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Explainable Artificial Intelligence Analysis and Inverse Design

Jiwon Park"*, Su-Hyeon Kim?, Jisu Kim>®, Byung-joo Kim?, Hyun-seok Cheon®, and Chang-Seok Oh!

!Materials Digital Platform Division, Korea Institute of Materials Science, Changwon 51508, Republic of Korea.
2Advanced Metals Division, Korea Institute of Materials Science, Changwon 51508, Republic of Korea.
3School of Materials Science and Engineering, Pusan National University, Pusan 46241, Republic of Korea

Abstract: In this study, the Vickers hardness of precipitation-strengthened Al-Sc-X (X = Zr, Si, and Fe) alloys
were predicted using machine learning models, depending on the alloys’ compositions, solid-solution treatment
and aging conditions. The data used for machine learning were collected from the literature. Among the
models, tree-based ensemble models such as extreme gradient boosting and random forest performed well.
Then the feature impact on the model output was analyzed with SHarpely Additive eXplanation (SHAP).
Based on the SHAP analysis and prior domain knowledge, the process conditions were restricted to narrow
down the inverse design search space. Candidate alloys suggested by the optimization using a genetic
algorithm showed improved hardness values. The hardness prediction model and the inverse design-
suggested candidates were then experimentally validated. The accuracy of the hardness prediction model was
0.994, when the predicted hardness was 85.4 Hv, and the experimentally measured hardness was 84.9 Hv.
A specimen whose composition was close to the inverse-designed alloy was cast and heat treated according
to the suggested conditions. The inverse design showed an accuracy of 0.965. Exploring the entire combination
of possible feature space requires vast effort and time. An efficient search for materials with improved
properties can be achieved using an appropriate configuration of well-performing machine learning models
and explainable Al techniques guided by domain knowledge.
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Fig. 1. (a) The input data distributions and (b) the correlation analysis
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Fig. 2. Hardness prediction model results
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Table 1. The input data statistics
Sc Zr Si Fe ,Ee fng '?fnTe ?eg::s [}F%rlrllleg Hardness
mean 0.120 0.021 0.096 0.014 416.28 20.70 313.84 55.27 42.97
std 0.139 0.032 0.124 0.023 292.48 29.24 93.19 153.95 13.78
min 0.000 0.000 0.000 0.000 25 0 25 0. 14.0
25% 0.062 0.000 0.000 0.000 25 0 275 0.92 27.0
50% 0.066 0.000 0.048 0.000 630 20 300 3 43.0
75% 0.138 0.052 0.154 0.039 640 20 377 24 55.0
max 0.724 0.095 0.369 0.063 640 144 550 1440 91.0
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Fig. 3. Hardness prediction model performances

Sc CHoein AP fa B T
AgingTime A o o s o
AgingTemp ¢ ¢ mere
Si
SSTTemp
Zr
SSTTime

Fe

=20 -10 0 10 20
SHAP value (impact on model output)

Fig. 4. SHAP values of the features
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Table 2. Experimental validation of the hardness prediction model (XGB)

. SST SST Aging Aging
Sc Zr Si Fe Temp Time Temp Time Hv pred Hv exp Accuracy
0.5 0 0.511 0.0684 - 300 12 85.4 84.9 0.994
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Table 3. Candidates suggested from the genetic algorithm and the experimental validation

Alloy Sc Zr Si Fe Tse i;l;) ,?hsl;l; ?eg;f ?,lglflleg Hv pred Hv exp Accuracy
Candi.1 0.72 0 0.073 0.043 - - 300 12 90.21
Candi.2 0.45 0 0.073 0.044 - - 300 12 90.21
Exp. 0.7 0 0.0771  0.0443 - - 300 12 89.95 932 0.965
100 4
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80 1 B Validation
E 70 1 B Inverse Design
‘(;” 60
2 50 -
B 40 1
£ 30 -
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Alloy No.

Fig. 8 Comparison of collected dataset, experimental validation and inverse design results
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