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ABSTRACT

Machine learning has a close relationship with cognitive psychology and brain science and is developing together. This
paper analyzes the OASIS-3 dataset using machine learning techniques and proposes a model for predicting dementia.
Dimensional reduction through PCA (Principal Component Analysis) is performed on the data quantifying the volume of
each area among OASIS-3 data, and only important elements (features) are extracted and then various machine learning
including gradient boosting and stacking Apply the models and compare the performance of each. Unlike previous studies,
the proposed technique has a great differentiation because it uses not only the brain biometric data, but also basic
information data such as the participant's gender and medical information data of the participant. In addition, it was
shown that the proposed technique through various performance evaluations is a model that can better predict dementia
by finding features that are more related to dementia among various numerical data.
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Table. 1 Comparison table of the previous work
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with 60 subjects. analysis. | have to find English

or Korean tool

Attention-Guided Hybrid Network for
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Diagnosis With Structural MRImages
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deep-learning with MR
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for dementia diagnosis.
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Fig. 1 The proposed scheme
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[hCortexVol Left hemisphere cortical gray TotalGrayVol -0.281778

matter volume SupraTentorialVol -0.116289

rhCortexVol Right he:qlzilfg;e‘l;(eﬂfl(;rlgcal gray IhCortical WhiteMatterVol -0.152017

rhCortical WhiteMatterVol -0.1428969

CortexVol Total cortical gray matter volume CorticalWhiteMatterVol 01479038

SubCortGrayVol Subcortical gray matter volume ageAtEntry 03770175
TotalGrayVol Total gray matter volume

SupraTentorial Vol Supratentorial volume

Left hemisphere cerebral white

IhCortical WhiteMatterVol
matter volume

Right hemisphere cerebral white

rhCortical WhiteMatterVol
matter volume

Cortical WhiteMatterVol Cortical white matter volume

3.2.2. MaxAbsScaler
MaxAbsScaler= Z} EA41-& 1741 9] o] A2 o]
gl 2A QT S5 A=) Q=7
Arlgro] 100] HES 7 548 AE Ao
SFslch [12] OASIS-3 dataset2] 739 dlo|E| &9 4k
o) w917k cleyshar, 9] @14 cheels] o] o]
2A3l] PaAAE dolee] AA A 2YaEE A

2] 3pgo] U asieh

323 24 @)\ wo] 2%

T5 ‘?i cdrd o] glo]g=0, 0.5, 1,2, 302 o]
o] Qick. 0] glolE & 2A3to] o] A EFe} R
= A=tk HA, 5709 edr £ 0.5, 1,2, 3 X]UH
o] AN E EF3H1L, 02 X7} obd 7 0) 2 &
sto] o] X1 E/E xastgict. ofuff ZJul7} opd Eﬂ°1E1
2] 421 59770, A ¢l wlo]E] 2] == 456 /] ATt E3ES
70€] edr 5 0 Ao} obd 7-940), 0.59}F 15 7 u]gh

=
T
=
T
O

Zui(1) 2, 29} 35 417ket Auj(2) 2 st o5 &
F Al stk

33. 54 My 2 RR F2

o]zl &5 wlolEAlo] PCA 7| 283 Aah=tf
i e

sze] wHo A 23] AL SISA L FEel 2
Mol Ak, & Ao A 27458 s7Ae] S4e Adst
o] ¥L45t T} Fhek.

E4E Aesl7] $15) 54 cdrate] ATHIA S
AA ST W5 BlolE 2l cdrt A4 wlolE 2l o

EAE Afolo] 4TS B4 $l8) Hola A
= J1alelT 1 Avke 1. 37 2k

e L

scree plot

Variances
4
1

Fig. 3 Performance evaluation (i.e., binary scree plot)

o] % . 4¢} o] AwA%e] Aohgko] 020144
EAEY AEste] cdrdt 37 A% free ADRCH O]
S TAokI o AEFE AWk

A= [e} TOIT =

ok 57 dlole el sl = TR e
42 915 PCAYIMS M gakela, SH A 9)s) 4
BEAE S 1 ATk 7. a9} g,

ol R1EF e} uhrb 2 24 A S EAS A
ELMEEE LT

1734



01| ofdlafel 23 7|gt Alojo) B2

Table. 4 multi information ulgfu] ], ==9] £~ ZAS}= nodesize T} E|=
feature correlation GridSearchCV H4]1-8 E35}o] X2 3}le glebu]|g S 2
IntraCranial Vol 0.1966606 01—1;‘_
Ut
IhCortexVol -0.3082692
rthCortexVol -0.2862152 Algorithm 1 Training an Random Forest
CortexVol -0.298732 Require : Train data consisting of X and y
SubCortGrayVol 0.03509553
TotalGrayVol -0.2762138 .
RElAS X <- preprocessed feature(except for second preprocessing)
SupraTentorial Vol -0.1380928 < label(4 I
IhCortical WhiteMatterVol -0.1729749 y < label(4 classes)
rhCortical WhiteMatterVol -0.1550583
CorticalWhiteMatterVol -0.1645107 library(caret)
ageAtEntry 0.4048147 para <- expand.grid(nodesize range, mtry range, ntree

scree plot
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3.4.1. Random Forest
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paka

range)
fit.method <- train(formula, data, method, tuneGrid)

#with refind parameter

library(randomForest)

classifier <- randomForest(formula, nodesize, mtry, ntree,
data)

3.4.2. AL E WE HA(SVM)

HEE wE] oS A AAe] BHE BE AR
free. ADRC HJo]EJAIS- ql2juto} T A AL} o|uf 7
25 rbfe Aoz vAdF dlolEAlel tisiA =
BRY 4 9SSk

Algorithm 2 Training a SVM

Require : Train data consisting of X and y.

X <- preprocessed feature
y <- label(4 classes)

library(kernlab)

kernel = "rbf", type = "spoc-svc"

classifier <- svm(formula, data, type, kernel)

3.4.3. KNN
NN A2 Sofe glojeol thalA £ dole Al
o4 714 7P7he dlolE| EAES S me|Folt,
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Algorithm 3 Training a knn

Require : Train data consisting of X and y

X <- preprocessed feature
y <- label(4 classes)

library(class)

#k = square root of the number of observations

y_pred <- knn(X_train, X test, train_formula(y_train),
k)

B7} | = Accuracy &} fl-score S ARE-SICE Accuracy

o] A4 HP L 3. 59} 2k,

Table. 5 Metrics

3.4.4. XGBoost

Algorithm 4 Training an XGBoost

Require : Train data consisting of X and y

X <- preprocessed feature
y <- label(4 classes)

library(xgboost)

train_matrix <- xgb.DMatrix(X_train, y_train)
test_matrix <- xgb.DMatrix(X_test, y_test)

classifer <- xgb.train(params, train_matrix, nrounds)

3.4.5. Stacking

Stacking-2 oFsF 9 of 2] 7| & A Hh== oMM e
7I¥ S ofUE, o] IAoAM = HE ;.5?11] E, SWM,

KNN 2952 2ol s ik

v, & o ZA3t

41, 29 k& o|o|e W "It X|E

Bel Shgof] ARESE dloElAle: e 4719 dH|olE
Ao A AR EAST 2&617 E358te] THE glo]g

Aotk A =3H5S 9|8l free ASEG H|o|EAIS, H] |
L3555 915 freesurfers_b H] o] ]IS AFR-3ITE

True False
True TP FP
False FN TN
) TP + TN
(Accuracy) = (5)

TP + FN + FP + TN

f1-score = 3] AFE(recall) 2} %
BHatoltt.

4 T (precision) 9] %3}

Precision X Recall
F1Score= 2X 6)
Precision + Recall

42 DR kL
A A E471A] vk free ADRC g o] Bl
2 0] 83 Stacking g, XGBoost 22, DNN Zg-S

S HAF L] Stacking2 $]3] Randomforest, SVM,
KNNo| A-§=|9]et.
43, 2l ek At
A, Hol e e et 2 As) g EA
ATl 3. 63} 2.
Table. 6 Results per each model(1)
Model Accuracy
Stacking 0.77251
XGB 0.77251
DNN 0.63507
Voting 0.76777
Table. 7 Results per each model(2)
Model Accuracy
Stacking 0.74347
XGB 0.72173
DNN 0.66956
Voting 0.71739
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Table. 8 Results per each model(3)

Model Accuracy

Stacking 0.78246

XGB 0.76150

DNN 0.66527

Voting 0.75732
whhAl, 2% voting 72 ] A%5-S Blasto] Bk
o], gjojE WHAE 2AF}A] &1 RS THA 7=
Hol Also] /M 52 & = 3k o= o1d dlolg

2 dlo] A2 WFA Yol utet Blolg 1k A4 Aol 7k
M U] 9 Hlo] vehd Auz melch

V.ZE
e gL Qx4 atets
oot A st sl u494§74

(AU BAZ £
WAool 24
S ek, olefe

T upet 2 =52 OASIS-3 dataset-& ™4 au 7
HE o]gate] theFel mEl g BAsta, o] 5 Fal A nj

Eﬂ__]g xﬂOPgE} E3], OASIS-3 d|o]g]
A3k HloleSel ths) PCAS:
F 5, olof sl 1

6
o, 2E7E T kR Al RUES

1—1%,

owned subsidiary of Eli Lilly.
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