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Abstract 
 
Alzheimer's Disease (AD) is a neurodegenerative disease that is diagnosed in 
the late stage when irreversible damage has occurred in the patient's brain. 

The proposed system can be used to provide medical care to the patients by 

detecting AD in the early stage in a simple way using Magnetic Resonance 
Imaging (MRI). Atrophy of the brain region associated with the Mild 

Cognitive Impairment (MCI) stage of AD can be diagnosed using an MRI 

scan. In the early stage of AD, an MRI scan may be normal and the medical 

professional will not be able to predict the occurrence of the disease.  As the 
textural changes take place early than the volumetric reduction of the brain 

region, the texture-based analysis of the region of interest using MRI helps in 

the diagnosis of AD and MCI stage. The proposed system consists of 
segmenting the hippocampus and amygdala in the left hemispherical region 

of the human brain, normalization of the segmented region based on the 

µ±3σ method, feature extraction to identify skewness and kurtosis from the 
intensity histogram of the segmented region of interest.The „Skewness‟ and 

„Kurtosis‟ features were given as input to the Fuzzy tools to study their 

predictive capacity. The Fuzzy logic designer is used for the discrimination 

of Cognitive normal (CN), MCI, and AD with improved accuracy. The real 
MRI from Alzheimer's Disease Neuroimaging Initiative (ADNI–3) dataset 

increases the effectiveness of the system performance. 
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1 Introduction 
 

The current diagnostic test of AD involves clinical assessment of the 
patient's history and examination of mental status. Neuropsychological 

screening tests such as the Montreal Cognitive Assessment and Mini-Mental 

State Examination are available to identify cognitive difficulties. An 
extended cognitive screening test, Addenbrooke‟s Cognitive Examination 

(ACE) is used to detect Alzheimer‟s Dementia [1]. Amyloid Beta (Aβ) and 

hyperphosphorylated tau tangles alter neurotransmission in AD [2]. 

Fluorodeoxyglucose-positron emission tomography identifies the presence of 
βamyloid or hyperphosphorylated tau protein accumulation which occurs in 

the late stage of AD. But neuropathological changes take place in the pre-

symptomatic stage and these changes need to be identified by a new 
biomarker. Under neuroimaging techniques, Computer Tomography (CT) 

and MRI allow identification of abnormal structures in the brain region. But 

MRI is the promising neuroimaging biomarker which comes under non - 

invasive type used for classifying AD patients [3]. Under signaling 
biomarker, Cognitive event-related potentials (ERPs) measured from 

electroencephalograph (EEG) is used as a biomarker for early detection of 

amnestic MCI [4]. Thus many research works are focussing on finding a new 
biomarker for the pre-symptomatic phase. This research work discovered the 

biomarker to identify the different phases in the AD progression.  The 

remaining of the paper is categorized as follows: a short analysis of some of 
the related works in the AD classification is offered in section 2.  The 

proposed fuzzy inference based classification is described in section 3 and 

experimental test results are discussed in section 4. Finally, the endings are 

summed up in section 5. 
  

2 Related Works 
     

Multiple features were extracted from various templates then used 

relationship induced sparse feature selection algorithm followed by an 

ensemble classifier for AD and MCI classification [5]. In another study, an 
Inherent structure-based multi-view learning method was used for MCI and 

AD classification [6]. Thus different papers [7,8,9,10,11,12,13,14] extracted 

various features from different ROI in the MRI scan of the human brain and 
used different classifiers for better classification of various stages of AD 

progression.Several papers extracted volumetric features from the MRI to 

study the atrophy of the hippocampal region which occurred due to AD.  
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In the AD progression, textural changes take place earlier than the                                                                           

degeneration of the Region of Interest (ROI). Thus there is a distinct source 

of information extracted from the structural MRI other than the volumetric 

changes in the hippocampal region which could be used as a biomarker for 
differentiating MCI and AD patients effectively [15]. The Hippocampus and 

Amygdala structure that is crucial to memory and emotions have been 

involved in multiple neurological and psychiatric disorders. The 
Hippocampus (plural: hippocampi) is situated in the temporal lobe of the 

human brain. It is Responsible for information processing and the 

reproductive cycle and is involved in AD. Its coronal view has appearances 
like that of a sea horse. When compared to Frontotemporal lobar 

degeneration (FTLD), AD displayed more atrophy to the hippocampus body 

than the hippocampus head. The left hippocampus displayed a global shape 

difference between AD and control, whereas the right hippocampus did not 
show the differences [16]. Thus left hippocampus and amygdala were 

considered as ROI in this study.The unsupervised Deep learning-based 

segmentation method [17] was developed which enables the segmentation of 
MRI scans of different contrast with good accuracy in approximately 15 

seconds at test time on a Graphics Processing Unit. Free surfer and FIRST 

were the two automated segmentation tools whose performance was 

compared in segmenting the amygdala and hippocampus with the manual 
tracing. It has been found that free surfer was preferred over FIRST for 

segmenting the hippocampus, whereas the amygdala is weak or more 

uncertain across the automated method [18]. ANFIS based classifier was 
developed to classify the AD and MCI stage, which provides higher 

classification accuracy when compared with the Native Neural Network and 

Fuzzy Logic classifier [19]. Fuzzy based K means clustering system [20] was 
used to detect the tumour in the MRI of the brain, in which mean, mode, and 

pixel count of the segmented histogram was given as input parameter to FIS. 

Tumour is detected in the form of edge and a fuzzy approach enhances the 

edge detection process.  Two statistical features, the mean (µ) and standard 
deviation (σ) of 116 regions of interests (ROIs) were extracted and used as 

input to the fuzzy inference system [21] for classification of normal and AD 

patients. In another study gray matter, Fractional Anisotropy (FA) and 
Apparent Diffusion Coefficient (ADC) values from Diffusion Tensor Image 

were given as input to the neuro-fuzzy tool to classify CN and AD [22]. 

 

3 Proposed Methodology  

     

Different types of classifiers like Linear classifier, Support Vector 
Machine classifier and Ensemble classifier were employed in different 

research work for the classification of MRI of different groups of subjects. 

The proposed system used Fuzzy inference based classification technique 
due to the following reasons. 
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 1. As it improves decision making under uncertainty. The lack of 

distinctness in the information is improved by considering evidential 

parameters. 

2. FIS provides a methodological description in linguistic terms for the 
problem that can not be solved by precise numeric relations. 

3. Simplicity and flexibility of adding rules without affecting the other 

part of the system. 
For the classification of CN, MCI including Late MCI(LMCI) and AD, 

proposing a new idea of Fuzzy inference based Classifier using Skewness 

and Kurtosis as the input features for classification. These textural features 
were extracted from the Intensity histogram of the preprocessed segmented 

ROI and used for classification. Different stages of the proposed system has 

been processed using MATLAB (R2018b).The study has been made to 

predict the MCI stage patients and AD patients from the CN subjects. 
The basic steps of the procedure of the proposed system are: 

Step1: Acquisition of a set of T2 - MR images for CN, MCI, and AD 

subjects from the ADNI -3 database. 
Step2: Segmenting Hippocampus and Amygdala in the left hemispherical 

region of the acquired MR images using circular and assisted freehand 

segmentation techniques.  

Step3: Pre-processing segmented images using µ±3σ Normalization 
technique. 

Step4: Finding the Intensity histogram of the normalized image. 

Step5: Performing Textural analysis and extracting skewness and 
kurtosis textural features.    

Step 6: Extracted features will be given as input to the Fuzzy Inference 

System and getting Alzheimer‟s score as an output from the FIS. 
Step 7: Depending on the values of the Alzheimer's Score, the 

classification of AD, MCI, and CN subjects has been done.  

The block diagram representing the Workflow of the proposed system is 

shown in figure1. 
The proposed methodology consists of the following modules: Subjects 

and Data Acquisition,   Segmentation and Pre-processing, Texture Analysis, 

Fuzzy Inference System.  
 

3.1 Subjects and Data Acquisition 
     

The images used for this study were downloaded from the ADNI - 3 

databases (http://adni.loni.use.edu).   The T2 – weighted MRI scans were 

acquired using 3T Siemens MRI scanners. The huge volumes of MRI in the 

sagittal acquisition plane were downloaded as an Archived format. From 
these huge volumes of T2 – weighted MRI scans of the human brain, 

fourteen numbers of samples were used for this research work. The samples 

of MRI images used in this proposed system are shown in Figure 1. 
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3.2 Segmentation & Preprocessing 
     

Two types of segmentation have been done and their results were 

compared in this study. In the preliminary stage only a few samples were 
used for the analysis. Assisted freehand segmentation has been done for the 

sampled images in which better tracing of the Region of Interest (ROI) is 

possible. Circular segmentation which is preferable for a large number of 
samples has been done for the same set of sampled images. For circular 

segmentation, the body of the hippocampus is considered as the centre of the 

circle, but the required ROI was not exactly segmented by this method. It 
covers the other nearby region which is not interested in this study.  

 
Figure 1: Schematic of Workflow showing modules for classification using FIS. 

 
Before performing texture analysis, pre-processing of segmented ROI 

has been done [23]. The segmented ROIs were normalizing using the µ±3σ 

normalization method (µ and  σ  are the mean value and the  standard 
deviation of the gray level of the ROI). This pre-processing technique was 

used to enhance the differences between the extracted features of the 

different groups as proposed by [24].  

                                                    

3.3 Texture Analysis   
 

The First order Histogram features (Skewness and Kurtosis) were 
extracted from the intensity histogram of the pre-processed segmented ROI. 

 

3.4 Fuzzy Inference System 
      

In this proposed system Skewness and Kurtosis were given as input 

parameters to the Fuzzy Inference System and Alzheimer‟s score was 

obtained as output. 
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Figure 2: Samples of MRI of the human brain in the Coronal view used in this 

proposed work. 

The expression for triangular Membership Function (MF): 
Triangle(x;a,b,c) = max ( min( (x-a)/(b-a) , (c-x)/(c-b) ), 0 )                        (1) 

 

3.4.1 Input Parameter (Skewness) 
 

The linguistic variable „Skewness‟ has three different linguistic values 

(fuzzy sets) “Small”, “Moderate”, and “Large”. These linguistic values are 

characterized by the Triangular MF. The ranges of the Linguistic values for 
the Skewness are represented in Table 1.  

 
Table 1: Linguistic Values of Input Parameter „Skewness‟ 

Input 

Parameter 

Range Linguistic 

Values 

Skewness 0 - 4.6 Small 

4 - 5.5 Moderate 

5.8 – 10 Large 
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The Triangular MFs of Skewness are presented below. 

 
 

3.4.2 Input Parameter (Kurtosis) 
 

The linguistic variable „Kurtosis‟ has three different linguistic values 

(fuzzy sets) “low”, “medium”, and “high”. These linguistic values are 

characterized by the Triangular MF. The ranges of the Linguistic values for 

the Kurtosis are represented in Table 2.  
 

Table 2: Linguistic Values of Input Parameter „Kurtosis‟ 

Input Parameter Range Linguistic 

values 

Kurtosis 0 – 23 Low 

16 – 31 Medium 

37.5 - 50 High 
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The Triangular MFs of Kurtosis are presented below.       

 
        

3.4.3 Output Parameter (Alzheimer’s Score): 
 

The linguistic variable „Alzheimer‟s Score‟ has three different linguistic 

values (fuzzy sets) “AD”, “MCI”, and “CN”. These linguistic values are 

characterized by the Triangular MF. The ranges of the Linguistic values for 

the Alzheimer‟s Score are represented in Table 3.  
Development of health care system for the Alzheimer‟s Disease 

diagnosis in the early stage 9  

 
Table 3: Linguistic Values of Output Parameter „Alzheimer‟s score‟ 

 

  

 
 

 

 

 
 

 

Output 

Parameter 

Range Linguistic 

Values 

Alzheimer‟s 

score 

0 – 32 AD 

16.5 - 50 MCI 

50 - 100 CN 
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The Triangular MFs of Alzheimer‟s score are presented below. 

 
 

3.4.4 Fuzzy Rule Base System 
  

Figure 1 shows Schematic of Workflow showing modules for 
classification using FIS.It consists of five fuzzy implications, that determine 

the Alzheimer's scores by assessing the input parameter „skewness‟ and 

„kurtosis‟. The fuzzy rule base system is presented in Table 4. Fuzzy 
implications are evaluated by Mamdani FIS. 

Table 4: Fuzzy Rule Base system 

Rule number Skewness Kurtosis Alzheimer‟s Score 

R1 Small Low AD 

R2 Small medium MCI 

R3 Moderate Low MCI 

R4 Moderate medium MCI 

R5 Large high CN 

 

For example when Skewness =4 and Kurtosis =17 Alzheimer‟s score = 

21.8.  In this case, Rule number R1, R2, R3, and R4 will be fired.  
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R1= min (µsmall (skewness), µlow (kurtosis)), 

R2= min (µsmall (skewness), µmedium (kurtosis)),  

R3= min (µmoderate (skewness), µlow (kurtosis)), 
R4= min (µmoderate (skewness), µmedium (kurtosis)), 

 µsmall (skewness) is membership function of “small” fuzzy set for 

skewness input parameter. Which is calculated using the equation (1). 
µsmall (skewness) =max(min(4/2.3,0.6/2.3), 0) 

                             =max (0.21, 0) = 0.21. 

µlow (kurtosis)     =max (min (1.47, 0.521), 0) 
                            =max (0.5, 0) =0.5 

Similarly µmoderate (skewness), µmedium (kurtosis) were calculated. 

R1= min (0.21, 0.5) = 0.21 

R2 = min (0.21, 0.133) = 0.133 
R3 = 0 and R4 = 0   

The membership function of this system was obtained from the Mamdani 

max-min inference model. 
Max (R1, R2, R3, R4) = 0.21 

 

3.4.5 Defuzzification 
 

Fuzzy Inference output is transferred to crisp output by the center of area 

(COA) defuzzification strategy.  

Z(COA) = μA(z) z dz / μA(z) dz                                     (2) 
Where μA(z) is the accumulated output Membership function.  

By using the equation (2), the crisp output (Alzheimer‟s score) was 

calculated.  
 

4 Test Results and Discussions  
      

In the preliminary stage of analysis proposed system analysed a sample 

of T2 – weighted MRI scans of 14 subjects inclusive of 4 sets of AD patients 

MRI images, 3 patients with MCI including LMCI, and 7 CN subjects from 
the set of 1500 downloaded MRI scan from ADNI-3 database. 

The ROI in the MRI of CN subject is shown in figure 3(a). ROI in the 

MRI of the MCI subject is shown in figure 3(b) and ROI in the MRI of AD 

subject is shown in figure 3(c). After the pre-processing of the segmented 
ROI, ‟Skewness‟ and „Kurtosis‟ features were extracted. The database of 

extracted features for 14 subjects was shown in Table 5. Statistical values 

(Mean and Standard Deviation) for textural features were calculated and 
shown in Table 6. 
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Figure 3(a) ROI in the MRI of CN, 3(b) ROI in the MRI of MCI subject, 3(c) ROI 

in the MRI of AD subject. 

 
Table 5: Database of the Individual patient 

 
 

Table 6: Statistical results of features 

Features Healthy 

Control 

Mild Cognitive 

Impairment 

Alzheimer‟s 

Diseases 

Skewness 6.2957 ± 

0.2324 

4.7667 ± 0.7059 4.1250 ± 0.4425 

Kurtosis 40.8571 ± 

2.7343 

24.3333 ± 7.0238 18.7600 ± 

3.8700 
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Generated Triangular MFs for the input parameter Skewness and 

Kurtosis are shown in Figure 4 and Figure 5. Triangular MFs for the output 

parameter (Alzheimer‟s Score) are presented in Figure 6. This study 
implements five rules as shown in Figure 7 to get the required classified 

output.  

 
Figure 4:  MFs for Skewness. 

 
Figure 5: MFs for Kurtosis. 
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Figure 6: MFs for Alzheimer‟s score. 

 

 
Figure 7: Developed Fuzzy Rules.  
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Table 7:  Input and Output parameters of the FIS 

 
The input and output parameters of the FIS for 14 subjects are shown in 

Table 7.  

 
Figure 8: Rule viewer of the proposed system. 
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Figure 8 presents a rule view of this proposed system. Using these rules, 

Alzheimer‟s score has been computed.  For example, from Figure 8, if 

skewness is 6.08, and kurtosis is 38, the obtained output value for 
Alzheimer's score is 75. The surface view of the proposed system is shown in 

Figure 9. Based on the value of Alzheimer's score obtained for the input 

features (skewness and kurtosis), the subject has been classified into AD, 
MCI, and CN. 

In the future analysis of this study, it is recommended to increase the 

number of samples and use automated segmentation tools like free surfer for 
ROI segmentation and ANFIS classifier to increase the classification 

accuracy.  

 
Figure 9: Surface viewer of the proposed system. 

  

5 Conclusion  
 

In this machine learning system, the hippocampus and amygdala in the 
MRI of the human brain were used as the ROI. „Skewness‟ and „Kurtosis‟ 

textural features were extracted for the classification of CN, MCI, and AD 

using the Fuzzy inference system. This system applied a two-stage 

procedure. In stage 1, for each segmented ROI of the image, intensity 
histogram was computed after the pre-processing step of µ±3σ normalization 

and in stage 2 extracted features of skewness and kurtosis were employed to 

the Fuzzy Inference classifier.  
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It has been found that this is a simple system and can discriminate CN, 

MCI including LMCI and AD with adequate accuracy. The features extracted 

by this system were statistically significant when differentiating AD and 
MCI (including LMCI) patients from CN subjects, but cannot predict the 

Early MCI (EMCI) stage since its values are more similar to that of CN 

subjects. Therefore there is a need to find other textural features to classify 
the EMCI subjects. This proposed diagnostic method can be used as a 

support tool for Radiologists to decide on disease progression. 
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