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Abstract: Alzheimer’s disease is a progressive brain disorder that leads to a decline in cognitive functions. Although
its progression cannot be reversed once initiated, early prediction offers an opportunity to manage and slow down the
disease by targeting specific protein functions associated with its development. Despite numerous efforts using machine
learning techniques for earlystage diagnosis, many studies have faced challenges in achieving reliable and accurate
classification results. The efficiency of transfer learning techniques for classifying the different stages of AD is examined
in this case using the ensemble stacking approach where diverse transfer learning exits. Applying the Markov random
field approach to the brain tissues has an impact on AD instead of feed image extraction. The brain tissues that have
been harvested are used to train the base models. The second level classification meta-model is then trained by
combining the predictions of the base models. The suggested model was successful in achieving a 96% accuracy rate
for disease early detection.
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I INTRODUCTION

Better diagnostic tools must be developed, and this thesis tackles that requirement. These tools can be
effectively given by a number of recently developed machine learning algorithms that seek to increase the
accuracy of AD prediction so that the patient can receive the right treatments. Using the Kaggle MRI
dataset, an ensemble stacking model for the automatic detection of AD was proposed in this phase of
work. Three basic models of three distinct convolutional neural networks make up the suggested model.
Different MRI picture features that impact AD are used to train each model. Gray matter, white matter,
and cerebrospinal fluid (CSF) are the primary brain regions impacted by AD [1,2]. In one study, the grey
matter volumes of persons with AD disease and those with dementia were analyzed. When comparing
dementia patients to cognitively normal people, they found that while there was a decrease in grey matter,
the decline was far less than that of AD patients[3,4].

In order to distinguish AD from a variety of other neurodegenerative dementias, we sought to ascertain
the diagnostic value of an expanded panel of CSF biomarkers. Using a Markov Random Field (MRF) and
a Gaussian distribution, these three key characteristics that impact the disease are retrieved in this stage
of work rather than feeding the complete MRI dataset into a model [5-6]. Three distinct convolutional
networks are trained using the segmented brain image.
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The stacking technique is an ensemble machine learning method [7-8). Combining the predictions from
many machine learning models on the same dataset involves the use of strategies like bagging and
boosting. To solve this issue, a different machine learning model will be employed, which will learn when
to use or trust each model in the ensemble. Unlike bagging, stacking frequently employs many models
that are appropriate for the same dataset (for example, not all decision trees) (for example, in place of
training dataset samples). Instead of using a series of models that correct the predictions of previous
models, stacking uses a single model to determine the best way to combine the predictions from the
contributing models, as opposed to boosting[9].

A stacking model's architecture is made up of two or more base models, also referred to as level-0 models,
and a meta-model, sometimes called a level-1 model, which combines the base models' predictions. models
whose predictions are compiled after being fitted to the training data, as opposed to Level-0 Models (Base-
Models). The Level 1 (Meta-Model) model finds the best strategy to combine the predictions of the basic
models[10]. To train the meta-model, the basic models' extrapolations from non-sample data are utilized.
To put it another way, the base models function as input and output pairs of the training dataset that the
meta-model is fitted to, using data that wasn't used to train the base models. The base models then provide
the predicted outcomes and make predictions. The meta-model was fed the outputs of the underlying
models. As a result, the meta-learner model will outpredict the submodel. The authors[11] used five CNN
architectures for the basic model while implementing ensemble models. Every CNN model under
consideration has the same structure and a 93.18% accuracy rate.

2 Proposed Model

In figure 1, the suggested ensemble stacking model is displayed. The preprocessing steps for the NIFTY
MRI brain images include segmentation, normalization, bias correction, and skull stripping. Train and
test datasets are created from additional preprocessed segmented images[12,13]. Three base models of
convolutional neural networks with varying configurations are trained using the train dataset. In the end,
the three models' findings are combined by the meta model, which also learns from the test dataset and
categorizes the input images into AD, MCI, and HC. Lastly, determine statistical parameters to assess the
system's performance.
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Figure 1: Proposed Ensemble Model

The proposed work's procedure is provided in Algorithm 1. First and foremost, use Gaussian and MRF
algorithms to pre-process the input photos and extract the three distinct features. The model is trained
using additional extracted features. The meta model is trained using the underlying model's prediction
output. Lastly, use the test dataset to evaluate the model.

Algorithm 1: AD disease classification using ensemble stacking method

Input: RGB images

Output: classified and recognized images

Step 1: Prepare the input data

Step 2: Use a Gaussian distribution and a Markov Random Field to divide WM, GM, and CSF.

Step 3: Create three meta models and base models.
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Step 3: Use the features that were extracted to train the base model, then use the base model's
prediction to train the meta model.

Step 4: Develop a stacking classifier for the foundational models

Step 5: Use the stack ensemble model's prediction output to train the meta learner in step four.

Step 6: Accept test photos in step five and note the outcome.

2.1 Image preprocessing

In this projected work considered the MRI images collected from ADNI. Before feed images into
proposed ensemble model pre-process the image to improve the process performance. In this section focus
on segmenting processed brain images into WM, GM and CSF[14].

In the proposed study, WM, GM, and CSF were extracted using the Gaussian distribution and MRF.
When paired with the provided data, the MRF—a stochastic process that describes a picture's local
characteristics—recreates the original image. Even basic modeling of this kind can vyield valuable
information for the segmentation process, and the MRF of prior contextual information is a potent
technique for modeling spatial continuity and other properties. A voxel's probability is dependent on its
neighborhood in the MRF, which is a conditional probability model[15].

It is comparable to an energy function-based Gibbs joint probability distribution . Compared to the local

conditional probabilities of the MRF, this energy function offers a more practical and organic technique
for describing contextual information. On the other hand, the MRF is the best technique for sampling
the probability distribution. An image's local attributes can be modeled using Markov random field
(MRF)[16] theory, in which the global image properties are determined by the local interactions.
Four nearest nodes in a 2D image and six nearest nodes in a 3D image make up the first order
neighborhood, whereas eight nearest nodes in a 2D image and eighteen nearest nodes in a 3D image
make up the second order neighborhood. A graph G=(P,N) can be used to describe the Markov random
field model, where P stands for the nodes and N for the links (also known as edges) that, based on the
neighborhood relationship, connect the nodes. An picture is represented by such a network structure, in
which pixels (or voxels) are represented by nodes, and the contextual dependency between pixels (or
voxels) is represented by the links linking the nodes. Here, the package TissueClassifierHMRF[17,18]
constructed a Gaussian Markov field.
2.2 Constructing the training model
In this experiment, three different CNN architectures for the level O base model were considered. EM1,
EM2, or EM3 are the designations for each model. The top, middle, and bottom networks are denoted
by EM1, EM2, and EM3, accordingly. The meta model takes into consideration the deep learning
network. Since these architectures have already been trained on ImageNet, they perform well in
classification. The suggested ensemble stacking model is shown in the figure. The proposed method
considered the preprocessed images. The preprocessed images are divided into a train dataset and a test
dataset with a ratio of 0.2.
The validation and train subsets of the train dataset are created. For the training dataset, the three base
models are each trained independently. The ensemble predictions are then made using the stacking
classifier ensemble approach with meta-learner. The detailed architecture of proposed ensemble stack
model is shown in figure 2.

[®f B2 o e M Toem  FO iy [Pl ] e | om [®] wenus [®]

Base Modek

Figure.2: Ensemble Stacking Model
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EM1: The EM1 algorithm consists of three 2D convolutional layers with 32, 64, and 128 filters of size
2X. Each convolutional layer was followed by maxpooling[19], dropout, and batch normalization layers.
Here, remove the 0.2 percent of neurons to avoid a model being overfit. The categorization part of the
system consists of flat, dense layers with four neurons for the four different classes of AD disease: non-
demented, very lightly demented, mildly demented, and moderately demented. For convolutional and
dense layers, use ReLU and sigmoid activation, respectively. The EM1 basic model and a screenshot of
its layer summary are shown in figure 3.
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Figure 3: EM1 Model and its layer summary screenshot

EM2 Three 2D convolutional layers with 64, 128 and 256 3X3-sized filters each make up the EM2. Each
convolutional layer was followed by maxpooling layers. The dropout layer is added at the conclusion of
the feature extraction layers. The two flat, dense layers that make up the categorization component of the
system have 500 and 4 neurons apiece. Relu and Softmax[20] are used in convolutional and dense layers.
Figure 4 displays the EM2 design and an overview of its layers.
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Figure 4: EM2 Model and its layer summary screenshot
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EM3 Following the two convolutional layers with 16 filters in the EM3's base layer are four convolutional
blocks with 32, 64, 128 and 256 filters. The convolutional blocks consist of four convolutional layers with
a ReLU[21] activation function. The model's classification component consists of four dense layers with
512, 256, 128 neurons and four neurons with sigmoid activation function. Figure 5 displays the EM3

architecture and layer summary screenshot.
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Figure 5: EM3 Model and its layer summary screenshot

The Meta Model Four convolutional blocks, each with three convolution layers and 32, 64, 128 or 256
filters, make up the meta model of the proposed system. The maxpooling layers came after each
convolutional block, and then the convolutional layers. To lower the system loss, run the model for
various optimizers, including Adam, Adagrad, and Rmsprop. The Adam's 97% accuracy rate shows
excellent performance. Figure 6 displays the layers descriptions and the design of the meta model.
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Figure 6:Meta Model and its layer summary screenshot

After setup the models , fitting each of the base model to train dataset. The sample snipet for model
fitting is given below.

EM1 fit(x_traindataset,y_traindataset)

EM2 fit(x_traindataset,y_traindataset)

EM3 fit(x_traindataset,y_traindataset)

After train the base models evaluate their accuracy by using following code sample. Call prediction of

EMI1,EM2 and EM3 as PrEM1,PrEM2 and PrEM3 respectively.
PrEMI1=EM1.predict_accuracy(x_test)
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PrEM2=EM2.predict_accuracy(x_test)
PrEM3=EM3.predict_accuracy(x_test)

Finally compute the average prediction by taking average of PrEM1,PrEM2 and PrEM3.
Avgpred=(PrEM1+PrEM2+PrEM3)/3

Further train the meta model by AvgPred and Test original dataset and it is given in below.
Meta.fit(Avgpred,x_ traindataset)

At last evaluate the meta model by using test dataset.
pred3=EM3.predict_accuracy(Avgpred ,x_test)

2.3 Results

Google Colab was used in the execution of this suggested project. In the experiment, four different classes
of kaggle MRI data were used: non-demented, mildly demented, very mildly demented, and moderately
demented. There are two distinct datasets: the train dataset and the test dataset. The base models are
trained using the train dataset over 10 iterations at a learning rate of 0.0001. Following their training
using AD illness images using the Adam optimizer, the level 0 models' network weight is modified using
the categorical cross entropy function. Table 1 lists the parameters that were taken into consideration for
this experiment.

Table .1: Parameters

Parameters Model-1

Optimizer Adam, Rmsprop,
Adagrad,

Activation Function RelLU, Softmax and
Sigmoid

Loss function Categorical cross
entropy

Batch size 15

Dataset ADNI

Epoch 10

Learning Rate 0.0001

Normalization Batch Normalization

Pooling Maxpooling

Screenshots of the EM1, EM2, EM3, and meta learner's statistical performance are displayed in Figures
7,8, 9, and 10, respectively. For EM1, EM2, and EM3, the corresponding accuracy was 96%, 86.6%, and
94%. The meta learner receives as input the stackclassifier's output, which stacks these three model
predictions. Ten iterations of the meta learner should be run using different optimizers, activation
functions, and cross entropy loss functions so that it can learn from the original dataset's test data as well
as the prediction output of the basic model.

983


https://theaspd.com/index.php

International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 5, 2025
https://theaspd.com/index.php
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Figure 8: Statistical performance screenshot of
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Figure 9: Statistical performance screenshot of Meta Model
EM3

For EM1, EM2, EM3, and the meta model, the confusion matrix findings are shown in tables 2,3,4, and
5, respectively. The EM1 model yields 93.6 percent f1 score, 90.75 percent recall, 97.5% precision, and
96% accuracy, per the performance table. The F1 score of the EM2 is 85%, its accuracy is 875, its precision
is 92.4%, and its recall is 83.25 percent. EM3 exhibits 96% F1 score, 95% recall, 965 precision, and 95%
accuracy.

The suggested ensemble model's performance metrics are shown in the table below. With 98.25%
precision, 96.5% recall, and 97% f1 score, the meta model's accuracy grew significantly as it was trained

utilizing ensemble models for both prediction and test data.

Table .2: EM1 Confusion matrix

Non Very Mild | Mild Moderate | Accuracy | Precision | Recall | F1
Demented | Demented | Demented | demented Score
142 9 11 0 96%

99% 88% 93%
2 507 4 0 96/% 96% 99% 97%
0 14 335 0 96% 95% 96% 96%
0 0 1 9 96% 100% 80% 89%
Average 96% 97.5% 90.75% | 93.75%

Table 3: EM2 Confusion matrix

Non Very Mild | Mild Moderate | Accuracy | Precision | Recall F1 Score
Demented | Demented | Demented | demented
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479 28 0 94.01% | 100% 51.38% | 67.88%
9 139 5 0 100% 100% 100% 100%
10 0 350 26 91% 91% 91% 91%
0 0 17 195 87.9% 78.6% 91.9% 84.78%
Average 87% 92.4% 83.25% 85%
Table.4: EM3 Confusion matrix
Non Very Mild | Mild Moderate | Accuracy | Precision | Recall F1 Score
Demented | Demented | Demented | demented
504 0 2 0 95% 96% 94% 95%
8 127 3 0 98.67% 100% 91% 95%
20 1 355 0 95.82% 91% 97% 94%
0 0 0 9 100% 100% 100% 100%
Average 95% 96% 95% 96%
Table 5: Meta model Confusion matrix
Non Very Mild | Mild Moderate | Accuracy | Precision | Recall F1 Score
Demented | Demented | Demented | demented
504 0 2 0 97% 95% 100% | 97%
8 127 3 0 97% 99% 92% 95%
20 1 355 0 97% 99% 94% 96%
0 0 0 9 100% 100% 100% | 100%
Average 97% 98.25% | 96.5% | 97%

The meta model is iterated across 25 epochs using a variety of optimizers, such as Adam, Rmsprop, and
Adagrad, in order to reduce the loss efficiency. Adam performs better in this area, and the parameter
values for f1 score, accuracy, recall, and precision for random epochs with different optimizers are shown
in figure 11.

ochs Optimizer Activation Fuscticn Traln Loss  Fraln Accurac y Train Recall Val Loss Val Accuracy val Precisicn val Recall {4

Figure 11:Screenshot generated for different optimizers
The screenshots of accuracy and loss history for ensemble

through 19 .

Figure.12: EM1 Loss History graph Figure 13: EM1 Accuracy History graph
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Figure 14: EM2 Loss History graph Figure 15: EM2 Accuracy History graph

° history_df = pd.DataFrame(history.history)
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Figure 16: EM3 Loss History graph Figure 17: EM3 Accuracy History graph
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Figure 19: Meta Learner Accuracy History graph
Figure 18: Meta Loss History graph & y ryerap

CONCLUSION

AD is a degenerative disease of the neurons. There is currently no cure for AD or way to halt its
progression. On the other hand, early dementia detection may assist families consider their own financial
future. Neural network applications have been developed to use the MRI modality to classify the various
phases of AD. A method is created to automatically extract features from input photos in order to classify
illness stages. A small number of MRI dataset samples were used to evaluate the proposed technique. By
extracting the features of input photos at two classification levels, the ensemble stacking model was
implemented to enhance system performance.Three convolutional models are used to create the base
model at the first level of prediction, and a meta model is used for the final prediction at the last level.
The model's precision is 98.25% and its accuracy is 97%. The projected model is implemented using
publicly available Python. The Intel ® Center ™ i7-8750H, 16GB RAM, 64-bit operating system, and
NVIDIA GPU were used to conduct this analysis.
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