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ABSTRACT The elastic modulus is an important performance parameter that measures the ability of materials to resist deformation
and is critical for assessing their reliability and stability. Thus, the elastic modulus serves as a guide in engineering design and material
selection, and finding materials with specific elastic properties is a hot issue in the field of novel materials synthesis. Predicting elasticity
quickly and accurately is of great significance in engineering. It is not practical to measure the elastic properties of many materials using
practical experiments because this requires a significant amount of time and cost. For many material samples, each sample needs to be

tested and analyzed, which is a time-consuming and expensive task. Thus, screening material data through computer simulation,
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choosing candidate materials, and then confirming them through actual experiments is an ideal method for new material discovery.
Currently, the main calculation methods for material performance prediction are first-principles high-throughput calculation, which is
inefficient and difficult to efficiently complete the high-volume material screening. Machine learning prediction methods based on
material statistics can rapidly predict material properties through big data mining, which has become a possible alternative to high-
throughput computing. In this work, the feature selection method and machine learning model are integrated to choose the most effective
combination scheme for elastic modulus prediction, and an interactive interface is developed to perform a visual analysis of the
relationship between input features and elastic properties of materials. For the analysis of the prediction results, the root mean square
error (R,.) and R-Square (R) are employed as evaluation indicators for the performance of the prediction model. The experiment shows
that the Pearson/RFE/LASSO-GBDT combination model possesses the best performance. On the other hand, by visualization analysis, it
is revealed that the energy of each atom, melting point, density, and other characteristics have a great effect on the prediction results.
These important characteristics can be utilized to preliminarily predict the range of elastic moduli from the feature—target relationship,
and the value of target attributes can be used for the estimation of important characteristics of materials. These findings can be applied to
investigate the influencing factors of elasticity, predict the properties of large quantities of materials, and guide the synthesis of materials

by visualization analysis. This work has certain significance for guiding the discovery of novel materials and exploring the influencing

factors of material properties.

KEY WORDS feature selection; machine learning; elastic property prediction; visualization; data mining
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a7 28 SRR B AR BE AL 73 B 10 41, DL Ry
R AE RV 8 bR, s B Y B T 14 fie.
2.1 FTMERSHH

BT MBI ZREE, Xt 9 FhAS [F] A4 [a] 19 20 5 53k
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15518 7E Pearson-GBDT #5781 I~ [ 15 S i — 1 U 4 1T,
LS MER N AN (TR EAS

gt G5 1, &£ 2 Al LLE Y, Pearson, RFE Al
LASSO iX = Fft ¢ 1iF $2& B 7 v 09 00CR 55 A A1 [
Pearson #l1 RFE F§ 4 F LASSO. 7 [7] 5 £ 7Y 35 $&
-, GBDT X - #5511 B 008 e i, SVR 5

1 HGHRIX 4 FhEbAL R TINAE R (R 10)

Table 1 Prediction results of the four elastic moduli of the combined model (R,,.)

Featu're Regression Model parameters fime
extraction model G, G, K, K,
Pearson LASSO 2=0.01 2527 2448 2926 28.12
Pearson SVR kernel="rbf', C=1000, gamma=0.01, epsilon=0.01 19.66  18.11 19.15 17.90
Pearson GBDT n_estimators=1500, max_features=None, subsample=0.6, learning_rate=0.03  4.31 3.87 4.62 4.45
RFE LASSO 2=0.01 2527 2448 2926 28.12
RFE SVR kernel="rbf', C=1000, gamma=0.01, epsilon=0.01 19.66  18.11 19.15 17.90
RFE GBDT n_estimators=1500, max_features=None, subsample=0.6, learning_rate=0.03 ~ 4.37 4.03 4.54 4.38
LASSO SVR kernel="rbf', C=1000, gamma=0.01, epsilo n=0.01 19.66  18.11 19.15 17.90
LASSO GBDT n_estimators=1500, max_features=None, subsample= 0.6, learning_rate=0.03  4.325 393 4.56 4.35
— MLP hidden_layer sizes=(30), activation="relu’, solver="adam', max_iter=10000 18.12  16.09 21.14 19.17
F2 AGERIN 4 PP R TN AER (RMH)
Table 2 Prediction results of four elastic moduli of the combined model (R? value)
Feature Regression S
extraction model Model parameters G, G, K, K,
Pearson LASSO =0.01 0.57 0.62 0.83 0.83
Pearson SVR kernel="rbf', C=1000, gamma=0.01, epsilon=0.01 0.72 0.77 0.9 0.91
Pearson GBDT n_estimators=1500, max_features=None, subsample=0.6, learning_rate=0.03  0.77 0.8 0.9 0.91
RFE LASSO =0.01 0.57 0.62 0.83 0.83
RFE SVR kernel="rbf', C=1000, gamma=0.01, epsilon=0.01 0.72 0.77 0.9 0.91
RFE GBDT n_estimators=1500, max_features=None, subsample=0.6, learning_rate=0.03  0.77 0.8 0.9 0.91
LASSO SVR kernel="rbf', C=1000, gamma=0.01, epsilon=0.01 0.72 0.76 0.9 0.91
LASSO GBDT n_estimators=1500, max_features=None, subsample=0.6, learning_rate=0.03  0.76 0.8 0.9 0.91
— MLP hidden_layer_ sizes=(30), activation="relu’, solver="adam', max_iter=10000 0.71 0.75 0.9 0.9
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Fig.2 Plot of true and predicted values of the best prediction model for four elastic moduli
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Table 3 Relative impact rates and rankings of the four most important
feature descriptors

Elastic Serial Feature Relative impact
modulus number descriptors rate/%
1 Energy per atom 46.1
2 Melting point 1 14.3
G;
3 Melting point 2 13.4
4 Energy 7.8
1 Energy per atom 47.1
2 Melting point 1 133
Gv
3 Melting point 2 12.6
4 Energy 52
1 Energy per atom 47.0
2 Density 13.4
Le
3 Melting point 2 8.7
4 Melting point 1 8.6
1 Energy per atom 48.2
2 Density 12.7
KV
3 Melting point 2 12.0
4 Melting point 1 8.4

P T AT DA S AH WAy T G SHEAR AT 1) A 1 251
B B i - BE K, B9 TN OC R K] 4(c) Y, R
JiT-RE R 2 eV, W] K, 1978 [l KR ETE 0~ 100 GPa;
[F) FE 45 © 1 K, M 300 GPa, W K4 R () 45 )5 1 fig 12
KAEFE 8 ~ 10 eV Z 1] X AL AT LU T 44 %) 5
PRSI )RR (AN 7 2 B RE BA 1 B AR ), BT
i AR B0 R A nT LUAR 4 BT 7 1 PR H bR
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