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The process control methods based on the statistical analysis apply the analysis method or mathematical model under the
assumption that the process characteristic is normally distributed. However, the distribution of data collected by the automatic
measurement system in real time is often not followed by normal distribution. As the statistical analysis tools, the process capability
index (PCI) has been used a lot as a measure of process capability analysis in the production site. However, PCI has been
usually used without checking the normality test for the process data. Even though the normality assumption is violated, if the
analysis method under the assumption of the normal distribution is performed, this will be an incorrect result and take a wrong
action. When the normality assumption is violated, we can transform the non-normal data into the normal data by using an
appropriate normal transformation method. There are various methods of the normal transformation. In this paper, we consider
the Box-Cox transformation among them. Hence, the purpose of the study is to expand the analysis method for the multivariate
process capability index using Box-Cox transformation. This study proposes the multivariate process capability index to be
able to use according to both methodologies whether data is normally distributed or not. Through the computational examples,
we compare and discuss the multivariate process capability index between before and after Box-Cox transformation when the
process data is not normally distributed.
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Analysis of Multivariate Process Capability Using Box—Cox Transformation
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Analysis of Multivariate Process Capability Using Box—Cox Transformation
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<Figure 1> Flow Chart for Evaluating Multivariate Process
Capability Using Box-Cox Transformation Under
Non-Normal Distribution
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<Table 1> Original Data and Statistics

No. Xi X2 X3
1 2.7434 2.1746 1.7010
2 2.7507 2.1819 1.7083
3 3.3437 2.7749 2.3013
4 2.7633 2.1945 1.7209
5 3.0059 24371 1.9635
6 2.7682 2.1994 1.7258
7 2.8974 2.3286 1.8550
8 24151 1.8463 1.3727
9 2.2865 1.7177 1.2441
10 2.3941 1.8253 1.3517
11 2.1573 1.5885 1.1149
12 2.1987 1.6299 1.1563
13 2.9225 2.3537 1.8801
14 3.2959 2.7271 2.2535
15 2.7421 2.1733 1.6997
16 29157 2.3469 1.8733
17 2.8890 2.3202 1.8466
18 3.2944 2.7256 2.2520
19 2.9750 2.4062 1.4394
20 2.7738 2.2050 1.2382
21 2.9406 23718 1.4050
22 3.1457 2.5769 1.6101
23 3.0658 2.4970 1.5302
24 3.0795 2.5107 1.5439
25 2.8618 2.2930 1.3262
26 29216 2.3528 1.3860
27 2.7201 2.1513 1.1845
28 3.0388 2.4700 1.5032
29 2.8407 22719 1.3051
30 2.6523 2.0835 1.1277
31 3.1389 2.5701 1.6033
32 3.2290 2.6602 1.6934
33 2.7810 22122 1.2454
34 3.2130 2.6442 1.6774
35 2.8761 2.3073 1.3405
36 3.0620 24932 1.5264
37 29182 2.3494 1.3826
38 2.9907 24219 1.4551
39 2.9091 2.4403 1.3735
40 33164 2.8476 1.7808
41 2.8237 2.3549 1.2881
42 2.7221 2.2533 1.1865
43 2.6633 2.1945 1.1277
44 29713 2.5025 1.4357
45 2.9329 2.4641 1.3973
46 3.3759 2.9071 1.8403
47 3.0491 2.5803 1.5135
48 2.8861 24173 1.3505
49 2.1597 1.6909 1.2220
50 2.7230 2.2542 1.7853
51 2.2980 1.8292 1.3603
52 2.5529 2.0841 1.6152
53 2.1783 1.7095 1.2406
54 2.3207 1.8519 1.3830
55 2.6194 2.1506 1.6817
56 2.2839 1.8151 1.3462
57 24912 2.0224 1.5535
58 2.2196 1.7508 1.2819
59 2.1314 1.6626 1.1937
60 23121 1.8433 1.3744
mean 2.782477 2.250343 1.514600
std 0.338272 0.325099 0.282890
var 0.114428 0.105690 0.080027
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4.2 Y2 HO[E{0f CHSt MM ZHA(Normality
Test for the Original Data)
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g} thiE 2Eo] digte] At E et &
sict.

{Table 2> UVN Tests for Original Datala = 5%) <Table 3> MVN Tests for Original Data(a = 5%)
Var. | UVN Test(AD) p-value | Skewness Kurtosis MVN Test Test Statistics p-value
X, 0.0096 -0.3712 2.2998 Small’s skewness( @), ) 12.5211 0.0058
X2 0.0366 -0.2926 2.4272 Small’s kurtosis( @, ) 5.13746 0.1620
Xs 0.0064 0.8787 3.4305 Royston 14.6734 0.00099
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4.3 Box-Cox H=t 3 #H2HEl 0|0|E{(Box-Cox
Transformation and Transformed Data)

433 x22] A9 A\, 3} 95% A7t
* Optimal Lambda ();) = -0.91

Box-Cox Power Transformation
90

BIEEE WEA e %—”ﬁ: dlole 5ol thste] Box-
Cox Highol] &3t vlolE| & &7 flsiA= 71 WA MLE
(Maximum Likelihood Estimation) Wl <3k % 2 9] )
(Optimal Lambda) #t= ’3}‘:‘ Zlo]l Aot} Agkel W
A= [-5, 5102 AAsHl L, 271gk -59145H 0014 &
ZHA71W T LA L-)«l %koﬂ ﬂ] T 95% A1 TZEe] A
2 yehie 2z MLE Widl 93 Ay
[Ln W] 7HAE H A 9] N 233 % Uea 2ok H4 ] T —
of X o] AAEW 3w digh WIkE dolEE !
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{Table 4> Transformed Data Via Box-Cox

43.1 X,9] A A 7 95% A3k

* Optimal Lambda (),) = 2.14 No. Yi Yz Ys
‘ 1 3.5834 1.6305 04212
Box-Cox Power Transformation 2 3.6065 1.6433 0.4239
) = NI B B
= e 5 14582 21095 0.5042
2 ; \ 6 3.6621 1.6741 04301
5 Ve 7 4.0856 1.9067 04726
e r 8 26164 1.0878 02752
2 7 9 2.2756 0.8929 0.1981
S 60 J 10 25593 1.0553 0.2636
= 11 1.9546 0.7074 0.1036
< F4 s 12 20552 0.7657 0.1360
g / 13 4.1704 1.9531 04302
£ 55 o 14 5.5313 2.6836 0.5743
g / 15 35793 1.6282 0.4208
2 / 16 41473 1.9405 04782
3 / 17 4.0574 1.8913 0.4700
% 50 18 5.5255 2.6805 0.5739
2 |/ 19 433505 20511 03100
/ 20 3.6800 1.6839 0.1942
ol 21 42321 1.9867 02925
s s e e 2 49615 3804 03865
, 23 46707 22042 03527
2 47199 22508 03588
25 3.9667 1.8417 0.2490
<Figure 5> Optimal Lambda (),) and Lambda in 95% Confi- % lors 1R 02828
2 45743 21723 03405
dence Interval 29 3.8970 1.8035 0.2365
30 33010 14735 0.1138
SN A .
o] F Ao ) Al 7} 33 37031 1.6967 0.1989
432 xX29] A A\, 95% A1F]F7} : S 15 it
* Optimal Lambda ()\,) = 1.72 % 46570 25160 03310
Box-Cox Power Transformation 3 1.555313 %'9451 0'2§06
» 5ol | o | oo
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o 60 44 43377 22349 03082
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= b 50 35192 1.7716 4504
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. . . o - mean 3781673 1.794642 0.324916
<Figure 6> Optimal Lambda (),) and Lambda in 95% Confi “ T 062535 0574316 2108
dence Interval var 1.128982 0.329724 0.014696
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o Zhzte] W] d@ AHe] A e TA A
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<Table 5> UVN Tests for Transformed Datao = 5%)

Box-Cox W3to] o3 Watsl go]g]S9 UVN #AA S Var. | UVN Test(AD) p-value | Skewness Kurtosis
«?JSH AD@@, QHL:— 7<4_1,:_ %@' [} /\e]}‘] 3],3 3] Z:E:L%J Y, 0.0727 -0.1210 2.2874
Q-Q plot, P-P plotS %Al A7} <Table 5>, <Figure 8>, Y2 0.1465 00776 24537
<Figure 9>, <Figure 107} 2t}. Y; 0.3794 -0.1564 22948
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<Table 6> MVN Tests for Transformed Data(a = 5%)

<Table 8> Comparison MC,; between Before and After Box-

Cox Transformation According to Maximum Loss
(p = 0.8, A = Optimal Lambda)

MVN Test Test Statistics p-value
Small’s skewness( @) 0.99756 0.80184
Small’s kurtosis( ¢, ) 6.00674 0.11128

Royston 5.05459 0.54066
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<Table 7> Comparison MC, between Before and After Box-
Cox Transformation According to Correlation
(x = Optimal Lambda)

Before Box-Cox After Box-Cox

(Original Data) (Transformed Data)
No. | A($) | EIL(XT] MCo EIL (Y, T MCy,
1 1.00 0.55642 0.02516 0.60191 0.05671
2 0.50 0.27821 0.03559 0.30096 0.08022
3 0.10 0.05564 0.07958 0.06019 0.17934
4 0.05 0.02782 0.11253 0.03010 0.25362
5 0.01 0.00556 0.25163 0.00602 0.56711

Before Box-Cox After Box-Cox
(Original Data) (Transformed Data)
No. | p | EIL(XTI MCi E[L(Y, D] MCi
1 0.0 0.00681 0.22849 0.00707 0.52312
2 0.2 0.00659 0.23119 0.00688 0.53053
3 0.4 0.00633 0.23595 0.00664 0.53978
4 0.6 0.00600 0.24237 0.00636 0.55168
5 0.8 0.00556 0.25163 0.00602 0.56711
452 A48 wslel o F4EY v
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