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Figure 1 (Color online) Main steps of database construction: Data generation, data preprocessing, data storage, and data access
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Figure 2 (Color online) High-throughput calculation utilizes structures provided from the materials database, structure factory, and generative models
as initial inputs and automatically manages tasks through the high-throughput framework to obtain theoretical data for constructing materials databases
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Data standardization

. Metadata format: For all structures:
. « Crystal structures: CIF . » Merge duplicate structures
. o - For experimental structures:
- » Ceramic materials: Plinius . « Fully characterize
- + Steel industry: ONTORULE . For theory structures:
» Computational data: « Delete unstable structures
Raw data NOMAD M&ta Info Structured data | . pelete abnormal structures
« Be consistent with experimental
Laminated composites: SLACKS

o

Data screening

\result
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Figure 5 (Color online) Data preprocessing consists of two main components: Data standardization and data filtering. Data standardization involves
selecting an appropriate metadata framework to transform unstructured data into a standard format, while data filtering includes operations such as
checking structures and removing duplicates to enhance data quality. Both components aim to improve the quality of the data and enhance the FAIR

attributes of scientific data
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Figure 6 (Color online) Relational databases and NoSQL, where relational databases consist of two-dimensional data tables and relationships between
tables, non-relational databases are divided into key-value databases, column-family databases, document databases, and graph databases according to

the data model
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Figure 7 (Color online) Data access methods can be divided into online access and offline access. Online access includes web page access and online
API access, while offline access consists of offline data files and offline databases
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F1 ERERAIE. Big. IR-ELBEENLS
Table 1 Summary of commonly used experimental, theoretical, experimental-theoretical databases
ELEIES FH o St Pl
The Cambridge Structure Database (CSD)?*! SIS HHF, & EANILEY ~1290000 https://www.ccdc.cam.ac.uk
EYAN) A ¥/ N2
MatWeb S R, i%%ffl%’ A, ~180000 https://matweb.com
: S
Springer Materials SLYS %Mlﬁ@% fﬁ SRS ~90000 https://materials.springer.com/
E =1
High throughput experl[grgl]ental materials S FHLE A 65000 https:/htem.nrel. gov/
(HTEM)
Database of Zeolite Structures Sy e ) https://www.iza-structure.org/data-
bases/
ChemSpider!'*¥ SLE o ~129000000 https://chemspider.com
PubChem!'"*! S NF ~118000000 https://pubchem.ncbi.nlm.nih.gov/
Materials Project!®’! 28 TeHLE A ~150000 https://next-gen.materialsproject.org/
Open Quar(lglgM]\]/;e;t[;:oer;isl]s Database 2R T4 ~1220000 https://www.oqmd.org/
Automatic-FLOW (AFLOW)?*” i FHLEE, 4 ~3530000 https:/aflowlib.org/
The Computational 2D [ll\f)lél]terlals Database o — bRt 16000 https://c2db.fysik dtu.dk/
(C2DB)
The Computat“’(‘é’;gg)%%te“als Database 31 Y 3144 hitps://cmrdb. fysik.dtu.dk/c1db
NRELMatDB!'*®! it TEHLFE A ~20000 https://materials.nrel.gov/
Materials cloud!'%? i TeHLEE, &JREHULEY ~11000000 https://www.materialscloud.org/home
Alloy Database!"®” & a4 - https://alloytest.phys.cmu.edu
. N https://www.molecularspace.org/clea-
[110] NI N p p g
Clean Energy Project Database(CEPDB) & BHCRB L 2300000 neneray subdomain/index. html
Electronic Structure Project (ESP)!''"! T TeHLRE A >100000 http://gurka.fysik.uu.se/esp
Novel Materials Discovery (NOMAD)?"! T TeHLRE A ~3000000 https://nomad.thi.mpg.de/
Joint Automated Repository For Various N https://www.ctcms.nist.gov/~knc6/
Integrated Simulations (JARVIS-DFT)!''?! e AL K 77000 JVASP.html
2DMatPedia""?! P T YERPRL 6351 http://www.2dmatpedia.org/
Atomly""! T oAU 4 ~350000 https://www.atomly.net/
Theoretical Crystallography Open Database e THLER, &JEADILAY, 7000 https://www.crystallography.net/tcod/
(TCOD)!o! R7] index.php
: N Jop https://www-wales.ch.cam.ac.uk/
The Cambridge Energy Landscape Database aps Z1}73 - CCD.html
Inorganic Crystal Structure Database R Sy X ik "
(1CSD)! T, S ToHLIE ~300000 https://icsd.fiz-karlsruhe.de/
. 4 1, 4
Crystallography Open Database (COD) 48, 556 ﬁ*ﬂjzfitai%gﬁg%iﬁﬁ ~510000 http://www.crystallography.net
o 1,
Computational Chemistry Comparison and L ST SRR AT 2186 httos://ccebdb.nist.cov/
Benchmark Database (CCCBDB) I VR ps: ustg
MatNavi (NIMS) I, S8 RAW, THLEHE, 48 - https://mits.nims.go.jp/
Pauling File!"'¥ TE, S TeHLREA ~350000 https://www.paulingfile.com/
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In recent years, with the rapid development of big data and artificial intelligence technologies, the data-driven paradigm for
materials research has increasingly demonstrated significant advantages in areas such as mining structure-property
relationships and screening and designing novel materials. It relies on vast amounts of data, employing high-throughput
screening or artificial intelligence aided methods to shorten the materials research and development cycle while reducing
scientific research costs. In this paradigm, data serves not only as the foundation but also plays a crucial role in expanding
the search space for high-throughput screening and enhancing the performance of artificial intelligence models.
Consequently, establishing high-quality materials databases has become an essential component of data-driven materials
research. Since the launch of the Materials Genome Initiative, both theoretical and experimental databases have seen
continuous growth in number and scale, characterized by automatic data generation, diversified data access, and
standardized data representation. These databases strive to meet the demands for high concurrency and scalability in the
context of big data while improving data reliability and usability. This review focuses on materials database construction
under data-driven research paradigm, outlining the key of database construction from four aspects: Data generation, data
preprocessing, data storage, and data access. In the data generation phase, methods like high-throughput computation and
experimentation facilitate batch acquisition of theoretical and experimental data. When calculation or synthesis methods
are reasonable, both data accuracy and efficiency of data acquisition can be achieved simultaneously. Text mining, based on
natural language processing technology, can extract synthetic information, material entities, or properties from massive
scientific literature, which is also an important supplementary means of data generation. Data preprocessing is vital for
ensuring compliance with FAIR (findable, accessible, interoperable, and reusable) principles and enhancing data quality
which can be achieved through data standardization and data filtering. During the data storage phase, it is necessary to
construct a rational data model and choose between relational and non-relational databases for storing data, ensuring
efficient and flexible data storage. Data retrieval can be facilitated by designing effective query strategies and offering
diverse access methods. Subsequently, a brief summary is offered on representative materials databases from around the
world, considering aspects such as the volume and variety of data, access methods, and distinctive features of the databases.
We will also integrate selected case studies from database applications to underscore the pivotal role and advantages of
databases within the data-driven research paradigm. Finally, we discuss future developments in materials databases from
two perspectives: The material data itself and the construction of data infrastructure.
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