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ABSTRACT
Data-driven methods are powerful tools for understanding and discovering materials. 
However, in certain domains of materials science, the lack of available datasets significantly 
restricts the research scope. To address this issue, we utilized Starrydata2 web system to 
compile a comprehensive dataset on dielectric materials, collecting experimental data on 
over 20,000 samples across a wide compositional space. This dataset enabled the development 
of machine learning models with high predictive performance and facilitated the identification 
of important descriptors through recursive feature eliminations. Since the models worked as 
complete black boxes and hindered intuitive understanding, we employed additional techni
ques such as dimensionality reduction and clustering to visualize compositional landscape and 
trends in dielectric properties. By combining the identified important factors with material 
clustering, we attempted to visualize the effect of crystal lattice on dielectric permittivity within 
ABO3 systems, revealing a roughly linear relationship. Our preliminary analyses and visualiza
tions demonstrate the potential of the Starrydata dielectric dataset collected in this study, 
offering an important foundation for advanced data-driven materials research.

IMPACT STATEMENT
This study presents a comprehensive dielectric database curated from the scientific literature 
with data analyses and visualizations demonstrating its potential, offering an important 
foundation for advanced data-driven materials research.
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1. Introduction

Data-driven exploration has emerged as a powerful 
approach for understanding and discovering materials 
across various domains in materials science. Advanced 
data analysis methods, including machine learning, 
dimensionality reduction, and clustering, have been 
widely applied to predict material properties and cap
ture the overall trends of materials. These methods 
rely on well-structured datasets. As a result, data-dri
ven techniques are often particularly compatible with 
high-throughput computational approaches, where 
large volumes of data are generated in-silico [1]. 
Excellent predictive performance has been reported 
in computed materials property such as band gap 
[2,3] and dielectric permittivity [4,5]. Additionally, 
sophisticated techniques like dimensionality reduction 
and clustering are highly effective on large computed 
datasets, capturing global trends within vast materials 
spaces [5–8].

Although computed data plays a major role and 
firmly supports data-driven research, there are still 
some fundamental limitations to computational 
approaches. Certain material properties are challen
ging or costly to calculate, especially those at finite 
temperatures, such as thermal conductivity, ionic con
ductivity, and structural phase transitions. In addition, 
while calculations for perfect crystals are feasible, 
complexities arise when dealing with solid solutions. 
Simulating solid solutions often requires constructing 
supercells, a process that is computationally intensive 
and costly [9,10]. For instance, computing the proper
ties of a solid solution like (Ba, Sr)TiO3 is far more 
demanding than for a single-phase material such as 
BaTiO3 or SrTiO3 [11]. Furthermore, some materials 
properties are quite feasible to extrinsic effects, which 
could not be represented in atomic scale computa
tions. Due to these multiple challenges, computational 
methods alone cannot capture the full range of mate
rial properties, making it necessary to incorporate 
experimental data to build comprehensive datasets.

Various experimental databases are utilized for 
machine learning involving physical properties that 
are difficult to calculate. A simple but prominent 
example is the SuperCon database [12], an experimen
tal database containing approximately 26,000 entries 
on superconducting critical temperatures. This dataset 
has been utilized to construct predictive models of 
superconducting transition temperatures [13,14] and 
to propose potential compositions for new supercon
ductors [15]. Another example is the database of ionic 
conductivities for solid-state electrolytes, which con
tains around 2,000 entries [16]. This database has 
facilitated the visualization of conductivity trends 
across material compositions through mapping tech
niques using dimensionality reductions. Additional 
experimental databases include the Inorganic Crystal 

Structure Database (ICSD) for crystal structures [17], 
the Pauling File for material properties [18], the High 
Throughput Experimental Materials (HTEM) data
base for thin-film properties [19], and the 
International Centre for Diffraction Data’s Powder 
Diffraction File (ICDD-PDF) database for diffraction 
data [20]. These databases have enabled a variety of 
data-driven research across materials science.

However, a comprehensive database that compiles 
experimental data on dielectric and ferroelectric mate
rials has not existed until now. Experimental databases 
such as the Pauling File [18] and Sebastian’s dataset 
[21,22] provide dielectric properties but are limited to 
single-temperature data. Temperature dependence is 
a key characteristic of dielectric materials, particularly 
in ferroelectrics, where both dielectric permittivity and 
loss exhibit peaks near the Curie temperature. 
Numerous studies have explored compositional 
adjustments to modify the shape of the permittivity 
peak, aiming to optimize dielectric properties for both 
fundamental understanding of ferroelectricity and 
practical applications for capacitors [23–27]. Despite 
the importance of these properties, collecting such 
temperature-dependent data is an extremely time- 
consuming task and has rarely been done in previous 
research. The Starrydata2 web system, a tool specifi
cally designed for extracting experimental data from 
graphs in scientific literature [28,29], has been 
employed for temperature-dependent data collection. 
Starrydata2 facilitates the direct extraction of x-y data 
points from graphs, making it particularly well-suited 
for datasets with significant parameter dependencies. 
Previous studies have utilized Starrydata2 to compile 
temperature-dependent thermoelectric properties 
[28,29]. In this research, we construct a large experi
mental database of dielectric materials which includes 
the temperature dependence of dielectric permittivity 
and dielectric loss, using the Starrydata2 web system.

Another important aspect for collecting experi
mental data, rather than solely relying on computa
tions, lies in the mechanism of dielectric permittivity 
and limitation of computational approach. The dielec
tric permittivity of inorganic materials consists of 
three distinct contributions from different physical 
origins, as formulated below: 

where εelectronic is the electronic contribution, εionic is 
an ionic contribution, and εdipole is the dipole contri
bution. Paraelectric material only has electronic and 
ionic contribution, whereas ferroelectric and antifer
roelectric material has the additional term of dipole 
component. The dipole contribution is typically much 
larger than the electronic and ionic contributions and 
plays a critical role in the dielectric permittivity 
[30,31]. The contributions of electrons and ions can 

Sci. Technol. Adv. Mater. Meth. 5 (2025) 2                                                                                                                                           T. MURATA et al.



be predicted using density functional perturbation 
theory (DFPT) [32]. Since DFPT calculations are com
putationally rather efficient, large-scale calculation on 
the entire materials database is feasible [4,33]. 
Previous data-driven studies on dielectric materials 
have primarily focused on the computed ionic and 
electronic components [4,5,33–37]. On the other 
hand, the simulation of dipole contribution remains 
highly challenging. As the dipole contribution origi
nates from the rotation of dipole moments at finite 
temperature, this requires finite-temperature molecu
lar dynamics (MD) simulations with an expanded 
supercell. Full prediction of temperature dependence 
using MD has been reported to date employing an 
effective Hamiltonian [38,39] and machine learned 
interatomic potentials [40], though it still lacks estab
lished methodology and is far more computationally 
demanding, making it unsuitable for high-throughput 
computations. Due to this limitation, data analysis of 
ferroelectric materials, which exhibit high dielectric 
permittivity due to their substantial dipole compo
nent, remains largely unexplored. While excellent pre
dictive models for the temperature dependence of 
dielectric permittivity have been reported, they work 
in a limited compositional space due to the limited 
data availability [41]. Thus, collecting experimental 
data on the temperature dependence of dielectric per
mittivity across a wide range of material compositions 
is essential for further data-driven research.

In this research, we compiled a large-scale experi
mental database on dielectric properties. The sche
matic of this study is presented in Figure 1. We 
carefully curated experimental data on dielectric per
mittivity and dielectric loss from graphs in scientific 

literature. To extract and organize the numerical data 
from graphs, we utilized the Starrydata2 web system. 
This process involved manual curation supported by 
our web system and was not fully automated. We 
gathered data from over 20,000 samples across more 
than 5,000 publications. Since this is the first data 
analysis of this unprecedented large-scale experimen
tal dataset, we prioritized understanding and showcas
ing the nature and scope of the dataset in this study. 
To effectively visualize the trend within the curated 
dataset, we applied dimensionality reduction and clus
tering techniques, effectively revealing distinct clusters 
among known ferroelectric materials. In addition, we 
found that the overall trend in dielectric permittivity 
could be explained by six descriptors, including pre
viously recognized important factors for ferroelectrics, 
such as the tolerance factor and electronegativity. Our 
visualizations and findings align with established 
scientific knowledge, underscoring how data-driven 
analysis can corroborate and complement human 
insights. The data analysis presented here is 
a preliminary result to showcase the nature of the 
dataset. The Starrydata dielectric dataset curated in 
this study offers researchers worldwide an important 
foundation to perform diverse data-driven research to 
uncover new insights and explore new materials.

2. Methods

2.1. Data curation from literatures

We created a list of academic papers using Scopus [43]. 
We searched for keywords such as ‘dielectric property’ 
and selecting articles primarily from ceramic-focused 

Figure 1. Schematics of data curation procedure from scientific literature. We extracted figures and tables containing dielectric 
properties, digitized the data, and registered them in the database. The dataset includes material composition, temperature 
dependence of dielectric permittivity and dielectric loss, and measurement frequency. Original figures are reprinted with 
permission from ref [42]. Copyright 2020 American Chemical Society.
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journals, as our focus was on ceramics. Following this 
list, we downloaded and reviewed each paper in PDF 
format. If data on dielectric permittivity or dielectric 
loss were present, we manually collected it using soft
wares for x-y data collection, WebPlotDigitizer [44] and 
our original StarryDigitizer [45] integrated in the 
Starrydata2 system. Details of the Starrydata2 system 
are available in prior studies [28]. Approximately 
50–60% of the papers on our list contained relevant 
data for collection.

The procedure of data curation is illustrated in 
Figure 1. Each paper is assigned a unique identifier 
referred to as an SID (Starrydata ID). We show an 
example figure extracted from ref [42] assigned an SID 
of 104. Figures within each paper are also given unique 
Figure IDs. Each material sample reported in the 
paper is assigned a unique Sample ID, which links to 
the material composition, temperature dependence of 
dielectric permittivity, temperature dependence of 
dielectric loss, and measurement frequency. If data 
for dielectric loss or measurement frequency are not 
provided, these fields are left blank. When only a room 
temperature value of permittivity or loss is available, 
that value is recorded along with the measurement 
temperature of 298 K.

Several specific guidelines were followed to 
ensure consistency in collecting data on dielectric 
materials. Dielectric permittivity was recorded as 
a dimensionless quantity ε’, and dielectric loss was 
collected as either the dimensionless ε’’ or tanδ. 
After collecting the values of ε’ and ε’’, ε’’ was 
converted to tanδ formulated as ε’’/ε’. We used 
tanδ as the standardized measure of dielectric loss. 
Since dielectric permittivity and loss are frequency- 
dependent, graphs in the literature often display 
curves for multiple frequencies, as exemplified in 
Figure 1 [42]. In such cases, we selected a single 
representative frequency curve for data collection. 
In a large-scale data collection project like this, 
adding even a single type of metadata can require 
significant time and resources, and therefore we 
had to carefully prioritize which data to collect. 
We specifically prioritised the highest frequency 
data below 1 MHz based on the following assump
tions: measurements at higher frequencies are less 
affected by extrinsic factors such as leakage cur
rents, providing values closer to the intrinsic prop
erties of the materials. The frequency above 1 MHz 
might suffer from the relaxation of the dipole con
tribution εdipole and underestimate the dielectric 
permittivity of ferroelectrics. The frequency depen
dence of the intrinsic dielectric permittivity is not 
very significant except near the peak temperature 
in relaxor ferroelectrics. Even in these cases, the 
degree of variation due to frequency dependence 
is relatively small compared to the changes caused 
by compositional variations.

During data curation, a flexible approach was 
adopted to interpret graphs with missing or unclear 
captions and labels, inferring the authors’ intentions to 
ensure accurate data collection. Multiple reviewers ver
ified the data, and missing or unclear labels were supple
mented when possible. A particularly common situation 
was the lack of frequency labels on graphs displaying 
multiple curves for different frequencies. In these cases, 
we applied the following guidelines to identify each 
curve: for dielectric permittivity, the curve at a higher 
frequency consistently appears lower than those at lower 
frequencies. For dielectric loss, the curve at a higher 
frequency shows a peak at a higher temperature.

After collecting the data, we examined the distribu
tion of each property to ensure data accuracy. Since 
data in the Starrydata2 web system are manually 
curated, occasional human errors are inevitable. To 
mitigate this, we reviewed the distribution of dielectric 
permittivity and dielectric loss values, flagging any out
liers for further inspection. When an abnormal value 
was detected, we returned to the original paper to verify 
whether an error had occurred during data collection. 
We also examined the material composition data, and if 
any composition appeared anomalous based on valency 
considerations, we conducted a similar verification pro
cess by referring to the source. Through these mea
sures, we aimed to minimize human error as much as 
possible throughout the data curation process.

2.2. Data categorization

In this section, we describe the datasets used in the 
subsequent data analysis. The data collected through 
the Starrydata2 web system are referred to as the 
‘Starrydata’ dataset. In addition, we incorporated an 
existing dataset of microwave dielectric materials, 
which we designate as the ‘Sebastian’ dataset [21,22]. 
We used approximately 1,300 samples with an inter
pretable composition data from Sebastian dataset. 
Furthermore, to compare material composition distri
butions, we extracted an oxide dataset from the ICSD 
[17], which we label as ‘ICSD oxide’ dataset.

The dielectric permittivity data are categorized 
based on measurement conditions. Data with tem
perature-dependent measurements are labelled as 
‘temperature dependence’. The remaining data are 
those measured at a single temperature, typically 
room temperature. Of these, the data measured at 
frequencies above 100 MHz are categorized as ‘High 
frequency’, while the rest are designated as ‘other RT 
data’. The distribution of each labelled dataset is illu
strated in Figure 2 and will be discussed later.

2.3. Material descriptors

To perform data analysis on materials data, informa
tion about material composition and crystal structure 

Sci. Technol. Adv. Mater. Meth. 5 (2025) 4                                                                                                                                           T. MURATA et al.



are converted into numerical values, referred to as 
material descriptors. In this study, as crystal structure 
data were not available, we created composition-based 
descriptors implemented in XenonPy module [46]. 
This descriptor calculates various statistical values 
such as mean, variance, maximum, and minimum of 
physical properties for each element in the composi
tion, converting each chemical formula into a set of 
290 numerical values. The procedures for handling 
material compositions are also firmly supported by 
the pymatgen library [47].

As XenonPy descriptors are challenging to interpret 
intuitively, analyses using these descriptors mostly 
function as a black box. In an attempt to enhance 
interpretability, we introduced an additional set of 
composition descriptors, which we refer to as the 
‘ABO3 descriptor’, specifically designed for ABO3- 
type compounds. First, we extracted compositions 
that could potentially form the ABO3 structure, speci
fically selecting samples with an anion-to-cation ratio 
close to 2/3 (= 0.666). This process will be discussed 
later with Figure 3 and described in detail in 
Supplemental Material (S1). Then, cations were 
arranged in order of ionic radius, assigning the larger 
half to the A-site and the remainder to the B-site. 
Compositions that could not be clearly divided into 
A- and B-sites were excluded from the ABO3-type 
dataset. Ionic radii were determined by first assigning 
stable valence states under standard conditions for 
each element and then using an extended Shannon 
ionic radii table, where missing values were 

supplemented through machine learning [48,49]. 
After assigning A- and B-sites, we calculated several 
features for A- and B-sites, including the ionic radii 
and electronegativity of each site, as well as the toler
ance factor, yielding a total of 44 descriptors. This 
descriptor set is slightly modified from the reported 
set of descriptors in previous research [41,50]. Details 
and a complete list of descriptors are provided in 
Supplemental Material (Table S1).

2.4. Machine learning and dimensionality 
reduction

We constructed regression models to predict the 
room-temperature dielectric permittivity, dielectric 
loss, and the peak temperature of dielectric permittiv
ity. The models were trained on either the full dataset 
or the ABO3 dataset, with features based on either 
XenonPy descriptors or the ABO3 descriptors. We 

Figure 2. Dielectric loss tanδ versus dielectric permittivity ε at 
room temperature (297 K) for all available data. Each sample is 
represented by a single point, with color indicating the data 
category. The dashed line is just a guide for eye. The marginal 
distributions along the top and right axes illustrates the distri
bution of dielectric permittivity and dielectric loss, respectively.

Figure 3. (a) Compositional mapping of oxide compounds 
recorded in ICSD oxide, Starrydata, and Sebastian dataset. 
Each sample is represented as a single dot. The vertical and 
horizontal axes are obtained by dimensionality reduction of the 
material composition. (b), (c) distribution of material composi
tion against cation-to-anion molar ratio shown as histograms for 
(b) ICSD oxide and (c) Starrydata and Sebastian dataset.
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used random forest regression model [51] as imple
mented in scikit-learn [52], and optimized the hyper
parameters to improve model performance, setting the 
number of trees to 120 and maximum depth to 15. 
Model performance was evaluated using a holdout 
method with an 85:15 train-test split. To identify the 
important features, recursive feature elimination [53] 
was used to reduce the number of descriptors.

Uniform manifold approximation and projection 
(UMAP) [54] was used for dimensionality reduction. 
Descriptors were alternately used from either the 
XenonPy set or the ABO3 descriptors, depending on 
the analysis focus. For ABO3-type compounds, we 
performed clustering based on Euclidian distance for 
ABO3 descriptors using the k-means++ [55] algorithm 
implemented in scikit-learn [52]. The number of clus
ters was set to 30, and the results were visually 
inspected for further analysis. Various kinds of data 
visualizations, including outlier analysis, trend analy
sis, verification of machine learning results, and map
ping through dimensionality reduction, was 
performed using Matplotlib [56] and Seaborn [57].

3. Results & discussions

We begin by describing the distribution of the col
lected data across categories. Figure 2 illustrates the 
relationship between dielectric permittivity and 
dielectric loss, using values at room-temperature 
(298 K) for each sample, with one data point repre
senting each sample. To better visualize the data dis
tribution, a common logarithm transformation has 
been applied to both dielectric permittivity and dielec
tric loss. Without this transformation, the data distri
bution is highly skewed, making analysis more 
challenging.

A positive correlation is observed between dielec
tric permittivity and dielectric loss. The data labelled 
as ‘Temperature dependence’ tend to exhibit high 
dielectric permittivity values mainly above 100, while 
‘High frequency’ data are more commonly associated 
with lower permittivity values typically in the range of 
10–100. Samples with temperature-dependent mea
surements generally show high permittivity, suggest
ing that many of these data points correspond to 
ferroelectric or antiferroelectric materials. These 
materials often display a permittivity peak near the 
Curie temperature, making temperature-dependent 
measurements necessary for capturing this character
istic. On the other hand, data measured at high fre
quencies typically have lower permittivity. These 
samples are likely to be paraelectric materials, which 
were developed for applications in microwave resona
tors, where high permittivity is less important than 
low loss at higher frequencies.

Figure 3 analyses the compositional distribution of 
the data. To compare the compositional distributions 

and coverage of each dataset, we aimed to visualize 
them. As compositional data span complex, multi- 
dimensional spaces, direct comparisons are challen
ging and require careful interpretation. Here, we 
applied a dimensionality reduction technique as one 
approach to project the compositional space of each 
database into a more interpretable format. 
Figure 3(a) compares the material composition dis
tributions of the ICSD oxide dataset, the Starrydata 
dataset, and the previously reported Sebastian dielec
tric dataset [21,22]. The vertical and horizontal axes 
represent the XenonPy descriptors of each sample, 
reduced to two dimensions using UMAP, providing 
a rough overview of the composition distribution. 
The distribution of the Starrydata samples (shown 
in blue) covers a wide range of compositions, com
parable to that of the ICSD oxide samples (shown in 
gray). Starrydata also has a broader range of compo
sitions compared to Sebastian dataset, highlighting 
its diversity. Notably, the composition distribution 
of around 20,000 samples in Starrydata does not 
correspond one-to-one with the distribution of 
approximately 45,000 samples in ICSD oxide. This 
difference suggests a partial discrepancy between 
materials with crystal structure data (in ICSD 
oxide) and those with dielectric property data (in 
Starrydata). This observation aligns with our experi
ence reviewing the literature, where studies present
ing dielectric permittivity data do not necessarily 
include crystal structure analysis.

The Starrydata dataset, unlike ICSD oxide, contains 
compositional data and lacks structural information, 
making it challenging to categorize samples by crystal 
structure. To gain insights from a different perspec
tive, we focused on the cation-to-anion ratio of the 
materials. Figure 3(b) and (c) display histograms of 
data distributions by cation-to-anion ratio for ICSD 
oxide (Figure 3(b)), and Starrydata and Seabstian 
dataset (Figure 3(c)). The data show clustering around 
several characteristic cation-to-anion ratios including 
AO2 (0.5), or A2O3 or ABO3 (0.667), AB2O4 (0.75), 
and AO (1), each corresponding to distinct types of 
oxide compounds. While the overall distribution is 
similar between ICSD oxide and Starrydata, there is 
a higher concentration of samples around a ratio of 
0.667 in Starrydata. This suggests an abundance of 
ABO3-type compounds including perovskites in 
Starrydata. Additionally, other characteristic concen
tration points appear in Starrydata such as 0.533, 
which corresponds to tetragonal tungsten bronze 
A3B5O15, 0.555 to Aurivillius-type ABi2Nb2O9, and 
0.571 to pyrochlore A2B2O7. These findings indicate 
that the cation-to-anion ratio is effective for roughly 
stratifying groups of dielectric materials. Accordingly, 
we decided to perform data analysis not only on the 
full dataset but also specifically on the subset of ABO3- 
type compounds.
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We constructed machine learning models for both 
the full dataset and the ABO3 dataset. As shown in 
Figure 4(a)(b), both dielectric permittivity ε and dielec
tric loss tanδ exhibit distributions without skewness 
when a common logarithm transformation is applied. 
Without the logarithmic transformation, the data show 
significant skew, making it challenging to train the 
machine learning models effectively. In contrast, the 
peak temperature of the dielectric permittivity Tpeak 
shown in Figure 4(c) did not exhibit significant skew
ness, so no logarithmic transformation was applied to 
this variable. After excluding outliers, each dataset was 
split into training and test sets. As described in the 
Methods section, random forest regression models 
were trained on the training set and scores were then 
calculated based on the predictive performance of the 
models on the test data. Table 1 shows the coefficient of 
determination (R2) and mean absolute error (MAE) 
scores of the machine learning models, with MAE 
scores indicated in parentheses. The R2 score reflects 
the proportion of variance in the target variable with 
a value of 1 indicating a perfect fit. MAE represents the 
average magnitude of errors in predictions, indicating 
how far predictions are from actual values on average. 
Our models achieved favourable scores across datasets 
and properties. It is important to note that the MAE 
scores for both permittivity and loss are calculated on 
the common logarithm-transformed values. For exam
ple, an MAE score of 0.16 for dielectric permittivity 
indicates an average deviation of approximately 1.45 
times the actual permittivity value. In constructing the 
models, we also considered other models including 
linear regressions and support vector regression. 
However, these models did not yield good scores com
pared to decision-tree-based models (Supplemental 

Materials S2). The fact that linear regressions did not 
yield good scores suggests that the dependence of 
dielectric permittivity on descriptors is nonlinear and 
intricately intertwined.

Table 1 provides prediction scores on the different 
datasets and descriptor sets. The R2 scores for dielec
tric loss were relatively low compared to the dielectric 
permittivity and peak temperature. There could be 
various potential reasons including: (i) insufficient 
representational power of the compositional descrip
tors, (ii) the rapid variation of dielectric loss with 
respect to composition, (iii) differences in dataset 
sizes, and (iv) high levels of noise in the data. In this 
case, the factors (iii) and (iv) are the most plausible 
contributors. The numbers of data points used in the 
model evaluations were 17,587 (9,275) for dielectric 
permittivity, 9,488 (5,604) for dielectric loss, and 6,491 
(5,090) for peak temperature the entire dataset (in the 
ABO3 dataset). Dielectric loss has fewer data points 
than that of dielectric permittivity because literatures 

Figure 4. (a)–(c) distribution of target property for machine-learnings. (a) dielectric permittivity, (b) dielectric loss and (c) peak 
temperature in dielectric permittivity. (d) Machine-learning R2 scores against number of descriptors obtained through recursive 
feature elimination.

Table 1. R2 scores (upper) and MAE scores (lower, in parenth
eses) of machine-learning models trained on each property 
and dataset. Columns represent properties, while rows denote 
datasets and descriptor sets. MAE scores for the bottom row 
are not available because RFE was conducted based on R2 

scores.
dataset Permittivity ε Loss tanδ Tpeak

All data 
XenonPy descriptors

0.929 
(0.13)

0.820 
(0.30)

0.832 
(40.3)

ABO3 dataset 
XenonPy descriptors

0.879 
(0.16)

0.748 
(0.29)

0.887 
(29.3)

ABO3 dataset 
ABO3 desciptors

0.866 
(0.16)

0.749 
(0.29)

0.874 
(32.1)

ABO3 dataset 
reduced desciptors

0.854 0.707 0.861
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often provide only dielectric permittivity without the 
value of the loss. Additionally, due to the nature of 
experimental datasets collected in this study, dielectric 
loss is more susceptible to variations stemming from 
sample quality or measurement precision compared to 
dielectric permittivity. Factors such as ceramic sinter
ing quality, insulation properties, or calibration accu
racy of measurement instruments can strongly 
influence tanδ values. This could lead to deviations 
from the intrinsic material properties, and thus redu
cing the prediction accuracy of the machine learning 
models to some extent.

The first and second rows of Table 1 compare the 
scores when the dataset is changed from the full data
set to the ABO3 dataset. In this case, the R2 and MAE 
scores for permittivity and loss decrease, while the 
scores for peak temperature improve. This suggests 
that including the full dataset enhances the score for 
permittivity and loss, whereas focusing specifically on 
the ABO3 dataset improves the score for peak tem
perature. The improvement in peak temperature 
scores when using the ABO3 dataset indicates that 
compositional descriptors alone may not sufficiently 
distinguish ABO3-type compounds out of the full 
dataset. This result implies that while composition 
descriptors are quite useful, they are not universally 
applicable, and stratifying the data into relevant 
groups beforehand can enhance model perfor
mance [13].

For the ABO3 dataset, we compared two sets of 
descriptors. The second and third rows of Table 1 
show the scores based on XenonPy and ABO3 descrip
tor sets, respectively. There are several compositional 
descriptors available to date, including matminer [58], 
Magpie [59], JARVIS-Tools [60], and XenonPy. Among 
these, XenonPy offers a large number of descriptors 
derived from chemical properties with ease of use. 
While having more descriptors does not necessarily 
mean better comprehensiveness, we selected XenonPy 
as sufficiently extensive set of descriptors. While 
XenonPy has 290 descriptors, we compared its perfor
mance with a smaller descriptor set of 44 descriptors 
specifically designed for ABO3 compounds. The score 
changes between XenonPy and the ABO3 descriptors 
are minimal for all properties. This indicates that the 
representational power of the descriptor set, meaning 
their ability to capture key information needed to pre
dict target variables accurately and represent underlying 
data patterns effectively, has not diminished. Although 
the ABO3 descriptors are limited to 44 variables for 
interpretability, they retain similar representational 
power compared to the 290 XenonPy descriptors.

We applied recursive feature elimination (RFE) to 
reduce the number of descriptors while retaining their 
representational power [53]. RFE was performed on 
the 44 descriptors of ABO3 descriptor set. In RFE, 
descriptors with the lowest importance are 

sequentially removed, and the model is reconstructed 
with the remaining descriptors at each step. 
Figure 4(d) shows how R2 scores change with the 
number of descriptors, where descriptors were 
removed one at a time, starting from the right side. 
The scores achieved with the reduced set of six 
descriptors are shown in the fourth row of Table 1. 
Notably, for both dielectric permittivity and peak tem
perature, there is minimal decline in performance, 
indicating that the main variations in these target 
properties can be captured effectively with as few as 
six descriptors.

Table 2 lists the top six descriptors identified by 
RFE for each target parameter: dielectric permittivity, 
dielectric loss, and the peak temperature of dielectric 
permittivity. Based on the scores, the sets of the six 
descriptors demonstrate comparable representational 
power to the full set of 290 XenonPy descriptors or the 
44 ABO3 descriptors. These six descriptors are likely 
strongly correlated with the target property. For exam
ple, tolerance factor and electronegativity frequently 
appear among the selected descriptors, both of which 
have been previously discussed in the literature as 
influential factors in dielectric properties [61–65]. 
The high ranking of these parameters in RFE aligns 
well with past academic insights. In decision tree- 
based models, it is difficult to isolate the individual 
effects of explanatory variables. The relationship 
between dielectric permittivity and its explanatory 
variables is non-linear and intertwined, as reflected 
in the unsuccessful results in linear regression models 
(Supplemental Materials S2). This makes it difficult to 
understand the intuitive meanings of the six descrip
tors. However, our finding illustrates that even with 
a dataset of this scale, the dielectric permittivity could 
be explained with six key factors, yielding consistent 
results with established academic knowledge. The tol
erance factor will be revisited later for further visuali
zation and discussion.

Although the predictive model works well and 
achieve high scores, it functions as a black box, pre
venting the intuitive understanding of the data and 
underlying trends. To effectively visualize the compo
sitional trend within the curated data, we applied 
dimensionality reduction to the ABO3 dataset. In 
Figure 3(a), we visualized the overall data distribution 
for each database, but here we focus specifically on 
ABO3-type. Figure 5(a) shows the compositional map
ping of the ABO3 dataset using UMAP dimensionality 
reduction applied to the ABO3 descriptors. To distin
guish material compositions more effectively, we 
applied k-means++ clustering to the ABO3 dataset 
with the ABO3 descriptor set, assigning labels to each 
cluster. The number of clusters was set to 30 in the 
k-means++ model. Each cluster was reviewed manu
ally and re-labeled into 10 broader categories repre
senting distinct material groups. As a result, ABO3- 
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Table 2. Ranked descriptors for each property extracted through recursive feature elimination. 
In each cell of the table, we indicated whether it is a descriptor for the A-site or B-site. ‘Ave’ 
stands for average, and ‘std’ stands for standard deviation. Further details of each descriptor are 
provided in supplemental material.

Rank Permittivity ε Loss tanδ Tpeak

1 A & B-sites 
tolerance factor

A-site, ave, 
electron affinity

A-site, ave, 
electron affinity

2 A & B-sites, ave, 
electronegativity

B-site, ave, 
dipole polarizability

B-site, std, 
nominal charge

3 B-site, ave, 
dipole polarizability

A-site, ave, 
nuclear effective charge

A & B-sites 
tolerance factor

4 A-site, ave, 
covalent radius

B-site, std, 
nominal charge

B-site, std, 
atomic weight

5 A & B-sites, difference 
electronegativity

A & B-site 
tolerance factor

A & B-sites, ave, 
electron affinity

6 B-site, std, 
nominal charge

B-site, std, 
electron affinity

A-site, std, 
covalent radius

Figure 5. (a) Compositional mapping of ABO3 materials. Each sample is represented as a single dot with color showing 
compositional clusters. 9 prominent clusters of dielectric materials are shown, while those not classified into these clusters are 
shown as others. (b) Dielectric permittivity at room temperature (297 K) and (c) peak temperature in dielectric permittivity plotted 
against the same axes as in (a).
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type materials were divided into 9 primary clusters, 
with miscellaneous samples grouped as ‘others’.

In Figure 5(a), which shows the ABO3-type data 
mapped with UMAP, the 9 clusters are not always 
distinctly separated. For example, the clusters for Pb 
(Zr, Ti)O3 and CCTO contain some isolated islands, 
which is a characteristic of UMAP. K-means++ clus
tering groups data points based on Euclidean distances 
within the high-dimensional descriptor space, assign
ing nearby points to the same cluster. UMAP, on the 
other hand, first constructs a graph connecting nearby 
points in the original descriptor space and then pro
jects this graph into two dimensions while preserving 
local structure. Because UMAP does not retain precise 
pairwise distances, isolated islands can appear when 
projecting k-means++ clusters onto the UMAP- 
reduced space. Nevertheless, UMAP is advantageous 
for in preserving local structures, and is often more 
effective than methods like principal component ana
lysis (PCA) or t-distributed stochastic neighbor 
embedding (t-SNE) in visualizing broad ranges of 
material composition data when interpreting compo
sitional distributions.

Based on Figure 5, we examine the characteristics 
and distribution of our ABO3 dataset. Among the nine 
clusters, seven represent major ferroelectric families 
with the perovskite structure: BaTiO3, (K, Na)NbO3, 
Pb(Zr, Ti)O3, Pb(Mg, Nb)O3, Pb-related, (Bi, Na) 
TiO3, and Bi-related. Starting with the BaTiO3 cluster 
(shown in blue) in the upper right, we see a large 
island representing pure (or nearly pure) BaTiO3. 
This blue cluster extends downward to the right, con
taining compositions where elements are substituted 
in BaTiO3. Branches extend for substitutions at the 
A-site and B-site, showing distributions for elemental 
substitutions such as Ca, Sr, and Zr. The fully Sr- 
substituted SrTiO3 composition is categorized in the 
‘others’ cluster adjacent to the BaTiO3 cluster. The 
seven ferroelectric families are positioned close to 
each other, with boundary regions often containing 
solid solution formed by mixing the adjacent clusters. 
For instance, the Bi-related cluster (in pink) includes 
an island of BiFeO3, with branches containing elemen
tal substitutions to BiFeO3. Near the boundary with 
the BaTiO3 cluster, we observe compositions such as 
(BaTiO3)0.33(BiFeO3)0.67. This indicates that the data
set not only includes doped compositions within each 
of the seven primary families but also compositions 
formed by mixing different ferroelectric families. This 
observation is consistent with our experience, as solid 
solutions of ferroelectrics are frequently investigated 
for tuning dielectric properties.

Among the remaining two clusters, Li(Nb, Ta)O3 
represents piezoelectric materials with the LiNbO3- 
type structure, and its data appear as a localized island. 
The CCTO cluster includes compositions with 
CaCu3Ti4O12, a material group known for its large 

dielectric permittivity, though its origin is attributed 
to electronic effects rather than dielectric polarization. 
Although neither of these two material groups has 
a perovskite structure, they are classified as ABO3- 
type under the current compositional categorization 
method. Both appear as isolated islands without 
branches extending to other material systems, indicat
ing a limited number of reported solid solutions with 
other material groups.

Figure 5(b) and (c) display maps using the same 
axes as Figure 5(a), with room-temperature dielectric 
permittivity and peak temperature of dielectric per
mittivity shown on color scales, respectively. The 
property values exhibit clear gradients across the 
map, which appear to be well captured by the pre
viously mentioned random forest regression models. 
In Figure 5(b), room-temperature dielectric permittiv
ity values are available for nearly all data points. On 
the other hand, in Figure 5(c), some data points lack 
peak temperature values, reflecting the nature of the 
Starrydata dataset. Peak temperature data may be 
absent when only a room-temperature value was 
recorded or when the temperature dependence of 
dielectric permittivity is monotonically increasing or 
decreasing. The peak temperature of dielectric permit
tivity generally corresponds to the ferroelectric transi
tion temperature (Curie temperature), so data points 
lacking this information are likely paraelectric rather 
than ferroelectric. Observing the distribution from 
this perspective, we find that most points in the 
‘others’ category lack peak temperature data, indicat
ing that these materials are primarily paraelectric. This 
is not surprising, as the number of perovskite materi
als exhibiting ferroelectricity is indeed limited [64]. 
Although exceptions exist, such as CdTiO3 [66], 
which is a ferroelectric outside the main seven 
families, most of the reported data on perovskite ferro
electrics are confined to these seven families.

In the analyses presented above, we successfully 
reviewed the compositional distribution and charac
teristics within the Starrydata dataset curated in this 
study. This could not be achieved solely by predictive 
models which function as black boxes. It is crucial to 
combine the visualization technique. As a final step, 
we visualize the key descriptor identified through RFE 
analysis of the machine learning models using the 
clusters identified through the visualization. We 
selected the tolerance factor from the important fea
tures listed in Table 2. The tolerance factor [61] is 
a parameter in perovskite materials that reflects the 
geometric fit between the ions in the crystal structure, 
formulated as follows: 

where rA, rB, and rO denote the ionic radii at each site 
[48,49]. It is a well-known parameter that has long 
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been recognized as influential in perovskite stability 
and dielectric properties [62–65,67]. A tolerance factor 
close to 1 indicates a stable perovskite structure, while 
values significantly above or below 1 can lead to 
structural distortions or phase transitions. In this 
study, the tolerance factor is again recognized through 
the purely statistical approach. Though the intuitive 
understanding of the descriptor is not straightforward 
in general, we attempted to reveals a visible correlation 
between dielectric properties and the tolerance factor, 
as discussed below.

Figure 6(a) shows a plot of dielectric permittivity on 
the vertical axis against the tolerance factor on the 
horizontal axis, with data points colored according to 
the clusters in Figure 5(a). In Figure 6(a), clusters with 
high dielectric permittivity can be broadly categorized 
into three groups. The first group, centered around 
a tolerance factor of approximately 1.06, primarily con
sists of the blue BaTiO3 family. The second group, 
around a tolerance factor of 1, is composed mainly of 
families with Pb or Bi on the A-site. The third group, 
shown in light blue, is the CCTO family, where the high 
permittivity arises from electronic effects rather than 
dielectric polarization and can thus be disregarded in 
the context of dielectric properties.

The lone pairs on Pb and Bi atoms at the A-site are 
known to significantly influence the dielectric proper
ties of perovskites [26,64,68]. For example, SrTiO3 
with a tolerance factor of 1 is nearly cubic and quan
tum paraelectric, while PbTiO3 with a tolerance factor 
of 1.019 is ferroelectric with a Curie temperature of 
490°C [69]. Chemical modulation of PbTiO3 produces 
PbZr0.7Ti0.3O3 with a tolerance factor of 1, still main
taining a high Curie temperature of approximately 
440°C [68,70]. This difference arises because Pb2+ 

readily shifts off-center due to its lone pair electrons, 
creating spontaneous polarization. Similarly, Bi3+ also 
has lone pair electrons. Since Pb2+ and Bi3+ tend to 

shift off-center regardless of lattice size, they likely 
induce dielectric polarization independent of toler
ance factor. The second group is located around a 
tolerance factor of 1 mainly due to the ionic radii of 
Bi3+ (1.38 Å) and Pb2+ (1.49 Å) and their respective 
combinations with possible B-site elements.

To better isolate the effects of lattice factors on 
dielectric permittivity, we excluded other contribu
tions. Figure 6(b) displays the data from Figure 6(a) 
with all samples containing Pb or Bi at the A-site or 
belonging to the CCTO cluster removed. By excluding 
lone-pair elements and electronic effects, we focused 
on the impact of the crystal lattice. In Figure 6(b), 
excluding paraelectric materials in the ‘others’ cate
gory, points belonging to ferroelectric families coar
sely scale with tolerance factor as indicated by the 
dashed line. Although the contributions from the 
descriptors seemed non-linear and intertwined as dis
cussed, this trend can be observed across the blue 
BaTiO3 family and the green (K, Na)NbO3 family. 
Numerous factors affect the dielectric properties of 
ceramics, making it challenging to clarify a single 
cause. One possible explanation is that larger tolerance 
factors stretch the perovskite lattice, expanding the 
BO6 octahedra and facilitating second-order Jahn- 
Teller distortions, leading to enhanced ferroelectricity 
and large dielectric permittivity. This phenomenon is 
analogous to the dielectric property changes observed 
in BaTiO3-SrTiO3 solid solutions. SrTiO3 with 
a tolerance factor of 1 is a quantum paraelectric, but 
adding Ba expands the lattice, increasing Ti distortion 
and enhancing ferroelectricity [23,68]. The trend 
observed in the large Starrydata dataset may follow 
a similar analogy. Through combining feature elimi
nation and clustering techniques, we visualized effects 
of the crystal lattice on dielectric permittivity by elim
inating other factors and finding a roughly linear 
relationship. Since this observation is quite coarse, 

Figure 6. (a) Dielectric permittivity at room temperature (297 K) against tolerance factor in ABO3 materials. Each sample is 
represented as a single dot with color indicating the same compositional clusters as in Figure 6. (b) The same plot as (a) but 
excluding samples containing A-site atoms with lone pairs (Pb and Bi) and the CCTO cluster. A rough correlation between 
dielectric permittivity and tolerance factor is observed, as indicated by the dotted line.
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further detailed data analysis will be necessary to gain 
a more comprehensive understanding.

The data analysis presented in this study serves as 
preliminary results to demonstrate the potential of this 
unprecedented dataset. It is expected that various 
types of data-driven research can be conducted using 
this dataset in the future. Even by applying the same 
machine learning and visualization methods used in 
this study, changing the descriptors or focusing on 
different compositional systems could lead to entirely 
new insights. Additionally, more advanced approaches 
leveraging data science techniques could be explored 
as follows: Building a neural network model capable of 
directly predicting temperature spectra would enable 
more comprehensive property predictions compared 
to the predictive models for single properties pre
sented in this research. Incorporating crystal structure 
data from sources such as the Materials Project or 
ICSD could help identify structural factors that 
enhance dielectric properties. Another possibility is 
employing optimization algorithms, such as genetic 
algorithms or particle swarm optimization, based on 
the constructed models. This approach could directly 
facilitate the discovery of new materials.

When employing such approaches, it will be crucial to 
pay close attention to the applicable range of the dataset 
[71,72]. Material compositions and crystal structure data 
possess high-dimensional degrees of freedom, but within 
this vast high-dimensional space, the actual regions 
where relevant data exist are extremely limited. 
Without careful consideration of both the scope of avail
able data and the applicability range of models, it may 
prove difficult to derive practical guidelines for materials 
design. For instance, there is a discrepancy between 
material compositions covered in Starrydata and those 
in ICSD. As discussed above, they do not correspond 
one-to-one. To effectively integrate and utilize these 
databases together would require specifically tailored 
transfer learning schemes. Furthermore, when conduct
ing materials exploration with machine learning-based 
methods, meticulous attention must also be paid to 
ensuring that models are applied within their valid 
range. Nevertheless, having access to robust datasets 
enables such data-driven research possibilities. The 
Starrydata dataset curated through this study provides 
an essential foundation for advancing future research 
aimed at uncovering fundamental principles governing 
materials and discovering novel materials with improved 
properties.

4. Conclusions

To advance data-driven materials research, we con
structed a comprehensive database of dielectric prop
erty for inorganic materials by curating data from 
scientific literature. Utilizing the Starrydata2 web sys
tem, we collected dielectric permittivity and dielectric 

loss data alongside material compositions. Since dielec
tric permittivity exhibits characteristic peaks near the 
Curie temperature, capturing the temperature depen
dence is critical for assessing material property. Our 
data collection process involved digitizing numerical 
data from graphs and figures in original publications, 
allowing us to capture these key features. We assembled 
a dataset of over 20,000 material samples extracted from 
more than 5,000 papers, covering a broad composi
tional space comparable to all oxide materials recorded 
in ICSD. The collected data revealed a significant con
centration on ABO3 materials which we further ana
lysed in detail.

We developed machine learning models to predict 
room-temperature dielectric permittivity, dielectric loss, 
and the peak temperature of permittivity based on mate
rial compositions. We obtained preferrable predictive 
performance and identified key factors influencing the 
dielectric properties of ABO3-type materials through 
recursive feature elimination (RFE). This analysis yielded 
six significant descriptors including tolerance factor and 
electronegativity, which align well with previous aca
demic findings. However, the contributions of these 
descriptors are nonlinear and entangled, making them 
difficult to intuitively understand. The machine learning 
model works as a black box. To address this gap and 
understand the nature of the collected data, we employed 
UMAP for compositional mapping and utilized k-means 
++ clustering. The ABO3 dataset was successfully cate
gorized into nine major material groups, seven of which 
were identified as prominent ferroelectric families. These 
seven families include atomic substitutions and solid 
solutions with other ferroelectric families, indicating 
their frequent investigation in previous research. 
Combining the identified key descriptors and clusters, 
we attempted to visualize the impact of the crystal lattice 
on dielectric property, by isolating the effects from lone 
pairs and electronic contributions. We observed 
a positive correlation between the dielectric permittivity 
and the tolerance factor. A plausible explanation is that 
larger tolerance factors expand the perovskite lattice, 
stretch the BO6 octahedra, and facilitate second-order 
Jahn-Teller distortions. These structural changes enhance 
ferroelectricity and increase dielectric permittivity, align
ing well with established knowledge of ferroelectricity.

The data analysis presented in this study serves as 
a preliminary example to showcase the nature of this 
unprecedented experimental dataset of dielectric mate
rials, and further research would be required to gain 
a comprehensive understanding of overall trends in 
dielectric materials. Beyond the analysis and visualiza
tion demonstrated in this research, this dataset can 
support diverse types of data analyses, such as predict
ing the full temperature spectrum, exploring correla
tions between structural and dielectric properties, and 
navigating the discovery of new materials through opti
mization methods based on the predictive models. The 

Sci. Technol. Adv. Mater. Meth. 5 (2025) 12                                                                                                                                         T. MURATA et al.



Starrydata dielectric dataset established in this study 
offers an important foundation for data-driven materi
als science, opening new pathways for innovative ana
lyses in materials research.
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