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Fig. S1 Pairwise Pearson correlation coefficient heatmap of the 34 features screened from the

291 features.
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Fig. S2 Confusion matrices of the (a) ABC-23, (b) GBC-23, (¢c) LRC-23, and (d) RFC-23 models.
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Fig. S3 ROC curves of the (a) ABC-23, (b) GBC-23, (c) LRC-23, and (d) RFC-23 models.
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Fig. S4 The (a) confusion matrix and (b) ROC curve of the XGBC-ref model.
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Fig. S5 Performance of the RFR-144, GBR-144, and ABR-144 regression models.
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Fig. S6 Performance of the XGBR-ref model that was trained on the dataset of ref 22.

Table S1 The 23 optimal features and the 11 removed features during feature selection for

classification model training.

23 optimal features

BL AB ratio, IR _AB ratio, B2 HOMO, Bl LUMO, EN B+,
EN AB avg, Bl ZR, Bl ME, ME B-, ME AB avg,
ME AB ratio, IV _AB avg, IV _AB diff, IV _AB ratio,
CR_AB diff, AR AB diff, AV B+, MN B+, FIP AB ratio,

SHC AB_diff, EC B+, EC_AB_diff, EC_AB_ratio

11 removed features

IR AB diff, AENo*OF, ME B*, ME AB diff, BI 1V,
CR_AB ratio, BI AR, AR _AB ratio, AV _AB_avg, AV AB_diff,

AV _AB ratio




Table S2 Hyperparameters for various machine learning models.

Model Hyperparameter Model Hyperparameter
ABC-23 'learning_rate': 0.5, ABR-144 'learning_rate': 0.2
'n_estimators': 250 'n_estimators': 100
GBC-23 'max_depth': 6, GBR-144 'max_depth': 5

i 'n estimators': 150
'n_estimators': 250 -

LRC-23 'C": 100, RFR-144 'max_depth': 13
‘penalty’: 12" 'n_estimators': 200
RFC-23 'max_depth': 13, XGBR-144 'max_depth': 6
'n_estimators': 100 'n_estimators': 100
XGBC-23 'max_depth': 13,

'n_estimators': 100




Table S3 Comparison of the Ej, values predicted by the XGBR-144 model and calculated by

density functional theory that are not included in the input dataset.

Formula E,-DFT E,-predicted Formula E,-DFT E,-predicted

(meV atom™!) (meV atom!) (meV atom™!) (meV atom!)

Ba,Ca0sOq ! 0 9 BaPdO; 29 1
Ba,CeZrOg? 24 19 CaFeO;? 52 0
Ba,CePtOg 0 0 EuHfO;* 0 6
Ba,CeH{Oq 23 18 EuNbO;° 24 6
Ba,DyNbOg 0 2 EuVO;*¢ 43 0
Ba,ErNbOg ’ 0 8 PrCuO;%° 25 7
Ba,EuReOg '? 0 5 SrFeO; ! 0 0
Ba,HoMoOg 0 0 YbTaO; 2 26 0
Ba,HoNbOg '3 0 0 BaTaO; 4 32 6
Ba,LuMoOg ' 0 7 KReOj; ¢ 37 14
Ba,LuNbOg !’ 0 0 NaReO; ¢ 42 11
Ba,LuRuOg ' 0 18 SrNiO; 19 46 0
BazLUSbOG 20 1 BZQBiL&Oﬁ 21 28 30
Ba,LuTaO¢ > 0 Ba,BiDyOg?! 3 36
BaszVO6 23 5 BazBiC606 21 48 38
BaszFeO6 0 BazBiSmO6 21 8 35
BaszInOG 3 BazBlGdO6 21 6 26
BazsmMnO6 26 BazBlTbOG 11 37
Ba,TaTlOg 22 Ba,BiLuOg 2 32



Ba, TmNbOgq
Ba,TmRuOg¢
Ba,TmMoOgq
Ba,ZrSnOgq
Ba,ZrTiOg
Ba,LaFeOg¢

BaSrMo,0¢

BaSrCoWOg %

Sr2HfSnOg¢
Sr2HfTiOg
Sr2HfFeOg
Sr2HfCrOg
Sr2H{ZrOq
SroNiRuOg >
Sr, VWO, 26
Sr,FeCo0Og %’

Sr,FeHfO¢ 28

42

47

15

19

22

42

33

44

13

20

42

25

33

30

20

19

18

12

Ba,BiYOq
Eu,CrSbOg
Eu,CrSnOg
Eu,FeWOq
Eu,HfTiOg
Eu,HfSnOg
Eu,HfFeOg
Eu,LuTaOgq
Eu,MgWOg¢
EuyMnWOgq
Eu,;NbFeOg
Eu,NiWOg
Eu,TaAlOg
Eu, TiNbOg
Eu,TmTaOg¢
Eu,VWOq

Eu,ZnWOg

39

47

29

17

22

44

22

37

34

36

33

36

12

10

17
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