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Abstract

The accelerated discovery of high-performance lead-free piezoelectric ceramics is hin-
dered by the vast compositional space and the limited interpretability of conventional
machine learning (ML) models. Here, we propose a physics-informed and interpretable
ML framework with integrated uncertainty quantification to predict and understand the
piezoelectric coefficient d33 of (Ko5Nag5) NbO3 (KNN)-based ceramics. A curated dataset
of 1113 experimental samples is used to construct 65 descriptors by decoupling A-site
and B-site ionic contributions. Pearson correlation analysis reduces these to an optimized
11-dimensional feature set for training deep neural networks, Wide & Deep networks, and
residual networks. A Bayesian neural network further provides predictive uncertainty,
which quantitatively reflects the confidence of machine-learning-based ds; predictions
rather than experimental measurement uncertainty. To achieve physical interpretability,
SHapley Additive exPlanations (SHAP) are combined with the Sure Independence Screen-
ing and Sparsifying Operator (SISSO) to derive a compact analytical descriptor revealing
that sintering temperature, B-site electronic anisotropy, and A-site ionic displacement jointly
govern ds3. The proposed framework achieves high accuracy (R? ~ 0.81) while offering
transparent design rules for next-generation lead-free piezoelectrics.

Keywords: KNN-based piezoceramics; interpretable machine learning; uncertainty
quantification; SHAP analysis; SISSO descriptor

1. Introduction

High-performance piezoelectric ceramics constitute a unique class of functional ma-
terials, with (PbZr; — xTixO3, PZT)-based ceramics being widely adopted in modern
electronics due to their outstanding piezoelectric coefficients (d33 ~ 200-1500 pC/N) and
high Curie temperatures (Tc < 90400 °C) [1]. However, increasing concerns over lead-
related environmental and health risks have driven intensive efforts to develop sustainable
lead-free alternatives [2—6]. In addition to oxide perovskites, emerging lead-free systems
such as AIN- and AlScN-based materials have demonstrated promising ferroelectric and
MEMS-compatible performance. While these nitride systems represent an important par-
allel development, the present study concentrates on bulk KNN-based ceramics, whose
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compositional richness and extensive experimental reporting make them particularly suit-
able for interpretable data-driven modeling [7,8]. Among the various candidates, [(K, Na)
NbOj3, KNN]-based ceramics stand out as one of the most promising alternatives due to
their high d33 values and excellent temperature stability [9-13]. Although phase-boundary
engineering has enabled ds3 values approaching 550 pC/N in optimized KNN systems, the
vast compositional and processing parameter space renders conventional trial-and-error
approaches inefficient, highlighting the need for rapid and effective evaluation strategies.

The integration of machine learning (ML) with materials informatics has provided
powerful tools for predicting and optimizing material properties and has been successfully
applied to piezoelectrics, crystal structure prediction, ferroelectrics, and perovskite stability
assessment [14-19]. However, the limited interpretability of ML models remains a major
obstacle to their broader adoption in materials science [20-24]. To address this challenge,
explainable artificial intelligence (XAI) has emerged to enhance model transparency by
elucidating how complex learning models, such as deep neural networks, map input
features to predicted properties [25-27].

In recent years, a variety of novel XAl techniques have been proposed, which can
generally be categorized into global and local interpretation methods [28-31]. These can be
grouped into global and local explanation methods. While global explanation methods inter-
pret the decision-making of DNNs across a population by visualizing the signals that cause
significant activation in a neuron [32,33], analyzing relationships between neurons [20] or
by linking the neuron’s learned concepts to human-understandable concepts [34-37]. In
contrast, local explanations provide interpretations of the prediction for a particular data
example by attributing relevance to the input features [38,39].

Fundamentally, the interpretability of machine learning (ML) refers to the ability to
examine and understand how input features are mapped to outputs in a mathematical
and/or logical manner [1]. The ultimate goal of interpretability research is to develop
model architectures that are inherently interpretable, thereby avoiding the black-box nature
commonly associated with complex learning models [40].

In machine learning models, an excessive number of features can lead to the curse of
dimensionality, increasing computational cost and causing model overfitting. In contrast,
previous studies on perovskite materials have typically employed only a small number
of features, often on the order of single digits [41—45]. Hu et al. [42] applied composi-
tional and crystal-structure-related features to predict the piezoelectric coefficients of inor-
ganic materials and screened 20 high-performance piezoelectric candidates from a dataset of
12,680 materials. He et al. [43] combined several feature selection techniques—namely Pear-
son correlation coefficient filtering, exhaustive feature search, and domain knowledge—to
identify key descriptors governing the piezoelectric coefficient d33 of BaTiOz-based ceram-
ics. In this context, the sure independence screening and sparsifying operator (SISSO)
has emerged as an effective interpretable ML approach, capable of deriving compact and
explicit mathematical descriptors that are linearly correlated with target properties [46—49].

In this work, we develop an interpretable ds3 descriptor construction framework that
integrates physics-informed feature engineering, machine learning regression, Bayesian
uncertainty quantification, and symbolic descriptor discovery to elucidate the composition—
structure—property mapping of KNN-based ceramics across a broad compositional space.
Here, uncertainty quantification specifically refers to the estimation of prediction un-
certainty arising from model parameters and data variability, rather than experimental
measurement fluctuations.

We deliberately focus on ds3 because it is the most widely reported and standardized
performance metric for bulk KNN ceramics, providing the most statistically consistent
dataset for reliable model training and uncertainty-aware modeling.
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The remainder of this paper progressively develops the proposed hybrid learning
pipeline: Section 2 describes dataset construction and model design; Section 3 evaluates
predictive performance across neural architectures, followed by Bayesian uncertainty anal-
ysis and SHAP-SISSO-based symbolic regression. Through this integration, the framework
advances from accurate prediction to physically interpretable descriptor discovery, trans-
forming a data-driven model into a transparent materials design tool.

2. Materials and Methods
2.1. Feature Selection

The KNN material, with the chemical formula (K¢s5Nags) NbOs, is a perovskite-
structured ceramic based on potassium, sodium, and niobium. At room temperature, its
crystal structure typically exhibits an orthorhombic phase (Figure 1a). The piezoelectric
properties of KNN-based ceramics originate from their characteristic ABO3-type perovskite
crystal structure. As illustrated in Figure 1b, the fundamental framework of this structure
consists of A-site ions (K*, Na*) located at the eight corners of the cubic lattice; B-site
ions (Nb>*) positioned at the body center; and oxygen ions (O?~) occupying the six face
centers, collectively forming [NbOg] oxygen octahedra centered around the B-site ions. The
uniqueness of this structure lies in the fact that its piezoelectric response is closely related
to the displacement of ions within the lattice, the distortion of oxygen octahedra, and the
switching behavior of dipoles under an external electric field. Therefore, analyzing the
intrinsic physicochemical properties of A-site and B-site ions based on this crystal structure
is key to constructing effective performance descriptors.
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Figure 1. (a) Schematic diagram of the crystal structure of KNN-based materials. (b) Schematic
diagram of the perovskite oxygen octahedral structure.

This study compiled 1113 experimental data points of KNN-based piezoelectric ce-
ramics from 244 peer-reviewed publications. The corresponding data-source references
are provided in the Supplementary References. The dataset was constructed through
systematic screening of bulk KNN ceramics fabricated via conventional solid-state reaction
to ensure comparability. Only samples with explicitly reported compositions, sintering
conditions, and measured ds; values were retained, with detailed references provided
in the Supplementary Information. For identical compositions under comparable condi-
tions, averaged values were adopted to reduce reporting bias. Records with incomplete
processing details or ambiguous measurement information were excluded. All retained
data were further subjected to outlier screening and normalization prior to model training.
The dataset encompasses chemical compositions, sintering parameters, and corresponding
piezoelectric coefficients (ds3) for each sample, with d33 values distributed in the range
of 0-700 pC/N as detailed in Figure 2. The comprehensive coverage of diverse composi-
tional designs and processing conditions demonstrates favorable statistical distribution
characteristics, establishing a reliable data foundation for subsequent modeling.
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Figure 2. Statistical distribution of the d33 dataset.

To overcome the inherent limitations of conventional “black-box” models, we adopted
a first-principles-inspired framework to systematically elucidate the key physical param-
eters governing lattice distortion, electronic structure, and polarization mechanisms. By
coupling symmetry breaking in ABOj; perovskite structures with the local chemical envi-
ronment, we established a physics-informed heuristic strategy that enables independent
representation of A-site and B-site cations. Multidimensional physicochemical descriptors
were extracted separately for A-site and B-site ions, including electronegativity (Pauling
scale), atomic radius, electron affinity, first ionization energy, nuclear magnetic moment,
molar volume, ionic displacement, the ratio of valence electron number to nuclear charge
(VEN/NCQ), polarizability, and lattice parameters. In addition, the tolerance factor (t) and
octahedral factor (i) were incorporated as key descriptors for evaluating perovskite struc-
tural stability, while the sintering temperature (ST) was introduced as a processing-related
parameter. The resulting feature set comprised a total of 65 initial descriptors, compre-
hensively capturing both global structural characteristics and local chemical environment
information, thereby providing a high-dimensional feature space for subsequent machine
learning modeling.

2.2. Methodology

The proposed framework is inspired by first-principles physics, in which A-site and
B-site ionic contributions in ABOj3; perovskites are decoupled to construct 65 physically mo-
tivated compositional, structural, and electronic descriptors. Pearson correlation analysis
was employed to reduce feature redundancy by retaining the most relevant descriptor from
each highly correlated group.

Based on the selected descriptors, deterministic and probabilistic prediction models
were developed using deep neural networks and Bayesian neural networks, enabling
both accurate d33 prediction and uncertainty quantification. Model interpretability was
further enhanced through SHAP analysis and symbolic regression using the Sure Inde-
pendence Screening and Sparsifying Operator (SISSO), yielding compact and physically
interpretable descriptors.

Overall, the framework integrates physics-informed feature construction, machine
learning regression, uncertainty quantification, and interpretability analysis into a unified
workflow, as illustrated in Figure 3.

https://doi.org/10.3390/ma19050948


https://doi.org/10.3390/ma19050948

Materials 2026, 19, 948

50f 20

@: 11 features

@: [PCCR0.85 (5low correlations + 6 high correlations) D, ]
— — (,: ] SISSO
Highly Relevant Features [0l Nt ]
P - .
-  omm 5 Recursive Layers
- - " P .
SF, 1D, NEC, C ctal H . ) 10*Fentures
DCEp Cc,SEnetal | 1 vENNCA, st o v
Dy, VENNC B, IRy, Ppy | NV EAp € [‘t' a
Ty e(NMB_CB_‘) . ST
MV, ECy, MTy, i ~aay< aas~ angerangs ranges Dy=—————
Ty STSF, M, wee CaeTDy 1 My AN, Mean/SHAP| 1Dy
Wide & DNN ResNet
descriptors ! Y J L Y J
Aand B separate
Deterministic model Probabilistic model

First-Principles Computational Descriptors

<+— Lattice Distortion

<«— Electronic Structure

<+— Polarization mechanism

no jm

109
M {Ds |R
LS

Figure 3. The physics-informed machine learning framework for the piezoelectric property prediction
of ABOj perovskites.

2.2.1. Data Preprocessing

During feature selection, Pearson correlation coefficients were calculated to quantify
inter-feature correlations among the 65 initial descriptors,

)

where x; and x; denote two feature variables. Based on the correlation matrix, descriptors
were classified into highly correlated and weakly correlated groups (see Appendix A).
From each highly correlated group, the feature exhibiting the strongest correlation with
the piezoelectric coefficient d33 was retained, while all weakly correlated features were
preserved, resulting in an optimized set of 11 descriptors used as model inputs.

Data preprocessing was subsequently performed on the selected features. Outliers
were identified and removed using the interquartile range (IQR) criterion, defined as

IOR = Q3 — @
with outlier thresholds given by
Q1 —kIQR < x < Q3 +kIQR ®)

where Q7 and Q3 represent the first and third quartiles, respectively. A conserva-
tive range of k = 2.5-3.0 was adopted to suppress extreme outliers while preserving
experimental integrity.

To ensure stable convergence and effective training of the neural network models, a
data-driven normalization strategy was adopted. Multiple normalization schemes were
systematically evaluated, and based on comparative performance across six candidate
methods, the final preprocessing primarily employed robust scaling, standard scaling, and
power transformations using the Yeo—Johnson and Box—Cox methods (implemented via
the PowerTransformer) [50].

Standard scaling transforms each feature according to

r_X—H
X ==F )
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where p and ¢ denote the mean and standard deviation of the feature, respectively. Robust
scaling, which is less sensitive to outliers, is defined as
x — median(x
x/ — ( ) (5)
IQR

where IQR represents the interquartile range.

For features exhibiting strong skewness or non-Gaussian distributions, power trans-
formations were applied. The Box—Cox transformation is expressed as

x,:{w’ - ©

In(x), A=0

while the Yeo-Johnson transformation extends this formulation to accommodate zero and
negative values. These normalization strategies improve the distributional properties of the
input features and enhance the robustness and generalization capability of the subsequent
machine learning models.

2.2.2. Neural Network Architecture Design

The prediction of piezoelectric material properties is inherently challenging due to the
high dimensionality of input descriptors, the strongly nonlinear relationships among vari-
ables, and the limited size and imbalanced distribution of available experimental datasets.
Distinct neural network architectures differ substantially in their feature extraction mecha-
nisms, gradient propagation stability, and levels of model interpretability. To systematically
evaluate the representational capacity and generalization performance of different neural
network architectures in the prediction of piezoelectric ceramic properties, this study con-
structs and comparatively analyzes three representative deep learning models, namely a
conventional deep neural network (DNN), a Wide & Deep architecture [51,52], and a resid-
ual neural network (ResNet) [53,54], whose overall structural schematics are illustrated
in Figure 4.

§<‘ The dropped
> neurons Wide

(a) DNN (b) Wide & DNN

Activation i Input
function 128

(c) ResNet

Figure 4. Schematic architecture of the proposed neural network models. (a) DNN with dropped
neurons. (b) Wide & Deep architecture. (c) Detailed configuration of the ResNet-based residual.
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As shown in Figure 4a, linear models offer high parameter-level interpretability by ex-
plicitly describing additive relationships between input features and the response variable
through direct linear mappings, but they are limited in capturing nonlinear interactions.
The Wide & Deep architecture (Figure 4b) integrates a linear branch with a deep nonlinear
branch, retaining explicit feature interpretability from the linear component while leverag-
ing deep networks to model high-order interactions, thereby achieving a balance between
interpretability and predictive performance. In contrast, ResNet (Figure 4c) enhances train-
ing stability and information propagation through residual connections, enabling effective
modeling of complex nonlinear relationships. However, their interpretability is largely
structural rather than parameter- or feature-level due to their hierarchical abstraction.

A comparative analysis of these architectures is therefore essential to elucidate the
trade-offs between interpretability and modeling capability, as summarized in Table 1.

Table 1. Comparison of interpretability, advantages, and limitations of different neural network architectures.

Model Architecture Interpretability Advantages Limitations
DNN Medium Strong nonlinear representation =~ Limited feature transparency
Wide & Deep High Interpretable linear component Partial black-box behavior
Residual Network Low Stable training of deep models Poor feature interpretability

A Bayesian neural network (BNN) was developed to model the nonlinear relationship
between material descriptors and piezoelectric properties. Unlike conventional neural
networks, the BNN treats weights and biases as Gaussian-distributed probabilistic variables.
Variational inference approximated the posterior by minimizing the Kullback-Leibler
divergence, while the loss combined a mean-squared error term with KL regularization
to balance accuracy and complexity. Monte Carlo sampling over the posterior provided
predictive means and prediction uncertainty quantification. This probabilistic framework
not only improves robustness but also enables uncertainty-aware interpretability, reflecting
the relative importance and stability of input descriptors. Such capabilities are particularly
valuable for piezoelectric ceramics, where data are limited, and material responses are
highly nonlinear. The network architecture is shown in Figure 5.

(b)

The dropped
neurons
Figure 5. Schematic of two BNNs with (a) probabilistic weights and (b) probabilistic structure.

As the study focuses on how network architectures and algorithms affect interpretabil-
ity, detailed model derivations, hyperparameters, and implementation are provided in
Appendix B.

The model’s generalization capability and robustness are rigorously evaluated using
the following elements.
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Coefficient of determination (R2): This measures the proportion of variance explained
by the model (Equation (7)).
A2
n PRp— .

e (vi — ?)2

Root-mean-square error (RMSE): This quantifies absolute prediction errors (Equation (8)).
2
n

A
iy (Yi—Y;) ®)

n

RMSE =

. A

Let y; denote the experimentally measured output value for the i-th sample, y; rep-

resent the corresponding model-predicted value, and ¥ be the arithmetic mean of the
observed dataset, where 7 is the total number of samples.

2.2.3. Interpretability Framework: SHAP and SISSO

To quantify nonlinear and synergistic contributions of input features, the SHAP (Shap-
ley Additive Explanations) framework was used. SHAP, based on cooperative game theory,
interprets the model output as a total “payoff” distributed among features, providing a
consistent measure of feature importance while accounting for interdependencies.

The Shapley value is mathematically expressed as

0:(f, ) = ¥ ﬁvxw{ U {i}) — fo(P)] ©)

reR

where 6;(f, x) denotes the Shapley value of the i-th feature for the input x; Rrepresents
all possible permutations of the feature set, and | I | is the total number of features; P/
corresponds to the subset of features that precede feature i in permutation r; and f(-) is
the model prediction under the specified feature subset. This formulation allows SHAP
to attribute prediction outcomes to individual features in a way that is both fair and
mathematically rigorous.

Unlike SHAP, which quantifies the contribution of each input variable to the model
output, the SISSO (Sure Independence Screening and Sparsifying Operator) framework
aims to construct a compact, physically interpretable analytical descriptor that directly
relates input features to the piezoelectric response. Rooted in compressed sensing the-
ory, SISSO efficiently explores extremely large feature spaces formed by mathematically
generated combinations of the original variables.

The SISSO procedure comprises two main steps. First, the Sure Independence Screen-
ing (SIS) evaluates the linear correlation between each candidate feature and the target
variable ds3, retaining only the most relevant subset from the high-dimensional feature
pool. Next, the Sparsifying Operator (SO) performs sparse regression on this reduced set to
identify the optimal descriptor that achieves a balance between predictive accuracy and
algebraic simplicity. The optimization process can be formalized as

. 2
mJ)nHy—Zi:wiDiHZ—l—)\ Il w |1| (10)
where D; denotes a candidate descriptor, w is the coefficient vector, and A controls the
sparsity level to prevent overparameterization.

SHAP was first used to identify features most relevant to dz3, narrowing the fea-
ture space. SISSO then performed multi-level symbolic feature expansion and iterative
screening to derive a single low-dimensional descriptor capturing the combined effects of
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processing temperature, lattice distortion, and B-site electronic characteristics. Compared
with black-box neural networks, the SISSO descriptor offers strong physical interpretability,
low dimensionality, and direct applicability to material design, providing both accurate
predictions and mechanistic insight. This SHAP — SISSO workflow ensures the descriptor
is data-driven yet physically grounded.

3. Results
3.1. Performance Comparison Among the Three Architectures
Figure 6 presents the regression results of the piezoelectric coefficient (d33) between
experimentally measured and model-predicted values for the three neural network models.
Quantitative performance metrics, including the coefficient of determination (R?) and the
root-mean-square error (RMSE), are summarized in each subplot.
RMSE = 56.33 - 4a) RMSE = 54.05 b) RMSE = 49.65 £©)
600} [R*=0:8300 ~ - /( 600 &
' 500 . : s

. 300 . ;‘/. . “ 3 ., 500 i
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Figure 6. Regression plots of the experimental vs. predicted values. (a—c) represent DNN, Wide
& DNN, and ResNet models, respectively. Performance metrics (RMSE and R2) are provided in

the insets.

Figure 6 summarizes the predictive performance of three representative neural net-
work architectures trained on the optimized 11-dimensional physically relevant descriptor
set for KNN-based piezoelectric ceramics. All models were trained and evaluated using
identical data preprocessing, normalization, and partitioning schemes to ensure a fair and
physically consistent comparison.

As shown by the clustering of data points around the parity line in Figure 6a—c, all
three architectures can accurately reproduce the experimentally reported ds; values ex-
tracted from the 244 peer-reviewed literature sources described in Section 2.1. This confirms
that the descriptor design—incorporating A-site/B-site decoupling, lattice distortion met-
rics, electronic structure parameters, and processing conditions—effectively captures the
dominant structure—property relationships governing the piezoelectric performance of
KNN-based ceramics.

The models” high predictive accuracy highlights an inherent trade-off between per-
formance and interpretability (Table 2). While the ResNet architecture delivers the most
precise deterministic predictions, its deeply nonlinear nature limits direct physical inter-
pretability at the parameter level. To address this, Bayesian neural networks (BNNs) were
employed for uncertainty quantification, and SHAP-SISSO analysis was used for post
hoc interpretability and extraction of physically meaningful descriptors. Together, these
components establish a unified framework that balances predictive accuracy, reliability,
and physical insight.
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Table 2. Comparison of predictive performance and interpretability among different neural
network architectures.

Model Architecture R? RMSE (pC/N) Interpretability Level
DNN 0.83 56.33 Medium
Wide & Deep 0.84 54.05 High
ResNet 0.86 49.65 Low

3.2. Uncertainty Analysis Using Bayesian Models

Deterministic models perform point estimation, returning only a single predicted
value while treating model parameters as fixed. For piezoelectric material systems, experi-
mental data inherently contain systematic uncertainties arising from variations in synthesis
conditions, microstructural heterogeneity, and instrumental measurement noise. Conse-
quently, relying solely on a single deterministic prediction is insufficient to fully support
materials design or experimental decision-making. A reliable predictive model should
additionally quantify the confidence associated with its predictions.

The BNN represents network weights as probability distributions and is optimized via
variational inference. During the prediction stage, the BNN performs multiple stochastic
forward passes, enabling the estimation of both predictive mean and predictive uncertainty
(expressed as the standard deviation). Although the BNN yields a slightly lower test
accuracy (R? = 0.77) compared to the deterministic ResNet model, it achieves a low mean
uncertainty ratio of 8.60%, indicating that the predicted confidence intervals are narrow and
statistically meaningful. The modest reduction in R? originates from the KL regularization,
which encourages smoother and more conservative predictions, thereby trading a small
portion of accuracy for significantly enhanced reliability and generalization stability. By
contrast, while ResNet attains a higher accuracy, it lacks the ability to express prediction
confidence, limiting its interpretability in scientific and engineering applications.

Overall, a clear trade-off between predictive accuracy and reliability is observed. While
ResNet achieves the highest deterministic accuracy, the BNN provides a more balanced and
uncertainty-aware predictive framework, with an R? of 0.77 and a low mean relative un-
certainty of 8.60%. To further support experiment-oriented decision-making, we explicitly
define a quantitative reliability criterion: predictions with a relative uncertainty exceed-
ing 15%—approximately twice the mean uncertainty level—are considered potentially
unreliable and should be treated with caution or excluded from experimental validation.
This uncertainty-guided screening strategy enhances the interpretability and trustworthi-
ness of the BNN, making it particularly suitable for piezoelectric material screening and
performance evaluation.

Figure 7b shows the relationship between prediction error and predictive uncertainty
obtained from the Bayesian neural network. Samples associated with larger prediction
errors are generally accompanied by higher uncertainty, indicating that the model effec-
tively identifies regions of reduced confidence. As discussed later, these high-uncertainty
regions are closely related to increased physical complexity in the underlying structure—
property relationships, which are further elucidated through SISSO-derived descriptors
in Section 3.3.
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Figure 7. Bayesian prediction performance and uncertainty analysis for d33. (a) Prediction results
with uncertainty intervals. (b) Correlation between predictive uncertainty and estimation error. The
red line indicates the regression fit with a 95% confidence interval (shaded).

3.3. Analysis Using SHAP and SISSO

Following the interpretability workflow described in Section 3.3, SHAP was first
used to determine the relative contributions of each input descriptor to the prediction
of dz3. The SHAP ranking showed that only a subset of descriptors exerted dominant
influence, while features with negligible contributions were excluded. These retained key
descriptors then served as the input basis for the subsequent SISSO process, ensuring that
the descriptor construction was grounded in physically meaningful and model-relevant
variables. Figure 8 shows the detailed results.

Mean | SHAP |
M, 0. 30 Cp-c

EAg

t Py

Figure 8. Global feature importance analysis of the ResNet model based on the mean absolute
SHAP values.

The preliminary feature importance analysis revealed that MTg and Mg exhibit in-
significant contributions to the model, indicating that these variables do not meaningfully
influence the prediction of d33. Consequently, both features were removed from the descrip-
tor search space. The refined feature set was then subjected to the SISSO (Sure Independence
Screening and Sparsifying Operator) methodology to identify physically interpretable,
low-dimensional descriptors. The detailed definitions and physical interpretations of the
retained features are presented in Table 3.
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Table 3. SHAP analysis was performed on the ResNet-based model to derive the features and
corresponding descriptions that impact the model’s weighting scheme.

Feature Description

ST (°C) Sintering temperature

VEN/NC-A Ratio of valence electron number to nuclear charge of A-site
NMg B-site Nuclear magnetic moments

EAp Electron affinity of B-site element

t Tolerance factor calculated by Shannon’s ionic radii

Pa Polarizability of A-site element

IDA A-site Ionic displacement

Pg Polarizability of B-site element

Cp-c Cell parameters of B-site element in the c direction

To construct an interpretable predictive model for d33, the SISSO method was em-
ployed. SISSO integrates global feature screening (SIS) with sparsity-driven optimization
(SO), enabling the discovery of meaningful nonlinear descriptors while maintaining a
compact model structure and strong physical interpretability. Based on the nine primary
physical features, a systematically expanded feature space was generated using the follow-
ing mathematical operator set:

{—l—, —, X, +, exp, log, \/, abs, sin, cos} (11)

A five-layer recursive feature expansion (feature depth = 5) was performed. In this
procedure, the features generated at each layer were used as inputs for the subsequent
layer, resulting in a progressively nested nonlinear feature construction. As the recursive
depth increases, the size of the feature space grows exponentially. Thus, even when starting
from only nine primary physical features, the five-layer expansion yields approximately
10* candidate expressions. These candidates span a broad spectrum of functional forms,
ranging from simple linear relationships to complex high-order coupling terms. An example
is given below (Table 4).

Table 4. Hierarchical feature expansion and representative candidate expressions generated across
recursive SISSO layers.

Hierarchy Representative Expression
Layer 1 o(NMp—Cp—c)
Layer 2 eWMp—Cpc)

Y D3
Layer 3 eNMp—Cp—9) ST

ID}?

Layer 5 (e ) )

Y Sm( [NM ; /EAg]

This hierarchical feature construction process enables a comprehensive exploration
of the descriptor space, ranging from simple monotonic relationships to complex nonlin-
ear couplings involving electronic structure, crystallographic distortion, and processing
conditions. In the SIS stage, the correlation between each candidate descriptor and the
experimental d33 values was evaluated, and only the top-ranked descriptors were retained
for further consideration. This preliminary filtering significantly reduces the dimensionality
of the search space while ensuring that physically meaningful features are preserved.

Subsequently, the sparsifying operator was applied in the SO stage to identify a concise
expression that balances predictive accuracy and descriptor simplicity (see Equation (12)).
The resulting optimal descriptor, denoted as D;, integrates the sintering temperature
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(ST), the electronic environment of the B-site cation (NMg-Cg-c), and the A-site ionic
displacement (IDy):
e(NMp—Cg—c) . gT

D u—
! D4

(12)

This descriptor highlights a coupled mechanism in which thermally activated densi-
fication, B-site electron-lattice interactions, and lattice distortion collectively govern the
polarization response. To examine the physical validity of D, its values were numerically
computed and incorporated into an extended feature set for retraining the ResNet model.
The resulting predictive performance retained high accuracy, with an R? of 0.81 and an
RMSE of 57.80 pC/N (see Figure 9) on the test dataset, confirming that D; captures the
dominant structure—property relationship rather than serving as an empirical fitting term.
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Figure 9. (a) Correlation between descriptor D; and piezoelectric coefficient d33. (b) Comparison
between predicted and actual values for the ResNet model.

A detailed physical interpretation of the descriptor further reinforces its significance.
The sintering temperature (ST) regulates densification behavior, influencing grain size
evolution, porosity elimination, and domain-wall mobility. The difference term (NMg-Cg-c)
reflects variations in B-site electronic anisotropy and lattice distortion along the c¢ direction,
which are associated with changes in Nb—O bond characteristics and the distortion of NbOg
octahedra in KNN-based perovskites. Such structural and electronic variations affect how
easily the polarization direction can reorient within the lattice and may influence domain-
wall motion. From a data-driven perspective, (NMp-Cg-c) can therefore be regarded as an
effective descriptor capturing the coupling between the B-site electronic environment and
polarization switching behavior, rather than a direct microscopic measure of domain-wall
energetics. Conversely, the A-site ionic displacement (ID) reflects the degree of lattice
distortion arising from cation off-centering and the associated polar instability. A smaller
ID4 indicates greater structural compliance, enabling more facile polarization reorientation.
Therefore, the ratio structure of D; effectively expresses the balance between polarization
mobility and lattice anchoring.

Furthermore, when visualized in a two-dimensional D1-ds3 map (see Figure 9), high-
performance KNN compositions cluster in a well-defined region, demonstrating that the
descriptor not only captures physical causation but also serves as a practical indicator
for compositional optimization. This clustering trend indicates that compositions with
favorable B-site electronic anisotropy and moderate lattice distortion consistently exhibit
enhanced domain-wall mobility and polarization rotation freedom, which are key contribu-
tors to high ds3. Such clustering behavior suggests that D; can be used prospectively to
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guide experimental synthesis by adjusting either the B-site electron density environment or
the sintering thermal profile to achieve targeted electromechanical performance.

Opverall, the integration of SHAP and SISSO yields a unified interpretation framework
in which SHAP identifies the most influential variables, and SISSO constructs a concise
analytical descriptor that quantitatively expresses how these variables jointly regulate d33.
This combined approach bridges data-driven learning and mechanistic understanding,
allowing the prediction model to move beyond black-box inference toward physically
grounded insight.

4. Conclusions

This work demonstrates a robust, physics-informed machine learning strategy for
navigating the complex design space of KNN-based ceramics. Our findings indicate
the following:

1. Model Performance: The Wide & Deep architecture outperforms standard net-
works by simultaneously processing low-dimensional physical descriptors and high-
dimensional nonlinear features.

2. Predictive Reliability: The integration of Bayesian uncertainty quantification provides
a confidence metric, which is essential for guiding experimentalists toward low-risk,
high-reward compositions.

3.  Physical Interpretability: The SHAP-SISSO pipeline successfully translated a “black-
box” model into a human-understandable analytical descriptor (D;). This descriptor
identifies that a B-site electronic structure and A-site displacement are the primary
drivers of enhanced ds3.

In summary, this work establishes a general paradigm in which deep learning, un-
certainty quantification, and symbolic regression are unified into a single interpretable
framework. Beyond KNN-based ceramics, the proposed SHAP-SISSO strategy is read-
ily transferable to other functional oxides, offering a practical route for data-driven yet
physics-guided materials discovery.

Future work will extend this framework toward multi-property prediction and figure-
of-merit optimization, incorporating additional piezoelectric and dielectric parameters
as more consistently curated datasets become available. Furthermore, integrating active
learning and closed-loop experimental validation may enable accelerated and uncertainty-
aware material discovery.
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Abbreviations

The following abbreviations are used in this manuscript:

Feature Description

SFA Atomic electron scattering factor at 0.5 of A-site element [55]
SFp Atomic electron scattering factor at 0.5 of B-site element
Map Relative atomic mass of A-site element [55]

Mg Relative atomic mass of B-site element

DCEp Core electron distance (Schubert) of A-site element [55]
DCEg Core electron distance (Schubert) of B-site element
DVEp Valence electron distance (Schubert) of A-site element [55]
DVEg Valence electron distance (Schubert) of B-site element
ANp Atomic number of A-site element in element period table
ANg Atomic number of B-site element in element period table
EA-MB A-site electronegativity-Matyonov-Batsanov [55]

Eg-MB B-site electronegativity-Matyonov-Batsanov

Ea-P A-site electronegativity-Pauling scale [55]

Eg-P B-site electronegativity-Pauling scale

ECx A-site Energy cohesive (Brewer) [55]

ECp B-site Energy cohesive (Brewer)

Elp First energy ionization of A-site element [56]

Elg First energy ionization of B-site element

SEA A-site Solid entropy [55]

SEp B-site Solid entropy

MTp Melting point of A-site elements [55]

MTg Melting point of B-site elements

NMy A-site Nuclear magnetic moments [55]

NMpg B-site Nuclear magnetic moments

NEC,)-C Nuclear effective charge-Clementi of A-site element
NEC-C Nuclear effective charge-Clementi of B-site element
NEC4-S Nuclear effective charge-Slater of A-site element [55]
NECg-S Nuclear effective charge-Slater of B-site element

QNa A-site Quantum number [55]

QNjp B-site Quantum number

CRp A-site Covalent radius [55]

CRp B-site Covalent radius

PCRp Pseudopotential core radii of A-site [57]

PCRp Pseudopotential core radii of B-site

VEN/NC-A Ratio of valence electron number to nuclear charge of A-site
VEN/NC-B  Ratio of valence electron number to nuclear charge of B-site
MV 5 A-site Molar volume [55,56]

MVyg B-site Molar volume

ARy (pm) Atomic radius of A-site element [58]

ARg (pm) Atomic radius of B-site element
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IR (A) Shannon’s (1976) ionic radii of A-site [59]
IR (A) Shannon’s (1976) ionic radii of B-site [59]
A-O (A) Ideal A-O bond distance [60]
B-O (A) Ideal B-O bond distance
EVRp Equilibrium van der Waals radii of A-site element [61]
EVRg Equilibrium van der Waals radii of B-site element
CVRyp Crystallographic van der Waals radii of A-site element [61]
CVRg Crystallographic van der Waals radii of B-site element
EAA Electron affinity of A-site element [56]
EAp Electron affinity of B-site element
Pa Polarizability of A-site element [62,63]
Pg Polarizability of B-site element
EPA Element period number of A-site element
EPg Element period number of B-site element
Ca-a (A) Cell parameters of A-site element in the a direction [56]
Cg-a (A) Cell parameters of B-site element in the a direction
Ca-b (A) Cell parameters of A-site element in the b direction [56]
Cg-b (A) Cell parameters of B-site element in the b direction
Ca-c (A) Cell parameters of A-site element in the c direction [56]
Cg-c (A) Cell parameters of B-site element in the ¢ direction
IDp A-site Ionic displacement [64]
IDg B-site Ionic displacement
t Tolerance factor calculated by Shannon’s ionic radii
v Octahedral factor calculated by Shannon’s ionic radii
ST (°C) Sintering temperature
Appendix A
® Separating A-Site from B-Site
Highly Relevant Features Low/No Correlation Features

DCEa, DVE,, ECy, Eln, SEa, MTa, NMy, CR,,
PCRA, ARy, IRA, A-O, EVR,, CVR4, EAA, Pa, Ca-a,
CA-b, CA-C, SFB, DVEB, EB-MB, EB-P, EIB, QNB, CRB,

PCRB, ARB, B-O, EVRB, CVRB, K

SF,, Ms, NECA-C, AN, EA-MB, EA-P, NECA-S,
QNy, EPy, IDA

IDg, VEN/NC-B, IR, Pg, EPg
DCEg, NECg-C, SEg, NEC-S, MV, Cg-a, Cg-b, Cp-c
MV A, ECs, MTg
Mg, AN

ST, VEN/NC-A, NMg, EAg, t
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Appendix B
Appendix B.1. Neural Network Hyperparameter Reference
Component/Parameter Configuration/Value Range
Input Layer 11
Number of Neurons Hidden Layer 128 x 256 x 128
Output Layer 1
Activation Function SiLU (Swish); Tanh; Relu; SELU
Dropout Rate 0.1-0.2
Number of Epochs 4000-20,000

Gaussian NLL Loss; MSELoss; Kullback-Leibler
Divergence; MAELoss; Smooth L1 Loss

Optimizer AdamW; SGD; Adam; SparseAdam
MC Dropout 50-250

Loss Function

Appendix B.2. Key Code (ResNet)

class ResidualBlock(nn.Module):
def __init_ (self, input_dim, output_dim, dropout_rate = 0.2):
super(ResidualBlock, self).__init_ ()
self linearl = nn.Linear(input_dim, output_dim)
self.bnl = nn.BatchNorm1d(output_dim)
self.relu = nn.ReLU()
self.dropout = nn.Dropout(dropout_rate)
self linear2 = nn.Linear(output_dim, output_dim)
self.bn2 = nn.BatchNorm1d(output_dim)
if input_dim != output_dim:
self.shortcut = nn.Sequential(
nn.Linear(input_dim, output_dim),
nn.BatchNormld(output_dim)
)
else:
self.shortcut = nn.Identity()
def forward(self, x):
identity = self.shortcut(x)
out = self.linear1(x)
out = self.bn1(out)
out = self.relu(out)
out = self.dropout(out)
out = self.linear2(out)
out = self.bn2(out)
out += identity # Residual Connection
out = self.relu(out)
return out
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