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Abstract

Thailand has been undergoing a transition into a completely developed elderly society. The sign is becoming more
apparent in the last few years, when a ratio between the number of children and mature adults has been dramatically
decreasing. In additional to prevailing measures the sovernment has to take, healthcare service for elderly people has to
be readily prepared. Among diseases from which the elderly people are suffered are high blood pressure, high cholesterol
and dementia. Age related dementia are gradually developed. Alzheimer's disease is however another more serious type
of dementia that often drastically affect not only the patient but also their caretaker. Early diagnosis of the symptom
could well enable therapeutic measures that improve their quality of life. This can be done in several ways, e.g., by
medical survey and medical imaging. This paper therefore presents a robust PET image classification methods for
diagnosing Alzheimer's disease in a samples drawn from Thai population. The proposed process adopted K-means
clustering and Gabor Wavelet for brain segmentation and image feature extraction, respectively. To reduce the dimensions
of data involved, only mean and standard deviation of pixels were extracted as features. The disease was finally classified
by using a supervised machine learning in turn. Specifically, four classification methods were considered, i.e., Eigenface,
Support Vector Machine, Convolutional Neural Network and proposed method. The experimental results indicated the
accuracy of proposed method was up to 87%. It was appropriate to identify Alzheimer's patients from normal controls

and the proposed SVM outperformed the rest.
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SET Threshold = -0.55, R = Result
IF result of linear kernel = result of quadratic
kernel
R <--result of linear kernel
ELSE
IF bias of linear kernel > Threshold
R <-- result of quadratic kernel
ELSE
R <-- result of linear kernel
END IF
END IF
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A1 PET Al9d nSunisnagaudiaviua 30 A1n
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Han1s AWMsTuunUszIan
AAsgiann
unvgian Eigenface oM CNN oM
ma (linear) (proposed)
1 AD AD AD AD AD
2 AD NC AD NC AD
3 AD AD AD AD AD
q AD AD AD AD AD
5 AD AD AD AD AD
6 AD AD NC AD NC
7 AD NC AD AD AD
8 AD NC NC NC NC
9 AD NC NC NC NC
10 AD AD NC NC NC
11 NC NC NC NC NC
12 NC NC NC NC NC
13 NC NC NC NC NC
14 NC NC NC NC NC
15 NC NC NC NC NC
16 NC NC AD NC NC
17 NC AD NC NC NC
18 NC NC NC AD NC
19 NC NC NC NC NC
20 NC NC NC NC NC
21 NC NC NC NC NC
22 NC NC NC NC NC
23 NC NC NC NC NC
24 NC AD AD NC NC
25 NC AD NC NC NC
26 NC NC NC NC NC
27 NC NC NC NC NC
28 NC AD NC AD NC
29 NC NC AD NC NC
30 NC NC NC NC NC

Usgnaunignn PET veegUie 10 AnuazauUn@ 20
1w Maaauszuun1sIkungUielsndalenesany

tupeuluiden 3 ludunisuenussnnvesiiisuazau



102 MIEANFIVING IAINTTUANERS U.8U.

DI (W)
&

o

Eigenface CNN

S5msuunilszian

3UN 8 wamsduungiganauundlagisiugiu

= danaa

FIWI (W)

Linear Quadratic Polynomia
kernelfunctions

JUN 9 mansdwunds SYM andlsidunesivanuudady fid

@09 MAEny wagismiaue

v
aa A

UnAld 3 35ugulunisneaeude Eigenface, SYM wae
CNN 52uDanadauis SYM nuduemiudanasiulu
a7 3.3

Gl’]i'NVI 1 LARINANISNAABUITINUNUTELAN

ADAULN 2 ABKATILASIERINNLNNGLANIE N1V

=

15aNeIUIaIRINTel émé

o

1757 ! g 14
gaglitoyadiuiiludoya
Y a oA v Y ax a =
81989 aNTINFOUAUYNADIVDITANBTAUTIRAUNTY
A1A11YNABIUATIIUUNUTELANVDINS 3 TFNUTIY
Eigenface, SVM uag CNN ¢93U7 8 91nNAN1INABY
o @& 1 an v ° A1 o = v
dunaiindnds CNN Tinansdnuuniiwivgfsiosas 80
Tuaaug?IB Eigenface wag SYM 7ldiaosiualuulfiaidu

'
o '

AuBlugIegNUsEuSouay 73 warseuay 77

]

o w Ay v 1% 1Y awv o
AUa Ny Namlﬂf\]gaaﬂﬂaaﬂﬂUﬂquﬁﬁ]ﬁlm [5-7] way

[15-18] Fadonldia CNN Tunssuwunuszinm

Ui 12 atudl 1

NAFBUNITINLUNUTELANTID SYM IneUdey

1

Heanduimosiuatlunuunindsans (quadratic) uagida
a3 (polynomial) mﬂmamimaauiugﬂﬁ 9 LU
wosluauuumasaauazmasalinugniewiniueg
fisevaz 73 waegrelsAnuileidunodivanuuidaudu

d' ' Y a

gamaliAradugnaednigendn 1ofveeds

U

SvM 14
FeATULABSIUALUUMAIE@DILAS LUUMAIEINAD AN
Suunnguenundléfininis svm Aldilsituneiuauuy
Badu esannuanismadeuisiugudte 3 338414
naanslyufvindians FFuUsaIsnsTwunUsziana
Sane3fiuludod 3.3 75238 SVM uuuiiuduuasiuy
AasaeufIgiy 359 °1Lauaiﬁﬂﬂﬂawuaﬂmaq3JWﬂaq
feway 87 wazaunsaduunnguauunilagniesiosas

a

100 mﬂmaasﬂmwa“ F99157991 2 WUINAHAUINTS

waznaulInUasufialAszkaInniw PET voefUreTi

I Y SN A

WNAANWINLNTIAUNNNTE LLF

q

°’1Lauammsaﬂswiqm

a dQ L4
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30 A ﬁﬂﬁiqwaiﬁ%faaasmmgﬂﬁaﬂumﬁwLLuﬂsﬁﬂiw
ST [5-7] uag [15-18]

Taefl  wauIna3e (True Positive: TP)
naauUasy (False Negative: FN)
nauInUasy (False Positive: FP)
NaaUa34 (True Negative: TN)
Sensitivity or True Positive Rate (TPR)
Specificity (SPC)

Positive Predictive Value (PPV)
Negative Predictive Value (NPV)
False Positive Rate (FPR)

False Negative Rate (FNR)
False Discovery Rate (FDR)
Accuracy (ACQ)

F1 score
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A9 2 agUnaAvneata

SVM SVM
Eigenface CNN
(linear) (proposed)
TP 6 6 6 6
FN 4 4 a4 4
FP 4 3 2 0
TN 16 17 18 20
TPR 0.6 0.6 0.6 0.6
SPC 0.8 0.85 0.9 1
PPV 0.6 0.67 0.75 1
NPV 0.8 0.81 0.82 0.83
FPR 0.2 0.15 0.1 0
FNR 0.4 0.4 0.4 0.4
FDR 0.4 0.33 0.25 0
ACC 0.73 0.77 0.8 0.87
F1 Score 0.6 0.63 0.67 0.75
MCC 0.4 0.46 0.53 0.71

Matthews Correlation Coefficient (MCC)
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