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Abstract

Currently, hard disk drive is an electronic storage device that is very important. It is
responsible for storing information which its size is growing exponentially. It has expanded from
computers market to other markets, such as television cameras and so on. In a highly competitive
technology era, the company that produces hard disk drive must be considered about inventing a
new method or process for producing hard disk drive with higher quality. Another method, which
is widely used, is to reduce waste. This thesis is developed model to predict the quality of hard
disk drive in an outgoing reliability test process. This reduces the loss of resources, such as cost
reduction and testing time. The amount of data in this research is huge, therefore 2 data mining
techniques which are logistic regression analysis and neural network are employed in this study.
There are 197 quantitative independent variables. In order to reduce the independent variables,
the relationship between each independent variable and the quality of hard disk drive was tested
and found that only 25 variables are related to the quality of hard disk drive. Therefore, 25
independent variables were used to build the neural network. Since logistic regression analysis
need to eliminate independent variables that has multicollinearity problem first. Then it was left
19 variables to build logistic regression analysis. The result shows that neural network model

performs better prediction than logistic regression analysis model.

Keywords: data mining; neural network; logistic regression
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T f(x) = -0.05570X_12 - 0.00958X_91 +
0.00908X_94 - 0.57620X_97 + 0.13360X_110 -
0.16050X_119 + 0.07250X_124 - 0.20050X_133

- 0.14310X_168 \ile fix) Ao fleridududuvosi

wUsdase P (a13adannnun®) Ao Aanuuiazlu

199n15Anmgn1salnenut1vziiuves

g15nRaniuAUNA e AD exponential function =

2.71828 uay X Ao ALkUsdasy
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X, samanugnieafieuiuterianaiandsnisideudynin |wdua (dB) v v

Xip nm%auﬁa;gas&?w adaiit n3ua (dB) v v

X5 mﬁawﬁa;&a%w adaii nTua (dB) X v

X34 fiwi"wa;mﬂuaanﬁl,%ﬂu‘ﬂ'a;&a%ﬂ deft 1 it A ATLua (dB) X v

Xas ﬁﬂﬁﬂ@ﬂmaami@auﬂaga%ﬂ adait 2 fudl A nTLua (dB) X v

Xuig Mmsiadusuinesheny naaeunded 1 Aaimoinolaan (Picometers per volt) v 4

Xao Ansidusugheshenu naaeunsei 2 Aatmoinelaas (Picometers per volt) X 4

Xs0 Mnsidusutheenu naaeunsei 3 flpfwesaolian (Picometers per volt) X 4

Xo1 msduveshieny wuuil2 msvaaeundi 1 Wi A n@ua (dB) v v

Xoz msduvesiigny wuuii2 msveaauadedt 1 fuf ndua (dB) v v

Xoa mMsdurenhieny wuil2 msvageuna 2 Muf A ndtua (dB) v 4

Xo7 msduvestisny wuulll nmsvageundet 1 i A 13U (dB) v v

X100 msduvestisy wuuill nsvageundeit 2 i A 103U (dB) X v

Xi0a ussdhumsdutiguszrinadifu (Original) uaziivh  [iwnzind (Mw) v 4
3unf (Normalize) iugnulu nageusdedt 1 il A

X110 wsadunstuetusenineeninu (Original) wazenitin  [wnsTas (Mw) v 4
19UnR (Normalize) fuiidnnly neaeuaded 2 ffuit

Xi1a wIIRUNTTURIBIUTNINALAL (Origina 0 wazeivin e dad (mw) v v
13UnR (Normalize) iy nageuaded 3 fuit A

X119 usaiunsiumousEwIeAay (Original) wazAivh  |wnzdad (MW) v v
UnR (Normalize) fufignuuen nageuadedl 1 #udt A

X120 usedunsiumousywieaiu (Original) 0 uazeniivin  [wngSad (Mw) v 4
19%UnA (Normalize) fuiduuen nadeusded 1 Tl B

X1 wsIuMItumeuTEnIeAAL (Original) wazA1M i |wnzag (Mw) v v
9Un (Normalize) fufidnuuen nedeunded 1 i

X122 useunsSumousywiaiu (Original) 0 uazeniiin  [wngsad (Mw) v 4
l9%UnR (Normalize) ftuiduuen neaeusded 1 Wit

Xi9a LIRS TuMBUsER AR (Ongmal) wazmii  |wnging (Mw) v v
l9%UnA (Normalize) wummuuan mmaaumw 2 ”u“' A

X120 wseumsduigiusswheridu (Original) wazeniin  |wnziad (VW) v v
l9%UnR (Normalize) fuiduuen neaeuned 3 ﬁuﬁ

X2 ussdunstuiguszuinaaifu (Original) uazivih  [iwnzind (Mw) v 4
1UnR (Normalize) #ufidnuuen nedeundsd 3 il £

X5y LT R T RN e o Yoatl) g Iag (MW) v v

X6 ﬂummmmﬁmwmmwﬁﬂmﬂmiﬁauﬁmmwﬂ%ﬁ 2 it Alidwa (dB) v v
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Analysis of Maximum Likelihood Estimates
Standard Wald Standardized
Parameter DF Estimate Pr > ChiSq Exp(Est)
Error Chi-Square Estimate
X1 1 -0.05570 0.02270 6.02 0.0141 -0.0608 0.946
Xo1 1 -0.00958 0.00243 15.60 <.0001 -0.1320 0.990
Xoa 1 0.00908 0.00339 7.18 0.0074 0.0968 1.009
Xo7 1 -0.57620 0.03630 25217 <.0001 -0.4365 0.562
X110 1 0.13360 0.02930 20.77 <.0001 0.1087 1.143
X119 1 -0.16050 0.04570 12.34 0.0004 -0.0920 0.852
X124 1 0.07250 0.02010 12.94 0.0003 0.0797 1.075
X133 1 -0.20050 0.03720 29.10 <.0001 -0.1161 0.818
Xiaa 1 -0.14310 0.02590 30.55 <.0001 -0.0945 0.867

N153LAsIERlATIINUsEA I LU negative (TN) e wan1snensaiitagliiin

wanedu (multilayer artificial neural network)  wgn1salkasnaansuenitliiinmnnisal false

a °

Tnervualilitudunndiuiu 25 Wue vsewindu  positive (FP) Aig HaN1snensaidnaziniigniged

SrunUFLUSBaTE ArunTuLey 1 9u S1uu 5

AVeRE LLaz%umemi’mu 1 Tniun 8ms1nn3

Seuiuiiu 0.1 Idmailla back-propagation
mu"?%’851%@1"1mmgﬂé’fawaamiwmmai

(accuracy) Tunsisguiisuuss@nsnmuess 2

TN+TP

a
S L L — LT
FN + TN+FP+TP

35 Iﬂﬂ‘ﬁs’jﬁli Accurary =
true positive (TP) Ao NANITNEINTAII19ELAN

WwianIsalLagHaansuBnNINAAMgNITal true

warnaansuand1liiiniignisel false negative

=~ 4

(FN) fio wan1swensalitazliinmanisaluag
HAGNSUBNINAALNANITA true positive rate
(TPR) fi Sawavvean sneInsainIsiinmnn1sali

nAas (TP/TP+FN) Wy true negative rate (TNR)

Db D

9 Sovazvain1sneinsainsliiinmgnisein

ARa9 (TN/TN+FP) [10]

e

a5l 40 mansieszinisonnesladafind
MsAATINIsanneeladaans

qm%’aga wan1swennsai(Prediction Result) INaeIN153A (Measurements)

Data Set False Negative [ True Negative|False Positive| True Positive| TPR TNR |Accuracy
L%Emi (Train) 113 73549 26765 332 74.61% | 73.32% | 73.32%
mudau (Validation) 43 24528 8910 105 70.95% | 73.35% | 73.34%
Neaau (Test) 43 24516 8924 106 71.14% | 73.31% | 73.30%
571 Total 199 122593 44599 543 73.18% | 73.32% | 73.32%
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A1599 4n WUIINITIATIEENNTANNRY  fBdTaInITIATIelaTaineUssannieuliange

ladadndlvirnanugniesvesnisnensaliindu ndnnslesgvinisonnssladafndnsauyadeya
73 % daumsieseilasaieUszandienlial  FeaguladnitnsiesieilassisUssanidiey

ANUYNFABIVBINTNENTALYIIAY 92 % Fadmen  TinanIsneInIaiiAndInIsiAsIginisannes

Juwiazgansvaaeuiiaugadoya Arugn  ladadnd dwuandlunnsied 4n uag 49

] a 1 =
5199 4 WanTIATIERlATItIeUsTaTIBN

nauein133n (Measurements)
False Negative [ True Negative|False Positive| True Positive| TPR TNR | Accuracy

L%Eluif (Train) 4 92789 7525 441 99.10% | 92.50% | 92.53%
nagau (Validation) 6 30962 2476 142 95.95% | 92.60% | 92.61%
U (Test) 6 30944 2496 143 95.97% | 92.54% | 92.55%
37U Total 16 154695 12497 726 97.84% | 92.53% | 92.55%
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