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ABSTRACT 

One of the critical diseases that affects the brain by gradual failure of memory, 

confusion, and poor judgment and lastly results in death is Alzheimer’s Disease (AD). 

Physicians are aided by the Computer Aided Diagnosis (CAD) systems to detect the AD 

during its early stages; these systems make use of functional as well as structural imaging 

methods. The pathological issues in AD can be easily identified by Magnetic Resonance 

Imaging (MRI). In order to find a solution to the optimization problem in the search space or 

model, predict the social behavior when the objectives are existent, Particle Swarm 

Optimization (PSO) which is an algorithm modeled on Swarm intelligence is employed. This 

work uses greedy algorithm for hybridizing PSO optimization so that AD can be easily 

detected in MRIs. Adaboost classifier is another suggested method. 

Keywords: Alzheimer’s disease (AD), Computer Aided Diagnosis (CAD) systems, 

Magnetic Resonance Imaging (MRI), Particle Swarm Optimization (PSO) and Adaboost 

Classifier. 

1 INTRODUCTION 

Usually, AD affects people who are aged. As conventional methods for diagnosis are 

subjective, they are unreliable. This work presents an automated evaluation of AD that uses a 

new evolutionary algorithm that can be performed using common computer peripherals in 

clinical environment and also in doctor’s surgery. The early diagnosis of AD can result in 
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early treatment and the symptoms may stabilize, that prevent the disease progression. Euro- 

degeneration symptoms such as depression can be reversed using prescription medication and 

the patient is also given time to prepare for future. 

In order to visualize the internal body structure in detail, MRT, MRI and Nuclear MRI 

(NMRI) are some of the medical imaging techniques that are used in radiology. To obtain the 

image of the atomic nuclei inside the body, MRI makes use of a property known as Nuclear 

Magnetic Resonance (NMR). A device known as the MRI scanner is used; a patient is made 

to lie inside a huge and powerful magnet wherein the atomic nuclei’s magnetization in the 

body are aligned by the magnetic field. The alignment of magnetism is considerably altered 

using the radio frequency fields which causes the nuclei to generate rotating magnetic field 

that can be detected by the scanner. Thus, the information about the scanned area of the body 

is obtained [2]. The nuclei at different locations rotate at different speeds due to Magnetic 

field gradients. 2D or D volumes can be obtained at any random orientation using the 

gradients in different directions. 

High quality images of the anatomical structure of the human body, particularly the brain 

is produced by Magnetic Resonance Imaging (MRI) which is a low risk, quick and non-

invasive imaging method. This helps in providing rich information for biomedical research 

and also clinical diagnosis. Compared to other imaging techniques, soft tissue structures are 

more vivid and also much more in detail. There are several studies that were performed that 

improvises MRI quality and also look for new techniques that can easily as well as quickly do 

the pre-clinical diagnosis for the MRIs [3]. 

Adaboost is a meta-algorithm for statistical classification which chooses the weak 

classifiers sequentially; the weak classifiers cannot perform effectively on their own; these 

are chosen from a pool of candidates and based on their error, weights are assigned to them. 

Any statistical classifier that can perform better than pure chance is referred to as a weak 

learner. An “importance weight” is assigned at every iteration of the AdaBoost to every 

example and those examples that have been incorrectly classified beforehand in the prior 

iterations and have higher weights will be focused more in the successive iterations and this 

will tune the weak learners. This weighted vote of weak learners is testing examples with 

AdaBoost. 

Several optimization problems in the real world are extremely complex and are too 

difficult to be solved using traditional methods. A reasonable tradeoff between the solution 

quality that has been achieved and that requires computing time can be obtained by the meta-

heuristic techniques that have been developed of late. This is because, intelligent rules can be 

formulated by them to scan only a part of the search space that is highly complex. Where the 

traditional optimization techniques falter, the meta-heuristic techniques can tackle these 

complex problems better. Particle Swarm Optimization (PSO) which is a comparatively novel 

population based meta-heuristic algorithm is very popular. 

There are several optimization fields wherein the PSO [4] has been used successfully. 

Among them, during the last few decades, the numerical function optimization problems have 
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been widely investigated. Despite several advantages like flexibility, strength and simplicity, 

the PSO fails to tune the final solution towards the end of the search. Many efforts to deter 

these drawbacks and prove that PSO is superior have been made. This has led to the 

formulation of several improvised PSO algorithms. Accelerating convergence and avoiding 

the local optima are the two goals to be met for satisfying the PSO algorithm. 

This work hybridizes the PSO using a greedy algorithm and uses the Adaboost algorithm 

for classification. The related research work has been mentioned in the second section. The 

proposed algorithm has been detailed in the third section, the outcomes obtained are 

discussed in the fourth section and the fifth section presents the conclusion of the work to 

prove the performance of the suggested technique. 

2 RELATED WORKS 

MRI is quite inexpensive and is also not radioactive. Cheng et al [5] proposed an 

approach that uses Magnetic NanoParticles (MNPs) made of SuperParamagnetic Iron Oxide 

(SPIO) conjugated with curcumin, a natural compound that specifically binds to amyloid 

plaques. Coating of curcumin-conjugated MNPs with polyethylene glycol-polylactic acid 

block copolymer and polyvinylpyrrolidone by antisolvent precipitation in a multi-inlet vortex 

mixer produces stable and biocompatible curcumin MNP (Cur-MNPs) with mean diameter 

<100 nm. Transmission electron microscopy and atomic force microscopy were used to 

visualize these nanoparticles; Fourier transform infrared spectroscopy, X-ray photoelectron 

spectroscopy, time-of-flight secondary ion mass spectrometry and X-ray diffraction were 

used for characterizing their structure as well as chemistry. Cur-MNPs exhibited no 

cytotoxicity in either MadineDarby Canine Kidney (MDCK) or differentiated human 

neuroblastoma cells (SH-SY5Y). The Papp of Cur-MNPs was 1.03 _ 10_6 cm/s in an in vitro 

bloodebrain barrier model. Amyloid plaques could be visualized in ex vivo T2*-weighted 

MRI of Tg2576 mouse brains after injection of Cur-MNPs, and no plaques could be found in 

non-transgenic mice. Immunohistochemical examination of the mouse brains revealed that 

Cur-MNPs were co-localized with amyloid plaques. Thus, Cur-MNPs have the potential for 

non-invasive diagnosis of AD using MRI. 

A new system for CAD that could diagnose AD in its early stages using the tissue 

segmented images of the brain was suggested by Khedher et al [6]. Based on several 

multivariate techniques like Partial Least Squares (PLS) and Principal Component Analysis 

(PCA), the suggested technique aims to differentiate between AD (188), Mild Cognitive 

Impairment (MCI) (401) and elderly Normal Control (NC) subjects. There were 229 control 

subjects from Alzheimer's Disease Neuroimaging Initiative (ADNI) database. For every 

image that obtained Gray Matter (GM) and White Matter (WM) tissue distributions, 

automated brain tissue segmentation was performed. By implementing support vector 

machine classifiers with linear or Radial Basis Function (RBF) kernels to distinguish between 

normal subjects and AD patients, the validity of the analyzed methods was tested on the 

ADNI database. The k-fold cross technique was used to validate the performance of the 

suggested technique where the PCA technique has been outperformed by the system based on 

PLS feature extraction and linear SVM classifier. In order to extract discriminative 
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information from the data, PLS feature extraction is found to be more effective. With regard 

to this, maximum sensitivity, specificity and accuracy valued of 85.11% and 88.49% have 

been respectively yielded by the improvised CAD system. 

For feature reduction and for classification using the Decision Tree classifier, a method 

based on PSO was suggested by Sweety & Jiji [7]. Earlier, the detection of AD was in three 

phases- the first phase involved extraction of features like Eigen vectors, eigen brain, mean, 

variance, skewness, kurtosis, standard deviation, area, perimeter, eccentricity from the MRI 

image. The second phase involves using PSO for feature reduction and the third phase finds 

out the brain that has been affected using AD using the Decision tree classifier.  

Voss [8] introduced the Principal Component Particle Swarm Optimization (PCPSO) 

procedure, which flies the particles in two separates spaces at the same time; the traditional n-

dimensional x space and a rotated m-dimensional z space where m <=n. 

Abusini & Andari [9] proposed a hybrid algorithm called Greedy – Particle Swarm 

Optimization – Genetic Algorithm (GPSOGA). This algorithm is based on greedy process, 

PSO, and some genetic operators. Greedy algorithm is used as initial population, PSO as 

main algorithm and GA as support algorithm. Multidimensional Knapsack Problem 0-1 

(MKP 0-1) will be used as test problem. Based on criteria how they choose an initial solution 

in each algorithm, for solving MKP 0-1, GPSOGA is divided into 3 variants: GPSOGA (1), 

GPSOGA (2), and GPSOGA (3). Then, based on the mean computational time, the mean of 

the solution in every run and the best solution that is ever known, it checks which variant is 

better. It was observed using twenty individual running programs that for solving MKP 0-1, 

GPSOGA (3) is more suitable than GPSOGA (1) and GPSOGA (2), except in cases of Data 

2. It can solve the test problems more accurately and can also have better mean solution. It 

has also provided a convergence analysis to GPSOGA solution. Hence proven that GPSOGA 

solution cannot exceed the precise solution in solving MKP 0-1.and it is always convergent to 

the global optimum. 

A new machine learning system has been formulated by Zhang et al [10]. This can 

diagnose automatically from the brain magnetic resonance images. First stage is the 

processing of brain imaging that includes spatial normalization as well as skull stripping. 

Secondly, for extracting the texture features, one axial slice was selected from the volumetric 

image, and Stationary Wavelet Entropy (SWE) was done. The third step involves the use of a 

single hidden layer neural network as the classifier. The final step is training the weights and 

the classifier biases using the suggested predator-prey PSO. Proposed method used 4-level 

decomposition and yielded 13 SWE features. The classification yielded an overall accuracy 

of 92.73±1.03%, a sensitivity of 92.69±1.29%, and a specificity of 92.78±1.51%. The area 

under the curve is 0.95±0.02. Furthermore, for identifying a subject in online stage, this 

technique only cost 0.88 s after the pre-processing of its volumetric image. The suggested 

technique performs better than the ten highly competent approaches and also the performance 

of the human observers, in terms of classification performance. Hence in detecting AD, this 

suggested technique is better. 

International Journal of Pure and Applied Mathematics Special Issue

2394



An approach wherein the first step is the segmentation of the hippocampus region from 

the brain has been suggested by Rangini & Jiji [11]. The hippocampus region is segmented 

using the Level set technique. A feature of the segmented region is calculated after 

segmentation and the estimation of features like intensity, gradients, curvatures, one 

dimensional, two-dimensional and three-dimensional Haar filters, standard deviation filters 

and mean filters is done. SVM classifier as well as AdaBoost is used for doing the 

classification. Manual segmentation has been used for favorably comparing the suggested 

Adaboost and Ada-SVM segmentation. The procedure on how the accuracy of segmentation 

depends on the training set size is evaluated and for potential users who may use this 

technique, provides practical information. 

3 METHODOLOGY 

In this section, proposed the hybrid optimized PSO algorithm for identifying AD from 

MRI images. 

3.1 Principal Component Analysis (PCA) 

One of the most important and valuable outcomes from linear transformation that belongs 

to applied linear algebra is referred to as Principal Component Analysis (PCA). As PCA is an 

effective tool to extract the most important features from the data set it is mostly used across 

all forms of analysis. To decrease the unaltered high dimensional space of the brain images to 

a lower dimension subspace, PCA also finds its use in neuroimaging. It has been also applied 

in neuroimaging classification. 

The PCA has the following objectives: 

 To obtain the most significant information from the data table. 

 Decrease the data by retaining only valuable information. 

 To simplify the dataset description  

 Analyze the observations and the variables. 

Another benefit of performing the PCA on the datasets is that, upon detecting the pattern, 

it is possible to compress the data without losing a lot of information. Thus, the data 

dimensionality can be decreased for expressing data in terms of its chief components. 

Especially in cases wherein a huge dataset needs several variables to be reduced and there 

may exist some inter-variable redundancy, PCA is especially useful [12]. 

3.2 Particle Swarm Optimization (PSO) 

PSO is a population based evolutionary algorithm that was introduced by Kennedy and 

Eberhart in 1995 [13]. It is based on sociopsychological principles that delineate the social 

behavior of a swarm. An initial population that comprises individual candidates has been 

defined as arbitrary speculations of the problem as candidate solutions, at the beginning of 

the evolution. The next step is to improvise these candidate solutions by setting up an 
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iterative process. After iteratively evaluating the fitness of the candidate solutions, the 

particles recollect that places where they encountered success. Local best refers to a 

candidate’s best solution. This information is made available to the neighbours by every 

particle. Also, the place where the neighbors have encountered success is made transparent. 

These positive outcomes guide the movements through the search space. The population 

usually converges on a global best solution at the end of the trial. PSO is comparatively new 

than the traditional evolutionary algorithms like the GA and the genetic programming. Yet, a 

large number of parameter values can be effectively optimized using PSO. For achieving a 

certain level of success, the PSO has been used in a variety of optimization as well as 

recognition tasks [14]. 

Some on the benefits presented by the PSO [15] are: The search can be performed with 

the particle speed, it can be applied for both scientific research and engineering as it is based 

on intelligence. Only the optimistic particle can send information into other particles during 

the development of several generations. Overlapping and mutation calculation is absent. The 

PSO calculation is simple in comparison with the other developing computations and it can 

be easily completed. Adopting the real code number, the PSO affirms directly from the 

solution. Only fewer lines of code are required by the PSO when compared to the others. 

Also its implementation is quite easy. 

The disadvantages of PSO are: the problems that are caused by scattering and 

optimization cannot be worked out using the PSO and it exhibits partial optimism. This 

decreases the exactness of its speed and direction being regulated. For non-coordinate system 

problems like the moving rules of the particles in the energy field and the solution of the 

energy field, this technique cannot be applied. 

3.3 Adaboost 

A set of weak learners are combined to form a robust classifier greedily by the Adaboost. 

It only selects the weak classifier that has the lowest error and the rest are ignored. The 

features are selected by Adaboost in a greedy fashion and it can also deal with a complex 

problem that has many features and can formulate a scarce classification rule that has only 

lesser features. Nonetheless, this can also be a disadvantage as only the error can be 

minimized, and the margin can be maximized with regard to the selected feature, because of 

the greedy nature of the Adaboost. It can add all the weak learners and combine them 

together which is the limitation it has. 

3.4 Proposed PCA-PSO-Adaboost Algorithm 

The PCPSO algorithm has been developed for enhancing the convergence of PSO in case 

of high dimensional problems. 
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3.5 Proposed PCA-PSOG-Adaboost Algorithm 

As the greedy algorithm only selects that solution described to be in the greedy criteria, it 

is both simple and fast. However, only at times does the greedy solution approach the global 

solution. The PSO algorithm is based on the population’s best particle. This is due to the fact 

that in PSO, the remainder of the particles converge towards the best position of the particle. 

As the particle position keeps improving, the speed with which the PSO solves the problem 

also gets better. With the hope of making the PSO population better, the greedy solution has 

PCPSO-Adaboost algorithm 

1. Initialization 

(a) Initialize swarm 

(b) Initialize covariance matrix 

(c) Calculate principal components 

(d) Map particles to Z space 

2. Fly Particles 

(a) Fly particles in X space 

(b) Fly particles in Z space 

i. Map new Z locations to X space 

3. Form weighted average of 2.a and 2.b.i  

4. New personal best 

(a) Update Pbest 

(b) Pbest covariance updating: 

i. Update covariance matrix using the new weighted Pbest location 

ii. Recalculate principal components 

iii. Map current X space velocities and locations to Z space 

5. New global best 

(a) Update Gbest 

(b) Gbest covariance updating: 

i. Update covariance matrix using the new weighted Gbest location 

ii. Recalculate principal components 

iii. Map current X space velocities and locations to Z space 

6. Fly Particles Again 

7. Adaboost Classification 
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been sent to the initial population of the PSO. Figure 1 shows the flowchart for proposed 

PCA-PSOG-Adaboost. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Flowchart 1 Proposed PCA-PSOG-Adaboost 

4 RESULTS AND DISCUSSION 

The hybrid PCA-PSO based Adaboost classifier optimization (The number of 

classification trees (range 25-300), Depth of tree (1 to 6) are optimized. The Table 1 and 

figure 2 to 4 shows the classification accuracy, true positive rate and true negative rate for the 

techniques such as PCA-Adaboost, PCA-PSO-Adaboost and PCA - PSOG Adaboost 

respectively. 
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Table 1 Summary of Results 

 

PCA-

Adaboost 

PCA - 

PSO- 

Adaboost 

PCA – 

PSOG 

Adaboost 

Classification Accuracy 0.8553 0.9149 0.934 

True Positive Rate - Normal 0.9143 0.9543 0.9657 

True Positive Rate - MCI 0.7375 0.825 0.8625 

True Positive Rate - AD 0.575 0.75 0.8 

True Negative Rate - Normal 0.8119 0.8807 0.886 

True Negative Rate - MCI 
0.9397 0.9655 0.9737 

True Negative Rate - AD 
0.9335 0.9662 0.9807 

 

 
 

 

Figure 2 Classification Accuracy for PCA - PSOG Adaboost 

From the figure 2, it can be examined that the PCA-PSOG Adaboost has higher 

classification accuracy by 8.79% for PCA-Adaboost and by 2.1% for PCA-PSO-Adaboost. 
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Figure 3 True Positive Rate for PCA - PSOG Adaboost 

From the figure 3, it can be examined that the PCA-PSOG Adaboost has higher true 

positive rate by 5.47% for PCA-Adaboost and by 1.19% for PCA-PSO-Adaboost in case of 

normal. The PCA-PSOG Adaboost has higher true positive rate by 15.63% for PCA-

Adaboost and by 4.44% for PCA-PSO-Adaboost in case of MCI and the PCA-PSOG 

Adaboost has higher true positive rate by 32.73% for PCA-Adaboost and by 6.45% for PCA-

PSO-Adaboost in case of AD. 

 
Figure 4 True Negative Rate for PCA - PSOG Adaboost 

From the figure 4, it can be examined that the PCA-PSOG Adaboost has higher true 

negative rate by 8.73% for PCA-Adaboost and by 0.6% for PCA-PSO-Adaboost in case of 

normal. The PCA-PSOG Adaboost has higher true negative rate by 3.6% for PCA-Adaboost 

and by 0.85% for PCA-PSO-Adaboost in case of MCI and the PCA-PSOG Adaboost has 
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higher true negative rate by 4.93% for PCA-Adaboost and by 1.49% for PCA-PSO-Adaboost 

in case of AD. 

5 CONCLUSION 

About sixty to eighty percent of all dementia cases are the AD which is a progressive 

neurodegenerative disorder with no known cure. Several methods of detection based on 

Magnetic Resonance Imaging (MRI) have been proposed by different research teams. Greedy 

algorithm is both simple and fast. Hybrid PSO greedy algorithm has been suggested in this 

work. The work also suggests a hybrid of PCA-PSOG-Adaboost which is effective. Results 

show that the PSOG Adaboost has higher classification accuracy by 8.35% for Adaboost and 

by 2.14% for PSO-Adaboost. Also the PCA-PSOG Adaboost has higher classification 

accuracy by 8.79% for PCA-Adaboost and by 2.1% for PCA-PSO-Adaboost. The PCA-

PSOG Adaboost has higher true positive rate by 5.47% for PCA-Adaboost and by 1.19% for 

PCA-PSO-Adaboost in case of normal. The PCA-PSOG Adaboost has higher true positive 

rate by 15.63% for PCA-Adaboost and by 4.44% for PCA-PSO-Adaboost in case of MCI and 

the PCA-PSOG Adaboost has higher true positive rate by 32.73% for PCA-Adaboost and by 

6.45% for PCA-PSO-Adaboost in case of AD. The PCA-PSOG Adaboost has higher true 

negative rate by 8.73% for PCA-Adaboost and by 0.6% for PCA-PSO-Adaboost in case of 

normal. The PCA-PSOG Adaboost has higher true negative rate by 3.6% for PCA-Adaboost 

and by 0.85% for PCA-PSO-Adaboost in case of MCI and the PCA-PSOG Adaboost has 

higher true negative rate by 4.93% for PCA-Adaboost and by 1.49% for PCA-PSO-Adaboost 

in case of AD. 
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