Digest Journal of

Nanomaterials and Biostructures Dig. J. Nanomater: Bios. 2026; 21(3): 57746

https://doi.org/10.31083/DINB57746

Original Research

Machine Learning—Assisted Exploration of the Structural, Dielectric,
and Ferroelectric Properties of CaTiO3; Nanoceramics

Dheeraj Kumar!®, Subhash Chandra Pandey"*®, Paramjit Kour?*

I Department of Computer Science and Engineering (CSE), Birla Institute of Technology, 835215 Ranchi, India
2Department of Physics, Birla Institute of Technology, 835215 Ranchi, India
*Correspondence: s.pandey(@bitmesra.ac.in (Subhash Chandra Pandey); paramyjit.kour@bitmesra.ac.in (Paramjit Kour)
Academic Editor: Carmen-Georgeta Ristoscu
Submitted: 29 January 2026 Revised: 29 April 2026 Accepted: 11 May 2026 Published: 4 September 2026

Abstract

Background: The structural and electrical properties of Pb-free calcium titanate (CaTiOs3) nanoceramics were investigated using a com-
bined experimental and machine learning approach. Methods: X-ray diffraction analysis with Rietveld refinement revealed the formation
of an orthorhombic perovskite phase with the Pnma space group and the influence of annealing temperature on crystallite size and lat-
tice strain. Dielectric measurements revealed strong frequency-dependent dispersion, while polarization—electric field hysteresis loops
showed an increase in remanent polarization and coercive field with increasing annealing temperature. Results: Machine learning mod-
els were used to predict key structural and electrical properties. Among the evaluated models, XGBoost achieved the highest predictive
performance for ferroelectric properties, with a coefficient of determination (R?) of 0.992, while the remaining machine learning models
also demonstrated strong predictive capability with R* values exceeding 0.96. Conclusions: These predictions strongly agreed with ex-
perimental observations, which demonstrated the ability of machine learning models to capture complex structure—property relationships

and guide the optimization of synthesis conditions for CaTiO3 nanoceramics.
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1. Introduction

Nowadays, researchers have explored the use of per-
ovskite oxides in various fields such as microelectronics,
energy storage devices, and sensors etc. [1,2,3]. This inter-
est arises from their structural flexibility and their unique
dielectric and ferroelectric properties. Among these ma-
terials, calcium titanate (CaTiO3) has emerged as promis-
ing candidate because of its favorable dielectric behavior
and environmentally friendly nature [4]. In addition, lat-
tice distortion in CaTiO; may induce ferroelectricity under
suitable condition [5]. However, achieving reliable con-
trol over its dielectric and ferroelectric performance at the
nanoscale remains challenging [6]. Cu-doped CaTiO; has
also been reported to exhibit a very high dielectric constant.
Furthermore, CaTiOj is highly sensitive to minor structural
modifications, making it a suitable material for advanced
technological applications [7].

The integration of data-driven approaches and smart
optimization tools has led to recent advancements in ma-
terials engineering. This helps in the discovery of new
materials as well as improves the performance of existing
materials. Further, the data-driven machine learning (ML)
model has been successful in revealing the hidden correla-
tions within the complicated datasets and thus helps opti-
mize material systems. For example, data-driven methods
have been used to analyze fuel injection fluctuations and op-
timize the performance of dual-fuel engines through intelli-
gent control strategies [8]. Similarly, ML methods are also

effective to find the best performing functional molecules
for biomedical and optical uses much faster by moving sys-
tematically through vast chemical design spaces [9]. Such
research demonstrates how ML is becoming an indispens-
able tool to analyze the complex multivariable systems and
recognize the set of design parameters that lead to the best
performance.

The dielectric and ferroelectric features of CaTiO;
strongly depend on its crystal structure and microstruc-
ture. Further, at room temperature, it crystallizes in an or-
thorhombic phase. Previous studies have reported that dif-
ferent factors like lattice parameters, octahedral tilting and
grain boundary density collectively and individually play a
crucial role in determining the dielectric response and fer-
roelectric switching [10,11]. Furthermore, various extrin-
sic influences (grain boundaries, internal stresses and de-
fect dipoles) and intrinsic contributions (electronic polar-
ization, lattice distortions) also contribute to dielectric re-
laxation and polarization in CaTiO3 [12].

Recent research has highlighted the role of microstruc-
tural engineering and advanced materials optimization in
enhancing the performance of functional materials. For ex-
ample, studies on BiVO4-based materials have shown how
microstructural evolution and kinetic processes can notably
affect the optical and structural performance [13]. Like-
wise, alloy design methods based on interfacial engineer-
ing have been used to improve tribo-corrosion resistance of
refractory alloys [14]. In addition, advanced modeling and
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optimization methods have also been applied in energy sys-
tems, such as proton exchange membrane fuel cells. These
methods have been employed to understand the characteris-
tics of dynamic coupling and to improve the operational sta-
bility [ 15]. These studies show the increasing importance of
integrating materials design, micro-structural control, and
data-driven modeling to achieve improved functional per-
formance. These developments support the application of
ML approaches to investigate the structure-property rela-
tionships in CaTiO3 nanoceramics.

These effects are strongly interrelated. Therefore, a
deeper understanding beyond conventional measurements
is required. It is true that traditional approaches are primar-
ily based on detailed experimental work and first-principles
simulations and provide important insights. However, these
approaches are often associated with drawbacks such as
they are often slow, labor-intensive, and computationally
costly [16]. In recent years, ML has emerged as a power-
ful alternative approach. It is because that ML can capture
complex correlations explicitly in large datasets. In addi-
tion, ML techniques enable faster and more accurate pre-
diction of dielectric and ferroelectric properties in ceramic
systems [17,18,19].

ML techniques contribute substantially to predicting
the behavior of complex systems. Moreover, it is also used
to make intelligent decisions in various fields. For instance,
advanced ML models like Extreme Gradient Boosting (XG-
Boost) models combined with multi-feature fusion tech-
niques have been effectively used to predict the hemody-
namic conditions in biomedical systems [20]. Similarly, in
[21], multimodal ML frameworks have been used to im-
prove the accuracy of medical diagnosis. Further, in [22],
data-driven methods have been used to optimize the smart
energy systems. Indeed, these studies show the ability of
ML methods to identify non-linear relationships in large
datasets. These findings further support the application of
ML techniques to deal with complex material systems, in-
cluding perovskite oxides.

ML algorithms possess several features that improve
predictive capability of the machine such as the ability to
identify complex and non-linear relationships of the mate-
rial properties and structural features. Therefore, as a result,
ML approaches can reduce the experimental and computa-
tional demands by rapid screening and reliable prediction of
functional behavior [23]. In perovskite oxides like CaTiOs,
ML has been effective in revealing structure-property rela-
tionships. Moreover, ML has also clarified how variations
in different synthesis conditions, microstructural character-
istics, and composition control the dielectric and ferroelec-
tric behavior [24,25,26,27].

Further, researchers have also explored ensemble
learning methods in this pursuit. It has been observed
that ensembles based on Random Forest (RF) and gradient
boosting demonstrate high accuracy for predicting dielec-
tric constants. Previous studies have shown that Support

Vector Machines (SVMs) and Artificial Neural Networks
(ANNS5) have been successfully applied to model the ferro-
electric hysteresis behavior [28,29]. Furthermore, the inte-
gration of rich and effective datasets with ML techniques
can enable robust data-driven frameworks for different ap-
plications such as material design. This integration speeds
up the discovery and optimization of advanced ceramic sys-
tems [30,31].

Previous ML studies on perovskite materials [32,33]
have predominantly used large datasets with electronic
structure descriptors, compositional variables, and density
functional theory (DFT)-derived features to predict material
properties. Although these methods give valuable insights,
they usually require costly computations or very large ma-
terials databases. In contrast, the present study focuses on
structural and processing descriptors that is directly mea-
surable in experiments and thus enables the development
of predictive models that are readily applicable to exper-
imental materials optimization. The present approach of
leveraging experimental structural parameters along with
ML aims to build a workable data-driven toolkit for inter-
preting and forecasting the dielectric and ferroelectric prop-
erties of CaTiO3; nanoceramics.

However, the exploration of CaTiO; nanoceramics
has remained relatively limited despite recent progress in
ML-assisted materials research. The majority of research
focuses on broader perovskite families. Thereby creating
a gap in targeted predictions and mechanistic understand-
ing of CaTiOs-specific dielectric and ferroelectric behav-
ior [34]. In this context, the present work aims to system-
atically investigate the structural, dielectric, and ferroelec-
tric properties of CaTiOs nanoceramics. The objective of
present work is to extend the application of ML algorithms
in the domain of model prediction and to impart insights
into structure-property relationships. Indeed, the objective
of this study is twofold. These are listed below:

* To develop and train the ML models capable of re-
liably predicting structural, dielectric, and ferroelectric re-
sponses.

* To evaluate the performance of different ML algo-
rithms and interpret their relevance to the underlying phys-
ical mechanisms.

Integrating experimental materials research with ML-
based predictive modeling is a very promising approach
for rapid materials optimization. However, many exist-
ing studies mainly focus on large computational datasets
or electronic structure descriptors, derived from DFT cal-
culations and may not be easily accessed by experimental
researchers [35,36]. On the other hand, the present study
is centered on experimentally measurable structural, mi-
crostructural, and processing-related descriptors to prepare
predictive ML models for CaTiO3 nanoceramics. The work
harnesses the power of combining experimentally obtained
parameters with several ML algorithms to develop an effec-
tive framework to interpret the structure-property interrela-
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tions governing the dielectric and ferroelectric properties.
This method represents a data-driven tool to guide the tun-
ing of the processing conditions and the functional proper-
ties of perovskite ceramics.

The novelty of this work lies in the prediction of
CaTiOj; with the help of ML-based approach and to estab-
lish a ML-based framework that can be extended to other
functional oxides. In addition, this study bridges experi-
mental investigations with data-driven modeling. The find-
ings could enable rational design and optimization of di-
electric and ferroelectric ceramics. This will enhance the
applicability of such materials in different domains includ-
ing capacitors, memory devices, and tunable microwave
components [37,38].

2. Materials and Methods

The theoretical framework of this study is presented
in this section. Further, basic concepts related to mate-
rial are provided to facilitate understanding of structure-
property relationships lucid. The polarization mechanisms
and dielectric behavior in the material are also described.
These concepts help explain the results of the different ML
models. Moreover, this section also describes the relation-
ship between microstructure and material properties. Sub-
sequently, the next subsection explains the basic features of
CaTiO;.

2.1 Theoretical Framework
2.1.1 Fundamentals of CaTiO;

As stated earlier, CaTiO; is a member of the per-
ovskite oxide family. Its general formula is ABO;3. Here,
Ca’" is at the A-site, Ti*' is at the B-site [5,39]. In [10],
it has been reported that at room temperature CaTiO3 crys-
tallizes in an orthorhombic structure (space group Pbnm),
featuring tilted TiOg octahedra and distorted Ca-O coordi-
nation polyhedra. Further, in [12], studies have shown that
these lattice distortions crucially influence the electronic,
dielectric, and ferroelectric behavior of the material. Math-
ematically, the structural stability of CaTiO3 can be evalu-
ated using the Goldschmidt tolerance factor (t). This factor
is defined in Eqn. 1 as:

rAa+ 710

b= 2(rg+10) M

In [40], it has been given that r 4, r5, and rodenotes
the ionic radii of the A-site cation, B-site cation, and oxy-
gen anion, respectively. Further, in [41], it is reported that
for CaTiOs, the tolerance factor ¢ <1, which reflects the oc-
tahedral tilting and stabilization of the orthorhombic phase.
Furthermore, variations in ¢ can be induced by doping or
strain engineering. In [42], it is stated that such variations
can also trigger phase transitions and thus influences dielec-
tric and ferroelectric properties. Moreover, in [43], it is re-
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ported that at the nanoscale additional structural distortions
may arise.

2.1.2 Dielectric and Ferroelectric Theories

In [44], it is reported that the multiple polarization
mechanisms contribute to govern the dielectric behavior
of CaTiOs3. These mechanisms include electronic, ionic,
dipolar, and interfacial contributions. Further, in [45], it
is reported that the frequency dependence of the dielec-
tric constant (e,) can be described using Debye-type relax-
ation models. In this model, polarization lags behind the
applied alternating electric field. Moreover, in [46], it is re-
vealed that at low frequencies interfacial phenomena such
as space-charge accumulation dominates the dielectric re-
sponse. In contrast, primarily electronic and ionic polar-
ization contribute at high frequencies [46]. The ferroelec-
tricity in perovskites originates from non-centro-symmetric
distortions of the crystal lattice [2]. This results in spon-
taneous polarization, which can be reversed by an external
electric field [2]. In [4,47], it is stated that in CaTiOs3, intrin-
sic ferroelectricity is suppressed due to pronounced octahe-
dral tilting. However, it can be induced by various factors
like epitaxial strain, substitutional doping, or nanoscale size
confinement. Furthermore, in [28], the Landau—Ginzburg—
Devonshire (LGD) phenomenological theory provides a
widely used framework for modeling ferroelectric phase
transitions. In this theory, the free energy expansion is ex-
pressed in terms of polarization (P) as given in Eqn. 2:

F(P)=aP?+P*+P°-EP ()

Here, a, B, vy are material-dependent coefficients and
E is the applied external electric field [1]. This free en-
ergy model provides insight into the stability of polarization
states and the magnitude of coercive fields as well. Further,
the ferroelectric hysteresis loop is characterized by remnant
polarization (Pr) and coercive field (Ec). These serve as a
fundamental experimental measure of ferroelectric behav-
ior [6]. Further, in [48], it is reported that the extrinsic
factors play a significant role in determining the shape and
stability of ferroelectric hysteresis loops in CaTiO3 nanoce-
ramics. These factors include wall motion, defect dipoles,
and grain boundary effects.

2.2 Machine Learning Algorithms for Materials Prediction

ML has become increasingly important for predict-
ing material properties and is now widely used in materi-
als research. Moreover, it complements traditional methods
and also provides a new approach for understanding ma-
terials. ML approaches complement first-principles calcu-
lations and also support phenomenological modeling [34].
ML models enable rapid prediction and can learn relation-
ships between input and output data. The inputs include
ionic radii and electronegativity differences. In addition,
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lattice parameters, and processing conditions are also used
as inputs. Further, dielectric constant, polarization, and
band gap are commonly used as output parameters [26].

2.2.1 Supervised Learning Methods

Supervised learning techniques are widely used in ma-
terials research. This learning approach is especially useful
for functional ceramics. Support Vector Machines (SVMs)
are commonly used techniques of this paradigm and as-
sist in predicting material properties. It has been reported
in [28] that SVMs are effective in handling the nonlin-
ear relationships and can establish the relationship between
structural descriptors and dielectric constants. Moreover,
ensemble learning methods are also used for prediction.
These include Random Forest (RF) and Gradient Boosting
Decision Trees (GBDT). The ensemble methods improve
model reliability and they also reduce the risk of overfit-
ting [25]. Additionally, these methods work well with high-
dimensional datasets. Further, Artificial Neural Networks
(ANNGs) are another powerful approach [29]. Previous stud-
ies have shown that ANNs can model complex nonlinear
behavior such as ferroelectric hysteresis loops [28].

2.2.2 Unsupervised Learning and Dimensionality
Reduction

Unsupervised learning is an important part of ML and
is also used in materials research. These techniques assist in
analyzing material properties. K-means clustering is a com-
monly used unsupervised learning technique. Moreover,
Principal Component Analysis (PCA) is also widely used.
These methods help in finding hidden patterns in data and
work well without labeled outputs. Further, PCA is useful
for reducing data dimensions and to make data visualization
easier [49]. Previous studies have shown that unsupervised
learning techniques can also group materials with similar
dielectric behavior [50].

2.2.3 Deep Learning and Graph-Based Models

Deep learning approaches are also play an impor-
tant role in prediction of material properties. Different
deep learning techniques such as Convolutional Neural Net-
works (CNNs) and Recurrent Neural Networks (RNNs) are
effective methods for analyzing the sequential and spatial
correlations in the dataset [51]. In [23], it is stated that Crys-
tal Graph Convolutional Neural Networks (CGCNNS) rep-
resent the atomic structures as graphs. Thus, they enable
the direct prediction of material properties from atomic ar-
rangements without the need for handcrafted descriptors.
Further, this method displays substantial potential to elu-
cidate the structure and property based co-relationship in
CaTiOj3; nanoceramics.

2.2.4 Model Evaluation and Interpretability

Different statistical metrics are used to evaluate the ac-
curacy of ML-based property predictions. Previous stud-

ies commonly employ statistical metrics [52]. These are
Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and the coefficient of determination (R?). In ad-
dition, in [53], some interpretability techniques have also
been proposed. These are Shapley additive explanations
(SHAP) and feature importance ranking. These approaches
provide valuable insights into the structural and composi-
tional factors influencing material properties [53].

2.2.5 Integrating Physics and Data-Driven Approaches

Integration of physics and data-driven approaches
also faces challenges. A major challenge in applying the
ML techniques in material science is to ensure the physi-
cal interpretability as well as the model’s generalizability
[31]. These issues have been addressed in recent advance-
ments by integrating the ML techniques with physics-based
frameworks. One example of such an approach is the in-
tegration of Landau—Ginzburg—Devonshire (LGD) theory
and DFT. This integration shows considerable promise to
improve the prediction accuracy of the model [54]. Fur-
ther, such integration incorporates domain knowledge into
data-driven models. Thus, it enhances the prediction ac-
curacy as well as reduces the risk of overfitting [55]. Fur-
ther, physics-informed ML provides distinct advantages for
CaTiO;. This is because of the fact that the dielectric and
ferroelectric behavior of CaTiO; results owing to a complex
interplay between intrinsic lattice distortions, and extrinsic
microstructural factors. It is also stated in [27] that combin-
ing experimental measurements, phenomenological model-
ing, and ML predictions offers a framework that bridges the
current knowledge gaps. It also supports the rational de-
sign of advanced CaTiOj;-based dielectric and ferroelectric
nanoceramics.

2.3 Methodology

A systematic and rigorous approach is essential for in-
vestigating the structural, dielectric, and ferroelectric prop-
erties of CaTiO3 nanoceramics. Moreover, it is also crucial
to effectively integrate ML techniques to predict material
properties. In the present study, advanced ML algorithms
are used to develop data-driven models of structural and
functional properties of CaTiO3 nanoceramics.

2.3.1 Dataset Preparation for Machine Learning

The dataset preparation process consists of structural
and electrical properties. These are lattice parameters, crys-
tallite size, micro-strain, dielectric constant (;), tan 6, and
ferroelectric parameters (P;, Ps, E). In this dataset, each
sample was represented by a feature vector that includes
synthesis parameters. The feature vectors were prepared as
reported in [56]. The synthesis parameters included are an-
nealing temperature, and crystallite size, as well as the cor-
responding material properties. Further, data preprocess-
ing has also been done and it includes normalization, out-
lier removal, and feature engineering. In addition, k-nearest
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neighbor (k-NN) is also used to address the issue of miss-
ing values. Further, correlation matrices are constructed to
evaluate interdependencies among input features in a way
reported in [57]. In [58], the dataset was randomly parti-
tioned into training (70%), validation (15%), and test (15%)
subsets to ensure unbiased model evaluation. The same data
split strategy was adopted in this study.

The complete list of descriptors used in the machine
learning models is provided in Supplementary Tables 1-5
of the Supplementary Information.

Dataset Size, Feature Structure, and Preprocessing Steps.
A robust ML model depends strongly on the quality of
dataset it is trained on. The dataset should adequately rep-
resent the main structural, microstructural, and processing
variables that determine the material properties. In this
work, the dataset is derived from the experimental work on
CaTiO3 nanoceramic samples prepared under different pro-
cessing conditions. The dataset consists of 96 experimental
samples. Each sample represents a unique combination of
synthesis parameters along with the measured properties.
For every single sample, feature vectors were constructed
to capture variations in synthesis conditions, physical char-
acteristics of the structure, and actual properties. The main
descriptors used in the dataset are as follows:

* Annealing temperature.

* Annealing time.

* Crystallite size.

« Lattice strain.

« Lattice parameters (a, b, ¢).

* Dielectric constant (g;).

* Dielectric loss tangent (tan 9).

* Ferroelectric parameters such as remanent polariza-
tion (P;), saturation polarization (Ps), and coercive field
(Eo).

The descriptors listed above define the input features.
These features are used in the ML models. These descrip-
tors represent the important characteristics of the data and
each feature has a clear physical significance. Moreover,
they strongly affect the dielectric and ferroelectric proper-
ties of CaTiO3 nanoceramics. In addition, these parameters
are experimentally measurable. Calcium nitrate tetrahy-
drate (Merck KGaA, Darmstadt, Germany) and titanium
isopropoxide (Sigma-Aldrich, St. Louis, MO, USA) were
used as received. Lot numbers were not available because
the chemicals were procured previously and the original
packaging was no longer available.

Data preprocessing steps are completed before model
training. The step helps in improving the model’s robust-
ness and accuracy. In the preprocessing process, the dataset
is checked for any missing attribute values. The missing
attribute values are filled using the k-nearest neighboring
(k-NN) method. Further, outliers are detected using statisti-
cal methods and are subsequently removed. Finally, feature
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normalization is performed to scale all variables to compa-
rable ranges.

The correlation analysis was performed to study the
relationships among variables. A correlation matrix is also
used in this analysis. This matrix shows the strong relation-
ship among the variables as well as the level of interdepen-
dence among structural parameters. Moreover, this analysis
also includes the functional properties. Therefore, analysis
helps in understanding the predictions of ML models.

Further, the dataset was divided into three parts after
preprocessing. These subsets were used for model devel-
opment and evaluation. Further, 70% of the data is used
to train the model and 15% of the data is used for model
validation. Moreover, the remaining 15% of the dataset is
used to test the model. In this way, the model is trained with
sufficient training data and it also allows the proper tuning
and performance evaluation of the ML model. In addition,
10-fold cross-validation was used to improve the robustness
and reduce overfitting of the model.

To provide a clearer understanding of the dataset char-
acteristics, additional visualizations have been included in
the Supplementary Information (SI). Supplementary Fig.
1 presents the distribution of crystallite size and illustrates
the spread of structural data used for model training. Fur-
ther, Supplementary Fig. 2 shows the scatter plot between
annealing temperature and crystallite size. Furthermore,
Supplementary Fig. 3 illustrates a correlation heatmap
highlighting the interdependencies among structural, di-
electric, and ferroelectric parameters. These visualizations
improve the transparency of the dataset and support the re-
liability of the ML analysis.

2.3.2 Machine Learning Algorithms

In this study, different ML algorithms are used to cap-
ture the complex relationships between structural descrip-
tors and functional properties of CaTiOs; nanoceramics.
The choice of these methods is based on their demonstrated
ability to work with nonlinear relationships, scarce ex-
perimental datasets, and high-dimensional feature spaces.
These characteristics are common in materials science
problems. The ML algorithms implemented are enumer-
ated below:

* Support Vector Regression (SVR).

* Random Forest (RF).

* Artificial Neural Networks (ANNSs).

* Gradient Boosting Machines (GBM).

* k-Nearest Neighbor Regression (k-NN).

The SVR is implemented with radial basis function
(RBF) kernels [58]. It is adopted because of its excellent
performance in regression problems with relatively small
datasets. In fact, SVR uses kernel functions that can effec-
tively model nonlinear relationships between input descrip-
tors and target properties. Additionally, it ensures good
generalization capability.
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Random Forest (RF) is an ensemble approach and was
selected because of its robustness against overfitting as well
as its capability to model the complex nonlinear relation-
ships. Besides, RF provides interpretable feature impor-
tance rankings [59]. The feature importance rankings are
very helpful in identifying the key structural and micro-
structural parameters. These parameters influence dielec-
tric and ferroelectric properties.

Artificial Neural Networks (ANNs) are capable of
modeling the highly complex nonlinear functions and are
powerful ML models. Moreover, these models can capture
complex relationships among different parameters. Fur-
ther, they demonstrate strong potential to study the struc-
tural features and ferroelectric behavior in perovskite ma-
terials. These capabilities enable effective modeling of the
complex structure-property relationships [51].

Ensemble boosting techniques such as Extreme Gradi-
ent Boosting (XGBoost) and Gradient Boosting Machines
(GBM) are also used along with other models. These tech-
niques are known for their strong predictive performance.
Further, these models improve prediction accuracy through
iterative error correction. Ensemble boosting techniques
are frequently used to study the complex relationships be-
tween structure and properties in materials research. This
provides high predictive accuracy for predicting the dielec-
tric constant and coercive field [60].

The k-nearest neighbor (k-NN) method was imple-
mented as a baseline method. In [61], it is stated that it
is good for the purpose of comparison because it captures
the local trends in a simple way.

The use of multiple ML techniques helps in compar-
ing the performance of different modeling approaches and
it also provides a more complete evaluation of the models.
Moreover, it also helps to find the most reliable model and
can better describe the dielectric and ferroelectric behavior
of CaTiO; nanoceramics.

2.3.2.1 Hyperparameter Tuning. Hyperparameter opti-
mization was also performed to improve the model’s perfor-
mance. This process is applied systematically to all the con-
cerned ML models to achieve better prediction accuracy.
Authors used the grid search and Bayesian optimization to-
gether. In this optimization process, grid search explores
predefined combinations of parameter values and different
combinations of these values are also checked. Further,
Bayesian optimization is applied. The Bayesian optimiza-
tion is focused on the most promising parameter regions.
Thereby enabling a more refined and efficient search. This
combined approach improves model performance as well
as it also reduces the overall computational cost.

Several important hyperparameters were considered
during optimization of the SVR model, including the ker-
nel type, kernel coefficient (y), and regularization parame-
ter (C). In this study, these parameters are also optimized.
The optimization of these parameters helps achieve a bal-

ance between model’s complexity and generalization. Fur-
ther, there are also several important parameters in the RF
model. These are: the number of decision trees, maximum
tree depth, and minimum samples per split. In this study,
these parameters are also tuned to improve the prediction
accuracy as well as to reduce overfitting. Like SVR and
RF, ANN model also contains several tunable hyperparam-
eters. These include the number of hidden layers, layer size,
activation functions, and learning rate. In this study, these
parameters are also optimized to enable the model to cap-
ture complex nonlinear relationships in the dataset. Fur-
ther, XGBoost and GBM are the gradient boosting mod-
els. These models have several important hyperparameters.
These include the learning rate, number of estimators, max-
imum tree depth, and subsampling ratio. We also optimized
these parameters to control the learning process and to en-
sure stable model convergence. Table 1 shows the hyperpa-
rameter ranges considered during optimization of ML mod-
els.

Model performance was evaluated using different
metrics. These metrics are: R%, MAE, and RMSE. The
R? indicates the goodness of fit of the model. Further,
the prediction errors were evaluated using the MAE and
RMSE. Together, these metrics provide a comprehensive
assessment of model accuracy. In addition, k-fold cross-
validation is also used to improve robustness and reduce
overfitting.

2.3.2.2 Model Evaluation Metrics. Multiple statistical
metrics are systematically used to assess the predictive per-
formance of the ML models. As stated in previous section,
these are RMSE, MAE, and the R?, and cross-validation
scores. The metrics are summarized below.

* Mean Absolute Error (MAE): Measures the average
magnitude of prediction errors.

* Root Mean Squared Error (RMSE): Provides sensi-
tivity to larger errors.

« Coefficient of Determination (R?): Indicates the pro-
portion of variance explained by the model.

* Cross-validation Scores: 10-fold cross-validation
was applied to evaluate model generalizability [62].

Furthermore, Shapley additive explanations (SHAP)
were employed to quantify the contributions of individ-
ual features to the dielectric and ferroelectric property pre-
dictions, thereby enhancing model transparency and inter-
pretability [53].

3. Results

In this section, the results obtained from the differ-
ent ML models are presented systematically. The goal of
this section is to compare the performance of different ML
models. Moreover, the computed results are also compared
with experimental data. Further, the analysis includes struc-
tural properties of CaTiOs and the functional properties of
CaTiO;. Moreover, this section also demonstrates the capa-
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Table 1. Hyperparameter ranges considered during optimization of machine learning models.

Model Hyperparameter Search range Description
* Determines the transformation of input features into hi-
. . gher-dimensional space
* Kernel type * Linear, Polynomial, RBF .
T * Controls the trade-off between training error and model
* Regularization parameter (C) +0.1-100 .
SVR . complexity
* Kernel coefficient (y) *0.001-1 . s ..
. * Defines the influence of individual training samples
* Epsilon (¢) *0.001-0.1 . . . .
* Defines the insensitive loss region around the regression
function
* Number of trees (n_estimators) * 50-500 * Total number of decision trees in the ensemble
RE * Maximum tree depth *3-20 * Maximum depth allowed for each decision tree
* Minimum samples split *2-10 * Minimum samples required to split an internal node
* Minimum samples leaf *1-5 » Minimum samples required at a leaf node
* Learning rate *0.01-0.3 » Step size used in boosting to update model weights
* Number of estimators * 100-600 * Total number of boosting stages
XGBoost  « Maximum depth *3-12 * Maximum depth of each decision tree
* Subsample ratio *0.5-1.0 * Fraction of samples used to train each tree
* Column sampling (colsample bytree) «0.5-1.0 * Fraction of features used for each tree
* Number of hidden layers *1-3 » Number of hidden layers in the neural network
* Hidden layer size * 16-128 neurons * Number of neurons in each hidden layer
ANN * Activation function * ReLU, Tanh, Sigmoid * Nonlinear activation applied to neurons
* Learning rate +0.0001-0.01 » Step size for weight updates during training
* Batch size * 1664 » Number of samples processed in each training iteration

SVR, Support Vector Regression; RF, Random Forest; XGBoost, Extreme Gradient Boosting; ANN, Artificial Neural Network.

bility of ML models to capture the complex relationships.
This helps to verify the reliability of the approaches. De-
tailed analyses of the results are explained in the following
subsections.

3.1 Structural Properties Analysis

ML approaches are used to analyze CaTiO3 nanoce-
ramics and X-ray diffraction (XRD) analysis was per-
formed. The X-ray diffraction (XRD) patterns were
recorded using a Rigaku SmartLab X-ray diffractometer
(Rigaku Corporation, Tokyo, Japan) equipped with Cu Ka
radiation (A = 1.5406 A). The diffraction data were ana-
lyzed using PDXL 2 software (Rigaku Corporation, Tokyo,
Japan). The Peaks in the XRD pattern are sharp and it con-
firms the formation of the orthorhombic perovskite phase
with Pnma symmetry. The lattice parameters derived from
Rietveld refinement align closely with previously reported
values for CaTiO3 ceramics, confirming the reliability of
the method illustrated in Fig. 1 [63]. The Debye-Scherrer
equation and Williamson-Hall (W-H) plots were employed
to analyze the XRD patterns. The analysis yielded the av-
erage crystallite sizes in the range of 40—70 nm. Further,
lattice strain evaluation indicates a slight compressive stress
and it is expected to influence the ferroelectric and dielectric
behavior of the nanoceramics [64]. Table 2 shows the struc-
tural parameters of CaTiO; nanoceramics obtained from
XRD and Rietveld refinement.
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In Fig. 1, XRD patterns with Rietveld refinement are
displayed. RF regression and gradient boosting ML algo-
rithms are implemented to predict the crystallite size and
lattice strain. Annealing temperature dependent crystallite
size and lattice strains are shown in Fig. 2. It has been ob-
served that the RF model achieved an R? value higher than
0.98. This indicates strong predictive performance. It has
also been noted that the ML-predicted values are found to be
in strong agreement with the experimental results. In [65],
it is reported that data-driven methods can reliably estimate
the structural properties of CaTiO3; nanoceramics consistent
with the present experimental observations.

3.2 Dielectric Properties

Fig. 3 shows the variation of dielectric constant with
frequency for samples annealed at different temperatures. It
is evident that the dielectric constant (¢') of CaTiO3; nanoce-
ramics showed substantial dispersion at low frequencies
(<1 kHz). It is also obvious from Fig. 3 that it gradually
reaches a stable response at higher frequencies (>100 kHz).
In [66], it is reported that such behavior is typically asso-
ciated with Maxwell-Wagner interfacial polarization com-
bined with dipolar relaxation effects. In addition, it has
also been observed that the temperature-dependent mea-
surements showed a steady rise in &’ with increasing temper-
ature. This trend is attributed to improved dipole alignment
as the material approaches the ferroelectric—paraelectric
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Fig. 1. X-ray diffraction (XRD) patterns of CaTiO3 nano-ceramics together with the corresponding Rietveld refinement profiles

for samples annealed at (a) 600 °C (AT-600), (b) 700 °C (AT-700), and (c) 800 °C (AT-800), confirming the formation of the
orthorhombic perovskite phase (space group: Pnma). AT, annealing temperature.

Table 2. CaTiO; nanoceramics structural parameters obtained from XRD and Rietveld refinement.

Sample code Crystallite size (nm) Lattice strain (%) a(A) b(A) c(A) Rwp (%) GOF

AT-600 45+ 1.1 0.22 5.444 17.644 5.380 8.5 1.21
AT-700 558+2.4 0.18 5.447 7.648 5.383 7.9 1.15
AT-800 68.1£2.8 0.15 5.450 7.651 5.386 7.4 1.10

AT, Annealing Temperature; Rwp, Weighted Profile Residual; GOF, Goodness of Fit.
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Fig. 2. Effect of lattice strain on crystallite size of the CaTiO; nanoceramic annealed at different temperatures.
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Fig. 3. Frequency dependence of the dielectric constant (¢') of CaTiO3; nanoceramics at different annealing temperatures.

phase transition [67]. Further, Table 3 displays the dielec-
tric properties of CaTiO3 nanoceramics.

Table 3. Dielectric properties of CaTiO3 manoceramics.
Sample ¢'@lkHz ¢ @1MHz tand@1kHz tané@1MHz

AT-600 142 141 0.092 0.028
AT-700 153 151 0.087 0.024
AT-800 159 158 0.074 0.019

Furthermore, in the MHz frequency range the dielec-
tric loss tangent (tan 8) of CaTiO3; nanoceramics was found
to remain below 0.05 [68]. This behavior underscores
their suitability for microwave-based device applications
[69]. Moreover, ML techniques, specifically SVR, are im-
plemented to predict dielectric constant and loss tangent
values. These models were employed to complement the
experimental analysis and it has been observed that the
model demonstrated strong predictive reliability. The pre-
diction errors are consistently below 5% when compared
to measured data. The correlation analysis also revealed
that micro-structural parameters such as lattice strain, and
porosity exerted substantial influence on dielectric behav-
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ior. Similar relationships between microstructural features
and dielectric response have also been reported in previous
studies [70], and these dependencies were effectively cap-
tured by the ML framework.

3.3 Ferroelectric Properties

Further, Fig. 4 shows the P-E loop of sample annealed
at 800 °C. It showed clear ferroelectric switching char-
acteristics. Moreover, the remnant polarization (P;) was
measured to be about 0.0891 puC/cm?, while the coercive
field (E.) is approximately 0.67 kV/cm at the room temper-
ature. These values align closely with the earlier reports
on CaTiOs-based perovskites reported in [71]. Further, in
[71], it is also reported that this behavior can be attributed
to nanoscale size effects. Table 4 shows the ferroelectric
properties from P-E loops. However, the hysteresis loops
displayed minor asymmetry. It is likely to arise from inter-
nal bias fields that are associated with oxygen vacancies.
Moreover, ANN-based ML models were applied to pre-
dict the hysteresis parameters (P;, E.) and it achieves over
90% accuracy. These results demonstrate the capability of
ML models to effectively capture the nonlinear ferroelectric
switching behavior in CaTiO3 nanoceramics [28].
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Fig. 4. Polarization-electric field (P-E) hysteresis loop of CaTiO3 nano-ceramics measured at room temperature (annealed at 800

°C).

Table 4. Ferroelectric properties from P-E loops.

Sample P, (uC/cm?)  E. (kV/ecm)  Saturation polarization Py (uC/cm?)
AT-600 0.0631 0.42 0.2543
AT-700 0.0741 0.51 0.289
AT-800 0.0891 0.67 0.312

AT, Annealing Temperature.

3.4 Comparative Analysis of ML Models

A comparative assessment of the implemented ML
models revealed that the RF and XGBoost algorithms per-
formed better in predicting the structural properties, such
as crystallite size and lattice strain. Further, SVR showed
the best performance for dielectric property prediction,
whereas XGBoost achieved the highest predictive accu-
racy for ferroelectric properties. Although the ANN model
also demonstrated excellent performance in modeling the
nonlinear ferroelectric behavior, XGBoost provided supe-
rior overall accuracy and lower prediction error [31]. De-
spite their strengths, each model exhibited certain limita-
tions. Tree-based ensemble methods require large datasets
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for optimal performance. Moreover, SVR is computation-
ally intensive for high-dimensional inputs. Further, neural
networks demand careful hyperparameter tuning. Conse-
quently, hybrid approaches that integrate physics-informed
models with ML are suggested as promising strategies for
achieving enhanced predictive accuracy and interpretability
in future studies [72]. Table 5 summarizes the performance
of the ML models. Further, in Figs. 5,6,7,8, scatter plots
showing the ML model predictions vs. experimental val-
ues for RF, SVR, ANN, XGBoost are illustrated. The R2
values are also included in these figures.

In the scatter plot shown in Fig. 5, agreement be-
tween experimental and predicted crystallite size values is
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Table S. Comparative ML model performance.

Property Best performing ML model R? score  RMSE Comments

Crystallite size Random Forest (RF) 0.986 12.5 Robust, handles nonlinear effects well.

Dielectric constant SVR 0.968 18.2 Sensitive to kernel tuning.

Ferroelectric properties  Artificial Neural Network (ANN)  0.985 13.1  Captures complex nonlinear interactions; Requires careful
training.

Ferroelectric properties XGBoost 0.992 9.8 Highest accuracy; effectively models complex nonlinear

relationships with reduced prediction error.

RMSE, Root Mean Squared Error.

Prediction vs Experimental (Random Forest) R? = 0.986
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Fig. 5. Parity plot showing agreement between experimental and predicted crystallite size values obtained using the Random

Forest model.

observed for the RF model. The diagonal line in the plot
represents the perfect agreement between the predicted and
experimental values. It can be observed in Fig. 5 that most
data points are located close to this line. The closeness of
the data points to the diagonal line indicates that the model
predictions are accurate and that captures the relationship
within dataset effectively. This relationship exists between
the structural features and the target property. Furthermore,
the high R? value confirms the strong predictive ability of
the RF model.

The performance of the SVR model was also evalu-
ated by comparing the experimentally measured and ML-
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predicted values of dielectric constant (&) using a scatter
plot. This plot is shown in Fig. 6. Similar to the RF model,
most data points in the SVR model lie close to the diagonal
line. This shows that the SVR model also provides satisfac-
tory predictive accuracy. Moreover, it also shows that the
model effectively captures nonlinear relationships. These
relationships exist between the input features and the target
property. The SVR model also shows a high R? value that
confirms the effectiveness of the SVR model. Similarly, the
scatter plots for ANN and XGBoost are shown in Figs. 7,8.
These plots compare the experimental and predicted rema-
nent polarization (Pr) values using the ANN and XGBoost

11
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Fig. 6. Parity plot comparing experimentally measured and machine learning-predicted values of dielectric constant (¢’) using

the SVR model.

models respectively. The R? values for ANN and XGBoost
are 0.985 and 0.992 respectively.

The performance of different ML models was also
compared through bar charts of R* and RMSE. These charts
are shown in Figs. 9,10. It is evident from Fig. 9 that
XGBoost shows the best performance among all models
as it possesses the highest R? and lowest RMSE values.
This indicates the high accuracy and good generalization
of the XGBoost model. Further, the RF and ANN mod-
els also demonstrated good performance. However, among
all these models, SVR showed the lowest accuracy and the
highest prediction error. These results highlight the effec-
tiveness of ensemble learning models.

4. Discussion

In order to understand the model predictions, a deeper
analysis was performed. We used known physical prin-
ciples and applied them to explain the observed behavior
of perovskite ceramics and interpret the computed results.
Further, this study examines the relationships among struc-
tural and microstructural parameters. Moreover, functional
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properties were also analyzed. This analysis extends help
in understanding the dielectric and ferroelectric behavior.
This approach validates the results obtained from the ML
approaches. The discussion primarily focuses on crystallite
size, lattice strain, and polarization.

4.1 Interpretation and Physical Insights

A detailed physical interpretation of the observed
trends is presented in this sub-section, ensuring that the ML
predictions are not treated as black-box outputs.

The trends predicted by ML models are found to be
consistent with the underlying physical mechanisms. Fur-
ther, a salient correlation is also observed namely, the ML
predictions are consistent with the experimental observa-
tions, indicating that larger crystallite sizes are associated
with higher dielectric constants. This behavior can be at-
tributed to improved crystallinity, reduced defect density,
and enhanced dipole alignment in well-developed grains.
Furthermore, the reduction in lattice strain with increasing
crystallite size contributes to the improved structural stabil-
ity of the material, while the ML models successfully cap-
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Fig. 7. Parity plot comparing experimental and predicted remanent polarization (Pr) values using the Artificial Neural Network

(ANN) model.

ture these structure—property relationships. The ML pre-
dictions further indicate that improved crystallinity and re-
duced lattice strain are accompanied by higher remanent po-
larization, suggesting that optimized microstructural evolu-
tion promotes more efficient ferroelectric domain switching
in CaTiOs nanoceramics. This is analogous to the strain-
mediated ferroelectric switching mechanism [64]. This
study also confirms the ML based data-driven predictions
with known physical principles of material research. The
results confirm ML as an effective tool for tuning synthe-
sis parameters and optimizing multifunctional properties of
perovskite ceramics [32,73].

A detailed analysis was performed to understand the
structure-property relationships. It has been observed that
several factors influence the dielectric and ferroelectric be-
havior. These factors include crystallite size, lattice strain,
and polarization mechanisms. The number of grain bound-
aries increases with the decrease in crystallite size. Further,
increased grain boundaries lead to higher charge accumu-
lation at interfaces. This phenomenon leads to Maxwell—
Wagner type interfacial polarization. This effect is more
pronounced at lower frequencies. This is because, at
low frequencies, charge carriers accumulate more easily,
thereby enhancing the dielectric response.
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Lattice strain plays an important role in determining
material properties. It affects the local symmetry of the
structure. Lattice strain also alters the distortion of TiOg
octahedra. Higher lattice strain can create local electric
dipoles. These dipoles increase polarization in the mate-
rial. Further, structural distortion affects dielectric permit-
tivity and this can further influences ferroelectric switching.
Ferroelectric switching is affected through domain wall be-
havior and lattice strain modifies the movement of domain
walls. Materials with higher lattice strain show enhanced
polarization. These materials also exhibit stronger hystere-
sis behavior. Therefore, lattice strain strongly influences
dielectric and ferroelectric properties.

Dielectric loss is associated with defect-driven polar-
ization processes. These processes play a key role in ma-
terial behavior. Oxygen vacancies are important point de-
fects in materials. However, other point defects also influ-
ence material properties. These defects contribute to space
charge polarization. Further, defects can cause charge accu-
mulation in the material and they also contribute to energy
dissipation. This energy dissipation is proportional to di-
electric loss and it is influenced by structural defects. It is
worth mentioning that ML models can effectively capture
these complex effects. Moreover, ML models correlate di-

13
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Fig. 8. Parity plot comparing experimental and predicted remanent polarization (Pr) values using the XGBoost model.

electric loss with structural features and also relate dielec-
tric loss with defect states.

The ML models prediction agree with known phys-
ical mechanisms and the predictions obtained from these
models indicates the reliability of the models. ML models
provide relevant insights into material behavior. They also
provide informative results for analysis. Further, ML mod-
els perform better than conventional statistical fitting meth-
ods. These models can learn the underlying physics of the
system. This demonstrates the strength of data-driven ap-
proaches. Furthermore, ML methods can identify meaning-
ful structure-property relationships. Additionally, experi-
mental features can be integrated with ML models. This
integration enhances the reliability of predictions. ML ap-
proaches help improve material design and they connect mi-
crostructure with functional properties.

4.2 Structure-Property Validation

The agreement between ML predictions and experi-
ments confirms the reliability of the model and the appro-
priateness of the selected features. These features effec-
tively capture the structure-property relationships. Crystal-
lite size and lattice strain play important roles in determin-
ing material properties. Smaller crystallite size increases
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grain boundary density, thereby enhancing interfacial po-
larization. At low frequencies, this leads to an enhanced
dielectric constant. Higher lattice strain improves dipole
alignment and enhances remnant polarization. Therefore,
the selected feature set is suitable for accurate prediction of
structure-property relationship.

4.3 ML Model Comparison

In this study, different ML models were used and it
was observed after experimentation that the performance of
ensemble models like RF and XGBoost was better. The pre-
diction accuracies of RF and XGBoost were better than the
SVR and ANN models. It was because of the fact that the
ensemble models can capture complex nonlinear relation-
ships. Moreover, feature interaction was also effective in
ensemble models and extensive parameter tuning was also
not needed in these models. In contrast, the phenomenon
of kernel selection and parameter tuning played substantial
role in the performance of the SVR model. Further, ensem-
ble models worked satisfactorily with moderate and diverse
dataset whereas large dataset was needed for the ANN mod-
els to display the better performance. More importantly,
this result coincided with recent trends in materials research
[74].
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In addition, the superior performance of ensemble  forming model among the considered models. This is be-
learning models was demonstrated by the comparative anal- cause that it improves predictions iteratively by reducing
ysis and it was observed that XGBoost was the best per- errors and its ability to effectively model complex feature
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relationships. The lower RMSE and higher R? values of
XGBoost shows better accuracy and indicate good general-
ization and robustness.

4.4 Feature Importance Insight

Feature importance analysis identifies key factors in
the material and highlights the parameters that substantially
affect its properties. The most important features are crys-
tallite size, lattice strain, and dielectric loss. Crystallite size
strongly influences the dielectric behavior. This highlights
the role of microstructure in material design. Ferroelectric
properties are strongly affected by lattice strain, indicating
the importance of crystal distortion. Moreover, dielectric
loss is related to energy dissipation and defects. These re-
sults support the ML findings. Therefore, ML results can
aid in optimizing processing conditions and improving ma-
terial performance.

4.5 BroadeR Impact & Novelty

In this study, the experimental data were integrated
with ML models. This paradigm is effective for material
design and optimization due to it is practicality and scal-
ability. Moreover, this approach does not require complex
first-principles calculations. It utilizes experimentally mea-
surable features. Thus, it is suitable for real-world applica-
tions. Moreover, it enables fast prediction of material prop-
erties and reduces the need for extensive experiments. Ad-
ditionally, this method can be applied to other materials and
helps bridge experimental research with data-driven mod-
eling.

4.6. Case Study/Model Application

This study compared the experimental data with the
results obtained from the ML models. The method is prag-
matic and scalable, providing an effective framework for
material design. Moreover, it does not depend on com-
plex first-principles calculations. The proposed methods
use measured experimental values as features and thus suit-
able for real-world applications. Moreover, the proposed
method enables fast prediction of material properties and
reduces the need for extensive experimentation. Addition-
ally, the proposed framework can be applied to other ma-
terials and helps bridge experimental research with data-
driven modeling.

4.6.1 Property Prediction for Unseen Compositions and
Conditions

The substantial merit of ML techniques in material sci-
ence is manifold. ML can predict the properties of the test
cases not included in training set. In this study, the trained
ML models were implemented for predicting dielectric, fer-
roelectric, and structural behavior of CaTiO3 nanoceramics.
The nanoceramic was synthesized over a temperature range
of 650 °C—850 °C. This range extends beyond that consid-
ered in experiment.
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Both RF and SVR techniques demonstrated high pre-
dictive accuracy. An R? >0.92 was achieved for struc-
tural and dielectric properties. Moreover, the outputs ob-
tained for crystallite size, lattice strain, and dielectric con-
stant from the ML techniques were consistent with exper-
imental observations. Importantly, the ML-based analysis
uncovered subtle structure property relationships that were
not easily identifiable through experiments alone. For in-
stance, an increase in dielectric constant is associated with
larger crystallite sizes and a concurrent decrease in lattice
strain [75].

4.6.2 ML-Guided Optimization of Synthesis Parameters

In addition to property prediction, ML algorithms are
applied to guide the optimization of processing conditions
for CaTiO3 nanoceramics. Further, the trained models are
also used for multi-objective optimization. The goal of this
optimization is to increase the dielectric constant and rem-
nant polarization. At the same time, dielectric loss is re-
duced. It is worth mentioning that Pareto front analysis
is applied for this purpose. Moreover, an optimal anneal-
ing range of 720-780 °C and a dwell time of 4-6 hours
are identified. It is reported in [76] that these conditions
offered a good balance between improved dielectric perfor-
mance and structural stability. ML-guided optimization en-
ables systematic exploration of processing and composition
parameters. This systematic approach reduces the depen-
dence on conventional trial-and-error experiments. More-
over, it demonstrates strong potential for nanoscale ceramic
systems. This is because, in such systems, small changes
in temperature, dwell time, or precursor composition can
lead to large variations in structural and functional proper-
ties [77].

4.6.3 Potential for Accelerating Materials Discovery

This study clearly shows that integration of ML with
experimental research in materials science provides sub-
stantial benefit. ML enables accurate prediction of mate-
rial properties. Moreover, implementation of ML technique
helps optimize synthesis conditions in a systematic way.
Consequently, the development of functional ceramics with
tailored structural and ferroelectric properties can be signif-
icantly accelerated. Additionally, ML models help in iden-
tify the most promising compositions for experimental val-
idation. In [78,79], it is reported that this reduces both the
time and resources normally required in traditional materi-
als discovery processes.

In this study, the proposed methodology was imple-
mented for CaTiO; nanoceramics. However, the proposed
methodology can be extended to other perovskite oxides
such as BaTiOs3, SrTiO;3, and mixed titanate systems. In
these materials, structure-property relationships are often
complex. Therefore, conventional approaches are often in-
sufficient for analysis. It is reported in [80] that continued
advances in ML techniques enable integration of predic-
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tive modeling with high-throughput experiments, offering
a practical and powerful route for designing and optimizing
next-generation functional materials.

4.7. Limitations of the Present Study

This study yields encouraging results. However, the
study is also associated with a few limitations. These limi-
tations are enumerated below:

* The dataset size was limited due to the fact that only
a finite number of samples could be synthesized and exper-
imentally characterized. This may reduce the robustness of
deep ML models, particularly when model is trained on rel-
atively small datasets.

* Classical ML models showed strong predictive per-
formance; however, the lack of explicit uncertainty estima-
tion could affect the prediction reliability, especially when
the models are applied to synthesis conditions beyond the
studied range.

* The present work mainly focuses on bulk CaTiO;
ceramics. Further studies on different processing routes,
such as thin-film structures and nanostructured forms, are
required for better understanding of size-dependent dielec-
tric and ferroelectric behavior.

5. Conclusions and Future Perspectives

This study focuses on CaTiO; nanoceramics and in
this section the summary of study is presented and key re-
sults are also highlighted. The results demonstrate the ef-
fectiveness of ML models for material analysis. It is be-
cause; they effectively capture structure-property relation-
ships, which are important in materials science. Further,
this study is mainly based on experimental and ML analy-
sis and the obtained results are compared with experimental
values. The proposed approach is effective for material de-
sign because it showed good agreement between ML and
experimental results. Moreover, it helps in understanding
material behavior. The subsequent subsection provides a
brief summary of the main results.

5.1 Summary of Findings

In this study, an ML framework was implemented
and the structural, dielectric, and ferroelectric properties
of CaTiO3; nanoceramics were investigated. X-ray diffrac-
tion (XRD) analysis was carried out along with Rietveld
refinement. The analysis revealed a stable orthorhombic
perovskite phase. Further, experimental results showed
good control over crystallite size and lattice strain. Di-
electric measurements were also performed on the samples.
The dielectric behavior demonstrated clear frequency- and
temperature-dependent characteristics.

In addition, ferroelectric characterization was also car-
ried out. The results showed clear P-E hysteresis loops and
it confirmed polarization switching. The hysteresis loops
also established the ferroelectric nature of the material. Fur-
thermore, ML models were employed for prediction and
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several ML models were considered in this study. The mod-
els included in this analysis were SVR, RF, ANN, and XG-
Boost. It was observed that the predicted values matched
well with the experimental data. These results demonstrate
the reliability of the ML approach for studying CaTiO;
nanoceramics.

5.2 Scientific Contributions

ML plays a substantial role in the domain of functional
perovskite ceramics. The use of ML techniques can make
the following key contributions:

(1) Structure—property understanding: ML tech-
niques help improve the understanding of materials. They
are useful for studying structure-property relationships. ML
techniques make complex relationships clearer. They link
crystallite size with material properties. ML techniques also
highlight the effect of lattice strain that influences material
behavior. In addition, ML helps explain dielectric proper-
ties and also clarifies ferroelectric switching behavior.

(2) Validation of ML prediction: The results confirm
the reliability of ML models and they can accurately predict
material properties. These predictions can go beyond di-
rect experimental measurements. Further, ML models also
help in selecting suitable synthesis parameters and reduce
dependence on repeated and time-consuming experiments.

(3) General applicability of the framework: The
proposed methodology is not limited to CaTiOs. It can be
extended to other perovskite-based nano-ceramics such as
BaTiO; and SrTiO5. This framework is effective for a wide
range of dielectric, ferroelectric, and multifunctional mate-
rial systems.

5.3 Future Directions

The future research directions are multifold and are
outlined below.

¢ Advanced ML methods: Advanced ML approaches
can be explored in future research. Deep learning mod-
els are important advanced ML approaches. Convolu-
tional Neural Networks (CNNs) and Graph Neural Net-
works (GNNs) are useful deep learning models. Physics-
informed ML methods can also be considered as future re-
search directions. These models can further improve pre-
diction accuracy.

* Experimental-computational integration: ML
predictions can be integrated with first-principles simula-
tions. High-throughput experimental techniques can also
be integrated with ML methods. This integration helps in
studying structure-property relationships. Deeper insights
into material behavior can be achieved through this ap-
proach.

* Applications in next-generation devices: The pro-
posed methodology can be applied in different scenarios. It
can be used for designing CaTiO3-based materials for tun-
able capacitors and non-volatile ferroelectric memories. It
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can also be applied to energy storage devices and piezoelec-
tric sensors.

* Integration with DFT-based electronic features:
Future work may include DFT-based electronic features.
These features can be integrated with experimental descrip-
tors. This integration can further enhance predictive capa-
bility.

The modeling approach presented in this study
demonstrates strong predictive performance within a uni-
fied regression framework. However, hierarchical or staged
ML strategies may further enhance accuracy, particularly
for materials exhibiting nonlinear and range-dependent
structure-property relationships. In such approaches, the
dataset is partitioned into distinct regimes (e.g., low,
medium, and high dielectric response), followed by the ap-
plication of dedicated models within each regime.

Recent studies on perovskite materials have shown
that hierarchical ML architectures can outperform single
global models by effectively capturing localized trends and
addressing data imbalance across property ranges [81,82].
In contrast, the present work employs a unified model due
to the limited size of the experimental dataset, which helps
maintain model stability and avoids overfitting.

Nevertheless, incorporating staged or range-specific
learning frameworks could improve predictive fidelity and
provide deeper insight into regime-dependent material be-
havior. This comparison highlights the advantages of hier-
archical ML approaches and suggests a promising direction
for data-driven design of functional perovskite ceramics.
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