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THESIS ADVISOR : ASSOC. PROF. NITTAYAKERDPRASOP, Ph.D.,
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YIELD PREDICTION IN MANUFACTURING/MACHINE LEARNING/
IMBALANCED DATA/DATA BALANCING/FEATURE SELECTION/

GENETIC ALGORITHM/MULTIPLE LINEAR REGRESSION

In the field of hard disk drive manufacturing, yield prediction is one of the
most important tasks. An accurate yield prediction has high contribution and
influence on this business. There are many factors to obstruct the process of yield
prediction modeling. One of key problems is tremendous amount of features collected
from manufacturing and testing process. This problem creates difficulty for the data
usage. Moreover, imbalance ratio between passed and failed hard disk drive units in
the manufacturing data is extremely high. This issue makes the creation of an accurate
yield prediction model a challenging task. This research introduces technigques to
improve yield prediction performance in hard disk drive manufacturing by applying
knowledge of machine learning and several techniques of data mining to solve the
problem. Techniques of data balancing and the application of learning algorithm and
statistics are used in data preparation and feature selection process. Machine learning
techniques are also applied in modeling for yield prediction step. This research also
introduces the novel method in data grouping step called data aggregation by

consistency quantity to replace the original technique that data are grouped by week.



Performance has been evaluated through the Mean Square Error (MAE) and Root
Mean Square Error (RMSE) measurements.

The experimental result shows that the proposed method, which is a
combination of machine learning algorithms and resampling techniques called DBC-
2KAR (Data Balancing k-Means Clustering, k-Nearest Neighbors and Resampling),
is able to turn a highly imbalanced dataset to be a balanced and efficient one.
Efficiency is due to the fact that the classification learning model can find the
important attributes in feature selection step. These important attributes are to be used
in the subsequent step for yield prediction modeling with algorithm Artificial Neural
Network and Multiple Linear Regression combined with the novel technique called
Data Aggregate by Fixed number that can provide better result than the traditional
method adopted by current process engineers. The best methodology is the
combination of feature selection using genetic algorithm and yield prediction
modeling with multiple linear regression. RMSE and MAE of this combination are
0.559 and 0.732, respectively. In terms of error rate reduction from traditional
method, this method can reduce the error rate by 60%. In the portion of experiment to
increase fixed number of Data Aggregation, we found that errors of yield prediction
are getting lower since the fixed number is 1,000. The lowest error of yield prediction
is provided when fixed numbers is 10,000 and results are steady even if the fixed

number has been increased up to 40,000.
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2.8 Support Vector Machine (SVM)
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Y = 15.34 4+ 0.57(X)
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Genetic Aleorithm Pseudo Code

Begin

Set generation ¢ = 0;

Initialize population;

While termination condition is not met, do
Begin

Evaluate fitness;

C roccover
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|
11
2
3
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o
(
w
w

Mutation based on probability;
Replace weak candidates with better offsprings;
Set generation g = g + 1;

End

End

' 9
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(Reference: K.Leelawong, ICCS 451 Lecture Note, March 2009)
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Chromosome #1 : 0 1 1 0 1

Chromosome #2 : 1 0 0 1 1
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Chromosome #4 : 95.0 05.5 09.0 100.0 80.0
Chromosome #5 : 04.5 38.8 075 09.0 88.0
Chromosome #6 : 09.1 03.2 090.2 08.5 85.0
Chromosome #7 : Rain Rain Cloud Sun Sun
Chromosome #8 : Snow Cloud Cloud Cloud Ram
Chromosome #9 : Cloud Cloud Snow Rain Sun

d
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3. mi!fﬁ’ﬁwmmmwmmmw (Permutation Encoding) gﬂuuﬁu@T% Malhotra L0y
Id o 1 o w { o '
AmME (Malhotra et al., 2011) iHumsinsda Tagldmsunuadrduas ldinndumisvedulu
Tas Tulay aei lauaas13ugai 2.22 Fananeanuna luuaazdmiialulas Tu Ty

= % ] %’ o
@ennuag lusnuae

Chromosome #10 : 1 2 3 4 5
Chromosome #11 : 4 5 2 3 1
Chromosome #12 : 3 1 2 5 4
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g‘]J‘VI 2.22 06191a5 1 TeuanmMIsHauuuwe S uasY

2.10.1 MS5BNAUEI19U523103 (Initialize Population)
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Gene#l Gene#2 Gene#3 Gene#d Gene#5
Chromosome #1 : 0 1 1 0 1
Chromosome #2 : 1 0 0 1 1
Chromosome #3 : 0 1 0 0 0
Chromosome #4 : 0 0 1 0 0
Chromosome #5 : 0 1 0 0 1
Chromosome #6 : 0 0 0 0 1
Chromosome #7 : 0 0 0 1 1
Chromosome #8 : 1 1 1 1 1
Chromosome #9 : 0 0 1 0 0
Chromosome £#10 : 1 0 0 0 1
Chromosome #11 : 1 1 0 1 1
Chromosome #12 : 1 1 1 1 1

319 2.23 Areeilsy MNITIHUA

Gene#l Gene#2 Gene#3 Genez4 Gene#s
Chromozome #1 : ] 1 1 0 1
Chromoszome 26 : 0 0 0 0 1
Chromozome #3 : 0 1 0 0 ]
Chromoszome 22 : 1 0 0 1 1
Chromozome #11 : 1 1 0 1 1
Chromozome #9 : 0 0 1 0 ]

31U 2.24 dredamsquilse sansonnlfiulsznnsudy

a d v
2.10.2  msdszfiumaeantunnaranzan (Evaluation by Fitness Function)
g dy 2 o Jd o 1 . .
VUADUUILITUIINMTIIHUANINFUAIAINIHNUIZAY (Fitness Function)
dy 1 3 v W Y KX o d o 1 a 1
vunoudlusuduusn udrahvansumanumunzay llsziuanumngauveaaay
4 I [ o a 1 1 g}/ Y]
Tas TuTsuis 19 unanmnas lunsnosanin las Tu Tgumanivauals lasunmsagunon
Y o 1 1 A 1 an o 1 g‘; 1 %
wugnssulldsguae luvie li Taedsmsmuiumanumangauivszuanaisiuoon 11

A Y 9 o 1 an
LW?JGIMﬁ@ﬂﬂa@Qﬂﬂllﬁﬁgﬂ‘ﬁﬂWiLLmﬂlﬁinW



46

#10819 frual Fitness Function 81%35UN151 52 uannuvnIzay Ao

“maudasmugiuaossivau 5 daliegluzlvesavguduuazihai @ ldenfdsaes Tag
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1. Mmadaizsasias Ins Tu oy lved luguvuavgiueaed 191 Chromosomet|
Id
=01101, Chromosome#6 = 00001 i8¢ Chromosome#3 = 01000 Lﬂuﬁ’u
¥ =2 o Ay v 3 a Yo A
2. nnuudsiwavguaesi lautauiluavgudn1daell Chromosome#1 =
13, Chromosome#6 = 1, Chromosome#3 = 8, Chromosome#2 = 19, Chromosome#11 =27 LI ¥
Chromosome#9 = 4

3. e nd lmeuguduinieuseondn Ininnmaenmaidesdsdunisi

9 ~ & v o 1 A Y -
"lﬂllﬁﬂﬁﬂl'l:!ﬁllﬂ'ﬁﬂ 2.13 "“]NWaaW‘ﬁsll'l’)\ifnﬁﬂ']u'lﬂ!ﬂ']ﬂ'l']ll!1’71]13ﬁ3ﬁﬂ1@ﬂggﬂllﬁﬂﬁq'ﬂugﬂﬂ

2.25
F(x) = x? (2.13)
Gene#l Gene#2 Gene#3 Gene#4 Gene#3 Fiiness value

Chromosome #1 : 0 1 1 0 1 169
Chromosome #6 : 0 0 0 0 1 1

Chromosome #3 : 0 1 0 0 0 64
Chromosome #2 : 1 0 0 1 1 361
Chromosome #11 : 1 1 0 1 1 729
Chromosome #9 : 0 0 1 0 0 16

A ° ' X . AN Yo v
qil‘ﬂ‘ﬂ 2.25 MIMUIUAANUHUISTUNY Fitness Function ‘I/]Ulﬂﬂﬂ/iu@]uh

2103 MSAURUMIMITUABUITITINUENIIN (Genetic Operations)
v o A d' 9 g’/ a A o g}/ 9 @
AAUUUNIT (Operator) ﬂi%iuﬂluﬁ@uﬂ‘ﬁl%ﬂwuﬁqﬂiinuu %$ﬂ5$ﬂ@ﬂﬂﬁﬁlﬁ3
o A a 1 4 . . { Y
ANUHUNIT 3 BUA llﬁglluﬂ miﬁuwu‘q (Inheritance Vidﬁ’t) Reproductlon) mmamﬂﬁﬂuwu‘gﬂim
=) . . v J . A o W o 9 [}
(Crossover 198 Recombination) LtagN1INAYNUT (Mutation) Tastidaunisiinld1e auswa

doud lauaaa 1 3dhedulugii 2.19
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. &g = v A a o o

Function) FUYUMTROULVUNTEUIUNTAARDNAINTITUHA Iﬂﬂﬁ?ﬂWHﬁV]Nﬂ'ﬂMlﬂN?gﬁﬂJ
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dmsumsaaoniszanns lunszuiumsauwug Asged gugand, 2559; Myreaders, 2010;

Yaeger, 2008; Bies et al., 2006; Banzhaf et al., 1998) ]‘l@gﬁl,fi
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= Yy a

MIAAAONIUDNTFUIADN (Roulette Wheel) TAsMIguilaz9190Inanng
] < v A IS @ '
ﬂl@ﬂﬂ'ﬂlluﬁ]%ﬂ]uiuﬂWiQﬂﬂﬂm@ﬂ IﬂEﬁ]&ﬂullﬂG]HJ?JG]TI’GT’JUGUENﬂ%LLHuﬂ’JHJLWNW%ﬁiJ"U@Q
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U595 1INNATINASLUUNINUA
[ A ' v = = A v [ 1
nsAataenuuuLUITHLUUlSeutney (Tournament) ADNITFNIUS
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L‘lr%fJ‘]JWIfJ‘]J%TﬂﬂQ?J‘]JiZ“NﬂiLLagﬂﬂlﬁ@ﬂﬁj%u%ﬁﬂﬂﬂ'ﬁllﬁﬂﬂmEJ‘UL!L! A0 UNsEBINT

v v
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Y v ] v
Tusutinua 8 Yszmnsasi lauaas13lugii 2.26 azdesmaiaonlns TuTounangados
y o & { b < o 1
TasTulgwieldlunmsduneadienug Taogdhn 227 Huazndacldiiudanisiug
= v a U 1 Jd v (Y = 1
nfseumenluuaazsenTasnisiiarsand amlesndunnumuizanvestszansdrlaani
[ S 9 U A T A 1 Y ] d' 9 1 Y Y 9 = Y [ Y
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Gene#l Gene#?2 Gene#3 Gene#4 Gene#5 Fitness value
Chromosome #1 : 0 1 1 0 1 169
Chromosome #2 : 1 0 0 1 1 361
Chromosome #3 : 0 1 0 0 0 64
Chromosome #4 : 0 0 1 0 0 16
Chromosome #5 : 0 1 0 0 1 81
Chromosome #6 : 0 ] ] 0 1 1
Chromosome #7 : 0 0 0 1 1 9
Chromosome #8 : 1 1 1 1 1 961

A o 1 1 ~ , Ay o A o o %
51J1/] 2.26 LLZ‘WN@]'Jf’]ﬂTQﬂQNﬂ§$%1ﬂ§VIQﬂq3Jll”ILW'E)HJ"I?’J?Jﬂ”IﬁﬂﬂLa'E)ﬂLL‘]J']JV]’JiT!”ILlJH@]
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Chromosome#1 (169) +7
—+ Chromosome#1 (169) [------:

Chromosome#2 (361} f-------- :

% Chromosome#4 (16)
Chromosome#3 (64) [-------~ )

'—+ Chromosome#4 (16) +;
Chromosome#4 (16) F

Chromosome#5 (81) [-------~ )

% Chromosome#6 (1) F
Chromosome#6 (1) +—
:—+ Chromosome#6 (1)

Chromosome#7 (9)

Chromosome#7 (9)  [-=---- :

Chromosome#8 (961) --------

~ T w A o ¥ ~ ~
517 2.27 MU ULDY Tournament o 19 1415z ns MmNz auiiqa 2 Uszrns

@ I [ v v W
ﬂ’lﬁﬂﬂla@ﬂllﬂﬂ Linear Ranking Lﬂuﬂ’liﬂﬂlﬁ’ﬂﬂiﬂﬂﬂ’liﬂ@ﬂuﬂﬂﬂguuuﬂ'{]’lm

v
[ % (% 1

o ] I Y v W
LWN’WﬁM"U@\ﬁJig“]ﬂﬂﬁl,!agﬂ’]ﬂu@ﬂ')’]uu'mglﬂucluﬂ'ﬁgﬂﬂﬂlﬁ@ﬂ@]’]uﬂ'ﬁfﬂﬂ@uﬂﬂuu AIDYN

Usznoumeiuneszilugadoyallszmnsyadn s Uszansasi lduaaaldudarlugili 2.26

=) v

dauoulvfion1 Fimess Value NlosNigadoiouaunsn lagrnaininisead1auauaInm

(% [

Y Yo o 1 ~ Ao
manzauudv ladinuveaszring ezl 2.28 Tasdszansnangaaesouauusn

TAuA Chromosome#6 t1ag Chromosome#7 FAUAIAMMHINZAUMINY 1 LAz 9 AU
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Gene#l Gene#2 Gene#3 Gene#4 Gene#3 Fitness value
Chromozome 6 : 0 0 0 0 1 1
Chromoszome £7 : 0 0 0 1 1 9
Chromosome 24 : 0 0 1 0 0 16
Chromoszome #3 : 0 1 0 0 0 64
Chromosome #5 : 0 1 0 0 1 81
Chromoszome £1 : 0 1 1 0 1 169
Chromoszome £2 : 1 0 0 1 1 361
Chromosome 28 : 1 1 1 1 1 961
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Cross Over Pount

v
Gene#l | Gene#2 | Gene#3 | Gene#4 | Gene#S | Gene#6 | Gene#7 | Gene#8
Chromosome ) | 0 | 1 | 1+ | o |t | o | o | 189
Chomosomewsd | 1 | o | 0 | 1 |i ] o | 1| ie—
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o _Aad . . Jq 9 v A @ g
N1TU1IDTNIT Information Gain 3JnJ55qﬂmGlﬂummmaan@mammxuu
(Jadhav et al., 2018; Nowozin, 2012; Lee and Lee, 2006; Roobaert et al., 2006; Kent, 1983) 2%
I o 1 . 2 d @ 1 9 9 =
Lﬂuﬂ']‘iﬂ']u’)ﬂlﬂW Information Entropy “INlﬂuﬂWi’Jﬂﬂ’J'liJlmﬂﬁN“ll@Q‘UfJﬂJ"a HINVaYaunIuy
1 @ 1 a 9 Y = < &’ = o
UANAINNNUNINAT Entropy ﬁ]%iJﬂTL;N Glu“I/I'NGI'i\‘l*U'lllﬂ?ﬂﬂl@hﬁﬁﬂﬂ'ﬂﬂlﬂl&tﬂ@!ﬂEJ’Jﬂl.l

4 [ 1< 1 z': @ [ 1
(Homogenous) 1110 A1 Entropy N9zNAM aNbzv03 Entropy HaaIAd Uzl 2.31
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Entropy
1.00
090
0.80
0.70
0.60

0.50
Entropy = -p log,p - glo

0.40 Py = -p log,p - qlog,q
030
020

0.10

p
- 01 02 03 04 05 06 07 08 09 1.0

v
=

{ 1 { o I ¥ @
JU7 2.31 naluaasmsnlasun)asuesn Entropy Nutlsdumuanuithuiiomeany

maq%’aga (Homogenous)
MIAUIUN Information Gain @501 1AM IsuIa Tagaumsaaans i
H(X) = = Xi=; P(x;) log P(x;) (2.15)

Ta EJ‘ﬁ H(X) f® Information Gain
Entropy (x;) Ao —P(x;) log P(x;) uaz

P(x;) Ao sanuinaziilu (Probability) v avgsal (x;)

@ 1 [ d‘ o Y Aa 1 o d' 4 @
@]'J@Eﬂ\illﬁﬂﬂﬂ\‘igﬂﬂ 2.32 ﬁ]zumﬂ%ﬂﬁmﬂiu’d’mmmmiﬂm’sm !W@ﬂﬁSQﬂ@ﬁﬂﬂﬂTS
. . o A v 9 a d a o E( 9
U Information Gain iuﬂ1§ﬂﬂlﬁ@ﬂﬂmaﬂym$ﬂTﬂﬂJ@HaﬂTiWaﬁ a’]ﬁﬂﬂﬁﬂllﬂﬁv\IIﬂstlgﬂ"lli’)Hﬂ
) v o o &
ﬁﬁ@]uﬁ]zﬂigﬂi’]'ﬂﬂ?}ﬂ 6 AUANHUSANU
. . . AN =3 Jd Aa 4 A 1 @
1) Drive SN (Drive Serial Number) i® HUNYLQULTAID g15iaaan lasiunazal Tae
1 1 |?,’ Y]
wmmammmﬁ%ulumﬂu
A A 1 d Aa | v g ] A [
2) STATUS e aaiuzmsnaaauiuaading1saaean lasiaaniu o Wi (Pass) ¥3e 'l

1 a (% 4
WU (Fail) MINagoUNanNUN
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3) HSA PR U@A98990 1420 1MV89 HSA (Head Stack Assembly) 7u3Juvoalni (Prime)
vsevesinelHauaudl (RCY, Recycled)
. = . g 1A A Y 9y
4) Media PR 4@A994@014ENNUDS Media 2uiluveslni wisvesine lgauuingdr
5) MBA PR LA9D801UEA N8I MBA (Motor Base Assembly) 71iuv04 114 1o
A Y} £
vosne lgauua
6) PCBA PR HAAIDIADIULNINUYDI PCBA (Printed Circuit Board Assembly) ’hL‘ldJ Uu

VoA A 9 Y
Vo4 1My WIovoaae l¥auLLan

(n) ﬁ"md’lﬂ?ﬂya%ﬁu (1) Anuteziluves STATUS
Dove SN STATUS HSA PR MEDIA PR MBAPR PCBA PR Pass Probalility = 0.80
SN-01  Pass Pnme Pnme Prime RCY Fail Probability = 0.20
SN-02  Pass Pome Pome Prime RCY

SN-03  Fail Pnme RCY Prime Pnme

SN-04  Fail RCY RCY Prime Pnme

SN-05  Pass Prime Prime Prime Prime

SN-06  Pass Prime Prime Prime Prime

SN-07  Pass Prime Poime Pnme Prime

SN-08  Pass Prime Prime Pnme Prime

SN-09  Pass Prime Prime Pnme Prime

SN-10  Pass Pnme Pome Prime Prime

SN-11 Fail Pnme RCY RCY RCY

SN-12  Pass Pnme Pome Pnme RCY

SN-13  Pass Prime Prime Prime Prime

SN-14  Pass Prime Prime Prime Prime

SN-15  Pass Prime Prime Prime Prime

SN-16  Pass Prime Poime Pnme Prime

SN-17  Pass Prime Poime Pnme RCY

SN-18  Pass Prme Prime Pnme Pomie

SN-19  Pass Pame Pame RCY Pnme

SN-20  Fail RCY Pome Prime Pome

9 A

3191 2.32 () Medredeyantduiozin 19uaaansfuIw Information Gain 1Az

J ] I
(v) MaNuuIzuvey Staus

o ' 9 Y ald ° . . Yo 1 dy
11NA296199 194U ZTVUADUMIAIUIUNT Information Gain Taadae 111
1) 112N Entropy [SUAY
2) MUIUNI Information Gain G1M5U HSA PR (319 2.33)

3) AU Information Gain 914351 Media PR (3U7 2.34)



1) MIAUIUN Entropy (T1AY

4) MUINUN Information Gain 115U MBA PR (319 2.35)

5) MUIUN Information Gain M5V PCBA PR (319 2.36)

Entropy (Initial)
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= - * - *
- P (Status = Pass) LOgZ P (Status = Pass) P (Status = Fail) LOgZ P (Status = Fail)

=-(0.8 *Log, (0.8) + 0.2*Log, (0.2))

=0.72

() Ar9g1adeyatioNianzam iz HSA PR

Drve SN
SN-01
SN-02
SN-05
SN-06
SN-07
SN-08
SN-09
SN-10
SN-12
SN-13
SN-14
SN-15
SN-16
SN-17
SN-18
SN-19
SN-03
SN-11
SN-04
SN-20

STATUS
Paz=
Pazs
Pass
Pass
Pass
Paz=
Pazs
Pass
Pass
Pass
Pas:=
Pasz
Pass
Pass
Pass
Pazz
Fail
Fail
Fail
Fail

HSA PR
Prme
Prime
Prime
Prnme
Prme
Prime
Prime
Prime
Pome
Prme
Prme
Prime

@) A1 9 11danmsfae
diafi9ns iz HSA PR

P (HSA = Pnme)

P (HSA = RCY)

P (HSA = Pnme) & Pass
P (HSA = Prime) & Fail

P (HSA =RCY) & Pass

P (HSA =RCY) & Fail

Entropy HSA Pnme
Entropy HSA RCY

Information Gain

0.90
0.10

0.89
0.11
0.00
1.00

0.50
0.00

0.27

31/ 2.33 (n) MededeyariionsmuIaA Information Gain Y99 HSA PR 18z

(@) M lganmsmuaiionnsu IRz ANy HSA PR
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2) MUIUHN Information Gain 91150 HSA PR

. . _ ) *
Information Gain (5, pry = ENtropy i) [P (HSA = Prime)  ENTODPY (4sa = prime) T

P (ysa-rey) * ENtropy s, - RCY)]

=0.72-[0.90 * 0.50 + 0.10 * 0.00]

=0.72-0.45

=0.27
(n) A28 9oy atiiatingauaniz MEDIA PR @) a1 9 1 ldanmsfuaa
Dove SN STATUS MEDIA PR If}ﬂﬁil'lﬁ WURWIz MEDIA PR
SN-01 Pass Prime P (MEDIA = Prime) 0.85
SN-02 Pass Prime P (MEDIA = RCY) 0.15
SN-05 Pass Pome
SN-06 Pass Proime P (MEDIA = Prime) & Pass 0.94
SN-07 Pass Prime P (MEDIA = Prime) & Fail 0.06
SN-08 Pass Prime P (MEDIA = RCY) & Pass 0.00
SN-09 Pass Prime P (MEDIA =RCY) & Fail 1.00
SN-10 Pass Prime
SN-12 Pass Prime Entropy MEDILA Prime 0.32
SN-13 Pass Prime Entropy MEDIA RCY 0.00
SN-14 Pass Prme
SN-15 Pass Prime Information Gain 0.45
SN-16 Pass Prme
SN-17 Pass Prme
SN-18 Pass Prme
SN-19 Pass Prime
SN-20 Fail Prime
SN-03 Fail RCY
SN-04 Fail RCY
SN-11 Fail RCY

51 2.34 (n) Meddoyaon13AUINAT Information Gain Y89 MEDIA PR 1182

@) M ldnnmsfnauiieNnsuunmizauanyue MEDIA PR



3) AMUIUK Information Gain 145U Media PR

. . _ _ %
Informatlon Galn (Media PR) — Entropy (Initial) [P (Media = Prime) Entropy (Media = Prime) +

*
P (vedia=rey) ¥ ENTOPY (vegia - RCY)]

=0.72-[0.85* 0.32 + 0.15 * 0.00]

=0.72-0.27

=045

= Y 4
(M) A1889UauAi oIS R N MBA PR
£

Drve SN
SN-01
SN-02
SN-05
SN-06
SN-07
SN-08
SN-09
SN-10
SN-12
SN-13
SN-14
SN-15
SN-16
SN-17
SN-18
SN-03
SN-04
SN-20
SN-19
SN-11

STATUS
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Pass
Fail
Fail
Fail
Pass
Fail

MBA PR
Poime
Poime
Prime
Prime
Prime
Poime
Prime
Poime
Prime
Prime
Prime
Prime

() Aaa 9 Nldanmsfiuia
/991521 ta Y1z MBA PR

P (MBA = Pnime)

P (MBA =RCY)

P (MBA = Prime) & Pass
P (MBA = Prime) & Fail
P (MBA =RCY) & Pass
P (MBA =RCY) & Fail

Entropv MBA Prime
Entropy MBA RCY

Information Gain

0.90
0.10

0.83
0.17
0.50
0.50

0.65
1.00

0.04

31 2.35 (n) Mod1doyaon15AIUINAT Information Gain Y8 MBA PR 118

(@) i ldnnmsdnauieinisaummzguanyme MBA PR
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4) MUIUN Information Gain d1%5U MBA PR

. . _ ) x
Information Gain (g, pry = ENtropy yiia [P (MBA = Prime) + ENTOPY (v = prime) T

P (A -rey) * ENtropy g - RCY)]

=0.72-[0.90 * 0.65 + 0.10 * 1.00]

=0.72 - 0.69

=0.04
() ﬁ":aa'wa?'aymﬂaﬁmsmnm’nz PCBA PR () AR 9 H1&anmsfuam
Drive SN STATUS PCBA PR !flﬂﬁil’l‘i UNURNWIz PCBA PR
SN-05 Pass Prime P (PCBA = Prime) 0.75
SN-06 Pass Prme P (PCBA =RCY) 0.25
SN-07 Pass Prime
SN-08 Pass Prime P (PCBA = Prime) & Pass 0.80
SN-09 Pass Prime P (PCBA = Prime) & Fail 0.20
SN-10 Pass Prime P (PCBA =RCY) & Pass 0.80
SN-13 Pass Prime P (PCBA =RCY) & Fail 0.2
SN-14 Pass Prime
SN-15 Pass Prime Entropv PCBA Prime 0.72
SN-16 Pass Prime Entropy PCBA RCY 0.72
SN-18 Pass Prime
SN-19 Pass Prime Information Gain 0.00
SN-03 Fail Prime
SN-04 Fail Prime
SN-20 Fail Prime
SN-01 Pass RCY
SN-02 Pass RCY
SN-12 Pas= RCY
SN-17 Pass RCY
SN-11 Fail RCY

31 2.36 (n) Mod1edoyaINoN13AIUINAT Information Gain Y89 PCBA PR 1182

(@) adt ldAnnmsdunauieinsammnzuanyue PCBA PR
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5) AMUIUK Information Gain §1%51U PCBA PR
Information Gain ey pry = ENropy idan = [P vea = primey * ENTOPY (pcpa = prime) T
P pcpa-rey) * ENrOPY (peps - re))
=0.72 - [0.75*0.72 + 0.25*0.72]
=0.72-0.72
=0.00

M13°99 2.11 1aA9A1 Information Gain YOIUAASAMANHUY

Feature Information Gain
HSA PR 0.27
MEDIA PR 0.45
MBA PR 0.04
PCBA PR 0.00

! < U 1 o 4
A15199 21115 U 15U @AIAY Information Gain YOILAREAVUANHUSIND
Y
il 1Flumsaadenaudnyuzuazii l)1dauludunsude T vudesnisquanyus 2
v = v Ay Yo A A .
AUANYAE Fnuanyuzh lA5UIaenao HSA PR 118 Media PR
2.11.2 Chi-Square
. I < as aaasn &
Chi-Square lagund5iduiTnisnageunieaanisnisvile (Thaseen and
Kumar, 2017; McHugh, 2013; Jin et al., 2006; Janes 2001; Satorra and Bentler, 2001) i 1411
~ 1w . A @ ' o & o v o Jo Y
msfFeuiena1aauils (Varable) H3oguanyazudazdtulanudunusiuuinioy
9
J 9 R J [ '
ieela wioevazldnadonndeyariuiinniuluaiuainiands (Expected Value) w50 1l
[ v A, J E { '
msfadenguanyuz Iagl¥35nsnadoUv Chi-Square Uszgna IFuiwiunuwivate

wazausany 18 luauisena T
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1 o 1 g’z a 9 v 1 dy
Tuaiuvesmsmuiua Chi-Square uuﬁnﬂﬁﬂ@‘ﬁ‘]ﬂﬂllﬂﬂ\‘]ﬁilﬂﬁﬁf]ul‘l]u

(0i— Ey)?

2 _ vk
X? = 3, O (2.16)
o X2 fie A Chi-Sqaure
0; An manudnlaninmsduna

E;  feamnnudnmania

o I 1 o a ' o 1 . I
dregranaziiunldesuieludiuveansmuiua Chi-Square Hludoyada

2 v o w o i L oAy y vy v =
WYINUNUAIDYNNITATUIUUDY Information Gain V]”lm!,ﬁm"hﬂnmu @I'HJE‘II‘VI 2.
o 1 I g Y o dy
Iﬂﬂﬂﬁgﬂjuﬂ']ﬁcluﬂ']ﬁ‘ﬂ']l!’:lﬂ!ﬁ']iﬂﬁﬂLlﬂﬂﬂﬂﬂlﬂuﬂluﬂﬂuqﬂﬂﬁu

32

1) MIMUIUNIA1 Chi-Square IIBILNNGUIDYAN1 HSA PR

2) MIMUIUNIA Chi-Square 1101LNGUYOYAA N Media PR

3) MIAUIUWIAT Chi-Square [HpH1NNGUTOYAaA1N MBA PR

4) M3MUIUNIA1 Chi-Square [o1119NqUT03aA1W PCBA PR
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(n) Arethedoyadiefinsauaniz HSA PR (@) f1ens o 71 1dnnnndmaadied1sdaya

Dnve SN STATUS HSA PR lﬁﬂﬁﬂ"l‘im"lmﬂ"lz HSA PR

SN-01 Pass Pome Prime RCY
SN-02 Pass Pome Staus=Pass 16 0
SN-03 Pass Prime Status = Fail 2 2
SN-06 Pass Pome Total 18 2
SN-07 Pass Prime Expected = Pass 14.4 1.6
SN-08 Pass Prime Expected = Fail 3.6 0.4
SN-09 Pass Prime Deviation (Pass) 1.6 -1.6
SN-10 Pass Prime Deviation (Fail) -1.6 1.6
SN-12 Pass Prime Chi-Square (Pass) 0.422 1.265
SN-13 Pass Prime Chi-Square (Faal) 0.843 2.530
SN-14 Pass Prime Chi-Square of HSA PR 5.060

SN-15 Pass Pnme

SN-16 Pass Pame

SN-17 Pass Prime

SN-18 Pass Pnme

SN-19 Pass Pame

SN-03 Fail Prime

SN-11 Fail Pnme

SN-04 Fail RCY

SN-20 Fail RCY

317 2.37 (1) 1aAIAIDIIINIAIUINA Chi-Square YDI HSA PR 1ag

(@) air ldAninmamunauiio s ammnzAuanyuz HSA PR
MIMUIUAT Chi-Square TUAIDE19T19AUIZEUMINMTHVLTEINTVONS 4
ﬂ’q'll 1dun HSA PR Prime Pass, HSA PR Prime Fail, HSA PR RCY Pass tteig HSA PR RCY Fail
Tagaz 1aan 16,2, 0 naz 2 mwdwnds lduaas13luga 2,37 @) imivishimssuaam
A9 Expected = Pass 11a% Expected Fail Y94 HSA PR 15037111 Prime tag RCY A1UA13
Y
s liil
Expected Pass gy primey = Pass Proability * Total Count of HSA Prime

=0.8*18

—14.4
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Expected Fail (g5 pirey = Fail Proability * Total Count of HSA Prime

=02%*18

Expected Pass 5, zcyy = Pass Proability * Total Count of HSA RCY

=0.8%2

Expected Fail 5, peyy = Fail Proability * Total Count of HSA RCY

=02%*2

A o [ [ 1 =1 <= 9 9 gj [ A [
m@ﬂmammmﬂﬁaﬂmmazﬂﬁmmﬁmiﬂm@ﬂum muﬂauﬂﬂ“lﬂﬂamimm
A .. 9 a o 1 @ 1 a R Y
AUAAAAADU (Deviation) VIIVDUAVINNUAIAITNATIAT N Guml,mazﬂimmhlmmm"l’ﬂu
A g’/ =2 d o J = g’/ = o v dy
517 2.37 () MINIUTBTUMIAUIUAIVDI Chi-Square N9 4 NFAAWMIMIUINAIAD 111
. . . 2
Chl-square (HSA Prime Pass) = Sqrt [(DeVIatlon (HSA Prime Pass)/ ExpeCted (HSA Prime Pass)]

=Sqrt [1.6°/ 14.4]

=0.422
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Chi-Square gx prime pay = 41t [(Deviation’ (t1sA prime Fain)/ EXPECted (15 prime Fain)
=Sqrt [(-1.6)* / 3.6]
=0.843
Chi-Square g pey pasy = St [(Deviation® (HsA RCY pass)/ BXPeCted i5a rey pass)]
= Sqrt [(-1.6)* / 1.6]
=1.265
Chi-Square g reyray = ST [(Deviation’ wsa rey rainy/ EXpected gisa rey rain]
=Sqrt [1.6°/0.4]

=2.530

H 2 N ] A

VUADUFANMYA1HIUNITHIAN Chi-Square Y939 HSA PR ADNITUINATINUDY

s 1 1

9 ] [
A1 Chi-Square 14 4 N3P 1A WIANAIAY Falawnny 5.060 asn lauaas13lugil 2.37 Tag
A10819MSATUIAUAINITHULTZ¥INT AIAIANIT AIAINARIAAADY 1Az A1 Chi-Square VDY

Y v v
AMANYAUE Media PR MBAPR 11az PCBA PR 1 Idudassisazidon 131ugdn 2.38 (1) U4

2.39 (V) oz 31N 2.40 (v) AMudaL
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(n) A288139Byailatin1sa R N1z MEDIA PR

@) Ma 9 Aldnnndunadeddeya
(/97191384 1m N1z MEDIA PR

Dnve SN STATUS MEDIA PR
SN-01 Pass Prime
SN-02 Pass Prime
SN-05 Pass Prime
SN-06 Pass Prime
SN-07 Pass Prime
SN-08 Pass Prime
SN-09 Pass Prime
SN-10 Pass Prime
SN-12 Pass Prime
SN-13 Pass Prime
SN-14 Pass Prime
SN-15 Pass Prime
SN-16 Pass Prime
SN-17 Pass Prime
SN-18 Pass Prime
SN-19 Pass Prime
SN-20 Fail Prime
SN-03 Fail RCY
SN-04 Fail RCY
SN-11 Fail RCY

Prime RCY
Staus=Pass le 0
Status = Fail 1 3
Total 17 3
Expected = Pass 13.6 2.4
Expected = Fal 3.4 0.6
Deviation (Pass) 2.4 -2.4
Deviation (Fail) -2.4 2.4
Chi-Square (Pass) 0.651 1.549
Chi-Square (Fail) 1.302 3.098
Chi-Square of MEDIA PR 6.600

317 2.38 () 1AAIAIBEIINTAIUIVA Chi-Square Y83 MEDIA PR 1ag

() M ldanmsmuaniionasuunnzuanyay MEDIA PR

() Arvehedipyatiolinzanianiz MBA PR

Dave SN STATUS MBA PR
SN-01 Pass Prime
SN-02 Pass Prime
SN-05 Pass Prime
SN-06 Pasz Prime
SN-07 Pass Prime
SN-08 Pass Prime
SN-09 Pass Prime
SN-10 Pass Prime
SN-12 Pass Prime
SN-13 Pass Prime
SN-14 Pass Prime
SN-15 Pass Prime
SN-16 Pass Prime
SN-17 Pass Prime
SN-18 Pass Prime
SN-03 Fal Prime
SN-04 Fal Prime
SN-20 Fal Prime
SN-19 Pass RCY
SN-11 Fail RCY

(@) Arane 9 W ld9nendnadledisdeya
(IR MBA PR

| O\ \ Prime
Staus=Pass 15
Saus=Fail y 3
Total )iz
Expected = Pass N 14.4
Expected = Fail A" 3.6
Deviaiton (Pass) ~ "~ 0.6
Deviation (Fail) | 0.6
Chi-Square (Pass) 0.158
Chi-Square (Fail) 0.316

Chi-Square of MBA PR

1.897

U

517 2.39 (1) LEAIAIDEINTAIUINAT Chi-Square Y89 MBA PR U@

(@) adt ldnnmsduaniionnsammzguanyue MBA PR
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(n) Aeeedayaiiiofiatsaaniz PCBA PR @) e 9 1ldnnandusadedsdeya

Drive SN STATUS PCBA PR a9 aR N1z PCBA PR

SN-05 Pass Prime Prime RCY
SN-06 Pass Prime Staus=Pass 12 4
SN-07 Pass Prime Status = Fail 3 1
SN-08 Pass Prime Total 15 5
SN-09 Pass Poime Expected = Pass 12 4
SN-10 Pass Poime Expected = Fail 3 1
SN-13 Pass Prnime Deviation (Pass) 0 0
SN-14 Pass Prime Deviation (Fail) 0 0
SN-15 Pass Prime Chi-Square (Pass) 0.000 0.000
SN-16 Pass Prime Chi-Square (Fail) 0.000 0.000
SN-18 Pass Prime Chi-Square of PCBA PR 0.000

SN-19 Pass Prime

SN-03 Fail Prime

SN-04 Fail Prime

SN-20 Fail Pnme

SN-01 Pass RCY

SN-02 Pass RCY

SN-12 Pass RCY

SN-17 Pass RCY

SN-11 Fail RCY

51U (1) 2.40 1EAIAIDE19INITAIUIUAT Chi-Square Y94 PCBA PR L

U

() i ldnnmsmusuiienansammiznuanyug PCBA PR

M13°199 2.12 1AA9A1 Chi-Square VOUAALAVANH UL

Feature Information Gain
HSA PR 5.060
MEDIA PR 6.600
MBA PR 1.897
PCBA PR 0.000

1 9
Mnareddoyataznsmsdiuaui lduaas 13 ludresduiv awnsoagl
IS =i = = J . 1 1% 1Y
ponuuTun1519R 2.12 FaaaimsufSoufioua Chi-Square vouaazAMENUE WUH
v 1 1] 9
AvsmsnadennuanyuzNangadosdauneitllldluduaousde 11 92’14 MEDIA PR uaz

HSA PR #31¥A1 Chi-Sqaure #1 6.600 1182 5.060 AU
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v =
2.12  Jasavnwilszannfiey (ANN: Artificial Neural Network)
[ I [ a { [ o
Tasesnelszaniey Wudanssnunordems@eunuumMIMauvesssuulszam
o
Glufmmsummgm (Jain et al., 1996; Zhang et al., 1998; Yao, 1999; Bertinetto et al., 2016; Chae
& o v ' 7 3 ° A
etal., 2016) ¥9luauosvosuyudlsznon ludromirowadlszamian q S1uauwng
A 1 [ Id ] A A (] ~ = @ Y A o Y
wouaenuwilulassniedszamnlvuialvg Tasliswaziooauazanugusouniiln
Y~ a a 49! o 4 d' d‘ 1 [
ansodszunanalanilszansnmuinvuausiviuveuyaslszamnFounonu lag

Y a J
vaaslved lugdunuvesaumsnindiamans

[

a A Y a A v A Y a J Y o
UUHIAALTUAULINAIINNTITNUNA fJVI1\1@TH‘]jiUuiUu'l‘]Jigﬂyi@]’ﬁ]\?ﬂ’lﬁﬂ’lﬁﬁ]\?ﬂﬁﬂ,ﬂﬂﬂ'lll

a 4

4 1 ) ~ a a 4 a2 1 Y o
HANAUDINYHY ll@sﬂ,m N173AV Liﬂui} AR UATICU LINLYSTINN 9 TvnuneuNIADS

F2 9
v Y

I | 2’;0 " o d’dwslallwo’qu v Jd a AA
AIDY YU NITIAIATDTININ ‘1/I1l13J3J1§‘Hﬂ%ﬁiﬂ§1ﬂ31ﬁ@3%uﬂuﬂmm3 AAIBUAUADFT UV NN 9

Q

A ] < @ o 2 1A Y 32 2 3 Y
1/]1]‘11!‘]31fﬂlll,ﬂfJL'HuLLNJLLa%quﬂlﬂﬂﬁﬂﬂuIﬁﬂiﬂu LLG]L‘WENLLﬂwl,ﬂL’I’Tuﬂiﬂllﬁﬂﬂﬁnﬂﬁﬂﬂﬂﬂqﬂ'ﬂ

Jd a

o A 3 A o & ) v Ry o & & o o Ay
ﬁmmwumﬂuﬁm%uﬂiﬂ GIf\?“YT'IﬂEJE]uﬂa‘]Jhl‘]JGL‘L!G]@u'WENNHHEJENUJUL@ﬂG]'J!ﬁﬂ 9 ‘Vlth

@

A ¥ A v AN Y o & o A SN 1 v 2
’ff'liJ'lﬁﬂllﬂﬂllﬂgﬂiaﬁﬂgﬁﬁlﬁﬁ'luUl@@uﬂ uul‘WiTZﬂﬁﬂﬂﬁgﬁﬂﬂ'ﬁi}\lﬂhlllll'lﬂwa PNUHUTIN
7t ¢ 2 & A 2 Y1 A A4 g a A
Nuﬂﬂﬂﬂizﬁﬂﬂ'ﬁmh'}ﬂﬂlu IAUTNIAIN €] UINUVU ﬂ%gﬁ']iJ'lﬁﬂTJ’f]ﬂhlﬂ'J'lﬁﬂﬂLWuﬂﬂﬁﬁGl,ﬂ
v av Y] ) ° o S 4
'Llﬂ'Jﬂf]‘l’l']\‘iﬂ']uﬂiyiyTﬂﬁgﬂ]&lifﬂ\‘]ﬁ]Tﬂ'ﬂﬂﬂaulﬂﬂTTVI']\ﬂuEll'ﬂﬂﬁjJ@\uJ‘léHfJTﬂfJLﬁll%']ﬂl.“Ifﬁﬁ

1 <3 A o ] (Y] 9 3}, A [ [ < 1 dy 9
ﬂﬁgﬁWVlﬁu'Jﬂmﬂ ] MNBDNIWNIUNTY Llﬁgvlll"]fﬂ‘ﬂf@u AMNUULFDUADUUIYLAN ) LT ATULUN

9 [}

Y A [l ~ [l o A o Y Yy A [ 1 1 =
ﬂaﬂﬂuolm‘ﬂugﬂiamﬂﬂﬁml,taxz’fWﬁGﬂNmﬂmucﬁauulﬂ NIDVINNUIYYDY VN UIULTY

Y ] dyd o o 1 Y v A A 1 o v
W”IEJIITJ‘UN T‘ﬂi\ﬁl1ﬂuﬂﬂﬂﬁTNWiﬂ‘ﬂN]u@]@ulﬂﬁ/ﬁTgﬂﬂﬂﬁuﬁﬂﬂﬂﬂﬂu 9 GH'JEJﬂl!‘iJi%iJ'JaWﬁi’)Q
= ya oy y A £ A 0 Aa
BNUINUIY mem”lmiﬂugmﬂmaga‘mnmm Iﬂﬁﬂslﬂfll‘lﬂ’ﬂgﬁﬁﬂiﬂ“l/ﬂﬂ'luvlllﬂ'ﬂllﬂa']ﬂ

) ] s A A 1 3 I 9
ANYNUTNDINYHY Wii’)i’)ﬁ]‘ﬂZLﬁu@ﬂ'ﬂﬁN’t’)\‘W@QNL}EfJﬂLl]“L.!Ulﬂ

~ a o A A Y [ o ] ~ Jq 9 9 [

NQTH’J%EJ‘JJ"IﬂiJTEJTILﬂEJ’J“U’[’Jﬂﬂ‘]_lfﬂﬁlﬂiﬂ5\1“UTEJ‘]J?%?HVIW]EJEJNT]J'ESQTW]KIGD' ulﬂll,ﬂ
NUALANIATEIINT IURAEIMNTTUOIUIUALAZ@ATINNTTUAITTUY NIUNNAIUAITINEAT
Q”|1mNﬁ'mmsﬁmmmuﬁuazmimiﬁu \ﬂiﬁ/]”l\iﬁﬁu‘ﬁiﬂf’ﬂi LLagﬂTSGIi?%%UﬂWiVJ%%W
< Y @ = ! ° Yy 9 o Yy 9 ' °
Wuau I@EJEN“W‘U’E')ﬂ’N’c’ﬂiJ'l'iﬂu'liJfl‘]ﬂLﬂﬂiyﬁ'lcluﬂ']iﬂ'lu'Jﬂ‘lul,ﬂ@ﬂﬂ'Jﬂ LBU ﬂ'l'iﬂuluﬂﬂi&ﬂ“ﬂ

o v @ J { o ] 1
mgﬂuuu ﬂWiﬂﬂlaflﬂﬂmﬁﬂ‘Hm%ﬂ1§°ﬂ1ﬂ1lﬂaml‘ﬂﬂﬂi$1|1tllﬂ1iﬂ! NITUINNQY

e
e

U NI

lu

Tassnedszamisulsznoulidre Tnuavaziduironse i Ivua Fauseay

e Gule

e
&

ua

=

U

0 < 1Y v Y a 2 . : 1
mshawilu 3 szau 18un ¥uduna (Input Layer) Fusgou (Hidden layer) @901931 1d11nnan

& 2 ' 2 J = = [ dy
HUIBUBDU HASTUIDIANA (Output layer) Tﬂﬂmwazmﬂﬂmm”lﬂu



67

Y H T v ]
1. vuduna UsznouldreTvuaniEienin Input node taziduiounaziouae 116
Y [
Fusgou TneNT1IU Input node WMINUTIUIUAVUANBUE (Attribute) VOITDYA
Y H T H 1
2. $ugou Usznovlidre TvuaiiTonin Hidden node tazidurounazisouse 1d

R y AA Y ° g v ) A A ' v & 4
‘ﬂucﬁﬂu%uﬁ'ﬂqﬂ (ﬂﬁﬂ!‘ﬂ@]'ﬂ’ﬂﬂllﬂﬂﬂwﬂu@%ucﬁ'ﬂu]l')ﬂa'lﬂﬂfu) Wiﬂl%ﬂﬂﬁ@llﬂﬂqqfut'GWQV!@

v 9
A A v 1

9 ' 9 9
(unsainddugowiiossuifier) Tasf Hidden node 925 UM03ADNIIINTUDUNA 50T
9

aoulurunouri

d @ ) A A ' o o o
3. Glﬁ«ll'ﬂ’lﬁ‘V!@] ﬂizﬂau]'lﬂmﬂiwuﬂmiﬂﬂm Output node mu’miwumzmmumuau

' o 9 { 9 o { [ ' g
ﬂquwi}ﬁ]muauﬂizl,mnGuawauaﬁmmmimuuﬂ Iﬂﬂﬁ Output node VIVUVDYAADNIINYU

U

[ ) 9
FOUFUFANY

OUTPUT

Input Layer N -

dl W 1 1 ~ ) 1
g‘ﬂ‘ﬂ 2.41 Meg1elassvigdseamiened1eay

~ VN~ = o 1 1 =3 [ 1 é < 1
90310 2.41 paaaliviudediedalasevnislsyamimenog1adie $I9z1HiuIINs
) Y
Mmauneluiins@ouds lassiedsea1mneunavua 3 52AU Ao Input layer, Hidden layer
=< A 1 % 1 % Ya o a 4
1182 Output layer FIMs¥ounonulutaazszaUI 1HITMsMUIUNIAdamans lagly

[] = dy =S 9 tﬂ' gz a o g’/ 1 =\
TassiedszamidiontazliidudonningnTnualusuduna lldamn Tnua lususou uazdl

Y A g’/ 1 o g’/ 4 =< ' Y A a0
iduronnnn Inualusugoulddimn Tnualurwerdne dslunaaziduironaziin

b4
o @

LR 1 ?,’ o g’/ 1
HUIUN (Weight) NUADY mumumuﬂusemsﬂuummﬂmsqu



68

H @,
n . a
INPUT W3 Transfer Function ——
P3 . 3
Va

Neuron with bias

a=f(n)=f(w,+bh)

d' 3 1) 1 =) é ) a
:.}'“JJTI 2.42 fee1eInseunelseameunianiiog HUUT gD UNA

d‘ % 1 ] = 4[ L} =)
iﬂﬂgﬂ‘ﬂ 2.42 Llﬁ@\?ﬁ'J't’]ﬂ’l\iiﬂﬁ\?sll']ﬂﬂi$ﬁ'nﬂL‘Wﬂllﬂu\iwu:]ﬂ LL‘U’U‘VImEJElm/!G] Tﬂﬂ
o o ' 2 B Yo 2 @ 7 &
aﬂﬂmgﬂ’liﬂ']\i']um@\illﬁagiﬂu@uu L‘V]flllvlﬂﬂllmfaaﬂ5$ﬁ1ﬂ1UﬁNﬂQN1§Hﬂ 1 ts5aqa U

Usgnou lddredunaiazidng Tvualaseglusiuuunnnesvestoyagudnbuy dee

i
=

1 ' % g 1A o
WU UM p = [Py, P2, D3, -, Pr | Fuilusdunangnifewd luaztisiuiu R ssfilsznon

u
b 9

s ¥ o 1 % o A v o o '
LAZINADIUIVIUN AT w = [Wl, Wy, W3, ..., WR] mﬂuuumuwmmﬂmﬂuumuﬂslugmaz
y A Ay v a Yy A ° o v R
UL wa‘n'lmmauwmuﬂ dl| WUV IHUAIZHINITINAU LAZSINALA b 9 1A

= A J i ' v d dy @ Ja 1 . A
udganIen lutea 1Nz denaansaduil ldalanduais Tou (Transfer Function) 11®
] Y U 9 F o A 1 Y A 9°I Ly U
muﬂhﬂﬂmamiauumﬂz”lﬂmmmvm a“HiﬂﬂaYJ]lﬂ’NWﬁiliJﬂTﬂuT!ﬁLLﬂ%uTWUﬂU’JﬂﬂT

= A & g & 1 o o A A A I 1 4
"l‘]JLLf]ﬁ' O nIINUU cm!;ﬂuﬁmﬁnumﬂiau%zmmisuauwﬁ n LW@Lﬂﬁﬂutﬂuﬂ%@TﬁWﬁ a

Faaaslugumsi 2.17
a=f(n)= f(Wp+b) (2.17)
de  n= WiiP1 + Wiy + Wisps + -+ wigpp+b = Wp+b
2.12.1 Wanvuenelou
WenFunieTou vieMaAFunszdu (Activation Function) d1iludamviuasn

o s a o S
VoIHaANFURITaa YT A1 MNeN (SANT IUNTNAY, 2560; Gardner & Dorling, 1998; Zhu,

2017) Feamsadluilansulad laluneadiaenaas vazanso@eniansulamuilsznn



69

7 v "o v 1 g VoA A ' v Id '
GlJ@\‘lTﬁ]“VlfJ‘IjﬂJuﬂW u,ammaﬂymzwaawmuﬂummmmm@”lu mauzmmmwaawmﬂuaan"lﬁ

= S 1 A Y o o A
"Iﬁﬁ\jﬂqﬂ‘lﬂnﬂﬂuN@QW@’]EJLLUTJﬂfJﬂﬂH ﬂﬂl!ﬁﬂqblug’l'ﬁwxjcﬂ 2.13

~ a Jd o 1 o I v U 1
13190 2.13 asu1eWansuaie Tou tazanyuensvesienFueie louuuuae 9

Wandu a5l

=D.

Jd v 1 a
ﬁﬂﬂ%uﬂ’]ﬂi@uuﬂﬂlﬂf%ﬁu

[a—

(Linear Transfer Function) N

J v JA
ATUBDINAAND AIBa=n

N¥19v03A10g7 [-00,00] n

[

F4
@Weouldoglugdanms ldasil 0
n,in>0

a=40dhn=0 / -1
—n,an<0

J o 1 Jd aa
2 | Wengue leuuyvuarsaaia

(Hard Limit Transfer Function) \

+1
S 19 v

1 (4 J
ANUDINAONT i?h nUATUBYINITO AT a

UMINU 0 LAKIN n VAUNIHL 0 13D n

1 1 v <
UInnNIN mwaawmztﬂu 1 0

E4
Weoulieglugaums lddan

a4 = {O,ﬁ'wn<0
“L,5n=>0




70

A a Jd o 1 @ d v J 1 1
A1519% 2.13 95 V1eWenFun1e Tow tazanvauznslveslensunie Touuuuaig 9 ($D)

Wanvu s

=D.

Jd o J <} a J
3 | Weanvuorelounuuaon-snuoon

(Log Sigmoid Transfer Function) 4

+1
1 [ 4 1 1 — ———
ﬂ']"’U'ENWﬁﬁW‘ﬁ@Qﬁlugb"J\‘l [O,l] f
a o &
Taegdaun1sadil n
0
1
aqa= ——
1+e™ -1
J v [ d Aa
4 ﬁ\‘]ﬂ“b"h!ﬂ']ﬂiﬂulL‘]J‘]J!L‘Vlul‘ﬂuﬂ-“]fﬂ
oA N
(Tan Sigmoid Transfer Function)
+1
1 % 4 1 1
ﬂWﬂlﬂQWﬁﬁWﬁ@giuﬁlﬂﬁ [-1,1] n
= Ql dy >
Taslaunsaatl 0
2 -1
a=—=
1+e™2n

= o Y ' d 1 1
1INATTNN 2.13 VIWI??V]?WU;TJLUJUGIN 9 ﬂlﬁ)dﬂ\iﬂ%uﬂ181flu G]’E]llﬂ%mﬂﬂﬂﬁﬂﬂﬂﬁ

murumelulnuaveslassnisdszanimen Tuglin 2.43 uaasmsmuiumsianuagly

9 a =

[ X 1 aa 4 v
Trvuasuau 1 Tnua Feldoyaduna 1 und wazdl 4 AwenniDIa laun pl =1,p2=-0.5
=\ o go/ Y] [ 9 A A
p3=0.8 18 p4 =-1 laglnnmeiiivinuaazidudon Ao wl,1 = 0.1, wl,2=-0.25 wl,3 =
F4
! o J v 1
0.3 uag wi,4 = 0.4 yaziar luued As b=0.65 lasmruald Inuatleladsunie Touuy

<3 a J
UVABN-FNUDYA



1 0.65
— @
-0.5
, -0.25
.\-..__\_\‘_’ n Log Sigmoid a
—_——
0.8 03 Transfer Function
/‘

{ T 9 a 1 cf%’ @ [ 9 4 H
JUN 2.43 Andeyaduna a luea uaznnmesthviin lundaziduren Tnuai 1

g1 lugii 2.43 aunsouaasmsdnu ldai
M N NNGAT N = Wy Py + WyaDy + Wisps + -+ Wippr + b
UNUAM n = (0.1 * 1)+ (-0.25 *-0.5) + (0.3 * 0.8) + (0.4 * -1) + 0.65

=0.1+0.125+0.24 + (-0.4) + 0.65

=0.715
WA a 9INgAT @ = ——
o 1+e™ M
: B 1
LNUAT a = W
_ 1
14+0.4891
. 1
1.4891
=0.6715

o & 1 v d dy A
AIUU MHAANTVD9 IHUAN 7D 0.6715

71



72

v v
a A4

v a ¢ A v = o
2.12.2 m'iﬂi‘um‘i1um?)'imiﬂfﬁﬂ‘Nsmﬂﬂ‘szammﬂuﬂﬂmmmwu

CaN

[ a J v a 4 y
Tassirsdszarmneudsznoulddromi e s viated w13 1lwosn

v A Y

o A =~ A 9 v A Ao Y a0 ¥ o .
amsadsunsenlasuauive MimuizauiuaInMauisuged uunfen 1M 1MIN (Weight)
1 X 1 1 g A 1 a [ J <
uaga luned (Bias) Fanunarilusniznag 1du11nnsgu (SANT SUNINAY, 2560; Russell
Y
and Norvig, 2016; Salimans and Kingma, 2016) 91011 1A531892 w1109 Az 5ou5910
doyanldinaoutazneremliuaniinlunaazidwdomive ldamisaswuniszian
9 U 3’; 9 ] 9 ~ [ 4 = 1 A o Aa
Yoedoyania1u ldodwgndosiiga vinwaansanmsinluuaazseulinnerananaa li
] A [ < o ao) o 19 ¢ a Y Aa Y
91071934 1asevenazwereulsuiinuinluseulvuldmuzavuazinavonanainln
Y A 1 P [ Y R a o Y =
Yosas MIemuuanaurnaIusogousula FamnnuAanalaasasulIn ldanaunsin

2.18
e=t—y (2.18)

e e Av AMANURANAIA
A U a
t Ao awTevouthnue

A 1 4 1 )=}
Yy o ﬂu’fﬂ@ﬁl!ﬁiﬂﬂiﬂﬁﬂﬂﬂﬂﬂiZ’dTﬂL“I/]EJiJ

1 1 %} v A o " o Y P~
Glumwummumummz”luuaa‘ngﬂﬂiuiwummmmmmiﬂﬂhaum'ﬁn

& y ' &

2.19 uag 2.20 Gmuammﬁumma“lﬂu

new

whew = yold 4 op (2.19)

bW = p°l e (2.20)
1 g}l -7 U 1
o whe¥  §o anihmiindsuluy

1 %’ v 1
wold o anhmiinm

pew & anluueadsulny

pold  fo arluneam
A 9
p flo doya
e Ao MANUAANAIA



A o "y 2 9 9 ' = ~ Y
AT NN 2.14 ﬁ3fJfJ'I\‘lGll’E'JiJ”alﬁiJﬂuVlﬂﬂ\‘lﬂTiGlWIﬂ3\1%18‘1J3$ﬁ'l1’ll1’lﬂﬂlﬁﬂug

Y A

73

‘lalli’)ya Inputl (P4) Input2 (P5) Outputl
1 1.0 0.8 0.6
2 -0.6 -0.4 -0.2

A 4

0.5

INPUT

0.55

-0.3

-0.1

z —* Log Sigmoid

Node hi

-06

z —* Log Sigmoid

Node h2

0.75

—*| Log Sigmoid

OUTPUT

-0.25

Node o1l

d' U ) 1 = 1 g -7
517 2.44 e laseniedszanineuiuy 2-2-1 Tasuaasniivin

U

o ! a, o o 1 a 4 %’ Y] 1
Lﬁﬂuﬁﬂﬁﬂﬁﬂﬁ]gﬂ‘ﬁ 2.44 mmmuﬁmﬁmimuatuﬂmJ'iUﬂmwmumasumuﬂumamﬁ’u

waza luteaisuduaalasaiie

A ' ' A A 9 ° ' = vo 2
Hf@llllﬁgﬂ']hh_]!l'ﬂﬁGU@Q!L@agjﬂu@lW’ﬂlﬁﬂuguagi]ﬂﬁ]’]sllﬂﬁiﬂi\islnﬂﬂﬁgﬁ']ﬂwlﬂunlﬂﬂqu

Node hl

doyadunan 1 Mnuald pl =1.0,p2=08

=(0.1 *1.0)+(-0.3 *0.8) + 0.5

1+e—1.04

=1.04

=0.74

nnaumsteau 5 ldwiededoyalumsei 2.14 nag Inseedsgam




Node h2
n =(-0.3*1.0)+(-0.1 *0.8) - 0.6
B 1
a T Tte-(-099®)
Node ol
n =(0.75 *0.74) + (-0.25 * 0.27) + 0.33
B 1
a " 1+e—(082)

MUIUMANURANDN e =t — Y
wld e =06-0.69

= -0.09

Y
Usuanihminannaums ww = wold + ep

wl, 1~ =0.1+(-0.09 * 1.0) =0.010
wl,2  =0.55+(-0.09 *0.8) =0.478
w2,1  =-0.3+(-0.09 * 1.0) =-0.390
w2,2  =-0.1+(-0.09 * 0.8) =-0.172

w0,1  =0.75+(-0.09 * 0.74) =0.683

=-0.98

=0.27

=0.82

=0.69

74



75

w0,2  =-0.25+(-0.09 *0.27) =-0.274

Usualueaainaums b = pold 4 ¢

bl =0.5+(-0.09) =041
b2 =-0.6 +(-0.09) =-0.69
b0 =0.33 +(-0.09) =0.24

' 90‘ v ' A:; 1 =) FE)) a d‘ [}
Llﬁﬂ\‘lfﬂu'Wi1!ﬂL!aZﬂTUliJLL’f)ﬁ"I’qu]ﬂ‘}JT]Jﬁ]']ﬂﬂﬁliﬂug‘l]ﬂuuﬁ@uwmmﬁﬂ 1 v091ATvIY

Ysgannmouuny 2-2-1 uaaalugil 2.45

0.41

R 0.010
—/PD / Z R Log Sigmoid -2 0.683
c 0.390
Node hil n OUTPUT
INPUT Log Sigmoid
-0.69
o.418 -0.274 Node o1
-0.172 Z o iLa
» P2 > —* Log Sigmoi
\ g oLg
Node h2

wuald pl =-0.6, p2=-0.4

2
(a0}
e
a)]
[«2))]
=
o=
=
=S
)
:')O

n =(0.010 *-0.6) + (0.478 *-0.4 ) + 0.41

=0.21



=0.55

Node h2

n =(-0.390 *-0.6) + (-0.172 * -0.4 ) - 0.69

=-0.39

_ 1
T Tre-(-039)

=0.40

Node ol

n =(0.683 *0.55) + (-0.274 * 0.40) + 0.24

=0.51

J 1+e—(0.51)

=0.62

MUIUMANVHANAI e =t — Y

1wld e = (-02)-0.62

= -0.82

76



77

Y
Usuanhminnnaums wmeW = wold + ep

wl,1 =0.010 + (-0.82 * -0.6) =0.502
wl,2 =0.478 +(-0.82 * -0.4) =0.806
w2,1 =-0.390 + (-0.82 * -0.6) =0.102
w2,2 =-0.172 +(-0.82 * -0.4) =0.156
w0,1 =0.683 + (-0.82 * -0.6) =1.175
w0,2 =-0.274+ (-0.82 * -0.4) =0.054

Usualueannaums pnew = pold 4 ¢

bl =0.41+(-0.82) =-0.41
b2 =-0.69 + (-0.82) =-1.51
b0 =0.24 + (-0.82) =-0.58

9 a ~

¥ @ 1 { @ ]
llﬁﬂ\‘]fnuTﬂuﬂl,!,ﬁ$ﬂ1U]J°UllﬂﬁﬁgﬂﬂiﬂﬁﬂﬂﬂTﬁGﬂHiﬂlﬂNﬁ@HW@]lm’ﬂﬂ 2 "II’ENIﬂiQ"lﬂEJ

U q

dszammeunuy 2-2-1 uaaslugil 2.46



78

-0.41

N 0.502
> / Z LS Log Sigmoid -2 1175 -0.58
0.102
Node h1 n 4\ ouTPUT
INPUT z —*| Log Sigmoid
-1.51
0-80¢ 0.054 Node o1l

0.156
z L Log Sigmoid -2

Node h2

A 2w ' A 1w = ' a
gﬂ'ﬂ 2.46 LLﬁ@\iﬂWHTﬂ‘HﬂLLaZﬂ11ﬂu@ﬁﬂﬂiﬂﬂﬁ@ﬂ% 2 vealagavigdseamifenuy 2-2-1

< Y ' Ay o 9 1 ~ ]
i]glfﬂuhlﬂ')’lcl,uuﬁagfl'f]UT]iJ"UE]ll“au'lmHIﬂi\‘lGUWfJ‘]Jfl'gﬁ'l‘VIL‘I/'I'(’Jil Iﬂﬁ\?"“’lﬂ
4

[ 1 a 4 1 ° @ 9 4 1 4
“JJ53ﬁﬂ/]!,ﬁﬂlli]ZWEﬂfJHJ“]JTLIﬂ1W1§13Jm’E]§ (ﬂmmuﬂmmmm%mmzm‘lmma) !ﬁﬂaﬂ

Y a o ) ¥ = L A Ao " & ~ ¥ ) o W
GU@Wﬂwa'lﬂ"llﬂﬂﬂ'lﬁ/'l'lu'lﬂclwhl@]M'lﬂﬂq@] “]Nﬁ\‘lu!ifJﬂ'J']L‘]J‘L!ﬂ“JZ‘]J'Juﬂ’lﬁlﬁﬂugﬁﬂﬂmﬂyjﬁu’lmﬂ

' AAA Y o 9 1 Y & A 9 ¥ 1 9
ﬁluiuﬂimﬂi\lﬂlﬂhﬁ‘L!Hﬂl'liﬂﬂﬂ')'l 2 Upda mumuuﬂﬂwm’mmﬂﬂwmmzmunmauﬂa

Y

o q Y 9 v Y A o o ) 2 = & A 42
Vnclﬂq@ﬂ'lﬂllajﬂ$vlﬂﬂ'lw']§']1”;@@iﬂ!ﬂll1$ﬁuﬂﬂclzﬂﬂlﬂﬂﬁuu’]ﬂﬂﬁ@ Wiﬂﬁ’lﬂﬂiﬂl\iﬂu"lﬂlﬂ@\‘l

U Q

Y <3 o 1 o dAaa g’/ Y
"lﬁﬂ@uﬂﬂgﬁq@ﬂTLLﬁgﬁQWﬁﬁWﬁﬂﬂWQﬂ a vauguun 14

w =) =) o %4 [
2.13 3119]539\1]53@77]ﬁﬂ’lWﬁ’l‘l’ﬁ‘Uﬂ]i‘iﬂ!!uﬂﬂiglﬂﬂ
Y] Aa A ~ 9 o 1Y) 9 ) F) A ya
wasialszansmwnledmsuaunaumsiuunisziandoya (e lsnosan
Usznevlumsdadenquanyue) ldun msdszdiudreainnuuiudr lumsiwundoya
v A Ay . . A Ay,
(Accuracy) tazmnunlansivl ROC (Receiver Operating Characteristic) UANDUDUADINIAIIY
[ a L&Y a A [ Y] £
FPnumaninisz@nEa1m (Confusion Matrix) Tasliseazidoasnase lil
a d a A
2.13.1 nsnaiadszansamn (Confusion Matrix)
a v a a A a SAq Yo o v Jay Y o
WN3ngInlszansnin Ae wnsngnlydmsunaainadnsn ldainnisiin
Twea liimsswundoyassaniodoyayanadou (Story and Congalton, 1986; Visa et al.,
a { o . @ v d a
2011) Tagilsziiuindoyan lAuoinmsiiunevesTuma (Predicted Labels) AUHAANT 134 9

{ ' o { 2 & a v
(Actual Labels) mﬂeﬁ’ayjaﬁmmwamaﬂaguﬁ'ﬁ ﬂ\‘]qﬁlﬂﬁ 2.47 c?iuﬂummﬂcmmmwaawmﬁ

ﬂﬁumﬂeumsﬁ’ay,a 2 AANE AD AAEVIN (Positive Class) sazaa1aday (Negative Class)



79

T 4=:_1 v
Anldanluaa

Positive Class Negative Class
Positive Class True Positive Cases False Negative Cases
1934
Negative Class False Positive Cases True Negative Cases

A @ ] a J o a A ) o o Ay ~
:.jiﬂ‘ﬂ 2.47 Gl’J’E]EJNLlI‘WiﬂGIf’Jﬂﬂﬁ$ﬁ1/]‘ﬁﬂ'l‘1/‘lﬁﬂ’iillﬂ?iﬂuluﬂiuﬂﬁm%ﬂl@yjﬁh 2 e

~ VoA 9 a d o Aa A o Y] o ~ A
131N 2.47 i lannwningiadszansnwdmsumsiwunlunsain
9 ~ ] I = Y
doyall 2 nad Tagawnsouseomiu 4 nydl Tdun
.. A 9 I o 1 3
True Positive Cases A9 UayadInnamasiiuaatauIn uas luaamungduily
P 2 A o £ v 9 2
ATAVINAIY FID0 7 TUAATNUIEYNADINTINUTDYAT
. A 9 I o 1 3
True Negative Cases 10 Yoyavinwamasuaaiday wag Tuaasieinily
9 < A 1 o 9y v 9 a
ARAAUAIY FI001 TNAAITIUIBYNABIATINUT0YADI
. A Y I [ o (]
False Positive Cases A0 Joyadinnamasiiunaiaay ua luaaiuginily
o A U o =) 9 a
AaauIN Feden luwaiihueia lJandoyania
4 I [ o [
False Negative Cases 10 1oya91nwamaatiunaiduin ualuaaiuioil
I & A o a Y A
Wuaaaay Feden Tumarinedalianndeyasi
2132 MAaNuuNua UM IUNTaYa (Accuracy)
v 9
amanuuiud lumssuundoya o manuuduntswendi Tuaaiu o 14

wiedeyalagndesegluszaula Tasdlumsiszitivlsganiammssumunlagsaunn

Aanaved luaa (Baldi et al., 2000) A9aUNI5N 2.21

True Positive Cases + True Negative Cases
All Data

Accuracy = (2.21)



80

v
=

2.13.3 mnuilans ROC (Receiver Operating Characteristic)
Y

Ariuildnsl mauﬂamiaﬂau 9 112191 AUC (Area Under ROC Curve)
Ao mnlFdmsumsinszianuly (Sensitivity) sumTmm‘nﬂzﬁi’muﬂmaga”lﬂgﬂﬁm 9
& v o vy A o A 9 A
AumsuaaannuduiusIznigdoyaniiuegn Wie TP Rate (taadluuny Y) tazdoyan
e FP Rate (tdaslunnu X) ive lduaaalsz@ninmvesTuaadwmsumsswundoya
d‘d é’ d‘ 9 a0 9 y 1 a A gj =\ a A
NHgesnara minnunlansianilng 1 waasndszaninmvesluaanuilszansnm
NaNIn (Davis and Goadrich, 2006; Fawcett, 2006; Powers, 2020) %9 TPR ez FPR @14150
o Yy A
Ml lannaymsi 2.22 uag 2.23

True Positive Cases

True Positive Rate (TPR) = (2.22)

True Positive Cases + False Negative Cases

False Positive Rate (FPR) = False Positive Cases (2.23)

False Positive Cases + True Negative Cases

[y a A d v d
2.14 3“9]5'Jﬂ‘lji$ﬁﬂﬁﬂ]Wﬂuﬂ1iﬂ‘lﬂﬂ‘limNﬁﬁWﬁ
[ Aa A L4 [ o A .. R A o I 1
1]']@]5'Jﬂﬂﬁza”ﬂ‘ﬁﬂWWiuﬂ’]iﬂ’]ﬂﬂ’]imNaaW‘ﬁ 139 Prediction "'D'\‘lllﬁ'lllﬂi Y !ﬂu?ﬂ
o o Yy 9y v A & & ' o 9y 1% a
AU ‘Vl']ﬂlﬂﬂﬂﬁ{lsb'll'lﬁﬁ'lﬂaﬂﬂiglﬂ‘l’lﬁuxiclﬁllﬁﬂﬁ'lﬂ%']ﬂﬂ']iﬁ]”llll!ﬂﬂiglﬂﬂ"ll@u“a PANDDUY
F) 9 [ a A A A X g‘/ t;/ Y 1 A o ¢S A
VWNAU Tﬂﬂll']@'l3'3@ﬂﬁ%ﬁﬂﬁﬂ?WﬂuﬂNi%iumuﬂ@uu ”lﬂllﬂ ﬂ']ﬂ')']iJﬂﬁ']ﬂLﬂﬁﬂUfﬂJDuﬁmlﬂﬂﬂ
(Mean Absolute Error :MAE) HAZAITINNADIVDIANUAAIAAADUAIAIADUN D (Root Mean
Squared Error :RMSE) (Willmott and Matsuura, 2005; Chai and Draxler, 2014)
L. .
2.14.1 Fi'lﬂ’J'mﬂmﬂlﬂa’emﬁNyimmaﬂ (Mean Absolute Error: MAE)
1 A o P | A = a Y
ﬂ']ﬂ'J']iJﬂa1ﬂlﬂﬁ@uﬁ1]‘1§!5mlﬂﬂﬂ 1R) ﬂ'liﬂ']lfﬂafl"ll’f]\?ﬂ')'lﬂJWﬂWﬁ']ﬂGluﬂl@Hﬁuﬂ

o ' o 4 ' A A o 1A o a 1 '
@]’Jf’a]’jﬂﬂ'ﬁﬂ']waﬁ'Nﬁllll"ﬁmigW'J'Nﬂ']1/]l!ﬁ’ﬂﬁ\jﬂﬂﬂ']ﬁiiﬂﬂaﬂ']ﬂﬂ'ﬁm Tﬂﬁlﬂ\iﬁﬂ']ﬁ’@ﬂllﬁﬂqq']

Tuwad lagelinnumingrge sednu ldonaunsi 2.24
MAE ==Y, |lyi — %l (2.24)

1 4 o o {
Tag  MAE flo manuaalamnaouduyssiingg

A o 9
n A9 IMUIUVDYA



81

= 1A Y Aa
v A9 ANUNIITI
~ A = Y 4
» Ao A1 v Tuaamansal

2.142 MniaedveInnuAaInnaeUiaIande (Root Mean Squared Error:
RMSE)

A151ANADIVDIANUAAIAAADUAIAIADIUNAY AD NITIAAININAAA

A Aa 9 o 1 1 9 1 1 A Y a VA 4

waountoyldiuedaunsvats ldszyanuuanalanianuiasatazain lumanianisol

1 H 1 o w 1 1 H a I} 1 H J 2}/

Tagnmsmaundonaa 1 9masaosueItoyaszrIemnuis sium lumanianissl 11y
° ~ 1 A9 [ =1 [l o 2 o k)

U113 N 09 11AA1 RMSE Uatieauandi Tumaianuuiudiuin dadiuialan

aumsin 2.25

RMSE = \/%Z?=1(yi - %)? (2.25)

Tas  RMSE f0 A1510Na09904AUAAIAIAAUMAIa0URAY

A o Y
n A9 TUIUVDYAD
A 1A Ya
y; Ao NN
—~ = A 9 4
7, A A1 laa1n Tumamanisal

U

2.15  aENNYIV

]
v A

' 2 A A TR a Y
1“63“”&ﬂu518ﬁ3l@8ﬂ‘ﬂ%3ﬂﬁ’nﬂ\‘]\ﬂuj gn M'J

@

Y2 Y Y a A
ElulﬂﬂﬂHTﬂuﬂ’J”ILLamJﬂ’J"IiJLﬂEJ’JIEN

Y
[ [ [

o a 2 dy A a A dyd dy A 9 9N v K Yo '
UNITNMNIUIVYBUU IWINSLUDIVINNTIUAIY T UUNUDUVLUALASIUDUINN I @‘Oﬂﬂﬁ]ﬁhlﬂi]ﬂﬂqu

[
[ [ Y [

a A A 9 I [ dy a A A 9 9 A ]
NuNNEIToIaNily 3 HUIAYAIU 1. 31U EJ‘VILﬂEnsll’f]\iﬂ‘]JﬂTﬁ]ﬂﬂ"lﬁ‘]jiyﬁ"ﬂli’)ﬂ;l‘ﬁﬂllﬂJ

]
[ Y

auga 2. NUITeNNeITetuMIAAReNMaNYMY 3. NIUATeRNGITeINUNITAIANTITA]

Nanan

U Y U v

2151 addeiineidesiumsdamstiymdeyailiaunga

] 9 v '
Tanusesanu liaugavesdoyariunylanallTasmwizediegaluy

9 q

a 1 (% g}/ o & { @ [ 1
NITUIUNTHAAUDIPATINNTTINAN 9 muu%?ﬁﬁmmmgﬂuﬁﬂzﬁmmmiﬂuﬂq‘lmmm"ln

Y
ﬁuaaum?{ﬂﬂau Iﬂﬁlaluﬁﬁnli11«!’35]EJW‘U’J']ﬂTﬁ‘lJ‘i‘U“lsl,f)llaigﬁ’J'Nﬂﬁ1ﬁﬁﬁjﬂuua’d’3uu1ﬂlla$

U

9 ! ] VI v ' Y o daaa
mauqamuuaa“lmﬂuamwmu 1:1 %lewaam aNga



82

Haoyue Liu 4482 MengChu Zhou (Liu and Zhou, 2017) lTavdnauenuisen

naaoel¥oane3 Ny Classification and Regression Tree (CART) °1um§°1§wﬁ’m§aﬂﬂmﬁﬂymz
o S d o a a 0
TaglHnaai lumsaiaTuaailly Gini Index 101U IS eufeondse@nsamnssun
[ [ o 14 %
aromsaadenquanyuzuuufaines (Filter Method) A® Chi-Square 118 g F-Statistic &4
v A 9)3’.: 1 ax v A @ Y Y A 1A amn A

HAANSN IR UNUINITMIAARENANANEUZAY CART 14A1 AUC 18n119na09750157
hulFeumey

Ruangthong (18 Jaiyen (Ruangthong and Jaiyen, 2016) 1@hmInaasssiue
msﬂﬁﬂﬂﬁi‘imun%}ayaﬁ’aﬂﬁaﬂﬁﬁu Decision Tree L181¥ Bayesian Network [Wdaefu Lile

H 4
samsnuymgadeya luauga matialnin laannsnaassiigniienii Bayesian Network,
E4
Alternating Decision Tree, Tree-J48 1182 REPTree (BNRAC) Tnamatiail laii1linaasaiusge
9 a2 9 o =< Y AY Yo A v &
doyarieluaunisdisiaanuiane lvvesgniin Idsumsuimsninsunasuranilalu
1 9 ]

Uszmaldsquna Taonuiunaiialudn lat1ddse@nsamlunmssuwunidniunatiauaz
danosnumimnFeumen 18un Random Forest, Rotation Forest, Bayesian Network, SMOTE
118¢ RusBoost

[ [ v A

2152 I NNITaINUNIAMRINAMAN YL

=KX A

9
mﬂummzaaﬂai‘ﬂumﬂﬁmﬂﬁiﬂumiﬂ@1Lﬁaﬂﬂmaﬂymzuumgwmﬂwmﬂ

TFuazlyaauiuanaenuoon 1 misa@enauansaziinnudidyediannlumsaiiem
a J @
puuTumamsizuenmiloanmsaaar lumsiszuianavesneuiimesaudl Gdana
1 a a o J =
niznu Tasassaetlszansnmlumssuunuazmsaamssived Tumadnaie
A A o aov A 1Y
Hamza Turabich 1iaZAM (Turabich et al., 2019) TaaNLHIIMITBINEINUNS
Y @ a R A 9 v A o ) @ o o a 9 a
Wadanesiuie I lumsaadonquanyuzdimiumathlddnnemsnadodanainves
Y Y

s ) « 2 o Ak A o = Aok o a
G]f@V\l?‘]!l'Ji (Software Fault Predlctlon) PIDANDITNUNWAHUTVUUIUNNUIIUNIINDANDINY

v
=S o

1 [ a KR 9 = g}/ =~ a Y @ 9 1 .
ANN ludruwessanosnuniiunldlumsnfFsumeudulivaresiiaaro0u 1aun Naive
[ 4 {
Bayes (NB), ANN, k-NNs, Decision Tree ¢ Linear Regression Taswaanin lda1nnsnaaes

Y a a a 1w ak A o = ' < Y o
Lll!ll‘]JiSﬁVl‘ﬁﬂ"leQﬂ'ﬂﬂaﬂi’)i‘ﬂll‘ﬂi!”lll”ll‘]_ﬁﬂﬂl%ﬂﬂ@ﬂ"lﬂlﬂullﬂﬂfﬂﬁlu

o A Y (Y] J

2.15.3 \111!'3 Elﬁ!ﬁﬂ?ﬂlﬂﬂﬂﬂﬂ1§ﬂ1ﬂﬂ1§ﬂ!ﬂ'ﬁwaﬂ
1343) 2011 Tao Yuan (Yuan et al.,, 2011) lanaaoarinimsIvenedny Yield u3e
a 4 o [
Defect Forecasting lugaavnssuniswaarnies Tas'ldnaassiinisdsoilsaTuaanis
o Aa Li‘ [ a K . . . 9 .
MUIINUNUITIUIN BANDINY Simple Linear Regression 14)19 Zero-Inflated Poisson (z1P)

Regression b01¢ Zero-Inflated Negative Binomial (ZINB) Regression Farurznudeyaniian

U



83

1 1 4 g’z 1 g’z gj v oA
dauInaiilugud Taowan1snaaeaiuny1N Regression UV ZIP 11azZINB Huldnaansy
AN Simple Linear Regression

Y o an ] o [ J
Hoyeop Lee (Lee etal., 2015) lavintauaismsIudludmsunisaianisal
a a ] 14
HARAA 1UI9INITRAAIHNTTUNITHAALNULOIAI993 PCB (Printed Circuit Board) 11z (3o
Y
251151791 Predictive Association Rule Considering the Event Sequence (PARCOS) Tagiia'ly
= = o ¥ a dadk . Y 1 .
Wsesuineuny 3 Tumammumuwugmmﬂ Regression 1dun LASSO Regression, PLS
. 1 an ) Y v J9Y o A '
Regression 118% CART Ha1/3113135015 PARCOS Hulinadwsaunisiiienanii lag
Y Ed
NI rUN19a 152 ANT M A9 MAPE (Mean Absolute Percentage Error)
Toly Chen (Chen, 2017) Idvnauauasiiadiuinluaudsonnueineites

[ o a a @ 7 A o
AUMIM Yield prediction 11429M39AeIMNTIUNITNAAUDIHAAAUMNIAGINY Semi-Conductor

4
Taglul a.a. 2016 laviimsnaassasaluaad i uiuNIH Yield Prediction Tagldiugiu
[ a 1 % o oA
11N8ane3 N Artificial Neural Network (ANN) 91n%A90yalndou1a1e <) uHad SIHaansy

kY o 1A o Y 1 ' o Y Aa J 9 9 =]
Ianununiianuansalumsiune lasgauiud Tagldnananims logadoyaindon

v
Y%

1 g’/ v ' A o 2 v
NAUNAUAYI WA HDI1NTULAITINUIINTIANTIUIY Epoch 1HRInVMIT Mz 1 Had NS

B '
AR A Y Av aA a

voamMsuedannavudnale aaulull a.a. 2017 Toly Chen ldtauonuIseniuuifalna

9
Tao'lTaAWUF1UNI910 Neural Network 112 ¢ Fuzzy logic 1asisonimaialvinld

1NN 2
8an03NNIN Heterogeneous Fuzzy Collaborative Intelligence Approach (Heterogeneous FCI)

a Aad ltdy = a a v Aad d‘ d' 1 % =) ad
L‘i’lﬂuﬂ’l‘ﬁf‘niﬂlﬁllugﬂllﬁﬂﬂmﬂﬂﬂﬁgﬁ‘ﬂ‘ﬁﬂTWﬂ‘U’J‘ﬁf‘ITi’E]u il VILL@]ﬂ@]Nﬂu@@ﬂllﬂ’f)ﬂ 8 I5NT

Y
=

= o o 9}2’/ 1T a1 ax A T & Qway 99 Y o o Aa A
FINAAWTN IAUUNDIIANIIIDMIOU 9 0819TAIU Tasa1udteFull la l¥arialszansnm
famuwtiaalenis 1dun MAE, MAPE ez RMSE
T3] A.7. 2019 Lee Chia-Yen 11a¢ Tsai (Lee and Tsai, 2019) laviin1snaass
i Tuaanuamn Stepwise Regression, Decision Tree (181& Random Forest g luauaums
Y] A [ A A [ o A 1 o Yy a A 4
AnoNAUANYAL INOH1 Key Factor H3oadgrannainanon1siilvinagaanaznimy
Aana1a lunsZUIUNTHAAYDY TFT-LCD (Thin film Technology Liquid Crystal Display) 1ag
(% a I @
196aneINu Partial Least Squares Regression (L@1& Neural Network uaauuved Yield
Prediction #a1)51ngmniimsfadenguanyaznouiudignizuiumsiiunend vz
Y A a ° aAad ' < Yo
Tdse@nsammsvhuenavuediaviu ladanu
Unchalisa Taetragool 48 & Tiranee Achalakul (Taetragool and Achalakul, 2011)
o a v { o a a v 7a [ .
lahnuidaneadunmsmaunquaz jluuumsimaraasusin ludunsnagey (Failure

a Jd a J
Root Cause Analysis and Failure Pattern Analysis) Gluqmmammmam asanan lasil dens



84

ld5ane3 iy Decision Tree Tagazajutiu lNnszuIun1IWAR HGA: Head Gimbal Assembly
L oy a2 & s a  d q 1 & v oAy v ao 2 A oq9 o
Fudwiesdudunilalusiaaad lasiiniu sadnsn ldanaudtesuiivildawnsam
v A v Aa o v 1 a a o S 1 2 o Y
msAadenaudnyuzilianudnydemsnanaasusin luduninagey ¥k linalu

a P = A Y Y o o qya a
ﬂ15ﬂ5$ll’3ﬂNﬂﬂ]ﬁ]ﬂﬂ@ﬂW’JL@@iaﬂaﬂqﬂﬂﬂ 300% 'LlE]ﬂL‘Vi'LlE]‘"lﬂﬂ‘l!'LlLLﬁ”JfJ\‘i'lmcl‘I’i’Jﬁ'Jﬂi'V]@JLLEI

a X a9

a a a @ S (B < 2

nIgUIUMIRAREINsIaIHaManaraasuain hirkumsnagenldsiaG8udndae
Zhongwei Li 1A A (Li et al, 2014) ¥uausauIsenl¥danssiu CART
° v o A o & & a & o A A A
lumsminenasnsvesmanaaeunansamasaaan lasi laslSewneunulismsaun

o @ a . . . & o A g’J
M91UAI86aNe3 N1 BPANN (Back Propagation Artificial Neural Networks) H4naansn laiiu
LY a KR Y a A o d' =1 [T a KR Y
NUNOANDINY CART 1Hszansnnlumsiuenmeunueanasny BPANN Iagag 14

1 d' 1 1 < 1 1 y 1

A1 FAR (False Alarm Rate) Augninaniies ualiaAl FDR (Failure Detect Rate) ﬁqqmmm on

v
v o

a KR v A Y A 9 ) 9 a A = 9 1
MoanNdINy CART mm@@“lumumﬁmhlﬂ“lcmmmummﬂmmﬁaﬁmm”lmmmw ANN

a o d’lrls} 1 3’/

Y
1Inuddei ldnanunsnualudreduin awsoshwsinisagy

= (9 a o a a o’z:ﬂl} Y A
L‘]_EEJ‘]JL‘VIEJ‘Uﬂ‘]J\‘ﬂu’Zlﬁ]fJ‘llE‘J\‘]’J’I/]EJ']HWM'ﬁullﬂ@HiJ@ﬁNV] 2.15



a a Ay A4 9
ATTNWNN 2.15 ﬁ?l]Llﬁﬂﬂm&ﬂﬂu’)ﬁ]ﬂﬂlﬂﬂ’)ﬂ]ﬂ\‘]

NITUIUMSTNINY

Lo

gadoyanlFlunmsnadou

a Jd a Io(
QARINNITUMIHARII AR lATT

Qﬁﬁ'lﬁﬂi'imﬂﬁwaﬁ

)
ﬂ')1llﬁ\‘l‘1/\lﬂ€lﬁ]"l]®\1@,ﬂﬂ1‘ﬁu1ﬂ1i

MINaANUAANAIAYD IO NALIT

9 Yy A
may‘amuau 9

[ 9 2q Y
anyueyAvRYaN Iy

Non-Public

Public

anyazuazivendayluauite

ﬂﬁﬂ?ﬂﬂﬁﬂi’ﬂﬁ Han (Yield Prediction)

MIfaRenaMAanNYUE (Feature Selection)

MsTuundoya (Classification)

msnszansnimlasmshaugadoya

NANIENEN

a 4
MIAATIEHANUA SN (Failure Analysis)

o 9 A ' v A
ﬂ'l‘ii]'l!l,uﬂ"ll@yﬁl‘W@%’)ﬂiuﬂ'ﬁﬂﬂmﬂﬂ

AAANYUY

o a o a R 1 9
ﬂTi'ﬂi$§ﬂﬁ!ﬂﬂuﬂllﬁ$8ﬁﬂfli‘ﬂmG]N q LN
9 19 A o Y = (]
menuiedamstymdeyai luauga

o a o a R 1 9
ﬂ’liﬂ§$Qﬂ@!ﬂﬂuﬂllﬁ$@aﬂflﬁﬂmﬁ1fl q N

Y o A A a A °
ﬂ:]flﬂulWﬂL'Wll‘]Jigﬁﬂﬁﬂ1W1Uﬂ1§ﬂ1LLUﬂ

2 a A J
ﬂ'lilWll’]Ji$ﬁ'1/]‘ﬁﬂ'lWGluﬂ'liﬂ'l@ﬂ'lim
a9 a 4 9 & '
Waﬂa@]ﬂ?ﬂlﬂﬂﬂﬂﬂﬁi?ﬂﬂlﬂﬂ]iﬂﬂ

2 a A J
ﬂ15lWMﬂi$ﬁﬂﬁﬂ1Wﬁluﬂ1iﬂ1@ﬂTiiLl

a 9 4 a ad a F)
WﬁNﬁ@'lﬂ’JfJﬂTi‘]JigQﬂﬁmﬂuﬂ’f]‘ﬁﬂﬁmmmi

Y @
AWNU




M350 2.15 agUnffeuieunuitenineades (se)

€

)
MU

=]

)
NITUIUMSTNINY

)
=)

=)
]
=)
&

3 Aa K a d' Y a o
panosNuLazNALAN 1% 1411398

k-Nearest Neighbors v

k-Means Clustering

Support Vector Machine (SVM)

Decission Tree vV

Regression Algorithms v

Artificial Neural Networks (ANN) v

Classification and Regression Tree (CART) v

(\
<\

<\

Genetic Algorithm (GA)

Statistic Chi-Square v

Statistic Information Gain

NV AR RS R RN

F-Statistic v

Baysian Network

Naive Bayes v

masianlginlszansmnvodluaa

Accuracy v

False Positive Rate

True Positive Rate

AUC v | v

Posterrior Median v

Computational Time

Means Absolute Pecentage Error (MAPE)

Means Square Error (MSE)

Means Absolute Error (MAE)

Root Means Square Error (RMSE)




Aawv aa 9 Y
LNl UMV TTNO VA

v

A UNUAIUIVBVDY Liu 14ag Zhou (2017)

v

U UINUIUIVYUDI Ruangthong 1A Jaiyen (2016)

v

f LNUII1UIVIVDI Turabich LAy AL (2019)

a o

3 UNUIIUIYVDY Yuan Mo A (2011)

v

2 UNUNUIVBUDI Lee AL AME (2015)

v

2 UNUNIUIVYUBI Chen (2017)

[

¥ UNUNUIFBUDN Lee 1A Tsai (2019)

v

4 UNUIUIDBYDY Taetragool LA Achalakul (2011)

B LNUUIVBVDY Li tlag A (2014)

E4
v A

* LNUNUITEVDIINO I NUT AU

87



UNA 3

Aad o a ;a v
ABANUHUIIUIVY
ao & dyd [ s A o 4 a a
\T'IL!'J?]EJGK‘L!Ll11'.!{5]’(:]‘ﬂi%ﬁﬂﬂlW@W@lu1ﬂ1iﬂ1ﬂﬂ1§mWaWﬁ@]iu@qﬁﬁTﬂﬂiiMﬂ'ﬁNﬁﬂ

Jd a J Y ] o A 49! 2 o an A o 9 A 1
g1iaaan lasdl 1fianumindrinniu Gunamsiuauedsmaiedamsdoyai iauga
@ 4 v J a [ 4 g‘/ o 1 ]
fUIlDININNHAANE NI oD IUZUDINTNATOURAAN N U Uz ToaTIdunN liauaa

LA 9 ’7q ¥ s Y o .
(Imbalance Ratio) NABUY19gY Tasn151)szgndl¥eann1ug11un15911 k-Means Clustering
HUINAUBAN®3 TN k-Nearest Neighbors tazgudoyannldauiuiu 33msihaugadoyah
1 uaueli¥ed1 DBC-2KAR (Data Balancing by k-Means Clustering k-Nearest Neighbors and Re-
b4 Y [
Sampling) A4 1NUUTNNATMTAAEINAMAN YUY (Feature Selection) N9 7 ¥UATFINIIN
8anosNNNIINTFouiveUnT09 5 ¥ia 1AIUA Decision Tree (C5, CART), SVM, Stepwise
Regression, Genetic Algorithm HazITMINeana 2 ¥ia laun Chi-Square 1481 Information

LR Aa Y L a g A IR A g =
Galn"”If\uﬂu‘ﬂuﬂllLLE’I$(114W’dﬁW‘ﬁVIﬂiuQﬁﬁTﬁﬂiiilf)!,flﬂ‘i/lSﬂuﬂﬁcﬁﬂﬂ@'NLﬂuQﬁﬁTWﬂiﬂJﬂ

] ]
S 1 =

Y S a A o 9 o A 1 o ' v @
Indifesersaqaan lasiliorhunldlumssuunvsomaniminidwwauniganonadns
a @ 4 ;’i 1 o [ ! o v 1
YoINTTUIUMINATOUNAAN M Tuaouas lTnhudnyuziTianudingaonants
S a o | t a .
nagovariaaan lasill)IdlunisaiaTumanisaianissinanan (Yield Prediction) &4
o A A ° ) P vy a4y o A X ) d'
ganosiunazihnad s luaamsizouiiuiiaien 2 siia Ao MLR taz ANN Taggadoyad
4 1 a
Tolunmsadsluaarzgnilszgnanissiungudoya (Data Aggregation) AI8INALANTT 1%
1 i1 T H 9
F1UIUAIAIN HBANHIIIMTAYTIUIUAIAINYDINITIINNGUUUILAINANTLNUAD

a A J a 1 (]
ﬂ‘i%ﬁ“l/l‘ﬁﬂWWGluﬂ'liﬂ'lﬂﬂ'limwaNﬁﬂ"lJ’ENﬂi%ﬂ’)uﬂ']iﬁ%ﬂulllf)ﬂ'lﬁuli

3.1 Feyaninanliluanise

Y 9
9 o A

A o P, Aau & < ) ) < )
y@mayjamumﬂﬂmma EJGUUUL‘]JUGEW‘U@H'Q‘Vl]lﬂ‘ll"lﬁ]"lﬂﬂ"lﬁLﬂ”]Jﬁ'J‘]Ji’J?J“IIi’J?;IJaVI"Nﬂ"Iﬁ

a a o J J a | ] & 3 T o X
Waﬁllagﬂﬂﬁf’)ﬂwa@ﬂﬂ!m315@@@1#1@5'1/‘]511i’]\iIS\N"I‘L!LL‘VNWuﬂlﬂuﬁgﬂglﬁaTﬂT’JHTuﬂ?T 39 a9

v
o % v

av g o
il lddeyau ldluaudteilusuaulszana 10,000,000 197 (Row) HunwIEAINI

9 dy a 9 a

I % 9 a Jd a 4 | o =
ﬂlauamﬂumtmuﬂlawayjamsWammz‘nﬂﬁ@ue"ﬂiﬂﬂﬁﬂ”lﬂiﬂi]m’mmﬁumugu@ uag

u

A 3‘/ Y Jd a o J 1 a ~ o v &2 Ao '
uaﬂmuamﬂuuuaﬂuﬁnsﬂﬂaﬂ"lmwgmazgumzmmauﬂmaﬂymzmmm’mmﬂmw

o 4 1 1 [ g’; 1 1
400 ADANY (Column) Iﬂﬂﬂ?ﬂl@ﬂll@ﬂ%ﬂmaﬂym%uu%%uﬁﬂﬂﬁﬂﬁﬁuﬂi%ﬂ’EJiJ‘V!ﬂE’)EJN‘U’EN



89

P
J a @

J a < v 2 1 1 2 a 1
F1IIATNIUAUY <) ‘%\1‘Uf’)ﬂﬁ']fJaZL%fJﬂ'J']G]fuﬁ'lullﬂaz‘])'uiJ']ﬂWﬂf{j:Wﬁﬁﬁ']ﬂfJ@fJiWﬂclﬂ 1‘]%')

U

) 1 Y Y v Y
inTeasnsnTedlalumslseneuruanuuaazFuan a9a19 o mardawsaniiu laan

9 o ) Aa J a J|
Toyanudnvaiviuaniioglusiaadan lasil

[ 1

Jd a o 1 a g’/ Y Qy J A o . . ey .
aﬁﬂﬂﬁﬁ"lmwgmazguﬂuuﬂizﬂ@umﬂ%umummﬂmwmﬂmu (Kiatwanidvilai and

Praserttaweelap, 2018; Simon et al., 2018; Li et al., 2017; Nwosu et al., 2016; Samattapapong and
Afzulpurkar, 2016; Sankar et al., 2013; Ye et al., 2013; Song et al., 2012) H 3@ a s¥udiui
mmﬁﬁmﬁiamiﬁwmmmaﬁ@ﬁﬁﬁ"lmﬂﬁ’éu ualuiitieznanaasudmanuiaiuaiu
(uﬁm”l’?ﬂugﬂﬁ 3.1) Lﬁaiﬁ’uﬂﬂaﬁﬂﬂmﬂﬁaéiuqmmmmﬁmmmﬁm’;mvﬁ’ﬂﬂﬁ’wa
Fuanl TaofisvazBoadaso il

9 A = 9 1

1. 191U (Reader / Writer Head) 1111 N01A8UT0WAIUUUALIIMITUN

U

Y A 1% A A o

A g 2L J A =
2. LUU (Arm) RN UBUEIUIND TS ULAZIAADUNHID U

[ @ I o
3. U IUTUAN (Media / Disk) Uil udeiuindoya

U

4 =) Y A ] v =K
4. U907 (Motor) UNTINUYULUNUIIUDUNN

= A @ 2 1 1 Jd a Ie(
5. §7U (Base) Wnthisessvuazniles¥uaiuai q vesasadan lasi
1 1 < A
6. LNILLHANA12T (VCMA : Voice Coil Magnetic Actuator) iniina3ng
1 < A o A o =
auaimvan e dumaeuuvuuaz e o
7. TuganIuRuawIRdeN (ECM : Environment Control Module) H#1i#inaugu
A v s a Aq Y ~ 1 °
faunadeumeluaiaaan lasil I aangiumnzauunmsiau
o d Aa o A o a
8. fhAseU (Top Cover) Inthitlaniinariaaan lasilmiarlfinaanimadew
uuvila

9. WHWI99IAIUAN (PCBA: Printed Circuit Board Assembly) H#tI1A1ANN1S

o J a 4 d' 1 [ a 4 A 9 a [ o
‘1/]1\‘111!6116\1El"liﬂﬂ’dﬂua%ﬁ!ﬁfﬂﬂ@]ﬂllﬂEN?‘IE’JII‘W’JM’EJ? NIDANATDUNAANUN

Qy 1 le 9y 9 1% g}/ o o w
M3sEneUFUAIMUATUINIAIIAUNUIATE T U Cleanroom Tagd1aumsszneu
9 ]
ulduaas13lugila 3.2 Tasuaaza19n15Haa (Manufacturing Line) 0199z dnen1mluns

A A 1 o 9 Y] 1 dy 1 1 Aa [ I
Naﬂm@m@mﬂullﬂummzﬂ%flmamm%zmwa@mmimﬁﬂuwammm



TOP COVER

Base ‘

Filter

ECM : Environment
Control Module

1 3.1 auilszreuiidinnuesaianan lasi

Qan

4) Install Top Cover
on MBA

3) Install HSA , Magnet
into MBA

2) Install Disks, Spacer
and Clamp into MBA

1) Load MBA
to the MFG Line

5) Install PCBA
on MBA

9y 9 (S

d' AQ” 1 1 J A Eq(
319 3.2 msdsenevFuaIuma 9 wpg15aaan lasiinden

90



91

[ 1

] o 2 Y v K 14 9 a
YoyanUanyUTNI 400 ﬂmamsJmzuu‘lﬂgﬂ‘uumﬂulﬂugmmmg,amiwammz

S a o J a A 2 A Y 1 9
‘V]ﬂﬁ'@ﬂ"ll@\‘ia’liﬂﬂﬁﬂulﬂﬁwuﬁagguﬁ Tﬂﬂgﬂ‘ﬂ 33 fl]%L“lJ‘L!G]151\11/]&Lﬁﬂ\10\1@]3@81\161161|0a

@ d a o 1 a 1 = [ Ao W )
ﬂmaﬂymgﬂl@\‘l815ﬂﬂﬁﬂﬂiﬂllﬁﬁ$ﬂu@1ﬂEJ"l]$ﬂfl'l’Jﬂ\Tﬂ'J'l?JW?ﬂElaUﬂﬂﬂmaﬂHﬂ!gmﬁTﬂiy’ Ulﬂl,!,ﬂ

q U

. . . = v o w Jd Aa | J a 4
1. Drive SN (Drive Serial Number) #1884 ﬁﬂ’dﬂizmﬁﬁaﬁﬂﬂﬁfﬂﬂiw Tasarsanan

J 1 @ g’.: = @ dy ~ 1A Y o Jd a o A
"lmmmazmumzuﬂmaﬂymzmwmmmm uazfnz"lwnmuanmﬁﬁ"lmﬂmau

9
(Y

=2 o s & a & v 2 &
2. WEEK Y189 ’éﬁJ@ﬂ‘WV]315ﬂﬂﬁmﬂ5Wﬁ]uu1ﬂgﬂﬂ5$ﬂ’E]TJ"’ULl?JTGl‘Ll Cleanroom <3
! o X Ao s a  d 7 2 & o ) A
Glull@lagﬁﬂ@'lwuu@'mfﬂglﬁnujua’lﬁ@@ﬁﬂulﬂiwWgﬂﬂﬁgﬂﬂﬂmuuuﬂuﬂ'lu]uﬂ'lﬂ HOY 130
= 49! 1 a
E]’li]ﬁ]gvlllllﬂ'ﬁﬂﬁgﬂﬂﬂﬂluu'llaﬂ ATULANTTIITNUNUNITHARN

=< a J a o | = J 9
3. STATUS #“iu1894 ﬁ'ﬂ’]ugsllﬂ\iﬂ'ﬁ‘ﬂﬂﬁaﬂﬂa@a’]iﬂﬂﬁﬂll@i%nﬂﬂfﬂgllﬁ@\iﬂ’l l‘l\ﬂllﬂ

e

A A = A s a o Ao & v v
“Pass” 19 ﬁﬂ’lugﬂllﬁﬂ\iﬂflﬂ']iﬂa’]iﬂﬂﬁﬂllﬂi‘W@’JuuW'IUﬂ'lﬁﬂﬂﬁﬂ‘ULLagWﬁﬂiJﬁnﬁ
=

o LA & A ¢ a o N v & v
ﬂSZ‘U'Juﬂ'liﬂﬂUhJ Iag “Fail” Ao ﬁmuzmmmmmiﬂmﬁﬂﬂﬁﬂ"lm%lmuu“lumumi

@

1 4
nagoy ‘?);\1ﬁ]$uTulﬂLGISJ}']Q'ﬂig‘Uﬂuﬂ'li‘ﬂffJiJLL%JJ NATDUL ‘ﬁ%mma ATULUANTIIUINIHNAAN

SN

NMINATO
v
4. HSA PR (HSA Prime-Rework) NUIBDL “@NINVDIFUAIU” YO9 HSA (Head Stack
~ U 9 U o . ¥ 4 A to 1 d‘ Y Lg ] ]
Assembly) Tngazliaoea1 laun “Prime” Ao dnnvessudiunainyuu lvinaz limegn
s a 7 o 1 2 1
dsznovasldluarsaaan lasilaalaninou uag “Rework” Ao an1uzvosFudIuinegn
J a 4 L a 4 1 ¥ 1 J A 4 | a g}/ [N ]
Usznovasliluasaqaan lasilgiindouuinouniil uasrsaaan lasilgtiaiuludiuns
Y Y 9
NATOUVNDENVINUENTFUdIU TasFudlrwnanivazgmiiliidhgnszuiunsgounsy
o Jd Aa o a .
(Rework) tazgniinnisznevaslilussaaanongiianila
Y
5. MEDIA._ PR (Media Prime-Rework) H118D4 #1004 ¥UFIUVDILHUIIUT U
Tagaziianam 141N “Prime” az “Rework” Taslinnununemiiouny HSA
Y
6. MBA PR (MBA Prime-Rework) NUIGDI ANINVDIFUAIUVDI MBA (Motor-Base
~ 1 Y . ~ A
Assembly) Tagazliaean lAuA “Prime” 1ag “Rework” Iaglinnuviunemidon HSA
v
7. VCM_PR (Voice Coil Magnetic Prime-Rework) N80 TNINVDIFUTIUUDIYA
[ [l < Y A = J Y ' . =
unautianvuinaeu HSA Tagveiianan 1aun “Prime” 11ag “Rework” 1aslin1uiueg
Milouny HSA
v
8. TC_PR (Top Cover Prime-Rework) H¥1899 @ 1NUesUaIuveIdInsoy lngazdl

a3a1 1dun “Prime” 118 “Rework” 1asliaMuanemisuny HSA



92

9. PCBA PR (Printed Circuit Board Assembly Prime-Rework) ¥ i1 809 ANINUD
v
Fudaau vounu99TAIaN Tagvzliaeen Taun “Prime” naz “Rework” Taslin11uninig
IMiloUnU HSA
. . . . = 4 a A 4 [ a
10. DB_Line (Drive Build line) Nu19991a1n1THAANT DA 18IATRITNINITHNAA
] Y
(Manufacturing Line) Tutsiazenensesdnimananevssidnoninlumsidsenouiudaiu
Jd a o o 1 U a o I =] 1 a @ J a Ao U av A
g15aaan lasiluuaaz jundadumna lisinu Felusurdesusisiainiimnleluanuided
TIUIUVIABIAT0ITNTMINANTZUIA 4 A1BIAT0ITNTNITHAN
] 2
11. PCBA_Line #1180 #181A3099n05015U52n0UFUdIUUAY PCBA a4UUA7
g1iaaan lasil
. = A o a & < 2 <
12. HSA_Line #11809 d191A3099n3MIHan HSA Bazitlumssgnoududiudn o
2 2 Y I ) a & | o ! @ '
vaneFuuTwAunateiy HSA Tuduneumsnaniiaziunmsihausiuiuszninems
HAR 1ABIAT99N50A 1UIA (Automation Line) azn1iwan Iagl91s9911ifliio (Manual Line)

@

A v A ) v 1 9 Y A:glva = A = '
uaﬂmuamﬂﬂmaﬂymzm”l@ﬂﬂmamqm&mmuumuﬂmaﬂymgﬂmﬂmﬂeﬂmw 400

@

t& = = =) 1 d‘ 1 v
FTU ﬂislﬂl%"b’ﬂllﬂ?ﬂlﬁlﬂﬂlmgﬁﬂﬁ&L@ﬂﬂﬂaﬂﬂﬂﬂﬂlmﬂﬁNﬂull‘lJ

Drive SN WEEK  STATUS HSA_PR* ~ MEDIA_PR* MBA PR* VCM_PR* TC PR PCBA PR* DB Line PCBA Line HSA_Line
SNO0000O1 WEKO1  Pass rime Prime Prime Prime Prime Rework DB 1 PCBA 2 HSA 3
SNO000002 WEKO1  Pass ne Prime me rime Prime R DB_1 PCBA_2 HSA_3
SNO000003 WKO1  Fail me Rework me rime Prime R DB_1 PCBA_2 HSA_3
SNO000004 WEKO1  Fail Rew Rewaork Prime Prime Prime Prime DB 1 PCBA 2 HSA 3
SNOOOOD0S WEKO1  Pass rime Prime me ne Prime Prime DB_1 PCBA_2 HSA_1
SNOO00006 WKO1  Pass rime me Prime Prime Prime Prime DB_1 pCBA_2 H5A_1
SNOD00007 WEKO1  Pass rime Prime rime rime Prime Prime DB 1 PCBA 2 HSA 1
SNOO0OD08 WEKO1  Pass ne Prime Prime Prime Prime Prime DB_1 PCBA_2 HSA_1
SNO000009 WKO1  Pass ne Prime Prime Rewo! Prime Prime DB_1 PCBA_1 HSA_1
SNO000010 WEKO1  Pass ne Prime Prime Prime R Rewo DB 2 PCBA 1 HSA 1
SNO000011 WEKOZ  Fail Prime Rework Rewor Prime 0 Rewt DB 2 PCBA 1 HSA 2
SNO000012 WKO2  Pass Prime e e Prime Prime Prime DB_2 PCBA_1 HSA_2
SNOD00013 WKO2  Pass Prime ne ne Prime Prime Prime DB 2 PCBA 1 HSA 2
SNOO00014 WEKO2  Pass rime Prime ne Prime Prime Prime DB_2 PCBA_1 HSA_2
SNOD00015 WEKO3  Pass rime me Prime Prime Prime Prime DB_2 PCBA_1 HSA_2
SNOO00016 WKO3  Pass Prime Prime Prime Prime Prime Prime DB_2 pPCBA_1 H5A_2
SNOO00017 WEKO3  Pass Prime Prime Prime Prime Prime Rewo DB_2 pPCBA_1 HSA_2
SNOO00018 WKO2  Pass Prime Prime Prime Prime Prime Prime DB_2 PCBA_1 HSA_2
SNOO00019 WKO3  Pass Prime Prime Rework Rewo Rewor Prime DB_2 PCBA_1 H5A_2
SNO000020 WEKO3  Fail Rewo Prime Prime Rewo! Prime Prime DB 1 PCBA 1 HSA 3

(3 ]

A o Jd a J 1 a
51N 3.3 m@ﬂmmmﬂmaﬂymzmmmsmaﬁ"lmwgmazgu@

Y



3.2

NSOUUUIAAUAZVUABUMTAUHUUNIUIVY

y
[

Y
o Aa a A ] I 1 o 1
NIDUNMTAUUUITUI ﬂ%uﬁgﬂumeemﬂu 5 ﬁ')llﬁaﬂllﬁlllﬂ

1.

2.

'
A o

msdamsveyaiimnldlunisnaass (Data Management and Data Balancing)
MInAoNAUANYMUE (Feature Selection)
M3IWNGUIDYA (Data Aggregation) MNYUIATIWIUTOYANAN
4 a
Msas1elumamsnMAMIaiHaNannIzUIUMS (Yield Prediction)
a = a A 4 a
msUsziuna lasmsfFeuisudsz@niammsmanmsainananves

NITVIUNIT

v
v A

Y [
TagnsounuaavesnuIderuil ldgnuaas I lugduouvewmunin lugdi 3.4



94

* Real HDD Production Manufacturing Dataset

* Data collected period 2- 3 years

v

* Data Management and Data Balancing

'

* Feature Selection from

5 aleorithms and 2 statistic methods

(5, CART, 5VM, Stepwise Regression, GA,

Chi-Square and Information Gain

* Data Aggregation by fixed guantity

Grouping size 10,000 rows

* Yield Prediction by using aleorithms
MLR : Multiple Linear Regression

ANN : Artificial Neural Network

v

Yield prediction performance comparison by

MAE: Mean Absolute Error and

RMSE : Root Mean Square Error

* Comparison between 7 methods of feature selection VS
traditicnal methed.

* Comparison_trend incremental.of grouging.size. Grouping

size 1,000 rows —40,000" rows
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Dataset HDD 10,000,000 records
Training Data 70%
Testing Data 30%

Data Aggregation with loading ratio Data Aggregation with ratio of attributes from
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WEKO1
WEKO01
WEKO02
WEKO02
WEKO03
WEKO03

WEEK
WEKO1
WEKO1
WEKO1
WEKO01
WEKO02
WEKO02
WEKO03
WEKO03

3.13
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dyd (% [y 9 o 9 gj dy
UABNITIANITNUUBYAUASNITNMTNAAUDY A Taguupoul

'
v A 1

NUNDYNA

Y]
Y]

9
4 g AUUIIUIUNDD

liliido 8 una aad ldueaaa13luga 3.12

STATUS HSAPR MEDIAFR MBAPFR PCBAPR DBLme @ ... ATR400
Pass Prime Prime Prime RCY DB_1 0
Fai Prime RCY Prime Prime DB_1 1
Fail RCY RCY Prime Prime DB_1 ]
Pass Prime Prime Prime Prime DB_1 ]
Fai Prime RCY RCY RCY DB 2 1
Pass Prime Prime Prime RCY DB_2 1
Pass Prime Prime RCY Prime DB 2 1
Fail RCY Prime Prime Prime DB_I ]
~ 9 o [ A o 9
Nn3.12 le'ElﬂstaFl]'lﬁ'0\1Wﬁ\ﬁ]'lﬂ‘ﬂﬁﬂuﬂizﬂﬁuﬂ’liﬂ’lﬁﬂﬂaﬂ]@yja
STATUS | HSAPR MEDIAPR MBAPR PCBAPR DBLine ... | ATR400
Pass Prime Prime Prime RCY DB_1 .. 0
Prime RCY Prime Prime DB 1 1
RCY RCY Prime Prime DB_1 0
Pass Prime Prime Prime Prime DB 1 0
Prime RCY RCY RCY DB_2 1
Pa Prime Prime Prime RCY DB_2 1
Pass Prime Prime RCY Prime DB 2 1
RCY Prime Prime Prime DB_1 0
Feature
Selection
STATUS = HSAPR MEDIA PR
Pasg Prime Prime
Prime RCY
RCY RCY
Pass Prime Prime
Prime RCY
Pass Prime Prime
Pass Prime Prime
RCY Prime
) A o ) 0 A o oA v
"U’f]iq]lﬁﬂWTLJﬂi$°U')L!ﬂTﬂ/]'l’di]ﬂam@uﬂaquﬂLW@ﬂﬂlaﬂﬂﬂmﬁﬂ‘]elﬂl%

9

] H H v
o lddeyanuin lduaa 1Aluga 3.12 uda deyans 8 unaiidanadisiurunoduy

Y
%

4

U

v Jd = v 9 Y 9 2 1 A v A o o
MINUA 400 ADANULTUIATINUUDYAAIAY ""ll1!ﬁ@uﬁ@qﬂﬂﬂﬂ1§ﬂﬂlﬁ@ﬂﬂﬂ!aﬂﬂm$Tﬂﬂfﬂw/n
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msaadennadnyas ldvaommzaadnsazhdaydmiumimamsainanan ludedis

=

dal o Y A S [ ddy Yo v A 9 1
mzm‘wuﬂiwmamwmﬁmﬂmaﬂymz °luﬂ‘§muamaﬂymz‘n"lmimmaaﬂm Ulﬂl,!,ﬂ HSA PR

118g Media PR auuaradlugai 3.13

'
v v A A

' Y H
Aaddguesmsaadenguanyaziulilsgadoyanisau 8 gia Tuzi 3.13 ua
9
o

A 1 s a X ° Y} o a AAo
ENAINDADNITAIANITUNONDA Gmﬁlzgﬂm"lﬂ“lﬁmmﬂm;mmyjammu‘nmmm
9 2 a a v d A o v
VDYaNIgau 20 gua TﬂElilmlwaawmgiugﬂu‘uummminmmu’suﬂeauuaﬂawm 400

U

o A

v J @ Y {
AoamImaeiios 5 avauiaen lauaad13uzln 3.14

Drive SN WEEK STATUS @ HSAPR MEDIAPR

SN-001 WEKOL Pass Prime Prime
SN-002 WEKO01 Pass Prime Prime
SN-003 WEKOL Fail Prime RCY
SN-004 WEKOL Fail RCY RCY
SN-005 WEKOI Pass Prime Prime
SN-006 WEKO01 Pass Prime Prime
SN-007 WEKOI Pass Prime Prime
SN-008 WEKOI Pass Prime Prime
SN-009 WEKOI Pass Prime Prime
SN-010 WEKO01 Pass Prime Prime
SN-011 WEKO02 Fail Prime RCY
SN-012 WEO02 Pass Prime Prime
SN-013 WEKO02 Pass Prime Prime
SN-014 WEKO02 Pass Prime Prime
SN-015 WEKO03 Pass Prime Prime
SN-016 WEO03 Pass Prime Prime
SN-017 WEKO03 Pass Prime Prime
SN-018 WEKO03 Pass Prime Prime
SN-019 WEKO03 Pass Prime Prime
SN-020 WEKO03 Fail RCY Prime

d' d‘l v A [ = 9 9
qij“]J“I/I 3.14 UBYANAUNHIUNTAAADNAUANHUSITYIVIDYLAT

g‘/ I 1 @ [l a gx a A
euu@]@uq@ﬁ’wwu,ﬂuﬂﬁmnﬂqwﬁ’aga I@EJG]’J’LSJEJNﬂTi@‘ﬁﬂ1ﬂuu%$éj1\1@\ﬁ]1ﬂ’3%ﬂ1i

9 9
[ A v ]

A & & 1 9 @ =S v 1 dy
mmwmu,ﬂumammqmayammwaﬂmw mumuaaﬂmwazma@mm"lﬂu

o [ L4 Y dy = Y dyd 1 1w Y
1. W'l%WH'Juﬁﬂ@nWGU@QGU@ya“I):ﬂu %Qﬁlu‘lgﬂﬂjﬂy‘auﬂﬂﬂﬂWﬂﬂ 3 vlﬂl,l,ﬂ WKO01, WKO02
v & 9 1A a 1 9 a ES A o o Ay Y
iag WKO03 ﬂQumgml’mgaGh»m‘mﬂﬂmﬂmimuﬂqmgﬂmay.amuuu%zmmau 3197 AN Vlﬂ
Y

ueraamsaigadoyalni13luglh 3.15
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Y [Y( A v o 9 1 o 4 o 1 é’
2. ﬁiwﬂﬂeauuﬂlwmwmmmwaaW‘ﬁﬂlmmmumayaﬂlmmamﬂmw Taeluaied1ail

o Y [ ¢ ld' 1 é 1 A o 9J a ] o w
mrualineau vidyen Count c]N114Lmammi}zmm’mmagammg 10, 4 Loy 6 M1UAAU

aumrun i lauaaa131ugl 3.6

3

1

Drive SN
SN-001
SN-002
SN-003
SN-004
SN-005
SN-006
SN-007
SN-008
SN-009
SN-010
SN-011
SN-012
SN-013
SN-014
SN-015
SN-016
SN-017
SN-018
SN-019
SN-020

WEEK
WKoL
WEKOL
WKO1
WEKoL
WEKoL
WEKOL
WEKO1
WEKO01
WEKOL
WEKOL
WKo02
WKO02
WKo2
WEKo02
WKO03
WKO03
WKO03
WKO03
WEKO03
WKO03

STATUS
Pass
Pass

HSAPR MEDIA PR

Prime
Prime
Prime
RCY
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime

RCY

Prime
Prime
RCY
RCY
Prime
Prime
Prime
Prime
Prime
Prime
RCY
Prime
Prime
Prime
Prime
Prime
Prime
Prime
Prime

Prime

Traditional Method : Aggregate by weekly
WEEK Count Pass Fail YIELD
WKo1
WKO02
WEKO03

A y a o 1A ' o 4
1 3.15 Joyalugiuuuaudugmi llasegadoyalniniinssaungudeyanudilay

Drive SN WEEK STATUS

——

SN-001
SN-002
SN-003
SN-004
SN-005
SN-006
SN-007
SN-008

WEKO1
WEKO1
WEKO1L
WEKO1
WKO1
WEKO1
WKO01
WKO1

HSAPR MEDIA PR

Prime
Prime
Prime

RCY

Prime

Prime
Prime
Prime
Prime
Prime

Prime

Prime
Prime
RCY
RCY
Prime
Prime
Prime
Prime
Prime

Prime

Traditional Method : Aggregate by weekly
WEEK Count Pass Fail YIELD

A v v 7 ) A vy o ¢
g']J‘VI 3.16 NI ITNNADAUY Count Glmgﬂmau”aclwumumﬁmﬂaqmau“amuﬁﬂmw
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3. ﬁ%?ﬂﬂ@ﬁi]ﬁclﬁmlﬁﬂllﬁﬂﬂWaﬁW‘ﬁsUfJ\‘]ﬂ']u'JufJuﬁﬂ

U

[ [ 4

Pass 1A% Fail voauaazdian

o 9 A . g}l =2 o 2 v AN Y

Tayg WKO1 $1u2udoyai Pass =8 11ag Fail =2 91n1uudaiianlu WKo2 uaz WKo3 asi 14

{ 3’, g o a 1 [ P

naas3uzii 3.17 vazluduaeuiiazsau lutsmsmuiumanialundazdlaind davy
I y 1 y J o o o a

i ldawaumsnidnan13luuni 2 Tagdaamualdvninmaihduaugiia Pass msae

A A Y a [ s Y o dy Y=Y 4 [

SuugliadngnszuIuMsnadouRaAAI Uy Toyatiaoiyailez Ia 9aa ¥09 WKO1 11

A~ A= 4 1 [} s I o ~ 4 1 [} AN~ 4

80 11T ¥ UA Banvod WKO02 1tm1ny 75 1osisua uazaanvod WKO3 (110U 83 11)esigsua

v J o = Y A
I@ﬂNﬁﬁ‘W‘ﬁﬂﬁﬂTLl’)mEla@ﬂﬂgﬂuﬁﬂ\‘i]l’ﬂUGIﬁNﬂ 3.2

1
Traditional Metho:d : Aggregate by weekly

Drive SN WEEK STATUS HSAPR MEDIAPR
SN-001 WKO01 Pa { 71:21'31137 77777 P: }i&llﬁ 77777777 WEEK Count if ‘ass "—lia_il ¥ YIELD
SN-002 | WKO0l_ ] Pass___| Prime Prime WEKO1 10 (\__.Ei‘:,:' ‘-.,,=_2“ =,:'
SN-003 | WEKOI Prime RCY WK02 | - NZ::_s_ _g:) ' L ::)
SN-004 | WKOI RCY RCY WKO03 6> 5 ) 1
SN-005 WEKO1 P Prime Prime
SN-006 WKO1 P Prime Prime
SN-007 WKO1 P Prime Prime
SN-008 WKO01 P Prime Prime
SN-009 WEKO1 P Prime Prime
SN-010 WEKO1 P Prime Prime
SN-011 WEKO02 Prime RCY
SN-012 WKO02 Pass Prime Prime
SN-013 WEKo02 Pass = Prime Prime o
SN-014 WKO02 Pass Prime Prime
SN-015 WKO03 P Prime Prime
SN-016 WKO03 P Prime Prime
SN-017 WKO03 Pa L — Prime ————Prie-——————
SN-018 ‘WKO03 Pass Prime Prime
SN-019 | WK03 | Pass | Prime Prime
SN-020 WEKO03 REY Prinee

a ] o & 1 T o .
519 3.17 MIA319A0A U 1HNUYUINADINDAVIUN DT AIIIUIY Pass t1a Fail

RY

A9 3.2 LAAIHAGNE MIAIUIUNANES (Yield Calculation) luuaazdia1sd

Week Count Pass Fail Yield (%)
WKO1 10 8 2 8/10*100 = 80.00
WKO02 4 3 1 3/4*100 = 75.00

WKO03 6 5 1 5/6*%100 = 83.33
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[TL A @ ° a 1 @ J o 1
4. a5 1eneani lviiouaanadwivessuaIuginuesuaazdlaid awiiuaua
IS @ { Y e ' { 1 <
anuiu'll 1dvesquanvuzilddaiaonuuds s will 1dun HSA PR filimanmdlull1d 2

= .

1 ! . I I Y 1A . ' [
A1A® Prime 1Az RCY @21 Media PR niia1a101t)u 1118 2 A1Ao Prime uag RCY 1¥uny
Y

o o oa y 2 " H) Aad o YUY 1
ﬂﬂuui]'lu’.luﬂ@a1]‘L!‘V]iq]ﬂ’ﬁ§1QGIJHN'IGLWN%'IWUHG]’E]‘L!HMTNWN@] 499U U Ulﬂl,!,ﬂ HSA PR =

Prime, HSA PR = RCY, Media PR = Prime 1a% Media PR = RCY &4'1duaaalilumsan 3.3

A A o 1o o A ~ Y o o o 9
AT N 3.3 LLﬁ@Qﬂ15LW3Jﬂ®ﬁ3Ju1W3Jﬁ]’IH'JH 4 ﬂ’E]ﬁﬂJuLWE]miEJil‘WiE]llﬁ'l“l/iillﬂ'lﬁu'l]lﬂsl“]f{l'lu

9
> ¢ a
Tuvuaoumsmamsalnanan

Yield HSA PR = HSA PR = Media PR = Media PR =
Week | Count | Pass | Fail

(%) Prime RCY Prime RCY
WKO1 10 8 2 80.00
WKO02 4 3 1 75.00
WKO03 6 5 1 83.33

5. maviusudeyamuuaazdou lvnaz i lUiduTundazsodoya Fuain wKol
1 HSA PR = Prime §1149% 9 gilel I HSA PR =RCY 3119U 1 gl § Media PR = Prime 31171

a o a % o a & o oA
8 giin uazll Media PR = RCY $1171 2 gila evzannsmihdoyaduas 1) un 4 nedmin

U U

y X

, Az, A\ . 2
afrvunIndldauasy mnuudeihsmwaeanuly WKo2 nag WK03 auasuniavua lag
{ I < 4 o v
i 3.18 Wlumsuaadlimudimaaen TeamsiudoyasiulUdmsanadws
1 v o 9 1 o Jd a Ay 2 ' ¥ P A
uanmsiuvvesteyasdazdlanimuaslimsranadsvuun Inanu ludlun
a A ] o 9 G4 a Yy 9 A1 o 9 !
Hewiioanin aunsoih 14 lumsmanisainanaa’la Aromgran N maudoyavoa

o s - o TR R o q ¥ 1 73 Fo . o
azﬁﬂmwuu%mmaul‘lmmﬂu muuiNllﬂ3Jmi‘mﬁl°ﬁL‘]Jumg‘ﬂﬁ]ilmuﬁaﬁ’imauﬂlmmuau

=

9 v
gHANIMuAIFeNeY (Rationalization) Taedeyan lasumsulasldgnuaadl3luaisie 3.4



Drive SN

SN-001
SN-002
SN-003
SN-004
SN-005
SN-006
SN-007
SN-008
SN-009
SN-010
SN-011
SN-012
SN-013
SN-014
SN-015
SN-016
SN-017
SN-018
SN-019
SN-020

WEEK

WKo1
WKo1
WKo1
WKo01
WKo01
WEKO01
WKo1
WKo1
WKo1
WKo1
WKo02
WKo02
WKo2
‘WKo2
‘WKo03
‘WKo03
WKo03
WKo03
WKo3
WKo3

STATUS

Pass
Pass

Pass
Pass
Pass
Pass
Pass
Pass

R R R R R ]
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Traditional Method : Aggregate by weekly

HSAPPR HSAPR

Media PR Media PR

HSAPR | MEDIA PR WEEK Count = Pass Fail Yield
=Prigne =RCY =Prime =RCY

Prime Prime WKol 10 8 2 8000 | o 4 1 & s ! 2
Prime Prime WK02 4 3 1 75.00 ] 0 ; 0
Prime RCY WEKO03 6 5 1 83.33 3
RCY RCY
Prime Prime
Prime Prime
Prime Prime
Prime Prime
Prime Prime

___P_i_'l_mlg___ Prime
Prime RCY
Prime Prime
Prime Prime
Prime Prime
Prime Prime
Prime Prime
Prime Prime
Prime Prime
Prime Prime
RCY Prime

~ a 9 o 1 A o J a J
Eﬂﬂ 3.18 ﬂ’]ﬁ!ﬁ”llﬁlﬂ?aljaa\‘lclu@‘]@ﬁuuiﬁuil’]!,wallﬁﬂ\izﬂﬁl‘lljum@ﬂa’]ﬁﬂﬂﬁmﬂﬁw

1 d‘
VoAAZIDU 1y

A v J a 9 19 L ] 1 A
13190 3.4 LlﬁﬂﬁWﬁﬁW‘ﬁﬂ?ﬁlﬁuﬂlﬂﬂuﬁﬁﬂii‘m@ﬁﬂuiﬁﬂﬂlﬂﬂllﬁaglﬂﬂuhlall

o A 9 | 1A ] . .
5'31]ﬂﬁlﬁﬂ']uqﬂllw@!Lﬂaqm@ﬂuﬁlﬂuﬂ']ﬂ Rationalization

Yield | HSA PR = HSA PR = Media PR = Media PR =
Week | Count | Pass | Fail
(%) Prime Ratio% | RCY Ratio% | Prime Ratio% RCY Ratio%
9/10*100 1/10 *100 8/10*100 2/10*100
WKO1 10 8 2 80.00
=90 =10 =80 =20
4/4*100 0/4*100 4/4*100 0/4*100
WKO02 4 3 1 75.00
=100 =0 =100 =0
3/6*100 3/6*100 4/6*100 2/6*100
WKO03 6 5 1 83.33
=50 =50 =066.67 =33.33

@ ! g g 2 { o o t4 a
‘Viaaﬁnﬂ‘ﬁﬂiz‘uauminﬂﬁuu%@ummﬁu%"lﬁjmsnﬁ%zuﬂﬂ%wmmmmsmwa WNaf

18919015197 3.5 Tag HSA Prime Ratio, HSA RCY ratio, Media Prime Ratio 118% Media RCY

A 9

. ) Y I [ A 9 4 A = v &
Ratio ﬂ%QﬂUW‘JlTJGl‘]fL‘]JUﬂfl!aﬂ]&lﬂ!%iW@ﬁﬁWﬂIﬂJlﬂﬁﬂTﬁﬂWﬂﬂWiﬂ!WaWﬁﬂ%QUUﬂﬂ@m@Haiu

v J )
ABANU Yield HUIDY
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= ] = . R SN ] 0w ¥ ¢ a
ATNN 3.5 LAeUyan Rationalization G]NWﬁ@NﬁWWﬁUﬂTﬁi%ﬁWUiuﬂWﬁﬂ’lﬂfnﬁmwawaﬂ

Yield | HSA Prime | HSA RCY | Media Prime | Media RCY
Week | Count | Pass | Fail
(%) Ratio% Ratio% Ratio% Ratio%
WKO1 10 8 2 80.00 90 10 80 20
WKO02 4 3 1 75.00 100 0 100 0
WKO03 6 5 1 83.33 50 50 66.67 33.33

3.4

A A AqYoe  w awv
lﬂi@ﬂuﬂ‘ﬂ]‘”ﬁ]ﬂiﬂﬂ]ﬁﬁ)ﬂﬂ

A A A Y o
IA39IUON 1F IUNMTNAUINY

1.

A3

Aauv A 9
298U Usznounie

d‘ a o o (% [ = = (% A:glJ
IATONADUNAUADIT I IUNAIUY UYL IDUAAIU

nUelsZUIaNanas : Intel(R) Core(TM) i5-7300HQ CPU @ 2.5GHz

Wie1szuanans1in : NVIDIA GeForce GTX 1050

HUIIAUIIYAN : 8 GB

Y¥I9AUE1509 HDD/SSD : 1 TB/250GB

szvulfiiamsuay TlsunsinlszgnddmTusiann Usyneudie

3 Zuuﬂﬁﬁami : Windows 10 (64-bits Operating System)

1A59939N 19 1UMIWAILT : IBM SPSS Modeler Version, Microsoft Excel

o

A o I A = dy
ﬂTHTI/IGI,G]%}GLHﬂﬁWWHHLE‘]%ﬂﬁﬂ‘i%h’mﬂﬁﬂuﬁgﬂﬂﬂﬁﬁlﬂ UINYaT oAU

A1WLSNT : Kaggle

e lFlumsnau - eI R

nue1lszuranana : Intel(R) Xeon(R) CPU @ 2.30GHz

HUIYAUIHAN : 16 GB

HUIIANUA1504 : 20 GB

nuelszuranans1n : NVIDIA P100 @1.32GHz
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41 wansaudvaAdluauveamsdanmsuazianaateya

Y 9
%

9 a d' o Y a a AaA o = A
YoyaauN v 151U ITeFUNNTIUIUNINDY 10,000,000 4D LUASUHBNIVNUDIN

e &&

[
=~

g ) < o A a o S I a J|
Huasfnuankuen ﬂmmmﬂmmauum ’dﬂ1u3ﬂl@ﬁﬂﬁﬂﬂﬁ@ﬂwﬁ@ﬂm°ﬂE’Iﬁﬂﬂﬁfﬂﬂ‘iw

9
v A

1 I ] 4 = 4
(Status Pass/Fail) uuumm'luam;mﬂuamwm Lﬁ@\?ﬂ1ﬂﬂﬁﬂﬂl@\iﬂi$ﬂ'}uﬂ15ﬂﬂﬁﬂﬂ

[

a % r{gl.z 1 o A o o
HansaiuAeud19ge 30 IS uauvesdeyanaguanyme STATUS = FAIL U119y

[

oy Fameganiinanuiselamnmslivaugadeyalasly dane3iiu k-Means Clustering 11

mstangudeyaudiduiduaatoyadi89ano3 iy k-NN HUINAUNITHI Re-sampling (Data
o A @ £

Balancing by k-Means Clustering k-NN and Re-sampling : DBC-2KAR) Taglinaansn lanail

1 { ] < [ [ a
M13197 4.1 naaatoyangauiiaeeniili 5 AdanesMINeano 3NN k-Means Clustering

U U

9 A a A o 1 A A A g}/ Y [ 14 Y I X
Tﬂﬂm@gﬁﬂl@ﬂguﬂ‘ﬂ Pass a2 U TUIUHUINNIN Q‘L!@'I‘VI Fail M3V 1Aaanes ngllﬁﬂﬁ‘lﬁlﬁ‘hmﬁﬂ”l
. 1 o = 9 [ s . Y A 1A
Imbalance Ratio Y0AALAAANDS0NAIY IR NI NUAT Imbalance Ratio Hagngaoyn

27.17 : 1 LazanNgaogi 29.00 : 1

M131eh 4.1 narasmszaunny ligugavesdayaveunazndanos

k-Means Clustering Passer Failure Imbalanced Ratio
Cluster#1 2,064,114 71,181 29.00: 1
Cluster#2 1,981,558 70,550 28.09:1
Cluster#3 1,850,018 65,561 28.22:1
Cluster#4 1,924,591 70,846 27.17:1
Cluster#5 1,834,891 66,690 27.51:1
TOTAL 9,655,172 344,828 28.00 : 1
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o o [ I @ A Y Y KX o o 9
naannhmsueveyaseniu 5 admaeiiseuiosualniimsdsuangaveya
{ [~ 1 @ J @ g :
Taga15197 4.2 naasldimuimnadmaes lagniSuaugasu Imbalance Ratio HAnilu 1:1 4
[ 9 dal U S o Y v A (3
mM3lsvaugavestoyatiszdinannenstunveyalunszuiumsnadengaanyaus u

g}-’ Q
Juaousa il

M3 1eN 4.2 naasdeyavesudazAdame s iasnInaugaveyaiiouiesud,

After Balanced Passer Failure Imbalance Ratio
Cluster#1 71,181 71,181 1:1
Cluster#2 70,550 70,550 1:1
Cluster#3 65,561 65,561 1:1
Cluster#4 70,846 70,846 1:1
Cluster#5 66,690 66,690 1:1
TOTAL 344,828 344,828 1:1

42 wamsauiivanddeluaiuvesmsnaennaany

v A v A ) Y 1 ] 4 a
Jumeulumsaadenguansuzietilildonuae ludunsumsaianisainanaa
L/ < 0 P Ay v o v a oy v
YoenszuIuMsuY wiumaiigadeyanldvinnsdsuaugatoyaSouiosudinin
N3ZUIUMINEUNIN INaNgnIZUIMMIARIAN) U ANE U NTINAADNTMUINNANAAVD
Yy 1o ~ an A o ¥ ¥ a g ~ Y
nszuauMs laugdudunniga Taedsnmsmihunlslumsadlumalinwiue 7 via 1dun

du'lddagula C5, CART, Support Vectors Machine, Stepwise Regression, Genetic Algorithm,

A

A a g <3|
Chi-square #18% Information Gain 1ae7 5 yHausntuuziilunsadialumanisGoudii

[ @ a [ g’/ 9 v aa A Y1 %’ v o v
ﬂﬂlﬁ@ﬂﬂmﬁﬂﬁm% uag 2 %u@ﬁaﬂuui%’ﬁﬁﬂﬂﬁ"ﬂ1Qﬁﬂﬁlﬁ@ﬁlﬂﬂ1u1ﬂuﬂllﬂ$!diENaW]‘]J

o 9

AuanyuzANANNAIRYRdInanonm IS unauanyuzvosna1did e Tag 8-10
BUAVUINVDIAUANH UL NAIWNAADNIITMUNTDIUE “Pass” UAY “Fail” WINNTAVDIUAAY
Aas ° 9 L4 a a o P I

Fsmsszgnih ) Idaulumsmanissinandavesnszurumsnadounansual iy

[ A

g‘z [ @ 1 ax Ay ¥ Y g’/ A
ﬂlu@@uﬂﬂllﬂ IﬂﬂﬂmaﬂHmZ“Ui’)\umaZ’J‘ﬁﬂ"l'i‘ﬂllﬂi;]ﬂﬂﬂla@ﬂiJ"ILLa’JuuLLﬁﬂ\ﬂu@]"li"Nﬂ 4.3
= 3 ~ Yo v A @ g’z a dy 9 =3
uﬂﬂlﬂuﬂﬁ]1ﬂf’]maﬂyﬂ!$Vlllﬂ'iﬂll"ﬁl"lﬂﬂ”liﬂﬂla@ﬂﬂmaﬂHmSﬁ]"IfWN 7 BURA mimu"lmmmm
o v Aa Y o Yq ¥ o a
SAUANYUSHANNIAINTHFIUIYNT (Human Expert)hlﬂbl‘]f(luﬂ”l'iﬂ”lﬂﬂ"limNﬁNa@]EU’EN

NTZUIUMT IUMTHINIUDI
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MINN 4.3 uaAIUANE U NYNAAEDNLINNUAAZITNS

Human Expert

HGSA_PRIME
MEDIA_PRIME
VCM_PRIME
MBA_PRIME

PCBA PRIME

Cs

HSA_VENDOR
MEDIA PRIME
PWALINE
CELL_ID
CUST_SCORE
HGSA PRIME
CRX_CNT
HSA_COH

DL _IMG

CART

PWALINE
CUST_SCORE
DISC_INSTALL ID
DRIVE_PART NUM
PRIME
CMS_CONFIG
BUILD G

MBA_ PN

M3 NN 4.3 udanuanyuz gnAAEoNUININUAAZITNT (A0)

Stepwise Regression

HSA VENDOR
CUST_SCORE
HSA_COH
DL_IMG
DRV_COMP_TRK
BUILD G
CMS_CONFIG
DRIVE_PART NUM

PCBA_CNT

Genetic Algorithm

MEDIA PRIME
PRIME
LVCM
UVCM
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Chi-Square

install.packages("FSelector")

library(tidyverse)

library(caret)

library(doParallel)

library(FSelector)

library(mlbench)

# Install packages if missing

list.of.packages <- c("parallel", "doParallel", "caret", "randomForest", "funModeling", "tidyverse", "GA")
new.packages <- list.of.packages[!(list.of.packages %in% installed.packages()[,"Package”])]
if(length(new.packages)) install.packages(new.packages)

# Load libraries

library(randomForest)

library(funModeling)

library(GA)

library(dplyr)

list.files(path = "../input")

Feature Selection with C5.0

MyData <- read.csv(file="../input/research/data.csv”, header=TRUE, sep=",")
set.seed(160)

cl =- makePSOCKcluster(4)
registerDoParallel(cl)

start_time <- Sys.time()

c5Mod <- train(Class ~ ., data=MyData, method="C5.8")
end_time <- Sys.time()

stopCluster(cl)

c5Imp <- varImp(c5Mod)
print(c5Imp)

plot(c5Imp, top = 20, main='Variable Importance')

exctime <- end_time-start_time
print(exctime)

Feature Selection with CART

MyData <- read.csv(file="../input/research/data.csv", header=TRUE, sep=",")
set.seed(160)

cl <- makePSOCKcluster(4)
registerDoParallel(cl)

start_time <- Sys.time()
cartMod <- train(Class ~ ., data=MyData, method="rpart”
end_time <- Sys.time()

stopCluster(cl)

cartImp <- varImp(cartMod)
print(cartImp)

plot(cartImp, top = 26, main='Variable Importance’

exctime <- end_time-start_time
print(exctime)
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Feature Selection with SVM

MyData <- read.csv(file="../input/research/data.csv", header=TRUE, sep=",")
set.seed(100)
start_time <- Sys.time()

¢l <- makePSOCKcluster(18)
registerDoParallel(cl

svmMod <- train(Class~., data=MyData, method="svmRadial", metric="Accuracy")
stopCluster(cl)
end_time =- Sys.time()

svmImp <- varImp(svmMod)
print(svmImp)

end_time-start_time

plot(svmImp, top = 28, main="Variable Importance')

Feature Selection with Stepwise

trainData <- read.csv(file="../input/researchtl/data.csv", stringsAsFactors=F
print(head(trainData))

# Step 1: Define base intercept only model
base.mod <- 1m(Class ~ 1 , data=trainData)

# Step 2: Full model with all predictors
all.mod <- Im(Class ~ . , data= trainData)

start_time <- Sys.time()

cl <- makePSOCKcluster(18)
registerDoParallel(cl)

# Step 3: Perform step-wise algorithm. direction='both’ implies both forward and backward stepwise

stepMod <- step(base.mod, scope = list(lower = base.mod, upper = all.mod), direction = "both”, trace = @, steps = 1000

stopCluster(cl)

end_time <- Sys.time()

# Step 4: Get the shortlisted variable.

shortlistedVars <- names(unlist(stepMod[[1]]))

shortlistedVars <- shortlistedVars[!shortlistedvars %in% “(Intercept)”] # remove intercept
# Show

print(shortlistedVars)

exctime <- end_time-start_time

print(exctime)

y_pred = predict(stepMod, newdata = trainData)

Feature Selection with Chi-square

MyData <- read.csv(file="../input/research/data.csv", header=TRUE, sep=

start_time <- Sys.time()

weights <- chi.squared(Class~., MyData)
exctime <- end_time-start_time
print(weights)

print(exctime)

Feature Selection with Information Gain

MyData <- read.csv(file="../input/research/data.csv", header=TRUE, sep:

start_time <- Sys.time()
weights <- information.gain(Class~., MyData)

exctime <- end_time-start_time
print(exctime)

print(weights)

T W s
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Feature Selection with GA

data <- read.csv(file="../input/research/data.csv", header=TRUE, sep=",")

# Install packages if missing

list.of .packages <- c("parallel", "doParallel", "caret", "randomForest", "funModeling", "tidyverse", "GA")

new.packages <- list.of.packages[!(list.of.packages %in% installed.packages()[, "Package"])]
if(length(new.packages)) install.packages(new.packages)

# Load libraries
library(caret)
library(randomForest)
library(funModeling)
library(tidyverse)
library(GA)
library(dplyr)

custom_fitness <- function(vars, data_x, data_y, p_sampling)
{
# speeding up things with sampling
ix=get_sample(data_x, percentage_tr_rows = p_sampling)
data_2=data_x[ix, ]
data_y_smp=data_y[ix]

# keep only vars from current solution
names=colnames(data_2)
names_2=names[vars==1]

# get the columns of the current solution
data_sol=data_2[, names_2]

# get the roc value from the created model
roc_value=get_roc_metric(data_sol, data_y_smp, names_2)

# get the total number of vars for the current selection
q_vars=sum(vars)

# time for your magic
fitness_value=roc_value/q_vars

return(fitness_value)

}
get_roc_metric <- function(data_tr_sample, target, best_vars)

# data_tr_sample=data_sol
# target = target_var_s
# best_vars=names_2

fitControl <- trainControl(method = "cv",
number = 3,
summaryFunction = twoClassSummary,
classProbs = TRUE)

data_model=select(data_tr_sample, one_of(best_vars))

mtry = sqrt(ncol(data_model))
tunegrid = expand.grid(.mtry=round(mtry))

fit_model_1 = train(x=data_model
y= target,
method = "rf",
trControl = fitControl
metrie = "ROC",
tuneGrid=tunegrid

)
metric=fit_model_1S$results["ROC*][1,1]

return(metric)

get_accuracy_metric <- function(data_tr_sample, target, best_vars)
data_model=select(data_tr_sample, one_of(best_vars))

fitControl <- trainControl(method = "cv",
number = 3,
summaryFunction = twoClassSummary)

data_model=select(data_tr_sample, one_of(best_vars))

mtry = sqrt(ncol(data_model))
tunegrid = expand.grid(mtry=round(mtry))

fit_model_1 = train(x=data_model
y= target,
method = "rf",
tuneGrid = tunegrid)

metric=fit_model_1$results["Accuracy"1[1,1]
return(metric)




150

Feature Selection with GA

get_accuracy_metric <- function(data_tr_sample, target, best_vars)
{
data_model=select(data_tr_sample, one_of(best_vars))
fitControl <- trainControl(method = "cv",
number = 3,
summaryFunction = twoClassSummary)

data_model=select(data_tr_sample, one_of(best_vars))

mtry = sqrt(ncol(data_model))
tunegrid = expand.grid(mtry=round(mtry))

fit_model_1 = train(x=data_model
y= target,
method = "rf",
tuneGrid = tunegrid)

metric=fit_model_1$results["Accuracy"][1,1]
return(metric)

# Data preparation
data2=na.omit(data) # <- use with care...

data_y=as.factor(data2sClass)
data_xx=select(data?, -Class)
data_x=as.data.frame(data_xx)

# GA parameters
param_nBits=ncol(data_x)
col_names=colnames(data_x)

# Executing the GA
# Executing the GA
start_time <- Sys.time()

ga_GA_1 = ga(fitness = function(vars) custom_fitness(vars = vars
data_x = data_x,
data_y = data_y,
p_sampling = 8.7), # custom fitness function
type = "binary", # optimization data type
crossover=gabin_uCrossover, # cross-over method
elitism = 3, # number of best ind. to pass to next iteration
pmutation = 98.83, # mutation rate prob
popSize = 58, # the number of indivduals/solutions
nBits = param_nBits, # total number of variables
names=col_names, # variable name
run=5¢ #wmax iter without improvement (stopping criteria)
maxiter = 58,°#, total runs or generations
monitor=plot, #plot the result at each iteration
keepBest = TRUE, # keep+the best solution @t the end
parallel = T, # allow parallel. procesing
seed=84211 # for reproducibility purposes

# Checking the results
summary(ga_GA_1)

# Following line will return the variable names of the final and best solution
best_vars_ga=col_names[ga_GA_1@solution[1, ]==1]

# Checking the variables of the best solution...
best_vars_ga

# Checking the accuracy
get_accuracy_metric(data_tr_sample = data_x, target = data_y, best_vars_ga)

end_time <- Sys.time()

exctime <- end_time-start_time
print(exctime)
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library(
library(
library(
library(

tidyverse)
caTools)
neuralnet)
keras)

set.seed(123)

list.files(path = "../input”)
trainData <- read.csv(file="../input/research2/C5_training.csv", header=TRUE, sep=",6")
testData <- read.csv(file="../input/research2/C5_testing.csv", header=TRUE, sep=",6")

trainData <- trainDatal,2:31]
testData <- testData[,2:31]

#trainData <- read.csv(file="../input/research2-cart/CART_training.csv", header=TRUE, sep=",")
#testData <- read.csv(file="../input/research?-cart/CART_testing.csv", header=TRUE, sep=",6")

#trainData <- trainDatal,2:48]
#testData <- testDatal,2:48]

# Function that returns Root Mean Squared Error

rmse <=

{

function(error)

sqrt(mean(error®2))

}

# Function that returns Mean Absolute Error
mae <- function(error)

mean(abs(error))

}

regressor = lm(formula = YIELD ~ .,

data = trainData)

# Predicting the [est set results

y_pred =

predict(regressor, testData)

# Calculate error
error <- c(testDatal,1]). - c(y-pred)

# Example of invocation of functions
rmse(error)
mae(error)

ANN

n <- names(trainData)

f <- as.
nn <- ne

y_pred_n

# Calcul
error <-

# Exampli

formula(paste("YIELD ~", paste(n[!n %in% "YIELD"], collapse = " + ")))
uralnet(f,trainData,hidden=c(5,3), linear.output=T)

n = predict(nn, testData[,2:31])

ate error
c(testData[,1]) - c(y_pred_nn)

e of invocation of functions

rmse(error)

mae(erro

r)
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International Journal of Machine Learning and Computing, Vol. 8, No. 6, December 2018

A Novel Heuristic Method for Misclassification Cost
Tuning in Imbalanced Data

Anusara Hirunyawanakul, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract—Currently, one of the most challenging problem in
machine learning and data mining is the data imbalance
problem. Many techniques and methods are researched and
proposed to solve this problem. Fundamental solution is data
balancing with under. ling and over ling techniques.
However, these conventional methods might be suffered from
the potential loss of useful information leading to the generation
of useless patterns. Therefore, the techniques that avoid
adjusting the sample size of data are more interesting. One of
such technique is misclassification cost adjustment. This paper
focuses on improving the performance of classification model
built from the misclassification cost adjustment technique by
proposing the novel heuristic method. Our proposed method
uses a heuristic based on the experience of practitioner working
on many manufacturing data. The heuristic employs the
relation between misclassification cost, imbalance ratio and a
constant factor “¢” (Euler’s number). The experiment has been
operated on 56 real-world datasets with various number of
attributes and different degrees of imbalance ratio. The results
confirm that our novel heuristic method can help improving the
performance of the classification model. On datasets with high
imbalance ratio, our method shows the improvement rate of
AUC up to 29%.

Index  Terms—Misclassification cost, imbalance data,
classification, decision tree learning.

. INTRODUCTION

Data mining and machine learning are very popular and
extensively used in several areas. The problem that has been
reported as one of the most often found in this field is the
imbalance ratio problem. Class imbalance data problem has
been reported to occur in a wide variety of real world
domains, such as facial age approximation [1], detecting oil
spills from satellite images [2], anomaly detection [3],
fraudulent credit card transactions detection [4], software
error prediction [5], and pattern recognition on image
annotation [6].

Most traditional algorithms, such as decision trees
[71-[9], k-nearest neighbors [10], [11], focus on generating
the models that provide the highest overall accuracy and the
minority data is always ignored [12]-[14]. However, in some
cases the minority class instances may have so high
significance and importance that they should not be ignored
by the classification algorithms. Thus, data-preprocessing
steps for balancing instances between classes are needed.
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One of the most popular methods for class rebalancing is data
sampling [15]-[18]. However, under-sampling may
eliminate the important data of the majority class. While
over-sampling methods may alter the original class
distribution. Moreover, increasing the minority class
instances may generate the uscless data and misleading the
classification result. The cost-sensitive learning or
misclassification cost adjustment seems to be the efficient
way to solve the class imbalance problems [19]-[21].

The technique that we discovered in one field may show
the good result in other fields and this paper is one of them.
The technique that we introduce in this paper is extracted
from the experience of researchers while had been working in
the manufacturing companies and already proved with the
datasets which are collected from production line database of
Computer’s component manufacturing. This method can help
the expertise engineers to achieve the optimal of “true
positive rate” in a shorter time.

This paper is used that novel method to apply on
worldwide 56 datasets with the various fields like citizen data,
wine quality data, card game data, medical/scientific
experimental data ete. With these datasets, we separate them
into 2 groups: the low imbalance ratio group and the high
imbalance ratio group. The model performance can be
significantly improved by our novel heuristic method
especially in case of high imbalance ratio group. The
remaining of this paper is organized as follows. Section II is
Theory and Literature review. Section II1 is the Material and
Method explaining the novel heuristic method and how to
calculate the heuristic value. Section IV is the research
workflow and research framework. Section V presents the
experimental results. Section VI is the conclusion of this
paper and the recommendation is presented in Section VIL

II. BACKGROUND THEORY AND LITERATURE REVIEW

A. Decision Tree

Decision tree is a well-known and one of the most
employed technique to generate classifier [22]. Decision tree
has 3 important parts: a root node, leaf nodes, and branches to
connect nodes. The root node is the origin node of the tree,
and both root and other internal nodes consist of condition or
criteria to be considered before selecting a branch to traverse.
Each branch is a connection line between nodes. Leaf node is
a final solution for a specific classification problem.

The tree building process starts with all the training data in
the root node. A first split is made using a predictor variable
to segment data into 2 or more child nodes, depending on the
possible values of the predictor variable. The terminal node is
the node that cannot be further split, and the predictions are
made from the terminal nodes. To use a decision tree to make




155

International Journal of Machine Learning and Computing, Vol. 8, No. 6, December 2018

a prediction, the split decisions are followed until a terminal
node is reached.

Decision trees are always mentioned as popular tools for
presenting a decision-making process [23], because they are
easy for understanding with the clearly graphic. But building
efficient decision trees from data is quite complicated. The
classical method such as ID3, developed by Quinlan
[24]-{26]. takes a table of examples as input, where each
example consists of a collection of attributes, together with a
class. And then, induces a decision tree, where each node is a
test on an attribute, each branch is the outcome of that test.
The last branching step leads to one of the leaf nodes
consisting of the class value to which the example, when
following that path, belongs. With the continuous
development and improvement, many algorithms such as
C4.5 and C5.0 [27] are developed to focus on how to build a
decision tree efficiently based on several criteria of
consideration [28].

In this research, we use the C5.0 as an algorithm to build
model because it has been shown the very satisfying
performance compared to other algorithms. Besides the
easy-to-understand which is the strongest point of the
decision tree, the robustness is also another advantage that
makes decision tree popular. It has the ability to be applied
with many types of data, fast in prediction, and no need for
the assumption on variable distribution [29].

B. Imbalanced Data

Data imbalance is often reported as a problem to reduce
classification efficiency in traditional learning algorithms. In
classification task, imbalanced data problem occurs when the
samples size from the majority class is heavily higher than
minority class, and the minority class is usually misclassified
by such classification models [30], [31]. Thus, methods to
balance the skewed data, such as under-sampling and
over-sampling, have been used to tackle the problem.
However, under-sampling may drop some potentially useful
information, while over-sampling may be the cause of
another problem like overfitting [32], [33]. Therefore, it is
reasonable to develop the algorithm without conversion from
imbalanced data into balanced ones by introducing extra
information or removing the original information. The
misclassification cost adjustment or cost-sensitive learning is
the answer.

The cost-sensitive learning algorithm is developed based
on the assumption that the positive minority class is expected
to be more important than the majority negative class. Thus,
instances in positive class have been weighted with more
value than those in negative class. The weighting scheme is
based on the misclassification cost adjustment occurred
during the iterative model assessment process. The difficulty
of this method is finding a proper value for misclassification
cost that should be adjusted. The optimal goal is adjusting
with the value that results in the highest classification
performance on both classifying the minority and majority
classes. Unfortunately, a suitable value of misclassification
cost comes from many times of trial and run the model
repeatedly to see the satisfied result.

C. Confusion Matrix
Confusion matrix [34] is a table that is normally used as a
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tool for computing performance of a classification model.
The key function of this table is to present a comparison
between “Predicted Labels” from model and “Actual Labels”
from the ground truth. Fig. 1 shows the example of
classification outcome of data instances from two groups:
“Positive” and “Negative”.

Predicted Label

Positive Negative

TRUE POSITIVE

FALSE NEGATIVE
P FN

FALSE POSITIVE TRUE NEGATIVE

Actual Label

P ™

Negative| Positive

Fig. 1. Example of confusion matrix.

e True Positive (TP): The number of instances that a model
predicts correctly such that the “Actual Labels™ is
Positive and “Predicted Labels™ is Positive as well.

o True Negative (TN): The number of instances that a
model predicts correctly such that the “Actual Labels™ is
Negative and “Predicted Labels™ is Negative as well.

e False Positive (FP): The number of instances that a
model predicts incorrectly such that the “Actual Labels”
is Negative but “Predicted Labels” is Positive.

e False Negative (FN): The number of instances that a
model predicts incorrectly such that the “Actual Labels”
is Positive but “Predicted Labels” is Negative.

True Positive Rate (TPR), or Sensitivity, measures the
proportion of actual positive data instances that are correctly
identified. The calculation of TPR is shown in equations 1
and 2.

TPR =TP /(TP + FN) (1)
or
TPR = TP / (All actual positive instances) (2)

False Positive Rate (FPR) is a metric for measuring the
error of classification. It is calculate with the equations 3 and
4.

FPR=FP/ (FP + TN) 3)

or

FPR = FP / (All actual negative instances) (4)

D. Performance Evaluation

In classification, there are various measurement methods
for evaluating the performance of classification models.
Receiver Operating Characteristic curve (ROC) is the
visualization to represent the relation of the false positive rate
(FPR) against the true positive rate (TPR) by plotting graphs
with TPR on the Y-axis and FPR on the X-axis. The
performance of a classifier is presented by ROC curve. If it
lies in the upper left of the square that means good
performance.

AUC or area under the ROC curve [35], [36] is the popular
measure for evaluating the performance of a classification
model with binary classes. AUC provides a value description
for the performance of the ROC curve. AUC is a portion of
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the area inside the square of unit (Fig. 2). So, its value must
be in the range of 0 and 1, and usually higher than 0.5.

ROC

. Auc

0 05 1
FPR
Fig. 2. Example of ROC Curve.

III. MATERIALS AND METHOD

A. Datasets of Research

TABLE I: THE 34 DATASETS OF “LOW IMBALANCE RATIO™ SHOWING
NUMBERS OF MAJORITY CLASS AND MINORITY CLASS

Group Low Imbalance Ratio

R [ #Atwr. | #ins. | # Major | # Minor

1 9] 18a|  175] 9

8 a2

0] 28

7 20

5[glassd 9 13
6|yeast-1_vs_7 3 7 30
139 9 | 123

130 6 20

126 i3 13

3 5 25

5 17

9] 17

13[ecoli0-1_vs_5 5 20
14]glass-06_vs_5 9] 9
15[ ledTdigit-0-2-8-56-789 vs_L| 110 7 37
16[ecoli-0-147_vs_2-35 106 | %
17[glass0- 2 3 9 17
18[ecoli06-7 v 00| _ 6| L Fal
19[voweld 100 13 588 898 %0
20|yeast0-5-6-7-9 vs & 04 8| 58 a7 51
1[ecoli 034 93 7 F
22]ecoli0-3-06_vs_ 93 Al N2
23|glass-04 vs_5 9.2 -1l § | |
24[ecoli 0267 92 7] 2
1 92 7] 2

92 6] 20

9.1 8 9%

91 8 %

o1 8| 50

91 9 17
oi| | 7| 202 0]

5.1 7 2
33|yeast-2 vs_a 9.1 8| 514] 51
34[ecoli0-34 vs 50 90 7 ; 20

The experimentation of this research is to demonstrate that
our novel heuristic method can help improving the
performance of classification model in various application
areas with different imbalance ratios. So, all of 56 datasets
are collected from 2 famous real-world dataset repositories,
which are “KEEL” and “KDD-CUP”. Then, we group them
into two groups of imbalance ratio, that is, “low imbalance
ratio” with a range of imbalance ratio from 9 to 20, and “high
imbalance ratio” which imbalance ratio is over 20 and the
maximum of imbalance ratio is 129. The Table I shows 34
datasets of “low imbalance ratio” and Table II show 24

and Computing, Vol. 8, No. 6, December 2018

datasets of “high imbalance ratio”.

TABLE II: THE 26 DATASETS OF “HIGH IMBALANCE RATIO” SHOWING
NUMBERS OF MAJORITY CLASS AND MINORITY CLASS

Group High Imbalance Ratio
No., Dataset R | #Atr. | #ins. | # Major | # Minor
1]abalonel? 1204 8| alra| 41a2] 32
2[kddcup-rootkit-map_vs_back 100.1 ar|  2225| 2203 2
3|poker8 vs 6 859 10 1477 1,460 | 17
a|poker89 vs 5 820 10 2005 2050 2
5ke-vszero_vs_fifteen 802 6| 2103| 2166 2
6|kddcup-land_vs_satan 757 ar| 1610|1589 21
7|kddcup-buffer_overflow _vs_back| 734 ai| 2733|2208 30
8[abalone-20_vs_80-10 727 8| 1016] 1890 2
9|winequality-red-3_vs_5 68.1 n el 681 | 10
10[shuttle2 vs_5 66.7 9| 3316| 3267 49
11|poker-8-9_vs_6 584 10 1485 1460 2
12|winequality-white 39 _vs & 583 11| 1482| 1457 25
13|krvskzero_vs_eight 53.1 6| 14s0| 1433 2
1 414 8| 14| 141 35
35.1 7 2L 778
327 8| 1484| 1440 ]
06 B 947 917 30
.1 8| 1asa| 143 51
228 9 214 205
221 Bl 693 663 | 30
X 213 B 182 [ 20
23|shuttlec2vscd 05 B 125 123 5

B. A Novel Heuristic Method

The novel heuristic method that we present in this paper is
extracted from experience over 5 years of data mining expert
engineers in the manufacturing field. The formula of this
novel heuristic method is the relation between
misclassification cost, imbalance ratio, and the constant e
which is the “Euler's number” (~2.71828...). The
computation of this heuristic is shown in equation 5.

MCC = / e )
where

MCC = misclassification cost or cost sensitive,
IR = imbalance ratio, and
e =Euler's number (constant number ~2.718...).

IR or imbalance ratio is defined by the calculation as
shown in equation 6.
__ Number of majo rity class
N T of minority class ©®

We empirically validate this proposed method and have
been found that it can improve classification performance in
terms of the true positive rate in root cause analysis of
computer’s component manufacturing datasets with IR in the
range of 4.1 to 1,245.7.

IV. RESEARCH FRAMEWORK AND RESEARCH WORKFLOW

A. Research Framework

In this paper, we use 56 real-world datasets from serval
areas such as medical/scientific experiment, wine quality,
and many others. The minimum of imbalance ratio is 9 and
the maximum is 129. These 56 datasets are classified into two
groups: “low imbalance ratio” and “high imbalance ratio”.
The model that we use for classification in this paper is the
state of art model in IBM SPSS Modeler, C5.0 model

567
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(research framework is shown in Fig. 3). Then, we compare

the model result between the traditional method and our

novel heuristic method. The assumption of comparison in this

paper focuses on 2 points:

1) The novel method should show better performance than
the traditional method.

2) The high imbalance ratio group should show better of
improvement rate than the low imbalance ratio group.

* 56 Realworld datasets

with various Imabalance Ratio

* Novel Hueristic Misclassification Cost
Adjustment

C5.0 model for data analysis

]

* Compare the performance between
Result Traditional method VS
Result from Novel heuristic method.

+ Compare improvement rate between
High Imbalance Ratio VS
Low Imbalance Ratio

Fig. 3. Rescarch framework.

B. Research Workflow

The research workflow of this research is shown in Fig. 4.
Each of the 56 real-world datasets is used as input into the
C5.0 model with 70% data instances for training the model
and keep aside 30% of the rest for model validation. The
same datasets are operated with two methods: “Traditional
Method” and “Novel Heuristic Method Misclassification
Cost Adjustment”. After we run through this process we will
obtain two classifiers from the two methods. Then the 30% of
data that we set aside in earlier step will be used to test
performance of classifiers. The final step is comparing the
model performance in terms of AUC.

= —

56 Real World Datasets

ey

with Novel Method
MisclassificationCost

Modeling by C80with
wraditionalMethod

‘ AUC Comparison |

Fig. 4. Rescarch workflow.

V. EXPERIMENTATION AND RESULTS

This section is a demonstration of the experimentation

results. The key point is a comparison between traditional
method and novel heuristic method (or called proposed
method). Table IIT is the experimentation results of “low
imbalance ratio” group. There are 34 datasets in this group.
The average imbalance ratio is 11.3 (minimum is 9 and
maximum is 19.4), misclassification cost is averaged as 0.81.

In terms of AUC comparison, average AUC before
adjusting misclassification cost (traditional methods) is 0.81
and after adjusting misclassification cost with the proposed
method, AUC is 0.93. The proposed method shows the better
AUC with the improvement rate of 18%. The top-3 of
improvement rate are the dataset named “cleveland-0_vs 4",
“glass-0-1-6_vs 57 and “glass-0-1-6_vs 57 with the
improvement rate of 97%, 82% and 57%, respectively.

The improvement rate is calculated by equation 7.

Proposed AUC —Traditional AUC

Improvement Rate = AuC (7)

Traditional

TABLE III: AUC COMPARISON BETWEEN “TRADITIONAL METHOD" AND
“PROPOSE METHOD" IN GROUP “LOW IMBALANCE RATIO™

AUC : Area Under ROC Curve

Group "Low Imbalance Ratio” Traditional Method Proposed Method | improvement

No. Dataset R | MCC | Training | T Training | Testing | Rate
1 glass-0-1-6_vs_5 194 118 1.00 0.50 095 0.91] 82%|
2|abalone9-18 164 | 100 0.32 0.61 092 0.68| 11%|
3| page-blocks-1-3_vs_4 159 96 1.00) 1.00 1.00 M)O‘ C%‘
4| ecolid 158 96 0.88 0.74 0.97 0.88 18%,
5 glassd 155 94 1.00 0.57 0.98 0‘89‘ 57%‘
6lyeast-1_vs_7 43| 87 078 079 052 09 23%
T‘sh‘\lmewvs'm 139 34 1.00 1.00 1.00 ]‘00‘ 0%‘
E;Jh—ﬂ—l%ﬁivsis 13.0 79 093 0.90/ 0.98] 0.98 9%,
9 cleveland-0_vs_4 126 77 0.88 0.46, 0.97 0.90| 97%)
10 ecoli-0-1-4-7_vs_56 I 123 74 0. 90. D.El. 0.99) 0.90 A7%,
11 glass2 116 70 0.97 0.92 0.96 0.92| 0%
12lglass 01461 2 11| 67| o0s0 o085 o9 om: o
110 67 099 0.75 0.97 0.93] 24%
10 67 o093 100 o0ss 100 o%
110 67 0.96) 0.94 0‘97‘ 0‘94‘ Cﬁﬁ‘
106 64 0.88 091 0.98) 0.95| 5%,
103 62 0.50 0.50 0‘94‘ 0‘79‘ 57%‘
18 ecoli-0-6-7_vs_5 . 100 61 092 0.79 0.99) 093] 18%,
19 vowel0 100 61 0.99 0.94 1.00 1.00| 7%)
20/yeast 05679 vs 4 94| 57 0.85 0.87 0.96 091 5%
21 ecoli-0-3-4-7_vs_5-6 93| 56 0.84 0.90 0.90 1.00| 11%|
22 ecoli-0-3-4-6_vs_5 | 23 56 089. D.!l. 0.98) 091 9%,
92| 586 099 1.00 0.99 1.00| 0%
92| ss| 0w os om om: 10%
| 9.2 099 077 0.99 0.90] 16%|
|2 os7| om oss oss 28
27 yeast-0-2-5-6_vs_3-7-8-9 91 0.78 0.80 0.86 0‘92‘ 14%‘
’Tye)sl112575 s JSRT 0.90 0.86 0.99) 091 5%,
| 29|yeast0-3-5-9 vs 78 91 0.79 0.88 0.93 0‘39‘ l%‘
30 glass-0-1-5_vs_2 91 55 0.84) 0.71 0.95) 0.92| 30%,
31 ecoli 5 91| 55 0.93 0.92 0.98 0.97| 6%,
32| ecoli-0-6-7_ - 9.1 55 0.85 1.00 0.98) 1.00 0%,
33| yeast-2_vs_4 91| 55 1 00, 0.96, 0.98 0.98| 3%
34 ecoli-0-3-4_ Wi | 2.0 55 ] 0. M| 0. !3. 0.99) 0.90 8%
~ Ave 113 68| _ 090 081 097 093 18%

Table IV is the experimental results of “high imbalance
ratio” showing comparative AUC performance between
“Traditional Method” and “Proposed Method”. In this groups,
there are 22 datasets. The average value of imbalance ratio is
57.39 (minimum is 20.5 and maximum is 129). Average of
misclassification cost adjustment is 34.8. AUC of traditional
method is 0.74 compared to 0.90 of the proposed method.
There are many datasets showing better performance in terms
of AUC with high improvement rate.

The top-5 datasets are “yeast-1-4-5-8 vs 77,
winequality-red-3_vs 5", "poker-8-9 vs 6", ‘“poker-8 vs
_ 6" and “winequality-white-3-9_vs 5”. The improvement
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rates are 77%, 71%, 67%, 65% and 63%, respectively. The
average improvement rate is as high as 29%. It is a significant
gap when compared to “low imbalance ratio” (which has an
improvement rate of 18%).

TABLE IV: AUC COMPARISON BETWEEN “TRADITIONAL METHOD" AND
“PROPOSE METHOD™ IN GROUP “HIGH IMBALANCE RATIO™

AUC : Area Under ROC Curve

Group " " Proposed Method  Improvement
No. Dataset R MCC Training Testing Training | Testing Rate
1|abalone19 1294 75 050 050, 091 064 2%
2|uddcup-rootkitimap v back | 1001 607 1 b 1 f o
3|poker-8_vs_6 859 521 05 05 0.806 0826 5%
4lpoker89 s 5 820 497 05 05 oss o7 s
5 krvskzero_vs_fifteen @2 487 092 0801 0965 094 2%
6| kddcup-land_vs_satan 3 459 1 1 1 1 %
7 kddcup-buffer_overflow_vs_back = 734 s 1 1 1 1 %
8 sbalone 20 13 8910 21 w1 o0sm  on9 oo 0a 18%
9 winequalityred 3 .5 @1 a3 05 05 oo o8 7%
10 shuttle-2_vs 5 6.7 404 1 1 1 1} %
11|poker 89 vs 6 584 354 05 05 0857 0837 7%
12 winequality-white-39_vs_S 58.3 353 0648 0578 0916 0945 63%
13w kaero_vs_sight 531 22 oo 1 om0 »
14)yeasts w4 1 0% o5 0 0% %
15 ecoli 0137 1326 11 27 o0s 0% o0m  0® o
16 yeasts 27 19 0s 091  om  o% ™
17 yeast-1-2-89_vs 7 30.6 185 066 049 0.93 0.70) 4%
18 yeast @1 170 0% 080 0% o o~
19 glass5 28 138 100 063 094 0.98| 5M%
20)yeast 1458 157 21 134 o050 050 08 o0m ™
21|yeast 2 vs 8 23 129 os 0% om o7 so%
2shuttle-2vch w5 124 10 10 10 100 o
[ AVG |5739[ 3a81] o078] o7a] 093] o0s0]  29%

VI. CONCLUSION

In this paper, we presented the novel heuristic method to
compute proper cost-sensitive value for classifying
imbalanced data that have high imbalance ratio between the
tremendous majority class as compared to the tiny minority
class. The experimentation have been performed on the 56
real-world datasets to assess the improvement rate of AUC
when compared to the traditional classification method.
These datasets are from various domains and various
imbalance ratios. The key proposals of this paper are based
on the two assumptions:

* Novel method can improve the model performance when
compared to traditional classification method.

e High imbalance ratio should show the better
improvement rate than low imbalance ratio.

Average AUC : Traditional VS Novel Method

93%

‘ d@"#

| |
LOW IRRatio AIGH IRRatio
Traditional & Novel Method

Fig. 5. Summary graph showing overall AUC comparisons improvement
rate between “traditional method™ and “propose method™.

It turns out that the experimental results confirm our
assumptions. From overall data, we can see the improvement
rate at the satisfying level. For the 34 datasets of low
imbalance group, with the imbalance ratio ranging from 9 to
20, the improvement rate is about 18%. For the 22 datasets of
high imbalance ratio (with imbalance ratio over 20), the
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improvement rate is 29% on average. A graph of overall
AUC comparisons is shown in Fig. 5. From this result, we
can conclude that our novel heuristic method is suitable for
classifying data with high imbalance ratio.

VII. RECOMMENDATION

On standard datasets obtained from the worldwide
repositories, we observe that imbalance ratios in these data
are not so high (11.3 to 57.39 on average). This is unlike real
production data of manufacturing fields in which the
imbalance ratio can be as high as 1: 1,000 or over. Based on
the experimental results that reveal significant classification
improvement when the imbalance ratio is very high, we thus
expect that the proposed novel heuristic method can show
clearly the improvement over traditional classification when
the imbalance ratio of manufacturing data is in extreme level.

In our further research, we plan to use this method in
misclassification cost adjustment with data in other fields that
have extremely high level of imbalance ratio. Moreover, the
multiclass target classification is also the challenging area
that we would like to tackle with this method.
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Abstract— Currently, one of the most popular application arca of Machine Learning and Data Mining for inducing new
knowledge for problem solving is the manufacturing field. Data in production line of manufacturing process are very big and
complicated. Imbalance data can be generally found in many study cases like a failure root-cause analysis due to the fact that
failure data are very small compared to the majority data that pass the quality test. Discovering useful knowledge from imbalance
data is the challenging problem because the model is basically built for the best overall accuracy. But the overall accuracy is not
so important when we focus on how much percentage that we can predict correctly the positive class, which is the minority data
containing failure products. The simple model may predict the target class biasedly to majority class because it is the most
straightforward tactic to achieve high predictive accuracy, while true positive rate of recognizing the failure case may be zero.
The technique that data mining experts favor to use for tackling this problem is adjusting misclassification cost to make the
model shows the higher true positive rate. However, this technique has problem guessing reasonable value of misclassification
cost at first trial. If the first value is far from the optimal one, the experts need to do a lot of trials to adjust the value of
misclassification cost for the good true positive rate result. This research focuses on how to improve efficiency on
misclassification cost adjustment process by proposing the novel heuristic method to guide the optimal value for the first trial of
setting misclassification cost. The proposed method has been tested on five study cases from real data of the hard-disk drive
production manufacturing. We found that the new method can help the model achieve the best true positive rate in a minimal
number of trials.

Index Terms— Misclassification Cost; Imbalance Data; Intelligent Manufacturing; Roor Cause Analysis; Decision Tree
Learning.

I. INTRODUCTION

Since the industrial revolution, efficiency in On failure root cause analysis, the classification
manufacturing has been constantly improve. It started at  technique is one of the most often used. Generally,
the dawn of mechanization which used the water and  measurement tools of classification are accuracy,
stream power and transformed into mass production  precision, and true positive rate. Each measurement tool
with electricity-powered operations. The subsequent s suitable for particularly data. Such as true positive
generation is powered by digitalization and power of  rate is suitable for dataset or problem that we need to

electronics. Digital data in production line were used for
feedback control in real time. Current is generation of
industrial 4.0 in which data in production line are used
for advanced analytics [1] — [7]. The machine learning
and data mining roll into this area and were used to find
solution in many problems. The key goal of using data
analytics is to improve productivity by reducing costs
without compromising quality. We can group key jobs
in need for analytics into 4 categories: “reduce test time
and calibration time”, “warranty cost reduction” by
improving quality test performance, “perform predictive
maintenance”, and “yield improvement”. Yield
improvement is a very popular category that we often
see data analytics applied on. The analytical tasks
include benchmark analysis across lines and plants,
improving first-pass yield, and pinpoint the root cause
of failure.

focus on the interesting class (positive class). In
manufacturing data analysis, the proportion of “passer”
(the unit that can pass through the process as finish good
unit) and “failure™ (the unit that cannot pass the process)
is very imbalance. Normally, we always see that passer
ratio is much higher. This makes sense because one of
product cost is came from scrap cost. If we can reduce
the failure, that means we can reduce the product cost as
well. For data analysis experts, inducing valuable
knowledge from such high imbalance data is
challenging. When they are facing imbalance data, they
often use technique called misclassification cost
adjustment. This technique is based on assumption that
the positive class should be more important than
negative class then we weighted positive data with more
value than those in negative class. However, the
difficulty of this process is finding the optimal value of
misclassification cost. Optimal cost should be the value
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that can cause the highest true positive rate.
Traditionally, the optimal misclassification cost results
from many times of trial that the engineers (or data
analysis expert) try to input value and run the model to
see the result. This process takes very long times
because we need to do the process repeatedly with
different number of misclassification cost until we
satisfy with the result. In this paper, we focus on the
relation between imbalance ratio and suitability of
misclassification cost at first trial. And then, we
introduce the proposed heuristic method with the simple
equation. We demonstrate efficiency through the test
with 5 study cases that we obtain from real
manufacturing production line. The result is satisfied,
and the proposed heuristic can be applied in real
practice.

1I. BACKGROUND THEORY

A. Decision tree

Decision tree is probably the most widely used
classifier [8]. There are 3 key items on the decision tree:
root node, leaf nodes, and branches. The root node is the
starting node of the tree, and both root and leaf nodes
contain questions or criteria to be answered. Branch is a
connection line between nodes, showing the flow from
question to answer. The tree building starts with all
training data in the first node. The first split is made
from using a predictor variable for segmenting the data
from one to many child nodes. The terminal node is the
node that we cannot further split. And the predictions
are made from the terminal nodes. Using a decision tree
for prediction, the split decisions are followed until a
terminal node is reached. Decision trees is claimed to be
one of the most popular tools for presenting a decision-
making process [9] because tree is easy for
understanding. The most well-known algorithm for
decision tree learning is ID3, which was developed by
Quinlan [10] — [12]. ID3 takes a table of examples as
input, where cach example consists of a collection of
attributes, together with a class. And then, induces a
decision tree, where each node is a test on an attribute,
each branch is the resulting value of that test. The last
step at the end of leaf nodes indicates the class to which
the example, when following that path, belongs. With
the continuous improvement many algorithms are
developed. C4.5 and C5.0 [13], OCI [14], and CART
[15] are developed to focus on how to make a decision
tree maximizes its accuracy.

Overall, the strong points of decision trees are robust
to outlier, easy to understand, able to use with many
types of data, fast in prediction and no need for
assumption on variable distribution [16].

B. Classification over imbalance data sets

In classification jobs, imbalance data sets refer to
those that the samples size from the majority class is
heavily higher than minority class [17]. Many of
existing learning algorithms show frequent incorrect
classifications of the samples from the minority class
[18]. This is the motivation for the research on the
classification problem over imbalance data sets. There
are three categories of classification approaches on
imbalance data sets: data processing level methods,
classifier level methods, and cost-sensitive methods
[19]. The data processing is actually naively process
level. This method adjusts the ratio of two classes to
form balanced data sets by re-sampling strategies. The
applied re-sampling technique can be over-sampling
[20], under-sampling, or in combination of both [21] —
[22]. For the classifier level methods, many classifiers
have been proposed based on intelligent algorithms.
However, the main drawback of those methods is that
the accuracy of the classifiers is easily affected by the
performance of the intelligent algorithms.

The cost-sensitivity methods can be divided into the
following three groups depending on what cost is
considered: the cost from non-uniform misclassification,
the cost of tests, and a hybrid cost from a combination
of different types of costs. Among cost-sensitive
classifier methods [23] - [24], the cost-sensitive
decision tree method is one of the most popular
methods. Many cost-sensitive methods have been
further developed based on cost-sensitive decision trees.

C.  Root cause analysis performance evaluation

Confusion Matrix is the well-known table for
presenting the result of classification. The main idea is
to compare between “Predicted Labels™ from model and
“Actual Labels” which are known. Confusion matrix in
figure 1 is example case of classifying data into 2
groups “TRUE" and “FALSE". So, the results from this
confusion matrix are composed of 4 values:

Predicted Label

FAIL PASSER
- ﬂ TRUE POSITIVE FALSE NEGATIVE
é [ P FN
-
g =
. o FALSE POSITIVE TRUE NEGATIVE
- 2 FP ™

Figure 1: Confusion Matrix for classification over 2 data groups
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True Positive (TP): “Actual Labels” is FAIL and
“Predicted Labels™ is FAIL as well. This case the model
predicts correctly.

True Negative (TN): “Actual Labels” is PASSER and
“Predicted Labels” is PASSER as well. This case the
model predicts correctly.

False Positive (FP): “Actual Labels” is PASSER but
“Predicted Labels” is FAIL. This case the model
predicts incorrectly.

False Negative (FN): “Actual Labels™ is FAIL but
“Predicted Labels” is PASSER. This case the model
predicts incorrectly.

The accuracy rate is a measurement to assess the
overall effectiveness of the model. Calculation for the
accuracy is shown in (1).

(TP+TN)

T ="
Accy acy Total data

M

Even though the accuracy is able to represent the
overall performance, this measurement is not suitable
when data are imbalance. In case we are interested on
positive class that this is the minority class with
imbalance scale, the appropriate matrix is True Positive
Rate (also known as Recall or Sensitivity) [25]. This
measurement focuses on “Actual Labels = FAIL”. It
presents the ratio of true positive and total of actual
positive data, as shown in (2).

s TP
True Positive Rate = ————
(TP+EN)

(2)

L. MATERIALS AND METHODS

This research uses realistic dataset from production
line of hard disk drive manufacturing in which we are
provided 5 study cases from the company. The 5
datasets are of various sizes. The number of rows are
1430 — 154,594 rows and number of columns are 10 —
20 columns. We use the data with high range of rows
because we would like to prove the novel heuristic
method that it is still effective in all ranges of dataset.
All these datasets share the same characteristic of
imbalancing. The imbalance ratio is 41.1 of the
minimum one and 1,245.7 of the maximum one. We
hold the 70% of the original data for building the model
and use the remaining 30% for testing the effectiveness
of model.

The novel heuristic method that we introduce in this

research is extracted from the experience of researchers
while had been working in the manufacturing
companies. The equation for the novel method is
inspired from the relation between misclassification
cost, imbalance ratio, and e “Euler's number”
(~2.71828...). And the proposed equation in (3).

IR?
CS= |— 3
e
Where CS=  Cost sensitive or misclassification
Cost for the first trial,

IR= Imbalance Ratio, and
e = Euler's number (constant number
~2.718...).

And the [R Imbalance Ratio is defined by (4).

Number of majority class
IR = Number of majority class 4)

Number of minority class

IV. RESEARCH FRAMEWORK AND WORKFLOW

The framework of this research (Figure 2) is based on
the main objective that we would like to help data
analysis experts in the process of misclassification cost
adjustment. So, we design the research following this
assumption and the later evaluation steps are the test
whether the novel heuristic method can achieve the best
true positive rate faster than traditional manual method
or not.

* Real Data from hard disk drive manufacturing

* Experience from Data Analsis Expertise to do
misclassification cost adjust

* The novel heuristuc method

l

* 5.0 model for data analysis

l

* Compare the performance between traditional
method which from the experience of
ecpertise and the reuslt from novel heuristic
method.

Figure 2: Research framework
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The research workflow of this research is shown in
Figure 3. We start with data from real production data in
manufacturing and input them into C5.0 model. The
result from this step is going to be the base case for
performance comparison. The same datasets are then
adjusted the misclassification cost with 2 methods:
traditional one which is normally done by experts, and
the novel heuristic method that we initiate and present
in this paper. After we have got the results from both
methods, we then do the performance comparison in
terms of true positive rate in each trial.

Novel Heuristic Method
from the extracted
experience on
manufacturing field and

research field

Data from 5 Study Cases

Modeling by C5.0 Model

J

Adjust the first value
i Cost with |
Novel Heuristic Method

I

Adjust mis
with 10 trials

Adjust the first value of
isclassification Cost with
Traditional Method

Adjust misclassificati
r with 10 trials

True Positive Rate Comparison

Figure 3: Research workflow

V. RESULTS

The result from the proposed heuristic method has
been compared against the traditional method used by
engineers and data experts. Table 1 shows true positive
rate from novel method and traditional method in first
trial up to the tenth trial. In study case 1, 3, 4 and 5 the
propose method can achieve the best true positive rate at
the first trial while traditional method can achieve the
best true as well but in higher number of trials for study
case 1, 3 and 4. But in study case S with traditional
method, it cannot reach the best true positive rate. The
study case 2 is quite different from other study cases;
the novel method cannot reach the best true positive rate
at first, but it can achieve the best rate in the 8th trial.

Table 1
True Positive Rate comparison between Novel Method and
Traditional Method for 5 study case

Study Case#02

Study Case¥0

100.0%
1000%
1000%

984% 1000%
984% 1000%
9B4%1000%

N0% 100

00 1000%

1000%  920%

The comparisons of our proposed heuristic method
and the traditional method in each of the five study
cases are also graphically shown in Figure 4 to 8.

% True Positive Rate of Study Case#1

120%
100% O et el
80% .---o---o-“‘---.--(‘
0%
0%
20%
%
23 % ¢ 8§ ¢ £ 4 8 §
e Novel Method = @ Traditional Method

Figure 4: True Positive Rate comparison between Novel Method and
Traditional Method on study case#1

9% True Positive Rate of Study Case#2

100% -—‘——‘—-‘—//—‘—0
0% 1
!
’ A
60N !
3
!
% 1
!
- 1
20% 1
'
’
DRI~
1 2 i 3 3 F F 3
: 302 1% % % %G
E ORuEeS, & € &2 § # %2
=~ Novel Method == Traditional Method

Figure 5: True Positive Rate comparison between Novel Method and
Traditional Method on study case#2
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9% True Positive Rate of Study Case#3 VI. CONCLUSION

100%
i e T Based on data from 5 study cases which we are
i ! provided from real production line of the manufacturing
50% ! process, we can see that the proposed novel heuristic
% T method can achieve the best true positive rate within
:: ':' minimal number of trials when compared to traditional
S0k ! method used by most industrial and data engineers. This
10% ! means that we can save time on the misclassification
» 3’";_ 4 3 3 3 3 3 3 3 cost adjustment step. So, we can conclude that the
2 -‘: > _g = g g g é _g proposed method can help the data experts in the real

- Lo L 2 practice and the result is satisfying.

~——o—Novel Method =@« Traditional Method
RECOMMENDATION

Figure 6: True Positive Rate comparison between Novel Method and
Traditional Method on study case#3

The 5 study cases from manufacturing of hard disk

drive can experimentally prove that this novel method

can help data analysis. But in manufacturing with

120% various production process, there are many interesting

problem areas that are potential for our heuristic

% True Positive Rate of Study Case#4

100%
approach adoption. Our expectation is to study more
o cases and apply the datamining knowledge to solve the
0% problem in other fields. Another thing that we would
i like to do in further research is to validate our novel
i method to other algorithms such as CHAID, CART and
QUEST.
% = . - = = A &
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Technology.
% True Positive Rate of Study Case#5
100% REFERENCES
il T i A =y
0% oo
0% ! [1] H.Wang, C. Liu, S. Wang, and Y. Li, “Application to car
x quality evaluation using decision tree technology with
% imbalance correction coefficient,” in Proceedings of 20th
30% International Conference on Industrial Engineering and
Engineering Management, 2013, pp. 571-581.

[2] C. Seiffert, T. M. Khoshgoftaar, and J. Van Hulse,
“ Improving software-quality predictions with data
sampling and boosting,” /EEE Trans. Syst. Man, Cybern.

e Novel M AT A S SRR A Syst. Humans, vol. 39, no. 6, pp. 1283-1294, 2009.

[3] S.Wang and X. Yao, “Using class imbalance learning for

software defect prediction,” /EEE Trans. Reliab., vol. 62,

no. 2, pp. 434-443,2013.

M. El-Banna, “ A novel approach for classifying

imbalance welding data: Mahalanobis genetic algorithm

(MGA),” Int. J. Adv. Manuf. Technol., vol. 77, no. 14,

pp. 407-425, 2015.

st tral v

2nd trial
3rd tnal
4th tnal
Sth trial
Gth trial
7th trial
8th tnal
Sth tnal

Figure 8: True Positive Rate comparison between Novel Method and
Traditional Method on study case#5
[4]

320




165

5] V. A. Skormin, V. 1. Gorodetski, and L. J. Popyack,
“ Data mining technology for failure prognostic of
avionics,” [EEE Trans. Aerosp. Electron. Syst., vol. 38,
no. 2, pp. 388403, 2002.

[6] A. K. Choudhary, J. A. Harding, and M. K. Tiwari, “Data
mining in manufacturing: a review based on the kind of
knowledge,” J. Intell. Manuf., vol. 20, no. 5, p. 501,
2009.

[7] L. Monostori, A. Markus, H. Van Brussel, and E.
Westkdmpfer, “ Machine leamming approaches to
manufacturing,” CIRP Ann. Technol., vol. 45, no. 2,
1996.

[8] P. Su, W. Mao, and D. Zeng, * An empirical study of
cost-sensitive learning in cultural modeling,” Inf. Svst. E-
bus. Manag., vol. 11, no. 3, pp. 437455, 2013.

[9] S. Lomax and S. Vadera, “ A survey of cost-sensitive
decision tree induction algorithms,” ACM Comput. Surv.,
vol. 45, no. 2, p. 16, 2013.

[10] J. R. Quinlan, “Discovering rules by induction from large
collections of examples,” Expert Syst. micro Electron.
age, 1979.

[11] J. R Quinlan, Learning efficient classification
procedures and their application to chess end games., in
Machine Learning, Volume I, Elsevier, 1983, pp. 463—
482,

[12] J. R. Quinlan, “Simplifying decision trees,” Int. J. Man.
Mach. Stud., vol. 27, no. 3, pp. 221-234, 1987.

[13] J. R. Quinlan, C4. 5: Programs for machine learning.
Elsevier, 2014.

[14] S. K. Murthy, S. Kasif, and S. Salzberg, “ A system for
induction of oblique decision trees,” J. Artif- Intell. Res.,
vol. 2, pp. 1-32, 1994,

[15] L. Breiman, J. Friedman, C. J. Stone, and R. A. Olshen,
Classification and regression trees. CRC press, 1984.

[16] T. Wendler and S. Grottrup, Data mining with SPSS
modeler: Theory, exercises and solutions. Springer, 2016.

[17] F.Li, X. Zhang, X. Zhang, C. Du, Y. Xu, and Y.-C. Tian,
* Cost-sensitive and hybrid-attribute measure multi-
decision tree over imbalanced data sets,” Inf. Sci. (Ny)..
vol. 422, pp. 242-256, 2018.

[18] S. Alshomrani, A. Bawakid, S.-O. Shim, A. Fernindez,
and F. Herrera, * A proposal for evolutionary fuzzy
systems using feature weighting: dealing  with
overlapping in imbalanced datasets,” Knowledge-Based
Syst., vol. 73, pp. 1-17, 2015.

[19] M. Antonelli, P. Ducange, and F. Marcelloni, * An
experimental study on evolutionary fuzzy classifiers
designed  for  managing  imbalanced  datasets,”
Neurocomputing, vol. 146, pp. 125136, 2014,

[20] 1. Nekooeimehr and S. K. Lai-Yuen, ** Adaptive semi-

unsupervised weighted oversampling ( A-SUWOQ) for

imbalanced datasets,” Experr Syst. Appl. . vol. 46, pp.

405416, 2016.

[21] S. Cateni, V. Colla, and M. Vannucci, “ A method for
resampling imbalanced datasets in binary classification
tasks for real-world problems,” Neurocomputing, vol.
135, pp. 32-41, 2014.

[22] B. W. Yap, K. A. Rani, H. A. A. Rahman, S. Fong, Z.
Khairudin, and N. N. Abdullah, * An application of
oversampling, undersampling, bagging and boosting in
handling imbalanced datasets,” in Proceedings of the first
international conference on advanced data and
information engineering (DaEng-2013), 2014, pp. 13-22.

[23] A. C. Bahnsen, D. Aouada, and B. Ottersten, “Example-
dependent cost-sensitive decision trees,”  Expert Syst.
Appl., vol. 42, no. 19, pp. 6609-6619, 2015.

[24] S. Bernard, C. Chatelain, S. Adam, and R. Sabourin,
* The multiclass roc front method for cost-sensitive
classification,” Pattern Recognit. , vol. 52, pp. 4660,
2016.

[25] M. Buckland and F. Gey, “ The relationship between
recall and precision,” J. Am. Sec. Inf. Sci., vol. 45, no. 1,
p. 12,1994,

321




166

International Journal of Machine Learning and Computing, Vol. 10, No. 2, February 2020

Efficient Machine Learning Methods for Hard Disk Drive
Yield Prediction Improvement

Anusara Hirunyawanakul, Nittaya Kerdprasop, and Kittisak Kerdprasop

. o

Abstract—Deployment of learning q are
prevailing in world-wide problem solving. Hard disk drive
manufacturing is another prominent field seeking for the
application of these knowledge intensive techniques. The
manufacturing tasks that urgently require support from
machine learning are in the portions of failure analysis and
yield improvement. We focus our research on the yield
improvement sector. Manufacturing yield prediction opens big
opportunity for hine learning application b vield is a
very important metric in many parts of manufacturing process.
But, there rarely is research work about yield prediction in
hard disk drive manufacturing found until today. So, we
introduce yield prediction improvement by statistical analysis
and machine learning methods including the multiple linear
regression (MLR), artificial neural networks (ANN),
classification and regression tree (CART). Moreover, we
introduce technique to group quantity of data for yield
prediction by idering i 'y number, instead of
grouping by calendar period as used in traditional method. The
result of our technique shows the better performance. Means
absolute error (MAE) of our proposal is 0.010 with a tide error
rate produced by MLR and CART algorithms. The best
performance from traditional calendar-based grouping is ANN
algorithm with the error metric 0.017 MAE.

Index Terms—Yield prediction, hard disk drive (HDD),
multiple linear regression (MLR), artificial neural network
(ANN), classification and regression tree (CART).

1. INTRODUCTION

Current Hard Disk Drive (HDD) manufacturing process is
characterized by capital intensity, customer reliability, and
technology migration. As a result, the HDD manufacturers

really need “Customer shipment planning”, “Material usage
planning”, “Production planning”, “Test capacity planning”,
and “Product Pricing” accurately [1]-[6]. All of these
activities have “Yield Prediction™ as the main concern. For
example, the precise yield prediction leads to the optimal
stocking of material supply quantity.

Suppose yield projection is too high from the optimistic
point of view regarding the quality of the production process.
Based on this yield projection scenario, we will order
material supply lower than the real needs. It turns out that at
the end of the production line, the number of qualified
products is much less than the amount expected. The serious
impact is that we will not able to supply product shipment to
our customers as we had committed. On the contrary, if yield
projection is too low, that mean we are pessimistic against the
production quality. We thus end up over-ordering material
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supply. The even more serious impact is that it will reduce the
cash flow of the company from inventory sink cost [7]-[9].

The method in current practice for yield prediction in HDD
manufacturing is based solely on expertise of the process
engineers. In recently years, the maturity of machine learning
and the introduction of new techniques such as deep learning
have captured the interest of engineers worldwide including
those in electronics and computer parts industries like HDD
manufacturing. From the literature review, we found that
those state-of-art techniques are used mostly in the tasks such
as failure root-cause analysis and yield improvement, while
yield prediction is quite rare.

Yield prediction task in the HDD manufacturing is still
using traditional method. As far as we know, there is no
research work on yield prediction with machine learning
technique. From the literature review, there exist many
research papers making yield prediction by means of
machine learning or data mining techniques in several fields
such as semiconductors manufacturing, PCB (Printed Circuit
Board) manufacturing, crop yield prediction, and other
agricultural product yield prediction [10]-[15]. We thus
propose the initiation of applying machine learning to HDD
yield prediction.

In this paper, we focus on generating the HDD yield
prediction models that are based on the three prominent
algorithms: multiple linear regression (MLR), artificial
neural network (ANN), and classification and regression tree
(CART). The difficult part on modeling the HDD
manufacturing yield prediction is the numerous parameters
(or attributes) obtained from many processes along the
production line of HDD. It is almost impossible to consider
all attributes (about 400 attributes) for yield prediction task.
So, we seek for collaboration from the engineering expert in
real HDD industry to select from 400 attribute to be only 5
key attributes that relate to yield and failure rate concern.

The traditional yield calculation or forecasting is always
based on grouping by calendar periodic such as “by day”,
“by week”, or “by month”. This method results in poor
accuracy from inconsistency of quantity in each group. The
products from some weeks may be of high quantity, whereas
those from other weeks may be of low quantity. This
inconsistency issue may influence the yield-by-week scale
that we use as reference to compare with yield prediction of
traditional method.

Therefore, we introduce the new quantity grouping method
to improve yield prediction by grouping quantity of data into
consistency numbers i.e. group of 1,000 rows, group of 5,000
rows and group of 10,000 rows (from total data containing
4,192,000 rows). According to this proposed method, we
expect to mitigate the problem of quantity fluctuation.

The rest of this paper is organized as follows. In Section 11,
we describe the HDD background and details of yield
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calculation in HDD production process, as well as brief
introduction of the three machine learning algorithms (MLR,
ANN, and CART). In Section III, we explain the material and
method that we use to develop the yield prediction models.
The third section also contains details of dataset, variable
selection method, research framework, and research
workflow. Section IV is experimentation and results. The
conclusion is presented in Section V. In Section VI, we
provide discussion and suggestion for future research.

II. BACKGROUND THEORY AND LITERATURE REVIEW
A. Hard Disk Drive

Hard Disk Drive (HDD) is a kind of digital data recording
devices. This device stores data on the durable material hard
disk (or platter) by magnetic storage technology. HDD is a
non-volatile storage in that stored data are still retained even
when power is off [16]-[18]. Disks are paired with the heads
which are used for reading and writing data on the disks.
HDD is always claimed that it is the most reliable storage
among various existing technologies in the data storage
industry. Conventional HDD hardware consists of many
components (as schematically shown in Fig. 1) and the key
components are as follows.

HSA (Head Stack Assembly) [19] is the base plate of
reader/writer heads. HSA moves synchronously with the
rotation speed of disk to bring the head to the location
that we need to read or write the data on disk. This
movement really needs the accurate calculation of
movement due to the high rotation speed of disk at 5000
RPM (Round per Minute) up to 10000 RPM.

Media, Platter or Disk [20] is the main part for storing
data on the magnetic layer. The substrate layer of disk is
made from materials like aluminum or glass that are high
tolerant from deformation. The surface of disk is needed
to be smoothening as much as possible for data recording
at a very small scale.

VCM (Voice Coil Motor) [21] is a permanent magnet
component working in accordance with HSA. It is the key
part that moves HSA to the desired location based on the
working principle of the magnetic field.

MBA (Motor Base Assembly) [22] is the component
composing of motor and motor base plate hub. The motor
is used for rotating disks with the high speed. The motor
base plate hub is the strongest part of HDD used for
protecting other components in the HDD from external
impact force.

PCBA (Printed Circuit Board Assemble) [23] is the key
controller of HDD composed from several wired copper,
controllers, and ports to connect with computer or HDD
tester.

.

.

.

After process of assembling all components with the five
steps as depicted in Fig. 1, the HDD product unit is complete.
The next step is to test the mechanical and functional
operation performance of HDD. In some product series that
require high capacity unit, flow of test time can be as long as
1 month with more than 10 operation steps of performance
test. This long testing time is because there are numerous of
components in an unit of HDD and the factory must ensure

that every component properly functions and operates
synchronously with other components [24]-[27].

Reliability is the most important quality criteria in data
storage manufacturing. Therefore, HDD makers must test
every single block (the smallest unit of data storage) to ensure
that it is in good condition until the end of product lifetime.
The HDDs that pass the test process are called “pass units™
and those that cannot pass the test process are called “fail
units”™.

4} Install Top Cover
on MBA

3) Install HSA , Magnet
into MBA

2} Install Disks, Spacer
and Clamp into MBA

1) Load MBA
1o the MFG Line ™~

5) Install PCBA
on MBA

&

Fig. 1. Key components of hard disk drive.

B. Yield in Manufacturing

Yield in HDD manufacturing is the ration between “output
units™ and “input units” in the particular process. The term
“units” refer to the amount of HDDs. The calculation of yield
can be describe by equation 1.

- __ Output uantity
Yield = Input Quantity (l)

Yield in equation 1 is the calculation method of only one
test operation. In real life HDD production manufacturing,
there are many test operations. Diagram in Fig. 2 shows the
calculation method for 3 test operations.

[Output Qty | 1.800 | Test Operation#1 Yield  90.00%
e
{Ovpue @ry | 1.750 | st Operation#2 Yield | 97.22%

. 75
TESTOPERATION# | (BPULQY | L750, —
Output Qty | 1,700 | | Test Operationd3 Yield | 97.14%

| Cumulative Yield 85.00%

Fig. 2. The example of multi-operations yield calculation.

Fig. 2 demonstrates the example of yield computation in
the multi-operation process. Input of test operation#1 (initial
operation) is 2,000. Yield of test operation#1 is 90% (that is,
1,800 divided by 2,000). The input of operation#2 is exactly
the number of output quantity from operation#1, which is
1,800, and the output of operation#2 is 1,750. Therefore,
yield of operation#2 is 1,750/1,800 = 97.22%. In the same
manner of computation, yield of operation#3 is 97.14%
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(computed from 1,700 divided by 1,750). Cumulative yield
of the whole test process is computed from the output
quantity that pass the last test operation (that is, 1,700)
divided by the input quantity of the first operation (that is,
2,000).

With this diagram, we can see that the operation test yield
in one step has strong influence to operation yield in the next
step. Typically, the early test operations (or first operation)
almost always relate to key functional performance like
mechanical test, electrical test, and basic test of read-write
performance. So, the first operation always shows the lower
yield than later operations. Accurately yield prediction in
earlier operations certainly impacts efficiency and benefit in
the planning activities of manufacturing [7]-[15].

Yield prediction is one of high concerns in HDD
production and test capacity planning [28]. Precise yield
prediction positively affect many activities including
financial budgeting for material, production and tester
capacity planning, machinery downtime schedule planning,
shipment and customer delivery planning, and pricing plan in
each lot of HDD products.

C. Algorithms for Yield Prediction

In the literature, linear regression is a statistical-based
method popularly applied for yield prediction because of its
simplicity and acceptable efficiency. However, with the
advancement of machine learning technology, we consider
this new technology as an interesting alternative for yield
prediction in HDD industry. The two popular machine
learning techniques used in our yield prediction are artificial
neural network (ANN) and classification and regression tree
(CART).

Linear regression analysis [29-31] is the statistical method
for studying quantitatively correlation among two or more
variables. One variable is defined as a target of analysis; this
variable is called dependent variable, Y. Other variables are
used for predicting the value of a target variable; these
variables are called independent variables, X. The regression
modeling is bases on mathematical calculation as shown in
equation 2. The computation process is to find the best
coefficient of variable X and some constant value that
altogether can predict the Y value with minimal error. The
equation can be plotted with linear graph. So, we called this
algorithm simple linear regression analysis.

?=a+bx @)

when
¥ is dependent variable (or target variable for prediction)
X is independent variable
a is constant of regression (or cutting point on ¥ axis)
b is slope of line (or regression coefficient of X)

In case of multiple input values (or multiple independent
variables), the modeling will be called multiple linear
regression (MLR) analysis. The computation of MLR can be
described with equation 3.

Y = by + by X1+ byX, + ot Xy (3)

when
Y is dependent variable

242

X1,X2, X3, ..., X; is a set of k independent variables

b, s a constant of regression (or cutting point on Y axis)

by, by, ba, ....by is a set of line’s slopes (or regression
coefficients of the & independent variables)

ANN or Artificial Neural Network is the machine learning
algorithm that is inspired by the biological neural networks
that constitute human brains [32]-[36]. There are numerous
small size neural nodes in human brain connecting together to
construct the big networks with complex relation and very
detailing. ANN resembles this scheme; it consists of many
nodes connected with lines to compute, learn, and perform
tasks. The learning is done through considering examples
then adjusting weight in each connecting line to best fit the
examples. The learning process can be done without
programming task-specific rules. The general architecture of
ANN is shown in Fig. 3. There are 3 main levels of ANN, that
are, input, hidden, and output layers.

Input layer consists of input nodes and connected lines to
hidden layer. The number of input nodes is equal to number
of features or attributes of dataset.

Hidden layer consists of hidden nodes and connected lines
to the next level. There can be more than one level in this
hidden layer. Hidden layer is provided information from
previous hidden layer or input layer.

Output layer consists of output nodes. The number of
nodes is equal to number of values of target variable. The
output nodes are always provided the information by last
hidden layer.

| Hidden Layer

Input Layer psssnssy
Fig. 3. Example of simple artificial neural network.

Classification and regression tree (CART) is one of the
tree-based algorithms that can perform classification and
prediction tasks. This algorithm is introduced by Breiman in
1984 [37]-[39]. CART is a binary decision tree in that the
node can split only 2 branches. The tree is consisted of a root
node (the node at level 0 in Fig. 4) and two groups of binary
subtree called left subtree and right subtree. The nodes are
features of data. CART uses the Gini index for feature
selection in the classification task and uses sum of squared
error for predicting values. The classified target or predicted
value is in the leaf node.

3 ¥ &\
( ROOT NODE
Branch

-------------------------- level 1

Branch
Pl A

‘ LEAF NODE ‘ ‘ LEAF NODE |

------- ———- level2

Fig. 4. Structure of CART.
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D. Performance Measurement

For HDD yield prediction, we adopt mean absolute error
(MAE) as the prediction performance measurement. The
adopting of MAE is to comply with other yield prediction
works appeared in the literature [7]-[15]. The calculation [40]
of MAE can be done by averaging gap between real values of
target variable and the predicted values as demonstrated in
equation 4.

MAE =37, lyi— il @)

when
MAE is Mean Absolute Error
n is numbers of data
y; isreal value of target variable
¥: s predicted value from model

III. MATERIAL AND METHOD

A. Dataset and Variable Selection

Our dataset is collected from the real hard disk drive
production manufacturing in Thailand. The collected dataset
is very big because it covers 12 months of production
timeframe. Number of rows is 4,192,000 rows and number of
features is more than 100.

From the assistance of engineering expert, number of
features are reduced to five as they are expected to be key
attributes (or features). These attributes are from type (Prime
or Recycle) of key components. (PCBA Type, HSA Type,
Media Type, MBA and VCM Type). Type of these key
components is the main factor contributing to yield. Type
“prime material” always provides the better or higher yield
than “recycle material”. Definition of “prime material™ is the
new and fresh material from suppliers and it has never been
used to assemble in any HDD. Definition of “recycle
material” is part of components that had been installed in
some HDD. When that HDD failed in the previous test
process, the reusable components will be torn down and input
to rework in the recycle process.

In traditional method all rows of data are summarized in
group of “date” and “week™ for predicting yield. In this
research, we try to mitigate the problem of quantity unit
inconsistency by grouping rows of data into constant number
i.e. “grouping by 1K rows”, “grouping by 5K rows” and
“grouping by 10K rows”. Therefore, in our experiment, there
are totally 5 new datasets.

B. Research Framework

Our research steps are explained in Fig. 5. Based on the
objective of yield prediction performance comparison
between 3 algorithms and 5 types of data grouping method,
we design the research experiment according to assumption
that the consistency quantity of rows (or data) in each group
affects yield prediction performance.

C. Research Workflow

The flow chart in Fig. 6 depicts our research workflow. It
starts by aggregating the 4.192 million rows of HDD
manufacturing dataset to form the new 5 datasets: “Group of
date”, “Group of week”, “Group of size 1K”, “Group of size
5K”, and “Group of size 10K”. After that, we separate each 5

new datasets into 80% and 20%. The first 80% is for training
the model, and the rest 20% is for testing model performance.
The training datasets are input into 3 algorithms. In the
performance comparison stage, we compare along the two
main aspects: comparison between 5 grouping types and
comparison between 3 algorithms.

Real HDD Production Manufacturing Dataset

Over 4 million rows

Data collected period 1 year

5 key contribute parameters relate to yield prediction
(From engineering expertise).

v

* 5 data grouping methods
* Byday
* By week
* By grouping size 1,000 rows
* By grouping size 5,000 rows
* By grouping size 10,000 rows
* 3 Algorithms
* MLR : Multiple Linear Regression
* ANN: Artificial Neural Network
* CART : Classification and Regression Tree

v

Yield prediction performance comparison

by MAE: Mean Absolute Error.

* Comparison between 5 grouping methods.
* Comparison between 3 algorithms

Fig. 5. Research framework.

Dataset 4.19.million rows:
Collected period 1 year

| 80% of every datases for | 20% of every datasets for |
| Train Model | & Test Model B
R \ e Swea

3 Algorithms of yield prediction

| MR ‘ ANN CART

|

YYield prediction performance.
‘Comparison by MAE

Fig. 6. Research workflow diagram

IV. EXPERIMENTATION AND RESULTS

The original HDD manufacturing dataset contains 4.192
million rows. We perform five different granularity levels of
data grouping: group by date, group by week, group by size
of 1K, group by size of 5K, and group by size of 10K. All
groups have the same set of features and number of selected
features is 5. After data preparation, we modeling each
dataset using 3 algorithms: MLR, ANN and CART. The
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model evaluation results in terms of MAE are shown in Table
1.

On comparing model performance based on data grouping
by calendar period like “By date™ and “By week™, the best
performance is ANN with MAE on test data at 0.039 and
0.017, respectively. When considering model performance
based on our proposed method for grouping data by quantity

consistency with the group size of 1K, ANN shows the best
performance with MAE at 0.041. We can notice that when
the group size is larger (5K and 10K), the MAE drops
significantly (0.019 in 5K group and 0.01 in 10K group). The
best models are those from the MLR and CART algorithms,
which perform slightly better than ANN.

TABLE I: YIELD PREDICTION PERFORMANCE COMPARISON BASED ON MEAN ABSOLUTE ERROR (MAE)

GROUPING METHOD No. DATASET #ROWS | LEARNING MEAN ABSOLUTE ERROR
ALGORITHM | TRAINING TESTING
1 GROUP BY DATE 315 MLR 0.034 0.041
ANN 0.032 0.039
TRADITIONAL METHOD:GROUPING BY CART 0.033 0.043
CALENDAR PERIODIC 2 GROUP BY WEEK 52 MLR 0.004 0.067
ANN 0.005 0.017
CART 0.009 0.027
3 GRroOUP SIZE = 1K 4,192 MLR 0.042 0.043
ANN 0.040 0.041
CART 0.049 0.049
PROPOSED METHOD: GROUPING BY 4 GROUP SIZE = 5K 836 MLR 0.017 0.019
QUANTITY CO\;SlsT[\(c-Y ’ ANN 0.018 0.019
CART 0.018 0.019
5 GROUP SIZE = 10K 416 MLR 0.010 0.010
ANN 0.010 0.011
CART 0.011 0.010

Mean Absolute Error of Testing Data

Qry = Multiple Linear Regression

<+ Artificial Neural Network & = Classification and Regression Tree

0.100 5000
o0  Grouping by Grouping by consistency qty B
calendar period

0080 000

0.070 3500
z

0060 3000 2

0050 S 2500 &
g
2

oo NN
Groupofdaie  Group of week  Group size =1K  Group size = 5K Group size'= 10K

Dataset

Fig. 7. Comparison of MAE (left) and number of rows (right).

For ease of interpretation, we also show comparison in
graphical form in Fig. 7. A graph on the left hand side
compares MAE of each learning algorithm trained with HDD
production data grouped by calendar period as daily and
weekly. A larger production timeframe unit from daily to
weekly shows accuracy improvement on yield prediction of
ANN and CART algorithms, whereas larger timeframe
results in more error prediction in MLR algorithm.

A graph on the right hand side of Fig. 7 illustrates error
trends of yield prediction models trained with data grouped
by quantity consistency method. It can be noticed from the
trend line that grouping by 10K rows provides the lowest
error rate with almost equal predictive performance among
the three learning algorithms. This graph also depicts the
observation that with larger scale of grouping by consistency
number (from 1K to 5K and then 10K), the trend of MAE is
getting lower in accordance with the number of rows in the
group. This is in contrast to the grouping by calendar that the
prediction results of the models are quite stray and fluctuate.

V. CONCLUSION AND DISCUSSION
This paper introduces the case study of applying machine
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learning and statistical analysis techniques to predict yield in
the hard disk drive (HDD) industry. We also presents the idea
for yield prediction performance improvement by grouping
data with consistency of quantity. Our assumption is that the
fluctuation of quantity between groups has more or less
influence to the low performance on yield prediction.
Therefore, we design the empirical research framework by
grouping data in 3 granular scales, that is, grouping of 1K
rows, grouping of 5K rows, and grouping of 10K rows. The
proposed method for data grouping has been experimentally
compared against the traditional method that groups data
either by date or by week.

The experimentation has been done with data that were
collected from real life HDD manufacturing. The dataset
contains over 4 million rows covering 1 year of production
records. From the experimental results, we can conclude that
our proposed method of grouping by quantity consistency of
rows shows the better performance of yield prediction when
compared against the traditional method that groups data by
calendar period. The performance comparison is based on the
mean absoluter error measured from yield prediction. We
also notice the better trend when number of rows is getting
higher. The three learning algorithms depict the same trend of
this significant observation. So, these results allow us to
conclude that different schemes on data grouping can result
in diverse performance of HDD yield prediction.

VI. RECOMMENDATION

This research uses five key attributes as independent
variables to train the learning models. The feature selection
depends solely on experience of the expert engineer. In our
future research work, we plan to make this step more
systematic by applying the available feature selection
techniques to evaluate each feature and select the most
promising ones. Moreover, regarding our proposed scheme
of data grouping, we plan to investigate several sizes of data
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group. However, that means we are challenging by the very
big data size that may contain over 10 million rows of data.

framework, organizing the experimentation
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Abstract—Hard Disk Drive (HDD) manufacturing is one
real-world application area that machine learning has been
extensively adopted for problem solving. However, most
problem solving activities in HDD industry tackle on failure
root-cause analysis task. Machine learning is rarely applied
in a task of yield prediction. This research presents the
application of machine learning and statistical techniques to
select appropriate features to be used in yield prediction for
the HDD manufacturing process. The seven well-known
algorithms are used in the feature selection step. These
algorithms are decision tree (C5 and CART), Support
Vector Machine (SVM), stepwise regression, Genetic
Algorithm (GA), chi-square and information gain. The two
prominent learning algorithms, Multiple Linear Regression
(MLR) and Artificial Neural Networks (ANN), are used in
the yield prediction modeling step. Yield prediction
performance has been assessed based on the two evaluation
metrics: Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE). Yield prediction with MLR shows
higher accuracy than yield estimation traditionally
performed by human engineers. Resulting to conclusion that
the proposed novel learning steps can help HDD process
engineers to predict yield with the better performance,
especially on applying GA as feature selection tool, the MAE
is reduced from 0.014 (yield e d by human engi )
to 0.0059 (vield predicted by MLR). That means error
reduction is about 60%.

Index Terms—Artificial neural network, feature selection,
genetic algorithm, hard disk drive, multiple linear
regression, yield prediction

I. INTRODUCTION

Hard Disk Drive (HDD) is still be the most important
data storage device and more preferred in the current era
of big data than Solid State Drives (SSD). This is due to
the two key factors, reliability of data retention and cost
per terabyte that makes HDD clearly better than SSD.
Even though SSD and flash memory are commonly used
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in personal digital devices, the enormous amount of data
is stored in the server farms driven by ensemble of a lot
of HDDs [1]-[2].

The production process of HDDs consists of many
steps. Every single unit of a complete HDD is assembled
from several components and required significant periods
of time to check its quality. In some product series of
HDDs with high capacity (such as 14TB or 12TB), the
quality control may consume time of test process for over
3 months. The HDDs that pass the test process are called
the “passed units,” whereas the rejected HDDs are called
the “failed units.” It is certain that manufacturing factory
prefers to produce “passed units” as much as possible.
The metric to measure efficiency of production is “passed
units” per “input units.” This metric is commonly referred
to as “yield” [3]-[5].

HDD manufacturers have to make strategic planning
such as production manufacturing line planning, material
usage planning, tester and machinery capacity planning,
and shipment planning accurately. All of these planning
activities involve the action of “yield prediction”. For
example, the precise yield prediction leads to suitable
stocking material and optimal workforce and tester
capacity plan. In current HDD manufacturing, typical
method for yield prediction practice is based on personal
experiences of process engineers. Even though many
machine learning techniques are applied to assist the
HDD manufacturing, they are focused on only failure
analysis task. As far as we know, there are no application
to the yield prediction task.

The most difficult portion of yield prediction task is
the excessive amount of attributes obtained from several
steps and components along the assembly and test
process of HDD production manufacturing line. At least
over 100 attributes are generated for a unit of HDD. It is
likely impossible to compute and consider all attributes in
the modeling step of yield prediction task [6]-[11].

In this paper, we thus propose data preparation and
feature selection methods with the main focus to improve
modeling performance on predicting yield. Many
machine learning algorithms and techniques are used in
this paper including support vectors machine (SVM),
classification and regression tree (CART), CS5, feature
selection by considering chi-square and information gain.
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Our intuitive idea is to adopt these algorithms and
techniques to select only important attributes to use in
yield prediction step and expect to see the better
performance of yield prediction.

In the part of yield prediction, we use two algorithms:
Multiple Linear Regression (MLR) and Artificial and
Neural Networks (ANN). Dataset used in our
experiments contains around 1,000,000 records of HDD
units that had been tested within one year. We group
these million records into 1,000 rows of 10,000 records
per group and use this new dataset for yield prediction
step.

The next section of this paper presents briefly the
background information regarding HDD components, the
HDD production steps, and yield calculation in HDD
manufacturing. Feature selection algorithms, yield
prediction algorithm and evaluation method are also
described in this section as well. In Section III, we
explain material and methods that we use to develop the
feature selection models. Section IV explains our
experimental setting and results. The conclusion of this
paper is in section V. Finally, in section VI, we provide
the suggestion and recommendation on applying our idea.

II. BACKGROUND AND THEORY

A. Hard Disk Drive (HDD)

HDD is a digital data storage device which records
data on the durable platter (or hard disk) by magnetic
recording technology. HDD is non-volatile storage
device, which means HDD is able to store data even if
power is off [12]-[14]. HDD censists of numerous
important hardware components working together in a
synchronized manner. Synchronization speed can affect
the read-write performance. The fundamental
components of HDD are shown in Fig. 1 and can be
described as follows:

Top cover

Fig. 1. Key components of a hard disk drive.

1) HSA (head stack assembly) [15] is the assembled
part of reader/writer heads and base plate of the head
components. HSA moves synchronously with rotation
motor speed which drives the disk.

2) Media, disk or platter [16] is the key component for
storing data. The digital data are written down from
magnetic head to magnetic layer of disk. The substrate of
disk component must be casted from durable and very
smooth material such as aluminum or glass.

3) Motor base assembled (MBA) [17] is a component
that consists of motor and motor hub plate. The key
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function of motor is to rotate the disk with consistency
speed according to the read-write speed of each product
revision. Motor hub plate is the strongest component of
HDD because its function is to protect other components
from external force.

4) Voice coil motor (VCM) [18] is consisted of two
pieces of permanent magnet. This component works
together with HSA to move HSA to the desired area for
reading/writing data. This component function is working
based on principle of magnetic field.

5) Printed circuit board assembled (PCBA4) [19] is the
controller of HDD. It is composed of several circuit
wires, capacitance and microcontroller chip. Key function
of this component is to communicate to computer or
tester slot.

There exist other components that are also important
such as environment control module (ECM) for
controlling environment in the internal closed humidity
and air flow HDD, Recirculate Filter for filtering out
small particles from contaminating the HDD, Top-cover
for sealing and enclosing the HDD. There are many other
components with the main function to deliver the most
reliable data storage as much as possible.

All of these components are assembled in the clean
room called class-100, which is control count of particle
size 500 nm to be lower than 100 counts. After
completing the assembled process, the HDD is input into
the “test process™ to validate that the completed HDD is
working properly in terms of mechanical and electrical
properties, data storage, read-write performance,
degradation and cosmetic outlook. In some product series
that have high capacity in a unit, a complete flow of test
process can be longer than 40 days with over 10
operation steps of test. The very long testing time is
because the HDD maker must ensure that each of the
many components work properly not only on a function
of itself, but also operates synchronously with other
components. The HDD that passes the test process is
called the “pass unit,” while the one rejected by test
process is called the “fail unit.”

B. Yield Definition and Its Calculation

Definition of “yield” in HDD manufacturing is simple
and straightforward. It is a ratio between “pass unit” and
“input unit” in the particular process or step. The
calculation of yield is described as

~ Quantity of pass units
Quantity of input units

Yield )

Every single HDD is composed of many components
that are assembled through many steps. Therefore, there
are many attributes generated from each steps of the
assembly process. These attributes are important factors
in yield calculation. Thus, prior to the modeling process
for yield prediction, one necessary task is to find and
select only the important attributes for yield prediction.

C. Feature Selection

Feature selection is an important data preparation step
before employing any machine learning algorithms or
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statistical analysis methods [20]-[22]. The objective of
feature selection is to reduce the dimension of data to a
manageable and computational size. Fundamental idea of
feature selection is to find only the most powerful and
discriminative attributes from many existing attributes or
features. Feature selection techniques can be categorized
into two major types: filter and wrapper.

Filter method performs attribute selection as a
preprocessing step independent from a modeling step.
Attributes are evaluated to select only the ones expected
to have the most impact or importance on predicting the
target attribute. Then those attributes will be prioritized in
descending order. The threshold will be determined. If
any of the important features do not reach the specified
threshold, they will be discarded because of the
assumption that they are not important enough. This
method can be done in both univariate filter method and
multivariate filter method. The most popular criteria for
feature selection are chi-square and information gain. The
advantages of filter method are simple calculation steps,
fast computation, and the avoidance of overfitting
problem.

‘Wrapper method, on the contrary, is tightly couple to
the modeling step. The principle of this method is to take
multiple features into consideration in the format of a set
of features. Then, the modeling algorithm tries to find the
feature set showing the most important association to the
output feature. After the best feature set has been found,
the learning algorithm will use this set in the subsequent
step. There are 2 subtypes of wrapper method:

1) Forward stepwise is to continuously add more
features one by one until the modeling algorithm can get
the best set of attributes.

2) Backward stepwise is to put all the features in the
set and then continuously take feature out of the set one
by one until the best set is achieved.

The most popular methods for of wrapper feature
selection method are stepwise regression and genetic
algorithm.

The advantages of the wrapper method are simplicity
and high efficiency. The disadvantage is that this method
takes more time than the filter method and may cause
overfitting problem.

D. Algorithm for Feature Selection: GA

Genetic Algorithm (GA) [23]-[25] is a technique for
finding an optimal solution or approximate answers to a
problem based on the theory of evolution from biology
and natural selection. That is, the most suitable organisms
can survive. GA consists of 5 main functions:

1) Chromosome encoding is taking the features of
possible answers into a form of chromosome.

2) Initial population is to define the number of
populations that we would like to create, usually done by
randomized. Then, chromosomes are randomly generated
by that amount.

3) Fitness function is to identify the function to be used
for determining which chromosomes should go to next
round. The criteria for justification will be different for
each problem.

4) Genetic operator (selection, crossover and
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mutation) is a method of adjusting the structure of the
chromosomes for the next model.

5) Termination is the function to define the point that
we are satisfied, such as the best fitness score is achieved
or the score is steady for many generations consecutively.

E. Algorithmn for Feature Selection: Decision Tree

Decision Tree is a widely known algorithm for data
classification algorithm. The concept of decision tree is
finding the pattern of the attribute that needs to be
classified. The structure of the data classification model is
in the hierarchy [26], [27] and represented as a tree. The
tree is consisted of nodes and branches. Nodes can be
divided into 3 types as root node, internal node and leaf
node as shown in Fig. 2.

- ROOT NODE
BRANCH .. HSA_PR P
. | \ INTERNAL
L4 Prime \ NODE
Rework Recyele
\ v
Media_PR PASS PCBA Line
/ \ ¥ / \
Rework Prime Linel Line2

LEAF e
NODE

Fig. 2. Example structure of decision tree in HDD manufacturing.

Root nodes and internal nodes are features that the
learning algorithm selects for being decision criteria for
splitting data of mixed classes to be data subsets with
more purity of class mixture. The root node is the initial
feature chosen by the algorithm to create a tree. The next
step is creating the branches of the root node. The number
of branches will equal to all possible values of the
features selected as the root node. If any child node
contains data having the same class, then that node
becomes a leaf node. Conversely, if data in the child node
are of mixed classes, the tree is growing by repeating the
splitting process until all leaf nodes are of homogeneous
class or until some stopping criterion has been met. In
this work, we apply the decision tree as one of our feature
selection methods. There are many criteria for splitting
nodes in a decision tree as shown in Table I.

TABLE I: EXAMPLE OF ALGORITHMS AND CRITERIA FOR DECISION TREE

MODELING
Criteria for construct decision tree Algorithm name
Information Gain ID3,C4.5,C5.0
Gini Index CART
Chi-Square CHAID
Variance Reduction CART

F. Algorithm for Yield Prediction: MLR

Regarding to literature review on yield prediction, the
one prominent algorithm is linear regression because of
its simplicity and predictive performance. Linear
regression [28]-[30] is the statistical method seeking for
quantitative correlation among two or more variables.
One variable has to be defined as a target of analysis; this
variable is called dependent variable, denoted with a
common symbol Y. The other variables are used for
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predicting the value of a target variable; these variables
are called independent variables, denoted as X;, when 7 is
1 to k for the case that there exist k independent variables.
The modeling of linear regression is based on the
calculation defined as

Y=a+b¥ 2

where ¥ is the dependent variable (or target variable for
prediction), X is the independent variable, a« is the
constant of regression (or cutting point on Y axis), and b
is the slope of a line (or regression coefficient of X).

In (2) we assume there is only one independent
variable. The computation processing of this linear
regression is to find the best coefficient of variable X and
some constant value to predict the value of variable ¥
with least error. The relation of variable X and Y can be
plotted with linear graph. This computation is also called
a simple linear regression analysis.

In case of multiple independent variables, the modeling
will be called multiple linear regression (MLR) analysis.
The computation of MLR can be done by

Y=b, +h X, +bX, +-+b X, 3)

where ¥ is the dependent variable, (X, X5, ---, X3) is a set
of k independent variables, b is a constant of regression
(or cutting point on Y axis), and (b, by, -, by) is a set of
line’s slopes (or regression coefficients of the &
independent variables).

G. Algorithm for Yield Prediction: ANN

Besides linear regression analysis, machine learning is
another new technology being adopted as an interesting
alternative method for yield forecasting. The most
popular machine learning technique used in yield
prediction is artificial neural network (ANN). Popularity
is due to its outstanding performance. ANN is machine
learning algorithm that is inspired by the biological
neural networks of brains [31]-[33]. There are plenty of
small size neural nodes in human brain that are connected
together to construct the considerable networks with
complexity relationship. ANN consists of many nodes
connecting with lines to compute, learn, and operate
specific task. The learning and computation will be done
by considering training examples then adjusting weight in
each connecting line for the optimum result of predicting
value of a target variable. This learning process is self-
learning model; that means result can be provided
without programming specific rules. The diagram in Fig.
3 shows general architecture of ANN. There are 3
majority layers: input, hidden, and output layers.

—
—
—

HIDDEN LAYER

INPUT LAYER OUTPUT LAYER

Fig. 3. General structure of simple Artificial Neural Network
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1) Input layer consists of input nodes with the number
of nodes equals to number of features of a dataset. All of
input nodes are connected to hidden layer.

2) Hidden layer consists of hidden nodes with lines
connecting to the next level. There can be one or more
levels in this hidden layer. Hidden layer is provided
information from the nodes in previous hidden layer or
input layer.

3) Output layer consists of output nodes. The number
of nodes equals to number of values of target variable.
The output nodes are always provided the information by
the last hidden layer.

H. Performance Evaluation: MAE and RMSE

To evaluate vield prediction performance, we use
mean absolute error (MAE) and root mean square error
(RMSE) as the measurement tools. MAE and RMSE are
typical measurement metrics in yield prediction and many
other fields [3]-[5]. The calculation of MAE can be done
by averaging differences between actual values of target
variable and the predicted values, defined as

Iy .
MAE = — - 4
,@'” 7] @

where MAE stands for the mean absolute error, n is the
numbers of data, y; is the real value of target variable, and
9, is the predicted value made by the model.

RMSE uses the same concept as MAE but the
computation is slightly different in that RMSE is to find
square root of average of differences between real value
of target variable and predicted value power by 2. The
formula is provided as

RMSE = )

where RMSE stands for the root mean square error.

III. MATERIAL AND METHOD

A. Dataset

The dataset used in this research has been collected
from the real manufacturing of hard disk drive. The time
frame of data collection is 3 months of HDD production.
The number of record (or rows) is 1,000,000 rows and
number of features (or attributes) is more than 100.

Attributes are the information recorded in the
production and test process for every individual HDD
unit, as shown in Fig. 4. The 12 aftributes given in Fig. 4
are described as follows:

1) Drive serial number (drive SN): This attribute is
identification number of each HDD lot. This number is
unique for each HDD lot.

2) WEEK: This is the fiscal week that the particular
HDD had been assembled.

3) STATUS: This attribute records the status of test
process. There are only 2 possible values: Pass and fail.
The “pass™ status indicates that this HDD passed the test
process and be able to be input of the next operation step
or ready to ship to customer. The “fail” status means this
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HDD is rejected from the test process and must go to
either “rework™, “retest”, “recycle” or “scrap” process
according to the debug diagnostic failure symptom.

4) HSA prime-rework status (HSA_PR): This attribute
reveals the condition of HSA component. The two
possible values of this component are prime and rework.
“Prime” means this HSA is the fresh new built
component and never been installed in any other HDD
before. “Rework™ means this HSA is a component that
had been installed in another HDD, but that HDD had
been rejected in the test process with the HSA labeled as
rework. Thus, this HSA is recycled by being rebuilt again
in this HDD. (Note that definitions of Prime and Rework
are also used in the attributes 5 through 9.)

5) Media prime-rework status (media PR): This
attribute is either the prime or rework condition of media.

6) MBA prime-rework status (MBA_PR): This
attribute refers to the prime or rework condition of motor
base assembled.

7) VCM prime-rework status (VCM_PR): This

attribute describes the prime or rework condition of VCM.

8) TC prime-rework status (TC_PR): This attribute is
the prime or rework condition of Top cover.

9) PCBA prime-rework status (PCBA PR): This
attribute is the prime or rework condition of PCBA.

10) DB_Line: This attribute is the identification
number of the HDD assembly line.

11) HSA Line: This attribute is the identification
number of the HSA assembly line.

12) PCBA_Line: This attribute reveals the production
line for installing PCBA into the HDD.

Drive SN WEEK| STATUS | HSA PR | MEDIA PR | MBA PR | VCM PR | TC PR | PCBA PR | DB LINE | PCBA LINE | HSA LINE
SN0000001 Wwo1 Pass Prime Prime Prime Prime Prime Prime DB_1 PCBA_2 HSA 3
Wo1 Pass Prime Prime Prime Prime Prime Prime DB 1 PCBA 2 HSA 3
3 Wwo1 Fail Prime Rework Prime Prime Prime Prime DB 1 PCBA 2 HSA 3
Wo1 Fail Rework Rework Prime Prime Prime DB_1 PCBA 2 HSA 3
5 Wo1 Pass Prime Prime Prime Prime Prime DB_1 PCBA 2 HSA 1
Wo1 Pass Prime Prime Prime Prime Prime Prime DB_1 PCBA 2 HSA 1
Wo1 Pass Prime Prime Prime Prime Prime Prime DB_1 PCBA 2 HSA 1
Wwo1 Pass Prime Prime Prime Prime Prime Prime DB_1 PCBA_1 HSA_1
Wwo1 Pass Prime Prime Prime Rework Prime Prime DB 1 PCBA 2 HSA 1
SN0000010 Wo1 Pass Prime Prime Prime Prime Rework Rework DB 2 PCBA 3 HSA 1
SN0000011 W02 Fail Prime Rework Rework Prime Rework Rework DB 2 PCBA 4 HSA 2
12 Wo02|  Pass Prme Pome Prime Prime Prime Prime DB 2 PCBA 5 HSA 2
SN0000013 Wo02| Pass Prime Prime Prime Prime Prime ime DB 2 PCBA 6 HSA 2
SN0000014 W02|  Pass Prime Prime Prime Prime DB 2 PCBA 7 HSA 2
SN0000015 W02|  Pass Prime Prime Prime Prime DB 2 PCBA 8 HSA 2
SN0000016 wo3 Pass Prime Prime Prime Prime Prime DB_2 PCBA_9 HSA 2
SN0000017 Wo3 Pass Prime Prime Prime Prime Prime Rework DB 2 PCBA 10 HSA 2
SN0000018 Wo3 Pass Prime Prime Prime Prime Prime Prime DB 2 PCBA 11 HSA 2
SN0000019 Wo3 Pass Prime Prime Rework Rework Rework Prime DB_2 PCBA_12 HSA 2
0) Wo3 Fail Rework Prime Prime Rework Prime Prime DB_1 PCBA_13 HSA 3

Fig. 4. Example table to show attributes in a hard disk drive manufacturing being grouped by unit.

Beside these main attributes, there are also many other
attributes with the diverse meanings and important in a
unit of HDD. Total number of attributes used in our
experiment is 125.

B. Feature Selection Step

Objective of this research is the improvement of yield
prediction accuracy by focusing on feature selection part.
That means we expect the better performance of yield
prediction model built from applying various feature
selection techniques.

The feature selection techniques based on machine
learning algorithms are C5, CART, SVM, Stepwise
Regression, and GA. Moreover, we also include the two
techniques based on statistics like correlation filter and
chi-square filter. Feature selection by human expert is
also used as a baseline for performance comparison. The
process engineers select only 5 attributes. These key
attributes are considered important based on long-term
experience of the engineers.

C. Research Framework

Experimentation steps from data collection, feature
selection, data aggregation until yield prediction
modeling are schematically displayed in Fig. 5. The 7
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feature selection methods are experimented and
compared against the key attribute selection method used
by the engineers.

Real HDD Production Manufacturing Dataset
1million rows. (Quantity of HDD)
Data collected period 3 months

v

Feature Selection by using methods
Genitic Algorithm

Stepwise Regression

Decision Tree (C5 and CART)
Support Vector Machine
Information Gain

Chi-Sqaure

Data Aggregation by consistency quantity
Grouping size 10,000 rows
I

Yield Prediction by using algorithms
+ MLR - Multiple Linear Regression
* ANN : Artificial Neural Network

)

Performance comparison by RMSE & MAE
Comparison between 7 methods of feature selection and
traditional method.

Fig. 5. Research framework
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Dataset from real HDD manufacturing
1,000,000 records

Resampling for Data balancing

,

7 methods of
feature selection

l

Select the highest score top 10 features of each method
for Yield prediction step

Fig. 6. Research workflow for the part of feature selection

D. Research Workflow

Flow chart diagram of Fig. 6 depicts the research
workflow in a specific part of feature selection. The
experiment starts by resampling to make data balancing.
Data balancing is necessary because from observing the
original data containing totally 1,000,000 records, we
found that the target class (status) of dataset is skewed
with higher number of pass than fail. The imbalance ratio
between majority (pass) and minority (fail) is about 28:1.
After data balancing step, each of the 7 feature selection
methods are applied to select features from 125 attributes.
These methods return the result by ranking the important
factors in descending order. Then, we select the top 10
attributes of each method to be used further in the next
step of modeling to create a yield prediction model.

In yield prediction modeling, the process starts by
aggregating the 1,000,000 data records to become 100
rows in which each row contains 10,000 records. This
aggregation steps is for accuracy improvement as we
obse5rved from our preliminary experiments. After data
aggregation step, we obtain new 7 datasets, each of which
is a dataset with 100 rows and 10 attributes that are
selected from 7 methods of feature selection. That means
these new datasets have 100 rows aggregated from the
original 10,000 record with ten attributes that can be
different from one dataset to the others because they are
selected with different methods.

Dataset from real HDD manufacturing
1,000,000 records

Aggregate data to 100 rows.
10,000 records per row

7 new datasets from
7 methods of feature selection

Yield prediction by 2 algorithms : MLR and ANN

Yield prediction performance
Comparison by RMSE & MAE

Fig. 7. Research workflow for the part of data aggregation and yield
prediction modeling
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After that, the learning algorithms MLR and ANN are
applied to create yield prediction models. Finally, yield
prediction performances are compared among 7 methods
of feature selection and human selection method done by
the process engineers. All of these steps are depicted as a
workflow diagram and shown in Fig. 7.

IV. EXPERIMENTAL RESULTS

The main focus of our experimentation is to study
performances of 7 different methods for feature selection
that should adopted for data preparation step prior to
building the model to predict pass/fail of the assembled
HDD units. The accuracy of pass/fail prediction is
important for yield computation. The more accurate
Pass/Fail prediction, the more precise yield estimation.

The 7 methods for feature selection used in this work
are C5, CART, SVM, GA, stepwise regression, chi-
square, and Information Gain. The first five algorithms
are also learning algorithms, whereas the last two are
only for feature ranking and selection. Thus, we firstly,
apply the 7 algorithms for selecting the top-10 features
anticipating to contribute the most toward yield
prediction through the accurate forecasting of the HDD
status as either pass or fail. The five algorithms that are
both capable of feature selection and learning to build
model are applied for both jobs. Their accuracies are
computation time are reported and shown in Table II. The
two algorithms (chi-square and information gain) that can
only be used for feature selection are reported just for
their computation time.

It can be observed from the results that the three
models with highest pass/fail prediction accuracy are
those built by C5, CART and SVM, respectively. In
terms of computation time, chi-square and information
gain show outstanding shorter time (1 second). GA takes

the longest time of feature selection step at 4,620 seconds.

TABLE II: ACCURACY AND COMPUTATION TIME OF 7 METHODS IN
FEATURE SELECTION STEP

et Selectiog Accuracy (%) Time (sec)
Methods

Cs5 72.38 646.8

CART 66.57 31.7

SVM 64.62 1,216.8

Stepwise Regression 64.76 56.5

Genetic Algorithm 61.94 4,620.2

Chi-Square - 1.0

Information Gain - 1.0

For the next part of our experimentation based on the

dataset with selected features, yield has been computed as:

(quantity of pass units) / (quantity of input units). Actual
yield values and predicted yields made by the learning
algorithms (MLR and ANN) are compared and the
prediction errors are shown in Table III. At this step,
yield prediction results based on the five key features
selected by human experts are also shown in the first row
of the table as a baseline for performance comparison.
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TABLE III: ACCURACY AND COMPUTATION TIME OF 7 METHODS IN

FEATURE SELECTION STEP
P
Feature selection l.cld Test data
predietion
method . RMSE MAE
algorithm
Human Engineers Traditional 0.01700 0.01400
cs MLR 0.00866 0.00605
ANN 0.01707 0.01263
MLR 0.24105 0.05913
CART
ANN 0.01630 0.01251
MLR 0.02037 0.01247
SVM
ANN 0.01864 0.01384
Stepwise MLR 0.10326 0.02842
Regression ANN 0.01851 0.01306
MLR 0.00732 0.00559
Genetic Algorithm
ANN 0.01706 0.01269
MLR 0.00821 0.00690
Chi-Square
ANN 0.01707 0.01262
. 5 MLR 0.00821 0.00690
Information Gain
ANN 0.01707 0.01262
TABLE I'V: ERROR REDUCTION FROM TRADITIONAL ENGINEERING
METHOD
Feature selection and model Error reduction
building scheme RMSE MAE
C5 with MLR -49% -57%
C5 with ANN 0% -10%
CART with MLR 1318% 322%
CART with ANN -4% -11%
SVM with MLR. 20% -11%
SVM with ANN 10% -1%
Stepwise with MLR 507% 103%
Stepwise with ANN 9% 7%
GA with MLR * -57% -60%
GA with ANN 0% -9%
Chi-Square with MLR -52% -51%
Chi-Square with ANN 0% -10%
Information Gain with MLR -52% -51%
Information Gain with ANN 0% -10%

In terms of RMSE, statistical feature selection methods
like chi-square and information gain when modeling with
MLR perform better than feature selection made by
human engineers. However, when building the model
with ANN, both methods are as good as the human
expert. C5 and GA are also comparable to traditional
method when using ANN yield prediction model.

It can be seen from the results that feature selection
with GA and then building the model with MLR yield the
best result with least RMSE value at 0.00732. Comparing
to traditional method and feature selection made by
human expert, the combination of GA and MLR can
significantly improve yield prediction performance with
error reduction around 57% (as shown in Table IV).

When considering from the MAE metric with error
reduction computed by using traditional method with
human selected features as summarized in Table IV, it
can be seen that almost all machine learning based and
statistical based modeling methods with the base value of
MAE = 0.014. This is except the two combinations,

©2020 Int. J. Elec. & Eleen. Eng. & Telcomm.

CART + MLR and stepwise regression + MLR that
perform worse than human feature selection + traditional
method. The best yield prediction scheme in terms of
MAE metric is Genetic Algorithm with MLR prediction
model.

V. CONCLUSION

This paper introduces the novel idea of applying
machine learning and statistical analysis techniques in
feature selection part to improve performance of yield
prediction in the Hard Disk Drive (HDD) manufacturing.
The assumption of this research is that the number of
features from HDD manufacturing is typically numerous
and thus prediction performance can be lessen by the
shadow of too many features. We propose that proper
feature selection technique can help improving yield
prediction by selecting only key important features.
Efficiency of this proposal has been confirm through
experiments with the real-world data collected from HDD
manufacturing containing 1 million records and 125
attributes. The experiments are done by applying 7
methods of feature selection and the yield prediction
models are built from the two learning algorithms.

The experimental results demonstrate that in terms of
RMSE metric, the 4 from 7 feature selection methods in
combination with the MLR learning algorithm can help
improving yield prediction performance. In terms of
MAE metric, all 7 feature selection methods in
combination with the ANN learning algorithm can
improve yield prediction. The best combination is GA
and MLR can improve performance when compared
against traditional method that required human engineers
to select key features the improvement is as high as 57%.
However, the trade-off from using GA is the long
computation time. These results lead to conclusion that
the proposed novel idea of combining feature selection
technique with powerful learning algorithm can help
improving vield prediction performance in the real
application of HDD manufacturing.

RECOMMENDATION

The dataset used in this research had been collected
from 3 months of production timeframe in the steady and
maturity performance phase. Yield computation of this
dataset gives the results that are quite stable with low
fluctuation. In the future, researchers and engineering
experts in HDD manufacturing agree to make some
challenging advancement by using dataset of “developing
phase” instead of “maturity phase”. This challenge can
gain more benefit because of the successful result in data
of developing phase can help manager to prepare good
action in mass production of maturity phase.
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