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(1) Perceptron Learning Rule

QBd YRR G FHAES Hebbol #HANA MY ASoln
(7} B 9] <512 (Hebb's Rule, Hebb. 1949)

Anol setde e olw AFAES B e APAE
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o AAFEE Fgel o HAAAA/ AR FHolTh sug

Winew) W(old)ij + aaibj

W(new)ij s AR A E, jAol o] - ¥ Weight

W(old)ij s A AM|E G, jAFol o) Z2- A Weight
a 1 THFE0<a<l)

a, DA M o] 2Bk

b, : A A 5o A3k
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(3) Perceptron Transfer Function
Perceptronoll A AFg§¥  HAE3d+= Hard-Limit Transfer
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Figure 7. Hard-Limit Transfer Function
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(Generalized Delta Rule)o. & 3 3}A =},

(1) Multi-Layer Perceptron Learning Rule
(7)) LMS g% ¥ (Widrow & Hoff, 1960)
LMS(Least Mean Square) %% ¢ i1d]+F<2 Perceptron ¥
FARTY © QwsE ssiHow AA ss dolgHel
AA eag HAiststs oz Weight JAAI 7= o

A AL, AF LA

o ot oy

7
of W Ha AL 27 At Wel Belel oA B4 AY

3 At 71719 2715 9usie
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dlo
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BA

AWE w3 A w250 Hado =g 4= gl ol zlo] AL
7} 5HH (Gradient Descent)o] 2} 3}al, o] & F2Ao=Z wHdstA o
Fage

dF « dBrr d x

C——= F) = £ — W
dW; rr ¥ dVVJ rr ¥ dW(y Q(JZJO ij))
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LMS 35w o8 Fo7] #ste] S5 wnioh @A
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(1}) Back-Propagation Algorithm (Rumelhart, 1986)
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(3) Multi-Layer Perceptron Transfer Function

ool Al A F &5 0], Multi-Layer Perceptron®] A &3dt4= nE 715

)

3k, & Sigmoid Function¥} #& 3SFE Apgdfofdtt. x4 <l
Sigmoid Function< Log-Sigmoid Transfer Function® Hyperbolic
Tangent-Sigmoid Transfer Function®] 2)T}.

Log-Sigmoid Transfer Function< F3tie] &gkl tiste =1

=E3S 0~19 #Hoez  EFHAIE FF4oli,  Hyperbolic
Tangent-Sigmoid Transfer Function® I 3z& -1~19 go=

=87 FFolth

S
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Figure 11. Log-Sigmoid Transfer Function
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a = tansig(n)

Figure 12. Hyperbolic Tangent-Sigmoid Transfer Function
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3. Experimental Data

oA =
2417 o] a1,

b 4254v & A Y

3|
s

7ol

WAL S AT ARl

SVA

A Al o gt

12 40137 o] A vt

2
4

N

A A

5

2] = dl,

==
5,

dole (A, 9, 71, A

=
=1

B AAA

=9 7l

Trigriceride,

7 A} d o] H (Adiponectin,

&) ofl
ol

=

ol
oAl

al

o
A%

140/90mmHg o] 4 &

G<tol
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1
R

(Hypertension) 2. =

18
FA T,

6]

AL
& o
=

=
=

] &l o] E

AALR B

SERI

7

A ol A

ERER

CE R

F dlolg W% Adiponectin, TG, HDL, Sex,

of Ap-§3

44

2} A]
Age, Waist, BMI, HTN, Smoke, Exercise, Alcol,

1171 W&

=
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Table 2. Experimental Data Analysis ( Total / Normal / Patient )

Total : 4254
Feature Max Min Average STD
Adipo 54.15 0.46 8.89 5.43
TG 1189 21 133.28 94.67
HDL 125 12 56.29 13.49
Sex Male : 1690%, Female : 25647
Age 87 20 46.09 9.85
Waist 140 56 80.93 9.19
BMI 38.00 15.94 24.02 2.98
HTN Patient : 9439, Normal : 331149
Smoke Non : 2173%. Ex : 10149, Current : 1068
Exer +% 16259, B & F 26299
Alcol =T 30999, M+ 1155
Normal @ 4013
Adipo 54.15 0.46 9.01 5.43
TG 1189 21 130.29 90.60
HDL 125 12 56.72 13.52
Sex Male : 16497, Female : 2364
Age 80 20 45.68 9.73
Waist 115 56 80.60 9.13
BMI 38.00 15.94 23.94 2.95
HTN Patient : 838%, Normal : 31753
Smoke Non : 20969, Ex : 9414, Current : 97749
Exer % 115639, "% 24509
Alcol &+ ¢ 29109, B &5 : 11039
Patient : 241
Adipo 41.40 0.62 6.88 491
TG 1104 31 183.14 137.70
HDL 88 28 49.13 10.68
Sex Male : 419, Female : 200
Age 87 32 52.76 9.54
Waist 140 66.5 86.39 8.48
BMI 37.70 17.98 25.35 3.02
HTN Patient : 105", Normal : 136
Smoke Non : 77%. Ex : 739, Current : 914
Exer +F5 1629, ¥LE 1797
Alcol & ¢ 1899, vl &5 521
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4. Experimental Model

enetic Algorithm i Neural Netwark
u_} P e — e —

wn Population | b i
o ¥ - E L E
E =l 2 AME
= # iy | i 3 i
3 pvamaton |l 5 1yl PP s A3 )
=] J LMo 0 = = 5 =
= & = o

Genetic Operation o LI —

Selection ! Crossover £ Mutalion i T;B_S‘_

Feature 13. Experimental Model

Experimental Model=> $# o4l A 3g Genetic Algorithm¥} Neural
Networks FAlol &3t FA39 k. Experimental Datasetol A]
TAE 11709 dlolE WaE Genetic Algorithms 53 9wy 2
7ts AL dESeted M HAASE Wents ddstA dn 2 A
gy W3S9 dolEE 7]Hko 2 Neural Network Models -3 3}
ok Yol AHeFE thZ Training Datas E3) <% NN Modelol
Test Datas AHAA 2 SGud Ed AIES RAE
(Sensitivity) 9} 5 ©] = (Specificity) & o] &3t 54 - v u g},

o] W, =A% AL Experimental Modelol A A A 7% g}
nEep AbEg dagE, 5 T el wabN gEA A "o

=i

GAol A9 3&tv E = Selection / Crossover / Mutation Function %

o

Coefficient, Population Size, Generation 5 °] % 2™ NNojA < Iz}
v ¥ = Training Algorithm, Transfer Function, Epoch, Learning

Rate, Hidden layerd 4 % 1 layerd =% 4 o] 9t}
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1. Data Preprocessing

7F. Outlier Rejection

LDL-Cholesterol( AU =X Gl FH ~HF) A4S Al 7bF 2
2ol= W Friededwald 32 Y3 ALY ORA, Total
Cholesterol, Triglyceride(TG), HDL-Cholesterol(al ¥ = #] ¢kl = 2] ~
HlE)S S48t otdle] Aol osto] Aibst=dl, o &4 TG7F
400mg/dL o173l 7 $-olE ApgE £ Qo o] NES A gt
dele F TG HelE kel 400mg/dLe]’d?l ©wlo]EE Outlier® 7t
Fahar A A3

(LDL-Cholesterol) = (Total Cholesterol)-[(HDL-Cholesterol)+TG]

wEb A A A 42547 9] " o]E ol A Outlier dlo]E el 799 o] 6 o] g
S AlYs dAl 41759 9] do]HE o] 83t Datasets T4 3FA T

1}, Data Normalization

DatasetZ T3t U+ 229 dlo]¥ &2 Numeric Data(Adipo,
Tg, HDL, Age, Waist, BMI)¢} Categorical Data(Sex, HTN, Smoke,
Exercise, Alcol)®Z T+ 4 Uth. webA ol # A zhzhe] w3t eko)
A2 & folHE NN Input dataz A As7] & z ol
2 At sk(Normalization) #4 & F3l HA / HAdgS 7IFo=2 of
#o] AL Hgsto] 0~19 oz Waryet”

v; —min (vl ‘e vn)

Un = max (v, -+ v,) —min (v, -+ v,)

( v, : normalized value, v; : instance value )

n

t}. Dataset Configuration
TG Ftel 400mg/dL ©]2Fel dlo]El el OutlierES #| A3 41757 <]
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ol = 230 9] FAbdlo]E 9 39457 o] A olHE FAE 9
t}. o] Hlo]¥ 52 Training Data®t Test Data® T#3tol] dojA 2zt
7 3119 ¥E&E FEFYY. WA 31299 ¢ Training Data 5 A A
dlolH &= 295871, #xtdlolE = 171707F EA s, 104678 2] Test
Data & A tlolE = 98770, &Atdlol ¥ = 5970 7F EA ot

Table 3. Dataset Configuration

Normal Patient Total

Training Data 2958 171 3129
Test Data 987 59 1046
Total 3945 230 4175

2. Optimization of Experimental Model
7}. Parameters Setting
(1) Genetic Algorithm Parameter

D Selection Function : Roulette SelectionFcn
®@ Crossover Function : Two-point CrossoverFcn
@ Mutation Function : Uniform MutationFcn (A4 : 0.01)
@ Population Size : 20
® Generation : 10

(2) Neural Network Parameter
@ Training Algorithm : Resilient Backpropagation Algorithm
@ Transfer Function : Hyper-Tangent Sigmoid TransferFcn
@ Training Epoch : 1000
@ Training Mode : Batch Mode
® Learning Rate & the numbers of Hidden Nodes
: Selected Feature-setell we} 7fd 2 o2 %3 X3
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1. Procedure of Optimization

100 Cases of
Feature-set

Samples of
Feature-set

_T\ NN Model _T\ Feature-set

Optimization | /| Optimization

{3 Hidden layers)

(2 Hidden layers)
Figure 14. Procedure of Optimization Model
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3. Experimental Result
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Table 4. Results of GA-NN Model

Feature Sensitivity Specificity AgPreégrer?;nt
DM4175_11_All 72.9% 67.3% 67.6%
DM4175_11_Select 69.5% 67.7% 67.8%
DM4175_8_All 72.9% 61.3% 62.0%
DM4175_8_Select 72.9% 63.3% 63.9%
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7F. DM4175_11

(1) All Feature # & A

Table 5. Result of DM4175_11_All Feature

DM + DM - Total

Test + 43 323 366
Test - 16 664 630
Total 59 987 1,046
Sensitivity 43/59 * 100 = 72.9%
Specificity 664/987 = 100 = 67.3%

Percent Agreement

707/1046 =100 = 67.6%

Hidden Nodes: 35-15-10

Learning Rate: 0.01 MSE: 0.0256

Adipo TG HDL Sex Age

BMI HTN Smoke Exer Alcol

Best Training Peformance is Makl at epoch 1000

10 F =
Train |3

------- Best

------- Goal
10t | J

Mean Squared Error (mse)
B,

=2
=
&
T

1 1 1 1 1 1 1 s |
a 100 200 300 BOOC F00 500 500 1000

Figure 15. NN-Performance of DM4175_11_All Feature



(2) Selected Feature % € 4]

Table 6. Result of DM4175_11_Selected Feature

DM + DM - Total

Test + 41 319 360
Test - 18 668 686
Total 59 987 1,046
Sensitivity 41/59 = 100 = 69.5%
Specificity 668/987 * 100 = 67.7%

Percent Agreement 709/1046 *100 = 67.8%

Hidden Nodes: 25-20-10 Learning Rate: 0.01 MSE: 0.0415

Adipo TG HDL Sex Age Waist BMI HTN Smoke Exer Alcol
o @) o @) o ] ] o o o )

: Best Training Peformance is Makl at epoch 1000
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Figure 16. NN-Performance of DM4175_11_Selected Feature
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Figure 17. GA-Performance of DM4175_11_Selected Feature

- 37 -



1. DM4175_8

(1) All Feature % & A

Table 7. Result of DM4175_8_All Feature

DM -+ DM - Total
Test + 43 382 425
Test - 16 605 621
Total 59 987 1,046
Sensitivity 43/59 * 100 = 72.9%
Specificity 605/987 * 100 = 61.3%
Percent Agreement 648/1046 *100 = 62.0%
Hidden Nodes: 50-80-80 Learning Rate: 0.05 MSE: 0.0317
Sex Age Waist BMI HTN Smoke Exer Alcol
o { ] o o o o ]
1ot : = S : : = i :
Train
------- Best
------- Goal
& 0 .
£
s g
i
10'2 _______________________________________________________________________ ]

1 1 1 1 1 L 1 1 1
0 100 200 300 4000 500 6000 FOO GO0 900 1000
1000 Epochs

Figure 18. NN-Performance of DM4175_8_All Feature
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(2) Selected Feature %8 A

Table 8. Result of DM4175_8_Selected Feature

DM + DM - Total
Test + 43 362 405
Test - 16 625 641
Total 59 987 1,046
Sensitivity 43/59 * 100 = 72.9%
Specificity 625/987 * 100 = 63.3%
Percent Agreement 668/1046 *100 = 63.9%
Hidden Nodes: 10-20-10 Learning Rate: 0.50 MSE: 0.0431
Sex Age Waist BMI HTN Smoke Exer Alcol
) o o @) o o o O
-, Best Training Performance is Mall at epoch 1000
10" F . . . . " T :
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Figure 19. NN-Performance of DM4175_8_Selected Feature
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Figure 20. GA-Performance of DM4175_8_Selected Feature
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4. Logistic Regression Model Result
Ao AFolA AT T U Feature-set? dlo]HAlS o] &3}o]
Logistic Regression Model= A&3 235 GA-NN 299 tix

ow A AAste] v - B,

=

Logistic Regression Analysist W5 A3EIH e dFo =24, 24
(logit) 3|AEGoletnx W, FEHHUF7E F HFZ FAE )
v WEESYd i A8H= FAA 7IHelt

m(z)
| ( ):Oé+ T
& 1—n(z) p

Ao Aol mAlE APFAANY FHE WIsts =T
TEWAFTE 0 e 1Y f3E Zhe 7P S (dummy variable)Ql 73 ¢
o yo 71d#E YedE vgEFe] 2ol SAY FAE agE

97t AAZ gol uEhdth o WSAFE x7b FrHEl ue
H

*

Table 9. Results of Logistic Regression Model

Feature Sensitivity Specificity AgPreégrer?gnt
DM4175_11_All 79.7% 67.9% 68.5%
DM4175_11_Select 84.7% 65.9% 67.0%
DM4175_8_All 72.9% 64.2% 64.7%
DM4175_8_Select 69.5% 68.8% 68.8%
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Table 10. DM460 - GA-NN Model Results

Normal Patient Total
Training Data 180 180 360
Test Data 50 50 100
Total 230 230 460
Feature Sensitivity Specificity Percent
Agreement
DM460_11_All 80.0% 78.0% 79.0%
DM460_11_Select 82.0% 80.0% 81.0%
DM460_8_All 80.0% 72.0% 76.0%
DM460_8_Select 68.0% 86.0% 77.0%

U 24 s Ade fF 7 ol A W SRl E F
o2 53+ AY Aotk 9 Data Multiplication Method&
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Abstract

A Study on Optimization Processing of Health-Data
Using Neural Network

Do-Sung Kim

Department of Medical Science
The Graduate School, Yonser University

(Directed by Professor Sun-Kook Yoo0)

Diabetes is a chronic disease, which occurs when the
pancreas does not produce enough insulin, or when the body
cannot effectively use the insulin it produces. This leads to
an increased concentration of glucose in the blood. In this
study, we propose a prediction model that present the high
accuracy of the outbreak of diabetes using genetic algorithm
and neural network.

We used the data of 4175 persons(normal:3945, patient:230)
that divided by training data and test data. And We used the
data of Adiponectin, Triglyceride, HDL-Cholesterol, Sex, Age,
Waist, BMI, HTN, Smoke, Exercise and Alcol. In these data,
genetic algorithm was select the optimized features for
prediction of disease, and neural network was predict the
outbreak of diabetes. As a result, when use all features,
prediction model was presented the accuracy of 67.8%. And
when use the features except data what can get by a blood
test, prediction model was presented the accuracy of 63.9%

As a further study, we expect that diabetes prediction
model will use in medical environment, if additional patient
data should get and a research of various neural network
models should implement.

Key Words : Diabetes, Genetic Algorithm, Neural Network.
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