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2 feamel P—value
Table 2 P-value of lack-ofit for f.,,.. simulations
(o m)
1 2 3 4 5 6 7 8 9 10
X 4e-11 | 3e-14 | le-15 | 3e-10 | le-12 | le-12 | 4e—-11 | 8e—-16 | 4e-09 | 3e-09
Xy 9¢-17 | 7Te-17 | le-27 | 7e—-18 | 7Te-17 | 3e—-15 | 2e-15 | 2e -19 | 3e-16 | Se-18
X3 0.1561(0.3961 |0.0236 |0.4227 [0.5454 0.1221 |0.1792(0.1619 |0.1523 | 0.156 1
X4 0.1619|0.5216|0.0108 | 0.4030|0.2115|0.3913|0.1500|0.1421]0.2496 | 0.161 9
(0.5 50) X5 0.1365(0.5203 | 0.2267 | 0.1693 | 0.204 7 |0.0147 [ 0.4119|0.0276 |0.174 0 | 0.349 4
X 0.332410.3146 |10.1036 |0.2752 (0.4177 |0.176 3 | 0.628 8 | 0.133 7 | 0.199 1 | 0.374 3
X5 Xg 0.1290

X3 X5 e 0.142°5

X3 Xy X5 Xg 0.2949 (0.3420 0.1507(0.1859 [0.102 8 | 0.3912{0.050 3 | 0.202 2
X 4e-27 | le-23 | 1e-28 | 4e-25 | le-23 | 1le-28 | 3e-24 | 5e-22 | 2¢ -27 | 9e-26
X 7e-28 | 4e—-35 | 1e-33 | 2e-35 | 3e-26 | le-38 | 5e—-38 | 5e-34 | 2¢-35 | Se-34
X3 0.5333(0.4428 |0.4916 |10.2835|0.1089 |0.1569 |0.1099{0.2623 [0.0331| 0.7376
X4 0.5064 |0.144 3 |10.4627 |0.2156 |0.2253 |0.1654 | 0.311 0] 0.4559 |0.096 4 | 0.7170

(0.5 100)

x5 0.2909 10.2145|0.3876 {0.1752 |0.091 8 |0.1226 | 0.358 5|0.4523 |0.026 6 | 0.605 4
X 0.501'510.3745|0.5248 | 0.061 8 |0.2125|0.121 1 [0.202 3| 0.4292 |0.060 8 | 0.661 0

Xy X 0.058 0
X3 Xy X5 Xg 0.4912(0.1137 |0.476 0 | 0.106 3 {0.064 1 |0.0922 | 0.108 6 | 0.459 6 0.471 6
X le-05 | 7e-2 | 2e-4 | 8¢-06 | 9¢-05 | 4e-5 | 2¢-4 | 5¢-06 | 8¢ -06 | 3e-07
X 6e—-11 | 3e-06 | 1e-07 | 9¢-07 | 4e-05 | le-4 | 2e-07 | 4e-06 | 9¢ -07 | 2e¢-09
X3 0.1208 [ 0.4574 | 0.5743 1 0.376 4 | 0.478 3 |0.1291 | 0.268 5| 0.238 4 | 0.3297 | 0.083 6
(1.0 50) x4 0.1147 |0.467 3 |0.6411|0.4369 |0.1433|0.3653 {0.2529|0.2838 | 0.321 5| 0.2527
X5 0.116 1 | 0.477 3 |0.604 4 |0.344 6 |10.2239|0.2808 [0.1634|0.121 1 |0.358 4 | 0.236 4
Xg 0.1849(0.4700 |0.3847 10.4821(0.0792 |0.1800 |0.4909|0.2527 | 0.164 8 | 0.060 9
X3 Xy X5 Xg 0.0501(0.31130.7516|0.7136 |0.116 7 |0.1798 | 0.1732|0.308 0 | 0.1422 | 0.252 8
X 4e—-17 | 2e-14 | 2e-13 | 4e-11 | le-12 | 1e-07 | 3e-07 | 3e-09 | 7e-12 | 3e-09
Xy 3e-21 | 4e-17 | 3e—-18 | 9e—-18 | 5e—-17 | 6e-15 | 3e—15 | 4e—-17 | 4de-21 | 2e-15
X3 0.3204|0.3607 | 0.2170{0.3091 |0.3827|0.7512[0.4466|0.2406 | 0.1324 | 0.4227
(1.0 100) Xy 0.1855(0.6104 |0.0600 |0.2872 |0.3782 |0.468 3 |0.53910.2395|0.1213 | 0.3733
x5 0.2704 {0.5308 | 0.1837 | 0.5537 |{0.527 0 0.5907 |0.5992{0.1292 | 0.0773 | 0.4209
Xg 0.0997 (0.66310.1307|0.3765|0.396 3 |0.506 4 | 0.468 4 |0.1027 (0.1041 | 0.3151
X3 Xy X5 Xg 0.0644(0.4199 |0.1026 |0.288 8 [0.6304 |0.747 3 [0.5294|0.1125|0.098 1 | 0.552 3
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3 frivon P—alue
Table 3 P-value of lack-offit for fp;,, simulations
(o m)
1 2 3 4 5 6 7 8 9 10
x; 0.1526(0.4478{0.0426 |0.0105 | 0.0452 | 0.3051 |0.1324|10.4756 |0.1547 | 0.279 8
X 2¢-07 | 4e-09 | 7e =09 | 1e—-09 | 4e-09 | 3e-13 | le-09 | le-06 | 6e—-11 | 2e-08
X3 5¢-09 | 4e-08 | 5e-05 [ 2¢-06 | Se—-11 | 2e =09 | 2¢ =04 | 2¢ =07 | 5¢-07 | le-04
EA 0.006 8 [0.1594 {0.5458 |0.0133 [0.0338 |0.0376 |0.0161|0.3491|0.037 1| 0.081 8
(0.05 50) x5 0.5905|0.657 3 |0.4080|0.3189 {0.1740{0.0793 |0.2077 | 0.652 6 |0.3420 | 0.244 9
X6 0.5430(0.7274|0.4074 |0.3224 |0.506 8 |0.2332 |0.6054 |0.6408 |0.3133 | 0.370 4
X7 0.7670(0.7829{0.5851 |0.2605 |0.3696 |0.106 1 |0.4812|0.4627 |0.3044 | 0.4369
X5 Xg Xy 0.414 6 0.3613]0.178 6 |0.3412|0.129 8
X X5 e X7 0.190 0 0.1712
Xy X5 Xg Xy 0.104 8 0.0804 (0.101 3
% 0.0035(0.1128 {0.0254 |0.000 6 | 0.0003 |0.0039 |0.0034 |0.0012|0.0033| 0.048 1
X 2e-21 | 3e-16 | 3e—19 | Te-24 | 1e-29 | 2e-22 | le-22 | 9e-24 | 2¢-20 | 4e-21
X3 2e-14 | 6e-10 | 8e—10 | 6e-17 | 2e-21 | 6e-12 | Se-16 | 6e-21 | d4e—-13 | 2e-12
Xy 0.009 4 |0.107 7 {0.001 4 |0.0155 | 8e—07 |0.0053 |0.0009 |0.0024|0.041 8 | 0.066 2
(0.05 100) xs 0.1179|0.5932{0.544 0 |0.1055 |0.186 6 | 0.348 7 |0.163 7 | 0.1099 | 0.2372 | 0.4530
Xg 0.0823(0.5772{0.5144|0.2251]0.2060 [ 0.3711|0.2942|0.1610|0.3544 | 0.3355
X7 0.1097 {0.498 9 0.5279 |0.184 6 | 0.131 8 |0.2594 |0.268 4 | 0.1094 [0.2852 | 0.328 0
X5 Xg Ny 0.101 4 0.382310.1178 |0.229 1 |0.4517 |0.207 8 | 0.1595|0.4359 | 0.209 9
Xy X5 Xg Xy 0.099 1
X 0.2206 (0.447 3 0.4903 |0.828 6 |0.1644 |0.3033 |0.2214|10.3492|0.758 7 | 0.344 7
X 0.008 8 [0.007 1 {0.044 6 |0.0012 | Ie-05 |0.0007 |0.0013|0.0028 |0.0070| 0.0580
X3 0.0011[0.1639{0.0045 |0.0421 |0.0019|0.0167 |0.0489 |0.0065 |0.027 1 | 0.003 7
Xy 0.0616(0.4036(0.47310.7299 [0.1061 [0.2653|0.3886|0.2675[0.3992| 0.718 4
(0.1 50) x5 0.197 3 0.567 7 {0.530 0 | 0.507 3 | 0.081 7 {0.3391|0.218 8 | 0.2002 |0.736 4 | 0.634 8
X6 0.2632(0.6144(0.7480 |0.784 0 |0.3477 |0.6722 |0.5424 |0.2890 |0.811 1 | 0.697 8
%7 0.3159(0.421 3 0.5383 |0.8541]0.2755|0.4065 |0.2012|0.4396 |0.788 3 | 0.598 8
X; X5 Xg Xq 0.067 2
X Xy X5 N Xg 0.1299 10.2554 {0.441 2 |0.388 6 0.449310.0637(0.2169 |0.4149 | 0.2279
X 0.258 4 (0.3128 {0.6125 |0.5404 | 0.1709 [ 0.2393 |0.4158 | 0.4597 | 0.840 1 | 0.187 2
X, 8e-8 | 3e-5 | 2¢-2 | 3e-3 | 4e-9 | 6e-3 | 4e-4 le-2 2e -5 4e -6
X3 0.1017 {0.0055{0.046 4 |0.0823 |0.0000 |0.4556 |0.0020 |0.000 8 |0.0669 | 0.001 3
Xy 0.3396(0.2533[0.3323|0.5457 [0.0085|0.8445(0.3134|0.6614(0.1466| 0.1362
x5 0.1590(0.6491{0.5927 |0.716 1 |0.108 4 | 0.957 5 |0.691 0 |0.753 8 |0.668 0 | 0.232 1
(0.1 100) X 0.3718 [0.650 1 {0.576 0 | 0.847 0 | 0.467 8 | 0.851 8 |0.6590 |0.6733 |0.891 9| 0.2815
X7 0.1614(0.4895(0.3466 |0.9669 | 0.187 6 |0.8497 |0.5423 |0.3704 |0.671 7 | 0.074 7
X5 Xg X 0.152 2
Xy X5 Xg Xq 0.1256 0.096 1
X Ny X5 Xg Xg 0.069 4 0.738 3 [0.144 4 0.609 7 10.1030|0.527 3 |0.305 3
4 LS-SVR
Table 4 Steps of nonsignificant factors removing of LS-SVR model
(1) (2) (3)
( ) * *2 X3 T4 Xs X6 x7 Xy X5 Yo X7 | Xy Xs X Xy X5 Xq X X X7 | X5 X X7
P—alue 0.152 6 [2¢ —07|5¢ —09{0.006 8 [0.590 5]0.543 0(0.7670| 0.032 6 0.036 1 0.041 4 0.040 9 0.414 6
Srigon o =0.05 m=50 3 1
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Sl VY (om) (0.5 50) (0.5 100) (1.0 50) (1.0 100; “A” “B”
3 MSE  MSPE  (feu)
Fig. 3 Comparison of MSE and MSPE for the initial and reduced models ( f(,.1)
“frofar v” (o m) (0.5 50) (0.5 100) (1.0 50) (1.0 100; “A” ‘B”
4 MSE ~ MSPE (fPiston)
Fig. 4 Comparison of MSE and MSPE for the initial and reduced models ( fpion)
4) v P1~ Pu
. psig = 2
( step wise regression SWR) 36 n, = 10 «“
( miss acceptance rate MAR) 7 “ ( false
N acceptance rate FAR) ” MAR =
P Far = o o
SWR psig X Nim (p - pxig) X N im
6 5 6 6 5 SWR
2
y=B+ Zﬁi'xi + Z Eﬁijxixj + zﬂiixi +e&
i=1 islj=itl i1 N
X, x; x, (1 =7 MAR  FAR. “ ” “

27
27) y=,80+2,8ixi+g.
=

Pn

”»
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5 N (fcamet)
Tabel 5 Comparison of significant factors MAR and FAR of different approaches( fe,me1)
(o m) (0.5 50) (0.5 100) (1.0 50) (1.0 100)
SWR SWR SWR SWR
1 X X, X Xy X %, X5 g Xy X X Xy X %, X X X Xy
2 Xy X, X Xy X X, X X, x| Xy Xy Xs X X, Xy Xy Xy Xy
3 X, X, x| Xy X3 Xy X X, X X, X Xy X X, Xy Xy Xy X Xy
4 X4 Xy %y X, % X % X3 X X % Xy % Xy %y
5 X % Xy % X, % X % Xy %y X % Xy % Xy %y
6 X Xy Xy X Xy %y X Xy X3 Ay X % X Xy X3 X % Xy % Xy %y
7 X % Xy %Xy X, % X % X X3 X5 Xg X % X % Xy %y
10 X X X3 Xy Xy Ny Xy Xy X3 Xs X % Xy % x % X % Xy %
MAR 0.1 0 0 0 0.15 0 0 0
FAR 0.125 0.075 0.175 0.050 0.275 0 0.025 0
1.75 mm
4 15 mm X 15 mm X3 mm
/(mm): x, € 0.06
4.1 0.20 /(mm/s): x, € 20 70
3D /(C): x, e 190 220 /(C):
37
: x, € 50 70 (%) : x5 € 20 50
3D H(s):x,e 36 . /
( mm) y\\‘drp /( mm) Y flash
ywarp
Yflash
4.2
m = 50 LHS
. n, <3 106 6
3D ( warping) '
( flash)
1
Y = 5 (Y + Yiuw)
LS-SVR
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Table 6 Factor combinations and responses of LHS runs for 3D printing experiments
i Xl Xi2 xi3 X Xis Xi6 Yil Yi2 Yi3 i Xl Xi2 xi3 Xig Xis Xi6 Yil Y Y3
1 10.64(0.28/0.95/0.27| 0 |0.280.72|0.71{0.81| 26 |0.93|0.88|0.45| 0.8 [0.87]0.7410.43(0.52|0.63
2 [0.86]0.52]0.50|0.67{0.80|0.62|0.45|0.51 27 0 [0.86| 0 [0.50({0.73]0.04|0.67|0.60|0.73
3 10.21]0.7410.90(0.27 |0.47 |0.16 {1.10|0.67 | 1.05 | 28 |0.57 |0.36 |0.65|0.20 ({0.23 |0.52 0.61 [0.77|0.79
4 10.07 10.06|0.700.57 {0.63 |0.81 [1.00 |1.10 29 [0.71(0.720.45|0.37|0.20 |0.06 [0.41|0.60 |0.77
5 [0.21]0.780.40[0.63|0.20|0.74|0.64 |0.75|1.01 | 30 |0.21 {0.06 |0.05|0.17 |0.33 |0.84 |0.57
6 |0.360.80]0.60|0.60|0.50|0.92|1.20|0.67 31 [0.93]0.56|0.85(0.80(0.83|0.44|0.53|0.51
7 10.29]0.24 10.80|0.40{0.67 |0.50|0.96 32 |0.71|0.16|0.30]0.33 10.83 |0.86 (0.40 |0.82
8 10.86(0.36/0.15|0.07 [0.97 |0.69 [0.68 | 0.64 33 10.79|0.38]0.20|0.97 |0.50 |0.34 |0.28 |0.31 [0.34
9 10.07]0.480.35]0.50{0.37|0.86|0.78 34 10.50|0.80|0.15]0.03 10.53 0.58(0.49 |0.69 |0.51
10 |0.57 10.62|0.95|0.330.07 [0.55(0.82|1.01 35 |0.710.120.30|0.87 |0.30 |0.95|0.15|0.14 | 0.28
11 |0.07 |0.68|0.35]|0.17 |0.03 {0.36 |0.78 |0.85[0.97 | 36 |0.36|0.18|0.20|0.67|0.67 |0.09|0.52
12 10.7910.70 | 0.60 | 0.47 | 0.53 {0.99 [0.71 |0.97 37 10.14|10.40|0.60|0.53 /0.80 (0.11 |{0.83 |0.71
13 |0.07 |0.28 |0.85|0.40|0.77 {0.08 |1.34 38 10.360.220.10{0.70 |0.37 |0.01 | 0.41
14 10.50|0.34|1.00|0.53|0.63 0.41({0.79|0.52 39 10.57|0.7210.25|0.77 | 0.40 {0.71 | 0.59
15 [1.00]0.92{0.60|0.87|0.37 |0.98 |10.44 [0.66 |0.44 | 40 |0.79|1.00|0.25]0.13{0.43|0.63|0.74
16 [0.4310.48|0.10{0.77{0.97{0.47 [0.39 |0.38 10.30| 41 |0.29|0.10]0.80|0.93|0.27 |0.220.51]0.58 |0.73
17 0 [0.84 | 0 ]0.90{0.47|0.39]0.49 42 10.43(0.14|0.35| 0 |0.57(0.78]0.73]0.81
18 [0.14 0.18 |0.55{0.07 {0.97 {0.23 ]0.96 [0.96 | 1.13 | 43 |0.86|0.64 |0.75|0.27 |0.90 |0.68 |0.73 |0.81 |1.16
19 10.43|0.58{0.50{0.23|0.07 |0.91|0.75|0.57|0.84| 44 |0.64 |0.26 |0.50(0.20]0.90|0.15|0.86|0.76
20 (0.36(0.52|0.90{0.43|0.17 |0.25|0.84 |1.32 45 1 ]0.98]0.75(0.93/0.70 |0.12]0.50
21 0.210.92]0.70|1.00|0.70 {0.44 |0.78 |0.75 [0.66 | 46 |0.14 {0.94 |0.15]0.10{0.23|0.28 |0.61 |0.61
22 10.93| 0 |0.65]0.83/0.93(0.89|0.33 47 10.79 {0.62(0.95|0.60 |0.60 {0.76 |0.61 | 0.66
23 |0.64|0.4410.45]0.43/0.730.52(0.43]0.58 48 10.64 (0.84|0.75|0.70 |0.10 {0.20 | 0.53 | 0.71
24 10.93/0.4410.25]0.33/0.30 |0.65(0.41 |0.46 49 10.29 ({0.30|0.05|0.73 {0.100.30{0.29 {0.43 |0.53
25 10.50|0.04]0.90|0.07 |0.13 {0.58 | 0.99 50 |0.50|0.58]0.40|0.90|0.17 [0.32|0.43
5 3D ( )

Fig. 5 Significance of lack-offit after removing factor or factor combinations for 3D printing process
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Table 7 Verifying experiments of reduced LS-SVR model for 3D ( >0. 5) D ( Fa)
printing process
% x5 xg e % x5 X e
0.9723 | 0.6304 | 0.548 5| 0.34 | 0.6490 | 0.3927 | 0.431 3 | 0.28
0.0105|0.1568 | 0.7378 | 0.24 | 0.1121 | 0.0624 [ 0.2759 | 0.22
0.54450.8304 | 0.468 5| 0.31 | 0.258 7 | 0.573 0| 0.367 7 | 0.29
0.4496 | 0.2186 | 0.9872 | 0.22 | 0.7373 [ 0.770 1 | 0.640 4 | 0.30
0.492410.9652|0.1241 1 0.32 | 0.690 3 | 0.508 9 [ 0.888 6 | 0.28
a) fcame b) friston
0.82790.2671 | 0.8202 | 0.30 | 0.168 0 | 0.4158 | 0.217 2 | 0.27 (2) feama (b s
7 F-
0.2973]0.918 8 | 0.1937 | 0.23 | 0.3574 | 0.691 5 [ 0.698 7 | 0.26 . . . . . .
Fig. 7 Deviations between empirical and theoretical probability density
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Significant factors screening of LS-SVR for experimental design and parame-—

ters optimization

CUI Qing-an' CUI Nan™
1. School of Economics and Management Shanghai Maritime University Shanghai 201306 China;
2. Economics and Management School Wuhan University Wuhan 430072 China

Abstract: The least squares support vector regression ( LS-SVR) in experimental design modeling and param—
eters optimization is accompanied by poor interpretability and difficulties in significant factors screening. This
paper proposes an underfitting-test-based significant factors screening approach for the LS-SVR model. First—
ly the “residual sum of squares” is decomposed into the sum squares of “lack-offit” and “pure error”. Then
the nearly non-central F-distribution of the ratio between the mean square of “lack-offit” and “pure error” is
given. Consequently a two-stage factor screening method is developed which infers the significance of a cer—
tain factor ( or combination) by investigating the change of the significance of model’ s underfitting after factor
removing. The simulation and case studies show that the proposed approach can enhance the statistical infer—
ence interpretability of LS-SVR screen the significant factors effectively and obtain a reduced LS-SVR model
with lower complexity and higher predictive performance. Furthermore the proposed approach is conductive to
increase the efficiency of experimental design and parameters optimization and to reduce the cost of quality
improvement.

Key words: factors screening; parameters optimization; experimental design; lack-of-fit test; least squares
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