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Abstract: 

Alzheimer diseases are very hard to identify at beginning stage and also medication is available. 

So, the only way to protect those people is to predict the Alzheimer disease before it reaches the 

peak. More studies in diabetes show that there is a link between Diabetes and Alzheimer. Initially 

the prediction of diabetes is done using most relevant parameters, which detects the Diabetes. Then 

the severity level of diabetes is identified using some scoring levels. Based on scoring levels of 

diabetes, it is classified in to Type1 and Type2 using Machine Learning algorithms. When Diabetes 

reaches a worst case, it may affect any organs in the human body, whereas Type 2 Diabetes has 

associated with rare diseases which literally affects the brain and leads to cognitive impairment.  

After predicting the patients having cognitive impairment by applying classification algorithms 

are further examined to check whether it leads to Alzheimer disease. For this prediction the most 

relevant parameters which are common to Diabetes and Alzheimer is identified. Further identified 

parameters are used for prediction of Alzheimer disease with high accuracy which is helpful for 

taking precaution measures. In this proposed work, the most relevant features are selected using 

Pearson correlation-based feature elimination method and the diagnosis of the diabetes are carried 

using the Graph convolutional neural network (GCN). The measures of performance of the 

proposed work are calculated with various factors like Sensitivity measure, Recall, Precision, F-

Measure. Proposed has achieved highest of 98.91%, 97.01%, 98.62%, 98.91% in above metrics. 

Key words: Diabetes, Alzheimer diseases prediction, Pearson correlation, Graph convolutional 

neural network, ML Techniques.  



1. INTRODUCTION: 

Dangerous disease called Alzheimer (AD) is caused due NeuroBrain disfunction by memory 

damage. Across world 40 million people are suffered [1] due to memory loss. Dementia can be 

categorized as Alzheimer, dementia, temporal dementia and dementia with abnormality of deposits 

in brain [2]. Of all these Alzheimer diseases is the common and widely spread disease [3]. Mild 

cognitive impairment (MCI) and AD are considered as intermediate stage between the healthy life 

and dementia. There is various classification methods used in AD prediction. Liu et al., [4] stated 

a weighted multiple kernel learning (MKL) for classifying the AD with multi modalities.  Zhu et 

al., [5] stated about joint regression with classification (JRC) approach for diagnosing the AD / 

MCI using the different modalities of the data. Xu et al., [6] proposed (mSRC) to discriminate AD. 

To classify the AD /MCI, Li et al., [7] proposed multimodal discriminative dictionary learning 

(mSCDDL) algorithm with the extension of supervised dictionary learning.  Recent research 

proves that there is a relation between the type 2 diabetes and AD [8].  It is also observed that the 

persons having diabetes also have dementia than the person without diabetes [2].  

Diabetes is one of most prominent among all the age groups. The diabetes patients are increasing 

due to lack of diet and physical activities of the human population. A person working with more 

stress and work pressure causes diabetes in young age. The various pathological characters 

compared between the islet and brain resembles both are interlinked in some circumstances. 

Cognitive impairment or dementias are considered as late effects of diabetes which results in 

Alzheimer disease. Dementias are considered as irregular brain functionality.  

A machine learning algorithm proves its ability in complex medical situations. The various 

machines learning models such as SVM, Logistic regression technique as well as bootstrapping 

have been used for predicting the AD through diabetes diagnosis. Even though more researchers 

are contributing on predicting the AD, there is a lack of accuracy during early prediction of AD 

through type 2 diabetes.  In our research, we chose machine learning for prediction and 

classification of diabetes 2. When compared to other techniques, machine learning works 

efficiently and its prediction time was very less. Graph convolutional neural network is 20th century 

neural network used in various real time classification models. Diabetes is severe diseases which 

leads various disorders in future like weight loss, eye dysfunction, and memory loss and heart 

problems. It is important to predict as early for treatment. Various researches are focused on 

diabetes prediction. This motivates us on to perform research in diabetes prediction to identify the 

Alzheimer possibilities of the patient using diabetes data.  

1.1 Objectives: 

There is a study in diabetes which shows that there is a link between Diabetes and 

Alzheimer. Hence the diabetes diagnosis is performed using our previous work methods. Once the 

type of diabetes disease is diagnosed as type 1 or type 2, then the parameters involved in the 

diagnosis are chosen by proposed machine learning based feature selection model. Based on the 



significant features, the Alzheimer disease is classified using the proposed deep graph 

convolutional method.  

1.2 Paper Contribution: 

In this research manifesto, we explore the early treatment of AD based on the treatment for 

diabetes by following steps given: 

(i) Preprocessing to remove noise and missing data using the method called binning,  

(ii) Proposed a feature selection approach uses Pearson Correlation based feature 

elimination with recursive nature (PCFER)  

(iii) Classification of AD from diabetes diagnosis is done using deep learning algorithm 

called Deep Graph convolutional neural network (DGCN).  

Rest of the paper is ordered with five chapters. Chapter 2 describes about the related research study 

and techniques. Chapter 3 describes about proposed methodology and its working principal. 

Chapter 4 explains about result achieved and the evaluation made. At last, Chapter 5 gives the 

conclusion with the work with future more possibilities.  

2. LITERATURE REVIEW 

M.S.Roobini and Lakshmi [9] analyzed the various classification algorithms for Alzheimer disease 

diagnosis. They analyzed the ML techniques like Support vector machine (SVM), logistic 

regression, decision tree algorithm, random forest methodology, and neighbor classifier. Patient’s 

visits to diagnosis of disease are counted. Later, performance of the classification algorithms is 

analyzed using performance measures. Their analyzed results, shows that the logistic regression 

classification algorithms obtained high accuracy of 73%. Khan and Usman [10] reviewed about 

the recent research on early treatment of AD using ML algorithms. They compared approaches 

used in terms of different modalities and also, they compared factors such as preprocessing, 

number of features using feature selection and accuracy on predicting the disease. Shahbaz et 

al.,[11] analyzed six data mining methods such as k nearest neighbor (knn), Rule of induction, 

Decision making tree, generalized linear model (GLM) , Naïve Bayes techniques and deep learning 

techniques. They used ADNI medical information for analysis. They reported that among the 

algorithms, GLM performs better and classify the AD with the accuracy of 88.24%.  

Farhan et al., [12] described the ensemble method of diagnosis of Alzheimer using the brain 

images. This approach can detect the disease status at earliest. They experimented dataset called 

OASIS which consists of the patient’s detail with age of 85. The selected features are GM, CSF, 

size of hippocampus and WM. They used three techniques such as Support Vector Machine, Multi-

Layer perceptron and J48. This ensemble technique is called as majority voting. Individual data 

features and combined data parameters are input for the classifier with tenfold cross validation. 

The accuracy of 93.75% was obtained with left hippocampus feature and the sensitivity and 

specificity were 100% and 87.5% respectively.  



Taeho et al. [13] analyzed the deep learning and neuro imaging data for the classification of 

Alzheimer disease. They reviewed the articles from 2013 to 2018 and also evaluated the 

algorithms.  Stacked auto encoder (SAE) based feature selection obtained the accuracy of 98.8%, 

MCI (mild cognitive impairment) obtained 83.8% of accuracy. Machine learning techniques such 

as convolutional and recurrent neural networks give accuracy as 84.2%. While combining the 

multi- model Neuro imaging and biomarkers, the best performance of the prediction has been 

obtained. Kruthika et al., [14] proposed multi stage classifiers for identification of dementia. They 

used ML techniques such as Naïve Bayes technique, KNN, and SVM for analysis. Further, MRI 

was used as powerful tool of analyzing this MRI images. To find best features of AD, the feature 

selection method called Particle Swarm Optimization is used. Here, dataset is taken from 

Alzheimer's Disease Neuroimaging Institute (ADNI). 

Naganandhini et al., [15] proposed a decision tree-based AD prediction scheme.  The proposed 

decision tree with hyper parameters is evaluated with OASIS dataset. They identified the brain 

abnormality attributes of the AD patients. Further, evaluation is done using various method of 

metrics such as recall etc. Their proposed approach obtained 99.10% of accuracy on AD 

prediction. The medical image analysis with respect to AD prediction through the structural MRI 

has been studied in Trojacanec et al., [16]. They extracted the smaller number of features from 

MRI measures. These features consist of the volume and thickness of brain.  The feature subset 

was selected using the Correlation Selection of Features (CFS) methodology. They used the 

OASIS Imaging Studies dataset Adaszewski et al., [17], Demirhan [18]. ML methods like BP-NN 

are used in the prediction. Kalbkhani et al., [19] predicted the AD using detail coefficients of DWT 

with two level and also used GARCH model (generalizing the auto-regressive conditional 

Heteroscedasticity) for the parameter selection. They used KNN and SVM for classification. Güzel 

et al.,[20] used Naïve bayes and KNN for the detection and obtained 96% of accuracy.  Some of 

the recent research on AD prediction and its metrics are listed in Table 1. 

Paper Methods used Description 

Park et al., 

2020 [21] 

AD prediction on large scale health 

data using various learning meth 

ologies like random algorithm, 

SVM, and bootstrapping. 

To diagnosis the AD, they used two 

operations such as definite AD and 

probable AD. They used Korean 

national health insurance large scale 

data for processing. Using Random 

forest, relevant features such as 

hemoglobin level, age and urine protein 

level were selected for early diagnosis. 

The model has been evaluated with 

various metrics such as AUC, sensitivity 

and specificity. 

Wu et al., 

2018 [22] 

Type 2 diabetes prediction called 

T2DM using improved version of K 

Type 2 DM has been predicted using the 

preprocessing steps and data mining and 



means and logistic regression 

techniques.  

ML algorithms. The evaluated database 

was (PIMA) with WEKA tool.  They 

obtained 3% of improved accuracy than 

other existing algorithms.  

Luo et al., 

2016 [23] 

DM screening is done using pair-

wises and size-constrained based K-

means (PSCK means) algorithm.  

They developed a tool in medical field 

for risk stratification in clinical diseases. 

Tigga et 

al.,2020 [24] 

Type 2 DM prediction using KNN, 

Logistic regression, SVM, Decision 

Tree, Random forest 

They collected real time data of 952 

instances with 18 questions related to 

health, family background and lifestyle. 

And they also used Pima India dataset 

and concluded that random forest 

classifier obtained high accuracy than 

existing model. 

Swapna et. 

Al., 2018 [25] 

Detection of DM is done by deep 

learning techniques. (CNN) and 

(LSTM) used in classification.  

Feature selection is done using 

Support vector machines (SVM). 

They use electrocardiogram (ECG) 

signals to detect the diabetes. Their 

evaluated result was 95.7% accuracy.  

Choubey et. 

Al., 2017 [26] 

Hybrid algorithm of genetic based 

algorithm with involves radial basis 

NN function was used in 

identification of DM. 

Model implements using GA in features 

extraction and RBFNN in data 

classification. The hybrid approach 

performs better than RBFNN alone 

used.  

Zou et al., 

2018 [27] 

They used PCA and mRMR 

(minimum redundancy minimum 

relevance) for feature extraction and 

Random forest, J48 and ANN for 

classification.  

Their evaluated results concluded that 

mRMR based feature selection performs 

better than PCA with high accuracy.  

Kopitar et al., 

2020 [28] 

Prediction of undiagnosed T2DM 

using Glmnet, RF, XGBoost, 

LightGBM 

They predicted fasting plasma glucose 

level with 100 bootstrap iterations. The 

model obtained low RMSE with high 

accuracy of prediction.  

Li et al., 2018 

[29] 

Alzheimer’s disease prediction 

using (MKSCDDL) 

Using the proposed method, they 

differentiate AD and MCI from 

cognitively unimpaired (CU).  From 

(ADNI) database, proposed work 

obtained high quality on early diagnosis 

using neuroimaging data using 

tomography and sMRI.  



Chung et al., 

2019 [30] 

CNN applied on four classification 

such as AD vs NC, pMCI vs. NC, 

stable sMCI vs. NC and pMCI vs. 

sMCI h 

For AD vs NC, unsupervised method 

called Convolutional auto encoder 

(CAE) used.  

For pMCI vs. sMCI, supervised method 

with transfer learning used.  

For AD and pMCI, gradient based 

visualization method used  

They used ANDI database for 

evaluation. they identified temporal and 

parietal lobes are the source for 

classification  

                               Table 1: Recent research on AD and Diabetes prediction 

3. PROPOSED METHODOLOGY 

Diagnosing the Alzheimer disease (AD) is done based on the parameters involved in the diabetes 

disease. Those parameters / features are needed to be selected with efficient method to improve 

the prediction accuracy. The efficient feature selection and classification will improve the clinical 

validation, cost of disease diagnosis. Feature Selection (FS) is a process that could for selecting 

the subset of relevant parameters from Diabetes data which improve the classification performance 

by reducing feature set. To select a relevant characteristic of these features for improving the 

system performance, feature engineering used.  The main goal of feature engineering is to prepare 

the input dataset that is compatible with deep learning algorithms in aiming to improve the machine 

learning performance and classification. The proposed architecture as given in Fig 1. The 

information’s is separated into training and testing information based on the cross-fold validation 

with the ratio of 80:20. The raw input data set are preprocessed to remove the redundant and noise 

using the normalization technique. In this paper, feature engineering process divided into three 

categories such as (i) preprocessing to remove noise and missing data using the method called 

binning, (ii) proposed feature selection approach based on Pearson Correlation based feature 

elimination with recursive nature (PCFER) and (iii) classification using deep learning algorithm 

called Deep Graph convolutional neural network (DGCN). Compare to the existing diagnosis 

system, this proposed approach will reduce the feature set which will be improving the 

classification and minimize computation cost and rate of error.  



Fig 1: Overview of proposed AD diagnosis 

3.1 Preprocessing:  

The raw input data set are complex to process due to noise and missing values. It is also difficult 

to process the dataset with whole features of numeric and non-numeric data. Hence, the raw input 

data are to be preprocessed before proceeding for further analysis improvement.  Initially the 

symbols in the data are to replace with the unique numeric value using the mapping function 

available in python library which is mathematically represented using the logarithmic Equation 

[29] of the dataset X which is represented inEqn (1). 𝑋𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 = log (𝑋𝑖 + 1) (1) 

The data features having missing values may also have some useful information. Avoiding the 

missing values data may affect the performance of the classification. Those missing values are 

handled using the binning method. In this method, the data are smoothened and the missing values 



are handled. Initially, the data are sorted and distributed to the number of buckets called bin. Later, 

small intervals replaced with the common value computed for those respective bins.  In this work, 

equal width binning is used to smoothen the data. The width of bin is equal to range of bin as 

defined in Eqn (2) 

[min +1v],[min+2v]…[min+nv]   (2) 

where,  𝑣 =
(𝑚𝑎𝑥−𝑚𝑖𝑛)𝑛𝑜𝑜𝑓𝑏𝑖𝑛𝑠             (3) 

3.2 Pearson Correlation based Feature Selection in Recursive form (PCFSR) 

The normalized data are set as input information for feature selecting. This phase identifies 

relevant parameter data subset using proposed feature selection algorithm. In this proposed system, 

we use hybrid feature selection approach called Pearson Correlation based FSR. It is a combination 

of filter with wrapper methods. Compare to the normal feature selection algorithms, optimization-

based feature selection algorithms are proven to be best to improve the classification accuracy with 

reduced number of feature sets. Pearson Correlation is the relationship between the data in the 

range of [-1,1] i.e, 1 represents as positive in correlation, 0 means without correlation and - 1 

indicates negative correlations of the data. Compare to the other feature selection machine learning 

models remove features at each step, PCFSR removes the irrelevant data at once. Due to this factor 

of hybrid approach, it is faster than filter, wrapper and embedded FS methods. The Correlation 

Coefficient of the features are calculated using the Eqn (3).  

𝑃𝐶𝑜𝑟𝑟𝑥𝑖,𝑦𝑖 =
∑ (𝑝𝑖−�̅�)(𝑞𝑖−�̅�)𝑚𝑖=1√∑ (𝑝𝑖−�̅�)2𝑛𝑖=1 √∑ (𝑞𝑖−�̅�)2𝑛𝑖=1 (3) 

Where here, 𝑥𝑖, 𝑦𝑖 – features for correlation consideration. The value of this falls in the close 

interval [-1,1]. Then value close to -1 or 1 represents the strong feature sets and 0 indicates weak 

relationship of the two features.  Once the features are correlated, a threshold value is used to rank 

the features. The features obtain minimum rank will be removed. The feature elimination process 

is represented as Eqn (4) 

𝑃𝐶𝑅𝐹𝐸(𝑥𝑖) = ∑ (𝑦𝑖,𝑗 − ∑ 𝑃𝐶𝑜𝑟𝑟𝑥𝑖,𝑦𝑗 × 𝑥𝑖𝑑𝑗=1 )2𝑛𝑖=1 (4) 



Algorithm 1: 

Input: Normalized data set D, size of dataset N and number of features n,  

Output: Optimized feature subset 

Step 1: preprocessing D using Eqn (1) and Eqn (2) 

Step 2: For i =1 to N 

Step 3:      For j = 1 to n 

Step 4:  Compute the correlation coefficient of the feature using the Eqn (3) 

Step 5:  Eliminate the features using the PCFSR Eqn (4) 

Step 6:  If (𝑃𝐶𝐹𝑆𝑅(𝑥𝑖) ≥ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then 

Step 7:   Add the features into the subset 

Step 8:  End if; 

Step 9:        End for; 

Step 10: End for 

3.3. Classification using Deep Graph (DGCN) 

Classification structure with traditional (CNN) is constructed by alternative arrangement of 

convolution and sampling layers. The pooling layer of this CNN will lose some feature information 

while the input features are not prominent which will lead to reduce the learning capability of the 

network. Hence, the traditional CNN will not sometimes be suited for accurate classification.  

In contrast, the graph CNN is type of learning technique established for accurate categorization of  

area in image processing, data mining and cloud computing. It will efficiently extract the data from 

sample training set which can increase accuracy of data classification. It can also add more image 

processing-based CNN [30]. It will be represented in the form of graphs and process the data that 

cannot process by the CNN. This will transfer the convolution data into the graph. The available 

nodes present here in this graph linked with hierarchical structure with spatial data domain which 

is called as convolution learning. Laplacian matrix is formed using the spectral decomposition 

method that can convert the parameter vectors into the data domain. The convolution of the graph 

is formed with the spectral domain point multiplied with inverse Fourier transform. GCN can also 

allow learning on structured information and parameters. This learning helps to extract features of 

the graph network.  

The relationship of spatial domains is represented in adjacency matrix 𝐴 ∈ 𝑅𝑁×𝑁.  Further, spatial 

relationship between the central and neighbor nodes in the graph are determined through the 



spectral similarity and spatial domain.  If  𝑎𝑖 node is adjacent to 𝑎𝑗 node, then edge that connecting 

these nodes have the weight 𝑎𝑖𝑗 ∈ 𝐴. These adjacency between the nodes are declared as in Eqn 

(5),  

{𝑎𝑖𝑗 = 0   𝑖𝑓𝑎𝑖𝑖𝑠𝑛𝑜𝑡𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑡𝑜𝑎𝑗𝑎𝑖𝑗 = exp (− ||𝑎𝑖−𝑎𝑗||𝜎𝑤2 )
(5) 

Where” 𝜎𝑤2  “represents range of weight. The graph convolution consists of the three phases: (i) 

characteristic details of the node are extracted, (ii)Each node collects this information from the 

next neighbor node and forms the local structure, and (iii) to perform non-linear transformation 

from the previous node information to increase the ability of the expressive model. This graph 

convolution then aggregates the neighbor node data to form a new representation. To aggregate 

the spatial information, this graph convolution is the base object. It is represented in Eqn (6) 

𝑍 = 𝑔(𝐻, 𝐴) (6) 𝐻(𝑖+1) = 𝜎(𝐿𝐺𝐻(𝑖)𝑊(𝑖)), 𝐿𝐺 = 𝐷 −12𝐴 −12 (7) 

Where, 𝐻(𝑖)- feature of the layer i from algorithm 1, 𝜎- activation function, 𝑊- learnable 

parameter, 𝐿𝐺- Laplacian matrix, 𝐷 - degree matrix and 𝐴 - A+I and I- Identity matrix. In order to 

reduce the loss during the training process, the W is continuously adjusted to optimize the output 

as in Eqn (8), 𝑂 = ∑ 𝑙𝑜𝑠𝑠(𝑔(𝑋𝑖𝐺 , 𝐴), 𝐺𝑇𝑖)𝑛𝑖=1 (8) 

The overall structure of proposed work is given in Fig 2. Workflow of our proposed feature 

selection-based classification model is shown in Fig 3.  

Algorithm: 2 

Input: Dataset D, feature subset  

Output: classification result of AD 

Step 1: collect feature subset from algorithm 1 

Step 2: the graph nodes are constructed and it is called as V. use the features X to initialize the 

graph node contents as 𝑋𝐺 = [𝑋1𝐺 , 𝑋2𝐺 , … 𝑋𝑘𝐺]𝑇 ∈ 𝑅𝑘×𝐷. 



Step 3: Graph edges are constructed and it is called as E by considering the first order adjacency 

relationships. Calculate the strength of the edges as w.  

Step 4: once training over, classify the graph nodes with DGCN.  

Step 5: return the classification result       

Fig 2: Proposed model of Deep Learning for Alzheimer disease diagnosis. 



Fig 3: Workflow for proposed algorithm 

4. RESULT AND DISCUSSIONS: 

This portion describes about experimented results of proposed deep learning approaches. The 

proposed algorithm is evaluated by the terms of the evaluation metrics like accuracy, recall, 

precision, F1 score and recall.  These metrics are evaluated using the python scikit learn library.  

4.1 Evaluation Metrics: 

The accuracy of classification is computed based on various metrics like True Positive, False 

Negative, True Negative and False positive. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(%) =
𝑇𝑁+𝑇𝑃𝑇𝑁+𝐹𝑁+𝑇𝑃+𝐹𝑃 (9) 

Precision:  The measure of data samples with diabetic is classified from total data samples in data 

set. 



𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃𝑇𝑃+𝐹𝑃 (10) 

F - Measure:   The measure of average from Precision and Recall using following Eqn (11) 𝐹 −𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 (11) 

4.2 Diabetes Mellitus Dataset Description: 

The dataset Pima Indians dataset of Diabetes is collected for evaluation from UCI database 

[31]. The ultimate goal of proposed work is predicting diabetes patient accurately with more 

disease features. These diabetes patients are prone to Alzheimer diseases in future.  The data set 

contains samples of 768 with 15 attributes and it also contain 1 attribute class which has a binary 

value of 0’s or 1’s. if attribute class is 0, then diabetes is resulted as negative or else if attribute 

class is 1, then diabetes is resulted as positive for patient. The data set attributes with description 

is given in Table 2.  

Features / 

Attributes Number

Features / Attributes 

i. Number of times the patient pregnant (NTP) 

ii. Concentration of Plasma Glucose content (PGC) 

iii. Diastolic Blood Pressure value (mmHg) (DBP) 

iv. thickness at skin-fold of Triceps (mm) (TSFT) 

v. s-h insulin at serum (mu U/mL) (H2SI) 

vi. Mass index of Body (kg/m2) (BMI) 

vii. Functionality of Pedigree for Diabetes (DPF) 

viii. Patients age limit 

ix. Class 1 and Class 0 (type 2 diabetes disease Diagnosis) 

                                 Table 2: Pima Indian Diabetes Dataset attributes 

The evaluated results based on the accuracy and training time of various algorithms are shown in 

Table 3. For comparative analysis, the existing methodologies like naïve bayes, sSVM, SMO, J48 

as well as KNN are used.  



Algorithms 

Classification Accuracy (%) 

Training 

time (s) 

Correctly classified 

data 

Incorrectly 

classified data 

Naïve Bayes 83.1 10.4 1.82

SVM 91.24 5.2 0.68

SMO 88.92 3.28 1.03

J48 86.43 7.62 1.84

KNN 89.953 13.02 1.65

Proposed 

PCFSR+DGCN 98.76 0.263 0.03

              Table 3: Accuracy and Training time comparison of Existing vs Proposed method 

Fig 4 illustrates the correctly and incorrectly classified data of various Existing and proposed 

algorithm. The evaluated results clearly show that the highest percentage of 98.76% obtained by 

proposed algorithm on classifying the diabetes data and low percentage of 0.263% obtained by the 

proposed approach on incorrectly classifying results compared to other algorithms. The lowest 

performance was secured by Naïve Bayes on correct classification. The Fig 5 illustrates the 

minimum training time obtained by proposed algorithm of 0.03s on training the diabetes data using 

deep neural network and maximum training time secured by J48 based training.  The evaluation 

in terms of the evaluation metrics are given in Table 4.  

Fig 4: Accuracy comparison of proposed vs existing algorithm 
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Fig 5: Comparison in terms of training time  

Algorithms Sensitivity Precision F-Measure

Naïve Bayes 92.01 82.8 82.67 

SVM 89.02 86.03 86.93 

SMO 88.04 88.92 89.01 

J48 88.45 87.01 86.82 

KNN 88.51 90.74 91.82 

Proposed 

PCFSR+DGCN 98.91 98.62 98.91 

Table 4s: Performance comparison of Existing vs proposed approaches 
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Fig 6: Performance evaluation of propose approaches 

With the observation of the illustration and comparison from fig 6, our proposed approach obtains 

high precision and accuracy of 98.62% and 98.76% respectively, which is higher than other 

existing approaches. Based on all the kind of comparison and evaluation our proposed algorithm 

gives promising results on correct classification of diabetes patients with relevant parameter 

selection. This improves the diagnosis of the system performance by communicating patients with 

the correct result. The correct diagnosis of patients’ diet, sport, and blood glucose level are shared 

to the patients for better diagnosis of their disease. Hence, our proposed algorithm is effective and 

efficient to classify the data with the identification of the features that will leads to Alzheimer 

disease classification.  

5. CONCLUSION AND FUTURE WORK: 

More research studies show that diabetes may leads to other diseases cognitive impairment, 

memory loss, vitamin deficiency, Alzheimer disease, heart attack, kidney failure etc. In this 

research we use the machine learning algorithm to classify the diabetes which leads to Alzheimer 

disease.  The features in data set of patients such as NTP, PGC, DBP, Class 0 or 1, BMI, DPF 

helps to measure diabetes level and predict the occurrence of Alzheimer diseases in future. The 

Pearson correlation-based feature elimination using recursive function selects the diabetic patient 

with accuracy who may prone to Alzheimer diseases. Graph convolutional neural network classify 

the diabetic patient with high precision and recall. The accuracy of our prediction is 98.76%, which 

is helps medical world to prescribe proper medicine and diet for patient.  
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