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Table 1 17 Features of the 360 NIMS fatigue data

FHIE PR FHIEHER 5 //ME (min) ¢ KA (max) ¥1{H(Mean) FrifEZE (StdDev)

NT 1E KR (°C) 825 900 865.6 17.37

QT B KIRSE(CC) 825 865 848.2 9.86

TT [E] KRB (°C) 550 680 605 42.4

C (x)) BRICER FE H 55 H(wt. %) 0.28 0.57 0.407 0.061

JC (NED! BRICER B 1 45 LT AR5 (wt%) 0.53 0.75 0.64 0.05

Si (x,) TR EEH 7 th(wt%) 0.16 0.35 0.258 0.034

Mn (x3) TR E B 7 Hh(wt%) 0.37 1.3 0.849 0.294

P (x4) e FE AR H 5 H(wi%) 0.007 0.031 0.016 0.005

S (xs) G 3% BB H 47 L (wi%) 0.003 0.03 0.014 0.006

Ni (xg) BIGRE B H 5 H(wi%) 0.01 278 0.548 0.899

Cr (x,) LR E = H 5 H(wit%) 0.01 1.12 0.556 0.419

Cu (xg) oG HE 5 H(wi%) 0.01 0.22 0.064 0.045

Mo (xo) FHIGREEH 5 (wi%) 0 0.24 0.066 0.089

RR JE 45 (%) 420 5530 971.2 601.4

dA SPEIN T 5 B8 A MR 5 HE (%) 0 0.13 0.047 0.032

dB NSRS 0 F AT o5 L (%) 0 0.05 0.003 0.009

dc AL I 2 DI T AR 5 B (%) 0 0.04 0.008 0.01
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Table 2 Optimum values of hidden_layer sizes of ANN on different feature sets
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Figure 1

(Color online) Four objectives are considered with equal weight in MultitaskLasso, and the feature coefficient varies with the value of a,

corresponding to (a) fatigue strength, (b) tensile strength, (c) fracture strength and (d) hardness.
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(a) Coefficents non-zero location @ —log,e(a) = —1 (b) Coefficents non-zero location @ —log;o(a) =0
Fatigue | Tensile | Fi Fatigue | Tensile | F IFatigueI Tensile Frxtwelﬂavdnesﬂ
NT 0 0 0 0 NT 0 0 0 0 0 0 0 0
Qr 0 0 0 0 Qr 0 0 0 0 0 0
™ ™ 0 0
C 0 0 0 0 C 0 0 0 0 0 0 0 0
vC 0 0 0 0 vC 0 0 0 0
Si 0 0 0 0 Si 0 0 0 0 0 0 0 0
Mn 0 0 0 0 Mn 0 ) 0 0 0 0
P 0 0 0 0 P 0 0 0 ) 0 0 0 0
S 0 0 0 0 S 0 0 0 0 0 0 0 0
Ni Ni 0 0 0 0
Cr 3. S ¥ S
Cu 0 0 0 0 0 0 0 0
Mo Mo 0 93 0 0
RR 0 0 0 0 RR 0 ) 0 0 0 0 0 0
dA 0 0 0 0 dA 0 0 0 0 0 0 0 0
d8 0 0 0 0 d8 0 0 0 0
dC 0 0 0 0 dc 0 0 0 0 0 0 0
Multi properties predict Single property predict Multi properties predict Single property predict
(c) Coefficents non-zero location @ —logso(a) = 0.5 (d) Coefficents non-zero location @ —log;o(a) = 1
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Figure 2 When —log;y(a) is —1, 0, 0.5, and 1, the location of non-zero coefficients in MultitaskLasso and Lasso.

3 ETMultiTaskLasso J5 7% URFAE S B HEF
Table 3 Features ranking based on MultiTaskLasso

FHIEHET FHIEA4 TR FHIEHEF? FHEA R FHIEHET RHE AR
1 Cr 7 dB 13 Si
2 TT 8 Mn 14 C
3 Mo 9 Cu 15 NT
4 Ni 10 dc 16 S
5 QT 11 RR 17 dA
6 N 12 P

Fas(MPa)=105.82Cr — 0.87TT+179.89Mo+26.12Ni
+0.02QT+492.16./C —520.17dB

+25.30Mn + 584.38,

)

TS(MPa)=211.77Cr — 1.83TT+402.45Mo+47.82Ni

+0.99QT+1211.36-/C —843.85dB
+80.95Mn + 166.05,

@)
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Figure 3 (Color online) Features ranking based on feature importance (a) and multiple (b) correlation, when considering four objectives with equal
weight.
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Figure 4 (Color online) When using leave-one-out cross validation, 10-fold cross validation and no cross validation, the (1—R) value of
MultiTaskLasso varies with the value of « (al), and the (1—R) values of RandomForest (bl) and ANN (c1) vary with different numbers of features
used. The Area values of MultiTaskLasso (a2), RandomForest (b2) and ANN (c2) vary with different numbers of features used, and the A4rea is the
rectangular area consisting of the points on the polyline, the axes, and the origin of the axes.

FrS(MPa)=226.93Cr — 1.17TT+376.99Mo+49.32Ni

+0.73QT+592.27-/C —984.38dB
+90.32Mn + 1106.92,

H(HV)=64.23Cr — 0.58 TT+130.91Mo+12.00Ni+0.22QT
+355.34./C —320.04dB + 22.68Mn + 163.35,

3) “)
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Figure S (Color online) The R and RRMSE values of the (a) LinearRegression models using feature set MTL Best Subset and MTL _C_Subset with
leave-one-out cross validation. The comparison between the predicted and measured values of the LinearRegression models based on feature set
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Figure 6 (Color online) The R and RRMSE values of the (a) RandomForest models using feature set RF_Best Subset and RF_C_Subset with leave-
one-out cross validation. The comparison between the predicted and measured values of the RandomForest models based on feature set
RF_Best_Subset, corresponding to fatigue strength (b), tensile strength (c), fracture strength (d) and hardness (e).
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Figure 7 (Color online) The comparison between the predicted and measured values of fatigue strength by RandomForest models based on feature
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Figure 8 (Color online) The R and RRMSE values of the (a) ANN models using feature set ANN_Best_Subsetand ANN_C_Subset with leave-one-
out cross validation. The comparison between the predicted and measured values of the ANN models based on feature set ANN_Best Subset,
corresponding to fatigue strength (b), tensile strength (c), fracture strength (d) and hardness (e).
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Figure 9 (Color online) Atomic features ranking based on feature importance (a) and multiple correlation (b), when considering four objectives with

equal weight.
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Figure 11 (Color online) The (a) multi-objective prediction accuracy of LinearRegression, RandomForest and ANN with the best feature subset
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Multi-objective machine learning of four mechanical properties of
steels
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The prediction of mechanical properties of steels is highly significant for the development and applications of steels. In the present
work, we used three multi-objective machine learning algorithms, Regularized linear regression, Random forest and Artificial neural
network, to predict four mechanical properties of steels, including fatigue strength, tensile strength, fracture strength and hardness,
based on 360 data samples from the Japan National Institute of Material Science (NIMS) database. Three methods, MultiTaskLasso,
feature importance and Multiple correlation, were applied to rank features. The “Area method” was proposed to balance the model
complexity (number of features) and prediction accuracy. The linear regression, with selected features, of the entire data leads to four
analytic formulas, which predict very accurately the four mechanical properties of steels. Furthermore, nine atomic features, such as
atomic radius, valence electron number, and Pauling electronegativity, of the involved elements in the steels were replaced the
elements in the multi-objective machine learning and the results show that the atomic features are able to accurately predict the four
mechanical properties of steels as well.
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