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Abstract
This work puts forward an interpretable approach for predicting ferroelectric properties on the basis of sure indepen-
dence screening and sparsifying operator (SISSO) method, which uses a symbol regression for studying mathematical-
ly compact expressions having explicit physical sense. In combination with ensemble machine learning (ML) methods, 
i.e., extra trees regressor (ETR), random forest (RF), gradient boosting regressor (GBR), and extreme gradient boosting 
(XGBoost), as well as SHAP (SHapley Additive exPlanations) analysis for the selection and interpretation of features, 
the approach developed in this work simultaneously delivers high prediction accuracy and possibility to study funda-
mental mechanisms underlying the formation of ferroelectric properties in materials. Based on the available experi-
mental data for 476 potassium-sodium niobate (KNN-based) ceramic specimens, feature engineering has been carried 
out, as a result of which the key physical descriptors have been separated and the optimal choice of predictors has 
been determined. The model developed herein allows explicit, i.e., in a formularized form, description of quantitative 
relationships between structural parameters and functional characteristics of materials. The methodological approach to 
interpretable machine learning put forward in this work opens up new possibilities for the optimization-driven design 
of piezoelectric ceramics and other functional materials, and will be useful both for fundamental research and practical 
applications.
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1. Introduction

The development of lead-free KNN-based piezoceram-
ics has become one of the most rapidly growing trends 
of materials science in recent decades due to their high 
piezoelectric response and environmental friendliness 
[1, 2]. The search for new functional materials has been 
conventionally based on an extremely difficult empiri-
cal approach [3]. Despite the multiple discoveries that 

approach has led to, it detracts from significant limita-
tions, most clearly expressed in the current epoch of 
growing complexity of multicomponent material com-
positions and the requirement to minimize the time of 
their implementation [3–5]. Since the path from a fun-
damental understanding to a commercial product can 
take decades  [6], accelerated search for material com-
positions and optimization methods acquire special im-
portance.
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One of the most promising tools to solve the above 
task is machine learning (ML). The implementation of 
ML methods gives new opportunities in materials science 
for accelerated search for compositions with preset char-
acteristics and retrieval of latent regularities in the “com-
position – structure – properties” system [7]. Machine 
learning models can analyse large datasets, identify non-
linear relationships between the composition and proper-
ties of materials, and predict, with a high precision, the 
parameters of new, yet not synthesised compounds [7]. 
Such methods are already successfully used for the pre-
diction of extended properties, including piezoelectric 
coefficients [8], Curie temperatures [9], and piezoelectric 
permittivity [10]. Of special interest are lead-free KNN-
based piezoelectric materials, which are considered as an 
environmental-friendly alternative to noxious lead zir-
conate-titanate-based materials [11, 12]. Chemical mod-
ification through complex multicomponent doping is the 
key method to improve the piezoelectric properties [2], 
yet it leads to an exponential growth of the number of 
possible composition combinations, thus making them 
ideal for ML applications [13].

Despite the high predictive capability, most of the 
existing ML models, such as deep neural networks or 
complex ensemble methods, often operate by the “black 
box” principle, which limits their application in materi-
als science [14]. The lack of interpretability complicates 
the understanding of latent mechanisms determining the 
properties of materials and undermines confidence to the 
predictions [15]. Therefore increasing attention is paid to 
the application of interpretable models.

One of the most powerful tools to develop interpre-
table models is the use of symbolic regression, e.g. the 
sure independence screening and sparsifying operator 
(SISSO) method [16]. Sure independence screening and 
sparsifying operator allows identifying compact analyt-
ical descriptors which directly associate the fundamen-
tal properties of elements with the target property, thus 
delivering a high degree of interpretability. For example, 
not only the piezoelectric coefficient d33 of KNN-based 
ceramics was successfully predicted using SISSO, but 
also an interpretable descriptor was suggested which cor-
relates with phase transition mechanisms underlying the 
high piezoelectric response of materials [8]. In another 
work, SISSO allowed identifying the key role of covalent 
and Van-der-Vaals radii of B-cations in the ABO3 per-
ovskite structure in the determination of the d33 of KNN, 
with an error of ~40 pC/N [17].

Along with interpretable methods, e.g. SISSO, pre-
diction accuracy is maximized in case of wide applica-
tion of ensemble machine learning methods, including 
extra trees regressor (ETR), random forest (RF), gra-
dient boosting regressor (GBR), and extreme gradient 
boosting (XGBoost). For example, the ETR model with 
an optimum set of seven features allowed predicting the 
d33 of KNN with an error of ~49 pC/N [8]. Active learn-
ing based on ML models also showed its efficiency in the 

synthesis of a KNN composition with d33  ~353  pC/N, 
which is far above the respective figures of most spec-
imens in the initial training set [13]. Importantly, the 
efficiency of models depends on the correct choice of 
features. Studies show that such characteristics as elec-
tronegativity, ratio between the number of valence elec-
trons and the nominal charge, and electron core radius 
(by Schubert) are the key ones not only for the predic-
tion of the piezoelectric properties of KNN, but also for 
the classification of perovskites into ferro- and antifer-
roelectrics [4].

Despite the above achievements, most works are fo-
cused on the prediction of a single feature, typically, d33, 
whereas the practical application of materials requires 
a set of characteristics be known, e.g. the piezoelectric 
coefficient, the Curie temperature TC, and the dielectric 
permittivity ε.

The aim of this work is system analysis and comparing 
the efficiency of ensemble machine learning algorithms 
(RF, ETR, XGBoost, and GBR) in predicting the three 
key properties of lead-free KNN-based piezoelectric ce-
ramics: the piezoelectric coefficient d33, the Curie tem-
perature TC, and the dielectric permittivity ε. The work 
will also deal with comparison between the models for 
prediction accuracy, retrieval of physically meaning reg-
ularities using SISSO in combination with SHAP, and 
validation of the modeling results against experimental 
data borrowed from literature.

2. Methodology

The target properties for this work were the piezoelectric 
coefficient (d33), the dielectric permittivity at room tem-
perature measured at a frequency of 10 kHz (ε), and the 
Curie temperature (TC). 

2.1. Database

In this work, the dataset includes 476 KNN-based ce-
ramic specimens [18–83] containing information on the 
chemical composition, the piezoelectric coefficient (d33), 
the Curie temperature (TC), and the dielectric permittivi-
ty (ε), as well as 22 initial fundamental features presented 
in Table 1. In the works [8, 84, 85] it was established that 
these initial features provide high-quality predictions of 
ferroelectric properties. In order to provide data accuracy 
and consistency, only solid-state sintered specimens were 
included in the dataset. 

2.2. Calculation of parameters

For each composition, the initial features summarized in 
Table 1 were calculated. The fundamental features of the 
chemical elements (effective ionic radii, volume of atom, 
etc.) were obtained from the literature and open sources 
[86–89]. As a result, a set of initial features were obtained 
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which were calculated as values X (see Table 1) separate-
ly for the A- and B-sites of the perovskite structure, in 
accordance with the following formulas:

	 (1)

	 (2)

where n is the number of atoms in the A/B-sites of the 
perovskite structure and fi is the atomic fraction of each 
of the ions.

2.3. SISSO

At the first stage, the dataset with a set of required funda-
mental features were used for obtaining interpretable de-
scriptors using SISSO. This allowed not only to increase 
the accuracy of prediction due to the use of the models, 
but also to preserve their physical interpretability. Unlike 
the direct use of regression models, we used a two-stage 
feature selection strategy for reducing the dimension of 
the initial space of descriptors obtained using SISSO and 
excluding multicollinearity which deleteriously affects 
the calculative efficiency of the models.

2.4. Feature selection

The resultant set of 500 SISSO descriptors for each of 
the three target properties (d33, TC, and ε) were ranged by 
the degree of mutual interrelation and correlation with 
the target property. The descriptors weakly correlating 
with the target property (Pearson correlation coefficient 
<0.1) and the strongly mutually interrelating ones (Pear-
son correlation coefficient >0.7) were excluded. Then, 
20 descriptors remained that were weakly correlated 
with each other and well correlated with the target prop-
erty.

For the remaining 20 most relevant descriptors, their 
effects on the predictive capacity of the models were 
quantitatively characterized using the mutual informa-
tion (MI). Mutual information allows one to evaluate the 
relationships between the descriptors and the target prop-
erty, which is of special importance for analysis of com-
plex physical properties of ferroelectrics. As a result of 
analysis, seven most meaning descriptors for each of the 
three target properties were selected for further learning.

2.5. Machine learning methods

The seven most meaning descriptors generated with 
SISSO were used for further modeling using ensemble 
machine learning algorithms, e.g. RF, ETR, XGBoost, 
and GBR.

The resultant machine learning models were interpret-
ed for the final set of descriptors using the SHAP method 
(SHapley Additive exPlanations). This approach allows 
quantitative characterization the importance of each fea-
ture for the overall prediction. SHAP analysis of features 
allows ranging the descriptors by the degrees of their 
physical meaning, which is important for meaningful 
verification of the models from the standpoints of process 
physics.

3. Results

3.1. Pearson method and mutual information

For each target property, the dataset included more than 
200 experimental values. As noted above, 7 most infor-
mative descriptors were selected for each parameter at the 
feature selection stage. The final set of descriptors used 
for the machine leaning models is summarized in Table 2.

Table 1. Initial features

A-site B-site Reference

Effective ionic radii rA rB [86]

t is tolerance factor
[87]

µ is octahedral factor µ = rB/rO

Volume of atom VA VB

[88]

Atomic weight AWA AWB

Effective nuclear charge (Slater) NCA NCB

Distance from core electron (Schubert) DCEA DCEB

Distance from valence electron (Schubert) DVEA DVEB

Electron affinity EAA EAB

Nuclear magnetic moment MNA MNB

Valence electron number NVA NVB

Electronegativity (Pauling) ENA ENB [89] 
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Figures 1a–1c shows the Pearson correlation matri-
ces for the final sets of seven descriptors used for d33, 
ε, and TC prediction. Analysis of the matrices confirmed 
the absence of high pairwise correlation between the se-
lected descriptors, suggesting that each of the descrip-
tors bears unique information on the properties of the 
material, without information duplication in other de-
scriptors.

The descriptor meaning charts obtained using the MI 
method are shown in Fig. 1d. Analysis of these graphs 
suggests that all the selected descriptors have sufficient 
predictive capability and are highly important for the pre-
diction of the target properties. The absence of descriptors 
with negligibly low MI values confirms that each feature 
is informative and not excessive, and their combination 
provides for the maximally complete description of the 
“composition – property” interrelationships.

Pearson and MI analyses of the descriptors suggest that 
the generated set of descriptors is optimal, balanced, and 
free from multicollinearity and non-informative features.

3.2. Model evaluation

The initial data were divided into the training and test sets 
in a 80/20 ratio. Four machine learning models were se-
lected for the prediction of the properties of KNN-based 
ceramics: ETR, RF, GBR, and XGBoost. The learning 
of each model for d33, ε, and TС prediction was carried 
out independently, using the respective sets of 7 descrip-
tors. The performance of the learnt models was evaluated 
based on the determination coefficients (R2) of the train-
ing and test sets.

Model performance evaluation results are presented in 
Fig. 2, showing the dependence of predicted values on 

Table 2. SISSO descriptors

d33 ε TC

f1 = (EAA – AWA)(t – ENA) f1 = 1/(ENB – VB) f1 = (VB – NVA)(rB – NVA)

f2 = (NVB – MNB)2 f2 = MNB × EAB × (DCEB – DCEA) f2 = DCEB × VB + (DCEB – DCEA)

f3 = EAA × NCA × f3 = MNB × DCEA × (NVB – VB) f3 = (VA – AWA)(MNB – NVA)

f4 = MNB × MNA × (DVEB – DCEA) f4 = μ × MNA + (MNB – rA) f4 = rA
2 – μ × VA

f5 = MNB ×AWA × (DVEB – DCEA) f5 = ENB + VA – f5 = (DVEB – DCEA) × (DCEB – DCEA)

f6 = ENA × NVA + (NVB – NVA) f6 = (ENB  + ENA) – (MNB + NVA) f6 = MNA × AWA × (NCB – NCA)

f7 = (ENB – VB) × (MNB – VB) f7 = NVB – ENA – f7 = NCB × rA × t ×EAA

Figure 1. Pearson correlation matrix for set of features for (a) d33, (b) ε, (c) TC, and (d) MI for SISSO descriptors

a b c

d
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experimental ones for each of the four models and three 
target properties.

The proximity of the data points to the perfect fit lines 
in the diagrams confirms good predictive capability of 
the algorithms tested. Quantitative comparison between 
the models is presented in the form of bar charts (Fig. 3) 
illustrating the R2 values.

3.3. Validation

A final check of the predictive capability of the models 
was carried out for independent correlation sets con-
taining 10 compositions each, for each target property. 

The validation sets for d33, ε, and TС are presented in Sup-
plementary Information.

Comparison between the predicted and experimental 
values for the validation data is shown in Fig. 4. The 
average relative errors of prediction for each model 
and each target property are summarized in Table 3 and 
prove to be within limits that allow using the test models 
for the development of new compositions with tailored 
properties.

Based on the preliminary analysis of the four machine 
learning models tested for each of the three target proper-
ties, algorithms were selected which were the most suit-
able for the prediction of respective properties. The ETR 

Figure 2. Performance of ML models: (a–c) ETR, (d–f) RF, (g–i) GBR, and (i–l) XGBoost in prediction of (a, d, g, j) d33, 
(b, e, h, k) ε, and (c, f, i, l) TC for KNN-based ceramics

a b c

d e f

g h i

j k l
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model is the optimum one for the prediction of piezoelec-
tric coefficient, since it showed the least average relative 
error for its independent validation set (10.7 %) combined 
with competitive R2 for the test set (75 %). Prediction of 
dielectric permittivity is also best done using the ETR 
model which showed the smallest error for the validation 
data (7.8 %) and stable R2 values for the test set (83 %). 
The RF model proved to be the most effective in predict-
ing the Curie temperature due to the smallest average rel-
ative error (6.7 %) for the validation set, while retaining 
high R2 (91 %).

4. Discussion

The key tool of machine learning model interpretation is 
to evaluate the contribution of individual features, and 
this was implemented in this work using the SHAP meth-
od. Figure 5 shows SHAP values for descriptors illustrat-
ing the degree of their impact on the prediction of the 
three target properties using the optimal models which 
demonstrated the highest accuracy.

For interpretable machine learning in the analysis of 
KNN-based ceramic materials, the key result is the iden-
tification of the descriptors which have the lowest SHAP 
values, indicating their predominant impact on the pre-
diction of the target properties.

A significant impact of the descriptor f2 = (NVB – 
MNB)2 on the predicted piezoelectric coefficient d33 can 
be accounted for by the physical nature of the parame-
ter MNB (nuclear magnetic moment of the B-cations in 
ABO3-type perovskite structures). The parameter MNB 
exerts a strong impact on the value of d33, since it is an 

effective indicator which integrates the electron configu-
ration and crystal structure that determine the piezoelec-
tric response of materials [8]. According to earlier works, 
local ferroelectric distortions induced by dopants at the 
B-sites directly determine Landau’s local energy barrier, 
thus critically affecting polarization and switching under 
external electric fields [90, 91]. The parameter MNB cor-
relates with the electronegativity and hybridization de-
gree of the d-orbitals of the ions at the B-sites with 2p-or-
bitals of the surrounding oxygen atoms, this controlling 
the rigidity of the chemical bonds and the mobility of the 
ion in the oxygen cluster [11].

The greatest impact on the prediction of dielectric 
permittivity comes from the descriptor f4 = μ × MNA+ 
(MNB – rA). The component µ is the octahedral factor 
determining the geometry of the oxygen octahedron 
BO6. According to classical standpoints [86], the ratio of 
the ionic radii of B and O affects the distortion degree 
of the octahedrons. The expression μ × MNA describes 
the relationship between the geometry and the electron 
configuration of the atoms the A-sites (volume and effec-
tive radii: the nuclear magnetic moment MNA correlates 

Table 3. Average relative error of ETR, RF, GBR, and XGBoost 
models in prediction of d33, ε, and TC

Model
Average relative error (%)

d33 ε TC

ETR 10.7 7.8 7.8

RF 13.0 8.1 6.7

GBR 13.5 11.8 8.4

XGBoost 14.7 9.4 6.8

Figure 4. Validation of ML models: (a) ETR for d33, (b) ETR for ε, and (c) RF for TC for independent experimental data borrowed 
from literature

a b c

Figure 3. Analysis of ML models performance in prediction of (a) d33, (b) ε, and (c) TC for KNN-based ceramics

a b c
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with the electronegativity and polarizability of the ions 
in  the A-sublattice, hence determining the contribution 
of electron polarization [8]. The expression (MNB − rA) 
shows the interaction between the electron configura-
tion of the B-cations and the dimensional factor of the 
A-cations. As shown earlier [8], MNB is important for the 
description and prediction of d33 (this is, accordingly, re-
lated to the value of polarization), while the ionic radius 
rA controls the free space left for ionic shifts, which is of 
special importance for phase transitions [92]. An increase 
in the polarizability of the B-cation (large MNB) acts to in-
crease the electronic and ionic polarization. Optimization 
of the octahedron geometry (μ → 1) decreases the en-
ergy barrier for ionic shifts. Achievement of a balance 
between the A-cation size and the electron configuration 

of the B-site favors the formation of morphotropic phase 
boundaries (orthorhombic- tetragonal, rhombohedral-ort-
horhombic, rhombohedral-tetragonal), leading to high di-
electric responses [92]. Thus, the descriptor f4 covers the 
multicomponent nature of dielectric response: electronic 
polarization (MNA, MNB), ionic polarization in phase 
transition regions (μ, lattice distortions).

Analysis of SHAP values allowed to highlight the 
descriptor f2 = DCEB × VB + (DCEB – DCEA), which 
integrates the electron configuration and geometric pa-
rameters of atoms determining the Curie temperature 
(TC) of KNN-based ceramics. The validity of using the 
above-listed atomic features was additionally confirmed 
by earlier works [93], showing that the valence of the 
B-cation, ionic radius, and ionic shifts exert a decisive 

Figure 5. SHAP-based analysis of impact of features on predictive capability of models: (a) ETR for d33, (b) ETR for ε, and (c) RF 
for TC

a

b

c
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impact on TC prediction. The component DCEB describes 
the electron configuration of the B-cation, thus determin-
ing the covalence degree of the B–O bond. The expres-
sion DCEB × VB describes the relationship between the 
electronic configuration and geometric parameters of the 
atoms at the B-sites, where the atomic volume VB cor-
relates with the unit cell size and the free space left for 
ionic shifts. The expression (DCEB − DCEA) represents 
the difference in the electron configurations of the B- and 
A-cations, caused by the distribution of electronic density 
and distortion of oxygen octahedrons. The latter descrip-
tor covers the key factors determining the TC of KNN-
based ceramics: the electronic structure of the B-cation 
(DCEB), lattice geometry (VB), and balance of the elec-
tron configuration parameters of the A- and B-cations 
(DCEB − DCEA).

Conclusion

In this work, the prediction of d33, ε, and TC of KNN-
based ferroelectric ceramics was carried out sequentially 
using a hybrid strategy, i.e., a combination of the Sure In-
dependence Screening and Sparsifying Operator (SISSO) 
with ensemble machine learning methods (Extra Trees 
Regressor (ETR), Random Forest (RF), Gradient Boost-

ing Regressor (GBR), and eXtreme Gradient Boosting 
(XGBoost)).

For each target property (the piezoelectric coefficient 
d33, the dielectric permittivity ε, and the Curie tempera-
ture TC), descriptors were identified that exert the maxi-
mum impact on the predictive capability of the machine 
learning models. We showed that the best results in d33 
prediction were achieved using the ETR model, deliv-
ering an average relative error of about 10.7  %. for the 
validation set which was not used for leaning. For ε, the 
smallest error (7.8  %) was also obtained for the ETR 
model, and for TC, the best result was achieved using the 
RF model, the error being 6.7  %.

Thus, physically interpretable predictors were de-
veloped that allow accurate prediction of the key ferro-
electric parameters of KNN-based ceramics. The results 
confirm the efficiency of the suggested approach combin-
ing the SISSO method with ensemble machine learning 
methods and open up new possibilities for the design of 
materials with tailored functional parameters.

Acknowledgments

The study was performed with financial support from the 
Russian Science Foundation (grant No. 24-79-00281).

References
1.  Li J.-F., Wang K., Zhu F.-Y., Cheng L.-Q., Yao F.-Z. (K,Na)NbO3-

based lead-free piezoceramics: fundamental aspects, processing 
technologies, and remaining challenges. Journal of the American 
Ceramic Society. 2013; 96(12): 3677–3696. https://doi.org/10.1111/
jace.12715

2.  Zhang Y., Li J.-F. Review of chemical modification on potassi-
um sodium niobate lead-free piezoelectrics. Journal of Materials 
Chemistry С. 2019; 7(15): 4284–4303. https://doi.org/10.1039/C9T-
C00476A

3.  Qing Y., Mu Y., Zhou Y., Luo F., Zhu D., Zhou W. Multiwalled 
carbon nanotubes–BaTiO3/silica composites with high complex 
permittivity and improved electromagnetic interference shielding 
at elevated temperature. Journal of the European Ceramic Soci-
ety. 2014; 34(10): 2229–2237. https://doi.org/10.1016/j.jeurcer-
amsoc.2014.02.007

4.  He J., Li J., Liu C., Wang C., Zhang Y., Wen C., Xue D., Cao J., 
Su Y., Qiao L., Bai Y. Machine learning identified materials descrip-
tors for ferroelectricity. Acta Materialia. 2921; 209: 116815. https://
doi.org/10.1016/j.actamat.2021.116815

5.  Gao C., Min X., Fang M., Tao T., Zheng X., Liu Y., Wu X., Huang Z. 
Innovative materials science via machine learning. Advanced Func-
tional Materials. 2022; 32(1): 2108044. https://doi.org/10.1002/
adfm.202108044

6.  Hill J., Mulholland G., Persson K., Seshadri R., Wolverton C., 
Meredig B. Materials science with large-scale data and informatics: 
Unlocking new opportunities. MRS Bulletin. 2016; 41: 399–409. 
https://doi.org/10.1557/mrs.2016.93

7.  Ramprasad R., Batra R., Pilania G., Mannodi-Kanakkithodi A., 
Kim C. Machine learning in materials informatics: recent applica-
tions and prospects. npj Computational Materials. 2017; 3(1): 54. 
https://doi.org/10.1038/s41524-017-0056-5

8.  Ma B., Wu X., Zhao C., Lin C., Gao M., Sa B., Sun Z. An interpreta-
ble machine learning strategy for pursuing high piezoelectric coeffi-
cients in (K0.5Na0.5)NbO3-based ceramics. npj Computational Mate-
rials. 2023; 9(1): 229. https://doi.org/10.1038/s41524-023-01187-1

9.  Zhai X., Chen M., Lu W. Accelerated search for perovskite materials 
with higher Curie temperature based on the machine learning meth-
ods. Computational Materials Science. 2018; 151(3): 41–48. https://
doi.org/10.1016/j.commatsci.2018.04.031

10.  Kim C., Pilania G., Ramprasad R. From organized high-throughput 
data to phenomenological theory using machine learning: The ex-
ample of dielectric breakdown. Chemistry of Materials. 2016; 28(5): 
1304–1311. https://doi.org/10.1021/acs.chemmater.5b04109

11.  Saito Y., Takao H., Tani T., Nonoyama T., Takatori K., Homma T., 
Nagaya T., Nakamura M. Lead-free piezoceramics. Nature. 2004; 
432(7013): 84–87. https://doi.org/10.1038/nature03028

12.  Lane N.J., Vogel S.C, Caspi E.N., Dubois S., Gauthier‐Brunet V., 
Bei G.P., Barsoum M.W. High‐temperature neutron diffraction 
and first‐principles study of Ti3AlC2 and Ti3(Al0.8Sn0.2). Journal 
of the American Ceramic Society. 2914; 97: 570–576. https://doi.
org/10.1111/jace.12696

13.  Hu H., Huang M., Wang B., Zhang D., Tan T., Yan K., Wu D. 
Multi-iteration active learning for the composition design of potas-
sium-sodium niobate ceramics with enhanced piezoelectric coeffi-



Modern Electronic Materials 2026; 12(2): 83–94 91

cient. Ceramics International. 2024; 50(24): 54536–54546. https://
doi.org/10.1016/j.ceramint.2024.10.312

14.  Oviedo F., Ferres J.L., Buonassisi T., Butler K.T. Interpretable and 
explainable machine learning for materials science and chemistry. 
Accounts of Materials Research. 2022; 3: 597–607. https://doi.
org/10.1021/accountsmr.1c00244

15.  Zhong X., Gallagher B., Liu S., Kailkhura B., Hiszpanski A., 
Han T.Y.-J. Explainable machine learning in materials science. npj 
Computational Materials. 2022; 8(1): 204. https://doi.org/10.1038/
s41524-022-00884-7

16.  Ouyang R., Curtarolo S., Ahmetcik E., Scheffler M., Ghiring-
helli L.M. SISSO: A compressed-sensing method for identifying the 
best low-dimensional descriptor in an immensity of offered candi-
dates. Physical Review Materials. 2018; 2(8): 083802. https://doi.
org/10.1103/PhysRevMaterials.2.083802

17.  Li H., Lu W., Li C., Liu J., Feng Z., Liu J., Yang L. Structure-driven 
prediction and mechanism insights into piezoelectric performance 
of potassium sodium niobate via interpretable machine learning. 
Computational Materials Science. 2026; 263: 114410. https://doi.
org/10.1016/j.commatsci.2025.114410

18.  Feng T., Yang Z., Liu H., Huang H., Hu J., Zhu L., Zhang B., Li J. 
Simultaneous enhancement of piezoelectricity and mechanical qual-
ity factor in hard‐type KNN‐based lead‐free ceramics via hierar-
chical domain architecture. Advanced Functional Materials. 2025; 
35(30): 2425699. https://doi.org/10.1002/adfm.202425699

19.  Feng S., Xiao D., Wu J., Li F., Xiao M., Zhu J. Influence of K/Na 
ratio on phase structure and electrical properties of 0.96(KxNa1-x)
NbO3–0.04(Bi0.5Na0.5)ZrO3 lead-free ceramics. Journal of Electro-
ceramics. 2015; 34: 142–149. https://doi.org/10.1007/s10832-014-
9963-8

20.  Zhengfa L., Yongxiang L., Jiwei Z. Grain growth and piezoelectric 
property of KNN-based lead-free ceramics. Current Applied Phys-
ics. 2011; 11(3): S2–S13. https://doi.org/10.1016/j.cap.2011.04.014

21.  Wu W., Xiao D., Wu J., Li J., Zhu J., Zhang B. Microstructure 
and electrical properties of relaxor (1–x)[(K0.5Na0.5)0.95Li0.05]
(Nb0.95Sb0.05)O3-xBaTiO3 piezoelectric ceramics. Ceramics Inter-
national. 2012; 38(3): 2277–2282. https://doi.org/10.1016/j.cera-
mint.2011.10.079 

22.  Yu S.-W., Kuo S.-T., Tuan W.-H., Tsai Y.-Y., Wang S.-F. Cytotox-
icity and degradation behavior of potassium sodium niobate piezo-
electric ceramics. Ceramics International. 2012; 38(4): 2845–2850. 
https://doi.org/10.1016/j.ceramint.2011.11.056

23.  Du J., Yi X.-J., Ban C.-L., Xu Z.-J., Zhao P.-P., Wang C.-M. Piezo-
electric properties and time stability of lead-free (Na0.52K0.44Li0.04)
Nb1-x-ySbxTayO3 ceramics. Ceramics International. 2013; 39(2): 
2135–2139. https://doi.org/10.1016/j.ceramint.2012.07.063

24.  Rubio-Marcos F., Reinosa J.J., Vendrell X., Romero J.J., Me-
stres L., Leret P., Fernández J.F., Marchet P. Structure, microstruc-
ture and electrical properties of Cu2+ doped (K,Na,Li)(Nb,Ta,Sb)O3 
piezoelectric ceramics. Ceramics International. 2013; 39(4): 4139–
4149. https://doi.org/10.1016/j.ceramint.2012.10.270

25.  Qian S., Zhu K., Pang X., Liu J., Qiu J., Du J. Phase transition, mi-
crostructure, and dielectric properties of Li/Ta/Sb co-doped (K,Na)
NbO3 lead-free ceramics. Ceramics International. 2014; 40(3): 
4389–4394. https://doi.org/10.1016/j.ceramint.2013.08.110

26.  Liang S., Zhu J., Zheng M., Zhang P., Sun P., Wang Z., Zhu X. 
Microstructure and electrical properties of (Na0.5K0.5)1-2xMgxNbO3 
– Bi0.5Na0.5TiO3 lead-free piezoelectric ceramics. Ceramics Inter-

national. 2014; 40(2): 2763–2768. https://doi.org/10.1016/j.cera-
mint.2013.10.042

27.  Cheng X., Gou Q., Wu J., Wang X., Zhang B., Xiao D., Zhu J., 
Wang X., Lou X. Dielectric, ferroelectric, and piezoelectric proper-
ties in potassium sodium niobate ceramics with rhombohedral–ort-
horhombic and orthorhombic–tetragonal phase boundaries. Ceram-
ics International. 2014; 40(4): 5771–5779. https://doi.org/10.1016/j.
ceramint.2013.11.016

28.  Chao X., Wang J., Kang C., Li Z., Yang Z. Microstructure, elec-
trical properties, strain and temperature stability of (K, Na,Li)(Nb, 
Ta)O3 ceramics: The effect of BiFeO3 additive. Ceramics Interna-
tional. 2015;41(10):12887–12895. https://doi.org/10.1016/j.cera-
mint.2015.06.127

29.  Zhang C., Zheng T., Wu J. Structure-property in KNNS-BNT-
BNH ternary system with rhombohedral-tetragonal phase boundary. 
Ceramics International. 2016; 42(14): 16049–16054. https://doi.
org/10.1016/j.ceramint.2016.07.114

30.  Liang W., Wu W., Xiao D., Zhu J., Wu J. Construction of new 
morphotropic phase boundary in 0.94(K0.4-xNa0.6BaxNb1-xZrx)O3 – 
0.06LiSbO3 lead-free piezoelectric ceramics. Journal of Materials 
Science. 2011; 46: 6871–6876. https://doi.org/10.1007/s10853-011-
5650-1

31.  Zhang Y., Wang S., Chen C., Zhang N., Wang A., Zhu Y., Cai F. 
Enhanced linearity of KNNS-BNKZ ceramics by combining the 
controls of phase composition and microstructure. Ceramics Inter-
national. 2018; 44(7): 8380–8386. https://doi.org/10.1016/j.cera-
mint.2018.02.030

32.  Yang W., Li P., Wu S., Li F., Shen B., Zhai J. Coexistence of excel-
lent piezoelectric performance and thermal stability in KNN-based 
lead-free piezoelectric ceramics. Ceramics International. 2020; 
46(2): 1390–1395. https://doi.org/10.1016/j.ceramint.2019.09.102

33.  Huo X., Wang F., Zhang T., Zhang M., Guo M. A dispersed poly-
crystalline phase boundary constructed in CaZrO3 modified KNN-
based ceramics with both excellent piezoelectric properties and ther-
mal stability. Ceramics International. 2023; 49(10): 15751–15760. 
https://doi.org/10.1016/j.ceramint.2023.01.169

34.  Leng W., Liu Y., Li S., Geng X., Liu L., Du Y. Optimizing elec-
tromechanical properties of KNN-based piezoelectric ceramics 
through regulation of lattice distortion. Ceramics International. 
2024; 50(18 Pt A): 32922–32929. https://doi.org/10.1016/j.cera-
mint.2024.06.104

35.  Jiang X.-P., Yang Q., Yu Z.-D., Hu F., Chen C., Tu N., Li Y.-M. 
Microstructure and electrical properties of Li0.5Bi0.5TiO3-mod-
ified (Na0.5K0.5)NbO3 lead-free piezoelectric ceramics. Journal 
of Alloys and Compounds. 2010; 493(1-2): 276–280. https://doi.
org/10.1016/j.jallcom.2009.12.079

36.  Chao X., Yang Z., Li Z., Li Y. Phase structures, electrical proper-
ties and temperature stability of (1–x)[(K0.458Na0.542)0.96Li0.04](Nb0.

85Ta0.15)O3-xBiFeO3 ceramics, Journal of Alloys and Compounds. 
2012; 518: 1–5. https://doi.org/10.1016/j.jallcom.2011.11.104

37.  Yin Q., Sun Z., Zhang M., He G., Chen Y., Wang Q., Yan M. 
Structure and electrical properties of K0.5Na0.5Nb0.94−Sb0.06SnO3 
lead-free piezoelectric ceramics. Journal of Alloys and Compounds. 
2015; 622: 132–136. https://doi.org/10.1016/j.jallcom.2014.10.045

38.  Wu J., Zhang B., Wu W. Phase structure and electrical properties of 
barium-modified potassium–sodium niobate-based lead-free ceram-
ics. Journal of Alloys and Compounds. 2015; 651: 302–307. https://
doi.org/10.1016/j.jallcom.2015.08.051



Ilina TS et al: Prediction of  ferroelectric properties of  (K,Na)NbO3-based solid solutions ...92

39.  Tang X., Chen T., Liu Y., Zhang J., Zhang T., Wang G., Zhou J. 
Composition dependence of phase structure and electrical properties 
in (0.98–x)K0.35Na0.65NbO3–0.02BaZrO3-xBi0.5Na0.5ZrO3 ternary 
ceramics. Journal of Alloys and Compounds. 2016; 672: 277–281. 
https://doi.org/10.1016/j.jallcom.2016.02.140

40.  Xiang R., Wu J. Contribution of Bi0.5Na0.5ZrO3 on phase 
boundary and piezoelectricity in K0.48Na0.52Nb0.96Sb0.04O3–
Bi0.5Na0.5SnO3-xBi0.5Na0.5ZrO3 ternary ceramics. Journal of Alloys 
and Compounds. 2016; 684: 397–402. https://doi.org/10.1016/j.jall-
com.2016.05.118

41.  Jiang L., Xing J., Tan Z., Wu J., Chen Q., Xiao D., Zhu J. High 
piezoelectricity in (K,Na)(Nb,Sb)O3–(Bi,La,Na,Li)ZrO3 lead-free 
ceramics. Journal of Materials Science. 2016; 51: 4963–4972. 
https://doi.org/10.1007/s10853-016-9801-2

42.  Tao H., Wu W., Wu J. Electrical properties of holmium doped 
(K,Na)(Nb,Sb)O3–(Bi,Na)HfO3 ceramics with wide sintering and 
poling temperature range. Journal of Alloys and Compounds. 2016; 
689: 759–766. https://doi.org/10.1016/j.jallcom.2016.08.037

43.  Pan D., Guo Y., Zhang K., Duan H., Chen Y., Li H., Liu H. Phase 
structure, microstructure, and piezoelectric properties of potas-
sium-sodium niobate-based lead-free ceramics modified by Ca. 
Journal of Alloys and Compounds. 2017; 693: 950–954. https://doi.
org/10.1016/j.jallcom.2016.09.277

44.  Wu W., Chen M., Wu B., Ding Y., Liu C. Lead-free (K,Na)(Nb,Sb)O3 – 
Zn1-x(Bi0.5K0.5)xZrO3 ceramics: Phase evolution and electrical prop-
erties. Journal of Alloys and Compounds. 2017; 695: 2981–2986. 
https://doi.org/10.1016/j.jallcom.2016.11.362

45.  Wu B., Ma J., Wu W., Chen M., Ding Y., Tian H. BiFeO3-modified 
(K, Na, Li) (Nb, Sb)O3 lead free ceramics with high Curie tempera-
ture. Journal of Alloys and Compounds. 2017; 710: 130–137. https://
doi.org/10.1016/j.jallcom.2017.03.227

46.  Xie L., Xing J., Tan Z., Jiang L., Chen Q., Wu J., Zhang W., Xiao D., 
Zhu J. Comprehensive investigation of structural and electrical 
properties of (Bi, Na) CoZrO3-doped KNN ceramics. Journal of Al-
loys and Compounds. 2018; 758: 14–24. https://doi.org/10.1016/j.
jallcom.2018.05.102

47.  Yang Y., Dai Q., Chen T., Liu Y., Zhang T., Zhang J. Role of 
BiScO3 in phase structure and electrical properties of potassium so-
dium niobate ternary materials. Journal of Alloys and Compounds. 
2019; 770: 466–472. https://doi.org/10.1016/j.jallcom.2018.08.078

48.  Tan L., Sun Q., Wang Y. Outstanding piezoelectric properties of 
Al-substituted potassium-sodium niobate-based lead-free piezoc-
eramics. Journal of Alloys and Compounds. 2020; 836: 155419. 
https://doi.org/10.1016/j.jallcom.2020.155419

49.  Qin Y., Zhang J., Tan Y., Yao W., Wang C., Zhang S. Domain 
configuration and piezoelectric properties of (K0.50Na0.50)1-x 
Lix(Nb0.80Ta0.20)O3 ceramics. Journal of the European Ceramic 
Society. 2014; 34(16): 4177–4184. https://doi.org/10.1016/j.jeurce-
ramsoc.2014.07.026

50.  Wang L., Su C., Liao Y., Hao H., Liu H. Phase tuning on BiCoO3 
modified KNN-ceramics with increased overall pyroelectric proper-
ties and high Curie temperature. Journal of the European Ceramic 
Society. 2025; 45(11): 117372. https://doi.org/10.1016/j.jeurcer-
amsoc.2025.117372

51.  Zhu F., Skidmore T.A., Bell A.J., Comyn T.P., James C.W., 
Ward M., Milne S.J. Diffuse dielectric behaviour in Na0.5K0.5NbO3–
LiTaO3–BiScO3 lead-free ceramics. Materials Chemistry and 
Physics. 2011; 129(1-2): 411–417. https://doi.org/10.1016/j.
matchemphys.2011.04.032

52.  Jiang L., Tan Z., Xing J., Wu J., Chen Q., Zhang W., Xiao D., Zhu J. 
New potassium–sodium niobate ternary system with large piezo-

electric coefficient and high Curie temperature. Journal of Materials 
Science: Materials in Electronics. 2016; 27: 9812–9820. https://doi.
org/10.1007/s10854-016-5047-7

53.  Zhao R., Li Y., Zheng Z., Kang W. Phase structure regulation and 
enhanced piezoelectric properties of Li-doped KNN-based ceram-
ics. Materials Chemistry and Physics. 2020; 245(3): 122806. https://
doi.org/10.1016/j.matchemphys.2020.122806

54.  Fu L., Lin L., Luo Y., Zhang Y., Xie W., Chen Y. Development 
of the electrical properties of KNN-based lead-free piezoceramics 
based on the phase boundary building and ternary composition de-
signing. Materials Research Bulletin. 2017; 94: 506–512. https://
doi.org/10.1016/j.materresbull.2017.06.044

55.  Guo Y., Kakimoto K., Ohsato H. (Na0.5K0.5)NbO3–LiTaO3 lead-free 
piezoelectric ceramics. Materials Letters. 2005; 59(2-3): 241–244. 
https://doi.org/10.1016/j.matlet.2004.07.057

56.  Dahiya A., Thakur O.P., Singh A.K. Transition metal effect on 
different properties of lead-free KNN-ceramics Materials Today 
Proceedings. 2021; 47: 1641–1645. https://doi.org/10.1016/j.mat-
pr.2021.04.426

57.  Hao J., Xu Z., Chu R., Zhang Y., Fu P., Li G., Yin Q. Effects 
of composition on phase structure and electrical properties of 
(K0.5Na0.5)0.90Li0.06Sr0.02Nb(1-x)SbxO3 ceramics. Physica B: Con-
densed Matter. 2009; 404(20): 3391–3396. https://doi.org/10.1016/j.
physb.2009.05.022

58.  Jiang M., Liu X., Chen G. Phase structures and electrical properties 
of new lead-free Na0.5K0.5NbO3–LiSbO3–BiFeO3 ceramics. Scripta 
Materialia. 2009; 60: 909–912. https://doi.org/10.1016/j.scripta-
mat.2009.02.017

59.  Wu J., Xiao J., Zheng T., Wang X., Cheng X., Zhang B., Xiao D., 
Zhu J. Giant piezoelectricity of (K,Na)(Nb,Sb)O3–(Bi,Na,K,Pb)
ZrO3 ceramics with rhombohedral–tetragonal (R-T) phase bound-
ary. Scripta Materialia. 2014; 88: 41–44. https://doi.org/10.1016/j.
scriptamat.2014.06.001

60.  Zheng T., Wu J., Xiao D., Zhu J., Wang X., Xin L., Lou X. Strong 
Piezoelectricity in (1–x)(K0.4Na0.6)(Nb0.96Sb0.04)O3-xBi0.5K0.5Zr1-ySnyO3 
lead-free binary system: Identification and role of multiphase co-
existence. ACS Applied Materials & Interfaces. 2015; 7(10): 5927–
5937. https://doi.org/10.1021/acsami.5b00151

61.  Zhang B., Wu J., Cheng X., Wang X., Xiao D., Zhu J., Wang X., 
Lou X. Lead-free piezoelectrics based on potassium–sodium niobate 
with giant d33. ACS Applied Materials & Interfaces. 2013; 5(16): 
7718–7725. https://doi.org/10.1021/am402548x

62.  Wang X., Wu J., Xiao D., Zhu J., Cheng X., Zheng T., Zhang B., 
Lou X., Wang X. Giant piezoelectricity in potassium–sodium nio-
bate lead-free ceramics. Journal of the American Chemical Society. 
2014; 136(7): 2905–2910. https://doi.org/10.1021/ja500076h

63.  Wu B., Ma J., Wu W., Chen M. Phase structure and electri-
cal properties of (1–x–y)K1-zNazNbO3-x(0.8Bi0.5Na0.5ZrO3 − 
0.2Bi0.5K0.5ZrO3)−yBiFeO3 lead-free ceramics. Journal of Materi-
als Science: Materials in Electronics. 2017; 28(7): 14049–14057. 
https://doi.org/10.1007/s10854-017-7256-0

64.  Wu B., Wu J., Xiao D., Zhu J. Modification of both d33 and TC in 
a potassium–sodium niobate ternary system. Dalton Transactions. 
2015; 44(48): 21141–21152. https://doi.org/10.1039/C5DT03680A

65.  Lv X., Wu J. Effects of a phase engineering strategy on the strain 
properties in KNN-based ceramics. Journal of Materials Chemis-
try C. 2019; 7(1): 2037–2048. https://doi.org/10.1039/C8TC06159A



Modern Electronic Materials 2026; 12(2): 83–94 93

66.  Yang W., Wang Y., Li P., Wu S., Wang F., Shen B., Zhai J. Improv-
ing electromechanical properties in KNANS-BNZ ceramics by the 
synergy between phase structure modification and grain orientation. 
Journal of Materials Chemistry C. 2020; 8(18): 6149–6158. https://
doi.org/10.1039/C9TC05734J

67.  Guo Y., Kakimoto K., Ohsato H. Phase transitional behavior and 
piezoelectric properties of (Na0.5K0.5)NbO3–LiNbO3 ceramics. 
Applied Physics Letters. 2004; 85(18): 4121–4123. https://doi.
org/10.1063/1.1813636

68.  Hollenstein E., Davis M., Damjanovic D., Setter N. Piezoelectric 
properties of Li- and Ta-modified (K0.5Na0.5)NbO3 ceramics. Ap-
plied Physics Letters. 2005; 87(18): 18290–182908. https://doi.
org/10.1063/1.2123387

69.  Wu J., Xiao D., Wang Y., Wu W., Zhang B., Zhu J. Improved 
temperature stability of CaTiO3-modified [(K0.5Na0.5)0.96Li0.04]
(Nb0.91Sb0.05Ta0.04)O3 lead-free piezoelectric ceramics. Jour-
nal of Applied Physics. 2008; 104(2): 024102. https://doi.
org/10.1063/1.2956390

70.  Skidmore T.A., Comyn T.P., Milne S.J. Temperature stability of 
([Na0.5K0.5NbO3]0.93–[LiTaO3]0.07) lead-free piezoelectric ceramics. 
Applied Physics Letters. 2009; 94(22): 222902–222905. https://doi.
org/10.1063/1.3153157

71.  Wu J., Xiao D., Wang Y., Wu W., Zhang B., Zhu J., Pu Z., Li Q. 
Microstructure and electrical properties of (Li, Ag, Ta, Sb)-modified 
(K0.50Na0.50)NbO3 lead-free ceramics with good temperature stabili-
ty. Journal of Physics D: Applied Physics. 2008; 41: 125405. https://
doi.org/10.1088/0022-3727/41/12/125405

72.  Wang Y., Wu J., Xiao D., Zhang B., Wu W., Shi W., Zhu J. Electri-
cal properties and temperature stability of a new kind of lead-free 
piezoelectric ceramics, Journal of Physics D: Applied Physics. 
2008; 41: 245401. https://doi.org/10.1088/0022-3727/41/24/245401

73.  Wu J., Xiao D., Wang Y., Wu L., Jiang Y., Zhu J. K/Na ratio 
dependence of the electrical properties of [(KxNa1-x)0.95Li0.05]
(Nb0.95Ta0.05)O3 lead‐free ceramics. Journal of the American Ce-
ramic Society. 2008; 91(1): 2385–2387. https://doi.org/10.1111/
j.1551-2916.2008.02415.x

74.  Wang T., Xing J., Xu Z., Li J., Wang K., Wu J., Zhang W., Zhu J. 
Enhanced piezoelectric properties in 0.96(K0.48Na0.52)(Nb1-xTax)O3 – 
0.04(Bi0.5Ag0.5)ZrO3 lead-free ceramics. Journal of Materials Sci-
ence: Materials in Electronics. 2020; 31(12): 9525–9534. https://
doi.org/10.1007/s10854-020-03494-5

75.  Wang Y., Wu J., Xiao D., Wu W., Zhang B., Wu L., Zhu J. Mi-
crostructure and electrical properties of [(K0.50Na0.50)0.95-xLi0.05Agx]
(Nb0.95Ta0.05)O3 lead‐free ceramics. Journal of the American Ce-
ramic Society. 2008; 91(2): 2772–2775. https://doi.org/10.1111/
j.1551-2916.2008.02529.x

76.  Zhang J., Tian X., Gao Y., Yao W., Qin Y., Su W. Domain structure 
of poled (K0.50Na0.50)1-xLixNbO3 ceramics with different stabilities. 
Journal of the American Ceramic Society. 2015; 98(3): 990–995. 
https://doi.org/10.1111/jace.13358

77.  Wang T., Wu C., Xing J., Wu J., Li‐Chen B., Xu X., Wang K., Zhu J. 
Enhanced piezoelectricity and temperature stability in LaFeO3‐mod-
ified KNN‐based lead‐free ceramics. Journal of the American Ce-
ramic Society. 2019; 102(10): 6126–6136. https://doi.org/10.1111/
jace.16493

78.  Zhong H., Xiao H., Jiao N., Guo Y. Boosting piezoelectric response 
of KNN‐based ceramics with strong visible‐light absorption. Jour-
nal of the American Ceramic Society. 2019; 102(8): 6422–6426. 
https://doi.org/10.1111/jace.16618

79.  Kumar A., Kumari S., Khatkar A., Sukhija B., Kumar V., Aggarw-
al S., Goyal P.K., Tomar A., Kumar A., Arya A. Enhanced TC with 
improved electrical properties by construction of phase boundary 
in Li+-modified KNN-based piezoelectric ceramics. SSRN. 2024. 
https://doi.org/10.2139/ssrn.4948258

80.  Vuong L.D. Characteristics of NaNbO3 templates and improvement 
of electrical properties of textured KNLNS-BNKT ceramics. HUE 
University Journal of Science: Techniques and Technology.2023; 
132(2А): 53–62. https://doi.org/10.26459/hueunijtt.v132i2A.7347

81.  Zhang J., Liu Z., Zhang T., Liu Y., Lyu Y. High strain response 
and low hysteresis in BaZrO3-modified KNN-based lead-free relax-
or ceramics. Journal of Materials Science: Materials in Electron-
ics. 2021; 32: 16715–16725. https://doi.org/10.1007/s10854-021-
06229-2

82.  Tang L., Liu T., Ma J., Zhang X., An L., Chen K. Ca2+ doping ef-
fects in (K, Na, Li)(Nb0.8Ta0.2)O3 lead-free piezoelectric ceramics. 
Frontiers of Materials Science. 2019; 13(4): 431–438. https://doi.
org/10.1007/s11706-019-0485-9

83.  Peng X., Zhang B., Zhu L., Zhao L., Ma R., Liu B., Wang X. Multi-
phase structure and electrical properties of Bi0.5Li0.5ZrO3 doping 
K0.48Na0.56NbO3 lead-free piezoelectric ceramics. Journal of Ad-
vanced Ceramics. 2018; 7: 79–87. https://doi.org/10.1007/s40145-
018-0259-3

84.  Oh S.V., Hwang W., Kim K., Lee J., Soon A. Using feature‐as-
sisted machine learning algorithms to boost polarity in lead‐free 
multicomponent niobate alloys for high‐performance ferroelectrics. 
Advanced Science. 2022; 9(13). 2104569. https://doi.org/10.1002/
advs.202104569

85.  Ilina T.S., Torianik S.V., Zakhidov D.S., Buryanskaya E.L., Pav-
lenko A.V., Barabanova E.V. Modeling of ferroelectric properties of 
KNN-based ceramics. Modern Electronic Materials. 2025; 11(3): 
197–205. https://doi.org/10.3897/j.moem.11.3.152137

86.  Shannon R.D. Revised effective ionic radii and systematic studies 
of interatomic distances in halides and chalcogenides. Acta Crystal-
lographica Section A: Foundations and Advances.1976; 32(SEP 1): 
751–767. https://doi.org/10.1107/S0567739476001551

87.  Goldschmidt V.M. Die Gesetze der krystallochemie. Naturwissen-
schaften. 1926; 14: 477–485. https://doi.org/10.1007/BF01507527

88.  Database on properties of chemical elements. Available at: https://
phases.imet-db.ru/elements/mendel.aspx?main=1

89.  The Periodic Table of the Elements. Available at: https://www.we-
belements.com/

90.  Shi J., Grinberg I., Wang X., Rappe A.M. Atomic sublattice decom-
position of piezoelectric response in tetragonal PbTiO3, BaTiO3. 
Physical Review B. 2014; 89(9): 094105. https://doi.org/10.1103/
PhysRevB.89.094105

91.  Fu H., Cohen R.E. Polarization rotation mechanism for ultrahigh 
electromechanical response in single-crystal piezoelectrics. Nature. 
2000; 403(6767): 281–283. https://doi.org/10.1038/35002022

92.  Wu J., Xiao D., Zhu J. Potassium–sodium niobate lead-free 
piezoelectric materials: Past, present, and future of phase bound-
aries. Chemical Reviews. 2015; 115(7): 2559–2595. https://doi.
org/10.1021/cr5006809

93.  Askanazi E.M., Yadav S., Grinberg I. Prediction of the Curie 
temperatures of ferroelectric solid solutions using machine learn-
ing methods. Computational Materials Science. 2021; 199(7601): 
110730. https://doi.org/10.1016/j.commatsci.2021.110730



Ilina TS et al: Prediction of  ferroelectric properties of  (K,Na)NbO3-based solid solutions ...94

Supplementary information
Table 1S. Validation set for testing the target variable d33

Sample number Chemical formula

1 0.959K0.48Na0.52NbO3-–0.04Bi0.5Na0.5ZrO3–0.001LaFeO3

2 (K0.465Na0.465Li0.07)NbO3

3 0.958K0.48Na0.52NbO3–0.04Bi0.5Na0.5ZrO3–0.002LaFeO3

4 0.97K0.48Na0.56NbO3–0.03Bi0.5Li0.5ZrO3

5 0.965(K0.5Na0.5)(Nb0.96Sb0.04)O3–0.02(Bi0.5Na0.5)(Zr0.8Ti0.2)O3–0.015CaZrO3

6 (K0.44Na0.52Li0.04)0.99Cu0.005(Nb0.86Ta0.10Sb0.04)O3

7 0.95(K0.48Na0.52)NbO3–0.05Ca0.15(Bi0.5Na0.5)0.85ZrO3

8 0.95(K0.48Na0.52)NbO3–0.05Ca0.4(Bi0.5Na0.5)0.6ZrO3

9 0.98(K0.5Na0.5)0.94Li0.06(Nb0.96Sb0.04)O3–0.02(Bi0.5Na0.5)(Zr0.8Sn0.1Hf0.1)O3

10 0.96(K0.4Na0.6)(Nb0.96Sb0.04)O3–0.04Bi0.5K0.5Zr0.6Sn0.4O3

Table 2S. Validation set for testing the target variable ε

Sample number Chemical formula

1 (Na0.5K0.5)0.975Li0.025Nb0.74Sb0.08Ta0.18O3

2 0.96(K0.45Na0.55)NbO3–0.04BaHfO3

3 0.95(K0.45Na0.55)NbO3–0.05BaHfO3

4 0.94(K0.45Na0.55)NbO3–0.06BaHfO3

5 0.95K0.5Na0.5Nb0.965Sb0.035O3–0.01CaSnO3–0.04Bi0.5K0.5HfO3

6 0.96K0.5Na0.5Nb0.96Sb0.04O3–0.01CaSnO3–0.03Bi0.5K0.5HfO3

7 0.96K0.5Na0.5Nb0.95Sb0.05O3–0.01CaSnO3–0.03Bi0.5K0.5HfO3

8 0.96K0.5Na0.5Nb0.94Sb0.06O3–0.01CaSnO3–0.03Bi0.5K0.5HfO3

9 0.96K0.5Na0.5Nb0.93Sb0.07O3–0.01CaSnO3–0.03Bi0.5K0.5HfO3

10 0.98(K0.52Na0.48)Nb0.95Sb0.05O3–0.02Bi0.5(Na0.8K0.2)0.5ZrO3

Table 3S. Validation set for testing the target variable TС

Sample number Chemical formula

1 ((K0.5Na0.5)0.9506Bi0.0194Li0.03)(Nb0.9506Sc0.0194Ta0.03)O3

2 0.95(K0.48Na0.52)NbO3–0.05Ca0.6(Bi0.5Na0.5)0.4ZrO3

3 0.96(K0.48Na0.49Li0.03)NbO3–0.04Bi0.5Na0.5ZrO3

4 0.96(K0.5Na0.5)NbO3–0.04(Bi0.5Na0.5)ZrO3

5 0.956K0.40Na0.60NbO3–0.014BiScO3–0.03Bi0.5(Na0.6K0.3Li0.1)0.5HfO3

6 0.99K0.48Na0.56NbO3–0.01Bi0.5Li0.5ZrO3

7 0.956K0.48Na0.52NbO3–0.04Bi0.5Na0.5ZrO3–0.004LaFeO3

8 0.956K0.48Na0.52NbO3–0.04Bi0.5Na0.5ZrO3–0.004BiAlO3

9 0.96(K0.48Na0.32Li0.2)NbO3–0.04Bi0.5Na0.5ZrO3

10 0.959K0.48Na0.52NbO3–0.04Bi0.5Na0.5ZrO3–0.01LaFeO3


