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Abstract—Alzheimer's disease (AD) is a chronic, 

neurodegenerative illness characterized by forgetfulness, cognitive 

impairment, and the progressive loss of a variety of other brain 

functions as well as daily life independence. By 2050, the existing 

47 million AD sufferers are predicted to grow to 152 million, with 

major economic, medical, and societal implications. The 

pathophysiology of Alzheimer's disease is still unknown, and there 

is no cure or treatment that can stop the illness from progressing 

altogether. Alzheimer's disease must be detected early in order to 

be effectively managed. An emerging detection methodology 

includes deep learning approaches that have demonstrated 

promising results; nonetheless, effective implementations in real-

world settings must combine high accuracy, quick processing time, 

and scalability for a variety of demographics or populations. An 

AlexNet convolutional neural network (CNN) based classification 

model using magnetic resonance imaging (MRI) images available 

from the Alzheimer's Disease Neuroimaging Initiative (ADNI). 

This AlexNet model was then applied to the ADNI dataset to 

classify four different stages of AD. The model was then tested on 

test datasets to evaluate the accuracy of the model per stage: 

95.5% for early dementia, 95.1% for moderate dementia, 89.3% 

for no dementia, and 92.7% for late dementia. In the visualization 

results, the ventricles and outer regions were identified as key 

regions for classification. These CNN recognition results were 

further accurately interpreted with the newly developed class 

activation mapping (CAM), allowing for the interpretability of 

given diagnoses.  
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I. INTRODUCTION 

     Alzheimer's disease (AD) is an irreversible, progressive 

brain illness characterized by a loss in cognitive function and 

no proven disease-modifying therapy. Alzheimer's disease 

affects an estimated 5.5 million individuals aged 65 and more 

and is the sixth largest cause of mortality in the United States. 

In 2018, the worldwide cost of managing Alzheimer's disease, 

including medical, social welfare, and wage loss to patients' 

families, was $277 billion in the United States, having a 

significant impact on the economy and putting a strain on the 

healthcare system.  

II. BACKGROUND 

A. Consequence of Alzheimer’s 

     The illness is a form of neurodegenerative dementia that 

begins with moderate impairment and worsens with time. 

Alzheimer's disease is the most common cause of dementia. 

Dementia can      be caused by brain cell damage. As a result of 

this injury, brain cells are unable to communicate with one 

another effectively, resulting in the person's loss of cognitive 

functioning and behavioral capacities. Dementia progresses in 

phases, from the mildest, when the individual begins to lose 

some cognitive ability, to the most severe, when the person is 

fully reliant on others for survival. Moving, thinking, and 

memorizing, are all functions of humans that are mandated by 

different regions of the brain. The functioning of brain cells 

varies depending on whatever area of the brain is injured. The 

functioning of an area of brain cells will be impacted depending 

on which part is injured. The causes of dementia might vary 

depending on how the brain structure changes. Alzheimer's 

disease, Lewy body dementia, frontotemporal diseases, and 

vascular dementia are all kinds of dementia. Changes in 

particular protein levels in brain cells decrease neurons' 

capacity to interact in the hippocampal area in Alzheimer's 

disease. The hippocampus is in charge of learning and memory 

in the brain, and brain cells are more likely to be destroyed in 

this location first. 

B. Early Detection 

     The early detection of AD is vital for the patients and can be 

profoundly life changing. People with dementia may take 

charge of their disease, plan for the future, and live well with 

dementia if they receive an early diagnosis and have access to 

the correct services and support. It will help you rule out the 

chance that memory, communication, behavior, and other 

issues are caused by other, potentially curable illnesses with 

dementia-like symptoms. The early detection assists people 

with dementia by granting access to important information, 

resources, and support. Thus, maximizing their skills, and 

perhaps benefiting from available drug and non-drug therapies. 

An early diagnosis allows a person to explain the changes in 

their life to their family and friends. On a practical level, a 

person with dementia may be able to assess their financial status 

and consider making preparations for a lasting power of 

attorney or an advance decision with family or legal specialists 

[1].  

 

C. Stages of AD 

     Many years before any signs of Alzheimer's disease develop 

in the patient, changes in the brain occur. Each stage is first 

derived from a respective CDR score, with patients exhibiting 

varied symptoms at each stage depicted in Table 1.  
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Table 1. Stages of Alzheimer’s Disease 

 

D. Magnetic Resonance Imaging 

     Early detection strategies, particularly for pre-symptomatic 

phases, have previously received a lot of attention in the hopes 

of slowing or halting disease progression. To uncover AD-

related structural and molecular biomarkers, advanced 

neuroimaging methods including magnetic resonance imaging 

(MRI) and positron emission tomography (PET) have been 

developed and deployed. Specifically, MRIs, shown in Fig. 1, 

has recently taken on a dominant role in the field of 

neuroimaging as it is a non-invasive technique with great 
spatial and temporal resolution. During an MRI experiment, a 

sequence of pictures are acquired while the person is either at 

rest, known as the resting state, or completing certain cognitive 

activities. Subjects are invited to lie down in the scanner and 

undertake a cognitive, sensory, memory, or motor task during 

task-based MRI. The MRI scanner tracks the signal in the brain 

during the experiment. Changes in the signals in the regions 

responsible for the stimulation would be expected across 

consecutive MRI pictures. However, in this study, we are 

employing MRI imaging to distinguish between Alzheimer's 

disease phases. Our focus is on how the brain changes as the 

disease progresses, rather than how it changes during an 

activity.  

 

 
Fig 1. MRI image of a cranial functional brain [2]. 

III. MATERIALS 

A. Dataset 

     In this study, a subset of the Alzheimer’s Disease 

Neuroimaging Initiative (ADNI) database was used to train and 

validate our convolutional neural network (CNN) classifier. 

This sample contained 363 participants with an average age of 

more than 60 who had resting-state functional magnetic 

resonance imaging scans. These participants were in distinct 

stages of dementia based on their Clinical Dementia Rating 

(CDR): one another or even on the same date. As a result, we 

deleted the repetitive and distorted (during preprocessing) data 

and used our model on 363 patients, created our dataset in the 

Digital Imaging and Communications in Medicine (DICOM) 

fMRI format, as described above. To analyze the data, we had 

to first convert it to Neuroimaging Informatics Technology 

Initiative (NIFTI) format so that we could use the existing 

neuroimaging toolbox, and then perform some preprocessing 

on the raw data. As mentioned in Table 1, the ADNI dataset 

categorizes different stages of Alzheimer’s disease for 

participants: mild demented, non demented, very mildly 

demented, and moderately demented. The scans in ADNI were 

performed on two different Tesla scanners, namely Philips 

Medical systems and SIEMENS [1]. 

 
Fig 2. Variable Correlations [1]. 

 

B. Preprocessing 

     One of the most critical phases in data mining is data 

cleaning, which entails eliminating outliers and restoring 

missing values. At this point, we examined the general 

distribution of the numerical and category columns to see which 

features may aid our research; these features should not be 

highly connected with the target feature. Variables, “Subject 

ID”, “MRI ID”, “Group”, and “Visit” were selected as the 

unneeded variables as they were not correlated with our target 

feature. In order to take raw data from the scanner and prepare 

it for analysis, additional preprocessing was required. As 

previously mentioned, the raw MRI data is in DICOM format. 

However, the required format in most MRI analysis libraries is 

the NIFTI format. We first converted the DICOM data to NII 

format by using the dicom2nifti python library. We also looked 

Stages Description 

No Dementia  Patients who depict normal aging and no signs 

of neurological degradation, cognitive 

impairment, or dementia. 

Early Dementia Patients will still be able to function 

independently but will experience memory 

lapses that affect daily life, such as forgetting 

words or where things are.  

Moderate Dementia Patients demonstrate a significant decline in 

cognitive abilities such as memory, speaking 

reasoning, and judgment. Individuals can 

independently do activities or chores that do not 

place significant demands upon learning new 

information. 

Late Dementia Patients have declined in ability to perform 

daily activities of living, including already 

learned skills and basic actions for living such 

as going to the bathroom. This will eventually 

progress to affect walking speech, swallowing 

and control of the neck and face.  



978-1-6654-6819-0/22/$31.00 ©2022 IEEE 

at features that have a unique value to remove them. Afterward, 

we addressed missing values and data type mismatches.  

 

C. MRI Normalization 

     The patient's position inside the scanner, their relative 

movements, and pictures collected from different areas all 

influenced the quality of the MRI images, resulting in a 

variation in the level of brightness inside the images. As a 

result, the bias field may be defined as the difference in MRI 

intensity values from black to white. Therefore, preprocessing 

is necessary for the success of the following stages in image 

processing (workflow shown in Fig. 3).  

 

     Otherwise, if the bias field is not adjusted, the findings of all 

subsequent image processing stages will be erroneous. The 

preprocessing methods correct the failures caused by the bias 

field and eliminate the noise to ensure dependable accuracy in 

the next phases. In this work, whitestripe normalization was 

performed using a Python library. By recognizing a latent 

subdistribution of normal tissue and linearly scaling the 

histogram of pictures, this technique normalizes standard brain 

MRI data. It is only to be utilized on structural modalities. N3 

Correction, a bias field correction algorithm for correcting low-

frequency intensity non-uniformity in MRI image data, is 

applied to the original image modalities.  

 

 
Fig 3. MRI normalization pipeline. 
 

IV. METHODS 

A. Neural Networks 

     Different layers of neurons make up neural network models. 

The fully-connected layer is the most frequent layer type, in 

which each node is connected to all of the nodes in the 

following layer. Feedforward neural networks are one of the 

most basic artificial neural network topologies. There are three 

sorts of layers in these networks (input, hidden, and output 

layers). The number of hidden layers and their size are the only 

free parameters in these models. With larger and deeper hidden 

layers, we can theoretically simulate more complicated issues. 

This diagram in Fig. 4 shows a fully connected feed-forward 

neural network with two hidden layers, each with three neurons, 

a two-layer input layer, and a one-neuron output layer [4]. 

 
Fig. 4. Neural network architecture 

 

B. Alexnet 

     CNNs are a type of neural network that is quite similar to 

regular neural networks [5]. An input and output layer, as well 

as several hidden layers, make up a CNN. Convolutional, 

pooling, or completely linked layers are the hidden layers. The 

assumption that the inputs are pictures is explicit in ConvNet 

topologies, allowing us to embed specific attributes into the 

architecture. As a result, the forward function is more efficient 

to construct, and the number of parameters in the network is 

greatly reduced. 

 

     Other network topologies seen in CNN architectures include 

the normalization layer (ReLU layer), which employs a 

pairwise activation function. The second layer is a fully 

connected (FC) layer that is in charge of computing the class 

scores. CNN design frequently begins with an input and is 

followed by a sequence of convolutional and pooling layers. 

After convolutional layers, normalization layers are added, and 

the design concludes with fully-connected layers. The network 

receives an image as input and proceeds through a sequence of 

convolutional layers, pooling layers, and fully-connected 

layers. The early layers of CNN architecture record the basic 

and broad properties of the pictures, whereas the latter levels 

encode more intricate patterns in the input images. The CONV, 

pooling, and ReLU layers are feature extractors in the model, 

whereas the fully connected layers are classifiers. 

  

     The net is comprised of eight weighted layers, the first five 

of which are convolutional and the final three of which are 

entirely coupled. The overall architecture is seen in Fig. 1. The 

output of the last fully-connected layer is routed via a 1000-way 

softmax, which provides a distribution over the 1000 

class labels. AlexNet seeks to maximize the multinomial 

logistic regression goal, which is the average of the log 

probability of the correct label under the prediction distribution 

overall training cases. Only kernel mappings in the preceding 

layer on the same GPU are connected to kernels in the second, 

fourth, and fifth convolutional layers (as shown in Fig. 5). The 

kernel mappings in the second layer are all connected to the 

kernels in the third convolutional layer. All neurons in the 

preceding layer are connected to neurons in the fully connected 

layers. The response-normalization layers come after the first 

and second convolutional layers. Max-pooling layers follow 

both the response-normalization layers and the fifth 

convolutional layer [5]. 
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Fig. 5. Convolutional neural network architecture 

 

     The ReLU non-linearity is applied to the output of every 

convolutional and fully-connected layer. Convolutional Layer 

is the initial layer of the CNN architecture that performs 

convolutional operations between filters and pictures as input. 

As demonstrated in Fig. 5, the filter will shift throughout the 

picture and execute a "dot" operation between the input and the 

filter value to build a feature map. The convolutional layer is 

optimized by adjusting the filter size, stride, and zero padding. 

 

     The pooling layer gets output from the convolutional layer 

and reduces the picture data size on this layer. In general, the 

pooling layer is made up of filters of varying size and stride that 

are moved over the feature map region. The pooling layers that 

are often employed in its application are max pooling and mean 

pooling, as illustrated in Fig. 6. 

 

 
Fig 6. Max-pooling function [5] 

 

C. Adjusting Overfit 

     During training, the model overfits when it learns the whole 

structure of the image rather than particular features in the 

image. This arises when the number of weights and parameters 

in the CNN model is huge but the number of samples is 

inadequate. When a model is evaluated on a dataset, overfitting 
decreases its performance. AlexNet contains 60 million 

parameters in all. To avoid overfitting, the number of samples 

in such models must be 10 times the number of parameters. As 

a result, there are several ways for decreasing overfitting in 

CNNs. The first option is to enlarge the dataset or lower the 

model's complexity, neither of which is always feasible. The 

second option is to employ data augmentation. AlexNet utilizes 

two forms of augmentation. The first kind produces image 

translation and horizontal reflection. The RGB intensities of the 

training images are altered in the second variation. 

Regularization is the ultimate approach for decreasing 

overfitting. As a regularization, the dropout method is 

introduced to AlexNet's model. Dropout causes each hidden 

neuron's output to be set to zero with a fixed probability (0.5 in 

AlexNet). This means that certain neurons will be excluded 

from forwarding and backpropagation operations. In other 

words, the model learns a different architecture for each input.  

 

     CAM is a generalization of the class activation map (CAM), 

which constructs class activation maps using gradient 

information to determine the discriminative region(s) for a 

CNN prediction. By including gradient data into the final 

decision layers, CAM builds a map of the working class. The 

average gradient is used by CAM to weight the 2D activations. 

Given an input picture, it is useful to understand what the 

network detects and which neurons in each layer are activated. 

Following the last convolution layer, the last class gradient 

associated with a channel is used to measure all channels to 

build a localization map illustrating the crucial locations in an 

image that have a substantial influence on the model forecast. 

 

 
Fig 7. Class activation mapping structure [8]. 

 

     These CNN recognition results were further accurately 

interpreted with the newly developed class activation mapping 

(CAM) (Fig. 8). We have a feature that displays which parts of 

the image contributed the most to the correct diagnosis. This 

approach allows you to look at an image and see what the 

algorithm predicted and why. This can aid people participating 

in the diagnostic process in getting a second opinion or bringing 

high-risk regions to their notice. It is interesting that for 

Alzheimer’s free and early staged MRI images the areas that 

are most highlighted area around the ventricles while the late 

staged images often have the outer regions highlighted seen in 

Fig. 8.   
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Fig. 8. Heat-mapped images   

D. Classification Metrics 

     There are various measures for quantifying binary 

classification performance, including recall, precision, 

specificity, and accuracy. Precision is particularly useful since 

we want to be sure in our forecast because it informs us how 

many of the predicted positive values are actually positive, as 

seen in Fig. 9: 

  
Fig 9. Precision Formula [7] 

 

                                                                                                                                                                                                                                           

Recall (sensitivity) is another highly useful statistic that may be 

used to determine, for example, the proportion of successfully 

labeled positive values on the total number of positive values, 

as shown below in Fig. 10:   

  

Fig. 10. Recall Formula [7]  

     The F1 score is a technique to acquire a comprehensive 

picture of recall and accuracy. The harmonic mean of recall and 

accuracy is provided by the F1 score, which is as follows in Fig. 

11: 

 

Fig. 11. F1 Score Formula [7]. 

 

V. RESULTS FOR MULTI-CLASS CLASSIFICATION 

     For evaluating our categorization results, we employed a 

confusion matrix and related metrics. The matrix (Fig. 12) 

compares the actual target values to the CNN model's 

predictions. This provides us with a comprehensive picture of 

how well our classification model is working and the kind of 

errors it is producing. I was able to classify the Early Dementia 

stage the best, only confusing it with No Dementia six times out 

of the 132 subjects.  

 

 
Fig. 12. Confusion Matrix Classification. 

 

 
Fig. 13. Model accuracy. 
 

  
Fig 14. Model loss. 

 

     Over 5000 epochs, the model was able to achieve an 

approximate 97% accuracy, with the corresponding validation 

data being 96%, shown in Fig. 13 with the corresponding model 

loss shown in Fig. 14.  

 

     Selected performance criteria or metrics obtained for the 

AlexNet CNN model are presented in Table 2. The developed 

model achieved both the highest accuracy rate and precision 

rate in the Early Dementia class with 0.96 and 0.95, 

respectively. 

 

Table 2. Model Performance 

  

  

Precision Recall F1-

Score 

Accuracy 

Early 

Dementia 

0.95 0.93 0.94  0.96 
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Moderate 

Dementia 

0.95 0.95 0.95  0.95 

Late 

Dementia 

0.93 0.95 0.94   0.93 

No 

Dementia 

0.89 0.88  0.88  0.89 

 

 
Fig. 15. Gradient Weighted Class Activation Maps for AlexNet CNN model 

classified MRI images of four different dementia stages.  

Note: Yellow dashlined circles are fourth ventricle areas; Red dashlined circles 

are right and left lateral ventricle areas.  
 

Using CAM, a heatmap that highlights pixels in the input image 

that influence the assignment of this image to a certain class. 

Within the CAM-generated images (Fig.15), unique patterns 

with different highlighted areas are observed for MRI images 

of four dementia stages. Early and late staged MRI images have 

highlighted areas around the lateral ventricles while the 

highlighted area can be found only in the fourth ventricle. The 

control or no dementia staged images demonstrate different 

highlighted patterns.  

VI. CONCLUSIONS AND FUTURE WORK 

The research demonstrated a suitable machine learning 
algorithm as well as biomarking methodology to aid in the 
clinical setting for future opensource resources. 

 While also presenting an extremely high-level of accuracy 
of 96% in the specified early demented stage, the modality was 
also able to present steps within interpretable machine learning 
and being able to show why a model thinks a certain way. 

 Future work would include utilizing transfer learning in a 
more optimized way as well as integrating other inputs such as 
EEG waves in order to get a multi-modal perspective. 
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