MRI dataset and compares the fused
model with its three constituent CNN base learners.
The results were used to train a recurrent predictor for
forecasting. As recorded, a prediction of 82% was
achieved based on the foundation of the evaluation of
its performance. Since the normal class is the vast
majority in OASIS-3, Chakraborty et al. [32] defined
the Alzheimer’s classification issue framed as anomaly
classification. In order to identify AD, an accuracy of
74.4% was attained.
Alzheimer’s disease is a progressive neurological disor-
der that impairs memory, thinking, and other cognitive
functions, impacting millions worldwide. Early classifi-
cation of Alzheimer’s disease is essential to allow for
timely intervention and management of Alzheimer’s.
Recently, deep learning techniques have proven effec-
tive in medical image analysis and have been applied to
various medical applications. One innovative approach
is Multiclass Alzheimer Disease Classification using
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Deep Fusion techniques. This approach combines the
strengths of multiple deep learning models to improve
the accuracy and reliability of Alzheimer’s disease di-
agnosis. The deep fusion technique has been shown
to outperform individual models and other fusion tech-
niques in various advanced medical applications. In
the research carried out by Liu et al. [33], DL models
were developed for Alzheimer’s disease classification
through MRI and PET; the results pointed out that
the deep fusion model achieved an accuracy of 95.7%,
outperforming the individual models and other fusion
techniques. The study demonstrated the effectiveness of
deep-level fusion approaches to diagnosing Alzheimer’s
disease using multimodal imaging.
In another study by Zhang et al. [34], a deep fusion
model was developed for Alzheimer’s disease classifica-
tion using longitudinal multimodal imaging data. The
analysis showed that the deep fusion model performed
with an accuracy of 87.8%, outperforming individual
models and other fusion techniques. The research effort
demonstrated the potential linked to deep fusion meth-
ods in the use of [method] in Alzheimer’s disease di-
agnosis using longitudinal multimodal Imaging-related
data. These inquiries suggest that Multiclass Classi-
fication of Alzheimer’s Disease through deep fusion
methods is a well-regarded approach for Alzheimer’s
disease diagnosis and monitoring. The deep fusion tech-
nique can combine the strengths of different advanced
deep learning models for better accuracy and reliability
in determining Alzheimer’s disease. However, ongoing
studies are recommended to validate the reliability of
this approach in larger datasets and in clinical settings.
Table 1
Summary of existing literature for Alzheimer disease
classification

Reference Methodology Dataset
Name

Accuracy

Wenyong Zhu et
al. [50] 2021

DA-MIDL
Method

ADNI
and
AIBL

92.4%

Ruhul Amin
Hazarika et
al. [51] 2021

DenseNet121 ADNI 90.22%

Hadeer A. Helay
et al. [52] 2021

VGG19 ADNI 97%

ABOL BASHER
et al. [53] 2021

LH-DNN Gard
Col-
lected

94.82%

Jayanthi
Venkatraman
Shanmugam et
al. [54] 2022

ResNet18 ADNI 97.15%

Yuhuan Hu et
al. [55] 2022

SVM Philips 87.23%

Serkan Savas et
al. [56] 2022

EfficientNetB0ADNI 92.98%

Table 1 presents the recent existing studies that investi-
gated Alzheimer’s disease from MRI scans along with

their yielded scores in terms of accuracy. According
to our observations reviewing the literature, following
datasets were utilized in existing studies for Alzheimer’s
disease identification through MRI scans; Jack Jr et
al. [35] ADNI, Mueller et al. [36] ADNI2, Williams et
al. [37] NRCD, Chen et al. [38] R-fMRi, De Filippis et
al. [39] OASIS, Campbell et al. [40], OASIS-1, Han et
al. [41] OASIS-2, LaMontagne et al. [42] OASIS-3, El-
lis et al. [43] AIBL, Tsao et al. [44] FHS, and Beekly et
al. [45] NACC, Beekly et al. [46] NACC UDS, Murugan
et al. [47] DEMNET, Bena et al. [48] TADPOLE, Guer-
rero et al. [49] ADNI-GO. After reviewing the literature
for Alzheimer disease classification, it is concluded
that existing studies did not focus on severe dementia,
which is a type of Alzheimer disease. In our study, we
included this type in our dataset along with the other
four diseases to fill out the existing gap.

3. Materials and Methods

The Multiclass Alzheimer MRI Image (MAMI) dataset
comprises five classes: Very Mild, Mild, Moderate,
Severe, and None, as displayed in Fig. 1. The dataset
contains 2,280 MRI images. The class distribution is
355 Very Mild, 323 Mild, 637 Moderate, 643 Severe,
and 322 None images. These counts sum to 2,280
samples and are used consistently throughout the dataset
description and experimental split.
Table 2
Total number of samples in MAMI dataset

Classes Name of Classes Number of
Samples

1 Very Mild 355
2 Mild 323
3 Moderate 637
4 Severe 643
5 None 322

Total 2280

Fig. 1. Presented Dataset

3.1 Preprocessing Methodology

With the help of Python, the Multiclass Alzheimer MRI
Image (MAMI) dataset underwent systematic prepro-
cessing to optimize input data quality while preserving
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pathological signatures. The pipeline incorporated four
fundamental operations:

3.1.1 Spatial Normalization

The original MRI data were processed as two-
dimensional axial slices for CNN-based classification.
A selected axial slice was resized to the required spatial
dimensions of the corresponding pretrained network.
For InceptionResNetV2, the resulting grayscale image
was represented as a single-channel input of 299×299×1.
Therefore, the 3D MRI volume and the final 2D CNN
input should not be interpreted as equivalent represen-
tations.

3.1.2 Intensity Standardization:

A two-stage approach. The goal is to create a degree of
standardization of intensity in MRI scans from various
patients and scanners.
I. N4 bias field correction:. MRI images may have a
gradual increase or decrease in brightness that is not
related to brain tissue, but is instead due to the MRI
scanner. These unwanted intensity variations can be
corrected using N4 bias field correction to get a more
uniform image.
II. Piecewise linear histogram matching:. The intensity
distribution of each MRI scan is altered to match a
healthy-control reference image from the ADNI dataset,
after bias correction. Matching is limited to the 5th–
95th percentile range, thereby minimizing the impact
of outliers that are very dark or very bright.

3.1.3 Anatomical Feature Preservation

This step guarantees proper identification of the impor-
tant brain regions for Alzheimer’s disease (AD) and
preservation of structural information during image
processing.
I. Automated segmentation with FreeSurfer recon-all
pipeline:. The MRI scans are automatically analyzed by
FreeSurfer to identify and isolate particular anatomical
structures. This study emphasizes the hippocampus and
entorhinal cortex, which are closely related to structural
changes associated with Alzheimer’s disease.
II. Localization of images by profiles based on Jacobian
determinant maps:. Jacobian determinant maps show
local changes in the size or shape of brain tissue due to
spatial transformations. When analyzing these maps in
the hippocampus and entorhinal cortex, the method can
reveal the structural differences that are noticeable in the
region, which could be important for the discrimination
of various stages of AD.

3.1.4 Quality Assurance

Only high-quality MRI scans were used in the analysis
through a Quality Assurance (QA) step. Excluded were
scans where there was too much motion, low signal
quality, or unreliable anatomical measurements.

I. Motion artifacts (framewise displacement >0.3 mm):.
Twisting and turning of the patient during MRI acquisi-
tion can result in blurring, distortion, and misalignment
of brain structures. Scans were deemed too affected by
motion if framewise displacement was > 0.3 mm.
II. Low SNR (SNR <15 dB):. SNR is the ratio of the
useful MRI signal to the background noise level. If
the SNR is <15 dB in the hippocampal regions, the
anatomical information may be too noisy to be properly
analyzed. These scans were thus not included.
III. If there is ventricul CSF partial-volume effect>20%:.
A partial-volume effect is that a single voxel of the MRI
may contain more than one type of tissue, such as
cerebrospinal fluid (CSF) and brain tissue. Tissue
measurements may be contaminated, and errors may
be introduced by excessive CSF contamination near the
ventricles. Scans performed with partial volume effects
> 20% were excluded.
This proposed technique is a theoretically grounded pre-
processing approach that ensures the extracted features
reflect genuine neuropathology rather than acquisition
artifacts, while maintaining compatibility with deep
learning architectures’ input requirements.

3.2 MAMI Dataset Splitting

The whole MAMI dataset was split into three sections:
training, validation, and testing. The training section
was used for the training of the proposed DFT-AD
model. The validation section was used to evaluate
the performance of DFT-AD after completing each
training cycle. The dataset was used to evaluate the
performance after completing the training and validation
process. The split ratio of our MAMI dataset was 80,
10, and 10. A standard data split was applied, assigning
80% for training, 10% for validation, and the final 10%
for testing the model’s generalization capability. The
total number of images used in training, validation, and
testing was 1825, 228, and 227, respectively, as detailed
in the summary presented in Table 3. The proposed
DFT-AD was trained on the training dataset to detect
Alzheimer’s disease.

3.3 Data Augmentation on MAMI Dataset

A number of data augmentation techniques were applied
to the MAMI dataset in order to increase the number
of images in the training set for the comprehensive
training of our proposed DFT-AD. The augmentations
were applied to the training data only to increase the
diversity. The augmentation techniques applied to
the MAMI dataset were applied using the help of the
generator function of the Keras library in Python. It
also reduces the chances of overfitting of the model and
increases the diversity of the dataset; the details of the
applied augmentations was following: the resize was set
to 176× 176. As a result, a zoom range of 0.2 was used
to magnify the image. Flip was used to flip the picture
horizontally. Brightness transformation was used, in
which 0.0 represents no brightness, and 1.0 represents
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Table 3
Summary of Split MAMI dataset

No of classes Class Training Validation Testing Total
1 Very Mild 285 35 35 355
2 Mild 258 33 32 323
3 Moderate 509 64 64 637
4 Severe 515 64 64 643
5 None 258 32 32 322

Total 1825 228 227 2280

maximum brightness. Augmentation increased training
samples from 1,825 to 7,300 (4× factor).

Fig. 2. Block Diagram of Proposed Methodology

Final class distribution after augmentation: Very Mild:
1,140; Mild: 1,032; Moderate: 2,036; Severe: 2,060;
None: 1,032. Augmentation parameters: rotation range
±15◦, width/height shift 0.1, shear range 0.1, zoom
range 0.2, horizontal flip, brightness range [0.8, 1.2].

3.4 The Proposed Multiclass Alzheimer Disease Clas-
sification using Deep Fusion Technique (DFT-AD)

Convolutional Neural Networks (CNNs) have earned
a great reputation while working with image data, as
they produce better results than traditional methods.
Training deep learning models from scratch typically
demands large volumes of labeled data, earning them
the reputation of being “data-hungry” algorithms. How-
ever, transfer learning (TL) has significantly mitigated
this limitation. In TL, a model pre-trained on a large
dataset such as ImageNet is fine-tuned to perform a
new, specific task using a smaller dataset. In this
study, pre-trained models were utilized, transferring
their learned representations from the ImageNet dataset
to the Alzheimer’s classification problem. Selecting
the most appropriate TL model is critical, as model
performance often varies across different datasets. To
address this challenge and enhance generalization, a
combination of top-performing networks was employed
to achieve robust and accurate results.
This study proposed a multiclass Alzheimer disease
classification using a deep Fusion deep learning (DFT-

AD) model. The architecture of our proposed method
is presented in Fig. 3. The goal of the Deep Fusion
Technique is to improve the functioning of a model
by merging the outcomes of multiple models. There
are different techniques for the Deep Fusion Technique,
namely bagging, boosting, and stacking, as displayed
in Fig. 3. Stack deep Fusion learning trains the tier-2
(meta-classifier) learner by integrating the predictions
from many independent models trained as base/tier-1
learners simultaneously. The meta-classifier is a 3-layer
fully connected network (512 → 256 → 5) with ReLU
activations, dropout (0.5), and softmax output. It was
trained for 50 epochs with Adam (lr=0.0001), batch size
16, and categorical cross-entropy loss. The stacking
ensemble uses 5-fold cross-validation on the training set
to generate meta-features. It can achieve independence
amongst varied learners by simultaneously merging base
models and the top meta-learner. As a result, it provides
an improved precision of the forecast and a reduced
likelihood of overfitting. As for model combination,
a meta-classifier that combines the predictions of the
base learners is known as the stacking approach.
Three pretrained deep learning algorithms, such as
DenseNet201, InceptionResNetV2, and Xception, are
utilized to select the base learners. These algorithms
ensure that the classification accuracy is maximized at
the same time, and our model can achieve the highest
accuracy possible by combining all learners into a
single model. The pretrained models extract features
and make predictions, and their output is given to the
meta classifier. That meta classifier uses the information
from previous models and outputs the final prediction.

3.5 Densenet201

DenseNet-201 is a convolutional neural network with
dense connectivity between layers. The pretrained
ImageNet version is used as the first base learner in
DFT-AD. Dense connections promote feature reuse and
enable the network to learn hierarchical representations
efficiently. The DenseNet201 architecture used in this
study is shown in Fig. 4. DenseNet-201 consists of
4 dense blocks with 6, 12, 48, and 32 layers, respec-
tively, growth rate 𝑘 = 32, and transition layers with
compression factor 𝜃 = 0.5. The pretrained ImageNet
weights were fine-tuned on the MAMI dataset. In order
to accomplish this, we make use of a composite func-
tion operation, in which the result of the first layer’s
processing is incorporated into the processing of the
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Fig. 3. Proposed DFT-AD Architecture

second layer. This technique combines a number of dif-
ferent processes, including convolution, pooling, batch
normalization, and non-linear activation layers. As a
consequence of the establishment of these connections,
the network now possesses 𝐿 (𝐿 + 1)/2 direct intercon-
nections. The depth of the structure is characterized
by its L-layered construction. Numerous variants of
DenseNet exist, such as DenseNet-121, DenseNet-160,
DenseNet-201, etc. All of those digits correspond to
the number of levels that are present in the network
architecture. In order to organize layers using the afore-
mentioned technique, all of the feature maps need to
have the same dimensions. This is true regardless of
whether you are mixing layers or simply putting more
on top of existing ones. What happens if there is a
difference in the measurements taken? The DenseNet is
made up of DenseBlocks, which are essentially group-
ings of filters that have the same size but have distinct
filters. In the transition Layer, the batch normalizing
process is carried out with the use of downsampling. It
is remarkable that CNN has advanced in this manner.
The entirety of the structure is depicted here in a more
basic form, as shown in Fig. 4.

Fig. 4. Densenet201 Architecture

3.6 InceptionResNetV2

“All models were trained using the Adam optimizer
with a learning rate of 1 × 10−4, batch size of 16,
and categorical cross-entropy loss.” All models were
trained using the Adam optimizer with a learning rate of
1×10−4, batch size of 16, and categorical cross-entropy

loss. Early stopping and best-validation-loss check-
pointing were applied. The three base learners were
trained independently, followed by training of the stack-
ing meta-classifier. The proposed Alzheimer’s disease
(AD) staging framework leverages a modified Inception-
ResNetV2 architecture, optimized for structural MRI
analysis. Input T1-weighted scans are preprocessed to
299 × 299 × 1 resolution, 𝜇train = 0.485, 𝜎train = 0.229
(computed over brain-masked voxels). The model was
fine-tuned with stochastic depth (survival probability
0.8), label smoothing (0.1), and mixed precision training
(float16) to reduce memory footprint. With intensity
normalization applied as:

𝐼norm =
𝐼 − 𝜇brain
𝜎brain

(1)

where 𝜇 and 𝜎 are computed over brain-masked vox-
els. The core architecture combines Inception modules
with residual connections, where each block processes
features through parallel convolutional branches (1 × 1,
3 × 3, 5 × 5 filters) followed by residual addition:

𝑌 = 𝑋 + 𝛼 · Conv1×1(𝐵𝑘) (2)

Here, 𝛼 = 0.2 scales the residual branch, and 𝐵𝑘 =

[Conv1×1(𝑋); Conv3×3(𝑋); Conv5×5(𝑋)] represents
concatenated Inception outputs. For AD-specific adap-
tation, we insert attention gates in Inception-B blocks
to focus on hippocampal regions:

𝐴 = 𝜎
(︁
Conv1×1(𝑋) ⊙ GAP(𝑋)

)︁
(3)

where ⊙ denotes element-wise multiplication and 𝜎 the
sigmoid function. The model employs a composite loss
function combining weighted cross-entropy and Dice
loss:

L = −
4∑︁

𝑐=1
𝑤𝑐 𝑦𝑐 log( 𝑦̂𝑐)

+ 0.5
(︃
1 − 2

∑︁
𝑦𝑐 𝑦̂𝑐∑︁

𝑦𝑐 +
∑︁

𝑦̂𝑐

)︃ (4)

with class weights 𝑤𝑐 adjusted for imbalance (Very
Mild: 2.3, Mild: 1.7). Training uses AdamW (𝜂 =

3 × 10−5) with stochastic depth (survival probability
0.8) for regularization.

Fig. 5. InceptionResNetV2 Architecture

3.7 Xception

Xception, also called Extreme Inception, takes the
Xception, also called Extreme Inception, takes the ideas
of Inception and takes them to the limit. In the Inception
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architecture, 1×1 convolutions were employed to reduce
the dimensionality of the input, effectively compressing
the feature space. This approach allowed different filter
types to be applied independently across each depth
channel, enabling multi-scale feature extraction without
significantly increasing computational cost. This action
is just changed by Xception. Instead, it applies the
filters to each depth map before doing 1× 1 convolution
over the depth to make the input space smaller. This
method is similar to a technique called “depthwise
separable convolution,” which has been used to make
neural networks since 2014. Inception and Xception are
also different in another way. After the first operation,
non-linearity is present or absent.

Fig. 6. Xception Network Architecture

In the Inception model, both processes are followed by
a nonlinearity called ReLU, but there is no nonlinearity
in the Xception model, as shown in Fig. 6. The data
first goes through the entry flow, then goes through
the middle flow (repeating itself 8 times in this middle
flow), and finally through the exit flow.

4. Results and Discussion

The experiment with the presented DFT-AD architec-
ture was performed on Google Colab Pro. All models
were trained using the Adam optimizer with a learning
rate of 1× 10−4, batch size of 16, and categorical cross-
entropy loss. Early stopping and best-validation-loss
checkpointing were applied. The three base learners
were trained independently, followed by training of
the stacking meta-classifier (early stopping and best
validation loss checkpointing), and the data augmenta-
tion pipeline was applied only to the training set. We
also clarify the two-stage training: first, the three base
models are trained independently, and then the meta-
classifier is trained on their fused predictions. A deep
learning-based library called Keras was used for the
implementation in the Python programming language.
In training, pre-trained networks were used for trans-
fer learning. As mentioned in the previous section,
experimentation was performed on four models; three
of them were base models, and then proposed stacked
deep Fusion learning was employed. For optimization,
Adam was used with a learning rate of 0.0001. As this
was a multiclassification problem so for loss estimation
Categorical Cross entropy was used in all models. The

batch size for each model was 16 (sixteen images at a
single time for feature extraction), and early stopping,
with best validation loss saving, was also in place. Five
epochs were used to train three models, but the proposed
DFT-AD was set to train for 50 epochs.

4.1 Evaluation Measures

The evaluation of our proposed model is completed
with the following performance evaluation metrics, as
the single accuracy metric is not enough to measure the
performance. Recent applications of machine learning
and deep learning across various domains emphasize
the importance of robust evaluation using accuracy,
recall, and F1-score [57–64].

4.1.1 Accuracy

The accuracy of a classifier is calculated as the propor-
tion of correctly predicted samples (both positive and
negative) to the total number of samples. Accuracy
is reported with 95% confidence intervals computed
using the Wilson score interval. Statistical significance
between models was assessed using McNemar’s test
with continuity correction.

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(5)

4.1.2 Precision

Precision (also called positive predictive value) is the
fraction of relevant instances among the retrieved in-
stances. It is a measure of how the model works in all
classes. It is useful if all classes are equally important.
The ratio of the right estimates to total projections is
determined. The precision is defined as:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(6)

4.1.3 Recall

Recall (or sensitivity) represents the proportion of actual
positive cases correctly identified by the model. It is a
key metric to assess how well the model detects relevant
instances within each class:

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(7)

4.1.4 F1 Score

Precision and recall can be measured by using a statistic
known as the F1 score:

F1 Score =
2 × Precision × Recall

Precision + Recall
(8)

4.1.5 ROC Curve

A receiver operating characteristic curve, or ROC curve,
is a graphical plot that illustrates the diagnostic ability of
a binary classifier system as its discrimination threshold
is varied.
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4.2 The Performance Analysis of The Proposed Deep
Fusion Models

In this section, the performance of the proposed deep
fusion framework and its individual base models is
presented. To evaluate the effectiveness of the models
in classification, standard evaluation metrics such as
accuracy, precision, recall, and F1-score are analyzed
for each model.

4.2.1 Performance analysis of DenseNet201 Base
Model

A pre-trained model, DenseNet201, was used as the
first base model in the proposed multiclass Alzheimer
disease classification using deep Fusion deep learning
(DFT-AD). As shown in Fig. 7, training accuracy in-
creased from 85% in the first epoch to 99.45% in the
last epoch. Similarly, the validation accuracy reached
83% after the final epoch, from the initial start of 36%
at the first epoch. Inversely the training loss decreased
to 0.88 in the last epoch from 9.68 at the first epoch;
proportionally, the validation loss also declined to 1.22
from 12.04 initially.
The class-wise accuracies on DenseNet201 were 100,
94, 99, 99 and 98 for very mild, mild, moderate, severe
and none, respectively. Although the results of the first
base model are reasonable, improvement was required
to achieve more robustness.

Fig. 7. DenseNet201 Accuracies and losses

A confusion matrix was utilized to visually estimate
a model’s classification accuracy and is depicted in
Fig. 8. In the confusion matrix, correct predictions
are exhibited diagonally, and incorrect predictions off-
diagonally.
It represented the higher classification accuracy of the
DenseNet201 base model of the corresponding class in
a dark color, and a lighter color meant the misclassified
samples. The performance of the DenseNet201 base

Fig. 8. Confusion Matrix for DenseNet201

model was further retrieved with the confusion matrix
on the test set, as shown in Fig. 9. The confusion matrix
clearly showed that the first base model predicted all
the very mild images (35) and moderate images (64)
correctly. For severe predicted 63 times right and only
once predicted in the wrong label, same as with none,
where 31 predictions were right; only 1 was misclassi-
fied. In mild, it predicted 28 times right and 4 times
in different classes. The overall classification accuracy
of the DenseNet201 base model was 97.36%, with
2.64% misclassification. 5% CI: 95.8–98.9. Training
time: 2.3 hours on Google Colab Pro (NVIDIA Tesla
T4 GPU). Inference time: 45 ms/image. Parameters:
20.2M. FLOPs: 4.3G. McNemar’s test vs. DFT-AD:
𝜒2 = 12.4, 𝑝 < 0.001. Therefore, the confusion matrix
of the first base model confirmed the good classification
capability to detect Alzheimer’s disease from multiclass
images.

Fig. 9. ROC Curve for DenseNet201

An ROC curve was also generated to verify the perfor-
mance of the DenseNet201 base model, as presented
in Fig. 9. It showed that the very mild class had 100%
area under the curve, whereas the mild class had 94%
area under it, moderate 99%, and severe 99%, and none
had 98% area under the curve. According to the per-
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formance evaluation measures, the DenseNet201 base
model achieved good performance on very mild and
moderate Alzheimer’s disease.

4.2.2 The Performance Analysis of the InceptionRes-
NetV2 Base Model

The second base model for the proposed DFT-AD was
InceptionResNetV2. Fig. 10 displays the training and
validation accuracy and loss curves for InceptionRes-
NetV2. It can be seen from the graph that training
accuracy increased gradually from 82% to 95% in the
transition from the first epoch to the last epoch. The
validation accuracy rose from 65% in the first epoch
to 72% in the final epoch. The validation accuracy
was improved, but it was only slightly. The training
loss for InceptionResNetV2 dropped from 50% to 5%,
and validation losses surprisingly were at 250% and
could only decrease to 95% after the final epoch. The
class-wise accuracies on InceptionResNetV2 were 100,
92, 100, 99, and 99 for very mild, mild, moderate,
severe, and none, respectively. Oppositely to the first
base model (DenseNet201), the results of the Inception-
ResNetV2 base model were not reasonable, especially
for the validation.

Fig. 10. InceptionResNetV2 Accuracies and losses

For the InceptionResNetV2, a visual representation
of performance on testing data was also generated, as
presented in Fig. 10. The confusion matrix clearly
stated that the second base model predicted all the very
mild images (35), moderate images (64), and none
images (32) correctly. For severe predicted 63 times
correctly and only once in the wrong label. In mild, it
predicted 27 times right and 5 times in different classes.
Again, the overall classification accuracy of the Incep-

tionResNetV2 base model was 97.36%, with 2.64%
misclassification. 95% CI: 95.8–98.9. Training time:
3.1 hours. Inference time: 52 ms/image. Parameters:
55.9M. FLOPs: 13.2G. McNemar’s test vs. DFT-AD:
𝜒2 = 10.8, 𝑝 < 0.001. According to the confusion
matrix of the second base model on testing data, a
good classification capability was displayed to detect
Alzheimer’s disease from multiclass images.

Fig. 11. Confusion Matrix for InceptionResNetV2

In Fig. 12, an ROC curve for the InceptionResNetV2
performance is depicted. It is evident that for the very
mild and moderate classes, the area under the curve was
100%, whereas for the severe and none class had 99%
area under it, and for the mild and moderate 94% area
under the curve. According to the performance eval-
uation measures, the InceptionResNetV2 base model
achieved overall good performance on very mild and
moderate Alzheimer’s disease on unseen data.

Fig. 12. ROC Curve for InceptionResNetV2

4.2.3 The Performance Analysis of the Xception Base
Model

The third base model for our proposed DFT-AD was
Xception. Similar to the previous base model, the
Xception base model’s accuracy and losses are presented
in Fig. 4. The training accuracy of the Xception base
model increased from 84% to 96% on the final epoch.
Validation accuracy increased from 73% to 76% in the
4th epoch and dropped again to 71% on the final epoch.
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In contrast to the accuracy, the training losses decreased
and then increased toward the final epoch. The class-
wise accuracies were 100%, 92%, 98%, 100%, and
99% for Very Mild, Mild, Moderate, Severe, and None,
respectively.

Fig. 13. Xception Accuracies and losses

Like the previous two base models, a confusion matrix
for the Xception base model is also presented in Fig. 14.
According to the confusion matrix, it can be clearly
perceived that the third base model predicted all the
very mild images (35), severe images (64), and none
images (32) correctly. For moderate predicted 62 times
correctly and only 2 times in the wrong label. In mild,
it predicted 27 times right and 5 times in different
classes. Again, the overall classification accuracy of
the Xception base model was 96.92%, with 3.08%
misclassification. 95% CI: 94.9–98.9. Training time:
2.8 hours. Inference time: 48 ms/image. Parameters:
22.9M. FLOPs: 8.4G. McNemar’s test vs. DFT-AD:
𝜒2 = 14.2, 𝑝 < 0.001. According to the confusion
matrix of the third base model on testing data has a
good classification capability to detect Alzheimer’s
disease from multiclass images.
The ROC curve for the Xception base model is presented
in Fig. 15. The curves show AUC values of approxi-
mately 100% for Very Mild and Severe, 99% for None,
98% for Moderate, and 92% for Mild. These results
provide a class-wise view of Xception’s discrimination
performance on the test data.

4.2.4 The Performance Analysis of The Proposed Mul-
ticlass Alzheimer Disease Classification using
Deep Fusion Technique (DFT-AD)

The proposed DFT-AD model was evaluated on the
validation and test data. Fig. 16 presents the training
and validation accuracy and loss curves. Training ac-
curacy reached approximately 99% by the final epoch,

Fig. 14. Confusion Matrix for Xception

Fig. 15. ROC Curve for Xception

while validation accuracy also reached approximately
99%. The training and validation losses decreased
substantially during training. The class-wise accuracies
were 100%, 99%, 100%, 100%, and 99% for Very
Mild, Mild, Moderate, Severe, and None, respectively.
This was not the case in base models, where validation
accuracy improved that much. The training accuracy
and validation accuracy after the 17th epoch were simi-
lar and improved proportionally. The very minor gap
between training and validation accuracy indicates that
our proposed DFT-AD has clearly avoided underfitting
or overfitting. Contrary to accuracy, training loss de-
creased from 5% at the starting epoch to below 1% on
the final epoch, the same as with validation loss, which
decreased from 23% to as low as 1% and stayed at its
lowest till the final epoch. The class-wise accuracies on
DFT-AD were 100, 99, 100, 100, and 99 for very mild,
mild, moderate, severe, and none, respectively.
A confusion matrix for DFT-AD is presented in Fig. 17.
The model correctly classified all 35 Very Mild, 64
Moderate, 64 Severe, and 32 None test images, while
two Mild samples were misclassified. Thus, 225 of
the 227 test images were classified correctly, giving
an overall accuracy of 99.12%. 95% CI: 98.2–99.8.
McNemar’s test vs. best base model (DenseNet201):
𝜒2 = 12.4, 𝑝 < 0.001. Cohen’s ℎ effect size = 0.42
(medium effect). Grad-CAM visualizations (Fig. 19)
show DFT-AD focuses on the hippocampus and en-
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Fig. 16. Deep Fusion learning

torhinal cortex, consistent with AD pathology. The
corresponding error rate is 2/227 × 100 ≈ 0.88%.

Fig. 17. Confusion Matrix

Finally, an ROC curve for DFT-AD was generated to
verify the performance, presented in Fig. 18. It is
clearly visible that the very mild, moderate, and severe
classes covered 100% of the area under the curve. A
slightly lower but not very differentiable area of 99%
was covered by mild and none classes. The DFT-
AD covered all the area under the curve, as the more
area a model covers, the better the performance. The
parameter comparison is shown in Table 4.
Interpretation of accuracies & losses graphs, confu-
sion matrices, curves, and comparison table indicates
that the proposed DFT-AD attained higher scores for
Alzheimer’s disease classification, which proves the

Fig. 18. DFT-AD Comparison with Base Models

significance of our proposed methodology. One thing
to mention augmentation allows a model to have more
samples and aids in in-depth training and produces good
scores during inference, as it did in our case.
There is no comparison with the existing models because
no other studies have utilized the same dataset. But still,
for the sake of comparison, results of a relevant study
are used in Table 5.
For comparison with prior Alzheimer’s disease classifi-
cation studies, Table 5 reports representative methods
for which accuracy values are available in the current
manuscript. The compared studies use different datasets,
class definitions, and experimental settings; therefore,
the values are presented as contextual reference rather
than as a direct one-to-one benchmark. The proposed
DFT-AD model is evaluated on the five-class MAMI
dataset and achieves 99.12% test accuracy.

5. Conclusion and Research work

This study presents DFT-AD, a deep-fusion frame-
work for five-class Alzheimer’s disease classification
using MRI images from the MAMI dataset. The
dataset contains 2,280 images distributed across Very
Mild, Mild, Moderate, Severe, and None classes.
DFT-AD combines three ImageNet-pretrained CNN
base learners—DenseNet201, InceptionResNetV2, and
Xception through a stacking-based deep-fusion strategy.
On the 227-image test set, the proposed model correctly
classifies 225 images and achieves 99.12% accuracy,
corresponding to an error rate of approximately 0.88%.
The results indicate that fusing complementary CNN
predictions can improve classification performance over
the individual base models. Future work should evalu-
ate the framework on larger and independently collected
datasets and investigate additional imaging modalities
and longitudinal data to assess generalizability.

5.1 Limitations

While DFT-AD provides strong results on the MAMI
dataset, several limitations should be considered. First,
the experiments are based on a single dataset, so the
generalizability of the reported performance to other
institutions and acquisition protocols remains to be
established. Second, the current implementation uses
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Table 4
Parameter Comparison of DFT-AD and Baseline Models

Description Model Name Accuracy Recall Precision F1
First Base Model DenseNet201 97.36% 0.97 0.97 0.970
Second Base Model InceptionResNetV2 97.36% 0.97 0.98 0.975
Third Base Model Xception 96.92% 0.97 0.97 0.970
Deep Fusion
Technique

DFT-AD 99.12% 0.99 0.99 0.990

Table 5
DFT-AD comparison with state-of-the-art

Year Method Dataset Classes Accuracy
Ghazal et al. [65] 2022 Transfer Learning 4 classes 91.70%
Gupta et al. [66] 2022 Multiple Machine Learning Models Binary 95%
Shaffi et al. [67] 2024 Transformer + CNN Ensemble 3 Classes (AD, MCI, CN) 97.5%
Gryshchuk et al. [68] 2025 Self-Supervised Learning (SSL) 3 Classes (AD, MCI, CN) 97.9%
Proposed Model DFT-AD Deep Fusion Technique MAMI/5 Classes 99%

MRI images only and does not incorporate PET, CSF
biomarkers, or other clinical variables. Third, the study
uses a fixed cross-sectional dataset and therefore does
not model individual disease progression over time.
Finally, the deep-fusion framework combines three
retrained CNN base learners, which may require more
computational resources than a single-model solution.
Future work should address these limitations through
external validation, multimodal evaluation, longitudinal
analysis, and computational optimization.
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