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Abstract:  

Alzheimer's disease (AD) is a chronic and irreversible brain disease without adequate 

treatment. However, currently, available drugs can slow the progression of the 

condition. As a result, detecting Alzheimer's disease early is essential to avoiding and 

limiting the disease's progression. The primary purpose of this research is to establish 

a comprehensive framework for the early identification of Alzheimer's disease and the 

medical classification of the disease's various stages. Alzheimer's disease is classified 

into two stages. The proposed work employed multiple machine learning (ML) 

approaches such as Gradient boost (GB), Decision Tree (DT), Support Vector 

Machine (SVM), and Extra tree algorithm (ETA) to diagnose and classify Alzheimer's 

disease earlier using the Open Access Series of Imaging Studies (OASIS) dataset, 

with the ETA classifier achieving significant performance and result. The ETA 

classifier, in particular, outperformed the others regarding total classification 

performance. The proposed ETA achieves an accuracy of 0.88, precision of 0.93, 

recall of 0.85, and f1-score of 0.89. The machine learning (ML) technique that we 

have selected to apply for Alzheimer's disease detection is the Extremely Randomised 

Trees (extra trees) algorithm. This was a conscious decision on our side. We may 

classify AD with high accuracy using machine learning methods. 

Keywords: Alzheimer’s disease; Gradient boosting, machine learning; dementia, 

Extra tree 

 

1.   Introduction 

In the current era, dementia is no longer considered a unique disease. It is a broad term for symptoms 

caused by a decline in memory or other thinking skills severe enough to impair a person's ability to 

do daily tasks. Alzheimer's disease or another type of dementia can induce these symptoms. 

Alzheimer's disease is responsible for most cases (60-80%). Vascular dementia is the second most 

common type of dementia after Alzheimer's disease, which is the primary cause of dementia. 

However, dementia symptoms can also be caused by several other disorders, some of which are 

treatable and reversible, such as thyroid problems or vitamin deficiencies. Alzheimer's disease (AD) 

is a type of dementia having no specific medication and ranks sixth primary death cause in the 

United States of America [1, 2]. Gradual atrophy of the cerebral cortex characterizes this, developing 
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cognitive difficulties and memory loss [3]. New technology has enabled the use of computer-assisted 

algorithms in hospitals, potentially increasing the accuracy and speed of diagnosis. Because of recent 

developments in the healthcare sector, which have produced powerful tools for collecting and 

retrieving usable neuroimaging data to monitor neurodegeneration, there is a lot of excitement about 

using pictures for diagnosis and prognosis. One area where computer algorithms may produce more 

accurate findings than medical practitioners (for example, radiologists) is AD detection. This ailment 

first touches memory function, then gradually limits all cognitive tasks, eventually leading to death. 

Patients with Alzheimer's disease risk becoming disoriented and forgetting how to do ordinary tasks. 

They can even fail to recognize their own family. Alzheimer's disease and its many stages are 

difficult to diagnose since symptoms of the disease can be found in the brains of old persons who do 

not have the disease.  

Alzheimer's disease is diagnosed in medical practice utilizing information obtained from a lengthy 

conversation with a patient's family members who have the disease. In 2018, they expected dementia 

to affect 35.6 million individuals over 60 worldwide, including 310,000 in Australia. 2050 expect 

this amount to (almost) triple, bringing the total number of people in the world to 201 million. In 

2018, dementia killed 9586 people, making it the country's second-biggest cause of death [4]. 

Alzheimer's disease (AD) accounts for 60% to 80% of all dementia cases [5, 6]. Even though several 

therapeutic options have been examined to reduce or stop the progression of the disease [7], very 

little evidence of efficacy has been found.People diagnosed early are more likely to benefit from 

supportive therapy, which allows them to spend more time at home and reduces their chances of 

being hospitalized [8, 9]. Job-specific properties [10, 11] are extracted from images to train 

supervised models [12]. They need human workers to extract these features, which typically require 

much work, time, and financial investment. As a result, it is the most challenging problem for data 

scientists to overcome. On the other hand, deep learning algorithms have advanced to the point 

where they can now extract features from visual data without human interaction.  

The purpose of this paper is to develop an automated model for Alzheimer's disease patients using 

machine learning (ML) approaches like DT, GB, ETA, and SVM, The classification is based on MRI 

patient images of the OASIS repository. Also, the proposed classifier reaches 88.21% accuracy, as 

related to the other works stated in the literature. There are no easily accessible articles that employ 

ETA to detect MRI-associated Alzheimer's disease (AD). 

2.   Related work 

In this section, AD has been extensively researched and connected to a wide range of difficulties and 

challenges. On the other hand, there have recently been numerous attempts to use MRI data to 

diagnose. Here are some examples of work from linked literature: 

In [13], the authors constructed a new technique for predicting the progression of mild cognitive 

impairment (MCI) using MRI. The initial step for the researchers was to apply semi-supervised 

learning to generate MRI biomarker progression. They next employed supervised learning to connect 

this biomarker to the subjects' ages and cognitive skills. They eventually decided to make their 

findings public. They list some unique elements uncovered by various biomarker learning 

approaches below 1) MRI biomarker development using semi-supervised learning against more 
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standard supervised methods; 2) MRI biomarker development using a semi-supervised learning 

strategy. To avoid potential AD, they removed aging effects from the MRI data before classifier 

training, and feature selection was performed on AD subjects. According to the study's findings, the 

proposed method may be nominal for early AD detection and for MRI in predicting whether MCI 

will develop into AD. 

In [14], the authors described a computer-aided diagnostic (CAD) system for MRI brain imaging. 

They would build the system using Eigen brains and machine learning, with two goals in mind: 

reliably recognizing Alzheimer's disease patients and identifying AD-related brain areas. To begin, 

3D volumetric data is subjected to the maximum inter-class variance (ICV) to choose essential slices 

for subsequent analysis. The following step is for each participant to create an eigenbrain set. The 

most critical eigenbrain, the MIE, was discovered using Welch's t-test, also known as the WTT. 

Finally, different kernels were employed in kernel support vector computers to forecast Alzheimer's 

disease patients correctly. Particle swarm optimization was used to train these machines. We focused 

on MIE coefficients with values greater than 0.98 quantiles to determine the discriminant areas that 

discriminate AD from NC. The study's findings revealed that the proposed method might predict AD 

patients with the same accuracy as existing methods.  

In [15], the authors utilized mathematical models to discover potential brain locations associated 

with Alzheimer's disease. Twenty patients had Alzheimer's disease, with the remaining 13 being 

healthy controls. To begin, they built the brain's structural network using a technique known as 

diffusion tensor imaging, or DTI. Unlike graph theory, the 2hop-connectivity measure employs 

higher-order data within the network topology. To accomplish this goal, the authors devised a novel 

method called 2hopRWR, an algorithm for measuring two-hop connections. The global feature score 

(GFS) is an innovative approach for the link evaluating which brain regions to Alzheimer's disease 

(AD). The GFS was designed to provide an answer to this question. This score was derived by 

combining five distinct local features: degree centrality, closeness centrality, maximal clique 

number, and 2hop connectivity. Finally, a canonical correlation analysis revealed a high link between 

the GFS MMSE and MoCA scale findings.  

In [16], the authors comprised three key contributions to these constraints. They began by thoroughly 

reviewing existing research. They found four fundamental techniques, which are as follows: There 

are four categories of CNNs such as 2D slice-level, 3D patch-level, ROI-based, and 3D subject-level, 

respectively. Furthermore, they discovered that more than half of the articles reviewed could have 

been impacted by data leaks, leading to accusations of biased performance. Our second contribution 

to the field improved our open-source method for diagnosing Alzheimer's disease using CNN and 

T1-weighted MRI. A modular set of deep learning-specific picture preparation methods, 

classification systems, and assessment procedures is supplied in addition to pre-existing tools for 

automatically transforming data. Finally, they tested the strategy by carefully examining numerous 

CNN design backgrounds. 

In [17], the author aimed to explore if multi-parameter structural MRI features were employed as a 

meaningful biomarker for distinguishing between vasculovascular disease and Alzheimer's disease. 

Methods: Between June 2013 and July 2019, 93 people participated in this study. All of them were 

diagnosed with Alzheimer's disease or vasculocortical dementia, verified by two chief physicians. 
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The AccuBrain system could get multi-parameter volumetric measurements from various brain 

regions using automated brain tissue segmentation. To minimize dimensionality, they explored 62 

structural MRI biomarkers to find features that differed significantly between VaD and AD. They did 

this to understand the relationship between the two illnesses better. However, LASSO is employed in 

creating feature sets and other methods. They employed the feature collection using SVM. To 

determine whether one classification model is superior to another in VAD and AD, a comparison 

analysis using several machine learning algorithms was performed and used for the study. They did 

this to ensure that the model's performance was evaluated objectively. 

In [18], the authors described a method for detecting images that employs an effective transfer 

learning strategy by fine-tuning AlexNet, a pre-trained neural network. The network's settings 

constructed this system. They did this to aid in the system's development. The construction uses 

Grey, White, and Cerebral Spinal Fluid images. The suggested system's performance is assessed and 

evaluated using data from OASIS. The system performed well for non-segmented picture multi-class 

classification, with an overall accuracy of 92.85%. The system also yielded positive results. 

In [19], the authors described T1-weighted MRI, FDG-PET, and regional cerebral blood flow single-

photon emission computed tomography (CF-SPECT) in AD subjects. Twenty patients with 

intermediate Alzheimer's disease and 18 healthy older controls had T1-MRI, FDG-PET, and rCBF-

SPECT scans. They analyzed images as part of the experiment to generate SVM-based diagnostic 

accuracy indices. Researchers combined data from the entire brain with the results of the leave-one-

out cross-validation procedure. PET and SPECT measurements had comparable precision and 

accuracy. The accuracy of PET and SPECT was higher than that of T1-MRI data analysis, which had 

an AUC of 0.67. PET accuracy varied between 68 and 71%, while SPECT accuracy ranged between 

68 and 74%. 

3.   Materials and Methods 

Early Alzheimer's identification is crucial for decreasing the disease's progression and preventing its 

onset. The proposed framework detects Alzheimer's disease and acts as a classification system for 

the disease's various stages. The following sections will detail the proposed framework's workflow, 

preparation algorithms, and medical image classification methods. In diagrammatic form, Figure 1 

demonstrates the classification of medical images. 

 

Figure 1: Overview of the proposed framework 
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3.1 Machine Learning Approach:  

The OASIS dataset's cross-sectional MRI data and longitudinal data are the two forms of information 

included in the dataset collection that was just established here. We produced the resulting data set 

utilizing information from 150 people aged 60 to 96. All participants were scanned simultaneously, 

and every single subject was right-handed. During the preliminary visits, 72 participants were 

diagnosed as not suffering from dementia, while 64 patients were classified as suffering from 

dementia. However, during the subsequent visits, all subjects were diagnosed with dementia. The 

following criteria and indicators are used in the evaluation process. 

Data Acquisition (Datasets):  

The data comes from MRI scans in the OASIS dataset, which may be found at https://www.oasis-

brains.org. The Open Access to Neuroimaging Datasets in Science (OASIS) Initiative intends to 

provide scientific researchers with open access to brain neuroimaging datasets [20]. Collecting and 

freely disseminating neuroimaging datasets will enable and aid future findings and clinical 

neuroscience like Alzheimer's Disease Neuroimaging Initiative (ADNI) collect and disseminate data. 

This study reported T1-weighted MRI data from OASIS participants who were either diagnosed with 

Alzheimer's dementia or did not have the disease. 

Clinical Dementia Rating (CDR) 

The six domains of cognitive and functional performance associated with Alzheimer's disease and 

other dementias include memory, orientation, judgment and problem-solving, home and hobbies, 

community affairs, and personal care. The seventh category is personal care. The CDR is a five-point 

scale used to classify these various groups. A semi-structured interview with the patient and a 

credible informant or collateral source (for example, a member of the patient's family) is used to 

collect the information needed to generate each rating. Table 1 summarises the findings of this 

interview. 

Table 1: Clinical Dementia Rating 

Score Description 

0 Normal 

0.5 Very Mild Dementia 

1 Mild Dementia 

2 Moderate Dementia 

3 Severe Dementia 

 

The CDR table's descriptive anchors help the physician to assign appropriate ratings based on 

interview data and clinical judgment. A method can generate an overall CDR score and scores for 

each domain. This score is vital for characterizing and tracking a patient's level of impairment and 

dementia as follows: Furthermore, the OASIS-1 dataset had predictor variables types that will be 

defined in the following sections. 
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Socio-Demographic Predictor Variables 

Numerous OASIS-1 dataset variables provided patient sociodemographic data. They list the 

variables in Table 2 below. 

Table 2:Socio-Demographic Predictor Variables 

Variable value Description 

Gender 0 Female 

1 Male 

Age (18, 96) - 

 

Education 

1 High school 

2 HS Graduate 

3 Some College 

4 College 

Graduate 

5 Beyond 

College 

 

Socioeconomic 

Status (SES) 

1 lower 

2 lower middle 

3 middle 

4 upper middle 

5 upper 

 

The CDR table's descriptive anchors help the attending physician to allocate appropriate grades with 

consultation statistics and medical judgment. There is a method for determining the total score of the 

CDR in addition to the ratings for each domain. In the following ways, this score can be used to 

characterize and record a patient's level of impairment and dementia: The OASIS-1 dataset had three 

categories of predictor variables: demographic, clinical, and imaging predictor variables. In the 

following paragraphs, definitions for each of these variable categories will be presented. 

Clinical Predictor Variables, Non-Imagery Data: 

We could also employ other clinical prognostic markers that did not entail imagery omitted from the 

model since three of the four variables (excluding the MMSE) required imagery. The definitions for 

these variables will be supplied in the following text. 

Minimental State Examination (MMSE). This contains a thirty-question examination that is useful 

and reliable for dementia diagnosis [21]. We completed the variables at a rate of 56% (235 out of 
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416). The median was used to fill in the missing values in the data. It included the MMSE in a model 

that did not consider imaging. 

Atlas scaling factor (ASF): (0.88–1.56) (observed). This scaling feature is used to assess estimated 

total intracranial volume (eTIV) data [22].  

Estimated total intracranial volume (eTIV): (1132–1992) mm3 [23]. This calculates the volume of 

the brain contained within the skull. This variable was complete to the letter (416 out of 416). 

Normalized whole brain volume (nWBV): (0.64–0.90) mg (observed). This delivers brain volume 

estimation. 

Preprocessing Step:  

The classifications in the obtained dataset are not evenly distributed. To circumvent this issue, we 

resample using two sampling approaches. Undersampling is the removal of examples from an 

overrepresented class, whereas oversampling is the addition of more cases to an already adequately 

represented class. Local imbalance and spatial sparsity are two characteristics associated with sample 

distribution at the neighbourhood level. Taking these two aspects into consideration, the HVDM 

distance incorporates the weight constants: 

𝑑𝑊
𝐼𝑅,𝑚(𝑥1, 𝑥2) = {

𝑒(𝐼𝑅+)
𝑚

. 𝑑𝐻𝑉𝐷𝑀(𝑥1, 𝑥2), 𝑖𝑓 𝑥2 𝑖𝑠 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑒(𝐼𝑅−)𝑚
. 𝑑𝐻𝑉𝐷𝑀(𝑥1, 𝑥2), 𝑖𝑓 𝑥2  𝑖𝑠 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

                    (1) 

where x1denotes seed and x2 denotes candidate for the closest neighbour. The imbalance ratio, 

abbreviated as IR. Similarly, the weight constants are signified by the symbols f+ and f-: 

𝒇+(𝐼𝑅, 𝑚) = 𝑒(𝐼𝑅+)
𝑚

,                                                                                             (2) 

𝒇−(𝐼𝑅, 𝑚) = 𝑒(𝐼𝑅−)𝑚
,                                                                                             (3) 

Local imbalance: 

A global imbalance ratio, represented by IR, gives a rough depiction of the degree of local 

imbalance. When the quantity of characteristics m is held constant, the weight constantsfulfil the 

aforementioned criteria since IR+ > IR and the exponential function expands in a steady manner. 

𝒇+(𝐼𝑅, 𝑚) < 𝒇−(𝐼𝑅, 𝑚) 

Algorithm 1: SMOTE-WENN  

Input:Tr, the training set; p, the nearest neighbors in SMOTE; k, the no. of nearest neighbors in data 

cleaning methods. 

Output: New_Tr, the training setafter using SMOTE-WENN 

Divide into positive and negative subsets; 𝑇𝑟 = 𝑃𝑜𝑠 ⋃ 𝑁𝑒𝑔; 

Oversample the minority class using SMOTE to balance class distribution;  

𝑁𝑒𝑤_𝑃𝑜𝑠 ← 𝑆𝑀𝑂𝑇𝐸 (𝑃𝑜𝑠, 𝑝)and  

|𝑁𝑒𝑤_𝑃𝑜𝑠| = |𝑁𝑒𝑔|; 
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𝑁𝑒𝑤_𝑇𝑟 ← 𝑁𝑒𝑤𝑃𝑜𝑠  ∪ 𝑁𝑒𝑔 

for 𝑥𝜖 𝑁𝑒𝑤_𝑇𝑟do 

Compare weighted distances according to (3) 

end 

Remove noisy examples using ENN based on the weighted distances: 

𝑁𝑒𝑤_𝑇𝑟  ← 𝐸𝑁𝑁(𝑁𝑒𝑤_𝑇𝑟, 𝑑𝑤,𝑘) 

Feature extraction: 

We divided the 416 observations into 208 slices, each of which comprised 176 voxels by 176 voxels. 

The analysis used 51 of these slices, ranging from 78 to 128. These slices were recovered from the 

original format and placed in a new location as.png files with a single channel (gray-scale). We 

replicated every image with its own set of corresponding classification labels. The images were given 

a random transformation after being padded with three voxels on all sides as part of the modeling 

process. There were only 20,800 MRI images, as opposed to 51 times 416, or 21,216. Even without 

accounting for the one-of-a-kind (and potentially infinite) variations, the total number of voxels in 

the photos exceeds 640 million. 

Classification: 

This paper used four ML approaches to classify Alzheimer's disease. 

Decision Tree Classifier: 

This dataset splits depending on a given constraint to optimize data separation and then displays it as 

a tree [24]. This approach generates a binary tree with two edges for each node. These edges 

determine the most relevant category and numerical features to split based on acceptable impurity 

criteria. Use the Gini and Entropy impureness indices for decision tree categorization. Gini 

represents impurity. 

∑ 𝑓𝑖(1 − 𝑓𝑖)

𝐶

𝑖=1

                                                                              (4) 

Where ndenotes labels and fidenoteslabel frequency.  

∑ −𝑓𝑖𝑙𝑜𝑔(𝑓𝑖)

𝐶

𝑖=1

                                                                            (5) 

Support Vector Machine Classifier: 

Support vector machines are methods for supervised learning that can be used to tackle classification 

and regression problems. We know these machines as SVMs. The conventional support vector 

machine (SVM), currently the most widely used binary classification technique, was applied to 

structural MRI scan pictures for disease prediction. The SVM is a machine learning classifier that 

uses a vector of predictions to translate it into a higher-dimensional plane. We achieve this by using 
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two distinct linear or nonlinear kernel functions. The binary classification problem, according to the 

concept of structural risk minimization [25], involves two classes (+1 or 1), and it is simple to 

determine from one another in a hyperplane. Using training data, SVMs are supposed to build a 

discriminating function capable of accurately classifying new samples (m, n). We can use these in 

conjunction with kernel models to separate data efficiently. As a result, that hyperplane can 

communicate with a nonlinear decision boundary while defining SVMs using support vectors: 

𝑓(𝑚) = 𝑠𝑖𝑔𝑛 (∑ 𝑎𝑖𝑦𝑖 𝐾(𝑠𝑖, 𝑥)) + 𝑤0                                             (6) 

Where K is a kernel term and si is the support vectors and ai is a weight constant [26]. 

Gradient Boosted Tree Ensembles (Gradient Boosting): 

In this, the MMSE and socio-demographic data were used to categorize AD. This model improves 

prediction accuracy by building weaker decision and classification tree models one after the other. 

We have also known this model as a gradient-boosted machine (GBM). A classification tree model 

aims to construct a decision tree capable of delivering a classification vote. We accomplish this by 

dividing the independent variables throughout the model. The Gini impurity or cross-entropy 

equations (Eq. 7 and 8) [27, 28] are commonly employed to determine such splits. In these 

equations, k represents the total number of classes, and pi represents the percentage of total cases that 

belong to a specific class. 

𝐺𝑖𝑛𝑖 𝑖𝑚𝑝𝑢𝑟𝑖𝑡𝑦 = ∑ 𝑝𝑖(1 − 𝑝𝑖)                                                               (7)

𝑘

𝑖=1

 

𝐶𝑟𝑜𝑠𝑠 − 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑝𝑖𝑙𝑜𝑔𝑝𝑖

𝑘

𝑖=1

                                                         (8) 

Using these equations, the splitting algorithm makes an aggressive, greedy attempt to establish 

homogeneity. Pruning keeps the trees from becoming overburdened by restrictive branches, and they 

show its overview in Figure 2. 

 

Figure 2:Overview of classification 
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3.2 Proposed Classification Method: Extra Trees Algorithm (ETA) 

The approach gets its name from the randomness with which we generate each DT. The fundamental 

goal of the endeavor to handle numerically valued features was to lessen the likelihood of the model 

overfitting to the data. The extra trees algorithm's functionality is based on training a set of binary 

decision trees (DTs). The accuracy of the ensemble's predictions can be attributed to the fact that 

each DT should be classified. During the DT training phase, the procedure arbitrarily selects 

numerous data columns without replacing any of them and will attempts to identify which column 

best depicts the data. Each column has a distinct feature that goes deeper into a particular aspect of 

the collected data. We used the Gini index, a derivative of a different scoring approach entirely. We 

rated the various data sets based on their performance on the Gini index. The Gini index is a value 

ranging from 0 to 1 that indicates the likelihood of erroneously classifying the data if we choose a 

classification at random in proportion to what is currently present in the data. This number is a 

percentage that ranges between 0 and 1. Given these considerations, we aim to discover which 

category has the lowest Gini index value. When applied to a specific division, the Gini index is 

defined as follows: 𝐺(𝐴𝑗) = 1 − ∑ (
⌈𝑆𝑖⌉

|𝑆|
∑ ((𝑝𝑖,𝑗)

2
)𝐶

𝑗=1 )2
𝑖=1 where S represents the existing data set, Si 

represents one dataset, C represents the total classifications, and pi,j represents the proportion of the i-

th data subset represented by the j-th classification. 

The structure of the tree is then built recursively using the same fundamentals until one of the three 

conditions is met: 

1. All class labels in the node's subset of data are the similar. 

2. The node receives fewer rows than a specific limit. 

3. Each column of data has only one distinct value. 

After a stopping state, we returned the probability distribution and data set class label frequencies. 

The distribution removes outliers. Thus, we may weigh each ensemble tree's vote. Repeat the process 

m times to train m trees. In "Algorithm 1," we employ a high-level pseudo code to train a single DT. 

___________________________________________________ 

Algorithm 1: Procedure of ETA 

________________________________________________________ 

Input: Training set S. 

Output: E = t1, ..., tm 

1 Function Construct required no.of trees (S, k, m, n) 

2 if |S| ≤ n or all classes in S are constant then 

3 return class frequencies 

4 else 
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5 A random selection of k (non-constant valued) attributes, {a1,..., ak}, from all of the candidate 

attributes in S is to be made without replacement. 

6 Producek splits, {s1, ..., sk} 

7 Choose s' so that it fulfils the following equation: Score(s', S) = maxi1,...,k Score(si, S),  

8 From s’, split S  

9 Considertl= Construct extra tree(Sl) and tr= (Sr) 

10 Generate a node N with the split s’ 

11 end 

12 return N 

 

4.   Results and Discussion:  

In this case, we resolved every classification issue using Windows 10, Python 3.6, and the Scikit-

learn module version 0.19.2. We separated participants in this study into two groups: those who had 

dementia and those who did not. As a result, to validate our proposed solution, we used Anaconda 

for Python and TensorFlow on a computer with 8 gigabytes of random access memory and a 

graphics processing unit with Intel HD 6000 1536 megabytes. Due to the small amount of the 

dataset, 5-fold cross-validation is used.  

F1-Score is a prominent measure for assessing the precision of binary classification. The score is 

calculated using both recall and precision. When computing recall, the denominator includes all 

similar samples that must be true, while the numerator includes the total number of correct, true 

outputs. Furthermore, the precision is calculated by dividing the total number of correct outcomes by 

the number of correct results produced by the classifier. The F1-score should be set to 1 for the best 

potential results, according to Equation (9). 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 
× 2                                                   (9) 

Precision: Because we want to have faith in our forecast, accuracy is highly useful because it shows 

us what proportion of the values expected to be positive were positive, as shown by Equation (10). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                             (10) 

Recall:t is also used in binary classification to validate the positive examples found. The true 

positive rate, also called recall, is used to represent the percentage of people who are infected with a 

disease. Equation (11) can be used to determine the recall percentage. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                (11) 

Accuracy:The term accuracy can be used to calculate the proportion of correct classification of all 

observations. To establish the precision, equation (12) is used. 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
                                                          (12) 

The words True Positive (TP), False Positive (FP), True Negative (TN), and False Negative (FN) 

have been used to refer to symbols in the equations presented. 

 

 

Figure3: Count of patient ID 

Table 3: classification for each method in minority class for Accuracy, Precision, Recall, and 

F1-score 

Model Accuracy Precision Recall F1-score 

SVM 0.78 0.87 0.68 0.77 

DT 0.79 0.84 0.77 0.80 

GB 0.84 0.86 0.83 0.85 

Proposed ETA 0.88 0.93 0.85 0.89 

 

Figure 4 depicts the image classifier's performance evaluation. We evaluated the performance using a 

variety of algorithms. The four algorithms studied and compared were SVM, DT, GB, and ETA. 
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SVM, DT, GB, and ETA were found to have accuracy values of 0.78, 0.79, 0.84, and 0.88, 

respectively. Precision levels for ETA range from 0.93 to 0.84, with 0.93 being the highest and 0.84 

being the lowest for the DT model. The ETA model has the highest potential recall value of 0.85, 

while the DT model has the lowest possible value of 0.77. For the f1-score analysis, the SVM, DT, 

GB, and ETA values were 0.77, 0.80, 0.85, and 0.89, respectively. 

 

Figure 4: Performance comparison of proposed work and state-of-the-methods for four metrics 

When the suggested model is analysed based on accuracy and loss for number of epochs, the 

accuracy improves but the loss improves less as depicted in Figures 5(a) and 5(b). 

 

(a)                                                                      (b) 

Figure 5: Training and validation accuracy and loss for proposed work 

Figure 6 is the receiver operating characteristic (ROC) curve that shows the AUC of our work is 0.99 

for all of the 5 folds. 
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Figure 6: AUC curve for ML approaches 

Conclusions: 

Using machine learning and data mining techniques to detect and diagnose a wide range of ailments 

would greatly benefit medicine and healthcare research. The most common myth regarding 

Alzheimer's disease is that it is a degenerative disorder that cannot be cured and ultimately results in 

neuronal cell death. Regarding Alzheimer's disease categorization, the machine learning technique 

has seen tremendous success in the medical sector, and it does not require any handmade feature 

extraction strategy to accomplish this accomplishment. We propose SMOTE-WENN, a hybrid 

resampling strategy, as a solution to the problem of restricted sample sizes resulting in imbalanced 

data classification in this study. SMOTE-WENN can save a significant proportion of both good and 

bad examples of safe behavior. This exploits the WENN distance scalings for positive and negative 

candidates whose nearest neighbors are different. The results of the experiments reveal that the 

proposed designs are appropriate examples of basic structures that minimize the complexity of 

computational time, memory requirements, and overfitting and provide more efficient time. 

Furthermore, 2D multi-class AD stage classifications reach highly promising accuracy levels, 

93.61%, and 95.17%, respectively. 
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