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We present a comprehensive data platform for 2D materials research, https://2DMat.ChemDX.org, and

a newly constructed 2D database collected through the platform. This platform integrates efficient data

management, specialized visualization, and machine learning toolkits, enhancing research productivity.

The platform supports data obtained from reflection high-energy electron diffraction (RHEED),

photoluminescence (PL), and Raman measurements, providing a robust foundation for uploading,

managing, and sharing research data through a web-based platform. Data templates and parsing systems

specialized for handling these data help researchers manage large datasets, reduce manual efforts, and

enhance data consistency. The platform features powerful analysis tools for RHEED, PL, and Raman

spectra, facilitating easy data comprehension with just a few clicks. Additionally, the platform

incorporates machine learning toolkits for investigating 2D film growth mechanisms and super-

resolution techniques for analyzing PL/Raman mapping data, promising an increase in efficiency. The

modular design and the systematic 2D database of our platform enable not only seamless expansion and

adaptation but also valuable data collection, management, and utilization in the evolving field of 2D

materials.
1 Introduction

In recent years, integrating data science and articial intelli-
gence (AI) techniques into scientic research has triggered
a transformative shi, particularly in materials exploration and
optimization.1–11 This shi has signicantly emphasized the
values of “data” generated from experimental and computa-
tional processes, leading to the emergence of materials data
platforms as indispensable tools in data-driven research.12–17
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These platforms facilitate convenient data collection, integra-
tion, utilization, and sharing. Various materials data platforms
have been developed, collecting materials properties from
published literature, such as the Perovskite Database,18 Polymer
Scholar,19–21 and Starrydata2,22 and electronic structures data
obtained from density functional theory (DFT) calculations,
such as AFLOWLIB,23 JARVIS-DB,24 Materials Project,25 MatHub-
3d,26 NOMAD,27,28 OQMD,29,30 and TEDesignLab.31 These data
platforms enable researchers to explore materials properties
across vast material spaces, using large-scale data-driven
approaches without expensive data generation procedures.32–38

These well-organized and extensive datasets have signicantly
accelerated materials exploration and discovery, paving the way
for integrating AI methodologies in novel research approaches.
By harnessing the power of data and AI, researchers have
a powerful tool to unlock unprecedented opportunities and
insights in the eld of materials science.

Materials data platforms diverge in scope with some offering
encyclopedic insights across a broad chemical space14,24,25,27–30

while others focus intently on specic areas such as thermo-
electrics,22,31,39 perovskite solar cells,18 polymers,16,21 or
catalysts.40–42 A prominent example is the burgeoning interest in
2D materials. Their unique properties and broad potential
applications in elds such as electronic and optical devices,43–48

energy storage and transformation devices,49–53 catalysts,54–56 or
Digital Discovery, 2024, 3, 573–585 | 573
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Fig. 1 Key functionalities of the 2D materials platform (https://2DMat.ChemDX.org). The core features of our platform include systematic
database construction with predefined templates, flexible data management architecture accommodating growth, and advanced analysis
tools, including visualizers and machine learning toolkits for comprehensive insights into 2D materials.
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sensors57–60 have led to the development of dedicated platforms
and databases including 2DMatPedia,61 band gap database,62

Computational 2Dmaterials database (C2DB),63,64 andMaterials
Cloud two-dimensional crystal database (MC2D).65,66 These
platforms provide access to valuable data on various properties
of 2D materials based on DFT calculations, including lattice
structures, electronic band structures, the density of states,
magnetic properties, and more. Leveraging the wealth of data
from dedicated platforms, recent advancements in machine
learning (ML) are now paving the way for innovative approaches
in predicting fundamental properties and uncovering novel 2D
materials.34,37,67–72

While computational data has provided valuable insights
into materials properties, validating these predictions and
understanding the real-world behavior of materials through
experiments are still essential. Experimental data is vital in
expanding the scope of data-driven research beyond electronic
structures. Therefore, there is a need to develop platforms that
facilitate the systematic collection and curation of experimental
data, such as Inorganic Crystal Structure Database (ICSD),73

Perovskite Database,18 and TEXplorer.39 In this context, we
developed a 2D materials data platform (https://
2DMat.ChemDX.org) to construct and utilize an experimental
database. This platform is a comprehensive resource for
collecting, organizing, and sharing data from synthesis to
property measurements of various 2D materials, including
graphene, boron-nitride, and transition metal chalcogenides.

In this paper, we present an overview of the key features of
the platform and illustrate our specially designed experimental
database for 2D materials. The primary objectives of our plat-
form are to construct a systematic database on 2D materials,
efficiently manage experimental data, and utilize the data using
advanced analysis toolkits, as described in Fig. 1. We collected
experimental data on 2Dmaterials within predened templates,
and the parsing systems of the platform automatically con-
verted the raw data les into a standardized readable format.
Once researchers upload their data, the platform provides
a well-dened and scalable database, enabling web-based data
sharing among colleagues. The constructed database through
574 | Digital Discovery, 2024, 3, 573–585
our platform includes experimental data on reection high-
energy electron diffraction (RHEED) images obtained
throughout the lm growth process, photoluminescence (PL),
and Raman spectra for various 2D materials. The collected
dataset consists of 278 samples with RHEED images, 289
samples with PL spectra, and 58 samples with Raman spectra
and most of the data have been made public. Based on these
datasets, the platform offers a range of tools for data visuali-
zation, spectrum and image analysis, and ML analyses.
Through ML studies, we could uncover hidden patterns within
the data and improve the spectra quality in the PL measure-
ments. These analyses signicantly contribute to our under-
standing of 2D materials and their properties. We expect this
data platform and the accompanying experimental database
will have a vital role in establishing an ecosystem for data
collection and utilization, expanding and advancing research
on 2D materials, and accelerating data-driven discoveries.
2 Results

Fig. 2 demonstrates the workow of our platform, starting from
data generation in the laboratory to its management and
applications. Researchers generate their data through various
experiments in the laboratory and upload their data into our 2D
materials platform. The raw data from the measurements are
uploaded to the platform without any corrections, and a pre-
designed parsing system automatically extracts valuable data
with a Pythonmodule. Users can conveniently access and utilize
data through Python-based visualization and machine learning
toolkits provided by the platform. Data is presented as tables
and interactive graphs, enabling researchers to explore and
analyze data effectively. Our platform operates on a CentOS 7
server hosted on the Naver Cloud Platform for public institu-
tions, with hosting services provided by Gabia. The backup
policy involves a two-tier approach: daily backups are stored for
seven days, and regular backups are conducted every seven days
and stored in Naver Cloud's Object Storage. Recovery can be
performed manually using these backups. The backend is
developed with the Laravel library, and our data storage
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Illustration of the data flow within the 2D materials platform demonstrating the process from laboratory data generation to end-user
presentation. The platform incorporates built-in data parsers developed in Python and offers various features such as data search, downloading,
and visualization through interactive graphs. In addition to these general functionalities, the platform provides data-specific tools, such as film
growth analysis for time-series data and super-resolution for mapping data. Users can effectively manage and analyze the data using these
features in the front end.
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solutions include MariaDB 10.5 and MongoDB 3.6. The web UI
is built using the Vue2 and Vuetify2 frameworks, com-
plemented by the interactive graph visualization capabilities of
Poltly.js.

2.1 Data generation

Following the workow, we have constructed two databases for
2D materials through the platform. The rst database, the
DATA-UOS (University of Seoul) group, collects in situ RHEED
data specically from molecular beam epitaxy (MBE) growth of
transition metal chalcogenide materials. RHEED is a powerful
technique that monitors the surface state during lm growth
because it provides extensive physical information, including
surface morphology, growth rate, lattice spacing, crystalline
disorder, and surface reconstruction.74–80 Using the RHEED
dataset, we will conduct a more quantitative analysis of the
growth modes of 2D materials over time and identify crystal
structures during the lm growth.81–84 Along with the in situ
RHEED data, we collected diverse surface analysis results for
targeted samples, including AFM images, XPS, and PL/Raman
spectra.

The second database, the DATA-POSTECH (Pohang Univer-
sity of Science and Technology) group, is dedicated to the
optical measurement data of 2D materials. Position-mapped
PL/Raman data are pivotal in advanced materials research,
enabling an in-depth understanding of material properties at
a microscopic level.85,86 These mapping techniques offer
insights into material quality, defects, and variations in the
properties, which are crucial for device optimization.85–90 The
© 2024 The Author(s). Published by the Royal Society of Chemistry
position-mapped PL/Raman data were acquired from various
exfoliated and chemical vapor deposition-grown transition
metal dichalcogenides. The PL/Raman measurements typically
require a signicant amount of time for high-resolution anal-
ysis, and applying ML techniques can potentially reduce the
measurement time with our systematic datasets. We expect that
our 2D materials dataset will provide a valuable resource for
diverse research purposes, and the dataset can be downloaded
on the website.

2.2 Data deposition and management

The platform serves as a data repository that collects various
types of experimental data, such as numerical values, spectra,
images, and videos. The unit data, distinguished by its unique
ID number, is a collection of metadata, detailed parameters in
experiments, and the measurement result data for a given
synthesized sample. The metadata and detailed experimental
parameters were written in a spreadsheet le in .xlsx format.
The parameter list includes the experiment date, experimenter
name, sample composition, substrate type, synthesis condi-
tions, measurement parameters, etc. The complete parameter
list is provided in the ESI (See Tables S1 and Table S2 for the two
data groups).†

The raw data les of the measurements can be uploaded
directly to the platform by only modifying the le name, which
includes relevant tags. In the case of RHEED measurements,
images are saved as .png les and videos as .mp4 les. To
differentiate them, the tag “_rheed” is added to the le name,
for example, “sample_rheed.mp4” or “sample_0
Digital Discovery, 2024, 3, 573–585 | 575
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min_rheed.png.” Including a timestep in the suffix when
uploading images to the DATA-UOS group is essential. For the
PL/Raman spectrum measurements, the data is typically stored
as .txt les. To indicate the type of measurement, the tags “_pl-
pos” and “_raman-pos” are added to the le name, such as
“sample_pl-pos.txt” and “sample_ranam-pos.txt.” Incorpo-
rating these relevant tags into the le names makes identifying
and organizing the specic data types easier when uploading
them to the platform. Subsequently, the pre-designed parsing
modules verify that the submitted les adhere to the proper
schema and contain valid values for visualization through the
web UI. These modules are intentionally designed not to alter or
assess the data's intrinsic validity, shiing the responsibility for
data integrity to the users uploading the data. This decision
stems from recognizing that automating the validation and
management of data could necessitate complex rules, poten-
tially leading to the misidentication of valid data as outliers
and unintended modications. Therefore, we encourage users
to modify only the le names during the upload process as they
are obtained from equipment. This strategy not only keeps the
contents of the data les unchanged but also minimizes human
error in data extraction, ensuring the preservation of the origi-
nality and integrity of the raw data.
Fig. 3 The platform GUI for data upload. Illustration of (a) a user-
friendly drag-and-drop method that streamlines the data upload
process and (b) the parsed input information presented as a table,
along with the corresponding raw data files.

576 | Digital Discovery, 2024, 3, 573–585
The platform provides a user-friendly uploading system
through a graphical user interface (GUI). Fig. 3(a) illustrates the
GUI, which enables users to easily drag and drop their data les
for uploading. Once uploading their data, the platform auto-
matically creates a dataset for the experimental data and stores
it using MongoDB storage type, thereby augmenting the exist-
ing database. Users can conveniently download the data on the
web page and easily share it with colleagues. Database
management becomes simplied through the platform, making
organizing and accessing the data easier. The spreadsheet le,
including the metadata and process parameters, is processed
through built-in Python modules and displayed on the plat-
form, as shown in Fig. 3(b).
2.3 Visualization and analysis

With the collected dataset, our platform provides users with
powerful visualization and automatic analysis tools for RHEED,
PL, and Raman spectra on DATA-UOS and DATA-POSTECH
tabs. These tools offer valuable insights and facilitate easy
data comprehension with a few clicks at each sample data.
Furthermore, the platform enables easy comparison among
different RHEED images and PL/Raman spectra. Upon selecting
the desired measurements from the top of each data group
page, corresponding samples that contain the relevant
measurement data are listed. By clicking on the desired samples
in the list, the associated data is displayed sequentially below.
This comparison tool enables users to conveniently perform
a simple data comparison and analysis directly on the webpage,
enhancing overall user convenience. When specic data is
selected from the list, detailed information about the sample
rst appears. By moving to the analysis tab on the le,
measurement data and analysis tools are displayed.

Fig. 4 represents RHEED video of the DATA-UOS database
with the ID number 2D-UOS-B00587, measured during the
deposition of MoSe2 on graphene/SiC substrates. The visuali-
zation GUIs for the RHEED data consist of main and spectrum
sections. The main section shows a guideline control panel,
a list of thumbnails representing the uploaded RHEED images
and videos, and an expanded view of the selected image or video
[Fig. 4(a)]. The thumbnails are labeled with parsed time steps,
enabling users to verify the timestep of each image directly. In
the case of video data, a navigation bar is displayed alongside
the expanded view, enabling users to conrm the RHEED
patterns along the timesteps. In Fig. 4(b), we designed the
spectrum section for users to facilitate the quantitative
comparison and analysis of the RHEED images/videos with
simple manipulation. A guideline is drawn as a blue line on the
image/video in Fig. 4(a). On the le guideline control panel,
users can determine the position and thickness of the guideline
in the pixels and the direction of the horizontal and vertical
lines. Users can also add some guidelines to several images at
different timesteps, and the associated information is displayed
as a table on top of the spectrum section, including the time-
step, location, direction, and thickness, with an option to
remove any guideline [upper panel of Fig. 4(b)]. Then, the
brightness spectrum, the so-called line prole, is extracted
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 The visualization GUI for the RHEED data in the DATA-UOS group for the 2D-UOS-B00587 data. (a) The main section consists of a top-
positioned guideline control panel and a thumbnail list beneath it, presenting an expanded view of the selected data. (b) The spectrum section
exhibits a collection of metadata related to the guidelines added by users, along with their corresponding brightness spectra.
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along the guideline for a selected image, as shown in themiddle
of Fig. 4(b). The line proles are depicted as colored lines on
a graph accompanied by a legend that includes metadata
information. The line proles typically exhibit several peaks
with a constant distance originating from the in-plane lattice
periodicity of the materials, which means the distance between
the peaks enables users to calculate the lattice spacing of the
materials. We added a function that enables users to specify two
points on the line prole and automatically calculate the
distance between these points along both the x and y coordi-
nates. Our RHEED visualization toolkit provides user-friendly
functions for observing RHEED patterns over time and
extracting line proles through simple operations.

For video data, the guideline operates in a distinct manner.
Once the guideline is added, the pixel information on the
guideline is extracted, frame by frame, throughout the video.
This information is then stacked in the direction perpendicular
to the line, resulting in a singular image as shown in Fig. S1.† By
scanning RHEED lines with the deposition time, changes in
RHEED intensity and surface reconstructions can be easily
seen.91 This resultant image is denoted with a prex “stacking”,
which is followed by details indicating its orientation (either
horizontal or vertical), along with the position and thickness of
the guideline, offering a summary of the parameters at a glance.
Users can add guidelines to this stacked image, similar to
adding them to other images.
© 2024 The Author(s). Published by the Royal Society of Chemistry
Fig. 5 demonstrates the visualization GUI of the PL mapping
data, one of the data types uploaded to the DATA-POSTECH
group. The example data shown in Fig. 5 has an ID of 2D-
POSTECH00128 and consists of PL spectra measured in the
505 to 771 nm range at a resolution of 60 × 60 points in a 20 ×

20 mm2 area for a 1L-WS2 sample produced by the chemical
vapor deposition method. The PL data consists of position-
dependent spectra obtained by scanning a sample region with
N × N points, where N is an integer. Each point has the PL
spectra measured at a specic position, and the height, width,
and the center energy of the PL peak provide signicant optical
properties of the material. As shown in Fig. 5(c) and (d), the
color map for the height of the PL spectra and the histogram are
displayed at a given wavelength, which can be modied using
the panel located beneath the map. The lower section of the
histogram includes a panel for adjusting the bin size and
displays the mean and standard deviation of data.

To easily extract the information of the PL peak, the platform
offers an automatic tting analysis tool for the PL data. Users can
determine the function form to be used for tting, either Lor-
entzian or Gaussian function, through the control panel of tting
parameters shown in Fig. 5(a). The initial values for tting the
center and baseline cutoff can be specied along with the func-
tional form. When clicking a pixel on the color maps, the raw
spectra for a selected position and the corresponding tted
function are plotted together, as shown in Fig. 5(b). Fig. 5(e)–(j)
Digital Discovery, 2024, 3, 573–585 | 577
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Fig. 5 The visualization GUI for the PL (or Raman) mapping data in the DATA-POSTECH group for the 2D-POSTECH00128 data. The GUI
consists of (a) a fitting control panel, (b) raw and fitted spectra, (c) raw intensity map, (d) raw intensity histogram, and (e)–(g) fitted parametermaps
and (h)–(j) their corresponding histograms. (a) The panel enables users to adjust the fitting function type, initial fitting center, and baseline
through the panel. (b) Raw spectra and fitting functions are visualized by selecting any pixel from the intensity map. (c) The intensity map of raw
spectra is visualized at a specified wavelength, adjustable using the panel below. (d) The histogram exhibits intensity statistics at the given
wavelength with the mean standard deviation values displayed below. (e)–(g) Maps present maximum intensity, energy of maximum intensity,
and full with at half maximum of the fitting function, while (h)–(j) their respective statistics are shown in the histograms below.

578 | Digital Discovery, 2024, 3, 573–585 © 2024 The Author(s). Published by the Royal Society of Chemistry
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show graphs related to the tting parameters of the maximum
intensity, peak energy (or wavelength), and full width at half
maximum, respectively. Colormaps of these values are presented
in Fig. 5(e)–(g), and their range can be adjusted using the “Input
Z range” button on the Plotly hover toolbar. Though the sample
and substrate areas can be identied by examining the map at
the peak wavelength of 630 nm in this case [Fig. 5(b)], utilizing
the tting parameter maps enables a more rened view of the
data. The automated tting results provide an overall change in
the luminescence lines from the excitonic quasiparticles. In
Fig. 5(e), the mapping image shows a drastically decreased PL
intensity along the edge of the 1L-WS2. The growth procedure
leads to a signicantly higher defect density (such as sulfur
vacancies) along the edge than in the interior part of the
monolayer crystal.92,93 Interestingly, Fig. 5(f) shows the interfacial
region between these two regions where the peak energy of the
PL signal gradually decreases by ∼15 meV. This result can be
potentially explained by the strain applied during the growth
procedure.85,94 The histograms in Fig. 5(h)–(g) show the distri-
bution of the three parameters. As with the statistics of the raw
data, the bin size can be adjusted through the panel located
below, and themean and standard deviation of each distribution
are provided. The Raman data is also shown in a similar form.
Fig. 6 The result of the super-resolution applied to the photoluminesce
60× 60 (first row) and down-sampled to a resolution of 30× 30 to create
120 (third row). The columns from the first to fourth present the intensity
of the first column.

© 2024 The Author(s). Published by the Royal Society of Chemistry
2.4 Machine learning toolkits

Based on the collected data, we used ML techniques to inves-
tigate the 2D lm growth mechanism using RHEED videos and
super-resolution techniques for analyzing PL/Raman spectra
with a reduced time. While each toolkit is featured on the
toolkit page with a brief introduction and links, they are not
directly available on the web UI due to server resource limita-
tions. The machine learning models are source-intensive, risk-
ing server instability if hosted directly. Instead, we provide the
toolkits through a GitHub repository, where users can download
the source code and examples, allowing for modications and
usage on individual workstations as needed.

2.4.1 RHEED data analysis. Our previous work introduced
an ML-assisted RHEED analysis technique that used principal
component analysis (PCA) and K-means clustering to examine
MBE grown 2D thin lms on graphene substrates.82 The PCA
models extract principal patterns from all RHEED image frames
with a corresponding time evolution score plot and statistical
signicance. This technique provides researchers insight to
interpret the growth process of the 2D lm by deconvoluting the
RHEED patterns. The ML-assisted method also provides
a function called the modied PCA, ltering out the substrate
nce (PL) mapping data. The original data is measured at a resolution of
the input data (second row). The resolution is then enhanced to 120×

map of the PL spectra at specified wavelengths, as indicated at the top
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contribution from the raw RHEED video. In 2D material growth
on graphene where the substrate patterns mainly contribute,
the modied PCA function enables users to obtain 2D lm
signals. K-means clustering categorizes the sequence of the
RHEED images into multiple clusters based on their similarity
without requiring intricate alterations to the RHEED images.
This method identies the transitional moments between
different phases during the thin-lm growth process. These ML-
based RHEED analyses enable a quantitative comprehension of
the growth dynamics of 2D materials and pave the way for
advancing a sophisticated real-time monitoring system.

2.4.2 Super-resolution of spectrum mapping data.
Acquiring high-resolution mapping data is time-consuming
with the measurement time increasing quadratically with the
resolution. For example, a scan at a 120 × 120 resolution would
require roughly 16 times longer than a scan at a 30 × 30 reso-
lution. This exponential increase in time commitment can
signicantly hinder research productivity, particularly when
multiple high-resolution scans are required. Consequently,
developing a super-resolution model can dramatically enhance
the efficiency and utility of the mapping techniques.

Our super-resolution toolkit is based on SwinIR, one of the
state-of-the-art super-resolution models.95 The PL/Raman
mapping data is transformed into a series of images via the
integrated data processing pipeline. These images are then
subjected to resolution enhancement using the model. The
nal step involves reassembling these high-resolution images
into spectrum mapping data, which is then saved with a suffix
indicating the total magnication (e.g., 4x). Further detailed
data processing is given in the ESI.†

Fig. 6 shows an exemplary output from the super-resolution
toolkit using the 2D-POSTECH00128 dataset. Each column
presents data from a distinct wavelength, denoted at the top of
the rst column. The rst row displays the original 60 × 60
resolution data, while the second row displays the input data,
down-sampled to a 30 × 30 resolution to mimic the realistic
lower resolution data typically encountered by the model. The
input row shows a loss of detail, evidenced by the blurred dark
spots at the edges of the sample. In contrast, the third row
demonstrates the toolkit's enhanced output, elevating the
resolution to 120 × 120. Despite some size exaggeration, the
output row reveals the retrieval of the previously lost details and
presents a more dened line traversing the sample. Remark-
ably, the transition from a 30 × 30 to a 120 × 120 resolution for
1600 images requires only about 30 seconds on a single
RTX3090Ti card. This super resolution process is considerably
faster compared to the several hours traditionally required to
obtain data of this resolution experimentally, underscoring the
efficacy and efficiency of the toolkit (See Fig. S2 for detailed
benchmark results†).

3 Discussion and outlook

Establishing a comprehensive data platform within the diverse
eld of materials science poses signicant challenges. Each
research area has its unique specicities, requiring platforms to
be tailored to meet these particular needs. To this end, we have
580 | Digital Discovery, 2024, 3, 573–585
designed our platform to cater specically to the eld of 2D
materials. This specialization provides unique data handling,
visualization, and analysis tools that effectively serve the
requirements of this research community. The predened data
templates and parsing systems for each data group effectively
reduce manual efforts and enhance the robustness of the data.
For efficient data management, the platform offers a exible
architecture for accommodating data growth, a standardized
data format in JSON-type for further data processing, and a web-
based data sharing system. While the platform and data are
open for exploration and downloadable to all users, only
authorized groups or individuals can upload data. This opera-
tion policy is to ensure consistent data quality available on the
platform.

The two data groups described in this article, UOS and
POSTECH, cover critical stages in the study of 2D materials,
from the synthesis process to the physical properties and
optical measurements. The RHEED data is expected to provide
real-time insights into the physical properties and growth
dynamics. The PL/Raman data can be utilized to analyze optical
and vibrational characteristics, which can vary depending on
the structural/chemical changes. The visualization and analysis
functionalities provide various data and statistical visualization
tools, spectrum and image analysis, and ML toolkits. These
tools, designed through active dialogue with users, enable
immediate data inspection and exploration upon uploading,
offering a streamlined approach to data processing.
Researchers sometimes face time-consuming manual visuali-
zation and analysis processes that require repetitive steps for
every new dataset. Such operations oen involve using stand-
alone tools like MATLAB and Origin Lab, adding to the
complexity and time expenditure. By contrast, our platform
automates these processes and enables researchers to dive into
their data analysis more directly and efficiently. The ML toolkits
help to overcome the barriers oen associated with imple-
menting ML in research. We note that our entire dataset, con-
sisting of over 250 samples for each of the RHEED and PL
datasets, provides an abundant resource for comprehensively
examining 2D materials synthesis and optical characteristics.
Utilizing RHEED data from numerous compositions, we can
construct the ML model to predict compositions or synthetic
stages based on the RHEED pattern variations depending on
synthetic processes. PL data for various 2D material samples,
obtained with different laser powers and resolutions, can also
reduce the measurement time and endeavors.

Reecting on the solid foundation and notable achieve-
ments of our platform, we are motivated to extend and rene its
capabilities to meet the dynamic and expanding needs of the 2D
materials science community. Our parsers and visualizers are
developed to facilitate the collection of synthetic conditions
essential for ensuring sample reproducibility and identifying
samples from analytical results. Initially, our platform's func-
tionalities were designed through collaboration with targeted
user groups from UOS and POSTECH, representing a special-
ized yet limited segment of our potential user base. Recognizing
the diverse requirements of an expanding user community, we
plan to enhance our UI and expand data collection. By
© 2024 The Author(s). Published by the Royal Society of Chemistry
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integrating feedback from a broader user base, we aim to
develop advanced parsers, visualizers, and ML toolkits to
improve the user experience. Our platform is designed with
a exible architecture that enables easy expansion and incor-
poration of additional groups in the future. This exibility will
ensure that as the eld of 2D materials continues to grow and
evolve, the platform can adapt and keep updated on different
physical properties obtained from different measurements,
thus becoming an increasingly valuable resource for
researchers. These strategies anticipate the future growth of the
2D materials eld and ensure our platform evolves in parallel,
ready to meet new challenges and opportunities.

Data availability

All datasets are available on our web-based platform, https://
2DMat.ChemDX.org (DOI: 10.23218/2dmat.chemdx). Users
can preview the datasets using integrated visualization tools
before individually downloading the raw data and its
corresponding metadata. The data is licensed under CC-BY
4.0, and contributed data is owned by the respective
contributors. The source code of the machine learning
toolkits used in this work is available on GitHub repositories.
Including links to these repositories, descriptions of each
toolkit can be found on our platform's “toolkit” page (https://
2DMat.ChemDX.org/toolkits). The page will be regularly
updated to include any new toolkit developments.
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