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Abstract- Alzheimer’s disease (AD) is a brain disorder which is irreversible as well as progressive. AD slowly 

destroys memory and thinking skills. The most common cause of Dementia is AD. Dementia that consists of 

(loss of Cognitive functioning – thinking, remembering and reasoning – and behavioural ability) is caused 

due to death of neurons due to AD, it has serious interference with Daily life. The chronicity of the disease is 

increasing rapidly in the world. The advancements in medical have initiated many research studies to 

automatically detect the disease by capturing the brain signals. The main aim of this paper is to help the 

doctors detect the Alzheimer’s disease at earliest and more number of patients can be prevented before 

irreversible changes occur in brain. In this paper we present some common features that will improve the 

detection of AD accurately from EEG signals in early stage of the disease. Apart from this, different signal 

decomposition methods including filtering into brain frequency bands, discrete wavelet transform (DWT) and 

empirical mode decomposition (EMD), and various classification algorithms including support vector 

machine (SVM), K-nearest neighbours (KNN) and regularized linear discriminant analysis (RLDA) are 

evaluated. 

Keywords- Alzheimer’s disease (AD) Electroencephalogram (EEG), Discrete wavelet transform (DWT) 

Empirical mode decomposition (EMD), (KNN) Support vector machine (SVM), Regularized linear 

discriminant analysis (RLDA). 

 
I. INTRODUCTION 

The main or the primary organ of the human body is Brain. The diseases like AD affect the brain are very 

crucial as the changes occurred to brain are irreversible in serious cases. In Alzheimer’s disease the electrical 

activities of the brain become slower than the brain activities of normal people without AD [1, 2]. Alzheimer is 

the main primary cause of Dementia. It means the impairment of cognitive functions (thinking, remembering 

and reasoning). The patient loses the behavioural ability that interferes with daily life activities. Dementia is 

common in people over 65 years and increases very rapidly with age [5]. The number of people with 

neurocognitive disorders is about 50 million and is projected to exceed 100 million by 2050 [6]. 
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AD can be categorised in main three types: 1) mild, 2) moderate and 3) severe. The patient gradually starts 

losing his cognitive abilities during these three stages. The early detection of AD can prevent or delay the 

dementia as well the progress of this severe disease. In many studies, the term mild cognitive impairment 

(MCI) has been used to categorize people with AD symptoms but are not severe enough to be called AD [1, 3, 

7, 8]. The non-memory aspect symptoms are impaired reasoning and impaired judgement, difficulty in word 

finding, vision issue. 

 

The neurological treatment for the AD is difficult as the brain is neurologically damaged. Early detection of 

AD allows early treatment and helps the doctors to delay the onset of AD symptoms [9]. The symptoms of AD 

appear decade after it begins. Different neurophysiological techniques have been used in last decade to 

diagnose AD in patients. Electroencephalography (EEG) is a low-cost, portable, non-invasive and high-

temporal-resolution technique that reflects the electrical activities of the brain. The EEG signals are useful in 

detecting brain dynamics in neurological disorders [3, 5, 7,  10]. 

As depicted in Fig. 1, the EEG signal processing involves four phases generally: signal acquisition, pre-

processing, feature extraction, and classification [4]. 

According to a specific standard, the EEG signal is recorded from the scalp surface first by one or more 

electrodes. In the pre-processing phase, once the signal amplification is done, various appropriate filters are 

employed to eliminate noise and artifacts. Signal segmentation and decomposition may also be performed at 

this phase. The EEG signals are decomposed into a set of subbands to extract the optimal features.    

 

 
 

II. LITERATURE SURVEY 
In recent time, many linear and non-linear features have been used to diagnose AD that includes mean, 

variance, kurtosis, skewness, interquartile range, individual alpha frequency, spectral centroid, entropy, auto-

mutual information, Lempel-Ziv complexity, Katz’s fractal dimension, box dimension and Hurt exponent [1, 3, 

5, 7-13]. Hjorth parameters are a set of nonlinear features based on statistical calculations that have been used 

in many studies to effectively describe the characteristics of the EEG signal [14]. 

In recent years, many studies have used Hjorth parameters to extract information from different bio-signals 

and have achieved successful results, including detection of the heart rate from the electrocardiogram(ECG) 

signal [15], description and classification of lung sound [16, 17], electromyogram (EMG) signal classification 

[18], diagnosis of hyper activity (ADHD) and epilepsy and design of brain-computer interface (BCI) using 

EEG signal [19-21]. 

Finally, at the classification phase, an appropriate diagnostic model is developed for each class by one of 

several classification methods. In previous studies , different classification methods have been used to diagnose 

AD from EEG signal, including K-nearest neighbours(KNN), support vector machine (SVM), linaer and 

quadratic discriminant analysis (LDA and QDA), naïve Bayes (NB), decision tree (DT), multilayer perceptron 

neural networks (MLP-NN), probability neural networks (PNN), and random forest (RF), logistic regression 

(LR), auto-encoder (AE) [1, 3, 5, 7, 8, 10, 11]. 

Most studies on the diagnosis of AD have focused on a two-class classification problem and have 

compared only one stage of AD to the normal state. However, few studies have addressed the problem of 

three�class classification with the aim of early diagnosis of Alzheimer’s disease which results in high error 

rate due to the similarity of the middle class to the other two classes. One of the main challenges in detection 

Alzheimer’s disease from the EEG signal is detection of the disease with high accuracy in the early stages. In 

this paper, with the aim of achieving high accuracy, the types of signal analysis methods before feature 

extraction are examined and their results are compared with non-decomposition mode and the combination of 

Hjorth parameters with other common features is used. Also, in order to evaluate the effectiveness of the 

proposed method in early diagnosis of this disease, the features of mild and moderate Alzheimer’s individual 

are considered as two separate classes and to separate these two classes from healthy individuals, various 

classification methods are examined.  
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III. METHODS  
 The data set used for this research is from Kaggle. The EEG signals in this research data set includes 

EEG signals from both healthy and AD subjects, recorded by neurology department. The Neurocom EEG 23-

channel System was used to record the same. In pre-processing phase, the elimination of various artefacts and 

power line interference is done. To each signal, a Chebyshev type II band-pass filter is applied with cut off 

frequencies at 0.5 and 60hz. Then all these signals were divided into different segments into 8 second epochs. 

 The serial subtraction of two numbers were done arithmetically. Each trial began with the oral 4-digit 

(minuend) and 2-digit (subtrahend) numbers communication (e.g. 2131 and 24). 

 

TABLE I 
 DATASET FROM KAGGLE 

 

Id F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 Class

1 1 0.760188 0.760727 1 1 0.619948 0.76019 0.619946 0.760204 0.620021 0

2 0.760193 0.7602 1 0.760203 0.760206 0.760194 0.760198 1 0.760197 1 0

3 0.76019 1 1 0.760193 1 1 1 1 1 0.760192 0

4 0.760194 0.760202 1 0.760188 0.760199 0.7602 0.760201 0.620025 0.760199 0.760198 0

5 1 0.760193 0.619927 1 1 1 0.760205 0.619962 1 0.760207 0

6 1 0.760196 0.760193 1 0.760194 0.619928 0.760195 1 0.760283 0.760202 0

7 0.760201 1 1 0.760196 1 1 0.620043 0.760199 0.760197 1 1

8 0.760188 1 0.760197 1 0.76024 0.760204 1 0.760191 1 0.760188 2

9 0.760239 1 0.760189 1 0.760243 1 1 0.760188 0.619972 0.761439 3

10 0.760195 0.760197 1 1 1 0.760196 0.760193 0.61994 0.760194 0.760192 1

11 1 1 0.760202 0.760201 1 1 1 0.760197 0.619986 0.619936 2

12 0.760391 1 1 0.760188 1 0.760224 1 1 0.760195 1 3  
 

 

 
Fig. 2. EEG Dataset from Kaggle 

 

This study will recruit individuals aged 60 years and above, with and without a diagnosis of AD. EEG 

signals will be recorded using a standard 64-channel EEG system while participants perform a cognitive task. 

The EEG signals will be analyzed using signal processing techniques, including time-frequency analysis and 

source localization, to identify changes in brain activity associated with AD. Machine learning algorithms, 

such as support vector machines and neural networks, will be used to develop a predictive model for the early 

detection of AD. 
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IV. EXPECTED RESULTS 
It is expected that individuals with AD will show changes in EEG signals compared to healthy controls. 

These changes may include alterations in spectral power, coherence, and connectivity measures. The machine 

learning model developed in this study may provide a reliable tool for the early detection of AD based on EEG 

signals. 

 

 

V. CONCLUSION  
EEG has the potential to serve as a valuable tool for the early detection of AD. The findings of this study 

may contribute to the development of non-invasive and cost-effective methods for the early diagnosis of AD, 

which can improve the quality of life of individuals with the disease. 
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