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Abstract

These days manufacture technology and manufacture environment are changing rapidly. By development
of computer and enlargement of technique, most of manufacture field are computerized. In order to win
international competition, it is important for companies how fast get the useful information from vast data.
Statistical process control(SPC) techniques have been used as a problem solution tool at manufacturing proc-
ess until present. However, these statistical methods are not applied more extensively because it has much
restrictions in realistic problems. These statistical techniques have lots of problems when much data and
factors are analyzed.

In this paper, we proposed more practical and efficient a new statistical design technique which integrated
data mining (DM) and statistical methods as alternative of problems. First step is selecting significant factor
using DM feature selection algorithm from data of manufacturing process including many factors. Second
step is finding optimum of process after estimating response function through response surface method-
ology(RSM) that is a statistical techniques
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1.55 20.05| 1.38 | 2.02 | 2.90 | 2.17

1.63 |12.58| 2.64 | 2.62 | 2.78 | 1.72

1.66 |18.56| 1.56 | 2.08 | 2.68 | 2.40
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Response Surface Regression: v versus x1, x2, x3
The analysis was done using coded units.
Estimated Regression Coefficients for y

Tern Coef SE Coef T P
Constant 3853 3.72936  1.033  0.014
xl -9.770 222099 -4.399  0.000
x2 1.882 0.36774 5117  0.000
X3 -2.092 250366 -0.836 0026
x1xx1 4112 055767  7.373  0.000
X2%x2 0.052 0.02879 1803  0.055
x3#x3 1636 049042 3335  0.001
x1#x2 -0.942 021590 -4.365  0.000
z1¥x3 1.239 055631 2227  0.028
x2%x3 -0.531 012157 -4.368  0.000
5=0.06869 R-s5q=81.3% s-Sqladj) = 77.3%

Analysis of Variance for y

Source DF SeqSS  Adi SS Adj MS E P
Regression 9 163117 1.631174 0.181242 3841 0.000
Linear 3 108705 0.208257 0.069413 1471 0.000
Square 3 0.40644 0.345118 0.1156039 24.38 0.000
Interaction 3 013769 0.137668 0.045896 9.73 0.000

Residual Error 90 0.42469 0.424690 0.004719
Lack-of-Fit 89 042469 0.424690 0.004772 * *
Pure Error 1 0.00000 0.000000 0.000000

Total 99 2.05586
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