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Model (g,) R RMSE | MAE Model (g) R RMSE | MAE

Light Gradient Boosting Machine 0.84 0.12 0.05 Light Gradient Boosting Machine 0.67 0.26 0.16
Extreme Gradient Boosting 0.81 0.13 0.06 Random Forest 0.62 0.28 0.18
Random Forest 0.81 0.13 0.06 Extreme Gradient Boosting 0.62 0.28 0.18
Gradient Boosting Regressor 0.79 0.14 0.07 CGCNN 0.59 0.29 0.19
CGCNN 0.74 0.14 0.07 Gradient Boosting Regressor 0.58 0.30 0.19

Ridge Regression 0.73 0.16 0.08 Ridge Regression 0.49 0.33 0.22
Bayesian Ridge 0.72 0.16 0.08 Bayesian Ridge 0.47 0.33 0.22
Orthogonal Matching Pursuit 0.70 0.16 0.09 Linear Regression 0.46 0.34 0.22
Support Vector Machine 0.59 0.19 0.11 Orthogonal Matching Pursuit 0.44 0.34 0.24

K Neighbors Regressor 0.57 0.20 0.11 K Neighbors Regressor 0.32 0.38 0.26
Decision Tree 0.56 0.20 0.09 Support Vector Machine 0.30 0.38 0.26

Huber Regressor 0.54 0.21 0.13 Huber Regressor 0.29 0.39 0.27
Elastic Net 0.48 0.22 0.13 Elastic Net 0.25 0.40 0.27
AdaBoost Regressor 0.48 0.22 0.17 Lasso Regression 0.22 0.41 0.28
Lasso Regression 0.45 0.22 0.14 AdaBoost Regressor 0.19 0.41 0.32
Passive Aggressive Regressor 0.09 0.28 0.20 Decision Tree 0.18 0.41 0.26
Lasso Least Angle Regression 0.00 0.30 0.22 Lasso Least Angle Regression 0.00 0.46 0.32
Linear Regression -0.13 0.26 0.09 Passive Aggressive Regressor -1.87 0.73 0.58

Table S1. R?, RMSE, and mean absolute error scores for the 18 predictive ML models for the

electronic (left, &) and ionic (right, &) contributions.

MP Database ABO3 Perovskites
-

var_NeighDIff_shelll_Number
i er

shel
MeighOiff_shellL”Atom 075
range_NeighDIft_shell1_Atomickieight

X (shelll_s f
max NelghDi shel _atomicyeight L ors
1 Atomic Weight g
var_NeighDiff_shell3_Column -
DT she n -

range_NeighDiff she
\ar.

range_Neig el
var_NeighDiff shel1_spaceGrouphum

min_NeighDIff_shell1”SpacaGrouphlumi
range_NeighDiff_shell1_SpaceGroupNumb

maxdfF Number

max_Number

maxdiff_AromicWeight 0o

U
g Nuniked |
X NUNiled |

o in Spacemaie
poly._electionic
poly_janic

and

paly_el

i, Spacedrocpu

Figure S1. Correlation matrix of the dielectric constant (er) with the (a) MP database and (b)

ABO:s perovskites.
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Figure S2. (a) A- and B-site element groups of the 216 calculated ABOs perovskites, (b) 89

perovskites with values over the median of the dielectric constants, and (c) 49 structures with

values over the median values for both electronic and ionic contributions.

Materials Properties Algorithms Reference
group
Thermodynamic stability ET and KRR [1]
Stable, metastable GBDT [2]
Formability, cubic structure stability RF and GBR [3]
ABOs Formation energy, bandgap GBR [4]
perovskites | Curie temperature SVM [5]
Maximum magnetic entropy change GPR [6]
Ionic conductivity SVM [7]
Specific surface area (SSA) SVM [8]
Stability GBR and CNN [9]
Bandgap ACE [10]
Stability ERT [11]
ABXG Formability and stability SVM [12]
. Formability and interfacial properties SVM [13]
perovskites -
Phase stability XGBoost [14]
Bandgap RF [15]
Dielectric breakdown strength KRR, RF and LASSO [16]
Stability, bandgap and spontaneous polarization | GBC and GBR [17]

Table S2. Previous studies for predicting materials properties of ABOs and ABX3

perovskites. [18]




Total . .
Materials grou dielectric it Tonic Reference
group contribution | contribution

tensor
Ternary oxides O O O [19]
Inorganic compounds O O O [20]
Binary non-oxides, ternary fluorides O O O [21]
Inorganic materials O - - [22]
Metal oxides O O @) [23]

Table S3. Previous database for dielectric constants using DFPT calculations
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