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Abstract Machine learning-based data analysis approaches have been employed to overcome the limitations in
accurately analyzing data and to predict the results of the design of Nb-based superalloys. In this study, a database
containing the composition of the alloying elements and their room-temperature tensile strengths was prepared based on
a previous study. After computing the correlation between the tensile strength at room temperature and the composition,
a material science analysis was conducted on the elements with high correlation coefficients. These alloying elements
were found to have a significant effect on the variation in the tensile strength of Nb-based alloys at room temperature.
Through this process, a model was derived to predict the properties using four machine learning algorithms. The
Bayesian ridge regression algorithm proved to be the optimal model when Y, Sc, W, Cr, Mo, Sn, and Ti were used as
input features. This study demonstrates the successful application of machine learning techniques to effectively analyze
data and predict outcomes, thereby providing valuable insights into the design of Nb-based superalloys.
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2. Experimental
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(Nb, Si, Ti, Cr, Al, Hf, Mo, W, Zr, Y, B, C, Fe, Ge, Sc,
Sn, Re)®] &< input feature=, 1) d|F3h= Fa9
Je AL EE output featureZ A F T Y4 FA49]
4= LA} HALE (atomic percent)= LEFA O M, $HE]
Azt 927 AR BEo Wele oo 2ok
Nb:42~90, Si:5~20, Ti:0~25, Cr:0~14, Al:0~4, Hf:0~8.2,
Mo:0~10, W:0~10, Zr:0~5, Y:0~0.6, B:0~0.2, C:0~2, Fe:
0~3, Ge:0~5, Sc:0~0.5, Sn:0~1.2, Re:0~0.4. -2 IFFE
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3. Results and Discussion
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Fig. 1. Results of correlation analysis between alloying
elements (W, Sn, Mo, Hf, Ti, Si, Y, Cr, Zr, Fe, Sc, Al, B, C,
Ge, Re) and room-temperature tensile strength using MIC
and |PCC]| algorithms.
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Fig. 2. Results of correlation analysis between alloying elements
and room-temperature tensile strength using PCC algorithm.

FHEA O] ARS-E HlolE 9] SHAIE Q) YAe] dgfo] Hb
FEA A5 SAg o] o]-f = Qs 243
=4 1] AEiAe AYAQ] BEEE YERA] &=
A7) ¥al, o= MICS} [PCCge] ZolAl= 2= 9]
SEl=

FBAGF7E =A AR 9AER] W, Sn, HE, Cr, Sc©]
el E40 HX= FEES Als HEHAQ] SHAA &
A8tk Nb7] 2l E gl W7k Z7EE s o, 9
o QoA AAE W EZo] Nb 7|9k HE3lE Wl
stal, §-85 A & W TS st A IIEE

[N =

5T

b

Al

.

9
ZaAZITH43]. o] 2 QI8 We] PCC #o] &% ==5
AL & 4 gtk Sne] H7HE Nb-Si oA (Nb,

Ti)(Sn, TS AL, y-MsSi®] B85 AAIg. B3,
Nb-Si-Ti gl A (Nb, Ti):Si® AL 2JAI8kaL, Nb-Si
gl A FEo] e FZ NbsSiy A3 NbsSi Aol 2]
she] o] Fof2]7] witel] Q1A= e] A3IE o]ojzITH44,
45]. Hf} Cre Nb ol #vso] X838 182 =

Vol. 30, No. 3, 2023



A

220 npe % . 8p

-3

)

R E

= .
s

of

Table 1. Ranked scores of input features from correlation analysis with MIC, PCC and [PCC]|

Features MIC PCC [PCC| MIC ranking [PCC| ranking
w 0.356 -0.291 0.291 1 3
Sn 0.337 -0.262 0.262 2 6
Mo 0.335 -0.267 0.267 3 5
Hf 0.328 -0.083 0.083 4 13
Ti 0.324 0.196 0.196 5 7
Si 0.322 -0.02 0.02 6 15
Y 0.319 0.39 0.39 7 1
Cr 0.282 0.279 0.279 8 4
Zr 0.272 0.099 0.099 9 12
Fe 0.25 -0.171 0.171 10 10
Sc 0.25 0.293 0.293 10 2
Al 0.217 -0.029 0.029 12 14
B 0.214 0.007 0.007 13 16
C 0.146 -0.126 0.126 14 11
Ge 0.146 -0.181 0.181 14 8
Re 0.146 0.18 0.18 14

9 W, 34 P29 3 P2 I D4 1§ o
= P

aoln AEel mAE ako] SRsl Yepme
e MICSH [PCCES 7HAE 2oz 88 4 glok.

32 7|AIEE

Figure 33} 4= 2z} MIC, [PCC| =719] A2 714
Bhol] AR8-3F input feature®] =0 2 Lg]EE R*E
HojZt) [PCC| 71F input featured] 7H7) 570 WS
AL, 25 Edo|A input feature’} 19 W R*= 7}
A2 S BAT ol AL 7o A EE AT
o] HslE AgelA o53l7] o]H 7] Wil yehd Az
olt}. M=t e} o] 9o E4ol= oy Wit o]
F= 2] 47 38 W T B2 8]lo] ZESi &
3h A H S 2 input feature®] 7} S71EFEE R? G4
S7Fhe AEE Ro|A|uh A¥H o= F5isth vl

= AN = R 7AISKE] Y10l He Ao
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Fig. 3. Coefficient of determination (R?) of machine learning
model using four algorithms; random forest (RF), nearest
neighbor (NN), Bayesian ridge regression (BR), support vector
machine (SVM). Results of correlation analysis with MIC was
employed as a function of number of top ranking features.
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Fig. 4. Coefficient of determination (R?) of machine learning
model using four algorithms; random forest (RF), nearest
neighbor (NN), Bayesian ridge regression (BR), support vector
machine (SVM). Results of correlation analysis with [PCC|
was employed as a function of number of top ranking features.
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Fig. 5. Average values of R? obtained from machine learning
model with separate algorithms and correlation analysis.

4. Conclusion
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