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ABSTRACT
We have developed the Starrydata2 web system, an open, web-based database for collecting 
and organizing experimental material property data from the literature. It assists users world
wide in extracting and sharing curve data from plot images in published papers, along with 
relevant sample information such as chemical compositions and fabrication methods. 
Starrydata2 streamlines the manual data collection process through partial automation. 
Currently, Starrydata encompasses over 194,000 curves extracted from more than 82,000 
physical samples, as reported in over 13,000 publications on functional inorganic materials, 
including thermoelectric and magnetic materials. All data in Starrydata are openly accessible to 
the public for both commercial and non-commercial purposes. In this paper, we introduce the 
web interface, data curation workflow, data structure, and system architecture of Starrydata2. 
We then described in detail the datasets currently included in Starrydata2 and discuss their use 
cases. We also present the methods for applying the collected dataset, including a unique 
large-scale data representation method called ‘all-data plots’, which provides a comprehensive 
overview of the entire dataset. Finally, we report on how the collected datasets are being 
utilized in data-driven materials research through machine learning, modelling and simulation.

IMPACT STATEMENT
Starrydata2 web system is the first open platform dedicated to digitizing and sharing experi
mental property curves from published materials science literature, enabling preservation of 
curve shapes for over 194,000 datasets.
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1. Introduction

Materials informatics, recognized as the fourth para
digm of materials science [1,2], relies heavily on the 
availability of comprehensive and accessible datasets 
[3,4]. Data- driven approaches have made significant 
progress in both computational predictions and 
experimental research, yet the popular datasets in 
material properties are either theoretical [5–11] or 
obtained from high-throughput experiments [12]. 
Projects such as the Materials Project [5] and other 
computational platforms [6,7] have exemplified the 
power of open data in materials science through 
their combination of comprehensive coverage, clear 
licensing, and convenient data access. However, the 
vast amount of experimental data accumulated in 
scientific literature, which contains records of the 
most successful materials developed to date, remains 
a largely untapped resource.

Incorporating these proven high-performance 
materials into databases would be invaluable for accel
erating future materials development, yet systematic 
efforts to collect and organize this knowledge face 
significant challenges.

The CRC Handbook of Chemistry and Physics [13] 
and the numerous volumes of Landolt-Börnstein [14] 
(now distributed in Springer Materials [15]) represent 
the classical approach of curated experimental datasets 
in chemistry and physics, initially distributed as books 
before transitioning to digital formats. This transition 
to digital platforms has led to the emergence of com
prehensive proprietary databases, such as the Pauling 
File [16,17] and the related databases [18–20], which 
compile experimental physical properties from 
selected literature, assigned to ideal inorganic crystal 
structures. The success of computational studies in 
materials informatics has demonstrated how open 
data access and convenient bulk download capabilities 
can accelerate research progress, suggesting similar 
advances could be achieved with experimental data if 
made more freely accessible.

The digital transformation has enabled new 
approaches to experimental data collection and cura
tion. While tools for automatic data extraction from 
literature, such as ChemDataExtractor [21,22], have 
made significant advances in processing scientific 
texts at scale, manual curation remains crucial for 
ensuring data quality and completeness. The 
Perovskite Database Project [23], focused specifically 
on halide perovskite solar cell devices, exemplifies this 
through their systematic manual extraction of over 
42,400 device records from approximately 7,400 
experimental papers, representing an intensive effort 
of 5,000–10,000 person-hours. Similarly, NanoMine 
[24–26] has established a structured framework for 
nanocomposite materials data submission through 
standardized templates. The Materials Project’s 

MPContribs [5,27] provides a platform for tabular 
experimental data submission, accumulating diverse 
datasets through researcher contributions worldwide. 
While these examples represent some of the notable 
efforts in the field, numerous other valuable initiatives 
and databases exist across various subfields of materi
als science.

The field of thermoelectric materials has emerged 
as a frontier for materials informatics approaches, 
likely due to its inherent complexity in materials 
development. In theoretical studies, the TE Design 
Lab [28], launched in 2015, provided an open GUI 
(Graphical User Interface) platform for exploring elec
tronic structure parameters such as band gaps, effec
tive masses, and band degeneracies for over 2,000 
crystal structures, creating a foundation for research
ers to efficiently explore new thermoelectric materials. 
Ricci et al. further expanded this computational 
approach in 2018 by publishing a dataset covering 
48,000 compounds [29]. These theoretical efforts 
have been complemented by various experimental 
data collection initiatives. A pioneering effort was 
made by Gaultois et al. who published the UCSB 
thermoelectric database in 2013, providing the first 
open platform to visually explore thermoelectric prop
erties with approximately 1,000 data points covering 
four temperature points per sample for over 300 sam
ples from more than 100 papers [30]. Following this 
path, Na et al. have published ESTM dataset covering 
thermoelectric properties of 880 published samples 
[31]. Zang et al. have reported GPTArticleExtractor 
[32] to apply large language models to extract numeric 
values from the texts in the published papers, to create 
databases of 7,123 thermoelectric compounds [33] and 
26,706 magnetic materials [34].

Lee et al. have created a data sharing platform 
named TeXplorer.org to gather over 1,000 experimen
tal data of thermoelectric property curves from the 
laboratory [35].

While many of these databases and data collection 
projects primarily gather discrete numerical values 
from text and tables or manually digitize selected 
points from plots, some platforms can store curve- 
based data (collections of x-y coordinate pairs that 
form experimental curves). Nanomine [24–26], 
TeXplorer [35] along with data repositories and plat
forms like Figshare [36], allow users to submit curve- 
based datasets. However, there have been few 
initiatives specifically focused on systematically 
extracting and preserving complete curve data from 
published plots as their primary objective.

Starrydata is our ongoing project to collect materi
als data from scientific literature. Following the proof- 
of-concept demonstration of the original version [37], 
we developed Starrydata2, a web-based system that 
enables materials scientists to collaborate globally in 
collecting materials data from literature. First 
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introduced in our research paper [38], this system 
streamlines the extraction of digital data from graphi
cal plots representing materials properties and helps 
users organize the extracted data by indexing it with 
details from the original publications. To prevent 
redundant data extraction efforts, Starrydata2 web 
system shares the data, along with sample descriptions 
extracted by users, with all participants. Its data struc
ture is flexible, using a JSON (JavaScript Object 
Notation)-like document database that allows 
researchers to customize the initial data structure for 
sample descriptions, including material classifications, 
fabrication methods, and experimental techniques.

The name ‘Starrydata’ was inspired by the night 
sky, where both bright and dim stars together reveal 
the true structure of the Milky Way – similarly, our 
database aims to collect not only well-known, high- 
quality data but also lesser-known results, as this com
prehensive view reveals the true landscape of materials 
science.

In the following sections, we detail the design and 
implementation of Starrydata2 web system, the colla
borative data collection process, and the integration of 
advanced tools to aid in data extraction. We also dis
cuss the benefits of open data sharing, the sustainabil
ity of our approach, and the potential impact on the 
field of materials informatics.

2. Data collection process in Starrydata

2.1. Overview of data collection process

Figure 1 illustrates the overview of the paper data 
collection process in the Starrydata2 web system. 

This figure represents the typical flow from project 
planning to data collection and sharing.

The data collection process begins with project 
design, where users in Starrydata can freely determine 
the optimal data collection rules for their research. For 
large-scale data collection projects, it is crucial to 
decide on key items with the starting members.

First, they select common template plots frequently 
used in the target field as the target plots. Next, they 
identify papers likely to include these target plots, 
referred to as target papers. Finally, they define sample 
descriptors, which specify how sample information is 
presented. Setting minimal data collection rules helps 
in constructing efficient and large-scale datasets.

Following the project design, users select figures 
from papers. They list potential target papers using 
a paper search system and send the DOI list to the 
Starrydata2 web system. The CrossRef [39] API 
(Application Programming Interface) automatically 
retrieves bibliographic information, generating 
a paper list. Users access the full-text PDF of the 
papers and take screenshots of the target plots when 
found.

For initial data extraction, users load the plot 
images into a browser-based digitizer that processes 
images locally without transmitting them to any exter
nal servers. The system performs axis calibration by 
having users specify reference points on the x- axis and 
y-axis, and input the physical quantities, units, and 
scales for each axis. Data points are detected either 
automatically or manually, and only the extracted 
numerical values, after conversion to the SI unit sys
tem, are transmitted to and saved in the Starrydata 
database.

Figure 1. Overview of the paper data collection process in the Starrydata2 web system, illustrating the workflow from project 
planning through data extraction to data sharing. The process consists of five main stages: (1) project design, where users 
establish data collection rules and identify target plots, papers, and sample descriptors; (2) figure selection, involving paper search 
and plot image capture; (3) data extraction, where plot digitization and axis calibration convert visual data to numerical values; (4) 
sample information entry, which includes detailed sample documentation and entity linking; and (5) data sharing, enabling open 
access to collected datasets for materials informatics research.
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The final stage of collection involves sample infor
mation entry. Since sample information is often 
abbreviated in the plot, users need to read and extract 
detailed information from the paper’s text. Multiple 
plots in materials science papers often involve the 
same sample, so these plots are linked to a single 
sample entity. To assist in this process, the system 
can suggest sample information entries by analyzing 
user- provided text from the paper using a LLM (Large 
Language Model) via external API services.

2.2. Data extraction procedure

This section explains the detailed steps of data extrac
tion and entry using Figures 2 and 3. Figure 2 provides 
the workflow flowchart for data input, while Figure 3 

illustrates the relationships between the various GUIs 
in Starrydata2, highlighting the Paper GUI as the 
central hub and showing connections to different 
pages for detailed data entry.

Starrydata2 employs two types of digitizers to facil
itate the extraction of data points from plot images: 
WebPlotDigitizer [40] and the custom-developed 
StarryDigitizer. While WebPlotDigitizer offers 
a broader range of features, StarryDigitizer [41] 
includes specific functionalities tailored for our data 
collection needs, such as simplified axis calibration 
and spline interpolation for accurate curve tracing. 
Our evaluation using a scatter plot with ~ 300 known 
data points showed that WebPlotDigitizer’s semi- 
automatic extraction achieved 0.30% precision relative 
to graph width. The curator optimized parameters 

Figure 2. Workflow flowchart for data input. This flowchart illustrates the steps involved in capturing screenshots of target plots, 
performing axis calibration, entering data points, and saving the data in the starrydata database. Tasks performed in external 
systems are highlighted in gray, tasks within the Starrydata2 web system GUI in blue, and tasks within the digitizer in green.
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(foreground color, color recognition distance, aver
aging window size) while excluding legends, with 
minimal errors from overlapping points. Four cura
tors performing manual extraction by simple clicking 
achieved similar 0.30% precision. Manual adjustment 

after clicking improved precision to 0.10%, though 
points near x = 0 or y = 0 in linear plots occasionally 
showed errors exceeding 10% of original values.

The data input workflow, as illustrated in Figure 2, 
involves capturing screenshots of target plots from 

Figure 3. Schematic representation of the GUI interconnections in Starrydata2, with the paper GUI as the central hub. The diagram 
shows navigation paths between different interfaces and pages for comprehensive data entry, including sample information, 
bibliographic data, and related functionalities.
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papers’ PDFs, loading them into the digitizer, and 
performing axis calibration. Users specify reference 
points on both axes and input the physical quantities, 
units, and scales to ensure accurate data representa
tion. The extracted data points are then saved in the 
Starrydata database after conversion to the SI unit 
system.

The Paper GUI serves as the central hub for the 
data collection process, as shown in Figure 3. From 
this interface, users can access various linked pages to 
enter detailed sample information, make bibliographic 
corrections, and input other relevant data. The figure 
visually represents the flow of navigation, indicating 
which components to click to move between different 
pages and functions within the system.

The final stage involves detailed sample informa
tion entry, where data points are linked to their corre
sponding samples and figures. Since sample 
information is often abbreviated in the plots, users 
must read the paper’s text to gather complete informa
tion. Multiple plots involving the same sample are 
linked as the same entity in the database.

Recent developments include the use of large lan
guage models (LLM) to assist in this task, improving 
the accuracy and efficiency of data entry.

Through this structured process, the collected data 
becomes available as open data to other users, pre
venting redundant data collection and promoting var
ious materials informatics research. While dedicated 
curators currently handle most data collection, volun
tary contributions from users are essential for expand
ing the dataset. Data saved by external users are 
immediately incorporated into our open dataset with
out mandatory prior review. We do not require our 
curators to verify all saved data because comprehen
sive checking would significantly slow down the data 
collection process.

While we trust users to add and modify data hon
estly, we have implemented a robust version control 
system that allows us to track and revert any inap
propriate changes made by users with malicious 
intent. For quality assurance, we have established 
additional review processes specifically targeting out
lying data. Our approach represents a carefully con
sidered balance between data collection speed and 
quality.

While our system is primarily designed for collect
ing multiple data points from plot images, it can also 
accommodate single data points from tables or text. 
For table data, users may enter the table name in the 
‘Figure name’ field. Single data points can also be 
registered as custom sample descriptors. This flexibil
ity allows researchers to incorporate various types of 
published information from scientific papers into our 
database.

We designed our data collection workflow to allow 
the uses of various semi- automatic tools while 

maintaining the requirement for data curators to ver
ify outputs before data storage. We have implemented 
a textbox in the sample descriptor page where users 
can paste relevant paragraphs describing experimental 
methods to get suggestions from an LLM. Currently, 
users can add their personal OpenAI API key to enable 
suggestions for descriptor entries using the latest 
model (without fine-tuning). However, given the 
rapid evolution of LLM technologies, we avoid includ
ing specific details, as such information would likely 
become outdated in the short term.

Furthermore, we must consider that some major 
publishers including ACS [42], Elsevier [43], and 
Wiley [44] currently restrict AI use on their provided 
content. While anticipating changes to these restric
tions in future, we currently maintain our approach 
where researchers and curators read papers for their 
own projects and record extracted data in our web 
system, which is then shared with other users as 
open data.

3. System architecture and data management

3.1. System architecture

This section provides an overview of the Starrydata2 
web system architecture. Figure 4 illustrates the com
prehensive structure, including the various GUIs and 
databases within Starrydata2 (shown in blue), external 
web systems (shown in gray), and human involvement 
such as data curators (shown in green).

The left half of Figure 4 outlines the steps from data 
extraction to storage in the database, represented by 
numbers 1–19. The data in Starrydata2 is stored in 
a document- oriented database, MongoDB [45,46]. 
Tables such as Paper, Figure, Sample, Sample 
Information, and Data are linked via IDs, functioning 
similarly to a relational database. Flexible data struc
tures defined by users, such as Sample Information 
and Measurement Conditions, are stored in JSON 
format to maintain flexibility. Copyrighted content 
like full-text papers and plot images are never sent to 
the system. The database stores bibliographic informa
tion, image names, numerical data extracted by users, 
summarized sample information, selected figure 
descriptions, and other metadata that objectively 
describe the research content.

The right half of Figure 4 illustrates the data view
ing and output workflow. Data curators can review 
multiple datasets through the Summary, Data, and 
Visualizer GUIs, with interactive visualizations pow
ered by Chart.js [47], Bokeh [48], and Beautiful Soup 
[49]. The menu bar provides access to our external 
data explorers developed using Streamlit [50] and 
Plotly [51].

The backend system was built with Django [52] and 
its extensions (Django- nonrel [53], Django MongoDB 
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Engine [54], and Djangotoolbox [55]), while the fron
tend utilized Vue.js [56] and Vue Select [57]. Server- 
side data processing and validation rely on Python 
libraries including NumPy [58,59], pandas [60], and 
pymatgen [61,62].

Administrators can perform direct data modifica
tions through a PyMongo-based command-line inter
face [63]. System configuration and libraries may be 
updated in future refactoring.

3.2. Data management

Starrydata2 provides multiple methods to access its 
data: a REST (Representational State Transfer) API 
for flexible queries, bulk downloads for comprehen
sive datasets, and a Python package for easy integra
tion into data analysis workflows.

The REST API enables users to retrieve data by 
Paper ID (SID: Starrydata ID), Figure ID, or Sample 
ID in JSON format. For example, to search for samples 
containing specific elements like Mg and Si, users can 
make a request to: https://www.starrydata2.org/api/ 
sample?atom=Mg,Si.

This returns a list of Sample IDs. Detailed informa
tion for each sample can then be retrieved using these 
IDs: https://www.starrydata2.org/api/sample/2212.

The same query pattern applies to papers and fig
ures by replacing ‘sample’ with ‘paper’ or ‘figure’ in 
the URI.

For materials informatics research requiring large- 
scale data analysis, Starrydata provides bulk download 
options accessible through the ‘Datasets’ link in the 
menu bar. This leads to a GitHub repository page 
containing links to daily-updated datasets on Google 
Drive and monthly archived versions on Figshare37, 

facilitating efficient access to comprehensive data 
snapshots.

To further simplify data access, Starrydata offers 
a Python package that handles the data loading pro
cess. After installation via pip, users can load the data 
into pandas dataframes with just a few lines of code:

import starrydata as sd

import pandas as pd

sd_dataset = sd.load_dataset(date=‘20250201’)

df_curves = pd.read_csv(sd_dataset.curves_csv)

df_samples = pd.read_csv(sd_dataset.samples_csv)

df_papers = pd.read_json(sd_dataset.papers_json)

4. Collected data and examples

4.1. Overview of data collection projects

Table 1 provides a summary of the open data collec
tion projects actively operating within Starrydata. 
These projects, referred to as ‘Databases’ in the 
Starrydata2 GUI, are established in collaboration 
with the Starrydata operating team. For each project, 
the table shows the numbers of papers, figures, sam
ples and curves collected so far, along with the top six 
plot types presented as combinations of physical quan
tities for x and y axes.

The General DB is a generic project that provides 
access to all collected data. Other projects, such as the 
ThermoelectricMaterials and MagneticMaterials pro
jects, use customized sample information templates 
with specific descriptors (such as Form and Synthesis 
method) that can be populated through dropdown 

Figure 4. System architecture of Starrydata2, showing the complete workflow from data input to output visualization. The 
diagram illustrates three main components: (1) the internal Starrydata2 system components including GUIs and MongoDB 
databases (blue), (2) external web systems (grey), and (3) human interactions (green). The left side depicts the data collection 
and storage process, while the right side shows the data visualization and output workflow through the summary and visualizer 
GUIs. The system employs a document-oriented database structure with ID-linked collections and JSON-formatted flexible data 
schemas, storing bibliographic information, extracted numerical data, summarized metadata including sample information and 
selected figure descriptions, while ensuring copyright compliance by excluding copyrighted content like full-text papers and plot 
images.
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categories and detailed comments. Each paper in 
Starrydata is linked to one or more projects, which 
determines its visibility within those projects. When 
users open a specific project and select ‘All Papers’ or 
perform a search within that project, they see only the 
papers linked to that project. This project-based filter
ing helps researchers focus on relevant papers within 
their field while maintaining access to all associated 
experimental data, including samples, figures, and 
digitized curves from each visible paper.

New projects are created by Starrydata’s administra
tive engineers when research projects focusing on speci
fic functional materials begin, whether funded by public 
grants or industry collaborations. While most projects 
are openly accessible, Starrydata also supports closed 

data collection on separate servers for certain collabora
tive projects, particularly with industry partners, with the 
understanding that the data will eventually be made 
public. Data curators and users can add papers to existing 
projects through the ‘Add papers’ function by inputting 
DOI lists. When adding papers by DOI, if a paper already 
exists in the database, it automatically becomes linked to 
the new project, while ‘Search papers’ function is used 
only for browsing existing content.

While papers are generally linked to relevant pro
jects through their DOIs (with rare exceptions due to 
DOI duplications in CrossRef), it is common for users 
to add papers to projects regardless of their thematic 
relevance, and this practice is not restricted by the 
system administrators.

Table 1. Summary of data records in major active collection projects in Starrydata as of January 15, 2025. For each project, the 
table shows the number of curves and physical quantity combinations for the top six plot types.

Project name

Number of records Top 6 plot types
Number of 

figures Number of curves

Record type Total Unique x-axis y-axis Total Unique Total Unique

GeneralDB Papers 13,210 53 Temperature Seebeck coefficient 8,845 52 33,941 201
Figures 54,642 88 Temperature Thermal conductivity 6,152 2 24,340 6
Samples 82,006 170 Temperature ZT 4,671 1 19,590 5
Curves 194,053 277 Temperature Electrical resistivity 5,395 4 18,880 5

Temperature Electrical conductivity 4,330 2 17,098 5
Temperature Power factor 3,831 2 16,277 4

Thermoelectric Papers 9,004 8,032 Temperature Seebeck coefficient 8,821 8,157 33,845 30,968
Materials Figures 37,970 34,049 Temperature Thermal conductivity 5,566 5,015 22,289 19,936

Samples 52,326 46,749 Temperature ZT 4,662 4,219 19,564 17,458
Curves 147,993 132,314 Temperature Electrical resistivity 4,926 3,883 17,338 15,330

Temperature Electrical conductivity 4,188 4,235 16,661 15,044
Temperature Power factor 3,828 3,533 16,254 14,908

Magnetic Papers 1,770 1,761 Magnetic field strength (H) magnetization_per_weight 1,828 1,818 6,042 6,019
Materials Figures 3,770 3,748 Magnetic field magnetization_per_weight 567 564 3,626 3,616

Samples 13,011 12,965 Magnetic field strength (H) Magnetization 452 448 1,269 1,259
Curves 13,293 13,233 Magnetic field strength (H) magnetization_per_volume 409 409 1,040 1,040

Temperature magnetization_per_weight 215 215 629 629
Magnetic field magnetization_per_volume 100 100 268 268

Battery Papers 1,418 1,346 Discharge capacity Voltage 2,336 2,234 5,721 5,480
Materials Figures 10,697 10,350 Charge capacity Voltage 2,298 2,196 5,653 5,411

Samples 10,796 10,436 Cycle number Discharge capacity 2,401 2,326 5,118 4,957
Curves 25,108 24,308 C rate Discharge capacity 1,049 992 2,402 2,269

Cycle number Voltage 820 820 1,849 1,849
Time Voltage 805 805 1,832 1,832

Condensed Papers 794 342 Temperature Electrical resistivity 810 329 2,553 1,147
Matter Figures 1,856 776 Temperature Seebeck coefficient 168 47 677 257

Samples 4,168 2,261 Temperature Thermal conductivity 104 48 409 192
Curves 6,572 2,840 Temperature Power factor 83 69 364 185

Temperature ZT 75 34 326 133
Temperature Electrical conductivity 110 21 312 111

HighThermal Papers 349 238 Temperature Thermal conductivity 471 328 1,663 1,165
Conductivity Figures 702 357 Temperature Seebeck coefficient 59 15 250 31
Materials Samples 1,722 1,170 Temperature ZT 40 3 173 15

Curves 2,586 1,231 Temperature Electrical conductivity 25 8 112 10
Temperature Electrical resistivity 29 1 110 5
Temperature Power factor 26 1 104 4

LowThermal Papers 268 134 Temperature Thermal conductivity 319 169 1,225 618
Conductivity Figures 822 205 Temperature Seebeck coefficient 107 6 473 17
Materials Samples 1,601 647 Temperature ZT 101 5 464 15

Curves 3,451 705 Temperature Power factor 67 2 321 10
Temperature Electrical conductivity 67 2 303 10
Temperature Lattice thermal conductivity 54 7 241 9

Hypermaterial Papers 239 195 Temperature Electrical resistivity 176 138 488 387
Figures 682 482 Temperature Electrical conductivity 88 70 298 238
Samples 1,223 951 Temperature Seebeck coefficient 68 59 253 180
Curves 2,046 1,398 Temperature Thermal conductivity 87 44 240 124

Temperature Magnetic susceptibility 59 22 180 90
Temperature ZT 20 16 79 44

The GeneralDB project encompasses all data across projects. Since a single record may be associated with multiple projects, the number of unique records 
(those belonging exclusively to a single project) is also indicated.
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Each project’s status is displayed, including the 
number of all registered papers (including the papers 
waiting for data collection), papers with collected data, 
figures, and samples, as well as the number of paper 
lists created by users within the project. Projects with 
at least one paper list created by the user are marked as 
active, and the user’s frequently used projects are 
shown at the top.

4.2. Case study: thermoelectric materials project

The ThermoelectricMaterials Project aims to collect 
and organize comprehensive experimental data on 
thermoelectric materials. This project is one of the 
largest within Starrydata, focusing on thermoelectric 
properties such as Seebeck coefficient, electrical con
ductivity (resistivity), thermal conductivity, power fac
tor, and the dimensionless figure of merit (ZT).

The initial set of target papers was obtained by 
searching Scopus using the keyword ‘thermoelectric 
properties’, specifying the research field as ‘Materials 

Science’. We retrieved the search results as CSV file, 
including bibliographic information, to obtain the 
DOI of candidate papers. Subsequently, data curators 
have attempted various search keywords to obtain 
efficient lists of papers, to find additional papers con
taining the target plots.

Figure 5 provides an example of a specific paper on 
thermoelectric materials and the data collected from it 
in the ThermoelectricMaterials Project. The left side of 
Figure 5 shows the original PDF of the paper, which is 
not stored in Starrydata. Instead, the bibliographic 
information is stored in the Paper table, including 
details such as authors and titles, mostly obtained 
directly from CrossRef.

The data collected from each paper is organized 
into several interconnected tables in the Starrydata 
database. The properties table contains standardized 
information about the physical quantities (parameters 
and properties) used throughout Starrydata.

The figure table contains information about each 
figure extracted from the papers, including a unique 

Figure 5. Example of a specific paper on thermoelectric materials [64] and the data collected from it in the ThermoelectricMaterials 
project. The figure shows the connections between different tables in the database and the process of data extraction and entry. 
Reproduced with permission from thermoelectrics society of japan.
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figure ID, figure name (based on the figure number in 
the original paper), and the physical quantities repre
sented on the x and y axes. The sample table contains 
detailed information about the samples described in 
the papers, including sample ID, sample name (based 
on the nomenclature used in the paper), and the 
comprehended molar composition. The data table 
contains the 2-dimensional numerical data points 
extracted from the curves in the figures. Each curve 
is linked to a specific figure ID and sample ID. The 
data is stored in SI units, without prefixes, as defined 
in the dimensions in the properties table.

5. Application of the dataset

5.1. Data preprocessing

The Starrydata2 web system collects diverse experi
mental data, and we suggest several preprocessing 
steps to help users effectively utilize this dataset. 
While these steps are flexible and can be adapted to 
specific research needs, they represent our recommen
dations based on experience with the data.

First, we recommend filtering the data by project 
names and axis quantities to focus on curves relevant 
to your analysis. Next, carefully examine potential 
outliers. Our experience shows that the most critical 
outliers often arise from mistakes in units or expo
nents. While we continuously review and revise the 
registered data, we occasionally find cases where cal
culation results were mistakenly registered as experi
mental data, or where unit and notation errors in 
original papers passed through peer review processes 
unnoticed.

Chemical compositions in Starrydata are provided as 
molar ratio strings, which our data curators have con
verted from various original formats including mass 
ratios, volume ratios, and general formulas where pos
sible. Users can parse these strings into structured data 
using libraries like pymatgen [62] for systematic analy
sis and classification of material systems.

When comparing datasets with different x-value 
sampling points (whether from different publications 
or different measurements within the same paper), we 
recommend users carry out appropriate interpolation 
as part of their analysis workflow. Depending on the 
data characteristics, users might select polynomial, 
spline, or other specialized interpolation equations 
that capture the behavior of physical properties. This 
interpolation transforms array-type curve datasets 
into grid-structured tabular datasets, making them 
significantly more amenable to data analysis, visuali
zation, and machine learning applications.

Finally, users can enrich their analysis by combining 
information from our supplementary files. The starry
data_samples.csv contains categorical and free-text 
metadata about samples, while starrydata_papers.csv 

provides bibliographic context. While some fields may 
be empty due to our optional input policy, this addi
tional information can provide valuable context for 
research. The latest dataset is available for download 
from the Datasets link on the Starrydata web system.

These preprocessing steps are intended to help 
transform the experimental data into a more analyz
able format, supporting users in their research 
objectives.

5.2. Visualization example: all-data plots

Figure 6 showcases an unprecedented visualization 
approach, overlaying thousands of measurement 
curves standardized from diverse original units and 
scales. Each material system forms characteristic bun
dle-like distributions, revealing the inherent property 
variations in materials science.

The color-coding in these plots reflects material 
classifications based on compositional thresholds. 
For thermoelectric materials, we grouped samples 
using atomic ratios, allowing for site substitution 
within element families (e.g. S+Se+Te > 0.3 for chal
cogenides) and accounting for dopants by setting 
thresholds below unity.

Similarly, magnetic materials were classified using 
criteria such as Fe > 0.6 for Fe-rich compounds and B 
> 0.02 for borides. This classification approach effec
tively captured material families while accommodat
ing chemical variations and doping.

Figures 6(a–e) present thermoelectric transport 
properties color-coded by anion types and major 
material systems. The electrical conductivity plots (a) 
show that tellurides and antimonides tend to exhibit 
higher conductivity, while oxides show lower values, 
with sulfides/selenides falling in between. The Seebeck 
coefficient plot (b) separates p-type (positive values) 
and n-type (negative values) materials, revealing dis
tinct material tendencies: while Bi₂Te₃ and PbTe sys
tems show both p- and n-type behavior, tellurides and 
antimonides are predominantly p-type, possibly due 
to their defect formation tendencies. Notably, p-type 
Bi₂Te₃ systems show exceptionally large Seebeck coef
ficients near room temperature, which appears to be 
the key factor in their superior performance rather 
than their moderate electrical and thermal conductiv
ity values. Sulfides/selenides and silicides tend toward 
n-type behavior. Among oxides, Co- O systems form 
a consistent cluster in the p-type region, while n-type 
oxides show greater diversity. The thermal conductiv
ity (c) is generally lower in tellurides and antimonides.

These characteristics combine to influence the power 
factor (d) and figure of merit ZT (e). Bi₂Te₃-based mate
rials demonstrate superior performance near room tem
perature, with measurements typically stopping around 
500 K to avoid thermal decomposition. In higher tem
perature ranges, compounds meeting our Tellurides (Te  
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> 0.3) and PbTe classification criteria (Pb+Sn > 0.45 and 
S+Se+Te > 0.45) exhibited the highest performance, 
though it should be noted that this PbTe group includes 
both PbTe-based materials and structurally distinct 
SnSe-based systems [65,66].

The magnetization hysteresis curves (f) reveal that 
oxide-based materials, particularly ferrites and spinels, 
dominate the dataset despite their moderate saturation 
magnetization. Silicide-based materials like Mn-Si show 
soft magnetic properties with narrow coercivity (dis
tance between x-intercepts) and high magnetization. 
While fewer in number, boron-containing magnets 
(Sm-Co-B and Nd-Fe-B systems) registered as magne
tization per weight demonstrate notably high coercivity.

These distributions, visualized here at an unprece
dented scale, represent the true nature of materials 
properties – not as single definitive values, but as 
ranges that emerge from the complex interplay of 
synthesis conditions, measurement methods, and 
intrinsic material characteristics.

5.3. Machine learning

Machine learning applications using our dataset have 
been pursued in various ways to predict candidate 
materials and improve methodologies [67–78]. 

Numerous studies have utilized these datasets for 
supervised learning tasks, such as predicting thermo
electric properties by using the chemical composition 
of samples as features and thermoelectric characteris
tics as target variables. By inputting a list of candidate 
compositions into a trained model, it is possible to 
select compositions that can achieve high perfor
mance, although the accuracy may vary depending 
on the distribution of the training data.

These selections mimic the intuitive judgment of 
veteran researchers, allowing novices in the field to 
gain an understanding of which compositions appear 
promising.

As illustrated in the previously mentioned all-data 
plots, the reproducibility of thermoelectric properties 
is low, and the relationship between composition and 
properties is not one-to-one. Therefore, attempts to 
synthesize compositions predicted by machine learn
ing models to evaluate prediction accuracy or to 
improve prediction accuracy by including them in 
the training data may not be considered very mean
ingful. In such cases, the main contribution lies in 
providing a catalog for experimental materials scien
tists to select candidate materials of interest. However, 
discussions and the development of evaluation meth
ods regarding the accuracy of these machine learning 

Figure 6. ‘All-data plots’ showing large-scale visualization of transport and magnetic properties through standardized plotting of 
experimental data. (a-e) temperature dependence of thermoelectric properties: (a) electrical conductivity, (b) Seebeck coefficient, 
(c) thermal conductivity, (d) power factor, and (e) dimensionless figure of merit ZT. Materials are classified based on atomic ratios: 
antimonides (Sb > 0.3, lime), Silicides (Si+Ge+Sn > 0.3, magenta), chalcogenides (S+Se+Te > 0.3, cyan), Bi₂Te₃ (Bi+Sb > 0.35 and S 
+Se+Te > 0.55, orange), PbTe (Pb+Sn > 0.45 and S+Se+Te > 0.45, blue), Sulfides/Selenides (S+Se > 0.3, yellow), and oxides (O >  
0.3, red). (f) Magnetization hysteresis curves for magnetic materials, classified as: oxides (O > 0.2, yellow), non-oxides (O < 0.01, 
blue), Fe-rich (Fe > 0.6, lime), Co-rich (Co > 0.6, cyan), borides (B > 0.02, red), and nitrides (N > 0.02, magenta).
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models are progressing, and if superior prediction 
methods are developed in the future, it may be possi
ble to overcome reproducibility issues.

The combination of our dataset with other infor
mative approaches is expected to lead to more precise 
predictions of new materials. For instance, Ren et al. 
used our dataset on Zintl phases in conjunction with 
DFT-based calculations, resulting in the experimental 
discovery of new low-thermal-conductivity Zintl 
phases [77].

5.4. Modeling and simulations

Starrydata’s extensive dataset has enabled innovative 
applications in modelling and simulations. For 
instance, Snyder et al. developed model equations to 
infer electronic structure parameters, such as weighted 
mobility [79] and effective mass [80], using readily 
measurable properties like the Seebeck coefficient 
and electrical resistivity.

They leveraged Starrydata’s comprehensive data
base to validate these theoretical models against 
experimental results. In another significant applica
tion, Ryu et al. developed a precise integral-form 
model for calculating thermoelectric module effi
ciency and systematically evaluated maximum achiev
able efficiencies using various combinations of p-type 
and n-type materials from the Starrydata database 
[81]. These examples demonstrate how an open data 
platform like Starrydata empowers researchers to 
explore materials science from novel perspectives, 
enabling innovative theoretical approaches and accel
erating materials development through data-driven 
insights.

5.5. Development of new tools and datasets

Starrydata2’s web system serves as a platform that 
enables researchers to collect, analyze, and redistribute 
literature data in new ways. We encourage the 
research community to create and share specialized 
datasets using our open data. In our research group, 
Fujita et al. demonstrated this approach by creating 
HYPOD-X [82], an open dataset focused on quasicrys
tal-related materials. This specialized dataset has 
facilitated the analysis of unconventional electrical 
resistivity patterns and the identification of candidate 
materials for novel thermal diode applications [83].

To demonstrate approaches for data visualiza
tion, we have developed several complementary 
tools that build upon our open datasets. The 
Starrydata Sample Explorer, which currently 
focuses on thermoelectric materials, provides an 
interactive interface for two-dimensional visualiza
tion, sample searching, clustering analysis, and 
scatter plot generation based on a specific snapshot 
of the thermoelectric materials database. Starrydata 

Explorer 3D serves as a curated gallery of pre- 
generated three- dimensional scatter plots and 
composition distribution maps for thermoelectric 
materials, using a different subset of the database 
to offer unique perspectives on material properties. 
For comprehensive data exploration, the Visualizer 
GUI generates interactive plots automatically for 
most possible combinations of x and y variables 
from the daily-updated database, providing users 
with a versatile and dynamic way to explore rela
tionships between various material properties. All 
these visualization tools are readily accessible 
through Starrydata2’s menu bar, and we are 
actively expanding their functionalities to provide 
users with increasingly powerful analytical 
capabilities.

While detailed descriptions of these visualization 
tools are beyond the scope of this paper, their devel
opment exemplifies how Starrydata2’s open architec
ture can catalyze the creation of specialized analytical 
tools. We believe that the continued community- 
driven development of both curated datasets and ana
lytical tools will significantly accelerate materials 
research by providing researchers with increasingly 
sophisticated ways to explore, analyze, and utilize 
materials data.

6. Conclusion

Starrydata2 has established a robust framework for 
collecting, managing, and sharing experimental 
materials data extracted from plot images in pub
lished literature. Rather than relying on fully auto
mated extraction, our web-based system facilitates 
comprehensive interaction between data curators 
and source papers, which has proven effective in 
streamlining data handling processes, expanding 
dataset coverage, and ensuring high data quality. 
While collaborative projects with industry partners 
and academic institutions have been the primary 
drivers of database growth thus far, Starrydata2 is 
designed to embrace contributions from individual 
users who can add data from previously unrecorded 
papers, as well as organized data collection initia
tives. We anticipate that this community-driven 
approach, combined with our existing partnerships 
and ongoing development of data collection tools, 
will significantly expand the breadth and depth of 
our dataset coverage. The open datasets provided 
through Starrydata2 have been successfully utilized 
in various materials informatics projects, enabling 
researchers to develop new concepts, gain compre
hensive field overviews, and implement machine 
learning models for predicting experimental proper
ties. This demonstrates Starrydata2’s significant con
tribution to advancing data-driven materials 
research.
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