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ABSTRACT

Comparative Study on Pattern Recognition
Techniques for Diagnosis Alzheimer’s Disease

using MRI data

Jongmin Ko

Advisor : Prof. Sang—-Woong Lee, Ph.D
Department of Software Convergence
Engineering

Graduate School of Chosun University

As the trend of aging in Korea grows rapidly, age-related diseases are also
becoming more serious. There is a type of dementia, Alzheimer’s disease,
Frontotemporal Dementia, Parkinson's Dementia, Lewy Body Dementia, Vascular
Dementia, Chronic Tranumatic Encephalopathy. In particular, dementia,
especially, Alzheimer’'s disease (AD), is one of the increasing concerns because
the incidence rate is increasing with age. Depending on the recent researches
that AD can be cured if it can be early diagnosed, the importance of early
diagnosis of AD are getting more attention. There are several neuroimaging
methods such as Positron Emission Tomography(PET) and Magnetic Resonance
Imaging(MRI) for diagnosis of AD.

The main aim of this research is to distinguish patients using MRI data
which are easily affordable to us these days. For this purpose, we compared
several classification algorithms in the field of pattern recognition using
MRI-specific information. More specifically, for the classification of cognitively

normal (CN), mild cognitive impairment (MCID), and AD subjects, we used
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Principal Component Analysis(PCA), Linear Discriminant Analysis(LDA),
Support Vector Machine(SVM), Neural Networks (NNs), and Deep Learning.
We briefly analyzed the characteristics of each algorithm, and compared them
in the classification problemto find the suitable algorithm for assisting the
diagnosis of AD progression. A result indicates the degree to distinguish the
cognitively normal(CN), mild cognitive impairment(MCI), and Alzheimer’s
disease(AD). The results of the principal component analysis and linear
discriminant showed the picture, The result of support vector machine is about
63%, Neural Networks is about 3996, Convolution Neural Networks is about
33%. We still use support vector machine algorithms. But more than 150
features, more than 1000 data i1s expected that, if I get a good result in Deep

Learning.
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2. LDA(Linear Discriminant Analysis)
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3. SVM(Support Vector Machine)
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4. Deep Learning
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1002 caudalanteriorcingulate 2002 caudalanteriorcingulate
1003 caudalmiddiefrontal 2003 caudalmiddiefrontal
1005 cuneus 2005 cuneus
1006 entorhinal 2006 entorhinal
1007 fusiform 2007 fusiform
1008 inferiorparietal 2008 inferiorparietal
1009 inferiortemporal 2009 inferiortemporal
1011 lateraloccipital 2011 lateraloccipital
1012 lateralorbitofrontal 2012 lateralorbitofrontal
1013 lingual 2013 lingual
1014 medialorbitofrontal 2014 medialorbitofrontal
1015 middletemporal 2015 middletemporal
1016 parahippocampal 2016 parahippocampal
1017 paracentral 2017 paracentral
1018 parsopercularis 2018 parsopercularis
1021 pericalcarine 2021 pericalcarine
1022 postcentral 2022 postcentral
1024 precentral 2024 precentral
1025 precuneus 2025 precuneus
1028 superiorfrontal 2028 superiorfrontal
1029 superiorparietal 2029 superiorparietal
1030 superiortemporal 2030 superiortemporal
1031 supramarginal 2031 supramarginal
1034 transversetemporal 2034 transversetemporal
1035 insula 2035 insula
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Linear Kernel result
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RBF Kernel result
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