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Machine-learning-assisted discovery of perovskite
materials with high dielectric breakdown
strength†

Jianbo Li,a Yuzhong Peng,b Lupeng Zhao,a Guodong Chen,a Li Zeng,a

Guoqiang Weia and Yanhua Xu *a

In this paper, we have built a stepwise model based on the XGBoost machine learning algorithm to

screen perovskite materials with high dielectric breakdown strength by comparing six machine learning

algorithms. Here, the phonon cutoff frequency of perovskite materials can be predicted as an

instrumental variable from features that can be commonly and easily found in materials databases. This

prediction model shows outstanding performance and greatly reduces the amount of computation.

Then we have screened borate perovskite materials with high dielectric breakdown strength such as

LaBO3, AlBO3 and LuBO3 from a database of 760 perovskite oxides. The results can help search for

possible perovskite materials with high dielectric breakdown strength for application in dielectric

capacitors.

Instruction

Dielectric capacitors, as a leading energy storage technology,
have high power density, fast response time, higher operating
voltage, lower cost and longer cycle life,1 which are more
suitable for large-scale applications. However, the energy
density of dielectric capacitors is always lower than those of other
capacitors. The high energy density of a dielectric material can
greatly improve the volume efficiency, which is advantageous
to the miniaturization and light weight of the equipment.2

Accordingly, improving the energy density of a dielectric capacitor
will greatly broaden its application prospect in the field of energy
storage. Dielectric breakdown strength is the key influencing
factor of the energy density for dielectric capacitors. When the
applied electric field reaches the dielectric breakdown strength of
the material, the energy density is maximized. Therefore, it is of
great significance to explore new materials with high dielectric
breakdown strength.3–15

Perovskite materials are widely used in energy conversion
and storage due to their variety, simple preparation process and
outstanding properties.16–18 The general formula of perovskite
compounds is usually expressed by ABX3, where A and B are

cations of different sizes and X is an anion. Interestingly, 90%
of elements in the periodic table can be used as A, B and X,
and the structure of perovskites usually does not change.19

Therefore, rich perovskite materials with different properties
can be produced by adjusting the composition of compound
elements, which have broad development prospects in various
fields. With the development of perovskite solar cells, the
potential of perovskite materials in solar energy conversion
has been gradually discovered. Many researchers show that
perovskite materials have good dielectric properties and a large
number of them have been considered as a new potential
generation of dielectric materials.20 ABO3 perovskite oxides
have become the focus in modern industrial catalysis and
thermoelectric research due to their good stability, low cost
and controllable structure.21,22 As a result, we pay attention to
ABO3 perovskite oxides for dielectric capacitors with high
dielectric breakdown strength in this paper.

The dielectric breakdown strength is usually obtained
experimentally. In this method, the test material is sandwiched
between two pieces of glass, and a high pressure and uniform
electric field in the shape of the electrode gap is generated from
an appropriate electric field, then multiple dielectric break-
down strength measurements are conducted at each point of
the test material. The average value is obtained as the experi-
mental result after removing the maximum and minimum
values, and the experimental error is within 6%.23 Nevertheless,
it represents the poor efficiency of the experimental method in
screening materials with high dielectric breakdown strength
from a large materials database. Therefore, it is necessary to

a Key Laboratory of New Electric Functional Materials of Guangxi Colleges and

Universities, Nanning Normal University, Nanning 530299, China.

E-mail: yanhuaxu@nnnu.edu.cn
b Guangxi Key Lab of Human machine Interaction and Intelligent Decision, Nanning

Normal University, Nanning, 530001, China

† Electronic supplementary information (ESI) available. See DOI: https://doi.org/

10.1039/d2ma00839d

Received 21st July 2022,
Accepted 29th September 2022

DOI: 10.1039/d2ma00839d

rsc.li/materials-advances

Materials
Advances

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

3 
O

ct
ob

er
 2

02
2.

 D
ow

nl
oa

de
d 

on
 4

/6
/2

02
6 

8:
57

:5
5 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
View Journal  | View Issue

https://orcid.org/0000-0001-5948-5258
http://crossmark.crossref.org/dialog/?doi=10.1039/d2ma00839d&domain=pdf&date_stamp=2022-10-14
https://doi.org/10.1039/d2ma00839d
https://doi.org/10.1039/d2ma00839d
https://rsc.li/materials-advances
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2ma00839d
https://pubs.rsc.org/en/journals/journal/MA
https://pubs.rsc.org/en/journals/journal/MA?issueid=MA003023


8640 |  Mater. Adv., 2022, 3, 8639–8646 © 2022 The Author(s). Published by the Royal Society of Chemistry

explore other methods to guide experiments and improve
efficiency. Density functional theory (DFT) calculations, as the
main method to simulate various properties of materials to
analyze and filter the target materials, can effectively avoid
extensive experimentation. At present, the dielectric breakdown
strength of materials can be calculated using a first-principles
calculation framework based on von Hippel and Fröhlich’s
theories.24,25 However, the dielectric breakdown strength of
materials is related not only to the inner factors (including
chemical composition, chemical properties, crystal structure, etc.),
but also to the external factors (including defect, morphology,
impurities, degradation, interface, etc.26). The huge computational
cost of the DFT calculation greatly reduces its efficiency of high-
throughput exploration in material space.

Data-driven machine learning methods have attracted wide
attention in various fields due to their advantages of simplicity,
efficiency and accuracy,27 which have been successfully applied
to the screening, composition and performance prediction of
materials. Li et al.28 constructed a model to predict the thermo-
dynamic relative stability of perovskite oxides based on more
than 19 000 DFT calculated data sets. Zhao et al.29 developed a
machine learning model based on the constraint satisfaction
problem of charge neutrality and constraint coefficient to
screen the formed and stable perovskite oxides from ABO3

combinations. Liu et al.30 established a machine learning
model based on 236 experimental data sets and screened 236
stable ferroelectric double perovskite oxides with research value
from 4 058 905 candidate materials by predicting band gap values.
Kim et al.20 successfully predicted the dielectric breakdown
strength of ABX3 perovskites and found that the boron containing
perovskites may be extremely tolerant towards high dielectric
breakdown strength. In this paper, we compared six machine

learning algorithms to build a model, which can screen perovskite
materials with high dielectric breakdown strength.

Methodology

All of our work was completed with Python Programming
Language in Jupyter notebook. The flow chart of our work is shown
in Fig. 1, including data preparation, feature generation, machine
learning model construction and new data set prediction.

a. Data preparation

Data sets are the most basic resource for driving machine
learning models.31 In this study, we collected 209 ABX3 perovskite
materials by referring to Kim’s study20 as our initial training set.
The 209 dynamically stable ABX3 perovskite materials were iden-
tified by DFT computations from 735 perovskite materials which
were found to be insulating (based on the CMR reported32–34

GLLB-SC band gaps). In addition, we also collected the informa-
tion of seven other materials35,36 outside the initial training set to
verify the reliability of the model. Finally, 760 data sets of ABO3

perovskite oxides were collected from Materials Project and Open
Quantum Materials Database (OQMD) with the help of the Python
Materials Genomics library, which was aimed at screening novel
perovskite materials with high dielectric breakdown strength after
the machine learning model construction was finished.

b. Feature generation

In previous reports, Kim et al.35 have found that dielectric
breakdown strength is closely related to band gap and phonon
cutoff frequency by collecting and analyzing 82 different materials.
They further predicted the dielectric breakdown strength of

Fig. 1 Machine learning flow chart. It can be divided into four parts: data preparation, feature generation, machine learning model construction and new
data set prediction. Machine learning model construction used a stepwise method and can be divided into three parts: model selection, model training
and model evaluation. The model is used to predict the phonon cutoff frequency (o) and dielectric breakdown strength (Fb) of materials.
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ABX3 perovskite materials by using band gap and phonon
cutoff frequency as main factors.20 However, the phonon cutoff
frequency of perovskite materials must be calculated by DFT,
unlike the band gap of materials which can be obtained from
common materials databases such as Materials Project,
AFLOWLIB and Open Quantum Materials Database. In order to
reduce the amount of calculation, we decided to build a machine
learning model to predict the phonon cutoff frequency of materi-
als by using features that were easy to obtain from materials
databases. We selected 9 features including the band gap (Eg),
lattice parameters (a, b, c, a, b, g), space group (Space_group) and
anionic group (Anionic_group) as the initial input of the model
and predicted the phonon cutoff frequency (o) successfully. Then
we add the prediction result into the feature set as an instru-
mental variable, and in this way we got 10 features of perovskite
materials used in the machine learning model to predict the
dielectric breakdown strength, as shown in Table 1.

c. Machine learning model construction

In this part, we used a stepwise machine learning model to
predict the dielectric breakdown strength of the materials. This
method has two steps: the first step is predicting the phonon
cutoff frequency (o) and the next step is predicting the dielectric
breakdown strength (Fb). Machine learning in this method can
be divided into three parts: model selection, model training and
model evaluation. In model selection, six different machine
learning algorithms (SVM, Bagging, XGBoost, LightGBM, RF
and AdaBoost) were selected for training, of which SVM, Bagging
and RF algorithms are old machine learning algorithms, while
XGBoost, LightGBM, and AdaBoost are improved algorithms,
and the latter are more powerful and perform well in many
algorithm competitions. Particularly, the XGBoost algorithm has
been widely used due to its excellent accuracy and efficiency.

In model training, we divided the data into a training set
and a test set. The training set was used to train and fit the
model and adjust the parameters of the model, the test set was
used to evaluate the training effect of the model. In model
evaluation, the determination coefficient (R2), root mean
square error (RMSE) and mean absolute error (MAE), which
are the common indexes in machine learning to evaluate the
fitting effect of the model on the training set, were selected as
the evaluation indexes. In order to reduce the random error, we
have done parallel repeated trials with different random seeds

during sampling and the final calculation results of the evaluation
indexes are the average values of results in all trials. The optimal
hyperparameters of all models were searched by using the same
standard Bayesian optimization algorithm and ten-fold CV was
used as the evaluation metric.37 In addition, we also used the
average method to search for the ‘‘random_state’’ hyperpara-
meter. The results of the average 10-fold CV eliminated the
randomization and we used the ‘‘random_state’’ with the closest
average effect as the final hyperparameter.38

After finishing the prediction of phonon cutoff frequency
(o), we added the prediction results into the feature set to build
the preliminary model for predicting the dielectric breakdown
strength of the materials. In order to improve the prediction
accuracy and efficiency, we used the traversal method to screen
out the best parameters of the model, including the appropriate
features, the number of features and the proportion of the
training set and test set. Then we used the optimized para-
meters to construct the final prediction model and predict the
dielectric breakdown strength of the materials.

Results and discussion
a. Prediction and evaluation of the instrumental variable (x)

In this part, we choose the phonon cutoff frequency (o) as the
instrumental variable and built instrumental variable prediction
models by using 9 groups of initial feature sets as the model input
to get the phonon cutoff frequency (o). Six machine learning
algorithms including SVM, Bagging, XGBoost, LightGBM, RF and
AdaBoost were selected to build the instrumental variable predic-
tion models. In order to evaluate the stability and robustness of
the instrumental variable prediction models, we divided the data
set into a training set (80%) and a test set (20%), then used R2,
RMSE and MAE as the evaluation indexes of the models. The
performance of the models consisting of different machine
learning algorithms is shown in Table 2.

From Table 2, we can see that the model consisting of the
XGBoost machine learning algorithm has the best perfor-
mance, R2 is 0.854, RMSE is 2.889, and MAE is 2.095. Therefore,
we choose the XGBoost machine learning algorithm for build-
ing the instrumental variable prediction model to predict the
phonon cutoff frequency (o).

b. Construction and optimization of the dielectric breakdown
strength prediction model

After successfully predicting the instrumental variable (o) set,
we added the data into the feature set and formed a new feature

Table 1 10 features of perovskite materials used in machine learning, in
which the phonon cutoff frequency (o) is used as an instrumental variable

Label Feature

Eg Band gap
o Phonon cutoff frequency
a Lattice parameters
b
c
a
b
g
Space_group Space group
Anionic_group Anionic group

Table 2 Performance of models in the prediction of the instrumental
variable (o)

Model R2 RMSE (THz) MAE (THz)

SVM 0.762 3.696 2.789
Bagging 0.783 3.531 2.603
XGBoost 0.854 2.889 2.095
LightGBM 0.768 3.649 2.852
RF 0.804 3.355 2.437
AdaBoost 0.805 3.341 2.473
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set including 10 features of perovskite materials as shown in
Table 1. Then we constructed the prediction model of dielectric
breakdown strength (Fb) based on the new feature set. We still
used the same parameters of the model which were mentioned
above. The performance of the model is shown in Table 3.

From the results shown above, we can see that the model
consisting of the XGBoost machine learning algorithm has the
better performance (R2: 0.872, RMSE: 184.411, MAE: 67.486)
than the other algorithms. Consequently, we selected the
model consisting of the XGBoost machine learning algorithm
as our final prediction model to predict dielectric breakdown
strength (Fb) in this study.

In order to ensure the accuracy and efficiency of the model
consisting of the XGBoost machine learning algorithm, it is
necessary to optimize the parameters of the model. The model
optimization contains two parts: the ratio of data in the test set
and the number of features. In order to reduce the impact of

random segmentation contingency of data set on model accu-
racy, we conducted the traversal operation on the segmentation
percentage of the data set (the test set proportion ranged from
10% to 100%, and the step size was 10%) in terms of data set
segmentation. Then we used the XGBoost algorithm to train 10
different generated data sets and chose R2 as the model score.
The optimization process of the model parameters is shown in
Fig. 2.

As shown in Fig. 2(a), R2 scores decrease as the proportion of
test sets increases. When the ratio of test sets is between 10%
and 20%, the R2 of the model performed well. Then, we
conducted traversal operations in the range of 10–20% with
higher R2 scores (the proportion of the test set was from 10% to
20%, and the step size was 1%) and generated 10 different data
sets for training, with R2 as the model score. This shows that
the model score tended to be stable at 12–18% and reached the
highest value at 10%. Due to our limited training data set, too
few test sets increase the serendipity of model prediction
results. Thus, we take 10% test set and 90% training set ratio
as the best ratio for data segmentation and use this ratio for
model training in the subsequent work.

Filtering the features is important for the prediction model.
In the process of building a machine learning algorithm model,
more feature sets are not always better. Too many or too few
feature sets will affect the accuracy of the model, and the
difficulty of feature set data collection is also related to the
efficiency of the model. Therefore, we need to remove

Table 3 Performance of models in the prediction of the dielectric break-
down strength (Fb)

Model R2 RMSE (MV m�1) MAE (MV m�1)

SVM 0.711 272.991 131.817
Bagging 0.857 380.425 170.592
XGBoost 0.872 184.411 67.486
LightGBM 0.792 280.436 170.530
RF 0.812 437.526 156.972
AdaBoost 0.861 376.133 190.015

Fig. 2 Optimization process of model parameters: (a) the R2 score of the model under different proportions of test sets; (b) the correlation scores of
each feature to the model; and (c) the R2 score of the model under different numbers of features.
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redundant features and reduce the number of features as much
as possible while ensuring the accuracy of the model. We list the
importance of each feature in Fig. 2(b). The feature importance
is literally the correlation score of each feature which is related to
model performance and we obtained these values using the
plot_importance library of the XGBoost algorithm.

From Fig. 2(b) we can see that band gap (Eg) and phonon
cutoff frequency (o) are two features that are in more higher
correlation with the dielectric breakdown strength (Fb) than the
other features. After that, we still conducted the traversal opera-
tion to select the number of features used for building the model.
The number of features ranges from 1 to 10, and the step size is 1.
The XGBoost algorithm is used to generate 10 prediction models
with different test sets, and R2 is used to evaluate the model.

Fig. 2(c) shows that the R2 of the model tends to be stable
when the number of features is more than 2, while the R2

reached the highest value when the number of features is 2.
This means that it is enough to predict the dielectric break-
down strength (Fb) with band gap (Eg) and phonon cutoff
frequency (o). This is consistent with the conclusion of Kim
et al.20 and also proves that our model is reliable.

In conclusion, we selected the XGBoost machine learning
algorithm to build the final prediction model for the dielectric
breakdown strength (Fb). We selected band gap (Eg) and
phonon cutoff frequency (o) which we predicted before as the
feature sets and dielectric breakdown strength (Fb) as the target
set and put them into the dielectric breakdown strength (Fb)

prediction model. The data sets for model training were ran-
domly divided into the training set (90%) and test set (10%),
and the results are shown in Fig. 3.

As can be seen from Fig. 3(a), after the optimization of the
model, the evaluation indexes of the model have been signifi-
cantly improved (R2: 0.872–0.926, RMSE: 184.411–58.061, MAE:
67.486–28.359). This means that the optimization of the model
worked.

From Fig. 3(b) we can see that each point in the XGBoost
machine learning model fitting test is distributed near the
diagonal, indicating that the model has good accuracy in
predicting the dielectric breakdown strength of materials.

In order to further verify the reliability and universality of
the model, we also collected the dielectric breakdown strength
of seven other materials (Ge, Si, C, LiF, Li2S, Na2S and ZrO2)
which are calculated by DFT or measured by experiments, and
input the feature parameters of materials into the model.
Fig. 3(c) shows the prediction results of dielectric breakdown
strength and we can see clearly that the dielectric breakdown
strength of the seven materials predicted using the model is
basically consistent with the actual experimental values, which
further proves the reliability of our model.

c. Applying the model to a new data set to search for materials
with high dielectric breakdown strength

After constructing the prediction model, we collected 760
perovskite oxide materials from Materials Project and OQMD

Fig. 3 Evaluation of the optimized XGBoost machine learning model. (a) The histogram of the comparison of various evaluation indexes between the
initial model and the optimized model. (b) The fitting result of the prediction of the dielectric breakdown strength of materials using the optimized model.
(c) The comparison between the predicted and real dielectric breakdown strength of seven materials outside of the initial data set.
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and successfully predicted the dielectric breakdown strength of
the materials through the XGBoost machine learning model.
The prediction results of borate perovskite materials are pro-
vided in Table 4 and all the prediction results are provided in
the ESI.†

According to the predicted results, LaBO3 has the best
dielectric breakdown strength of 2784.25 MV m�1, and AlBO3 is
the second with 2395.67 MV m�1. In addition, we have found that
LaBO3, AlBO3, LuBO3 and other borate perovskites all have high
dielectric breakdown strength. Kim et al.20 pointed out that boron
containing perovskites may be extremely tolerant towards high
electric fields and predicted that BSiO2F and SrBO2F display high
breakdown fields. However, BSiO2F and SrBO2F cannot be found
out or produced by existing technology. But in our work every
material is of practical significance. Previous reports have shown
that borate perovskites have wide application prospects in the
field of energy storage and are expected to become candidate
materials for a new generation of energy storage devices. For
instance, LaBO3 is one of the preferred alternatives to precious
metal catalysts due to its good thermal stability, good oxygen
storage and low cost.39–41 Its excellent energy storage properties
make it one of the candidate materials with great potential for a
new generation of electrochemical devices.42,43 AlBO3 can be used
as a thin film coating for batteries to improve the electron transfer
kinetics and increase the discharge capacity and electrode
lifetime.44 LuBO3 and HoBO3 have good luminescence
properties,45 and their potential in the field of electrochemical
energy storage is yet to be explored. Besides, borate perovskite
materials such as BiBO3, SbBO3 and ScBO3 have shown good
energy storage properties in some literature reports.46–48

Conclusions

In this work, we predicted the phonon cutoff frequency of a
material as an instrumental variable from features that can be
commonly and easily found in materials databases, and it is used
as a part of the feature set to further predict the dielectric
breakdown strength of materials. We have verified that the model
built with the XGBoost machine learning algorithm displays
excellent performance. Then we have screened borate perovskite
materials high dielectric breakdown strength such as LaBO3,
AlBO3 and LuBO3. Our work can pave the way for the application
of borate perovskite materials in dielectric capacitors.
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