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Supplementary Figure 1. Comparison of multi-dimensional indicators of databases!!-.
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Supplementary Figure 2. Silhouette Score and Davies—Bouldin Index as Functions of Cluster Number (k).

(A) Silhouette Score; (B) Davies—Bouldin Index.
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Supplementary Figure 3. Scatter plots and residual histograms of the XGBoost model for hydrogen
desorption. (A) In(Plateau pressure)/MPa; (B) Enthalpy/kJ/mol; (C) Entropy/J/(mol-K); (D) Max

Capacity/wt%.
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Supplementary Figure 4. Genetic algorithm optimization of alloys in the Mg—Ni—La system. (A)
Evolution of plateau pressure over generations; (B) Evolution of enthalpy over generations; (C) Evolution
of entropy over generations; (D) Evolution of hydrogen storage capacity over generations; (E) Evolution of

temperature over generations; (F) Distribution of the potential optimal alloys in the original database.



Supplementary Table 1. The DOIs of all references included in the FIND database

No. DOI

1 10.1016/j.ijhydene.2012.12.100
2 10.1016/j.ijhydene.2009.08.064
3 10.1016/j.ijhydene.2024.04.214
4 10.1002/smll.202309609

5 10.1007/s11837-021-04952-z

6 10.1007/s42243-019-00337-4

7 10.1016/j.ijjhydene.2010.01.017
8 10.1016/j.ijjhydene.2007.01.012
9 10.1016/j.jallcom.2024.174315
10 10.1016/j.ijhydene.2013.07.073
11 10.1016/j.ijjhydene.2008.11.102
12 10.1016/j.jallcom.2022.165355
13 10.1016/j.pnsc.2017.08.012

14 10.1016/j.jallcom.2022.168466
15 10.1016/j.jallcom.2022.167024
16 10.1016/j.powtec.2018.08.085

17 10.1016/j.jallcom.2021.159925
18 10.1016/j.ijhydene.2020.02.086
19 10.1016/j.ijjhydene.2021.05.017
20 10.1016/j.ijjhydene.2021.02.179
21 10.1016/j.jallcom.2021.160905
22 10.1016/j.ijjhydene.2016.07.091
23 10.1016/j.ijhydene.2017.01.194
24 10.1016/j.ijjhydene.2017.04.247
25 10.1016/j.ijjhydene.2014.12.089
26 10.1016/j.ijjhydene.2017.11.163
27 10.1016/j.jallcom.2022.164605
28 10.1016/j.jallcom.2021.160035
29 10.1016/j.jallcom.2021.161181
30 10.1016/j.ijjhydene.2022.01.058
31 10.1016/j.ijjhydene.2021.06.019
32 10.1016/j.jallcom.2015.12.125
33 10.1016/j.ijjhydene.2019.02.172
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67

10.1016/j.ijjhydene.2018.02.103
10.1016/j.jallcom.2017.02.166
10.1016/j.energy.2018.10.121
10.1016/j.jallcom.2018.03.154
10.1007/s40195-022-01403-9
10.1016/j.jallcom.2020.156075
10.1016/j.ijhydene.2022.09.227
10.1016/j.ijhydene.2018.12.144
10.1016/j.ijjhydene.2018.08.046
10.1016/j.renene.2018.09.072
10.1016/j.jallcom.2021.161785
10.1016/S1003-6326(21)65717-5
10.1021/acsami.7b13541
10.1016/j.ijhydene.2023.03.307
10.1016/j.ijhydene.2019.11.242
10.1016/j.pnsc.2018.07.006
10.1016/j.jallcom.2015.02.138
10.1016/j.ijjhydene.2017.01.080
10.1016/j.jallcom.2017.10.075
10.1016/j.jallcom.2023.169935
10.1016/j.ijjhydene.2021.03.247
10.1016/j.renene.2020.02.035
10.1016/j.ijhydene.2021.08.143
10.1016/j.jallcom.2022.165273
10.1016/j.jallcom.2021.160883
10.1016/j.ijjhydene.2017.04.089
10.1016/j.ijhydene.2015.09.157
10.1016/j.cej.2023.142837
10.1016/j.ijhydene.2019.03.241
10.1016/j.pnsc.2017.09.007

10.1016/j.matchemphys.2023.127407

10.1016/j.ijhydene.2023.11.045
10.1016/j.jallcom.2021.162145
10.1016/j.renene.2019.05.052
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68 10.1016/j.ijjhydene.2022.03.018
69 10.1016/j.jallcom.2015.03.196
70 10.1016/j.jallcom.2022.167947
71 10.1016/j.jallcom.2013.09.141
72 10.1016/j.jallcom.2014.12.045
73 10.1016/j.cej.2024.153489

74 10.1016/j.jallcom.2023.169893
75 10.1016/j.jallcom.2019.03.134
76 10.1016/j.ijjhydene.2022.10.098
77 10.1016/j.jallcom.2023.173163
78 10.1016/j.ijhydene.2019.05.005
79 10.1016/j.ijhydene.2023.07.049
80 10.1039/d3ra01131c

81 10.1016/j.matchemphys.2023.128362
82 10.1016/j.ijhydene.2022.09.027
83 10.1557/s43578-022-00555-9
84 10.1016/S1003-6326(18)64893-9
85 10.1016/j.jallcom.2023.170551
86 10.1016/j.jallcom.2021.161629
87 10.1016/j.jallcom.2022.166992
88 10.1016/j.jallcom.2015.04.074
89 10.1016/S1003-6326(19)65014-4
90 10.1016/j.jallcom.2014.10.097
91 10.1016/j.ijhydene.2021.06.137
92 10.1039/d3ta02197a

93 10.1016/j.ijjhydene.2024.09.014
94 10.1016/j.renene.2024.121117
95 10.1016/j.pnsc.2024.02.008

96 10.1016/j.ijhydene.2021.02.184
97 10.1016/j.ijjhydene.2019.04.281
98 10.1016/j.ijjhydene.2015.12.099
99 10.1016/j.ijhydene.2019.01.216
100 10.1016/j.ijhydene.2019.01.148

101 10.1016/j.ijhydene.2018.11.173
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103 10.1016/j.matchar.2021.111583
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105 10.1016/j.ijjhydene.2021.12.110
106 10.1016/j.ijhydene.2024.08.198
107 10.1016/j.ijhydene.2024.09.141
108 10.1016/j.jallcom.2023.171219
109 10.1016/j.jallcom.2024.177324
110 10.1016/S1002-0721(12)60358-5
111 10.1016/j.ijhydene.2024.10.128
112 10.1016/j.ijjhydene.2017.05.179
113 10.1016/j.energy.2022.124888
114 10.1016/j.jpowsour.2019.05.093
115 10.1016/j.jmst.2019.03.037

116 10.1016/j.renene.2020.05.043
117 10.1016/j.ijhydene.2022.06.013
118 10.1016/j.ijhydene.2022.01.212
119 10.1016/j.jallcom.2021.163118
120 10.1016/j.scriptamat.2019.12.009
121 10.1016/j.pnsc.2024.07.011

122 10.1016/j.ijhydene.2018.11.104
123 10.20964/2019.01.38

124 10.1016/j.ijhydene.2018.07.090
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126 10.1016/j.intermet.2015.03.002
127 10.1016/j.ijhydene.2023.03.100
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10.1016/j.jallcom.2014.12.098
10.1016/j.ijhydene.2012.11.107
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10.1016/j.ijjhydene.2022.06.108
10.1016/j.ijhydene.2024.03.231
10.1021/acs.jpcc.6b08291
10.1016/j.pnsc.2017.03.010
10.1016/j.jre.2019.05.012
10.1016/j.ijjhydene.2020.11.195
10.1016/j.ijhydene.2016.09.049
10.1016/j.jre.2023.11.005
10.1016/j.jpcs.2022.110744
10.1016/j.electacta.2015.10.055
10.1016/.jmst.2020.02.042

9



No. DOI

170 10.1016/j.jallcom.2008.12.018
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181 10.1039/C6RA01585A

182 10.1016/j.jallcom.2020.154354
183 10.1016/S0925-8388(03)00222-6
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Supplementary Table 2. Unsupervised Clustering Alloy Example

Cluster Some chemical components

Ve5T115Cra« V70T110Cr20. Ti2CrV. V75TisCrao. TizsV26CroMnag .
V70Ti10Cr20. Ti36V26CroMnag, Ti32Cra3Vas, TizgCrasVaoFes.
0 Ti32Crs0VasFes. TiCrsVie. Ti30Cr2aVaoFes. TiCr3VieCeoi. VesTi15Crao.
Vs Tia1Cr73Alo.0s. Ti2oCrasVaoFes, Tiz0CraaVaoFes. TiViiCrosMnos, Ti7Cr27VaoFes.
Ti32Cr38VasFes, TiCr3VigCeo2. TiCr3VisCeo.s

NdsMgssAlio. MgosAls, MgosAlsY . MgooAlio. MgosAlsYa, MgsaNdgAlio.
1 MgonAlsYs. NdoMgssAlio. MgosAlsiZraz. MgssNitoLas. MgosYsZna,
MgosNiie7Laoss. PrsMgooNis. MgssNioLasY . MgooAlsYs., MgooCesYs. MgooCesSms

TiCri.1MnosFeos. Tii.02Cri.iMnosFeos. Tii04CriiMnosFeos.
TissaFessaZr255Mness. TisasFeassZrrsMnesNba. TiossZro.17Cri2Feos.
Tio.95Zr0.0sMn1.1Cr0.7Vo2. Ti0.94Z10.06Mn1.1Cro.7Vo2. TiCri25sMno.7s.
Ti0.93Z10.07Mn1.1Cr0.7Vo2. Ti0.95Z1r0.0sMn13Cro5V02. TiCri.sMnos.
Ti0.95Z10.0sMno.9Cro9Vo2. Ti1.02Cri.1MnosFeo.sLao.o3.
Ti1.02Cr1.1MnosFeo.6Ceo.03. Ti1.02Cr1.1Mno.sFeo.sHoo.03
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Supplementary Table 3. Comparison of predicted hydrogen desorption properties between this
study and literature models

Target ML Model MAE RMSE MAPE R?
In(Peq) SVMI®! 0.216 0.293 - 0.974
In(Pey) XGBoost 0.366 1.384 30.40%  0.887
In(Pey) RF 0.495 1.610 46.69%  0.808
[n(Pey) GradientBoosting ~ 0.342 1.277 29.57%  0.879
In(Peg) CatBoost 0.310 1.192 25.80%  0.895
AH GBDT!® 1.428 1.907 - 0.825
AH XGBoost 0.983 2.281 2.70% 0.987
AH RF 1.396 2.616 3.88% 0.983
AH GradientBoosting 0.728 2.128 1.99% 0.989
AH CatBoost 0.832 2.628 2.15% 0.983
A8 XGBoost 3.642 8.582 3.71% 0.892
A8 RF 5.033 9.595 5.12% 0.864
A8 GradientBoosting  2.993 8313 3.06% 0.898
4S8 CatBoost 3.104 8.626 3.19% 0.890
Hawt% GBDTI®! 0.075 0.100 - 0.644
Howt% XGBoost 0.101 0.181 5.60% 0.984
Howt% RF 0.111 0.195 6.48% 0.981
Hwt% GradientBoosting 0.097 0.188 5.20% 0.982
Howt% CatBoost 0.092 0.178 5.11% 0.984

Note: The forward model developed in this study is indicated in italics.
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Supplementary Table 4. Four ML models' training hyperparameters (absorption and desorption)

Model Absorption Desorption
model _estimator _subsample: 0.6 model _estimator _subsample: 0.6
model _estimator _reg lambda: 1 model _estimator _reg lambda: 1
model _estimator _reg_alpha: 0 model _estimator _reg_alpha: 0
model estimator n_estimators: 1000 model estimator _n_estimators: 1000
XGBoost o o o o
model _estimator _max_depth: 5 model _estimator _max_depth: 5
model _estimator _learning_rate: 0.05 model _estimator _learning_rate: 0.05
model _estimator _gamma: 0 model _estimator _gamma: 0
model _estimator _colsample bytree: 0.8 model _estimator _colsample bytree: 0.8
model _estimator _n_estimators: 100 model _estimator _n_estimators: 400
model _estimator _min_samples_split: 5 model _estimator _min_samples_split: 2
RandomForest model _estimator _min_samples_leaf: 2 model _estimator _min_samples_leaf: 2
model _estimator _max_features: 0.8 model _estimator max_features: 0.8
model estimator max_depth: None model estimator max_depth: 20
model _estimator _subsample: 0.8 model _estimator _subsample: 1.0
model _estimator _n_estimators: 1000 model _estimator _n_estimators: 1000
model _estimator _min_samples_split: 5 model _estimator _min_samples_split: 5
GradientBoosting model estimator min_samples_leaf: 2 model estimator min_samples_leaf: 4
model _estimator _max_features: 0.6 model _estimator max_features: 0.8
model _estimator _max_depth: 4 model _estimator _max_depth: 5
model _estimator _learning_rate: 0.1 model _estimator _learning_rate: 0.1
model _estimator _min_data_in leaf: 15 model estimator min_data_in_leaf: 10
model _estimator _learning_rate: 0.05 model _estimator _learning_rate: 0.07
model _estimator 12 leaf reg: 1 model _estimator 12 leaf reg: 5
model _estimator _iterations: 1500 model _estimator _iterations: 1500
CatBoost model _estimator __grow_policy: model _estimator __grow_policy:

Depthwise

model _estimator _depth: 6

model _estimator _bootstrap type:

Bayesian

Depthwise

model _estimator _depth: 8

model _estimator _bootstrap type:

Bernoulli
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Supplementary Table 5. Residual mean and standard deviation for training and testing sets on
hydrogen absorption/ desorption Side (CatBoost)

Ab De

Train Test Train Test

u c u o T c u c
Plateau pressure/MPa 0.03 0.30 0.14 0.66 0.02 0.37 0.18 1.18
Enthalpy /kJ/mol -0.00 0.61 0.01 1.74 0.00 049 0.19 2.62
Entropy/J/(mol-K) 0.00 2.33 0.41 7.12 -0.00 2.23 -0.57 8.6l
Max Capacity/wt% -0.00 0.08 -0.01  0.18 -0.00 0.07  0.01 0.18
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Supplementary Table 6. Twelve potential optimal Mg—Ni—La alloy—temperature combinations

identified by the GA
Entropy
Temperat Plateau Enthalp Max
Numb
Components ure Pressure/M y/ Capacity/wt
er J/(mol-
/K Pa kJ/mol %
K)
1 Mgo.856N10.095L.a0.050 488.3 0.036 77.3 128.9 6.09
2 Mgo.938Ni0.061La0.001 479.3 0.049 75.7 138.5 6.03
3 Mgo.930Ni0.069La0.001 467.1 0.048 72.6 134 6.01
4 Mgo.977N10.022L.a0.001 450.2 0.111 74.4 142.1 6.57
5 Mgo.971N10.028L.a0.001 450 0.093 74.9 145.6 6.55
6 Mgo.956N10.0251.20.020 450 0.050 74.6 131.1 6.03
7 Mgo.976N10.0231.20.001 450 0.111 74.4 144 6.63
8 Mgo.954N10.027L.20.020 450 0.047 74.6 130.8 6.01
9 Mgo.953N10.025La0.022 450 0.048 74.2 131.2 6
10 Mgo.952Ni0.028L.a0.020 450 0.044 74.7 130.8 6.01
11 Mgo.956Ni0.023La0.021 450 0.055 74.3 128 6.06
12 Mgo.955Ni0.023L.a0.022 450 0.051 73.8 128.7 6.05
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