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Abstract 
 

Alzheimer’s is a memory deficiency disease that frequently affects elderly persons. Though it cannot be cured or stopped, its 

progression may be delayed if early diagnosis is possible. Early diagnosis of Alzheimer’s disease is one of the most challenging 

problems for researchers, since it minimizes time, cost, and suffering for the patients, their caregivers, and health institutions. 

Many methods were already proposed for this purpose, and the rough set-based classification technique is one of them. In 

this paper, a rough set theory-based classification algorithm is proposed to classify early detection and diagnosis of the 

disease. The efficacy of the method can be demonstrated with the experiments conducted on a dataset collected from the 

National Alzheimer Coordination Centre (NACC). To make the classifier compatible with the NACC datasets, it has been 

customized. The results convincingly show that our method outperforms other known methods.  
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1. Introduction 

The rate of occurrence of age-related disorders has increased 

substantially in recent years due to the great improvement in 

general life expectancy. An age-related and widespread type 

of dementia that primarily affects the elderly is Alzheimer's 

disease (AD).[1] AD is a chronic, degenerative brain illness that 

gradually impairs cognition, memory, and thinking and 

remembering skills.[2] After the age of 65, there's a good 

chance that AD will get worse over the time. Poor judgment, 

emotional behavioural changes, difficulty in performing 

familiar jobs, misplacing stuff, difficulties in solving 

problems, and difficulty in learning new things are some of the 

warning indicators that precede the actual catastrophic event.[1] 

Among the risk factors linked to AD are age, diabetes, obesity, 

smoking, and high blood pressure. The number of AD patients 

has been rising dramatically over the past few decades, 

particularly in nations with high life expectancy. Currently, 

6.5 million of Americans are affected by AD; among them, 

70%, are 75-years-old and older. There are 55 million people 

suffering from dementia, and 60% to 70% among them are 

estimated to have AD. The cause of AD is poorly understood, 

and no treatment can stop or reverse its progression. However, 

its progression can be delayed up to some extent if symptoms 

are known in advance. Detecting and diagnosing AD in the 

earlier stages of its progression can be a challenging task, as it 

can reduce time, cost, and suffering of the patients, and their 

caregivers. It can also help health institutions make proper 

planning to address the problem. Secondly, AD’s progression 

can be delayed using proper medication. There are a couple of 

approaches tried for this purpose, and machine learning-based 

approaches are some of them. 

Machine learning, since its development, has made inroads 

significantly in many directions and applied to various fields 

like data analysis, hand-written text recognition, speech 

recognition, pattern recognition, search engines, weather 

forecasting, natural language processing, medical diagnosis, 

etc.[3,4,5] Recently it has been applied in AD and dementia, and 

many machine learning-based methods have been developed 

for the early detection of AD.[6] Machine learning, a rapidly 

growing core area of artificial intelligence, is applied to build 

classifiers that allow the computer to learn,[7,8] and the aim of 

it is to develop a classification model. 

Classification is a supervised learning approach that learns 

from the input data and employs this learning to classify new 

findings,[9,10,11,12,13] and their main focus is on predicting the 
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qualitative response through pattern recognition and analysis 

of data. In,[14] the authors used a convolution neural network 

approach to classify AD into four classes. In,[15] the authors 

proposed a method consisting of Naïve Bayes Classifier 

(NBC), Support Vector Machine (SVM), and K-nearest 

neighbor (KNN) for efficient classification of AD. A method 

involving high-dimensionality reduction of Alzheimer’s 

disease datasets using SVM to get better accuracy of 

classification was introduced in.[16] In,[17] the authors proposed 

a hybrid model using electroencephalography and fused CT-

MRI-based RPCA (principal component analysis) for efficient 

and early detection of AD. In,[18] a nice tool called rough set 

theory (RST) to address imprecision, vagueness, and 

uncertainty arising from real-life problems. Using the 

equivalence relation of rough set, it was successfully applied 

to discrete datasets. In order to deal with the high 

computational cost associated with the continuous data, a 

couple of algorithms were proposed in.[19,20,21,22] In,[23] authors 

proposed a neighborhood RST-based model for diagnosis of 

diseases.  

Although various available machine learning-based AD 

prediction and diagnosis methods achieved the results up to a 

good extent, there is still more to be done in this area. Since 

some of the machine-learning-based methods used brain 

image scanning and others required special devices that needs 

hospital visits,[2,7] there is need of a comprehensive approach 

which addresses the aforesaid issues. In this article, we 

propose an algorithm for the early detection or diagnosis of 

AD. An Alzheimer’s patient can be identified by his/her 

medical records containing symptoms values which may 

either be numeric or be categorical. The Alzheimer datasets 

are the collection of records where symptoms are the attributes 

with numeric and categorical values. We define a metric,[24] for 

finding the symptomatic similarity among the patients based 

on their records. Using this metric, we construct neighborhood 

relation, which then yields lower and upper approximation 

spaces and boundary regions. The rules can be extracted from 

these regions. The proposed algorithm is named as 

neighborhood rough set-based classification (NRSC) 

algorithm. The effectiveness of the algorithm is demonstrated 

using experiment conducted with a real-life collected from 

National Alzheimer’s Coordination Centre (NACC) of 

University of Washington. The comparative analysis of the 

proposed algorithm is conducted with well-known 

classification methods using different performance measures 

available in the literatures. It is observed from the results that 

our method outperforms other known methods.  

The following is the article's structure. Some recent 

advancements in this field are discussed in Section 2. The 

terms used in the paper are explained in Section 3. The 

approach suggested in this paper is presented in Section 4. The 

time complexity of the proposed method is discussed in 

Section 5. The experimental results are discussed in Section 6, 

and lastly, we conclude our paper with a brief conclusion in 

Section 7. 

 

2. Related works 

Developed countries with high life expectancy are 

encountering an exponential rise in age-related diseases. AD 

is one of the age-related diseases that grows slowly. It is a 

common form of dementia disorder by which elderly people 

suffer much.[1] AD affects memory, thinking ability, 

remembering ability, and reasoning ability[2] slowly and 

permanently.  

Machine learning is a branch of AI that made significant 

advancements in a wide variety of fields, including data 

analysis, natural language processing, medical diagnosis, 

search engines, handwritten text recognition, speech 

recognition, pattern recognition, and weather forecasting.[3,4,5] 

It has recently been used in dementia and AD, and numerous 

machine learning-based techniques have been devised for AD 

early detection.[6] The goal of machine learning is to create 

categorization models by designing and developing classifiers 

that enable computers to learn.[7,8] 

Foreseeing the qualitative response through pattern 

identification and data analysis is the primary goal of 

classification, a supervised learning technique that learns from 

the input data and uses this learning to classify fresh 

results.[9,10,11,12,13] In,[9] the authors made a comprehensive 

discussion on methods used to classify the breast cancer 

among women. In,[10] the authors analyzed the most recent 

ensemble classification techniques used for breast cancer. 

In,[11] the authors proposed a neighborhood rough set based 

classification for the anomaly detection in network data. An 

intuitionistic fuzzy rough set-based approach for the discovery 

of anomalies in network data was discussed in.[12] In,[13] the 

authors used a machine learning approach for early prediction 

of investigated objects over the road network. In,[14] the authors 

divided AD into four groups using a convolution neural 

network technique. For the effective classification of AD, the 

authors in[15] suggested a technique that combines the NBC, 

SVM, and KNN. In order to improve classification accuracy, 

a technique utilizing SVM for high-dimensionality reduction 

of AD datasets was presented in.[16] The authors of[17] 

suggested a hybrid method for the effective and early 

identification of AD that combines electroencephalography 

with fused CT-MRI-based RPCA.  

RST is a useful mathematical tool that was presented in[18] 
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to solve ambiguity and uncertainty that arise from real-life 

problems. It was effectively applied to a discrete datasets 

using the rough set equivalency relation. In,[19] the authors 

discussed in detail the innovative models for implementing the 

rough set in the construction of decision making systems. In,[20] 

the authors introduced Shannon’s entropy to evaluate 

information quantity in Pawlak’s[18] approximation space and 

then proposed a method to represent Shannon’s entropy with 

a relation matrix. In,[21] the authors presented a review of the 

existing literature on rough set-based decision analysis by 

revisiting the probabilistic rough set approximation operators. 

In,[22] the authors redefined the two basic concepts, the lower 

approximation and the upper approximation of RST. In,[23] the 

authors introduced a neighborhood RST-based model for 

classifying medical diagnosis. In,[24] the authors suggested a 

metric that leverages both numeric and categorical attributes, 

which can serve as a valuable similarity measure in various 

situations. In,[25] the authors proposed to use two machine 

learning models for the development of early predictive 

models of AD and related dementias. In,[26] the authors 

proposed a model based on Synthetic Minority Oversampling 

Technology-Random Forest for the prediction of AD. In,[26] 

the authors used a deep generative model for the prediction of 

preclinical AD using MRI, demographics, and scores. In,[27] 

the authors implemented a multimodal technique to evaluate 

the potential of various modalities in predicting the conversion 

to AD of mild cognitive damaged patients. In,[28] the authors 

proposed an interpretable deep learning model containing 

innovative design by incorporating interaction effects and 

multimodality to improve the prediction accuracy and horizon 

for MRI to AD progression. 

In this article we propose a neighborhood rough set-based 

classification (NRSC) approach for the early detection of AD. 

Our proposed approach is much more efficient than most of 

the existing approaches due to the following facts. AD data 

often contains incomplete records, overlapping classes or 

ambiguous symptoms. Most of the existing methods discussed 

here cannot efficiently handle the uncertainty and vagueness 

available on real AD data. However, the proposed NRSC 

algorithm can handle such issues effectively. It can also 

tolerate uncertainly through the approximation spaces which 

makes it more reliable for noisy data. The proposed NRSC 

algorithm can also handle the continuous valued attributes 

available on any real AD data which most of the aforesaid 

methods could not. It can detect and eliminate irrelevant 

attributes through attribute reduction. It does not need any 

statistical assumption and works good with smaller dataset. 

Finally, the obtained rules can be interpretable easily. 

 

3. Problem Statement 

In this article. we present some terms, notations, and 

definitions used here. Let U={x1, x2,…xm} be the records of m-

AD patients, where each xi is an n-dimensional vector 

consisting of k-numeric and (n-k)-categorical attributes. The 

attribute values are either numeric or categorical or any other 

type of value defined by the domain expert. The attributes are 

mostly as follows: 

i) Cognitive domain: In cognitive domains, the attributes 

are such as Memory Functions (Mini-Mental State 

Examination Score: MMSE, Disease Assessment Scale-

Cognitive Subscale: ADAS-Cog), Executive Function Score 

(Trail Making Test: TMT), Language Function Score (Boston 

Naming Test: BNT), and Visuospatial Ability Score (Clock 

Drawing Test). 

ii) Behavioral and Psychological Domain: In this the 

categorical attributes are Depression, Anxiety, Aggression and 

Agitation, Sleep disorder, etc. 

iii) Functional domain: In this domain, the measures of 

Activities of Daily Living, Instrumental Activities of Daily 

Living, Social Functioning are evaluated. 

iv) Neuropathological and Biological domain: Here Brain 

Imaging measure (MRI/PET), CSF Biomarkers, Genetic 

markers, etc. are considered. 

v) Motor and Physical domain: Here Motor Function, and 

Physical Frailty index are considered. 

vi) Caregiver and Environmental domain: In this Caregiver 

Burden is evaluated. 

Beside the afore-mentioned attributes, the following 

numeric attributes are also considered in case of AD patients. 

For example, Montreal Cognitive Assessment (MoCA) Score, 

Global Deterioration Scale (GDS) Score, Clinical Dementia 

Rating (CDR), Brain Imaging Measure, Clock Drawing Test 

Score, Verbal Fluency Test, Neuropsychological Test Score etc. 

It is to be mentioned here that each attribute describes the 

risk factors associated with an AD patient, which are either 

numeric or categorical.  

Definition 3.1 Metric between two Alzheimer’s Disease 

Records.  

To define the metric function, we use a formula given in.[24] 

Let A={a1, a2, …, ak, ak1, ak2, …an} be the set of attributes 

where the first k attributes are numeric and the rest are 

categorical. Let x and y be the non-empty records of two AD 

patients. The records x and y are of the form x ={a1(x), a2(x),… 

ak(x), ak1(x), ak2(x),… an(x)} and y={a1(y), a2(y),… ak(y), ak1(y), 

ak2(y),… an(y)}, where ai(x) is the value of the record x in the 

attribute ai and ai(y) is the value of the record y in the attribute 

ai. Then the metric between x and y is given by the formula.[24] 

𝑑(𝑥, 𝑦) =
𝑘𝑑1(𝑥, 𝑦) + (𝑛 − 𝑘)𝑑2(𝑥, 𝑦)

𝑛  
(1) 

where, 
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𝑑1(𝑥, 𝑦) =
1

𝑘
∑

|𝑎𝑖(𝑥) − 𝑎𝑖(𝑥)|

|𝑎𝑖(𝑥) + 𝑎𝑖(𝑥)|

𝑘

𝑖=1
 (2) 

the metric defined on numeric attributes.  

Also, 

𝑑2(𝑥, 𝑦)

= 1

−
|{𝑎1(𝑥), 𝑎2(𝑥), … 𝑎𝑛(𝑥)} ∩ {𝑎1(𝑦), 𝑎2(𝑦), … 𝑎𝑛(𝑦)}|

|{𝑎1(𝑥), 𝑎2(𝑥), … 𝑎𝑛(𝑥)} ∪ {𝑎1(𝑦), 𝑎2(𝑦), … 𝑎𝑛(𝑦)}|
 

(3) 

the metric defined on categorical attributes. Obviously d(x, 

y)[0, 1]. 

Eq. (2) is derived from Canberra metric[24,29,30,31,32] due to its 

following features. 

i) Scale-sensitive normalization: Since each term is divided 

by the sum of the absolute values of the attribute values ai(x) 

+ ai(y)of two records, it normalizes the difference of the 

attribute values. The attributes with small magnitudes, which 

are diagnostically important, can have larger influence on the 

Canberra metric. However, the Euclidean distance usually 

found to be dominated by larger values.  

ii) High sensitivity near 0: If both ai(x) and ai(y) are close to 

0, the denominator becomes very small making the distance 

value large. Because of this, the Canberra metric is susceptible 

to relative changes, which is helpful when even minor changes 

are noted for diagnostic purposes. 

In case of AD data, each record often includes the attributes 

such as Cognitive Score, Brain Region Volume, Biomarker 

Levels, etc. Many of these attributes non ony have different 

assessment scales, but also include small but clinically 

significant variations. Thus Canberra distance can be suitable 

for such occasions as it highlights the relative differences. For 

example, a 0.5-point drop in MMSE is 2 than when it is 28. 

Additionally, the large-valued attributes that may normally 

dominate the metric are lessened in importance by the 

Canberra metric.  

Similarly, the Eq. (3) has been derived from Jacard 

similarity measure,[24,33,34,35] which is effective in comparing the 

patients with diagnosis code. That’s why, it can be useful in 

finding the similarity in categorical attributes between two AD 

records.  

For defining the metric on the AD data records, the 

weighted average of Canberra metric defined in Eq. (2) and 

the similarity measure defined in Eq. (3) is taken so that both 

the numeric and the categorical attributes of AD data will have 

proportional contribution on the metric. The metric is then 

used for generating -neighborhood relation on the AD 

datasets. 

Definition 3.2. -neighborhood.  

For all xiU and 0≤≤1, an -neighborhood relation (U, d) is 

as (xi)={x d(xi, x) ≤ }. 

Definition 3.3. Neighborhood Decision System (NDS).  

Let (U, AD) be a decision system, where U is the record set 

(universe) related to AD patients, A, the set of conditional 

attributes, and D, the set of decision attributes. For α  1, A 

generates α-neighborhood relation N. Then the α-

neighborhood decision system with respect to α thus is 

represented as NDS = (U, AD, α).  

Definition 3.4. Let B be a subset of A, for any arbitrary XU, 

the lower approximation and upper approximation of X in 

terms of the relation N with respect to B are defined 

respectively as 

𝑁𝐵(𝑋) = {𝑥: 𝛼𝐵(𝑥) ⊆ 𝑋, 𝑥 ∈ 𝑈} (4) 

𝑁𝐵(𝑋) = {𝑥: 𝛼𝐵(𝑥) ∩ 𝑋 ≠ ∅, 𝑥 ∈ 𝑈} 
(5) 

where,  

𝛼𝐵(𝑥) = {𝑦: 𝑑(𝐵(𝑥), 𝐵(𝑦)) ≥ 𝛼, 𝑦 ∈ 𝑈} 
(6) 

here B(x) is a sub-vector of A(x) having all those values of the 

attributes belonging to BA. The boundary region of D with 

respect to B is defined as 

𝐵𝑜𝑢𝑛𝑑𝑎𝑟𝑦(𝐷) = 𝑁𝐵(𝑋) − 𝑁𝐵(𝑋) 
(7) 

The neighborhood lower approximation is the union of the 

lower approximation of each D class, which is called the 

positive region. The boundary region is needed to reduce 

uncertainty in the decision making process. 

 

4. Proposed method 

In order to determine the classification rules, we first generate 

the α-neighbourhood relation by choosing an appropriate 

value for α using the Eq. (6). The classification rule generation 

is given as follows: Given a record set associated with m 

patients, each of which is characterized by n-attribute values 

and represented as an m×n matrix [xij], where xij is the jth 

attribute value for the ith patient, i=1,2,.. m and j=1,2,.. n. 

Generally, supervised datasets can be written as (U, AD), 

where U = {x1,…, xm}, and A={a1,…, an}, D={d1,…,dn} are 

respectively sets of conditional and decision attributes.  

The proposed approach begins by calculating the 

equivalence classes of decision attributes and the 

neighbourhood relation of the conditional attribute using the 

formula provided in Definition 3.2. Eq. (1) provides the 

distance formula for this. After using the "and" operator and 

decision classes, create neighbourhood approximations to the 

aforementioned result. The union of each decision class's 

lower approximation space is known as the NRS lower 

approximation space of the decision attributes. The boundary 

region is computed from two or more decision classes using 

the Eq. (7). The two types of decision rules are generated from 

the neighborhood approximations, namely possible rules 

(non-deterministic rules) and certain rules (deterministic 

rules). Both the certain and the possible rules are generated by 
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using the lower approximation and the upper approximation 

of the neighborhood rough set given by Eqs. (4) and (5), 

respectively. The flowchart of the method is given below in 

Fig. 1. 

 

5. Time complexity of the proposed algorithm 

Let n be the number of AD patient records and m be the 

number of attributes of AD. For finding neighbors with radius 

, we need to compute the distance between each AD record 

with others. Such computation uses the distance formula 

defined in Section 3, which requires O(n2m) time. For finding 

lower and upper approximation space based on the 

neighborhood relation to determine which records belong to 

the approximations of the decision classes requires O(n2) time. 

Finally, rule generation requires O(nr) time, where r is the 

number of rules generated. Total time complexity is O(n2m + 

n2 + nr). Since r < n and n2 < n2*m, the worst-case time 

complexity of NRSC is O(n2m). The comparative time 

complexity of the proposed NRSC algorithm with other well-

known algorithms like NBC, KNNC and SVB is given below 

in a tabular form in Table 1.  

 

Table1: Worst-case time complexities of proposed algorithm 

along with other well-known algorithms. 

Algorithm NBC KNNC SVM NRSC 

(proposed) 

Time 

complexity 

O(n2 *m) O(n*m 

+ logn) 

O(n2*m) O(n2*m) 

 

In practice, the number of attributes is much less than the 

number of AD patient’s record, therefore the proposed 

algorithm appears to run in quadratic time. Thus, NRSC shows 

comparable time complexity to other well-known algorithms. 

 

Fig. 1: Flowchart of the proposed method. 

 

6. Experiments and Discussions 

A. Results and Discussions 

In this study, the dataset of NACC of the University of 

Washington was used for conducting the experiments. The 

dataset was collected from May 2005 to August 2011. The 

dataset has 47,000 records and 396 attributes. Some of the 

attributes are potential risk factors for AD. The risk factors are 

classified into two classes: medical history and cognitive 

function. Each record of the dataset is associated with a single 

person’s information that diagnosed AD.  

Medical history: A patient's medical history may be 

obtained by a questionnaire or interview with a doctor. Age, 

sex, occupation, family history of AD, alcohol and tobacco 

use, diabetes, high blood pressure, heart disease, obesity, and 

other behavioural and personal characteristics are all included. 

This data includes crucial elements that influence AD 

diagnosis and aid in evaluating AD patients. 

Cognitive function: Recently, the physicians are using 

many tools and methods to assess an AD patient’s memory. 

One such tool is the Mini Mental Status Examination (MMSE), 

which utilized for measuring the cognitive mental status of a 

potential AD patient.  

Both types of attributes can have numeric or non-numeric 

(categorical) values. The dataset is preprocessed to make it 

compatible for the program by removing missing values, 

noises, and inconsistent values. The proposed algorithm 

(NRSC) is implemented along with methods such as Naïve 

Bayesian Classification (NBC), KNN Classification (KNNC), 

and Support Vector Machine (SVM), using MATLAB with 

10,000 refined instances of patient data. Two randomly 

selected samples of equal size, each having 5,000 records, 

have been used for training and testing. Then the classifiers are 

trained and tested 10 times. The value of  is chosen as 0.4. 

The classifiers were then used to categorize any new record as 

either AD or not. The effectiveness of the four aforementioned 

algorithms is assessed using a variety of widely recognized 

https://www.espublisher.com/


Research article                                                                                                                                                                                Engineered Science 

 

6 | Eng. Sci., 2025, 37, 1736                                                                                                                                                                 Engineered Science Publisher 

performance metrics, including false positive rate (FPR) and 

true positive rate (TPR). Figs. 2-7 below show a partial view 

of the results achieved by the aforementioned algorithms 

together with a comparative analysis of accuracy metrics such 

as Precision, Recall, F-measure, Folkes-Mellows Index, 

Kulczyn ski Index, and Rand Index. 

  

Fig. 2: Comparative analysis of Precision. 
Fig. 3: Comparative analysis of Recall. 

 

Fig. 4: Comparative analysis of F-Measure. 

 

Fig. 5: Comparative analysis of Folkes-Mellows Index. 

 

Fig. 6: Comparative analysis of Kulczyn ski Index. 

 

Fig. 7: Comparative analysis of Rand Index. 
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For different values of  such as 0.1, 0.2, 0.3, 0.4, and 0.5, we 

have implemented the proposed NRSC algorithm with the 

afore-mentioned datasets and the partial view of the results in 

terms of performance metrics are presented graphically in the 

Figs. 8-13 below.  

 

 

Fig. 8: Precision for different values of  

 

Fig. 9: Recall for different values of . 

 

Fig. 10: F-Measure for different values of . 

 

Fig. 11: Folkes-Mellows Index for different values of . 

 

Fig. 12: Kulczyn ski index for different values of . 

 

Fig. 13: Rand index for different values of . 

From the Figs. 2-7, it has been found that with the dataset 

of NACC, the proposed NRSC classification algorithm’s 

accuracy is much higher than all other SVM, KNNC, and 

NBC classification algorithms, which establishes the efficacy 

of the proposed NRSC classification algorithm over the other 

aforesaid algorithms. The proposed NRSC algorithm 
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produces almost 96-98% accuracy, whereas SVM, KNNC, 

and NBC produce 70-75%, 62-65%, and 60-63% accuracy, 

respectively. Thus, our proposed algorithm outperforms some 

of the well-known algorithms mentioned in this article. 

From the Figs. 8-13, it has been observed that the 

performance indices namely, Precision, Recall, F-Mesaure, 

Folkes-Mellows Index, Kulczyn ski index, and Rand Index 

increase with the increase in the value of  till 0.4, then it start 

decreasing rapidly. The optimum value of the performance is 

mostly achieved in the interval [0.3, 0.4]. Therefore, most 

suitable value of   is taken 0.4 in this implementation of 

algorithm and comparative studies. Thus for high-

dimensional, sparse dataset like Alzheimer’s disease, the 

proposed algorithm works better for a small to moderate value 

of .   

 

B. Clinical Interpretations 

Since any study concerning classification rules of medical data 

the clinical interpretation of the obtained results is very crucial, 

we have attempted to incorporate this issue up to a limited 

extent here. The following clinical interpretations of the some 

of the results obtained by NRSC algorithm can be drawn. 

The neighbourhood lower approximation space gives 

certain rules that includes only those AD data records belong 

to a decision class. Thus such data records represent patients 

which definitely diagnosed with Alzheimer’s. Diseases. An 

example of such rule is as follows: 

For a patient X, if hippocampal of < A and MMSE score < 

B, then X has Alzheimer’s Disease with high certainty. Similar 

rules represent strong indicators of the presence or absence AD.     

Similarly, the neighbourhood upper approximation space 

gives possible rules which includes the AD data records that 

may or may not belong to a decision class. So, it includes both 

certain and uncertain rules which are more exploratory. An 

example of such rule is as follows: 

For a patient Y, if age > 80 and mild memory loss, then Y 

may have early-stage AD. Such rules help to find out the risky 

patient who need further medical analysis. These rules are 

useful for early screening or hypothesis generation.  

Again, the boundary region contains the ambiguous rules 

with patients who have overlapping attribute of multiple 

conditions. In such cases, further investigations such as 

advanced imaging, generic testing, etc. are required. 

 

7. Conclusion 

AD is characterized by neuronal degeneration and subsequent 

brain disorder, resulting in changed behavior and functionality 

in the affected individual. The existing AD diagnosis is very 

costly, time consuming, and needs the patient’s physical visit 

to the hospital for regular check-ups and diagnosis. The 

detection of AD with datasets using machine learning 

algorithms helps in faster detection. The early prediction can 

help the AD patients to take required response measures. The 

cure for the disease is yet to be found, but treatment can be 

provided to the patients to fight against it. In this article, we 

propose a neighborhood rough set-based classification method 

for efficient and early detection of AD patients. Our method 

classifies the patients into predefined classes; after that, the 

concern class of patients can be treated together. In this 

method, first we use a metric defined on both numeric and 

categorical attributes of AD patients. Then, a suitable value of 

α is chosen to construct a neighborhood relation. The metric 

can then be used to find lower approximation space, upper 

approximation space, and boundary regions. Then the certain 

rules can be generated from the lower approximation space, 

the possible rules can be generated from the upper 

approximation space, and the boundary rules can be extracted 

from the boundary region. The effectiveness of the algorithm 

is demonstrated using an experiment conducted with a real-

life data collected from the NACC center of the University of 

Washington. The performance of the proposed method is 

tested and compared with well-known classification methods 

not only using complexity analysis but also with the help of 

different performance measures. It is evaluated using a variety 

of validation measures, like Precision, Recall, F-Measure, 

Folkes-Mellows Index, Kulczyn ski Index, and Rand Index. It 

is observed from the results that our proposed method 

outperforms other known methods in all the validation 

measures. In future the following directions of work can be 

taken. 

• Fuzzy can be introduced into the proposed algorithm to 

enhance accuracy and the user’s convenience. 

• A Neural network-based approach can be explored 
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