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Abstract 

An identification of Alzheimer’s disease using knowledge data discovery methods has exposed hopoful results, 
but fruitful application in clinical settings needs a collection of optimal accuracy level, less time consumption with 
generalizability to populations. Here, the system proposed has Image enhancement techniques with instance based 
classification approaches. This research works finds that image feature extraction technique such as Auto color 
correlogram Filter techniques on Alzheimer’s images dataset by implementing the KNN classifier with linear 
Nearest Neighbor (LNN) search algorithm using Euclidean distance function model gives 84% of accurateness 
level, 0.56 of Cohen’s kappa coefficient  value, 0.84 of Positive Predictive Value, 0.84 of Hit Rate value, 0.84 of 
F1-Score value, 0.56 of Matthews connection coefficient value, 0.82 of receiver functioning characteristic curve 
value and 0.83 of Area Under Curve of Precision Recall and it takes time consumption as 0.01 seconds to build a 
model which is produced an optimal results based on their performance compare with other models. 

Keywords: Auto Color Correlogram Filter, KNN, Linear NN Search, Alzheimer’s disease, and Euclidean 
distance function 

I Introduction 

Alzheimer’s disease is a chronic, permanent neurodegenerative illness that sources amnesia, cognitive 
impairment, and the gradual loss of various additional brain utilities as well as day to day living independence 
[1,2,3]. Alzheimer's disease is predicted the number of people to rise from 47 million to 152 million, , medical, 
posing major economic and societal ramifications in the year of 2050.[4]. 

Research of Alzheimer ’s disease connected changes in the brain have been made possible recognitions to brain 
magnetic resonance imaging. Random forests [6], support vector machine (SVM) [7], and boosting algorithms [8] 
are just a few of the potential machine learning applications that have used MRI for AD prediction [5]. 

The following is how the rest of the paper is structured: Section 2 shows the connected works; section 3 displays 
the materials and techniques; section 4 provides the results and discussions; and lastly, section 5 shows the 
conclusion. 

II Literature Survey 

Manual selection is time-consuming and labor-intensive, and it is prone to subjective errors. Image 
features may be automatically extracted when a CNN model is trained with MRI slices, removing the requirement 
for manual feature selection during the learning process. [10,11] For Alzheimer's disease diagnosis utilising brain 
MRI data processing, Islam and Zhang [11] developed an ensemble of three deep CNNs with slightly varying 
topologies. 20 white matter and GM slices from MR images with major brain structures were chosen in 2019 to 
sequence an metae of Convolutional Neural Networks [12]. A full MR brain images into several local areas and 
made a number of 3D patches from each region. The scientists then used the K-Means clustering approach to 
group the patches from each region into various clusters.[9] 

In particular, the CNN-EL was distinct from the previously described approaches, which merged deep learning 
with ensemble learning to evaluate MRI data for diagnosing Alzheimer's disease in the base classifiers. [13-27]. 

III Materials and Methods 

In this segment concentrations on the Materials and methods on this research work. Alzheimer’s dataset rented 
from Kaggle repository. The below table shows that the description of the borrowed dataset. 
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S.No Category Actual 
Image Size 

Processed 
Image Size 

Number of 
Images 

Sample Size               
(Random with balanced 

data) 

1 Non Demented 176x208 256x256 1792 500 

2 Very Mild Demented 176x208 256x256 2560 500 

3 Mild Demented 176x208 256x256 717 500 

4 Moderate Demented 176x208 256x256 52 500(synthesized) 

Total   2000 

Table 1: Meta data of Dataset 

Methods: 

The following method are applied in this research work.[24-27] 

1) Borrowed dataset 
2) Data preprocessing 
3) Apply Auto Color Correlogram  Filter 
4) Apply for KNN machine learning algorithms using Linear Nearest Neighbor Search in below Distance 

functions: 
a) Euclidean distance function 
b) Chebyshev distance function 
c) Filtered distance function 
d) Manhattan distance function 
e) Minkowski distance function 

5) To get Optimal results 
6) Find a best Model 

This work follows the above methods in weka 3.9.5 open source software with 10:90 fold cross validation to 
produce innovative model. 
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Figure 1: Proposed System 
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1 Euclidean 
Distance 

84.00% 0.56 0.84 0.84 0.84 0.56 0.82 0.83 0.01 
 

2 Chebyshev 
Distance 

83.10% 0.52 0.82 0.83 0.83 0.53 0.83 0.84 0.01 
 

3 Filtered 
Distance 

82.85% 0.53 0.82 0.83 0.83 0.53 0.82 0.83 0.20 
 

4 Manhattan 
Distance  

83.75% 0.55 0.83 0.84 0.84 0.56 0.82 0.83 0.00 
 

5 Minkowski 
Distance 

84.00% 0.56 0.84 0.84 0.84 0.56 0.82 0.83 0.03 
 

Table 2: Performance of various distance functions on IBK with Linear NN Search 

The above table shows that Instance based classifier produces optimal measurements using 
Linear NN search algorithm with various distance functions.  

 The KNN (IBK) classifier with Linear NN Search in Euclidean distance produces 84% of 
accuracy level, 0.56 of Cohen’s kappa coefficient  value, ,0.84 of Positive Predictive Value,0.84 of Hit Rate 
value,0.84 of F1-Score value,0.56 of Mathews correlation coefficient value,0.82 of Area Under Curve of Receiver 
Operating Characteristic Curve value, 0.83 of Area Under Curve of Precision Recall and it takes 0.01 seconds 
time consumption to produce this model. 

 The KNN classifier with Linear NN Search using Chebyshev distance function produces 84% 
of accuracy level, 0.56 of Cohen’s kappa coefficient  value, 0.84 of Positive Predictive Valuevalue,0.84 of Hit 
Rate value,0.84 of F1-Score value,0.56 of Mathews correlation coefficient value,0.82 of Area Under Curve of 
Receiver Operating Characteristic Curve value, 0.83 of Area Under Curve of Precision Recall value and 0.01 
seconds takes to produce this model. 

 The KNN classifier with Linear NN Search by implementing Filtered distance function 
produces 84% of accuracy level, 0.56 of Cohen’s kappa coefficient  value0.84 of Positive Predictive 
Valuevalue,0.84 of Hit Rate value,0.84 of F1-Score value,0.56 of Mathews correlation coefficient value,0.82 of 
Area Under Curve of Receiver Operating Characteristic Curve value, 0.83 of Area Under Curve of Precision 
Recall value and 0.20 seconds takes to give this model. 

 The KNN classifier with Linear NN Search by utilizing Manhattan distance function gives 84% 
of accuracy level, 0.56 of Cohen’s kappa coefficient  value0.84 of Positive Predictive Valuevalue,0.84 of Hit Rate 
value,0.84 of F1-Score value,0.56 of Mathews correlation coefficient value,0.82 of Area Under Curve of Receiver 
Operating Characteristic Curve value, 0.83 of Area Under Curve of Precision Recall Value and zero seconds takes 
to build this model. 
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 The KNN classifier with Linear NN Search in Minkowski Distance function produces 84% of 
accuracy level, 0.56 of Cohen’s kappa coefficient  value0.84 of Positive Predictive Valuevalue,0.84 of Hit Rate 
value,0.84 of F1-Score value,0.56 of Mathews correlation coefficient value,0.82 of Area Under Curve of Receiver 
Operating Characteristic Curve value, 0.83 of Area Under Curve of Precision Recall Value and 0.03 seconds takes 
for building this model.  

 
Figure 2: Performance of distance functions on IBK(KNN) with their accuracies 

The above diagram shows that the KNN classifier with linear NN Search algorithm has 84% of accuracy level 
while applying Euclidean and Minkowski distance functions which is highest accuracy compare with other 
models.  

The KNN classifier gives lowest accuracy level is 82.85% which is produced by while applying filtered distance 
function. The Chebyshev distance function and Manhattan distance function of instance based classifier with 
linear nearest neighborhood algorithm gives 83.10% of accuracy performance level and 83.75% of accuracy 
performance level respectively. 

 
Figure 3: Performance of distance functions on IBK(KNN) with their Cohen’s kappa coefficient  values 

 The above diagram shows that the minimum Cohen’s kappa coefficient  values is 0.52 which is 
produced by Chebyshev distance function of instance based classifier algorithm with Linear Nearest 
Neighborhood search classification approach. The filtered distance and Manhattan distance functions are 0.53 and 
0.55 of Cohen’s kappa coefficient values respectively. The Linear Nearest Neighborhood search classification 
using Euclidean distance function and Minkowski distance function of instance based classification produce same 
Cohen’s kappa coefficient  values which is 0.56 of Cohen’s kappa coefficient  value.  
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Figure 4: Performance of distance functions on IBK(KNN) with their Positive Predictive Valuevalues 

 The above diagram shows that the KNN classifier with linear NN Search using Euclidean 
distance function, and Minkowski distance function produce same Positive Predictive Valuevalues as well highest 
Positive Predictive Valuevalue which is 0.84 of Positive Predictive Valuevalue.  

 The least Positive Predictive Valuevalue is 0.82 which is produced by Chebyshev distance 
function and filtered distance fucntion of KNN classifier with Linear NN search. The Manhattan distance function 
is 0.83 of Positive Predictive Valuevalue. 

 

 
Figure 5: Performance of distance functions on IBK (KNN) with their Hit Rate values 

 The above diagram shows that the KNN classifier with linear NN Search using Euclidean 
distance function, Chebyshev distance function and Minkowski distance function produce same Hit Rate values 
as well highest Hit Rate value which is 0.84 of Hit Rate value.  

 The least Hit Rate value is 0.83 which is produced by Chebyshev distance function and Filtered 
distance function of KNN classifier with Linear NN search.  
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Figure 6: Performance of distance functions on IBK (KNN) with their F1-Score values 

  

 The above diagram shows that the KNN classifier with linear NN Search using Euclidean 
distance function, Manhattan distance fucntion and Minkowski distance function produce same F1-Score values 
as well highest F1-Score value which is 0.84 of F1-Score value.  

 The least F1-Score value is 0.83 which is produced by Chebyshev distance function and Filtered 
distance function of KNN classifier with Linear NN search.  

 

 
Figure 7: Performance of distance functions on IBK(KNN) with their MCC values 

 The above diagram shows that the KNN classifier with linear NN Search using Euclidean 
distance function, Manhattan distance fucntion and Minkowski distance function produce same Matthews 
Correlation Coefficient values as well highest Matthews Correlation coefficient value which is 0.56 of MCC value.  

 The least MCC value is 0.53 which is produced by Chebyshev distance function and Filtered 
distance function of KNN classifier with Linear NN search.  
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Figure 8: Performance of distance functions on IBK(KNN) with their ROC values 

  

  The above diagram shows that the KNN classifier with linear NN Search using 
Euclidean distance function, Filtered distance function , Manhattan distance function and Minkowski distance 
function produce same ROC values as well lowest ROC value which is 0.82 of ROC value.  

 The highest Area Under Curve of Receiver Operating Characteristic Curve value is 0.83 which 
is produced by Chebyshev distance function of KNN classifier with Linear NN search.  

 

 
Figure 9: Performance of distance functions on IBK(KNN) with their PRC- AUC values 

  The above diagram shows that the KNN classifier with linear NN Search using 
Euclidean distance function, Filtered distance function , Manhattan distance function and Minkowski distance 
function produce same AUC of PRC values as well lowest AUC of ROC value which is 0.83 of PRC value.  

 The highest Positive Predictive ValueRecall Curve value is 0.84 which is produced by 
Chebyshev distance function of KNN classifier with Linear NN search.  

V Conclusion 

This research works concludes that the KNN classifier with linear NN Search algorithm has 84% of accuracy level 
while applying Euclidean and Minkowski distance functions which is highest accuracy compare with other 
models. The KNN classifier with linear NN Search using Euclidean distance function and Minkowski distance 
function produce same Cohen’s kappa coefficient  values which is 0.56 of Cohen’s kappa coefficient  value. The 
KNN classifier with linear NN Search using Euclidean distance function, and Minkowski distance function 
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produce same Positive Predictive values as well highest Positive Predictive Value which is 0.84 of Positive 
Predictive Value. The KNN classifier with linear NN Search using Euclidean distance function, Chebyshev 
distance function and Minkowski distance function produce same Hit Rate values as well highest Hit Rate value 
which is 0.84 of Hit Rate value. The KNN classifier with linear NN Search using Euclidean distance function, 
Manhattan distance function and Minkowski distance function produce same F1-Score values as well highest F1-
Score value which is 0.84 of F1-Score value. The KNN classifier with linear NN Search using Euclidean distance 
function, Manhattan distance function and Minkowski distance function produce same Matthews Correlation 
Coefficient values as well highest Matthews Correlation coefficient value which is 0.56 of MCC value. The KNN 
classifier with linear NN Search using Euclidean distance function, Filtered distance function, Manhattan distance 
function and Minkowski distance function produce same ROCAUC values as well lowest AUC of ROC value 
which is 0.82 of ROCAUC value. The KNN classifier with linear NN Search using Euclidean distance function, 
Filtered distance function, Manhattan distance function and Minkowski distance function produce same PRC 
values as well lowest ROCAUC value which is 0.83 of PRC value. 

This research work recommends that the KNN classifier with linear NN search using Euclidean distance 
function from performance of various measurements compare with other models 
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