npj | computational materials

Article

Published in partnership with the Shanghai Institute of Ceramics of the Chinese Academy of Sciences

https://doi.org/10.1038/s41524-026-01970-w

Accelerated discovery of supertetragonal
perovskites with giant polarization via

machine learning

M| Check for updates

Wenguang Hu, Zebin Wu, Menglu Li, Shan Feng, Hangbo Qi, Xingjian Lu, Xiaotao Zu, Haiyan Xiao < &

Liang Qiao

Ferroelectric perovskites with giant spontaneous polarization have extensive applications in
electronic devices, energy conversion, sensor and so on. However, the rapid discovery of new
perovskites with giant polarization remains an open challenge especially when thousands of
candidates are treated. Here, combining machine learning (ML) and first-principles calculations, we
successfully predict 8 perovskites with giant polarization from 2021 different possible compounds,
among which seven candidates have never been reported before. These perovskites have large c/a
ratio and giant polarization compared to the reported ferroelectric perovskites, and room temperature
stability. Among them, the polarization of SnFeO3; with G-AFM magnetic ordering is as high as 138.63
pC/cm?. The non-magnetic SrPbO5 and magnetic EuSnO4 not only exhibit giant polarization, but also
possess band gaps close to the ideal value for photovoltaic applications, showing great potential in the
field of ferroelectric photovoltaics. Besides, polarity and metallicity coexist in SnFeO3 and CaTaOs,
which are suggested to have potential applications in fields such as spintronics and
superconductivity. This work thus provides an effective strategy for discovering new functional

materials.

In recent years, functional materials have been particularly important in
industrial development. Ferroelectric materials have gained extensive
attention in the scientific community due to their spontaneous polarization
characteristic, which exhibit nonzero electric dipole moment even without
an external electric field' . The most common ferroelectric materials cur-
rently include perovskite, layered bismuth oxide, and boracite’. Tetragonal
perovskite materials with a high c/a ratio often have giant spontaneous
polarization, which is referred to as supertetragonal (ST) perovskites’.
Supertetragonal perovskites, such as BiFeO3, PbTiO3, BiCoO3, and PbVOs;,
show great potential in the fields of photodetectors, ferroelectric nanoca-
pacitors, and piezoelectric oscillators due to their spontaneous
polarization®“. However, these compounds are rare and generally require
extreme synthesis conditions. For example, supertetragonal lead titanate
(PbTiO5) with an out-of-plane-to-in—plane lattice parameter ratio (c/a) of
1.238 and giant polarization of 236.3 uC/cm” is obtained in epitaxial com-
posite thin films of tetragonal PbTiO; by Zhang and Chen via interphase
strain’. Stress is also a key factor in regulating the c/a ratio and polarization
intensity'*"". Perovskites such as BiScOs, BiMnOjs, BiFeO; and BiCoOs
exhibit an increase in the c/a ratio with increasing negative pressure”.
Conversely, under positive pressure, the c/a ratio gradually decreases as the

pressure increases. Ion implantation can produce defect-driven true
supertetragonal phase with single-domain-state in ferroelectric BiFeOs thin
films with c/a values of ~1.3'. Therefore, it is necessary to explore novel
supertetragonal perovskites that can exist stably under ambient conditions
and exhibit giant polarization for applications in ferroelectric devices.

Due to the complexity and diversity of perovskites structures, Density
Functional Theory-based high-throughput calculations are too expensive
and time-consuming, not to mention experiments. Fortunately, the launch
of the Materials Genome Initiative (MGI) has brought exciting prospects for
addressing this dilemma, which aims to accelerate the research and appli-
cation process of new materials” . In recent years, with the maturity of
material synthesis and characterization, as well as data storage technology,
the field of materials has gradually entered the big data era™. In the past, the
MGI has given rise to a multitude of high-throughput computational
platforms and databases such as the Materials Project (MP)”, Open
Quantum Materials Database”, Harvard Clean Energy Project’', Electronic
Structure Project (ESP)”, Computational Materials Repository”, and Novel
Materials Discovery’’. Information like atomic positions, space groups,
lattice constants, and symmetries can be found in these databases, providing
material engineers with ready access to the properties of known materials.
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Fig. 1 | Workflow for accelerating discovery of stable supertetragonal perovskites. The entire workflow consists of six parts: input dataset preparation, feature engineering,

ML model construction, prediction, materials screening and DFT validation.

With the rapid development of artificial intelligence technology, the
machine learning (ML) technique has made significant advancements in
materials design. For example, using ML, 15 promising lithium-ion battery
solid electrolyte materials were screened out by Jalem etal.”. Kaufmann et al.
successfully predict the entropy-forming ability of 70 new compositions by
ML model, and several of these predictions were validated by density
functional theory calculations (DFT) and experimental synthesis™. Com-
bining ML and DFT, six orthorhombic lead-free hybrid organic-inorganic
perovskites (HOIPs) with proper bandgap for solar cells and room tem-
perature thermal stability were screened out by Lu et al. from 5158 unex-
plored HOIPs”. By bypassing complex quantum mechanics, ML
technology can not only greatly accelerate materials design with high
accuracy, but also reveal the structure-property relationships within mate-
rials from large material datasets.

Here, we develop a target-driven method to discover supertetragonal
perovskites ABX; (A = monovalent or divalent cation; B = divalent or tet-
ravalent cation; X = oxygen or halide anion) based on ML technique and
DFT calculations. We first train our ML model from 95 reported per-
ovskites, and predict the lattice parameter ratio c/a of 2021 different possible
perovskites. A close structure-property relationship mapping the c/a of
perovskites is concurrently excavated from ML data, in which the ranges of
tolerance factor (t), octahedral factor (i), electronegativity of A-site element
(Ea), electronegativity of X-site element (E,), first ionization of A-site ele-
ment (F,), and ionic radius of X-site element (Ryx) are defined for super-
tetragonal perovskites. After further screening, eight stable supertetragonal
perovskites are selected as promising ferroelectric materials with giant
polarization. These newly screened supertetragonal perovskites provide a
valuable theoretical reference for related experimental investigation.

Results

Design framework

Our material screening process consists of 6 parts, i.e., Input dataset, Feature
engineering, ML model construction, Prediction dataset, Materials screen-
ing, and DFT validation, which are schematically illustrated in Fig. 1. As the
foundation of ML, the first step is to prepare a train-test dataset. The train-
test dataset consists of input data and output data, which are the descriptor
and the target performance, respectively. To remove redundant features and
improve the accuracy of the ML model, feature engineering is performed to

retain the most important features for the target data. Then, the ML mod-
eling is constructed by using classification algorithms. Next, the trained ML
model is applied to a prediction dataset, where the predicted material is
screened based on certain constraints. Finally, DFT calculations and Ab
initio molecular dynamics (AIMD) simulations are used to study the elec-
tronic properties and stability of the candidate perovskites selected from the
ML simulation.

Dataset
The input data for this study, containing 95 perovskites, is obtained from
Materials Project (MP)”. The selected 95 perovskite compounds belong to
the family of perovskites of chemical formula ABX;. Generally, it is con-
sidered that if the lattice constant ratio of c/a is greater than 1.2, then the
perovskite can be defined as a supertetragonal perovskite material’.
Accordingly, the value of 1.2 is used as a threshold to divide the c/a values in
the dataset. Figure 2a visualizes the division of the dataset, where blue and
green dots represent the c/a values less than and greater than 1.2, respec-
tively. For the classification modeling, the c/a values less than 1.2 are con-
sidered as 0, and greater or equal to 1.2 as 1, to conduct a binary
classification. As shown in Fig. 2b, the numbers 0 and 1 are 76 and 19,
respectively. Data analysis and visualization can also reveal the hidden
trends and periodicity in the perovskite dataset. The impact on the c/a ratio
is evaluated based on several important descriptors, as shown in Fig. 2c—£. It
can be observed from the figures that with the increase of E,, the value of c/a
tends to increase; it tends to exhibit a larger c/a when t is between 0.7 and 1.0;
the lower the boiling point of the monatomic element at the A-site, the larger
the ¢/a value tends to be; the smaller the ionic radius of the element at the X-
site, the larger the c/a value tends to be.

Indeed, there are many choices for the A-, B-, and X-site elements
in perovskites. As illustrated in Fig. 3a, when X is F, Cl, Br, or I, the A
should be a monovalent cation, and B is a divalent cation; when X is O,
the A should be a divalent cation, and B is a tetravalent cation. Con-
sequently, for X =F, Cl, Br, or I, we consider 5 monovalent cations and
43 divalent cations from the periodic table for the A-site and B-site,
respectively. In the case of X = O, we consider 43 divalent cations for the
A-site and 27 tetravalent cations for the B-site. Thus, we obtain 2021
different possible perovskite compounds, which are the potential can-
didates we will explore in this study.
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Fig. 2 | Visualization of the perovskite c/a in the train/test dataset and the
structure-property relationship between perovskites c/a and features.

a Visualization of train/test dataset, where green and blue dots represent c/a less and
greater than 1.2, respectively; b Number of samples in binary classification, where 0
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Feature engineering

For any ML method directed at predefining and specifying material prop-
erties, it typically relies on a certain number of features (descriptors)**”".
These features not only uniquely define each material in the input dataset,
but also are related to the physical and chemical properties that are expected.
While there might be many factors influencing the target properties of the
material, the number of features must be reasonable. The best strategy is to
choose features capable of completely representing the material properties,
and the number of such features should be far less than the number of
materials in the input dataset, to avoid the curse of dimensionality*®. In this
work, 41 initial features are selected (see Supplementary Table S1 for a
complete list of features), including ionic radius, tolerance factor, and
electronegativity to collectively describe the chemical space of the per-
ovskites. Pearson correlation coefficients are calculated in the feature
engineering step to eliminate the redundant features, which are depicted in
the heat map for each feature pair (see Fig. S1). The heat map demonstrates
that a significant number of raw features are highly correlated with each
other, and some of them should be eliminated. The features with the Pearson
correlation coefficients >0.9 or <—0.9 are removed, such that only the
appropriate one in the feature pair remains for the next round. Conse-
quently, 10 features are selected from the raw features based on the Pearson
correlation coefficients (Fig. 4a). The new feature set contains structural
features (tolerance factor t, octahedral factor p) as well as the elemental
properties of A, B and X site ions, including electronegativity of A-site
element E,, first ionization energy of A-site element Fja, density of the
simple substance corresponding to A-site element D, boiling point of the
simple substance corresponding to the A-site element Bp,, boiling point of
the simple substance corresponding to the B-site element Bpp, electro-
negativity of the X-site element Ey, ionic radius of the A-site element Rj
and ionic radius of the X-site element Rx. It turns out that the descriptors
most correlated with c/a are Ex, t, Bpa, and Ry, as indicated by the feature
importance ranking shown in Fig. 4b.

Machine learning models

An appropriate ML algorithm is important for ML modeling. In this work,
two ML algorithms, i.e., Random Forest classifier and Extra Trees classifier,
are compared, with 70% (66 samples) of the original dataset used as the
training set and 30% (29 samples) as the test set. Figures 4c, d represent
training and test set models established by using a Random Forest classifier,
respectively. As shown in Table S2, this classification algorithm achieves a
model accuracy of 0.924 on the training set and 0.897 on the test set.
However, it is noted that this model still predicts 5 samples originally labeled
1 as type 0 in the training set and predicts 3 samples that should have been
type 1 as type 0 in the test set. Due to the limited number of type 1 samples in
the dataset, although the predictions of the model for type 0 samples are
relatively accurate and the overall accuracy is acceptable, there are still
significant errors in predicting type 1 samples, resulting in a recall of 0.643 in
the training set and only 0.40 in the test set. These results show that the
Random Forest classifier model is not suitable for our prediction goals to
some extent. Therefore, another ML model is established by using the Extra
Trees classifier. The obtained training and test set models are presented in
Fig. 4e, f, respectively. It can be observed that this classification algorithm
achieves an accuracy of 1 in both the training set and test set, where the real
type and predicted type are the same, suggesting that all predictions are
correct. Moreover, the consistently high accuracy observed in cross-
validation (as shown in Fig. S2) further mitigates concerns that the enhanced
performance of the model may arise from overfitting. Therefore, the Extra
Trees classifier model can be used as a predictive model for further analysis.

Materials screening and first-principles evaluation

We predict the c/a ratio of perovskite materials in the predicted space of
2021 candidates via the trained ML model. As shown in Fig. 5, to screen out
structurally stable supertetragonal perovskite materials, more screening is
required. First, 130 perovskites are screened out from the total 2021 per-
ovskites with ML predicted c/a ratio as type 1. Based on the stability of the

structure”, 109 samples with a tolerance factor between 0.78 and 1 are
selected, among which 67 samples with an octahedral factor between 0.4 and
0.7 are further selected. As compared with the 95 input samples from the
previous training and test sets included in the 2021 total samples, there are
11 duplicates of perovskite types with c/a ratios greater than 1.2 in the output
samples. Consequently, 56 new perovskite materials are selected in total, all
of which possess ideal c/a ratios and stable structures. Considering that
oxides are relatively rich in earth, as well as cheap and stable’>***’, perovskite
oxides are retained for further investigations. It should be noted that the
reason of including halides in the dataset lies in their contribution to
enhancing the diversity of the training and test sets, which in turn facilitates
the construction of a more accurate and robust ML model.

Ground state properties of selected supertetragonal perovskites
After further first-principles calculations validation, there are 11 perovskites
that stand out first with ordered structure, including three non-magnetic
perovskites, i.e., CaSnO3, STPbO;, CaW O3, and eight magnetic perovskites,
ie, EuPbO;, EuSnOs;, BiVO;, SnFeO;, SrFeQs;, CaTaO;, SrTbO;, and
CaTbO;. Since magnetic perovskites may exhibit different magnetic
ordering states, it is necessary to perform first-principles calculations on
different magnetic ordering states for one material to find the lowest energy
state (See Table S3 for details). Figure 6b illustrates four different magnetic
orderings, ie., ferromagnetic (FM), A-type antiferromagnetic (A-AFM),
C-type antiferromagnetic (C-AFM), and G-type antiferromagnetic (G-
AFM), where red and black arrows represent spin up and spin down
ordering of magnetic atoms, respectively. Figure 6¢ illustrates the energy
differences between various AFM magnetic states and FM states, as well as
the c/a ratios for eight magnetic perovskites. According to Fig. 6c, for
magnetic perovskites SrFeOs, SrTbO3, and CaTbOs3, the ¢/a ratios are all less
than 1.2. These three perovskites, thus, are excluded from further con-
sideration. Besides, for G-AFM and A-AFM EuPbO;, FM and A-AFM
EuSnOs;, FM and A-AFM BiVOs3, as well as C-AFM and G-AFM SnFeOs,
they not only exhibit the lowest energy but also have c/a ratios greater than
1.2. Hence, they are considered as ideal candidates for supertetragonal
perovskites. Although the CaTaO; with FM and A-AFM magnetic order-
ings do not possess the lowest energy, but their c/a ratios are greater than 1.2,
indicative of its potential as supertetragonal perovskites. Obviously, the
magnetic orderings of these perovskites have nonnegligible impacts on the
lattice parameters and ground state energy of the material, highlighting the
importance of magnetism as a factor that researchers cannot ignore. To the
end, 8 perovskites are finally screened out, including three non-magnetic
perovskites, i.e., CaSnOs, StPbO;, CaWOs;, and five magnetic perovskites,
i.e, G-AFM and A-AFM EuPbOj3, FM and A-AFM EuSnOj;, G-AFM and
C-AFM SnFeO3, FM and A-AFM CaTaQ3,and FM and A-AFM BiVO; (see
Fig. 6a for detail structures).

Thermal and chemical stabilities of eight selected super-
tetragonal perovskites

Based on the optimized geometrical structures, AIMD simulations are
further carried out to evaluate the thermal stability of selected super-
tetragonal perovskites. As shown in Fig. 7, although the energies of SrPbOs,
CaWO3;, and EuSnOj; exhibit relatively large fluctuations, all the screened
supertetragonal materials keep an ordered crystal structure within a 5000 fs
process at a temperature of 300 K. To clarify the origin of these fluctuations,
we present the geometrical structures of all screened materials at their
minimum and maximum energy in Fig. S3. For SrPbO;, CaWOs3, and
EuSnO3;, while the temporary structural fluctuations observed at the max-
ima may suggest local instabilities, such deviations are expected under finite-
temperature molecular dynamics simulations and do not necessarily
undermine the overall thermodynamic stability of the phase. The recovery
to the supertetragonal configuration at the energy minima further indicates
that the polar distortion is robust against thermal perturbations, supporting
the feasibility of stabilizing these phases experimentally under ambient
conditions. The other five materials exhibit only small energy fluctuations
throughout the entire AIMD simulation process and retain a well-preserved
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Fig. 6 | The supertetragonal perovskites screened by ML and DFT. a optimized
geometrical structures of 8 selected supertetragonal perovskites, b illustration of
different magnetic orderings where red and black arrows represent spin up and spin

supertetragonal phase at both the maximum and minimum energy states.
Therefore, it can be concluded that the supertetragonal materials screened in
this work can remain stable at room temperature.

In addition to the thermal stability analysis, we have also calculated the
formation energy to evaluate the chemical stability of screened materials.
Table S4 and Table S5 present the chemical potentials of constituent ele-
ments and formation energies of the eight screened supertetragonal mate-
rials, respectively. It is shown that all formation energies are negative,
ranging from —1.2 to —2.7 eV/atom. These results are close to the formation
energies of CaTiO; and BaTiO; (~ —3.5 eV/atom) that have been reported
experimentally”’, suggesting that the screened materials are chemically
stable and have the potential to be synthesized experimentally.

Ferroelectric properties of eight selected supertetragonal
perovskites

Subsequently, ferroelectric properties of these perovskites are investigated.
Considering that the ability to switch polarization under an electric field is
the key to define a ferroelectric material**’, here we perform nudged elastic
band (NEB) calculations to evaluate the polarization reversal pathways and
energy barriers of the screened materials (see Fig. S4). The calculated energy
barriers for the eight compounds lie in the range of 0.175-0.720 eV/f.u.,
comparable with the values of ferroelectric CuCrS, (0.23 eV/fu.)* and
BiFeO; (0.43 eV/fu.)”. Although the supertetragonal phases of CaWOs,
EuSnOs;, and CaTaO; are predicted to be metastable, they still exhibit
inversion-symmetry breaking and maintain distinct polar distortions.
Obviously, the screened materials possess reversible polarization, indicative
of their potential to be ferroelectrics. In addition, the exact values of
polarization are calculated and summarized in Table 1. For non-magnetic
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The value inside the parentheses is the c/a ratio.
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Fig. 7 | Variation of total energy with time for 8 selected supertetragonal per- using the Nosé-Hoover method. Geometrical structures of each compound before

ovskites. a CaSnO3;, b SrPbO;, ¢ CaWO3, d EuPbOs3, e EuSnO; f SnFeO; g CaTaO;  and after AIMD simulations are presented. Min and max represent the minimum
and h BiVO;. The AIMD simulations are performed at room temperature (300 K)by ~ and maximum energy points, respectively.

Table 1 | Lattice constants, polarization, and bandgap of eight selected supertetragonal perovskites

Formula Magnetic ordering a (A) c (i\) c/a MM (uB) Polarization (uC/cm?) Eg (eV) (PBE) Eg (eV) (HSE)
CaSnO; — 3.823 5.077 1.328 — 103.248 1.21 2.99
SrPbO; - 4.004 5.401 1.349 — 99.860 \ 1.14
CaWO, - 3.668 4.996 1.362 — 117.438 \ 0.44
EuPbO3 G-AFM 3.986 5.484 1.376 6.557 98.095 \ 0.78
A-AFM 3.988 5.490 1.377 6.556 105.186 \ 0.58
EuSnO3 FM 3.911 5.120 1.309 6.701 90.996 \ 1.20
A-AFM 3.910 5.120 1.310 6.702 95.255 \ 1.23
SnFeO3 G-AFM 3.656 4.835 1.322 3.468 126.013 \ \
C-AFM 3.660 4.823 1.318 3.403 138.627 \ \
CaTaO3 FM 3.740 5.022 1.343 0.458 126.249 \ \
A-AFM 3.790 4.908 1.295 0.371 127.779 \ \
BiVO3 FM 3.787 4.748 1.254 1.683 124.633 \ \
A-AFM 3.777 4.760 1.260 1.662 124.166 \ 0.68

MM magnetic moment of Eu, Fe, Ta, and V. E4: bandgap.

npj Computational Materials | (2026)12:103 8


www.nature.com/npjcompumats

https://doi.org/10.1038/s41524-026-01970-w

Article

(@ (b) ©
1.45 150 150
y=1.076 +0.323*x
Pearson's r = 0.9993 140 4 SnFeO,(C-AFM) 140 - SnFeQ,(C-AFM)
- 2
1404 R?=0.9986 BarPbO, (s AFM P amn -
130 A 4 CaTa0,(A-A
CgWo, mﬁo,(c AFM) g Bivo. @Sl (G—FIJVI) E 1301 pvogmy 0,(FM)
1.35 gaTaO‘,(FIE/II;)(t) 2 120 Bivoa- AFM) 3 L=)L 120 Béi P}(A_AFM) SnFeO;(G-AFM) cawo
< SnFeOs(G AFM) b0, = = aW0,
£ £ cf,wo3 S
SnFeO,(C- AFMPEuSn (A AFM) e o & 110 b
1.30 4 3 EuPbO,(A-AFM) < 1104
“CaTa0. (A Amff'"’ —do E CaSnO, 3 E Casno,  EUPPOY(A-AFM
’ . AN M % 100 4 SrPbO, = ° }SerOJ
BiyO,(A-AFM) I £ EuSnO(A-AFM) 5 100 EuSnOj(A-AFM)  °
1.251 BiVO,(FM) . ' o0 9 EuPbO;(G-AFM) EuPbO,(G-AFM)
o o EuSnO,(FM) 904 EuSnO;(FM)
1.20 T T T 80 T T 80
0.6 0.7 A O.S(A) 0.9 1.0 0.6 0.7 N 0.8(A) 0.9 1.0 125 1.30 135 1.40
B-O B-0
(d) (e ® c/a
150 150 150
140 ¥ =222.74 - 1.47*x y="71.84+15.63*x 140 SnFng(C-AFM)
SnFeOJ(‘('}AFM) Pearson's r = -0.8104 1404 9 Pearson's r = 0.5051 Seo
“— s N SnFeOy(C-AFM)  p2_ 02551 = ...
£ 130 4 CaTaO3(A AFM) R*=0.6567 <, £ 130 ~ < CaTaO,(A-AFM)
3 N M) £ 1304 CaTaOYA-AFM) . Evo,rM)| S BIVO,(FM)
Q SnFeO4(G- AhvﬁlaTaO,(Fﬂ/‘ 9 ° CaTa0.(FM --%s ° (o) SnFe0,(G- AFM)~ CaTﬂas(FM) .
é- 120 4 BiVOyA-AFM) 2 120 JSnFe0yG-AFM) T 5( ) PPad B.vo,(A AFM) % 120 4 . BiVO,(A-AFM)
.~ =4 c
£ CaWo, ~. H - Cawo3 2 W0y
S 1104 Seo £ 1104 .- g 110+ 3
e Casno; s E"P'S)OP}:)A'%FM) = . —C'agfil;bf’;(f\ AFM) g y=71.48 - 12.84%x EuPbO(A-4FM) Casn0,
= 1004 S s N = 100 4 R
S 100 EuSnO,(4-AFM), S 100 HEuRpO,(G- AFM) S3P0s 2 100 Pearson's r =-0.7131 EuPbO (Gi,AanfboJ
uPbo,('cMFM ~ EuSpOy(A-AFM) R? = 0.5085 P O A-AFM
00 EusnOy )5(FM) EuSyO,(FM) 904 - uSnOL(A-AFM)
90 EuSnO(FM)
80 T T T T v 30 : . . 80 T . .
60 65 70 75 " 80 85 90 20 25 30 35 40 -6 -5 -it 3 2
Volume (A°) Zj Z,

Fig. 8 | Illustration of ion displacement and the relationships between structural
parameters and polarization in supertetragonal perovskites. The relationships

between a Ap_o and ¢/a ratio; b Ap_o and polarization; ¢ c/a ratio and polarization;
d volume of unit cell and polarization; e born effective charge of A-site atom (VAN

and polarization; f born effective charge of O, (Z51) and polarization of 8 screened
supertetragonal perovskites. In (a), do and dg represent the displacement of the
B-site atom and O atom along the ¢ axis and Ap o = |dp-do | , respectively. Since O
has two different sites, the O at the top of the octahedra is defined as O;.

CaSnOs, SrPbO3, and CaW O3, the polarizations are predicted to be 103.248,
99.86, and 117.438 uC/cm’, respectively. As for magnetic perovskites, it is
found that magnetic ordering has different influences in different com-
pounds. For EuPbO; and EuSnO3, small differences exist in the polarization
between different magnetic states, since the polarizations of 105.186 and
95.255 uC/cm’” for their A-AFM state are only 7.091 and 4.259 pC/cm’
larger than those of G-AFM and FM states, respectively. As for SnFeOs, the
influence of magnetic ordering on the polarization is larger than the cases of
EuPbO; and EuSnO;, as indicated by the difference of 12.614 pC/cm’
between G-AFM and C-AFM states. In the case of CaTaO; and BiVO3, the
magnetic ordering has almost no effect on polarization, which only shows
the difference of 1.53 and 0.467 uC/cm* between FM and A-AFM states,
respectively. Obviously, all the perovskites exhibit giant polarization, vary-
ing from 90.996 to 138.627 uC/cm’. As compared with the traditional fer-
roelectric material BiFeO; with spontaneous polarization of 150 pC/cm®
driven by epitaxial strain’ and defect engineering”, the PbTiO; with
polarization of 75 uC/cm’” with high Curie temperature and high thermo-
electric coefficient™®”, the BiCoO; with polarization of 126 pC/cm” pre-
dicted by DFT within the local spin-density approximation® and the PbVO;
with polarization above 100 uC/cm’ under ambient and high pressure', the
supertetragonal perovskites that are screened out in this work are stable at
room temperature and can be obtained without any external conditions,
suggesting that they are all potential excellent ferroelectric materials.
Notably, the polarization of BiVO5 has been predicted to be 128 uC/cm’ by
Abbassi et al. employing DFT calculation with the generalized gradient
approximation (GGA) and modified Becke Johnson approximation’,
which agrees well with our calculated value of ~125 pC/cmz, further vali-
dating the robust predictive performance of our ML model and the repro-
ducibility of our polarization results.

The intrinsic spontaneous polarization, which is widely recognized as
the most important feature of a ferroelectric perovskite, depends on its
structural information, such as axial ratio c/a or off-center ion
displacements™ . To explore the origin of the different polarization of eight
perovskite oxides, we further analyze the relationship between polarization

and structural parameters of the predicted materials (see Table S6 for
details). Figure 8a presents the relationship between Ag o and the c/a ratio. It
can be seen that the Ap ¢ is linearly correlated with c/a to a certain degree,
since the A-site atom has more space for displacement than the B-site atom
due to the fact that A is located between oxygen octahedra, while B is inside
the octahedra™. Consequently, as the Ap  increases, the A-site atom will
displace much more than the B-site atom to keep the structure stable,
resulting in an increase in c/a. Figures 8b, c illustrate the relationships
between the Ag o and polarization as well as between the c/a and polariza-
tion, respectively. Obviously, there is no strong correlation between Ag o and
polarization, as well as between c/a ratio and polarization in different
supertetragonal materials. This is different from the case of PbTiO5™, for
which polarization shows a positive correlation with c/a ratio. The presented
results suggest that this mechanism apply only to the same material, but not
to different kinds of materials. Furthermore, we conduct a detailed analysis
of the born effective charges and volumes of eight supertetragonal per-
ovskites. As shown in Fig. 8d, the polarization shows a strong linear negative
correlation with the volume, ie., the smaller the volume, the larger the
polarization. This suggests that the polarization of the system is affected by its
size, which is mainly because a reduced unit cell volume enhances the dipole
density per unit area, thus giving rise to the relatively large polarization.
Theoretically, Zhang et al. tuned the structure of supertetragonal PbTiO; via
strain to modulate the polarization strength; Tariq et al. changed the unit cell
volume by varying the film thickness of ATiO; (A = Baand Pb) and applying
strain engineering, and found that the polarization strength is affected™”".
These investigations demonstrate that the change in volume has a significant
impact on the polarization strength, agreeing well with our calculations.
Besides, it is found that there is no relationship between polarization and
born effective charge of the B-site atom (Z'3) as well as the O atom (Z'o), as
shown in Fig. S10. However, Fig. 8e, f shows that the polarization is almost
linearly correlated with the Born effective charge of the A-site atom (Z") and
0, atom (Z'o,). This finding agrees well with the results of feature engi-
neering shown in Fig. 4b, suggesting that the type of A-site element has a
significant impact on the polarization of supertetragonal perovskites.
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Fig. 9 | The electron localization function (ELF) of representative super-
tetragonal perovskites in (1 0 0) plane. a, b ELF and 2D image for A-AFM EuPbO;
and FM BiVO; with the biggest and smallest c/a ratio, and ¢, d for C-AFM SnFeO;

0.85

0.85

and FM EuSnOj; with the biggest and smallest polarization in 8 screened super-
tetragonal perovskites, respectively.

To gain insight into the mechanisms underlying the giant c/a and
polarization of these supertetragonal perovskites, the electron localization
function (ELF)™ on the (100) plane of representative perovskites is further
calculated and shown in Fig. 9. The ELF values can be ranged from 0 to 1. If it
is close to 0, it means that the cation-anion bond is of ideal ionic character; if
it is close to 1, it represents that the cation-anion bond is close to ideal
covalent nature’’. The ELF for A-AFM EuPbO; and FM BiVO;, which are
characterized by the largest and smallest c/a ratios among eight screened
supertetragonal perovskites, is illustrated in Fig. 9a, b, respectively. It is
evident that the charge density of the A-site atom Eu is significantly higher
than that of Bi, which results in a stronger interaction between Eu and O
compared to the interaction between Bi and O**. Thus, the displacement of
O towards Eu is larger than that of Bi, leading to the fact that Apy, ¢ is larger
than Ay_o. Since the c/a ratio has a strong positive correlation with Ag o, as
shown in Fig. 8b, the c/a ratio of A-AFM EuPbO; is larger. For the C-AFM
SnFeO; and FM EuSnO; with the largest and smallest polarization in eight
screened supertetragonal perovskites, the ELF is illustrated in Fig. 9c, d,
respectively. One can see from the figures that the density of electron gas
surrounding the A-site atom Sn is significantly lower than that of Eu. For
cations, fewer localized electrons typically exhibit greater positive oxidation
states, which corresponds to a larger Born effective charge™. This analysis, in
conjunction with the insights from Fig. 8d-e, accounts for the observed
larger polarization in C-AFM SnFeOs.

Electronic structures of eight selected supertetragonal
perovskites

Furthermore, the electronic structures of eight selected supertetragonal
perovskites are studied (see Figs. S6 and S7 for more details). The PBE
functional under GGA approximation is employed first. As shown in Figs.
S8 and S9, only CaSnO; has a bandgap value of 1.21 eV and the other seven
perovskites show metallic characteristics. Considering that the GGA/PBE
functional generally underestimates the band gap of materials, the
Heyd-Scuseria-Ernzerhof (HSE) screened hybrid functional is further
employed, which is known to be more successful than standard DFT in
predicting the bandgaps of a wide range of materials™ . The specific values

of the bandgaps are presented in Table 1. As illustrated in Fig. 10a-c, three
non-magnetic supertetragonal perovskites exhibit insulating or semi-
conducting behavior. The band structures of CaSnO; and SrPbO; show
indirect character with bandgap values of 2.99 eV and 1.14 eV, respectively,
while CaWO; is of a direct bandgap about 0.44 eV. Among five magnetic
supertetragonal perovskites, the SnFeO;, CaTaO;, and FM BiVO; exhibit
no bandgap, indicative of metallic characteristics, while the EuPbOs;,
EuSnO3;, and A-AFM BiVOj; are of semiconducting character (Fig. 10d-h).
It is noted that the non-magnetic SrPbO; and magnetic EuSnO; not only
exhibit giant polarization, but also possess band gaps close to the ideal value
of 1.2 eV for photovoltaic applications, showing great potential in the field of
ferroelectric photovoltaics**™*°. Besides, in SnFeOs and CaTaOj, polarity and
metallicity coexist in the same phase, i.e., SnFeO3; and CaTaO; are polar
metals in nature. Therefore, these two compounds may have wide impli-
cations in the fields of topology, ferroelectricity, magnetoelectricity, spin-
tronics, and superconductivity™*.

As shown in Fig. 11, for non-magnetic supertetragonal perovskites
(Fig. 11a—c), the valence band maxima (VBM) are partly contributed by the
O 2p orbitals and some orbitals from the metal atoms at the B site, while the
conduction band minima (CBM) are mainly contributed by the orbitals of
the B site atom. For EuPbO; with G-AFM magnetic ordering and EuSnO3
with FM magnetic ordering (Fig. 11d, ), the VBM is partly contributed by
the Eu 4 f orbital, and the CBM is mainly contributed by O 2p orbitals. For
SnFeO; with C-AFM magnetic ordering (Fig. 11f), CaTaO; with FM
magnetic ordering (Fig. 11g), and BiVO; with FM ordering (Fig. 11h), they
have no bandgap, and the electrons distributed on the Fermi level are
primarily contributed by the d orbitals of metal atoms at the B site.

Physical insights between descriptors and structures

To further understand the structure-property relationships in the eight
predicted materials, we analyze descriptors with physical significance. It is
easy to find that the descriptor of electronegativity is important for the c/a
ratio from Fig. 4b. Electronegativity describes the ability of an atom or ion to
attract electrons in a chemical bond”. Here, the electronegativity of the
A-site element is denoted as E 5, which ranges from 0.79 to 2.54 (see source
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Fig. 10 | The band structures for 8 selected supertetragonal perovskites obtained

by HSE functional. a CaSnO;, b SrPbO3, ¢ CaWO3, d EuPbO; with G-AFM
magnetic ordering, e EuSnO; with FM magnetic ordering, f SnFeO; with C-AFM
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magnetic ordering, g CaTaO; with FM magnetic ordering and h BiVO; with FM
magnetic ordering. The red and black lines represent spin-up and spin-down states,
respectively.

data). Figure 4b shows that E  is negatively correlated with c/a, i.e., a smaller
E, corresponds to a larger c/a. As shown in Table 2, the screened eight
perovskites have E, values close to 1, with the highest being 2.02, which are
within the lower end of the range. The electronegativity of element X (Ex) is

positively correlated with c/a and has a value range of 2.66-3.98 (see source
data). The Ex of oxygen is 3.44, which lies towards the higher end of the
range. One can see from Fig. 4b that the value of c/a is positively correlated
with the electronegativity of the X-site element and negatively correlated
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Fig. 11 | Density of states for 8 selected super-
tetragonal perovskites obtained by the HSE
functional. a CaSnQOs3, b SrPbO3, ¢ CaWO3,

d EuPbO; with G-AFM magnetic ordering,

e EuSnO; with FM magnetic ordering, f SnFeO3

with C-AFM magnetic ordering, g CaTaO; with FM
magnetic ordering and h BiVO; with FM magnetic
ordering. The solid and dash lines represent spin-up

and spin-down states, respectively.
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with the electronegativity of the A-site element. This is because X-site ions
tend to gain electrons, while A-site ions tend to lose electrons. The stronger
the electronegativity of the X-site element, the easier it is to attract the A-site
elements. Conversely, the lower the electronegativity of the A-site element,
the easier it is to be attracted. This leads to a structural offset, resulting in an

increasing trend in the c/a ratio.

F, represents the first ionization energy of the A-site element, and it
shows a negative correlation with the ¢/a ratio (see Fig. 4b). The predicted Fa
ranges from 3.89 to 10.49 KJ/mol (see source data). Most of the selected
eight perovskites have F, values around 5-6, which are towards the lower
end of the range. The first ionization energy is the amount of energy required

to remove the outermost electron from an atom’'. An atom with a lower first
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Table 2 | Eight selected perovskites with relevant descriptor values

Formula Ea Fa (KJ/mol) D (g/ml) Bpa (K) Bpg (K) Ex R\a (Pm) R\x (pbm) t M

CaSnO; 1 6.1132 1.54 1757 2875 3.44 99 140 0.8086 0.4928
EuSnO3 1.2 5.6704 5.24 1802 2875 3.44 117 140 0.8695 0.4929
EuPbO3 1.2 5.6704 5.24 1802 2022 3.44 117 140 0.8355 0.5536
SrPbO3 0.95 5.6949 2.64 1655 2022 3.44 112 140 0.8193 0.5536
SnFeO4 1.96 7.3439 7.29 2875 3134 3.44 112 140 0.8977 0.4179
CaTaOs; 1 6.1132 1.54 1757 5731 3.44 99 140 0.8125 0.4857
CaWO3; 1 6.1132 1.54 1757 5828 3.44 99 140 0.8204 0.4714
BiVO3 2.02 7.2856 9.81 1837 3680 3.44 103 140 0.8678 0.4143

ionization energy is more easily attracted by an ion with a negative charge.
Therefore, the smaller the first ionization energy of the A element, the more
easily it is attracted by the X-site element, leading to structural deviation and
an increasing trend in c/a ratio.

Ry4 refers to the radius of the A-site ion, with a predicted spatial value
range of 43-167 pm (see source data). As shown in Fig. 4b, there is a positive
correlation between Ry and the c/a ratio. The majority of the eight selected
perovskites have R, around 110 pm, which is on the larger side of the range.
On the other hand, the Ionic radius of element X (Ryx) is negatively cor-
related with the c/a value (see Fig. 4b), with a predicted spatial range of
133-220 pm (see source data). The Ryx of oxygen is 140 pm, which is on the
smaller side of the range. The ionic radius of an element is determined by the
number of charges contained in the ion and the changes in the electron
configuration’. The smaller the nuclear charge of an A-site ion, the larger its
radius will be, and the smaller the nuclear charge, the more easily the ion can
be attracted by X-site ions. The same analysis applies to X-site ions as well,
leading to a structural shift and an increasing trend in c/a ratio.

The structure-property relationships between c/a values and features in
prediction datasets are shown in Fig. 3b—e. When Ex and t are larger, c/a
tends to be greater than 1.2; whereas when Bp, and Ry are smaller, c/a tends
to be less than 1.2. The descriptor values and their importance rankings
corresponding to the selected perovskites are aligned, from which we can get
several guiding suggestions for subsequent predictions of supertetragonal
perovskites with large c/a ratios, i.e., the elements on the A-site should have a
smaller electronegativity, a lower first ionization energy, a lower density, a
lower boiling point, and a larger ionic radius. Besides, the boiling point of the
B-site atom should be high, the ionic radius associated with the X-site
element should be small, and its electronegativity should be large. This
provides guidance for accelerating the discovery of supertetragonal mate-
rials with giant polarization, as well as for other functional materials.

Discussions

Combining ML technology and DFT calculations, we have developed a
highly efficient method for discovering supertetragonal perovskites with
giant polarization. Through screening 2021 perovskite materials, we suc-
cessfully identify eight stable supertetragonal perovskites, ie., CaSnOs,
SrPbO;, CaWOs;, EuPbO;, EuSnO;, SnFeOs;, CaTaOs, and BiVO;, among
which seven candidates have not been reported before. The eight super-
tetragonal perovskites selected by ML exhibit significantly giant polariza-
tion, varying from 90.996 to 138.627 uC/cm’. The further NEB calculations
show that these materials possess switchable polarization under an external
field and are promising ferroelectrics. Unlike other normal ferroelectric
perovskites, which need extreme synthesis conditions, they are thermally
stable under ambient condition and no external conditions are needed,
thereby leading to a substantial reduction in material development costs.
Furthermore, these selected supertetragonal perovskites demonstrate
superior theoretical stability and hold promise for practical production
applications. Among them, SrPbO; and EuSnO; possess an ideal bandgap of
around 1.2eV and giant polarization, which are thus proposed to be
potential ferroelectric photovoltaic candidates. Meanwhile, SnFeO; and
CaTaOj are predicted to be polar metals, which have potential applications

in the fields of topology, spintronics, and superconductivity. These results
underscore the potential of our research approach in facilitating the design
of novel functional materials for practical application. More importantly, we
have established a clear structure-property relationship that offers valuable
insight for the discovery of supertetragonal materials with giant polariza-
tion. Our finding highlights the crucial impact of various factors on the c/a
ratio of tetragonal perovskites, such as the electronegativity of the X and
A-site elements, tolerance factor, ionic radius of the X-site element, and
boiling point of the single substance for the B-site element, providing gui-
dance for the design of perovskites with enhanced polarization.

Methods

Density functional theory calculation

All the DFT calculations are performed using the Vienna Ab Initio Simu-
lation Package” . The interaction between ions and electrons is described
using the projector augmented wave” method, and the exchange-
correlation effects between electrons are treated using the functional of
Perdew-Burke-Ernzerhof (PBE)”” under the generalized gradient approx-
imation (GGA)”. The kinetic-energy cutoffis set to be 600 eVanda9 x 9 x 7
Gamma k-point mesh is employed. The convergence criterion for total
energies is 1x10°eV. The Gaussian smearing (ISMEAR=0) and
SIGMA = 0.05 (corresponding to a smearing temperature of approximately
580 K) are applied. For magnetic perovskites, it is necessary to consider
different magnetic orderings, and the calculations are performed with a
2 x 2 %2 supercell consisting of 40 atoms and 4 x 4 x 3 Gamma k-point
mesh. The electronic structures are calculated by hybrid DFT in the fra-
mework of HSE™ based on the relaxed structures. AIMD simulations are
performed at room temperature by using the Nosé-Hoover method”**. The
polarization switching pathway is determined using the NEB method™. The
Born effective charges are calculated using density functional perturbation
theory™. It should be noted that the Born effective charges are calculated
under the adiabatic approximation. In particular, the polar metals investi-
gated in our work are fundamentally different from traditional metals (see
Fig. S11 for details). In polar metals, the electrons around atoms are localized,
which leads to a large electron linear response under perturbation, resulting
in finite Born effective charges. For the investigated systems in this work,
there are several atoms with large atomic numbers, such as Eu or Pb. To
investigate if the spin-orbit coupling (SOC) effect is necessary, we select
EuPbO; as a representative candidate and calculate its geometrical structure
and band structure, considering the SOC effect. Table S7 compares the lattice
parameters, and Fig. S5 compares the band structure of EuPbO; obtained by
the PBE and PBE + SOC methods. It can be seen that consideration of the
SOC effect has a slight effect on the geometrical structure and electronic
structure. Therefore, the SOC effect is not considered in this work.

Machine learning model construction

The Random Forest classifier algorithm® is adopted to build the ML models,
and the hyperparameters are: max depth = 4, random state = 0, n jobs = 2.
Besides, the Extra Trees classifier a.lgorithm84 is also adopted to build the ML
models, and the hyperparameters are: n estimators = 10, max depth = None,
min samples split = 2, random state = 0.
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In this work, we handle a binary classification task, so the confusion
matrix is a 2x2 matrix that reports the number of true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN) as follows***:

TN FN
¢y
Fp TP

The performance indicator can be used to compare different classifiers. We
usually take the model with the best performance and the common indi-
cators are as follows:

TP+ TN

= 2
ACCUTAY = Tp { FP + FN + TN @
TP
oo TP 3
precision TP 1 TP 3)
TP
Il = ——— 4
reca TP LN (4)

Formation energy
The formation energy of ABO; perovskites, (E?BO3) is calculated according
to Equation:

ABO,

E

ABO,
' t

=E (©)
where E[ABO3 is the total energy of the perovskites, w/p is the chemical
potential of element A/B in its bulk phase, and o is 1/2 chemical potential in

oxygen gas phase’”™.

— Uy — g — 3o

Spontaneous polarization
An excellent ferroelectric material should have a large spontaneous polar-
ization. The polarization can be estimated by:

AP, = B (apa/aﬂjﬁ> <!4j/3 - Po;ﬁ) = éZjﬁZ;ﬁA#jﬁ ©®

where Aps is the displacement of ions j in the Cartesian direction f3, Z;-;ﬂ is
the Born effective charge tensor, e is the charge of an electron, and Q is the
cell volume®™".

Data availability
The source data and codes used in this study are available at the https://
github.com/Winger0203/ML_ABX3_ST_perovskites.
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