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Abstract: To predict the mechanical properties of high-entropy alloys by machine learning, this study aimed to solve the
quantitative challenge that the independent contribution of a single parameter to process control is difficult to isolate from
correlated models. The core challenge of identifying quantitative causal effects lies not only in accurately identifying key
factors but also in quantifying the heterogeneity of these effects as they vary with respect to other factors. A quantitative
causal effect analysis framework that integrates physics-based feature engineering, machine learning modelling, interpretable
correlation analysis, and causal inference was proposed in this study, enabling accurate prediction of the mechanical
properties of high-entropy alloys and quantitative characterization of heterogeneous causal effects. By constructing physical
descriptors, the prediction accuracy is significantly enhanced, and the key factors influencing the predictions are identified
as the cold rolling reduction (CR) and the annealing temperature (AT). Ultimately, the quantitative causal effects of the two
factors on the mechanical properties are obtained: for a 10% increase in the CR, the ultimate tensile strength varies between
-13.0 and 92.0 MPa (with an average change of 50.1 MPa), and the elongation varies between -5.02% and 0.62% (with an
average change of -0.29%); for a 100 K increase in AT, the ultimate tensile strength varies between -164.9 and -57.2 MPa

(with an average change of -1 10.6 MPa), and the elongation varies between 5.2% and 11.2% (with an average change of
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8.3%). The wide range of effects is determined by the heterogeneity arising from the combinations of other weakly

correlated factors beyond the key factors, and the reliability of these effects is validated through other experimental

observations.
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Fig.1 Schematic diagram of the quantitative causal effect analysis framework
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Fig.2 Correlation analysis on the initial dataset
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Tab.1 Intrinsic element properties and their symbols

Element Feature Element Feature
property symbol property symbol
Melting point mp Heat of formation AfHOmM
Boiling point B.p Electron affinity X
Density p Van der Waals radius Rv
First ionization energy 11 Bulk modulus K
) . Coefficient of thermal
Specific heat capacity c . a
expansion
Atomic mass m Young ‘s modulus E
Molar volume Vm Work function
Enthalpy of fusion AH Covalent radius Re
Enthalpy of vaporization ~AHV Poisson's ratio v
Enthalpy of atomization DelHat Binding energy BE
Thermal conductivity A Atomic radius Ar
o Electronegativity
Electronegativity (Allen)  Xa ) Xp
(Pauling)
L Valence electron
Second ionization energy 12 . VEC
concentration
Shear modulus G Atomic volume Av
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Fig.3 Performance evaluation of the machine learning prediction models: (a) comparison of UTS prediction performance across all the
models; (b) comparison of EL prediction performance across all the models; (c) comparison between actual and predicted UTS values
using the XGBoost model; (d) comparison between actual and predicted EL values using the XGBoost model
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Fig.4 Selection of physical descriptors and evaluation of XGBoost model performance: (a) selection of physical descriptors for
influencing UTS; (b) selection of physical descriptors for influencing EL; (¢) performance evaluation of the UTS prediction model;
(d) performance evaluation of the EL prediction model
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Fig.5 Performance marginal plots after model establishment using original and new features: (a) grouped comparison of predicted and
measured UTS values using original features; (b) grouped comparison of predicted and measured elongation values using original
features; (c) grouped comparison of predicted and measured UTS values using important features; (d) grouped comparison of predicted
and measured elongation values using important features. In the figures, the orange points represent the high-plasticity region with high
EL and moderate UTS, the green points represent the high-strength region with high UTS and moderate EL, and the purple points
represent the strength-plasticity balanced region
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Fig.6 Influence of key feature factors on UTS prediction: (a) importance ranking of all features; (b) trend of SHAP values with respect
to the CR; (c) trend of SHAP values with AT. In (b) and (c), the trend lines are fitted using locally weighted scatterplot smoothing, and
the shaded areas represent the 95% confidence intervals estimated from 100 bootstrap resampling iterations
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Fig.7 Influence of key feature factors on EL prediction: (a) importance ranking of all features; (b) trend of SHAP values with respect to
the CR; (c) trend of SHAP values with AT. In (b) and (c), the trend lines are fitted using locally weighted scatterplot smoothing, and the
shaded areas represent the 95% confidence intervals estimated from 100 bootstrap resampling iterations
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Tab.2 Estimation of causal effects on the mechanical properties of HEAs

Property Key factor Causal effect 6 Standard deviation Upper bound Lower bound Unit
UTsS AT -1.106 0.197 -0.572 -1.649 MPa/K
UTS CR 5.011 2.632 9.264 -1.300 MPa/%

EL AT 0.083 0.011 0.112 0.052 %/K
EL CR -0.288 0.110 0.062 -0.502 %/%

5 8 AT il CR X} HEAs Jj=# M Re iy A AL 2406 < (a) UTS; (b) EL
Fig.8 Causal effects of AT and CR on the mechanical properties of HEAs: (a) UTS; (b) EL
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Fig.9 Validation of the causal effects of CR and AT on the prediction of the mechanical properties of HEAs on the basis of literature
data: (a) CR-UTS; (b) CR-EL; (c) AT-UTS; (d) AT-EL
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