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[Objective] Aiming at handling the current situation that there are high barriers impeding materials
science researchers to take advantages of machine learning algorithms, this article focuses on
developing a user-friendly and highly automated machine learning system for material data mining
named Auto-Mat. [Methods] We have integrated some existing methods and machine learning
algorithms in MatMiner and scikit-learn, and defined a data dictionary to read data from different

material calculation databases. At the same time, we have developed some algorithms for feature
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selection and processing. [Results] It can provide the system with a visual interaction and display interface for data

mining and machine learning modules under a unified data format. With the optimized algorithms, the performances of

models are improved. [Limitations] For data acquisition, currently only the data in the MatMiner API can be obtained,

and the writing of related code is also fully synchronized with the MatMiner API. So the scalability is poor. Moreover,

at present, the execution speed of some core algorithms needs to be improved. [Conclusions] Through this system,

users can read data from several mainstream databases such as Materials Project in one shot and quickly build their own

material data mining workflow. In the end, a comparative analysis of two cases shows that our platform has a positive

effect on reducing the barriers for users to use machine learning methods on material data mining.

Keywords: materials science; data mining; visual interactive interface; data summary; feature extraction; simulated annealing

algorithm; MatCloud
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Table 1 Semantic text fragments

1B A Tband_gapff) A Bt

{‘Property Name’: {
‘BandGap’: {
{
‘MaterialsProject’: “band_gap’,
‘MDEF’: ‘Band Gap’
}

1
‘Units’: {
‘BandGap’: {
{
‘MaterialsProject’: ‘eV’,
‘MDF’: ‘mV’,
‘OurStandard’: ‘eV’
}
}
}

}
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Table 2 Performance comparison of feature reconstruction

algorithms
Wi Zgifxﬁ%i HHER AL
RMSE 1.38 0.78
R2-Score 0.41 0.81
Pearson Coefficients 0.77 0.90
Spearman Coefficients 0.54 0.77
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Table 2 Performance comparison of hyperparameter optimization

algorithms
P AR AL S HA
BRNZHO
RMSE 1.38 0.82
R2-Score 0.41 0.67
Pearson Coefficients 0.77 0.85
Spearman Coefficients 0.54 0.70
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Fig.6 User input interface-case 1
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Correlation Heat-map
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Fig.7 Feature correlation heatmap-case 1
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Table 4 Correlation between the filtered features after the third

stage and the target values-case 1

FHIEA R 5 HPMERI AR R R 5
mean wt CN_2 -0.1256
max packing efficiency.1 -0.1197
wt CN_6 -0.1859
mean row -0.0046
compound possible 0.4690
std_dev row 0.0136
bond #4 -0.0841
fraction electrons -0.1233
std_dev wt CN_1 0.3843
maximum GSmagmom 0.0050
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Fig.8 Feature weight distribution in feature recombination
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Result
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Spearman-Coefficients:0.9329854476407039
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Fig.10 Reliability evaluation interface-case 1
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Table 6 Semantic text fragments-case2

B SOCA R S T AR SRR 1 B

{‘Property Name’: {

‘elasticity. K_VRH’: {
‘MaterialsProject’:’elasticity. K_VRH’,
‘Ctrination’: ‘Bulk modulus’

}
1
“Units’: {

‘elasticity. K_VRH’: {

‘MaterialsProject’: ‘GPa’,

‘MDF’: “ GPa *,

‘OurStandard’: * GPa °
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Fig.13 Feature correlation heatmap-case 2
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Table 7 Correlation between the filtered features after the third

stage and the target values-case 2

FRAE 44 R 55 HFRMERIARC R EL
range NUnfilled 0.4514
minimum local difference -0.1821

S5 MR R Sl 2] THIERS UL

(83
REE R 5 HAMERIAR R 5
mean Column -0.0546
bond #0 0.0412
bond #3 0.2903
bond #4 0.3283
local difference in
MendeleevNumber 0039
std_dev melting_point 0.1888
mean local difference in MeltingT 0.2480
bond #2 0.2513

3.2.3 BAN %

AL )RR B BRI, R BLE
Pl P A G MBI, b iz P A R SRR ) &
5 (SVR) ISk I st i i b i &0, mJ LA
H SVR BHIEFRh R B S 4, W 14, ECFFRE
A, B P ] BL Y kernel A1 epsilon 954N 2 %
kernel Z#{ 7y SVR M %, N7 fraisg =, BRIA
fE A2 “rbf”; epsilon A& 2246 RS AT IE DI )~ 187 244
ERIME A 0.1,

Hyperparameter Setting
kernel

undefined
epsilon

01

Use Orthog Annealing alg

to optimize Hyper Parameters automatically.

B 14 ZFFEEMFSHEERE - £ 2

Fig.14 Support vector regression parameter setting interface-case 2
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